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Online Appendix A: Optimal Portfolio Choice with Probability Weighting Preferences 

In this Online Appendix we solve a calibrated portfolio choice model with probability 
weighting preferences to illustrate the effect of Inverse-S on the fraction invested in a well-
diversified equity mutual fund and an individual stock. The setup and calibration of the model 
follow Polkovnichenko (2005) who develops a similar calibrated model to investigate the effect 
of probability weighting on portfolio underdiversification. 

A.1. Preferences, Constraints, and the Financial Market 
We consider an investor who maximizes utility over consumption. Her preferences are 

described by a CRRA utility function, 𝑈, and probability weights, 𝜋, as in Prelec (1998): 
 

𝑅𝐷𝑈 =&𝜋! ∙ 𝑈(𝑐!),
"

!#$

 

𝜋! = 𝑤(𝑃!) − 𝑤(𝑃!%$) = 𝑤(𝑝$ + 𝑝& +⋯+ 𝑝!) − 𝑤(𝑝$ + 𝑝& +⋯+ 𝑝!%$)		,  

 
where  
 

𝑈(𝑐!) = 3
𝑐!
$%'

1 − 𝛾 			𝛾 ≠ 1	

ln(𝑐!)			𝛾 = 1
, 

and 
 
𝑤(𝑝) = 𝑒(%(% )*(+))-), with	a	 > 	0 , 
 
where 𝑐$ < 𝑐& < ⋯ < 𝑐" and 𝑃! = 𝑝$ + 𝑝& +⋯+ 𝑝! is the cumulative probability of outcome i. 
Consumption is denoted by 𝑐!, risk aversion by g, and the probability weighting parameter by a.  

Households invest in a risk-free asset, a well-diversified equity mutual fund, and a single 
individual stock. Initial wealth is normalized to 1. The consumption is:  

 
𝑐! = 1 + 𝜔.𝑟.,! + 𝜔0𝑟0,! + (1 − 𝜔. − 𝜔0)𝑟1 , 

 
where 𝜔., 𝜔0, and (1 − 𝜔. − 𝜔0) are the fractions invested in the equity mutual fund, individual 
stock, and risk-free asset, respectively. The mutual fund return, individual stock return, and risk-
free interest rate are denoted by 𝑅. = [𝑟.,$, … , 𝑟.,"]′, 𝑅0 = [𝑟0,$, … , 𝑟0,"]′,, and 𝑟1, respectively. 
The mutual fund return 𝑅. is distributed with a mean of 𝜇., standard deviation 𝜎., and skewness 
𝑔.. The individual stock return 𝑅0 is distributed with a mean of 𝜇0, standard deviation 𝜎0, and 
skewness 𝑔0. Investors face short sale and borrowing constraints:  
 

𝜔.	³	0			and			𝜔0	³	0			and			𝜔. + 𝜔0	£	1.		 
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A.2. Benchmark Parameters for the Portfolio Choice Problem 
The risk aversion coefficient g  ranges from 1 to 5, and the probability weighting parameter 

a ranges from 0.2 to 1. The Inverse-S parameter is 1 − 𝛼. Following Polkovnichenko (2005), 
mutual fund returns are distributed with a mean return 𝜇. = 12.9% and standard deviation 𝜎. =
24.0%, and individual stock returns are distributed with a mean return 𝜇0 = 12.7% and standard 
deviation 𝜎0 = 36.0%. The skewness of mutual fund returns and individual stock returns are 𝑔. =
−0.3 and 𝑔0 = +0.3, respectively. The correlation between the mutual fund returns and the stock 
returns is 0.6. The risk-free rate is 3%. The marginal distributions of the mutual fund returns and 
the individual stock returns are skewed normal, with the parameters set to match the first three 
moments (𝜇., 𝜎., 𝑔., and 𝜇0, 𝜎0, 𝑔0, respectively). The return correlation of 0.6 is matched in the 
simulations by using a Gaussian copula.  

A.3. The Investor’s Optimization Problem 
To solve this problem, we define a two-dimensional grid for the fraction allocated to the 

individual stock ranging from 0% to 100% with steps of 1%, and the fraction allocated to the equity 
mutual fund ranging from 0% to 100% with steps of 1%. We simulate 10,000 individual stock 
returns and 10,000 mutual fund returns from the joint distribution, allowing us to calculate 
portfolio returns for each combination of permissible grid points. The portfolio returns are ranked 
from worst to best, each having an objective probability of 1/10,000. The cumulative objective 
probabilities are then transformed into decision weights using the probability weighting function 
described above. For each combination of permissible portfolio grid points, we determine the rank 
dependent utility value 𝑅𝐷𝑈, above. The point on the grid with the highest value of 𝑅𝐷𝑈 
determines the optimal fractions allocated to the individual stock and the equity mutual fund.  

Figure 3 in the main paper shows the optimal fraction allocated to the individual stock as 
a percentage of the total assets invested in equity (equity mutual fund and individual stock 
combined), as a function of the Inverse-S parameter and the utility curvature coefficient. Figure 3 
demonstrates that portfolio underdiversification rapidly increases with the Inverse-S parameter, as 
the optimal individual stock fraction rises and eventually reaches 100%.  
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Online Appendix B: First-Order Risk Aversion 
We show that probability weighting generates first-order risk aversion, and therefore 

individuals with a large amount of wealth are not approximately risk neutral for small stake 
gambles.  

Consider an individual with broad framing, CRRA utility with a risk aversion parameter 
of 2, and $43,000 in wealth. With no probability weighting, the subject would be effectively risk 
neutral for all of the probability weighting elicitation questions and the Inverse-S variable would 
be 0. However, with probability weighting, an individual with broad framing, CRRA utility with 
a risk aversion parameter of 2, and $43,000 in wealth, would have a non-zero Inverse-S measure. 
In fact, this individual’s Inverse-S measure would exactly match the average Inverse-S found in 
our sample if the individual had the one-factor probability weighting function introduced in Prelec 
(1998) with a probability weighting parameter of 0.745. This parameter value is close to that found 
in empirical studies that estimate the Prelec parameter. For example, Abito and Salant (2019) 
estimate the Prelec probability weighting parameters and report the 95% confidence interval to be 
(0.668, 0.793).  

The fact that rank dependent utility (RDU) results in first-order risk aversion is not 
intuitive, and may be more easily seen with an example. Consider an individual with broad framing 
who maximizes RDU and has $43,000 in initial wealth. As an example, we take our probability 
weighting question PW50%, that offers a choice between Option A: a lottery with a 50% chance of 
winning $42 and 50% chance of winning $6, and Option B: a sure amount (see Table 1 in the 
paper). The problem and the parameters are as follows (following the notation on page 7 of the 
paper): 

𝑉 =&𝜋! ∙ 𝑈(𝑐!)			,
"

!#$

  

𝜋! = 𝑤(𝑃!) − 𝑤(𝑃!%$) = 𝑤(𝑝$ + 𝑝& +⋯+ 𝑝!) − 𝑤(𝑝$ + 𝑝& +⋯+ 𝑝!%$)	.  

𝑐$ = 𝑊2 + 6 

𝑐& = 𝑊2 + 42 

𝑊2 = 43,000 

𝑃$ = 0.5, 	𝑃& = 1	 (cumulative probabilities) 

𝜋$ = 𝑤(0.5), 	𝜋& = 1 − 	𝑤(0.5) 
This lottery with a 50% chance of winning, denoted Option A, is evaluated as follows under 

RDU: 

𝑉3 = 𝑤(0.5)𝑈(𝑊2 + 6) + X1 − 	𝑤(0.5)Y𝑈(𝑊2 + 42) 

As an alternative choice, the respondent is also offered Option B, a sure amount 𝑋, which 
is evaluated as follows:  

𝑉4 = 𝑈(𝑊2 + 𝑋) 
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Indifference between Option A and B implies:  

𝑋 = 𝑈%$ [𝑤(0.5)𝑈(𝑊2 + 6) + X1 − 	𝑤(0.5)Y𝑈(𝑊2 + 42)\ −𝑊2 

For simplicity, assume that the individual has a linear utility function with 𝑈(𝑐!) = 𝑐! (the 
result is the same with standard concave utility functions, but the simplicity of linear utility 
provides clearer intuition). Further suppose that the individual weights probabilities using the 
probability weighting function of Prelec (1998) with a parameter of 0.745. In that case, the weight 
on the “bad” outcome is relatively high, 𝜋$ = 𝑤(0.5) = 0.533, while the good outcome is 
underweighted, 1 − 	𝑤(0.5) = 0.467. The certainty equivalent for Option A is: 

𝑋 = 0.533 ∙ (43,000 + 6) + (1 − 	0.533) ∙ (43,000 + 42) − 43,000 = 22.81. 

Thus the certainty equivalent 𝑋 for the 50% lottery is $22.81, which is 5.0% below the risk 
neutral value of $24. In contrast, for an individual who does not weight probabilities, the risk 
premium would be 0.0%. Surprisingly, RDU can generate sizeable risk premiums even with no 
utility function curvature, no narrow framing, and high initial values of wealth.  
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Online Appendix C: Procedure for Eliciting Probability Weighting and Utility Curvature 
In this Online Appendix we describe the elicitation method for measuring probability 

weighting and utility curvature in the ALP survey.  

C.1. Pilot Study 
Before fielding our main survey module, we ran a pilot study with several question formats 

in a small-scale module in the ALP with 207 respondents.1 In this pilot module, we implemented 
two types of questions to elicit probability weighting and utility curvature: one set of questions 
based on Abdellaoui (2000), and another set based on the midweight method of van de Kuilen and 
Wakker (2011). As a starting point for each new question, we used the answer of a risk-neutral 
expected utility maximizer rather than a previous indifference point of the respondent, to limit the 
problem of error propagation from one question to the next. We also implemented two different 
types of question presentation formats: bi-section and choice lists. Half of the respondents were 
randomly assigned to the bi-section format and the other half were assigned to the choice list 
format. Both question formats included consistency check questions. Our purpose was to find an 
elicitation method that takes less than 15 minutes to complete and has a relatively low error rate, 
suitable for a survey of the general population.  

Based on a thorough analysis of the pilot survey results, we found that the midweight 
method of van de Kuilen and Wakker (2011) led to relatively high rates of mistakes among the 
ALP respondents, and it also took considerably longer to complete than the questions adapted from 
Abdellaoui (2000). Therefore, the Abdellaoui (2000) questions were implemented in the main 
survey. The format of the elicitation method in the pilot study, bi-section versus choice lists, did 
not lead to large differences in elicited indifference values or respondent mistakes. We selected 
the bi-section format for the main ALP survey, as respondents indicated that the bi-section 
questions were clearer and more interesting than the choice lists, and the average time taken to 
complete the bi-section questions was substantially shorter. 

C.2. Elicitation Module Introduction and Practice Screen 
The module starts with an introduction screen explaining that the remaining questions ask 

about choices involving unknown outcomes: see Figure C.1. The introduction screen also explains 
that, after completing the survey, one of the respondent’s choices will be played for a real reward. 
Respondents are then presented one practice question to become familiar with the choice format: 
see Figure C.1. 

C.3. Description of the Bi-Section Elicitation Procedure 
After the practice question, the module presents the first utility curvature question as shown 

in Figure 4 and described in the main text (Section 1.3, The Elicitation Procedure). Each question 
consists of three bi-section rounds and one consistency check round, where the amount shown for 
Option B depends on the subject’s responses in the previous rounds. In the first round of the first 
question, Option A offers a 33% chance of winning $12 and a 67% chance of winning $3, while 
Option B initially offers a 33% chance of winning $18 and a 67% chance of winning $0. If the 
subject selects the safer Option A, then Option B is made more attractive by increasing the winning 
amount to $21. If, instead, the subject chooses Option B, then Option B is made less attractive by 
decreasing the winning amount to $16. Two similar bi-section rounds then follow. 

