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Abstract: A new approach to eliciting risk preferences by framing choice over risky payoff 

distributions as a satisficing task is proposed. An analytic model and empirical evidence both 

demonstrate novel links between information elicited from this satisficing task—in terms of acceptable 

worst-case outcomes traded off against  best-case outcomes—and expected utility theory under the 

assumptions of either CARA or CRRA preferences. Analysis of the satisficing elicitation tool focuses 

on the economically important tradeoff observed when subjects accept reductions in potential upside 

gain in order to improve worst-case outcomes. Risk preferences are elicited by asking subjects to 

choose an acceptable worst-case portfolio outcome from a continuum of binary gambles each with its 

own support and unique minimum. The worst-case aspiration represents the smallest low-state payoff 

a subject is willing to accept. We show analytically and empirically that choice of a most preferred 

worst-case aspiration maps into a portfolio allocation of wealth over a binary risky asset and risk-free 

bond, implicitly generating unique risk-acceptance parameters under commonly used assumptions of 

CARA and CRRA risk preferences.  Keywords: risk preference; elicitation; satisficing; Herbert 
Simon; portfolio choice; simple rules that make us smart; simplicity. 
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A Satisficing Approach to Eliciting Risk Preferences1 

1.  Introduction 

This paper proposes a new approach to measuring risk preferences. Our 

approach elicits risk preferences using a satisficing task that asks subjects to consider 

how potential upside gains must be traded off to improve the (portfolio's) worst-case 

outcome. The satisficing task is an algebraic re-description of the simplest two-asset 

portfolio choice task of allocating investable funds between a risk-free asset and a 

binary risky asset with high and low states. We focus on how much gain must be 

sacrificed in the upside realization to achieve the subject's desired worst-case outcome 

(which we refer to as the worst-case aspiration). This re-description of the portfolio 

choice problem evokes new reasoning about tradeoffs in portfolio choice—in terms 

of the best best-case outcome given the subject's worst-case aspiration, as opposed to 

orthodox maximization of expected utility based on mean-variance preferences. Our 

approach is grounded in Simon's (1959) notion of satisficing where decision makers 

use threshold-based rules. We apply satisficing of worst-case aspirations (i.e., 

choosing a "good enough" worst-case portfolio outcome) in the context of choosing a 

portfolio from a small menu of random payoff distributions. We propose a simple 

technique for measuring risk preferences and making interpersonal comparisons of 

risk attitudes using intuitive units of measure that are algebraically equivalent to 

expected return and standard deviation combinations. 

The expected utility framework (von Neumann and Morgenstern, 1944) is 

often used to estimate risk preferences.2 Deviations from expected utility theory may 

arise as the result of limits on the decision maker's capacity to compute, to know, 

                                                
1Acknowledgments: We acknowledge support from and express thanks to the National Institute of 
Securities Markets (NISM) for providing access to investor data. We also gratefully acknowledge 
support from the Australian Research Council, Project ID, DP150100242.  
JEL: B5 (Current Heterodox Approaches); C9 (Design of Experiments); D1 (Household Behavior) 
 
2 In the EU framework, the preferences are assumed to be well-defined and satisfy the Savage axioms 
guaranteeing that risk preferences are representable as if they are solutions to an expected utility 
maximization objective.  
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and/or to remember outcomes and probabilities (Simon, 1955, 1982).3 Tversky and 

Kahneman (1974) refer to such violations of axiomatic consistency as behavioral 

biases, which have inspired models of bounded rationality conceived of as 

optimization subject to cognitive constraints (e.g., Simon, 1955, 1978; Conlisk, 1996; 

Day and Pingle, 1991).4 Selten (1998) focuses on the setting of aspirations, fixed or 

adjusted, in satisficing processes. Selten hypothesizes that aspiration setting can 

provide a more descriptive and empirically relevant characterization of actual decision 

makers' search and stopping rules.  