 
1 Results of this pilot survey are available on request. 
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C.4. Indifference Amounts 
The different prize amounts for Option B shown in the bi-section rounds were chosen so 

respondents could select both risk averse and risk seeking choices ranging from very mild, to 
moderate, to large and extreme (four different levels). A subject’s choices in the three bi-section 
rounds (Option A or Option B) give rise to eight possible sequences of responses, or “paths:” BBB, 
BBA, BAB, BAA, ABB, ABA, AAB, and AAA, as shown in Table C.1 below.  

Six of these paths, all but the two most extreme, give both a lower bound and an upper 
bound for the amount where the respondent is indifferent between Option A and Option B. For 
example, the sequence of choices BBA implies that the indifference amount for the first utility 
curvature question is between $14 and $16. We then take the average of the lower and upper bound 
as an estimate of the respondent’s indifference point: ($14 + $16)/2 = $15.  

For the extreme choice path BBB, the indifference value is below the upper bound of $14 
(risk premium ≤ -22%), but the bi-section rounds provide no lower bound. However, if the large 
payoff X of Option B is $12 or lower, Option B would be dominated by Option A. Therefore, a 
natural lower bound for the first question is $12, and we can estimate the indifference amount 
similarly as the average of the lower and upper bound: ($12 + $14)/2 = $13.  

For the extreme choice path AAA, the indifference value is above the last lower bound of 
$25 (risk premium ≥ 39%), but there is no upper bound from the bi-section. In this case we set the 
indifference amount $3 above the last lower bound of $25: $25 + $3 = $28 (risk premium = 56%). 
In general, we follow these three rules for calculating the indifference amounts for the bi-section 
paths of the four utility curvature questions and the six probability weighting questions: 

1. For paths BBB, BBA, BAB, BAA, ABB, ABA, AAB:  
 

Indifference amount = (Lower bound + Upper bound) / 2, 
 
where the lower bound and upper bound follow from the three bisection rounds, except for 
path BBB where the lower bound is the payoff for Option B where Option A starts to 
dominate Option B. 
 

2. For the extreme path AAA on the utility curvature questions:  
 

Indifference amount = Lower bound + Z, 
 

where Z = $5 if the Lower bound > $40, Z = $4 if the Lower bound > $30, Z = $3 if the 
Lower bound > $20, Z = $2 if the Lower bound > $10, and Z = $1 otherwise.  

 
3. For the extreme path AAA on the probability weighting questions:  

 
Indifference amount = min(Lower bound + Z, (Lower bound + 42)/2), 
 

where $42 is the sure amount for Option B where Option B starts to dominate Option A, 
and Z is similar to Rule 2.  

 
For the four utility curvature questions, Tables C.1 through C.4 display the large payoff X 

for Option B shown in the three bi-section rounds, and in the fourth consistency check round. The 
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tables also show the indifference amounts for the eight possible answer paths, determined 
according to the rules above. Similarly, for the six probability weighting questions, Tables C.5 
through C.10 display the bi-section prize amounts X for Option B and the indifference amounts on 
the eight answer paths. As mentioned before, the different payoffs for Option B in the bi-section 
were chosen such that respondents could express both risk averse and risk seeking preferences, 
ranging from very mild, to moderate, to large and extreme. However, in some cases the range of 
risk premiums that can be attained by the bi-section algorithm is bounded from above or below, 
because otherwise Option A would dominate Option B, or vice versa.  

 
C.5. Check Questions 

After the three bi-section rounds, a fourth consistency check round follows. Respondents 
who chose Option A in the first bi-section round were then presented a prize for Option B below 
their lower bound from the previous three rounds, such that the only consistent response would be 
Option A. Similarly, respondents who chose Option B in the first bi-section round, were presented 
a prize for Option B above their upper bound from the previous three rounds, such that the only 
consistent response would be Option B. The last two columns of Tables C.1 to C.10 show the prize 
amount for Option B in the check round, and the corresponding consistent response.  
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Figure C.1: Introduction to the Probability Weighting Questions  
 
The remaining questions ask about choices involving unknown outcomes. At the end of the survey 
one of these questions will be played for real money, with your potential winnings determined by 
your choices. You will now be given a practice question to become familiar with the choices. 
 
Practice Question 1 
In the following questions, you will be asked to make a series of choices between two options: 
Option A and Option B. The payoff of Option A and Option B is determined by a draw of one ball 
from a box with 100 balls. Each ball in the box is either purple or orange. One ball will be drawn 
randomly from the box and its color determines the payoff you can win.  
 
For example, the box below contains 100 balls: 50 purple and 50 orange. 
 

 
 
Below is an example of the choice you will be asked to make between Option A and B.  
 
Option A pays off: 

• $30 if the ball drawn is purple (50% chance)  
• $ 0 if the ball drawn is orange (50% chance) 

 
Option B pays off  

• $18 if the ball drawn is purple (50% chance)  
• $10 if the ball drawn is orange (50% chance) 

 
Option A      Option B 

 50% chance of winning $30  
50% chance of winning $0 

  50% chance of winning $18  
50% chance of winning $10 
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Table C.1: Bi-Section Paths for Utility Curvature Question 1 (RA$12)  
Option A: win $12 with 33% chance, or else $3 with 67% chance.  
Option B: win $X with 33% chance, or else $0 with 67% chance. 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 18  B 16  B 14  B 13 -28.1% 15  B 
2 18  B 16  B 14  A 15 -17.1% 17  B 
3 18  B 16  A 17  B 16.5 -8.8% 18  B 
4 18  B 16  A 17  A 17.5 -3.3% 19  B 
5 18  A 21  B 19  B 18.5 2.3% 17  A 
6 18  A 21  B 19  A 20 10.6% 18  A 
7 18  A 21  A 25  B 23 27.1% 19  A 
8 18  A 21  A 25  A 28 54.8% 23  A 

Note: the table shows the payoff for Option B shown in the three bi-section rounds, starting from $18 in round one, 
on the eight possible answer paths (BBB, BBA, BAA, BAA, ABB, ABA, AAB, AAA).  
 
Table C.2: Bi-Section Paths for Utility Curvature Question 2 (RA$18)  
Option A: win $18 with 33% chance, or else $3 with 67% chance.  
Option B: win $X with 33% chance, or else $0 with 67% chance. 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 24  B 22  B 20  B 19 -21.1% 21  B 
2 24  B 22  B 20  A 21 -12.8% 23  B 
3 24  B 22  A 23  B 22.5 -6.6% 24  B 
4 24  B 22  A 23  A 23.5 -2.5% 25  B 
5 24  A 27  B 25  B 24.5 1.7% 23  A 
6 24  A 27  B 25  A 26 7.9% 24  A 
7 24  A 27  A 31  B 29 20.4% 25  A 
8 24  A 27  A 31  A 35 45.3% 29  A 

 
Table C.3: Bi-Section Paths for Utility Curvature Question 3 (RA$24)  
Option A: win $24 with 33% chance, or else $3 with 67% chance.  
Option B: win $X with 33% chance, or else $0 with 67% chance. 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 30  B 28  B 26  B 25 -16.9% 27  B 
2 30  B 28  B 26  A 27 -10.3% 29  B 
3 30  B 28  A 29  B 28.5 -5.3% 30  B 
4 30  B 28  A 29  A 29.5 -2.0% 31  B 
5 30  A 33  B 31  B 30.5 1.4% 29  A 
6 30  A 33  B 31  A 32 6.3% 30  A 
7 30  A 33  A 40  B 36.5 21.3% 31  A 
8 30  A 33  A 40  A 44 46.2% 35  A 
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Table C.4: Bi-Section Paths for Utility Curvature Question 4 (RA$30)  
Option A: win $30 with 33% chance, or else $3 with 67% chance.  
Option B: win $X with 33% chance, or else $0 with 67% chance. 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 36  B 34  B 32  B 31 -14.1% 33  B 
2 36  B 34  B 32  A 33 -8.6% 35  B 
3 36  B 34  A 35  B 34.5 -4.4% 36  B 
4 36  B 34  A 35  A 35.5 -1.6% 37  B 
5 36  A 40  B 37  B 36.5 1.1% 35  A 
6 36  A 40  B 37  A 38.5 6.7% 36  A 
7 36  A 40  A 50  B 45 24.7% 37  A 
8 36  A 40  A 50  A 55 52.4% 45  A 

 
Table C.5: Bi-Section Paths for Probability Weighting Question 1 (PW50%)  
Option A: win $42 with 50% chance, or else $6 with 50% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 24  B 20  B 12  B 9 62.5% 16  B 
2 24  B 20  B 12  A 16 33.3% 22  B 
3 24  B 20  A 22  B 21 12.5% 24  B 
4 24  B 20  A 22  A 23 4.2% 26  B 
5 24  A 28  B 26  B 25 -4.2% 22  A 
6 24  A 28  B 26  A 27 -12.5% 24  A 
7 24  A 28  A 32  B 30 -25.0% 26  A 
8 24  A 28  A 32  A 36 -50.0% 30  A 

 
Table C.6: Bi-Section Paths for Probability Weighting Question 2 (PW25%)  
Option A: win $42 with 25% chance, or else $6 with 75% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 15  B 13  B 10  B 8 46.7% 12  B 
2 15  B 13  B 10  A 11.5 23.3% 14  B 
3 15  B 13  A 14  B 13.5 10.0% 15  B 
4 15  B 13  A 14  A 14.5 3.3% 16  B 
5 15  A 17  B 16  B 15.5 -3.3% 14  A 
6 15  A 17  B 16  A 16.5 -10.0% 15  A 
7 15  A 17  A 19  B 18 -20.0% 16  A 
8 15  A 17  A 19  A 21 -40.0% 18  A 
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Table C.7: Bi-Section Paths for Probability Weighting Question 3 (PW75%)  
Option A: win $42 with 75% chance, or else $6 with 25% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 33  B 30  B 20  B 13 60.6% 27  B 
2 33  B 30  B 20  A 25 24.2% 32  B 
3 33  B 30  A 32  B 31 6.1% 33  B 
4 33  B 30  A 32  A 32.5 1.5% 34  B 
5 33  A 35  B 34  B 33.5 -1.5% 32  A 
6 33  A 35  B 34  A 34.5 -4.5% 33  A 
7 33  A 35  A 38  B 36.5 -10.6% 34  A 
8 33  A 35  A 38  A 40 -21.2% 36  A 

 
Table C.8: Bi-Section Paths for Probability Weighting Question 4 (PW12%)  
Option A: win $42 with 12% chance, or else $6 with 88% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 10.5  B 9  B 7  B 6.5 37.0% 8  B 
2 10.5  B 9  B 7  A 8 22.5% 10  B 
3 10.5  B 9  A 10  B 9.5 7.9% 10.5  B 
4 10.5  B 9  A 10  A 10.25 0.7% 11  B 
5 10.5  A 12  B 11  B 10.75 -4.2% 10  A 
6 10.5  A 12  B 11  A 11.5 -11.4% 10.5  A 
7 10.5  A 12  A 14  B 13 -26.0% 11  A 
8 10.5  A 12  A 14  A 16 -55.0% 13  A 

 
Table C.9: Bi-Section Paths for Probability Weighting Question 5 (PW88%)  
Option A: win $42 with 88% chance, or else $6 with 12% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 37.5  B 34  B 20  B 13 65.5% 30  B 
2 37.5  B 34  B 20  A 27 28.3% 36  B 
3 37.5  B 34  A 36  B 35 7.1% 37.5  B 
4 37.5  B 34  A 36  A 36.75 2.5% 38  B 
5 37.5  A 39  B 38  B 37.75 -0.2% 36  A 
6 37.5  A 39  B 38  A 38.5 -2.2% 37.5  A 
7 37.5  A 39  A 41  B 40 -6.2% 38  A 
8 37.5  A 39  A 41  A 41.5 -10.1% 40  A 
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Table C.10: Bi-Section Paths for Probability Weighting Question 6 (PW5%) 
Option A: win $42 with 5% chance, or else $6 with 95% chance.  
Option B: win $X for sure (with 100% chance). 
      Round 1           Round 2           Round 3      Indifference value   Check Round  
Path X Choice X Choice X Choice Amount % X Correct 
1 8  B 7  B 6  B 6.25 19.9% 6.5  B 
2 8  B 7  B 6  A 6.5 16.7% 7.5  B 
3 8  B 7  A 7.5  B 7.25 7.1% 8  B 
4 8  B 7  A 7.5  A 7.75 0.6% 8.5  B 
5 8  A 9  B 8.5  B 8.25 -5.8% 7.5  A 
6 8  A 9  B 8.5  A 8.75 -12.2% 8  A 
7 8  A 9  A 10  B 9.5 -21.8% 8.5  A 
8 8  A 9  A 10  A 11 -41.0% 9.5  A 
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Online Appendix D: Utility Curvature, Loss Aversion, and Narrow Framing  

This Online Appendix addresses whether utility curvature, loss aversion, or narrow framing can 
explain the observed pattern of risk premiums for the probability weighting questions. 