Our approach to measuring risk preferences takes as its point of departure the 

observation that people make economic decisions over risky payoff distributions 

without any need for translating outcomes and probabilities into the language of 

expected utility and symmetric measures of risk. Instead, people frequently set 

aspirations and then choose an alternative from their choice sets that meets aspiration 

levels (i.e., satisficing). People apply various techniques of simplification as adaptive 

responses to the demands of complex decision tasks such as retirement savings and 

portfolio choice.5 Small-scale farms, for example, often set minimal levels of revenue 

they need to achieve and cultivate “safe crops” with relatively stable returns in one 

portion of their land while allocating the remainder to “risky crops” with superior 

upside (Lopes, 1987).  Herb Kelleher, founder and former CEO of Southwest Airlines, 

talks frequently about his singular interest in hedging fuel costs, which can be 

interpreted as locking in a worst-case aspiration similar to the decision variable used 

in our elicitation technique. Using simplicity as a guiding principle, Kelleher attributes 

his company's success in part to its decision to establish an upper bound on costs while 

forgoing multi-year planning with overly complex pricing policies which he believes 

caused other airlines to struggle: "We have been successful because we’ve had a 

                                                
3 Abundant empirical evidence in economics, psychology and neighboring disciplines of decision 
science demonstrates that real-world choice data commonly violate EU theory, implying that those 
data cannot be rationalized as if it arose from a mental process of expected utility maximization 
(Allais, 1953; Ellsberg, 1961; Conlisk, 1989; Camerer, 1992; Starmer, 2000; Rabin, 2000).  
4 A subset of this bounded rationality literature relies on satisficing as a good-enough adaptive 

strategy across different kinds of environments with profound uncertainty (Simon, 1972).   
5 Environments with unknown action spaces and uncertain mappings from actions into payoff 
distributions provide further motivation for satisficing as a potentially adaptive response (Payne, 
Bettman and Johnson, 1993; Gigerenzer and Todd, 1999).  
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simple strategy. The lowest costs in the industry — that can’t hurt you. . ." (Lucier, 

2004). 

We use satisficing decision rules as a means of eliciting subjects' rankings of 

lotteries because they are intuitive. Asking subjects to consider tradeoffs between 

best-case and worst-case payoffs is easier for subjects without probability and 

statistics training than asking them to express tradeoffs between standard deviation 

and expected value of lotteries. We show that information about subjects' choices over 

risky lotteries elicited using our satisficing elicitation tool can be transformed into 

conventional measures of risk aversion based on expected utility theory.  

Our elicitation technique asks subjects to invest in a two-asset portfolio 

consisting of a risk-free bond (with guaranteed return) and a binary risky asset with 

high and low rates of annual return that, for simplicity, are assumed to occur with 

equal probability. This structure is similar to the ones used in utility assessment 

methods (see Farquhar, 1984 for a review) such as certainty equivalence and 

probability equivalence but the satisficing approach is easier for subjects being natural 

and intuitive (Brown and Sim, 2009). The resulting satisficing decisions trading off 

maximum possible upside return for larger (i.e., less severe losses) in the portfolio's 

worst-case outcome are analytically related to the orthodox EU approach to risk-

aversion. To our knowledge, our demonstration of this simple analytic relationship 

between elicited satisficing preferences and EU risk aversion is novel. Our two-asset 

portfolio decision with satisficing follows the design presented in Güth (2007) and 

further used in studies of satisficing and portfolio choice (Fellner, Güth and 

Maciejovsky, 2009). A related satisficing decision procedure is Brandstätter, 

Gigerenzer and Hertwig's (2006) priority heuristic. They argue that worst-case 

outcomes are typically more important than the probability of that worst-case outcome 

occurring. Minimum outcomes play a similarly important role in regret theory 

(Loomes and Sugden, 1982), disappointment theory (Bell, 1985), and failure 

avoidance (Heckhausen, 1991). 

The satisficing elicitation technique gives focal importance to the choice of a 

worst-case payoff in levels (in our case, in Indian rupees, INR). An initial desired 

amount to invest in INR is elicited that the subject then allocates between a risk-free 
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bond returning 10% and a binary risky gamble with equiprobable returns of +32% 

and -10% returns. The portfolio choice is made in units of INR with pre-testing and 

redundant cross-checking alternating between percentage and level expressions used 

to describe investment returns. After describing the reward structure to subjects, we 

elicit the total amount that an individual desires to invest (i.e., initial value of the 

investment portfolio) and a worst-case aspiration. The worst-case aspiration is 

defined as the minimum acceptable portfolio outcome. In the satisficing framing, 

tradeoffs presented to subjects between best-case and worst-case payoffs are 

constrained such that the subject's worst-case aspiration is respected.6 

We show that the tradeoff between more favorable worst-case aspirations and 

best-case portfolio gains represents an alternative elicitation scheme that is 

algebraically equivalent to risk aversion under the assumption of EU maximization. 

Looking at the portfolio allocation chosen by satisficing from an expected utility 

perspective, one easily sees that greater (i.e., more favorable) worst-case aspirations 

can be interpreted as a revealed preference for portfolios with lower standard 

deviations and expected values. The elicited worst-case aspiration and implied upper 

bound on the high-state portfolio return, together, produce an "optimal" portfolio (i.e., 

greatest best-case aspiration given the subject's choice of worst-case aspiration).7 

While expected value and standard deviation decrease linearly as the worst-case 

aspiration increases, the decrease in standard deviation is greater in magnitude than 

that of the decrease in expected value. The portfolio that ensures the worst-case 

aspiration is the riskiest investment portfolio possible in the decision maker's feasible 

set (under the assumption that no borrowing or short-selling is allowed).  

                                                
6 The possibility of unwanted demand effects on subjects when asked to evaluate lotteries using our 

satisficing elicitation tool leads to within-subject testing (reported below in Section 3) of risky choice 
with and without using the satisficing elicitation tool. Subjects make allocation decisions based on 
both approaches, and a substantial proportion prefers the allocation made using the satisficing 
elicitation technique. 
7 Subsequent analysis demonstrates links between satisficing and risk aversion in the orthodox 
expected utility approach. The notion of optimal best-case aspirations given subject's choice of worst-
case aspiration is therefore equivalent to the well-known characterizations of optimality: greatest 
expected return given the subject's choice of standard deviation or, equivalently, the smallest 
standard deviation given subject's choice of expected return. 



Kavitha Ranganathan: A Satisfying Approach To Eliciting Risk Preferences TWP141_2016-17/23 

  

 

6 

 

The paper is organized as follows. Section 2 details the simple and stylized 

portfolio choice task used for the purpose of elicitation and measurement of 

interpersonal variation in risk preferences. Section 3 describes the experimental design 

and descriptive statistics. Section 4 reports detailed descriptive information about 

subjects' risk preferences based on the aspiration data that demonstrates links between 

satisficing and the EU maximization approach; Section 5 provides further discussion 

and contextualization of our aspiration setting task within the bounded rationality 

literature. Section 6 concludes.  

 

2. Aspirations and Risk 

 Consider an individual who faces the task of allocating an amount 𝑒 between 

the risk-free bond earning constant gross return 𝑟 (e.g., 𝑟 = 1.10) and the risky 

investment 𝑋 with low-state and high-state gross returns denoted 𝑙 and ℎ, respectively, 

and corresponding probabilities 𝑝 and 1 − 𝑝 (e.g., 𝑖 = 0.90 with probability 0.50 and 

ℎ = 1.32 with probability 0.50). If the entire amount 𝑒 (i.e., the initial level-value of 

the portfolio chosen by subjects in dollars, INR, or other currency units) is invested in 

the bond 𝑟, then the portfolio's terminal value is simply the product 𝑒𝑟.  Similarly, if 

the entire amount is invested in the risky asset, then then portfolio's terminal value ex 

ante is represented by the random value 𝑒𝑋 whose realized value is 𝑒𝑙 with probability 

𝑝 or 𝑒ℎ with probability 1 − 𝑝. We assume that the low-state return is worse than the 

risk-free bond's return which is, in turn, less than the risky asset's high-state return: 

𝑙 ≤ 𝑟 ≤ ℎ.  