D.1. Narrow Framing with Expected Utility  
We consider a decision maker who maximizes expected utility over consumption. Let 0 ≤

𝑥$ < 𝑥& < ⋯ < 𝑥" denote the 𝑁 outcomes of the prospect under consideration, and 𝑝! is the 
known probability of outcome 𝑖, with ∑ 𝑝! = 1"

!#$ . Let 𝑊2 ≥ 0 denote the initial wealth of the 
decision maker. As this section aims to explore alternative explanations instead of probability 
weighting, we assume that the decision maker uses the objective probabilities (𝑝$, 𝑝&, … 𝑝") when 
forming expectations. Preferences are described by a CRRA utility function 𝑈: 

 

𝐸𝑈 =&𝑝! ∙ 𝑈(𝑥! +𝑊2),
"

!#$

 

where  

𝑈(𝑥) = 3
𝑥$%'	
1 − 𝛾 			if		𝛾 ≠ 1	

ln(𝑥)			if		𝛾 = 1
, 

We would like to explain the risk premiums for the probability weighting questions PW shown in 
Panel B of Table 1, which have the following parameters: 𝑁 = 2, 𝑥$ = 6, 𝑥& = 42, and 𝑝& = 1 −
𝑝$ which is the chance of winning $42 (varying from 5% to 95% for the six questions).  

Our first observation is that respondents who integrate the small lottery payoffs with some 
positive amount of wealth 𝑊2, for example $1,000 or more, will be close to risk neutral on all 
probability weighting question. Figure D.1 illustrates the model risk premiums for the case of 𝑊2 
= $1,000 and three levels of risk aversion (𝛾 = 1, 2, 4), compared to the actual average risk 
premiums in our ALP data. The model risk premiums are close to zero (risk neutral) as the payoffs 
are negligible when integrated with the $1,000 initial wealth.  

Next, we consider respondents who narrowly frame the lotteries, meaning that they do not 
integrate payoffs with their wealth. In the model above, this corresponds to 𝑊2 = 0. We first note 
that only relative risk aversion levels with 𝛾 ≤ 1 are feasible when 𝑊2 = 0, as otherwise utility is 
not defined for our risk aversion questions where one of the payoffs is 0. However, practically this 
does not limit the model, as narrow framing greatly magnifies the impact of risk aversion. For 
example, with 𝑊2 = 0 and relative risk aversion of only	𝛾 = 0.5, the average risk premium for the 
four risk aversion questions (see Table 1, Panel A) is 144.7%, while at 𝛾 = 0.2 the average risk 
premium is 21.5% (average is 16% in the ALP data).  

Figure D.2 shows the risk premiums for the probability weighting questions with narrow 
framing and 𝛾 = 0.2, 0.5, 0.8. The risk premiums are all positive and have an inverse U-shaped 
pattern, driven by the variance of the binary lottery with winning chance 𝑝, which is 𝑝(1 − 𝑝). 
Hence, the risk premium converges to zero as 𝑝 approaches to 0 or 1 (variance becomes zero), and 
the maximum occurs for intermediate probabilities between 20% and 40%. The risk premiums 
only become negative if the decision maker is risk seeking (𝛾 < 0). Therefore, narrow framing in 
an expected utility framework cannot simultaneously generate risk-seeking for small probabilities 
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and large risk aversion for high probabilities. In sum, it cannot explain the actual pattern of risk 
premiums for the probability weighting question in the ALP data. 

 
Figure D.1:  Risk Premiums for Probability Weighting Questions  

with Broad Framing and Initial Wealth of $1,000 

 
 
Figure D.2:  Risk Premiums for Probability Weighting Questions with Narrow Framing 
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D.2. Narrow Framing with a Reference Point and Loss Aversion 
We now consider a decision maker who frames narrowly and maximizes the value function 

of prospect theory with reference point 𝜃 and loss aversion parameter 𝜆 > 1: 
 

𝐸𝑉53 =&𝑝! ∙ 𝑣(𝑥!),
"

!#$

 

where  

𝑣(𝑥) = i						(𝑥 − 𝜃)
$%'6 	, if		𝑥 ≥ 	𝜃

−𝜆(𝜃 − 𝑥)$%'7 	, if		𝑥 < 	𝜃
 

 
with 𝛾$, 𝛾& ≤ 1.2 

Again, our aim is to explain the risk premiums for the probability weighting questions PW 
shown in Panel B of Table 1, where 𝑁 = 2, 𝑥$ = 6, 𝑥& = 42 and 𝑝& = 1 − 𝑝$ is the chance of 
winning $42 (varying from 5% to 95% for the six questions). We first consider the special case 
where the decision maker’s reference point is equal to zero (𝜃 = 0). As the probability weighting 
questions only have two positive payoffs, which are treated as gains, the value function reduces to 
a power utility function: 𝑣(𝑥) = 𝑥$%'6, and we are back to the case of expected utility in Figures 
D.1 and D.2. Hence, with a reference point of zero, the prospect theory model cannot explain 
pattern of risk premiums for the probability weighting questions. 

Next, we assume the decision maker’s reference point is equal to the expected value of the 
lottery (𝜃 = 𝑝 ∙ 42 + (1 − 𝑝) ∙ 6). In our ALP survey questions, the expected value of the lottery 
is the first sure amount offered to the decision maker (i.e., the sure amount offered in Option B). 
It is therefore natural to assume that this expected value becomes the reference point. In this case, 
the small price of $6 is coded as a loss and loss aversion affects the decision.  

For the special case of piece-wise linear curvature (𝛾$ = 𝛾& = 0) and 𝜃 equal to the 
expected value, we can derive the following analytical expression for the lottery risk premiums: 

 

𝑅𝑖𝑠𝑘	𝑝𝑟𝑒𝑚𝑖𝑢𝑚 = 𝑝 ∙ n
42 − 𝜃
𝜃 o ∙ n

𝜆 − 1
𝜆 o 

 
where 𝑝 is the probability of winning $42, and the reference point 𝜃 = 𝑝 ∙ 42 + (1 − 𝑝) ∙ 6 is equal 
to the expected value of the lottery.  
 The formula shows that a loss averse decision maker (𝜆 > 1) has positive risk premiums 
for all probability weighting questions. The largest risk premium occurs at 𝑝 = 27.4%, irrespective 
of the level of loss aversion (𝜆 > 1). (See Figure D.3 for an illustration of the risk premiums for 𝜆 
= 0.5, 2, 3.) Similar to expected utility case, with loss aversion (𝜆 > 1) the pattern of risk premiums 
is inverse U-shaped, as the variance of the lottery payoff (𝑝 ∙ (1 − 𝑝)) is largest for intermediate 
probabilities. Only if the decision maker is loss seeking (0 ≤ 𝜆 < 1) do all the risk premiums 
become negative, with the most negative risk premium at 𝑝 = 27.4%. Accordingly, this model 

 
2 Relative risk aversion is limited to relatively small values (𝛾$, 𝛾& ≤ 1) in the original prospect theory model of 
Kahneman and Tversky (1979) above, as otherwise the function becomes discontinuous at the reference point (𝑥 =
	𝜃). In practice this does not limit the model’s applications, as the loss aversion parameter (𝜆) can generate strong first-
order risk aversion and high risk premiums for mixed prospects with both gains and losses. 
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cannot generate simultaneous risk-seeking for small probabilities and relatively large risk aversion 
for high probabilities, which is the pattern seen in the ALP data. 
 Based on intuition, some readers may anticipate that narrow framing and loss aversion 
would give rise to relatively large risk premiums for negatively skewed high probability bets (e.g., 
at 𝑝 = 0.88). Yet this is not the case, as the expected value and the variance also differ across the 
six lotteries (𝑝 = 0.05, 0.12, 0.5, 0.75, 0.88), and these two parameters have a larger impact on the 
attractiveness of the lotteries than the skewness. For example, the variance (𝑝 ∙ (1 − 𝑝)) and the 
risk premiums for the lotteries converge to zero when 𝑝 → 0% and 𝑝 → 100%, regardless of the 
high skewness in the limit. The risk premium is at its maximum at moderately positive 
probabilities, where the ratio between risk (variance) and expected payoffs is the highest.  
 Additional numerical trials show that the model above with a prospect theory value 
function and a reference point equal to the expected value of the lottery can only generate the 
observed pattern of risk premiums in the ALP data in two ways. First, it can occur if the decision 
maker is risk averse over losses (𝛾& > 1) and risk seeking over gains (𝛾$  > 1). In this case, the 
utility function itself is S-shaped and skewness seeking, which is simply a different way to model 
probability weighting, but not directly related to narrow framing or loss aversion. Second, it can 
occur if the decision maker is risk averse over losses (𝛾& > 1) and loss seeking (𝜆  < 1). Further, 
the stronger the loss seeking (the further 𝜆 below 1), the better the model will fit the data. A model 
with loss seeking is clearly at odds with the empirical evidence so it does not provide a plausible 
alternative explanation.  

Finally, suppose a decision maker already displays some (small) amount of probability 
weighting. Can an increase in the loss aversion parameter amplify the probability weighting 
patterns in the risk premiums? The answer is no. An increase in loss aversion will increase the 
downside effect of positively skewed low probability bets, reducing their attractiveness and 
offsetting the effect of probability weighting. For high probability bets, the marginal effect of 
increased loss aversion is weaker, as decision makers with inverse-S probability weighting already 
require a relatively high risk premium to take these bets. All in all, an increase in loss aversion 
leads to a less pronounced probability weighting pattern in the risk premiums, rather than 
amplifying it. In sum, loss aversion cannot explain the actual pattern of risk premiums for the 
probability weighting question in the ALP data. 
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Figure D.3:  Risk Premiums for Probability Weighting Questions with Narrow Framing 
  and Loss Aversion (Reference Point is Expected Value) 

 
 

D.3. Different Levels of Narrow Framing with Loss Aversion 
In this section we consider the narrow framing model of Barberis and Huang (2009). In 

this model the decision maker can display different levels of narrow framing, modeled with a 
separate parameter. Our purpose is to see if variations in narrow framing can give rise to the 
inverse-S pattern in the risk premiums for our probability weighting questions. 

In this model, the decision maker evaluates the distribution of her overall wealth, including 
the payoff of the lottery, given by 𝑊 = [𝑊2 + 𝑥$, … ,𝑊2 + 𝑥"]′, with expected utility, 𝐸[𝑈(𝑊)]. 
In addition, the investor narrowly frames the gains and losses of the lottery 𝐺 = [𝑥$ − 𝜃,… , 𝑥" −
𝜃]′ and evaluates them with the value function: 𝑉(𝐺). The prospect theory function 𝑉 includes 
both loss aversion and narrow framing. The narrow framing parameter 𝑏2 ≥ 0 determines the 
importance of the narrowly framed lottery gains and losses in the overall objective function 𝐻.  

 
𝐻 = 𝑈%$(𝐸[𝑈(𝑊)]) + 𝑏2[𝑉(𝑋 − 𝜄𝜃)] 

where  

𝐸𝑈 =&𝑝! ∙ 𝑈(𝑥! +𝑊2),
"

!#$

 

 

𝑉(𝐺) =& 𝑣X𝑔8Y
8#%$

8#%9
+& 𝑣X𝑔8Y

:

8#2
 

and 

𝑣(𝑥) = t 𝑥					𝑥 ≥ 0
		𝜆𝑥 		𝑥 <0		, 
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where 𝐺 = 𝑋 − 𝜄𝜃 = [𝑥$ − 𝜃,… , 𝑥" − 𝜃]′ denotes a vector of losses and gains on the prospect (the 
lottery), relative to the reference point 𝜃𝑔.,:, with  corresponding state probabilities 𝑝8, for 𝑗 =
−𝑀,… , 0… , 𝐾. To simplify the model and limit the number of parameters, we make the following 
assumptions: the value function 𝑣 is piece-wise linear. 
 The decision maker frames narrowly and is loss averse. The loss aversion parameter is 𝜆 = 
2. As before, the reference point equals the expected value of the lottery (𝜃 = 𝑝 ∙ 42 + (1 − 𝑝) ∙
6), which is also the first certainty equivalent shown to the decision maker and therefore a natural 
anchor. Relative risk aversion for the expected utility part is 𝛾 = 2, and initial wealth is 𝑊2 = 
$1,000. 
 Figure D.4 shows the shows the risk premiums for the probability weighting questions 
when the narrow framing parameter is 𝑏2 = 0, 0.25 and 0.5. Without narrow framing (𝑏2 = 0), all 
the risk premiums are close to zero, as the lottery payoffs are negligible when integrated with the 
initial wealth of $1,000. With narrow framing (𝑏2 = 0.25, 0.5), the risk premiums become large, 
but they do not resemble the actual pattern in the data, with Inverse-S measures of -12.3% 
and -23.5% (versus 70.8% on average in the ALP data). Narrow framing does not generate 
simultaneous risk-seeking for small probabilities and high risk aversion for large probabilities, 
similar to what we found in previous sections for other utility specifications.  
 
Figure D.4:  Risk Premiums with Different Levels of Narrow Framing (b0) 
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Online Appendix E: Additional Robustness Tests

Table E.1: Alternative Probability Weighting Measures and OLS Regression
This table reports regression results in which the dependent variable is Fraction of Equity in Individual Stocks. In
Column (1), the key independent variable is Inverse-S Rank, which is a rank variable of Inverse-S ranging from 0 to
1. In Column (2), the key independent variable is Above Median Inverse-S Dummy, which equals one if Inverse-S is
above the median. In Column (3), the key independent variable is Inverse-S Dummy which equals one if Inverse-S
is above 25%. In Column (4), the key independent variable is Inverse-S (PW88% + PW75%) - (PW25% + PW12%)
standardized to have a mean of zero and a standard deviation of one. In Column (5), the key independent variable
is Inverse-S PW88% - PW12% standardized to have a mean of zero and a standard deviation of one. In Column
(1) to (5), we estimate Tobit models with bounds of 0 and 1 on the equity fraction, while in Column (6) we report
OLS regression results as a robustness check. All models include a constant, missing data dummies, and controls for
female, 5-year age category dummies, married, white, Hispanic, number of household members, employment status,
education, (ln) family income, (ln) financial wealth, (ln) housing wealth, mortgage-to-value ratio, numeracy, financial
literacy, experienced stock returns, trust, utility curvature, and optimism. Variable definitions appear in Appendix
Table A1. All nonbinary variables are standardized. All results use ALP survey weights. The symbols *, **, and ***
denote significance at the 10%, 5%, and 1% level, respectively.

(1) (2) (3) (4) (5) (6)
Inverse-S rank 0.360**

(2.242)
Above Median Inverse-S Dummy 0.199**

(2.095)
Inverse-S Dummy 0.207**

(2.109)
Inverse-S(PW88%+PW75%)−(PW25%+PW12%) 0.092**

(2.025)
Inverse-S(PW88%−PW12%) 0.104**

(2.221)
Inverse-S 0.044**

(2.076)
Full Controls Yes Yes Yes Yes Yes Yes
Model Tobit Tobit Tobit Tobit Tobit OLS
Observations 741 741 741 741 741 741
R2 0.072 0.071 0.071 0.071 0.072 0.093
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Table E.2: Summary Statistics for Independent Variables
This table reports summary statistics for the independent variables used in our study. In our sample, 30.2% of subjects
own equity outside of retirement accounts, 19.6% own equity only in retirement accounts, and 50.2% do not own any
equity whatsoever.

Equity Owners Outside Equity Owners No Equity
Ret. Account Ret. Account Only

Mean Median Mean Median Mean Median

Variable (1) (2) (3) (4) (5) (6)
Inverse-S 0.69 0.55 0.80 0.82 0.70 0.73
Age 52.27 54.00 47.59 47.00 46.24 45.00
Female 0.44 0.00 0.45 0.00 0.56 1.00
Married 0.66 1.00 0.75 1.00 0.49 0.00
White 0.89 1.00 0.88 1.00 0.67 1.00
Hispanic 0.07 0.00 0.10 0.00 0.26 0.00
Number of Household Members 1.08 1.00 1.28 1.00 1.50 1.00
Employed 0.50 0.00 0.69 1.00 0.49 0.00
Family Income (in $1000) 100.91 87.50 104.48 87.50 48.40 32.50
Financial Wealth (in $1000) 310.53 43.00 42.01 9.30 32.97 0.00
Housing Wealth (in $1000) 1,196.15 190.00 258.52 170.00 73.20 0.00
Mortgage-to-value ratio 0.25 0.00 0.34 0.31 0.19 0.00
No College Degree 0.43 0.00 0.38 0.00 0.73 1.00
Bachelor or Associate Degree 0.33 0.00 0.41 0.00 0.20 0.00
Master or Higher Degree 0.24 0.00 0.21 0.00 0.06 0.00
Utility Curvature 0.16 0.12 0.17 0.17 0.16 0.13
Optimism 1.74 1.73 1.19 1.47 -0.35 -0.63
Financial Literacy 2.61 3.00 2.77 3.00 1.84 2.00
Numeracy 2.66 3.00 2.73 3.00 2.19 2.00
Experienced Stock Returns 8.19 8.10 8.28 8.41 8.33 8.49
Trust 1.97 2.00 1.97 2.00 1.49 1.00
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Table E.3: Probability Weighting and Underdiversification
This table contains the full set of coefficients from the analyses in Table 4 in the paper. This table reports Tobit
regression results in which the dependent variables are proxies for underdiversification. In Panel A, the dependent
variable is Fraction of Equity in Individual Stocks. In Panel B, the dependent variable is the Relative Sharpe Ratio
Loss. This dependent variable is calculated using daily returns over the period July 1, 2016 to June 30, 2017. In both
panels, the key independent variable is Inverse-S. Column (1) includes a constant. Column (2) includes a constant,
missing data dummies, and controls for female, 5-year age category dummies, married, white, Hispanic, number of
household members, employment status, education, (ln) family income, (ln) financial wealth, (ln) housing wealth,
and mortgage-to-value ratio. Column (3) includes the same controls and constant as in Column (2) plus a control for
utility curvature. Column (4) includes the same controls and constant as in Column (3) plus controls for numeracy,
financial literacy, optimism, experienced stock returns, and trust. Variable definitions appear in Appendix Table A1.
All nonbinary variables are standardized. All results use ALP survey weights. The symbols *, **, and *** denote
significance at the 10%, 5%, and 1% level, respectively.

Panel A: Fraction of Equity in Individual Stocks
(1) (2) (3) (4)

Inverse-S 0.136** 0.098** 0.099** 0.103**
(2.282) (2.216) (2.232) (2.228)

Utility Curvature -0.003 0.000
(-0.066) (0.003)

Optimism -0.103
(-1.634)

Financial Literacy -0.172**
(-2.323)

Numeracy 0.084
(1.153)

Trust 0.008
(0.164)

Experienced Stock Returns -0.482
(-1.128)

Bachelor or Associate Degree -0.049 -0.047 -0.029
(-0.392) (-0.374) (-0.220)

Master or Higher Degree -0.261** -0.259** -0.245*
(-1.986) (-1.976) (-1.764)

Family Income 0.192** 0.191** 0.208**
(2.053) (2.073) (2.313)

Financial Wealth -0.082 -0.082 -0.045
(-1.093) (-1.093) (-0.630)

Housing Wealth -0.025 -0.025 -0.030
(-0.319) (-0.318) (-0.389)

Mortgage-to-value ratio 0.076 0.075 0.083
(1.365) (1.350) (1.456)
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Table E.3: Continued

Panel A: Fraction of Equity in Individual Stocks
(1) (2) (3) (4)

Female -0.225** -0.224** -0.274***
(-2.545) (-2.528) (-3.111)

Married -0.141 -0.142 -0.141
(-1.187) (-1.184) (-1.160)

White -0.132 -0.132 -0.114
(-0.806) (-0.809) (-0.655)

Hispanic 0.540* 0.544* 0.554*
(1.683) (1.700) (1.901)

Number of Household Members -0.106* -0.107* -0.123*
(-1.688) (-1.689) (-1.933)

Employed -0.094 -0.096 -0.076
(-0.752) (-0.762) (-0.593)

Age 26-30 0.905 0.908 0.408
(1.597) (1.602) (0.674)

Age 31-35 1.079* 1.082* 0.459
(1.749) (1.755) (0.670)

Age 36-40 0.861 0.864 0.231
(1.532) (1.536) (0.347)

Age 41-45 0.890 0.891 0.204
(1.566) (1.566) (0.289)

Age 46-50 0.862 0.867 -0.089
(1.514) (1.516) (-0.105)

Age 51-55 0.793 0.795 -0.483
(1.369) (1.369) (-0.438)

Age 56-60 1.000* 1.003* -0.580
(1.738) (1.743) (-0.442)

Age 61-65 0.862 0.865 -0.927
(1.451) (1.455) (-0.626)

Age 66-70 0.897 0.900 -0.941
(1.534) (1.540) (-0.615)

Age 71-75 1.027* 1.028* -0.763
(1.751) (1.753) (-0.508)

Age 76-80 0.514 0.517 -1.197
(0.843) (0.847) (-0.823)

Age 81-100 1.120* 1.128* -0.467
(1.890) (1.907) (-0.345)

Control variables no yes yes yes
Observations 741 741 741 741
Pseudo R2 0.010 0.060 0.060 0.071
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Table E.3: Continued

Panel B: Relative Sharpe Ratio Loss
(1) (2) (3) (4)

Inverse-S 0.047** 0.034** 0.035** 0.036**
(2.168) (1.978) (2.061) (2.105)

Utility Curvature -0.009 -0.007
(-0.492) (-0.407)

Optimism -0.039*
(-1.836)

Financial Literacy -0.048*
(-1.745)

Numeracy 0.011
(0.378)

Trust 0.001
(0.069)

Experienced Stock Returns -0.161
(-1.067)

Bachelor or Associate Degree 0.012 0.014 0.021
(0.270) (0.307) (0.475)

Master or Higher Degree -0.083* -0.080* -0.073
(-1.716) (-1.676) (-1.473)

Family Income 0.043 0.042 0.047
(1.268) (1.280) (1.437)

Financial Wealth -0.031 -0.031 -0.016
(-1.075) (-1.075) (-0.586)