Assuming no short-selling for simplicity (e.g., borrowing bonds to leverage 

more than 100% of 𝑒 into risk), terminal wealth is weakly bounded between the 

minimum and maximum possible terminal wealth values, 𝑒𝑙 and 𝑒ℎ, corresponding to 

100% weighting on the risky asset in low and high realized states of the stochastic 

reward environment. Prior to committing to any particular allocation into bonds or the 

risky asset, our elicitation scheme asks subjects to specify desired investment amount 

e and a worst-case aspiration level 𝐴1 that is weakly bounded below by the worst-case 
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terminal wealth, 𝑒𝑙, and bounded above by the "safest" portfolio's realized value (when 

all wealth is allocated to the risk-free bond), 𝑒𝑟. That is: subjects are asked: "Choose 

the minimum acceptable worst-case value for your portfolio 𝐴1 within the 

bounds 𝑒𝑙 ≤ 𝐴1 ≤ 𝑒𝑟." The portfolio weights that the subject chooses determine 

worst-case and best-case portfolio returns that satisfy 𝑒𝑙 ≤ 𝐴1 ≤ 𝐴2 ≤ 𝑒ℎ, following 

from the risky asset's two-outcome event space.  

The aspiration 𝐴1 can be achieved exactly ex post (in the event that the risky 

asset is realized in the low state) by an amount 𝑖 to be invested in the risky asset such 

that when the worst-case low-state outcome is realized, the portfolio's terminal value 

is precisely the worst-case aspiration: 

𝐴1  = 𝑟(𝑒 − 𝑖) + 𝑙𝑖,    or equivalently,  𝑖 =  
(𝑒𝑟− A1)

(𝑟 – 𝑙)
.  (1) 

Because the gross returns 𝑟 and 𝑙 are given exogenously by the reward structure in the 

decision environment (or experimental design) and because the subject has previously 

committed to the initial amount invested 𝑒, there is an obvious one-to-one equivalence 

between choosing 𝐴1 and 𝑖 (with only a single degree of freedom) in what are 

effectively re-parameterizations of a single choice variable. According to Equation 

(1), the subject's choice of 𝐴1 determines the value of 𝑖 or, equivalently, choice of 

𝑖 determines the value of 𝐴1.  

Choosing 𝐴1  = 𝑟(𝑒 − 𝑖) + 𝑙𝑖 also determines the portfolio's maximum 

possible value, which we refer to as the implicit best-case aspiration 𝐴2: 

𝐴2   = 𝑟(𝑒 − 𝑖) + ℎ𝑖.   (2) 

Substituting  𝑖 =  
(𝑒𝑟− A1)

(𝑟 – 𝑙)
 from (1) into (2) provides another simple linear formula 

expressing the best-case aspiration as a function of the worst-case aspiration: 

𝐴2|𝐴1  =   (
(𝑒𝑟− 𝐴1)

(𝑟 – 𝑙)
ℎ ) +  (𝑒 −  

(𝑒𝑟− 𝐴1)

(𝑟 – 𝑙)
)  𝑟 =   −

(ℎ−𝑟)

(𝑟 – 𝑙)
 𝐴1 +  

(ℎ−𝑙)

(𝑟 – 𝑙)
𝑒𝑟.  (3) 

The subject has already committed to a choice of 𝑒 when asked to choose 𝐴1. 

The environment's stochastic reward structure as given by the experimental design 

provides values of 𝑟, 𝑙 and ℎ, which are not affected by the subject's choice variables. 

None of the expressions depend on 𝑝 (although we provide the value 𝑝 = 0.5 to avoid 

ambiguity and aid simplicity in our design).  
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Our elicitation technique encourages subjects to think about the tradeoffs that 

can be represented as easy-to-compute linear functions mapping the worst-case 

aspiration into simultaneous choices of 𝑖 and 𝐴2 (or equivalently, the portfolio's mean 

and standard deviation). Based on a subject's worst-case aspiration 𝐴1, the resulting 

portfolio is a risky payoff with equiprobable terminal wealth values given by the 

pair (𝐴1, 𝐴2|𝐴1).  