Housing Wealth -0.022 -0.024 -0.027
(-0.758) (-0.815) (-0.961)

Mortgage-to-value ratio 0.049** 0.048** 0.053**
(2.191) (2.172) (2.354)
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Table E.3: Continued

Panel B: Relative Sharpe Ratio Loss
(1) (2) (3) (4)

Female -0.114*** -0.112*** -0.131***
(-3.479) (-3.442) (-4.040)

Married -0.014 -0.015 -0.013
(-0.329) (-0.350) (-0.289)

White -0.043 -0.045 -0.051
(-0.653) (-0.688) (-0.733)

Hispanic 0.180** 0.186** 0.174**
(1.979) (2.054) (2.057)

Number of Household Members -0.051** -0.051** -0.060***
(-2.282) (-2.297) (-2.643)

Employed 0.001 -0.001 0.001
(0.015) (-0.025) (0.018)

Age 26-30 0.290 0.287 0.108
(1.464) (1.468) (0.501)

Age 31-35 0.379* 0.383* 0.168
(1.912) (1.954) (0.755)

Age 36-40 0.293 0.298 0.068
(1.599) (1.644) (0.305)

Age 41-45 0.333* 0.335* 0.094
(1.807) (1.843) (0.392)

Age 46-50 0.295 0.303* -0.020
(1.603) (1.667) (-0.069)

Age 51-55 0.310 0.315* -0.125
(1.621) (1.670) (-0.323)

Age 56-60 0.351* 0.356* -0.188
(1.891) (1.941) (-0.406)

Age 61-65 0.300 0.307 -0.309
(1.570) (1.623) (-0.590)

Age 66-70 0.296 0.303 -0.331
(1.561) (1.617) (-0.608)

Age 71-75 0.371* 0.376** -0.242
(1.942) (1.991) (-0.455)

Age 76-80 0.197 0.205 -0.385
(0.987) (1.040) (-0.748)

Age 81-100 0.400** 0.406** -0.162
(2.045) (2.093) (-0.340)

Control variables no yes yes yes
Observations 645 645 645 645
Pseudo R2 0.021 0.166 0.169 0.193
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Table E.4: Probability Weighting and Underdiversification - Additional Control Variables
This table contains the full set of coefficients from the analyses in Table 6 in the paper. This table reports Tobit regression results in which the dependent variable is
Fraction of Equity in Individual Stocks. For each additional control variable, we report two columns. In both columns the sample is restricted to include only those
observations for which we have the additional control variable; the odd numbered column does not include the control variable and the even numbered column does.
In Columns (1) and (2), the additional control variable is the subject’s Barsky, Juster, Kimball, and Shapiro (1997) broadly framed measure of utility curvature. In
Columns (3) and (4), the additional control variable is a measure of the subject’s loss aversion. In Columns (5) and (6), the additional control variable is a measure of
the subject’s overconfidence. In Columns (7) and (8), the additional control variable is a measure of the subject’s ambiguity aversion (see Dimmock, Kouwenberg,
Mitchell, and Peijnenburg, 2016). All models include a constant, missing data dummies, and controls for female, 5-year age category dummies, married, white,
Hispanic, number of household members, employment status, education, (ln) family income, (ln) financial wealth, (ln) housing wealth, mortgage-to-value ratio,
numeracy, financial literacy, experienced stock returns, trust, utility curvature, and optimism. Variable definitions appear in Appendix Table A1. All nonbinary
variables are standardized. All results use ALP survey weights. The symbols *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.

Barsky et al. Utility Curvature Loss Aversion Overconfidence Ambiguity Aversion

(1) (2) (3) (4) (5) (6) (7) (8)
Inverse-S 0.143** 0.145** 0.159** 0.168** 0.160** 0.160** 0.154*** 0.163***

(2.473) (2.513) (2.370) (2.438) (2.375) (2.366) (2.663) (2.820)
Barsky et al. Utility Curvature 0.027

(0.483)
Loss Aversion -0.072

(-0.924)
Overconfidence 0.041

(0.487)
Ambiguity Aversion -0.073

(-1.234)
Utility Curvature 0.045 0.041 0.015 0.023 -0.023 -0.022 0.033 0.041

(0.811) (0.743) (0.210) (0.324) (-0.306) (-0.295) (0.492) (0.616)
Optimism -0.081 -0.080 -0.114 -0.110 -0.136 -0.143 -0.117* -0.134*

(-1.311) (-1.286) (-1.624) (-1.565) (-1.433) (-1.484) (-1.702) (-1.938)
Financial Literacy -0.019 -0.017 -0.222* -0.234** 0.040 0.044 -0.038 -0.042

(-0.183) (-0.163) (-1.963) (-2.053) (0.334) (0.367) (-0.350) (-0.386)
Numeracy 0.136 0.136 0.082 0.059 -0.004 0.006 0.088 0.098

(1.609) (1.618) (0.851) (0.598) (-0.043) (0.056) (0.954) (1.066)
Trust -0.007 -0.005 0.013 0.013 -0.004 -0.002 -0.048 -0.035

(-0.115) (-0.093) (0.198) (0.184) (-0.056) (-0.026) (-0.846) (-0.609)
Experienced Stock Returns -0.177 -0.178 0.256 0.237 -0.003 -0.044 -0.424 -0.417

(-0.365) (-0.370) (0.453) (0.418) (-0.004) (-0.055) (-0.839) (-0.847)
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Table E.4: Continued

Barsky et al. Utility Curvature Loss Aversion Overconfidence Ambiguity Aversion

(1) (2) (3) (4) (5) (6) (7) (8)
Female -0.298*** -0.303*** -0.364*** -0.341** -0.351** -0.353** -0.307*** -0.319***

(-2.649) (-2.658) (-2.644) (-2.427) (-2.450) (-2.486) (-2.626) (-2.756)
Married 0.078 0.079 -0.275 -0.275 0.051 0.040 0.266* 0.300**

(0.562) (0.570) (-1.650) (-1.647) (0.323) (0.256) (1.779) (1.997)
White -0.237 -0.247 -0.370 -0.409 -0.053 -0.075 -0.161 -0.193

(-1.036) (-1.058) (-1.362) (-1.503) (-0.205) (-0.288) (-0.724) (-0.845)
Hispanic 0.639* 0.620* -0.376 -0.428 0.406 0.381 0.192 0.198

(1.734) (1.718) (-0.744) (-0.853) (1.000) (0.924) (0.645) (0.659)
Number of Household Members -0.136* -0.140* -0.032 -0.028 0.013 0.011 -0.046 -0.055

(-1.847) (-1.876) (-0.335) (-0.292) (0.137) (0.117) (-0.625) (-0.749)
Employed 0.034 0.026 -0.266 -0.255 -0.091 -0.089 -0.053 -0.050

(0.232) (0.182) (-1.580) (-1.504) (-0.472) (-0.460) (-0.365) (-0.342)
Bachelor or Associate Degree -0.038 -0.032 -0.276 -0.297 0.034 0.014 0.046 0.072

(-0.251) (-0.215) (-1.577) (-1.640) (0.188) (0.075) (0.306) (0.461)
Master or Higher Degree -0.251 -0.237 -0.310 -0.320 -0.106 -0.129 -0.223 -0.177

(-1.549) (-1.449) (-1.591) (-1.638) (-0.603) (-0.673) (-1.367) (-1.049)
Family Income -0.005 -0.003 0.368*** 0.355*** 0.138 0.143 0.065 0.048

(-0.062) (-0.040) (3.266) (3.151) (1.154) (1.175) (0.604) (0.446)
Financial Wealth -0.009 -0.007 0.042 0.033 -0.029 -0.028 -0.083 -0.102

(-0.102) (-0.090) (0.324) (0.251) (-0.261) (-0.259) (-0.877) (-1.076)
Housing Wealth 0.097 0.093 -0.071 -0.075 -0.234** -0.228** -0.084 -0.082

(1.033) (0.996) (-0.587) (-0.620) (-2.359) (-2.283) (-0.961) (-0.948)
Mortgage-to-value ratio 0.074 0.076 0.113 0.111 0.132* 0.128* 0.070 0.072

(1.171) (1.203) (1.538) (1.524) (1.714) (1.675) (1.155) (1.192)
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Table E.4: Continued

Barsky et al. Utility Curvature Loss Aversion Overconfidence Ambiguity Aversion

(1) (2) (3) (4) (5) (6) (7) (8)
Age 26-30 -0.596 -0.608 -3.068*** -3.281*** 3.898*** 3.781** 2.971*** 2.977***

(-0.710) (-0.733) (-3.283) (-3.347) (2.753) (2.594) (3.132) (3.209)
Age 31-35 -0.608 -0.620 -2.918*** -3.143*** 4.878*** 4.792*** 3.990*** 3.970***

(-0.665) (-0.686) (-2.726) (-2.806) (3.079) (3.005) (3.877) (3.941)
Age 36-40 -0.960 -0.974 -2.784*** -3.001*** 4.334*** 4.247*** 3.499*** 3.470***

(-1.040) (-1.069) (-2.794) (-2.849) (2.749) (2.675) (3.463) (3.527)
Age 41-45 -1.054 -1.060 -3.203*** -3.408*** 4.625*** 4.523** 3.336*** 3.332***

(-1.066) (-1.085) (-2.855) (-2.918) (2.624) (2.551) (2.943) (3.017)
Age 46-50 -1.069 -1.085 -2.963** -3.202** 4.655** 4.557** 3.135** 3.093**

(-0.949) (-0.976) (-2.267) (-2.347) (2.197) (2.144) (2.347) (2.374)
Age 51-55 -1.353 -1.371 -3.038* -3.280* 4.748* 4.630* 2.891* 2.891*

(-0.964) (-0.989) (-1.772) (-1.846) (1.842) (1.793) (1.789) (1.835)
Age 56-60 -1.235 -1.257 -2.513 -2.703 4.690 4.530 2.751 2.767

(-0.760) (-0.783) (-1.323) (-1.396) (1.579) (1.519) (1.473) (1.525)
Age 61-65 -1.408 -1.424 -2.647 -2.898 4.452 4.259 2.467 2.493

(-0.775) (-0.792) (-1.231) (-1.319) (1.340) (1.282) (1.180) (1.226)
Age 66-70 -1.608 -1.635 -2.575 -2.801 4.496 4.294 2.239 2.255

(-0.860) (-0.884) (-1.165) (-1.246) (1.326) (1.263) (1.046) (1.083)
Age 71-75 -1.229 -1.258 -2.425 -2.673 4.545 4.359 2.718 2.739

(-0.664) (-0.687) (-1.120) (-1.210) (1.357) (1.299) (1.289) (1.335)
Age 76-80 -2.059 -2.082 -3.810* -4.021* 4.552 4.350 -1.661 -1.648

(-1.162) (-1.188) (-1.813) (-1.878) (1.421) (1.352) (-0.797) (-0.813)
Age 81-100 -1.282 -1.305 -2.297 -2.532 4.711 4.530

(-0.755) (-0.777) (-1.151) (-1.243) (1.530) (1.468)
Additional Control no yes no yes no yes no yes
Full Controls yes yes yes yes yes yes yes yes
Observations 472 472 286 286 222 222 376 376
Pseudo R2 0.094 0.095 0.193 0.195 0.159 0.160 0.135 0.137
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Table E.5: Non-participation, Participation in Mutual Funds, Individual Stocks, and Both
This table contains the full set of coefficients from the analyses in Table 9 in the paper. This table reports the coefficients of a logit and a multinomial logit
regression. The key independent variable is Inverse-S. In Panel A, we report the coefficients of a logit regression in which the dependent variable is Participation,
which equals one if the respondent participates in the stock market and zero otherwise. In Panel B, we report the coefficients of a multinomial logit regression
with categories Non-Participation, Individual Stocks Only, Mutual Funds Only, and Both Mutual Funds and Individual Stocks. The baseline excluded category
is Mutual Funds Only. All models include a constant, missing data dummies, and controls for female, 5-year age category dummies, married, white, Hispanic,
number of household members, employment status, education, (ln) family income, (ln) financial wealth, (ln) housing wealth, mortgage-to-value ratio, numeracy,
financial literacy, experienced stock returns, trust, utility curvature, and optimism. Variable definitions appear in Appendix Table A1. All nonbinary variables are
standardized. All results use ALP survey weights. The symbols *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.