Subjects are encouraged to investigate the relationship between 𝐴1 on the one 

hand and 𝑖 and 𝐴2|𝐴1 on the other: "Choosing a value of 𝐴1 determines the amounts 

to be invested in the risky asset and the risk-free bond. Your choice of 𝐴1 also 

determines the best possible portfolio value that can be achieved when the risky asset 

achieves the high outcome. Go ahead and experiment with different values and hit 

return when you are satisfied with your choice of 𝐴1." Hogarth and Soyer (2015) argue 

(and provide evidence) that it is important to allow subjects to experience distributions 

rather than only communicating parameter values to describe those distributions, thus 

providing further motivation for our elicitation technique.8 

[Insert Figure 1 about here] 

Figure 1 shows contrasting re-parameterizations of the decision task 

contrasting our satisficing approach which emphasizes the tradeoff describing how 𝐴1 

maps into  𝐴2|𝐴1 versus the orthodox EU tradeoff between expected return and 

standard deviation. The tradeoff between worst-case and best-case aspirations is likely 

to be more salient because: (i) the currency units measuring levels of payoffs in the 

worst-case and best-case aspirations avoid the unfamiliar statistical concepts of mean 

and standard deviation; (ii) no weighted averaging (i.e., multiplying payoffs times 

probabilities) is required; and, perhaps most importantly, (iii) because the magnitude 

of the slope in the relationship between 𝐴1 and  𝐴2|𝐴1 is substantially greater than for 

the linear tradeoff between expected return and reductions in standard deviation.   

The slope of 𝐴2|𝐴1 with respect to 𝐴1 is −
ℎ−𝑟

𝑟−𝑙
, which describes the rate of 

tradeoff between the two aspirations. Every extra dollar, rupee, or unit of wealth by 

                                                
8 The importance of experiencing a payoff distribution rather than merely receiving a description of it 
is, by now, a well-established finding (Barron and Erev, 2003; Erev and Barron, 2005; Kaufman, Weber 
and Haisley, 2013). 
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which the decision maker wants to increase the portfolio's lower bound incurs an easy-

to-understand cost, namely, the reduction of 
ℎ−𝑟

𝑟−𝑙
 in the best-case aspiration.  There is 

another interesting analytic implication that follows from our simple measurement of 

risk acceptance by satisficing aspirations (with empirical analysis presented 

subsequently Section 4). The most basic measure of risk acceptance is perhaps the 

portfolio's risk weighting 
𝑖

𝑒
 (measuring the proportion of the portfolio's initial value 

𝑒 allocated to the risky asset 𝑖). But 𝐴2−𝐴1 = 𝑟(𝑒 − 𝑖) + ℎ𝑖 − 𝑟(𝑒 − 𝑖) − 𝑙𝑖 =

(ℎ − 𝑙)𝑖 , by (1) and (2), which implies 
𝑖

𝑒
=

ℎ−𝑙

ℎ−𝑙

𝑖

𝑒
=

𝐴2−𝐴1

(ℎ−𝑙)𝑒
. In other words, the subject's 

proportion allocated to risk (
𝑖

𝑒
) can alternatively be interpreted as the proportion of 

the maximal best-to-worst case range (ℎ𝑒 − 𝑙𝑒) that the subject chooses as his or her 

portfolio's best-to-worst-case (𝐴2−𝐴1). If a subject were unaware of Equation (3) and 

undertook to freely choose an "independent" best-case aspiration, then the shaded 

region in Figure 1 would represent the "choice set" constraining the feasible range for 

best-case aspirations and the upper segment of the triangle (given by Equation (3)) 

could be regarded as "optimal satisficing" (i.e., the maximal best-case payoff for any 

given choice of 𝐴1) as is set automatically by the satisficing elicitation tool.   

Our elicitation tool focuses on cultivating awareness of the upper segment of 

the triangle in Figure 1. In contrast, standard elicitation techniques for risk preferences 

which follow the EU approach focus on the linear tradeoff between expected value 

and standard deviation. Relating our satisficing approach to the standard EU approach, 

we observe that the subject's choice of 𝐴1 maps into mean and variance of the portfolio 

as follows: 

𝐸[𝑖𝑋 + (𝑒 − 𝑖)𝑟] = 𝐸[
(𝑒𝑟− 𝐴1)

(𝑟 – 𝑙)
𝑋 +

(𝐴1−𝑒𝑙)

(𝑟 – 𝑙)
𝑟] =

(𝑒𝑟− 𝐴1)

(𝑟 – 𝑙)
(𝑝𝑙 + (1 − 𝑝)ℎ) +

(𝐴1−𝑒𝑙)

(𝑟 – 𝑙)
𝑟 ,  (4) 

𝑉𝑎𝑟[𝑖𝑋 + (𝑒 − 𝑖)𝑟] = [
(𝑒𝑟− 𝐴1)

(𝑟 – 𝑙)
(ℎ − 𝑙)]

2

𝑝(1 − 𝑝).   (5) 

The square root of Equation (5) is a decreasing linear function of 𝐴1 with slope 

−
(ℎ−𝑙)

(𝑟 – 𝑙)
[𝑝(1 − 𝑝)]1/2. The expectation and standard deviation of the portfolio's 

terminal value therefore decrease linearly in 𝐴1. Section 4 investigates willingness to 

pay for risk reduction using our satisficing approach and risk aversion measured using 
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the standard EU approach. The next section describes the experimental design and 

data.  

 

3. Experimental Data and Design 

The experiment began by asking subjects to indicate the amount of money that 

they would typically save or invest in a year. Subjects were instructed to think 

inclusively so that, at the very minimum, the "savings and investment" number they 

produce includes bonds, bank deposits and stock market shares, as well as land 

purchases, tools and other forms of physical capital, in addition to gold which is 

widely owned in India.9 A sample of 150 subjects attending financial literacy 

workshops conducted by the National Institute of Securities Markets (NISM) is the 

primary data used in this study.10 By design (and consistent with the NISM's program 

goals of improving financial literacy across a broad cross-section of Indian society), 

the subjects in our sample came from socioeconomically diverse backgrounds. They 

included professionals, students, businesspeople and homemakers with good sample 

variation in age.  

The first piece of information collected was the individual's desired level of 

full-year savings and investments11 𝑒. Subjects were instructed to think inclusively 

about their savings and investments. The portfolio choice task began by introducing 

                                                
9 A primary cause of poor external validity, even when the sampled individuals are representative of 
the target population is mismatch between an experimental task and the real-world behavior to 
which a study aims to generalize (Hershey and Schoemaker, 1985; Pennings and Smidts, 2003). We 
therefore wrote an experimental protocol that reflects close attention to matching Indian subjects' 
conception of the full range of investment decisions relevant to their life situation. 
10 NISM is an educational initiative of the Securities and Exchange Board of India (SEBI), which is 
India's counterpart to the U.S.'s Securities and Exchange Commission, whose responsibilities include 
both regulatory and educational goals. NISM regularly conducts workshops across India to promote 
financial literacy.  
11 Many authors, including the US's SEC (https://www.sec.gov/rss/ask_investor_ed/saveinvest.htm), 
distinguish savings (defined as funds not at risk, e.g., bank deposits, government bonds, money 
market mutual funds) from investments (defined as taking on risk of negative returns to grow wealth). 
Given real-world uncertainty about real returns on government bonds, money market accounts' 
"gating" policies and recent history of "breaking the buck," not to mention the bail-in experience of 
bank depositors in Cyprus, and—of special importance in India—ambiguity about how gold fits with 
the SEC's definitions of savings (wealth storage) versus investment (expected capital gains), we argue 
that individual-level savings and investments is the theoretically appropriate pool of investable funds 
over which allocation decisions into equity versus bonds are typically made.  

https://www.sec.gov/rss/ask_investor_ed/saveinvest.htm
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subjects to a computer-based tool for entering different values of, and eventually 

eliciting a final decision on, an acceptable worst-case portfolio value, 𝐴1.  

Unlike standard portfolio choice tasks, the worst-case aspiration 𝐴1 is the 

subject's primary choice variable in our elicitation technique.12 The portfolio tool auto-

updates other variables relevant for describing the portfolio that are determined by any 

value entered for 𝐴1. This information (auto-updating as the subject enters different 

values of 𝐴1) includes: the amount invested in the risky asset 𝑖; the amount allocated 

to bond 𝑒 − 𝑖 ; and the best-case aspiration 𝐴2 corresponding to the entered value 

of 𝐴1.13 This approach that automatically assigns maximal 𝐴2 conditional on 𝐴1 

provides a meaningful measure of optimality following from observations and 

analysis in Güth (2007). Before elicitation using this satisficing method, the protocol 

asked for a preliminary portfolio choice referred to in Table 1 as investment in the 

risky asset 𝑖 chosen by own method. 