Panel A: logit Panel B: multinomial logit

Participation Non-Participation Individual Stocks Only Both Mutual Funds and Individual Stocks

(1) (2) (3) (4)
Inverse-S -0.130 0.337*** 0.395*** 0.288**

(-1.521) (2.822) (2.841) (1.966)
Female -0.197 -0.047 -0.301 -0.358

(-1.211) (-0.206) (-1.080) (-1.299)
Bachelor or Associate Degree -0.000 0.118 0.259 0.117

(-0.002) (0.377) (0.678) (0.312)
Master or Higher Degree 0.236 -0.430 -0.578 -0.134

(1.003) (-1.302) (-1.474) (-0.329)
Family Income 0.415** -0.023 0.893*** 0.668**

(2.301) (-0.123) (3.438) (2.292)
Financial Wealth 0.501*** -0.524*** -0.097 0.076

(4.725) (-3.262) (-0.482) (0.319)
Housing Wealth 0.177 -0.354** -0.256 -0.296

(1.571) (-2.055) (-1.231) (-1.457)
Mortgage-to-value ratio -0.134 0.230* 0.375** -0.162

(-1.495) (1.771) (2.218) (-0.941)
Numeracy 0.029 -0.164 -0.079 -0.362*

(0.250) (-0.772) (-0.314) (-1.678)
Financial Literacy 0.272** -0.405** -0.258 -0.205

(2.411) (-2.371) (-1.215) (-1.001)
Trust 0.010 -0.020 -0.035 -0.020

(0.094) (-0.158) (-0.229) (-0.133)
Utility Curvature -0.100 0.048 -0.084 -0.124

(-1.306) (0.458) (-0.632) (-1.031)
Optimism 0.189* -0.293* -0.178 -0.201

(1.940) (-1.794) (-0.961) (-1.116)
Experienced Stock Returns 0.748 -1.317 -0.842 -1.116

(1.057) (-1.381) (-0.772) (-0.960)
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Table E.5: Continued

Panel A: logit Panel B: multinomial logit

Participation Non-Participation Individual Stocks Only Both Mutual Funds and Individual Stocks

(1) (2) (3) (4)
Married -0.221 0.025 -0.320 -0.313

(-1.175) (0.092) (-0.957) (-0.970)
White 0.391 -0.840* -0.938* -0.522

(1.433) (-1.828) (-1.753) (-0.949)
Hispanic -0.523* 0.516 0.612 -1.054*

(-1.763) (1.251) (1.103) (-1.692)
Number of Household Members -0.032 -0.105 -0.244* -0.185

(-0.382) (-0.919) (-1.719) (-1.350)
Employed -0.270 0.467 0.018 0.600*

(-1.346) (1.548) (0.050) (1.741)
Age 26-30 0.478 -1.012 -1.377 14.308***

(0.472) (-0.813) (-1.031) (10.934)
Age 31-35 -0.588 0.996 0.646 15.583***

(-0.659) (0.860) (0.510) (11.817)
Age 36-40 0.376 0.290 -0.437 16.805***

(0.393) (0.224) (-0.307) (11.840)
Age 41-45 0.096 0.223 -0.141 15.991***

(0.091) (0.160) (-0.093) (10.324)
Age 46-50 0.647 -0.655 -0.101 14.869***

(0.507) (-0.385) (-0.057) (7.542)
Age 51-55 1.053 -1.670 -1.373 14.220***

(0.617) (-0.707) (-0.552) (5.286)
Age 56-60 1.791 -2.292 -1.238 14.281***

(0.842) (-0.788) (-0.397) (4.231)
Age 61-65 1.840 -2.776 -1.666 13.457***

(0.763) (-0.840) (-0.469) (3.475)
Age 66-70 1.887 -2.707 -1.444 13.545***

(0.754) (-0.792) (-0.393) (3.387)
Age 71-75 2.141 -2.883 -1.384 13.808***

(0.868) (-0.853) (-0.382) (3.490)
Age 76-80 1.841 -2.970 -1.951 13.110***

(0.786) (-0.933) (-0.572) (3.509)
Age 81-100 1.664 -1.152 0.079 15.760***

(0.756) (-0.384) (0.025) (4.497)
Full Controls yes yes
Observations 2616 2616
Pseudo R2 0.190 0.188
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Table E.6: Heckman Selection Model
This table reports results for the second stage of a Heckman selection model in which the key independent variable
of interest is Inverse-S. The first stage estimates the probability of equity ownership. The second stage estimates the
Fraction of Equity in Individual Stocks (Underdiversification). The model includes a constant, missing data dummies,
and controls for female, 5-year age category dummies, married, white, Hispanic, number of household members,
employment status, education, (ln) family income, (ln) financial wealth, (ln) housing wealth, mortgage-to-value ratio,
numeracy, financial literacy, experienced stock returns, trust, utility curvature, and optimism. Variable definitions
appear in Appendix Table A1. All nonbinary variables are standardized. All results use ALP survey weights. The
sample size in the first stage analysis is N = 2,670. The symbols *, **, and *** denote significance at the 10%, 5%,
and 1% level, respectively.

Underdiversification

(1)
Inverse-S 0.047**

(2.070)
Observations 741
Rho -0.112

Table E.7: Measurement Error
This table reports regression results in which the dependent variable is Fraction of Equity in Individual Stocks. Column
(1) excludes respondents who made more than 3 errors on the consistency check questions. Column (2) excludes
respondents who spend less than 90 seconds on the probability weighting questions. All models include a constant,
missing data dummies, and controls for female, 5-year age category dummies, married, white, Hispanic, number of
household members, employment status, education, (ln) family income, (ln) financial wealth, (ln) housing wealth,
mortgage-to-value ratio, numeracy, financial literacy, experienced stock returns, trust, utility curvature, and optimism.
Variable definitions appear in Appendix Table A1. All nonbinary variables are standardized. All results use ALP
survey weights. The symbols *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.

Exclude Respondents More Than Exclude Respondents Less than 90
Three Errors Seconds

(1) (2)
Inverse-S 0.133** 0.102**

(2.453) (2.184)
Control Variables Yes Yes
Observations 674 698
Pseudo R2 0.071 0.083
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Online Appendix F: Probability Weighting Measures Estimated Parametrically 

F.1. Prelec Model 
As a robustness test, we estimate the Inverse-S measure using the one-parameter 

probability weighting function specified by Prelec (1998). The probability weighting function is: 
 
𝑤(𝑝) = 𝑒("(" #$(%))'), with a > 0, (F1) 

 
where a is the probability weighting parameter. Expected utility is a special case for a = 1, while 
the values 0 < a  < 1 correspond to an inverse-S shaped weighting function, and for a  > 1 the 
function is S-shaped. Hence, we use 1 − a  as a parametric measure of Inverse-S. The curve 
features a fixed intersection point at p = 1/e = 0.37, which is consistent with experimental findings. 

We assume the respondent has a CRRA (power) utility function: 
 
𝑈(𝑥) = 	 (

)*+	

-".	
, with γ < 1. (F2) 

 
where γ  is the coefficient of relative risk aversion. We assume that the respondent narrowly frames 
the prizes 𝑥 ≥ 0 that she can win, rather than integrating the payoffs with her total wealth. 
Respondents who integrate the prizes with a larger amount of wealth (say $1,000) accept nearly 
all small-stake bets with a positive risk premium (Arrow, 1971; Rabin, 2000), and as a result they 
would require very small positive risk premiums for all our questions. Because in our survey most 
respondents require relatively large risk premiums (see Table 1), the narrow framing assumption 
gives the expected utility model a better chance to fit the data. Finally, we note that the relative 
risk aversion coefficient γ in (F2) has an upper limit of 1 to avoid division by zero, as some of the 
payoffs are zero (𝑥 = 0).  

We jointly estimate α and γ for each respondent separately using the ten certainty 
equivalents from the six probability weighting questions and four utility curvature questions. For 
instance, using the first probability weighting question (see Panel B in Table 1), suppose that the 
respondent is indifferent between receiving the sure amount 𝑋/01/2 and the lottery that pays off 
$42 with 5% chance and $6 with 95% chance. Indifference implies: 

 
𝑈,𝑋/01/2- = 	w(0.05)U(42) + ,1 − w(0.05)-U(6)	,	 (F3) 

 
which is equivalent to 

	
 

𝑋/01/2 = 𝑈"- :𝑤(0.05),𝑈(42) − 𝑈(6)- + 𝑈(6); .	 (F4) 
 
Similarly, using the first utility curvature question (see Panel A in Table 1), suppose that 

the respondent is indifferent between receiving the amount 𝑋/01/2 with a probability of 33% and 
nothing otherwise, and the lottery that pays off $12 with 33% chance and $3 with 67% chance. 
Using 𝑈(0) = 0, this indifference implies: 

 
w(0.33)𝑈,𝑋/01/2- = 	w(0.33)U(12) + ,1 − w(0.33)-U(3)	,	 (F5) 
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which is equivalent to 

	
 

𝑋/01/2 = 𝑈"- =𝑈(12) + :,1 − 𝑤(0.33)-/𝑤(0.33);𝑈(3)? .	 (F6) 
 
In total, we have 10 equations defining the indifference amounts for the ten questions as a 

function of parameters a and γ: six equations (F4) for the probability weighting questions, and 
four equations (F6) for the utility curvature questions. We estimate the parameters α and γ for each 
respondent separately with non-linear least squares. To ensure that all ten questions have similar 
weights regardless of the payoff sizes, all indifference amounts are first divided by the risk neutral 
response to the question. This way we fit the respondent’s percentage risk premiums (%) for the 
questions, rather than indifference amounts in dollars.  

We note that α and γ are estimated jointly, using all 10 questions simultaneously. Therefore, 
if a respondent’s pattern of risk premiums can be best explained with the expected utility model, 
that is, without probability weighting, the estimate of α equals 1. Table F.1 below shows 
descriptive statistics of the estimated parameters γ and α. On average, the ALP respondents are 
slightly risk averse (avg. γ = 0.08, median γ = 0.16), and have an inverse-S shaped probability 
weighting function (avg. 1 − α = 0.13, median 1 − α = 0.19). However, there is strong cross-
sectional variation in both preference parameters (stdev. γ = 0.36, stdev. 1 − α = 0.42). Overall, the 
majority of respondents have a concave utility function (77% with γ > 0) and an inverse-S shaped 
probability weighting function (73% with 1 − α > 0). 

 

Table F.1: Descriptive Statistics of Estimated Prelec and CRRA Model Parameters 
        
 mean median stdev min max % > 0 N 
γ  CRRA 0.08 0.16 0.36 -2.22 0.37 0.77 2,640 
α  Prelec 0.87 0.81 0.42 0.23 4.43 1.00 2,640 
(1 − α)  Inverse-S 0.13 0.19 0.42 -3.43 0.77 0.73 2,640 

Note: The parameters γ and α are estimated jointly using Non-Linear Least Squares, using the respondent’s risk 
premiums for the six probability weighting questions and four utility curvature questions. The preference model, 
consisting of a Prelec probability weighting function and a power utility function with constant relative risk aversion 
(CRRA), is estimated separately for each respondent. The descriptive statistics are estimated using ALP survey 
weights. 
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F.2. Salience Model 
As a further robustness test, we also estimate a parametric Inverse-S measure using the 

salience model of Bordalo, Gennaioli, and Shleifer (2012). In the salience model, people 
overweight the probability of states that have relatively large – and therefore salient – differences 
in lottery payoffs. The salience of state s is defined by the following function of the lottery payoffs 
x in Bordalo et al. (2012, p. 1250): 

 
𝜎(𝑥34, 𝑥35) = 	

6(78"(796
6(786:6(796:;

, with θ > 0 , (F7) 
 

where 𝑥34 is the payoff of Option A in state s, 𝑥35 is the payoff of Option B in state s, and θ > 0 is 
a scaling parameter. The salience function has a relatively large value when the difference in the 
prizes of Option A and Option B is large.  

In the salience model, people give higher weights to states with more salient payoff 
differences. Following Bordalo et al. (2012, p. 1255), we assume the decision maker distorts the 
probability 𝑝3 of state s into the decision weight 𝜋3 with a smooth increasing function of salience 
differences, defined by: 

 
𝜋3 =

-
<
𝑝3𝛿"=((7

8,(79), with  0 < 𝛿 ≤ 1, (F8) 
  
𝑐 = ∑ 𝑝3𝛿"=((7

8,(79)?
3@- , (F9) 

 
where δ is the parameter of the probability weighting function, and c is a scaling factor that ensures 
the decision weights 𝜋3 sum up to 1. No probability weighting is the special case of δ = 1. The 
values 0 < δ  < 1 correspond to overweighting the probability of salient states with large 𝜎, that is, 
states with large differences in the payoffs of Option A and B. Hence, we use 1 − δ as an alternative 
parametric measure of Inverse-S.  

We follow Bordalo et al. (2012, p. 1249) in assuming that the decision maker evaluates the 
lottery payoffs with a linear value function 𝑉?AB(𝐿): 

 
𝑉?AB(𝐿4) = ∑ 𝜋3𝑥34?

3@- , (F10) 
  
𝑉?AB(𝐿5) = ∑ 𝜋3𝑥35?

3@- . (F11) 
 

The decision maker prefers lottery A over B if and only if 𝑉?AB(𝐿4) > 𝑉?AB(𝐿5).  
For example, in the first round of the probability weighting question PW5% (see Panel B in 

Table 1), the respondent is offered a choice between Option A that pays $42 with 5% chance and 
$6 with 95% chance, and Option B that pays $8 for sure (more than the expected value of Option 
A, which is $7.8). Let us assume that δ is 0.5, so that the decision maker overweights the 
probability of salient states, and the scaling parameter θ is 1. Table F.2 below summarizes the 
evaluation of Option A and B by the salience model. In state s = 1, occurring with a probability of 
5%, Option A pays $42 and the alternative Option B pays $8. Due to the large difference in the 
payoffs ($42 vs. $8), in state 1 the salience function has a relatively large value: 𝜎(𝑥-4, 𝑥-5) = 0.667. 
By contrast, in state s = 2, the payoffs are similar, $6 for Option A versus $8 for Option B, and the 
salience function has a relatively small value, 𝜎(𝑥C4, 𝑥C5) = 0.133. As a result, the probability of 
the salient state 1 (𝑝- = 0.05) is overweighted to a decision weight of 𝜋- = 0.071, while the 
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probability of state 2 is underweighted to 𝜋C = 0.929. Because the decision maker overweights 
state 1 where Option A pays the large prize $42, he prefers Option A over Option B: 𝑉?AB(𝐿4) = 
8.55 > 8 = 𝑉?AB(𝐿5). Because the expected payoff of Option A ($7.8) is lower than the payoff of 
Option B ($8), the example illustrates that the salience model can give rise to risk-seeking behavior 
for large payoffs that occur with small probability, similar to Inverse-S probability weighting.  

 
Table F.2: Salience Model Evaluation of the First Probability Weighting Question 
    Payoffs Payoffs  Distortion  Decision 
States Probability Option A Option B Salience Factor Weight 
s 𝑝3 𝑥34 𝑥35 𝜎(𝑥34, 𝑥35) 𝛿"=((78,(79) 𝜋3 
State 1 5% 42 8 0.667 1.587 7.1% 
State 2 95% 6 8 0.133 1.097 92.9% 
Salience function value 𝑉?AB(𝐿) 8.55 8       

 
In general, for the salience model it is not possible to derive analytical expressions for 

certainty equivalents or indifference values (Dertwinkel-Kalt and Köster, 2017). This is due to the 
complexity of the model, as the probability weights are a non-linear function of the payoffs. As an 
alternative method for estimating the model parameters, we simulate the choices a decision maker 
with given values for the salience model parameters δ and θ would have made on our probability 
weighting questions, calculating the corresponding risk premiums. We consider a grid of 100 
possible values for δ ranging from 0.01 to 1, with steps of 0.01, and eight different values of the 
scaling parameter θ: 0.1, 0.5, 1, 2, 5, 10, 25 and 50. Next we select the pair of values δ and θ on 
the grid that minimizes the sum of the squared differences between a respondent’s six actual risk 
premiums on the probability weighting questions and the simulated values from the salience 
model.  

Table F.3 below shows descriptive statistics of the fitted salience model parameter δ, the 
corresponding probability weighting parameter 1 – δ, and the scaling parameter θ. On average 
nearly all ALP respondents overweight the probabilities of salient outcomes (avg. 1 − δ = 0.61, 
median 1 − δ = 0.72), but with considerable heterogeneity in the estimates (stdev. 1 − δ = 0.35). 
Only 8% of the respondents do not overweight salient outcomes (δ = 1). We note that the salience 
model of Bordalo et al. (2012) is not defined for δ > 1, that is, underweighting of salient outcomes 
is not allowed. 

 
Table F.3: Descriptive Statistics of Fitted Salience Model Parameters 
        
 mean median stdev min max % > 0 N 
δ  salience 0.39 0.28 0.35 0.01 1.00 1 2,670 
θ  scaling 10.24 0.10 16.77 0.10 50.00 1 2,670 
(1 − δ)  Inverse-S 0.61 0.72 0.35 0.00 0.99 0.92 2,670 

Note: The parameters δ and θ are found by minimizing the sum of the squared differences between a respondent’s six 
risk premiums on the probability weighting questions and the simulated values from the salience model, with 100 
values for δ ranging from 0.05 to 1, with steps of 0.05, and eight values for the scaling parameter θ: 0.1, 0.5, 1, 2, 5, 
10, 25, and 50. The descriptive statistics are estimated using ALP survey weights. 
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F.3. Tversky-Kahneman Model 
As a robustness test, we estimate the Inverse-S measure using the one-parameter 

probability weighting function of Tversky and Kahneman (1992): 
 
𝑤(𝑝) = %D

(%D:(-"%)D))/D
, with κ > 0, (F12) 

 
where κ is the probability weighting parameter. Expected utility is a special case for κ = 1, while 
the values 0 < κ  < 1 correspond to an inverse-S shaped weighting function, and for κ  > 1 the 
function is S-shaped. Hence, we use 1 − κ  as a parametric measure of Inverse-S.  

Although the function has become popular in economics and finance since it was 
introduced by Tversky and Kahneman to estimate cumulative prospect theory in 1992, it has 
several drawbacks. First, the function is non-monotonic for κ  < 0.279 (Ingersoll, 2008). Second, 
the elevation of the probability weighting curve and its intersection point with the diagonal are not 
independent from one another, which can generate an artificial negative correlation between the 
probability weighting parameter and the utility curvature parameter (Fehr-Duda and Epper, 2012). 
For this reason, we do not jointly estimate the utility curvature parameter along with the Tversky-
Kahneman probability weighting parameter. Rather, we first independently estimate the 
coefficient of relative risk aversion γ for a power utility function using only the respondent’s risk 
premiums for the four utility curvature questions. Then, given the fitted power utility function, in 
the second stage we estimate the Tversky-Kahneman parameter κ using the respondent’s risk 
premiums for the six probability weighting questions.  

Table F.4 below shows descriptive statistics of the estimated probability weighting 
parameter κ. On average, the ALP respondents have an inverse-S shaped Tversky-Kahneman 
weighting function (avg. 1 − κ = 0.16, median 1 − κ = 0.28), but with strong cross-sectional 
variation (stdev. κ = 0.46). The majority of respondents have an Inverse-S shaped weighting 
function (68% with 1 − κ > 0), similar to the results for the other probability weighting models. 

 
Table F.4: Descriptive Statistics of the Estimated Tversky-Kahneman Parameter 
        
 mean median stdev min max % > 0 N 
κ Tversky-Kahneman 0.84 0.72 0.46 0.23 3.44 1.00 2,640 
(1 − κ)  Inverse-S 0.16 0.28 0.46 -2.44 0.77 0.68 2,640 

Note: The parameter κ is estimated using Non-Linear Least Squares, using the respondent’s risk premiums for the six 
probability weighting questions, and the estimated parameter γ for a power utility function. The Tversky-Kahneman 
probability weighting function is estimated separately for each respondent. The descriptive statistics are estimated 
using ALP survey weights. 
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F.4. Correlations between Probability Weighting Measures 
Table F.5 shows the correlations between the four alternative measures of probability 

weighting, both non-parametric (Inverse-S) and parametric (1 − α, 1 – δ, 1 – κ). All of the 
correlations are positive and significant. A factor analysis shows that a single underlying factor 
can explain about 70% of the variation in the four probability weighting measures.  
 
Table F.5: Correlations of Alternative Probability Weighting Measures 
 Non-parametric Prelec model Salience model Tversky-Kahneman 
 Inverse-S (1 − a) (1 − δ) (1 − κ) 
Inverse-S  1.00    
Prelec (1 − α) 0.75*** 1.00   
Salience (1 − δ) 0.78*** 0.60*** 1.00  
TK (1 – κ ) 0.59*** 0.41*** 0.46*** 1.00 

Note: The table shows the correlations between the non-parametric Inverse-S measure, the estimated Inverse-S 
parameter (1 − a) for the Prelec model, the fitted probability weighting parameter (1 − δ) for the salience model, and 
the estimated Inverse-S parameter (1 − κ ) for the Tversky-Kahneman function. The correlations are estimated using 
ALP survey weights. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Online Appendix G: The ALP Survey, Stock Characteristics, and Control Variables 

G.1. Description of the American Life Panel 
The American Life Panel (ALP) is an online panel of U.S. respondents age 18+; 

respondents were recruited in several ways (https://www.rand.org/research/data/alp.html). Most 
were recruited from respondents to the Monthly Survey (MS) of the University of Michigan’s 
Survey Research Center (SRC). The MS is the leading consumer sentiment survey that 
incorporates the long-standing Survey of Consumer Attitudes and produces, among others, the 
widely used Index of Consumer Expectations. Each month, the MS interviews approximately 500 
households, of which 300 households are a random-digit-dial (RDD) sample and 200 are re-
interviewed from the RDD sample surveyed six months previously. Until August 2008, SRC 
screened MS respondents by asking them if they would be willing to participate in a long-term 
research project (with approximate response categories “no, certainly not,” “probably not,” 
“maybe,” “probably,” “yes, definitely”). If the response category is not “no, certainly not,” 
respondents were told that the University of Michigan is undertaking a joint project with RAND. 
They were asked if they would object to SRC sharing their information about them with RAND 
so that they could be contacted later and asked if they would be willing to actually participate in 
an internet survey. Respondents who do not have Internet were told that RAND will provide them 
with free Internet. Many MS-respondents are interviewed twice. At the end of the second 
interview, an attempt was made to convert respondents who refused in the first round. This attempt 
includes the mention of the fact that participation in follow-up research carries a reward of $20 for 
each half-hour interview.  
  Respondents lacking internet access were provided with so-called WebTVs, allowing them 
to access the Internet using their television and a telephone line. The ALP has also recruited 
respondents through a snowball sample (respondents suggesting friends or acquaintances who 
might also want to participate), but we do not use any respondents recruited through the snowball 
sample in our paper. A new group of respondents (approximately 500) was recruited after 
participating in the National Survey Project at Stanford University. This sample was recruited in 
person, and at the end of their one-year participation, they were asked whether they were interested 
in joining the RAND American Life Panel. Most of these respondents were given a laptop and 
broadband Internet access.  

G.2. Stock holding variables 

Q. 1 Not including investments held in your retirement accounts, do you currently own any 
stocks or stock mutual funds? 

1) Yes 
2) No àgo to Q. 10   
3) Don’t know àgo to Q. 10   
4) Refuseàgo to Q. 10   

 
Q. 2 Not including investments held in your retirement accounts, do you currently own any stock 
mutual funds? 

1) Yes 
2) No àgo to Q. 5   
3) Don’t know àgo to Q. 5   
4) Refuseàgo to Q. 5   
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Q. 3  What do you think is roughly the total value of those stock mutual funds? 
$_______________________ àgo to Q. 5   
1) Don’t know  
2) Refuse àgo to Q. 5   

 
Q. 4  What do you think is roughly the total value of those funds? 

1) Between $0 and $500 
2) Between $501 and $2,500 
3) Between $2,501 and $5,000 
4) Between $5,001 and $10,000 
5) Between $10,001 and $30,000( 
6) Between $30,001 and $100,000 
7) Between $100,001 and $200,000 
8) More than $200,000 
9) Don’t know 
10) Refuse 

 
Q. 5 Not including investments held in your retirement accounts, do you currently own any stock 
of individual companies? 

1) Yes 
2) No àgo to Q. 10 
3) Don’t know àgo to Q. 10 
4) Refuseàgo to Q. 10 

 
Q. 6  What do you think is roughly the total value of those stocks? 

$_______________________ àgo to Q. 8   
1) Don’t know  
2) Refuse àgo to Q. 8  

 
Q. 7  What do you think is roughly the total value of those stocks? 

1) Between $0 and $500 
2) Between $501 and $2,500 
3) Between $2,501 and $5,000 
4) Between $5,001 and $10,000 
5) Between $10,001 and $30,000 
6) Between $30,001 and $100,000 
7) Between $100,001 and $200,000 
8) More than $200,000 
9) Don’t know 
10) Refuse 
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Q. 8 In about how many different individual companies do you own stocks? 
1) 1-2 
2) 3-4 
3) 5-7 
4) 8-10 
5) More than 10 
6) Don’t know 
7) Refuse 

 
Q. 9 What are the names of the individual companies whose stocks you own?  If you own stocks 
in more than five companies please list the five most valuable holdings. 

______________________ 
______________________ 
______________________ 
______________________ 
______________________ 

 
 
G.3. Control variables 

Financial Literacy 
The financial literacy questions we posed in the ALP module have been used in two dozen 
countries and comparable results obtained (Lusardi and Mitchell, 2011): 
  

Suppose you had $100 in a savings account and the interest rate was 2% per year. After 5 
years, how much do you think you would have in the account if you left the money to grow? 

1)  More than $102 
2)  Exactly $102 
3)  Less than $102 
4)  Don't know 
5)  Refuse 

 
Imagine that the interest rate on your savings account was 1% per year and inflation was 2% 
per year. After 1 year, would you be able to buy more than, exactly the same as, or less than 
today with the money in this account? 

1) More than today 
2) Exactly the same as today 
3) Less than today 
4) Don't know 
5) Refuse 

 
Please tell us whether this statement is true or false. Buying a single company stock usually 
provides a safer return than a stock mutual fund. 

1) True 
2) False 
3) Don't know 
4) Refuse 
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Trust 
The trust question we use was: “Generally speaking, would you say that most people can be trusted, 
or that you can’t be too careful in dealing with people? Please indicate on a score of 0 to 5.”). For 
the answers, we employ a scale ranging from 0 to 5, with 0 indicating “Most people can be trusted” 
and 5 indicating “You can’t be too careful”. For the results reported in the main paper we reverse 
the scale of the trust variable so that higher values indicate stronger trust in others (with 0 
indicating “You can’t be too careful”, and with 5 indicating “Most people can be trusted”).  

Numeracy 
We assess numeracy using three questions based on those in the HRS and the English Longitudinal 
Study of Ageing: 
 

If the chance of getting a disease is 10 percent, how many people out of 1,000 would be 
expected to get the disease? 

1) About 1 person 
2) About 10 people 
3) About 100 people 
4) About 1000 people 
5) Don’t know 
6) Refuse 

 
If 5 people all have the winning numbers in the lottery and the prize is two million 
dollars, how much will each of them get? 

1) $200,000  
2) $400,000  
3) $1,000,000  
4) $2,000,000  
5) Don’t know 
6) Refuse 

 
A second hand car dealer is selling a car for $6,000. This is two-thirds of what it cost 
new. How much did the car cost new? 

1) $7,000 
2) $9,000 
3) $12,000 
4) $18,000 
5) Don’t know 
6) Refuse 

 
Optimism 
We measure optimism similar to Puri and Robinson (2007) by comparing self-reported life 
expectancy to that implied by statistical tables. The question we use is “About how long do you 
think you will live?”  The optimism measure equals the self-reported years minus the expected 
years according to mortality tables (using separate tables for men and women). 
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Experienced Stock Returns 
We measure experienced stock returns as the weighted average of past asset returns (Malmendier 
and Nagel, 2011): 

𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑	𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛/ = S 𝑤/

AFGH"-

I@-

(𝑘, 𝜆)𝑅CJ-K"I 

where 𝑤/(𝑘, 𝜆) =
(AFGH"I)L

∑ (AFGH"I)L
NOPH*)
QR)

. 

 
 
𝑅CJ-K"I is the excess return in year 2018-k. We include returns as far back as the subject’s birth 
year and until 2017, as we fielded the survey in July 2017. The weights 𝑤/(𝑘, 𝜆) depend on the 
individual’s age in 2017, how many years ago a return was realized, and the parameter l, which 
controls the shape of the weighting function. We take the estimate l=1.325 from Malmendier and 
Nagel (2011), which implies that the weights on more recent experiences are larger compared to 
those further in the past. We use U.S. excess market returns downloaded from Kenneth French’s 
data library.  
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Online Appendix H: Retirement Asset Allocation 
 
In our main analysis, we do not include data from retirement account allocations to generate our 
measures of underdiversification, because retirement investments may not reflect active choices 
due to limited investment options and the Department of Labor’s acceptance of target date funds 
as investment defaults. There is a large literature on retirement account investments and plan 
defaults, which shows that plan defaults have large effects on investment choices (see Madrian 
and Shea, 2001; Beshears, Choi, Laibson, and Madrian, 2009; Mitchell, Mottola, Utkus, and 
Yamaguchi, 2009; Cronqvist, Thaler, and Yu, 2018). Although much of this literature focuses on 
contribution choices and allocations across broad asset classes, there are two types of defaults and 
restrictions that are particularly important for our primary variable of interest (fraction of equity 
allocated to individual stocks). First, only a minority of 401(k) plans offer a brokerage option that 
would allow for (unrestricted) direct investment in individual stocks. Vanguard (2019) shows that 
19% of 401(k) plans offer a self-directed brokerage option, an option used by only 1% of those 
with access to it. Second, the majority of individual equity holdings in retirement accounts is in 
employer stock (with much of this coming from employers making matching contributions in 
employer stock). Vanguard (2019) shows that in 2017, 4% of 401(k) balances were held in 
employer stock. The report further shows that allocations to employer stock are highly skewed, 
with the majority of accounts having no allocation to employer stock, but 19% of accounts have 
allocations to employer stock greater than 20%. The report further shows that a sizeable majority 
of individual equity held in retirement accounts is in the form of employer stock.  

Given the findings on individual stock ownership in retirement plans – that it is primarily 
employer stock and that the majority of people lack access to a brokerage option through their 
401(k)s – we do not believe that retirement account investments provide a clear reflection of the 
preferences of our subjects. As such, including retirement allocations would reduce our power for 
identifying how probability weighting affects individual decision making.  

In our main paper, we present results excluding retirement accounts. For completeness, 
Online Appendix Table H.1 presents results related to the investments in retirement accounts. 
Column (1) is similar to Column (4) of Panel A Table 4, but here the dependent variable is our 
main underdiversification measure generated using retirement equity only: the fraction of 
retirement equity allocated to individual stocks. The sample for this regression includes subjects 
who own equities in retirement accounts. The results do not show a relation between Inverse-S and 
underdiversification in retirement accounts. To further examine why the results for 
underdiversification are insignificant for retirement equities, Column (2) presents results from a 
logit regression in which the dependent variable is an indicator equal to one for subjects who have 
retirement equity. Compared to Column (1), in Column (2) more of the control variables are 
significant, and pseudo-R2 is substantially higher at 35.0%. The results from the logit suggest that 
it is not the case that retirement investments themselves are entirely arbitrary or that the survey 
responses are highly noisy. Instead, the combined results in Columns (1) and (2) suggest that 
participation in retirement savings plans is predictable, but allocations within those plans are much 
less so (arguably because allocations are heavily influenced by plan defaults).  

Column (3) of Online Appendix Table H.1 shows the results for the combined portfolio 
containing both direct equity holdings and retirement account holdings. In this specification the 
dependent variable is our main proxy for underdiversification: the fraction of total equity holdings 
that is held in individual stocks. The coefficient on Inverse-S is not significant. The addition of the 
retirement data effectively erodes the statistical significance.  
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Column (4) contains an additional analysis. The Pension Protection Act of 2006 created 
safe harbor provisions that protected employers from liability if they automatically enrolled 
employees and placed them into target date funds, which include substantial equity exposure. This 
change primarily affected new hires, so it had a larger effect on younger employees. As a result, 
we expect that the equity retirement investments of younger individuals are particularly likely to 
reflect defaults rather than active choices. Accordingly, in Column (4) we drop subjects below the 
age of 30. In this specification, the relation between Inverse-S and the fraction of the total portfolio 
allocated to individual stocks is significant at the 10% level.   

Table H.1: Inverse-S and Underdiversification – Non-Retirement and Retirement Equity 
 Fraction of Equity 

in Individual Stocks  
Retirement 

Equity Indicator 
Fraction of Equity 

in Individual Stocks 
Fraction of Equity 

in Individual Stocks 

 Retirement Equity 
Only 

 Non-Ret and 
Ret. Equity 

Non-Ret and Ret. 
Equity 

Inverse-S  0.003 -0.081 0.034 0.069* 
 (0.055) (-0.962) (0.856) (1.933) 
Full controls  yes yes yes yes 
Observations 950 2,479 1,203 1,171 
Pseudo-R2 0.107 0.350 0.064 0.059 

Note: This table reports Tobit and logit regression results in which the key independent variable is Inverse-S. In 
Column (1), the dependent variable is the Fraction of Equity in Individual Stocks generated including only retirement 
equity. In Column (2), the dependent variable Retirement Equity Indicator is an indicator that equals one if the 
individuals holds equity in retirement accounts and equals zero if the person holds no equity in retirement accounts or 
has no retirement accounts. In Columns (3) and (4), the dependent variable is the Fraction of Equity in Individual 
Stocks generated using both non-retirement and retirement equity. Column (4) excludes respondent below the age of 
30. All models include a constant, missing data dummies, and controls for female, 5-year age category dummies, 
married, white, Hispanic, number of household members, employment status, education, (ln) family income, (ln) 
financial wealth, (ln) housing wealth, mortgage-to-value ratio, numeracy, financial literacy, experienced stock returns, 
trust, utility curvature, and optimism. Variable definitions appear in Appendix Table A1. All nonbinary variables are 
standardized. All results use ALP survey weights. The symbols *, **, and *** denote significance at the 10%, 5%, 
and 1% level, respectively. 
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