[Insert Table 1 about here] 

Table 1 provides an outline of the elicitation protocol with mean responses in 

levels and also normalized by initial portfolio value 𝑒.14 Following Table 1 from top 

to bottom, subjects first choose the amount to be invested annually in the financial 

portfolio (𝑒) which is to be allocated across the risk-free bond and risky asset. Next, 

subjects directly choose the amount (𝑖) to be invested in the risky asset using the 

subject's own method. Then subjects are asked to experiment with the satisficing 

elicitation tool in which subjects enter 𝐴1 (while values of 𝑖, 𝑒 −  𝑖 and 𝐴2 auto-

update) before finally choosing a portfolio by entering final decision about 𝐴1, which 

we refer to as the satisficing method. There is substantial within-person variation 

across the two methods of elicitation not readily apparent from the similar mean values 

in Table 1. After all portfolio decisions are submitted, subjects are asked which way 

of choosing a portfolio they prefer: 84.9% prefer the satisficing method, which we 

                                                
12 This deliberate framing of portfolio choice as choosing an acceptable worst-case portfolio value 
draws on in Güth (2007) and Fellner et al. (2009), whose elicitation allowed subjects to choose either 
𝐴1or 𝐴2.  
13 Screenshots of the interface used to elicit satisficing decisions about 𝐴1 are shown in Appendix 1. 
14 Preliminary survey questions were used to screen for innumeracy and illiteracy with respect to basic 
finance and investing vocabulary, which eliminated 24 subjects from the beginning pool of 150.  
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interpret as a potentially important piece of evidence of the simple intuition in favor 

of the satisficing method.  

[Insert Table 2 about here] 

Table 2 provides summary statistics about the sample's demographic 

characteristics. The sample's age distribution covers a wide empirical range, from 22 

to 70 years old. Subjects are predominantly male (77%) with more education and 

larger incomes than is average in India (mean annual salary is approximately INR 

750,000).  

An example may provide useful illustration. The subject chooses e = INR 

100,000 (US$1,500) which determines the admissible range for the worst-case 

portfolio outcome, ranging (riskiest to safest portfolio choices) from INR 90,000 to 

110,000. The subject chooses i using the subject's own method, which imposes no 

constraints on subsequent portfolio choice using the satisficing method. The subject 

then chooses a portfolio using the satisficing method by entering a value for 𝐴1 (e.g., 

INR 95,000, which is in the admissible range of INR 90,000 to 110,000). Note that 

the admissible range is not presented directly to subjects. Instead, feedback is given 

entering an inadmissible value stating that their worst-case aspiration is inadmissible 

before being prompted to re-enter a valid value of 𝐴1. Based on e and the worst-case 

aspiration 𝐴1, the preference elicitation tool computes the levels invested in risky and 

safe assets, i and e – i, and the best-case aspiration (𝐴2) implied by the entered value 

of 𝐴1. Based on 𝐴1 =  95,000 (i.e., the subject chooses to accept the possibility of a 

loss of 5,000), the implicit portfolio is i = 50,000 in the risky asset and e – i =50,000 

in the risk-free bond, which implies that 𝐴2 = 126,500 (conditional on 𝐴1).15  

In other words, risk elicitation by satisficing asks the decision maker to 

formulate her worst-case aspiration 𝐴1 from the feasible region. This choice (together 

with e), in turn, determines the feasible range for subjective beliefs about the best-case 

                                                
15 Our approach follows that of Fellner et al. (2009). Our approach differs, however, in that the 

decision maker chooses 𝐴1 and the tool automatically selects the maximal 𝐴2 such that the aspiration 

pair maximizes the expected payoffs ("optimal satisficing") conditional on the choice of 𝐴1 (cf., 

Bearden and Connolly, 2008; Güth, 2010; Schwartz, Ben-Haim and Dasco, 2011). 
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gross portfolio return, which ranges from 1.1 to the upper bound given by the 

following decreasing linear function of the worst-case portfolio value:  
𝐴2

𝑒
=

[
1.32−0.9

1.1−0.9
] 1.1 − [

1.32−1.1

1.1−0.9
]

𝐴1

𝑒
 .  An arbitrary choice of  

𝐴2

𝑒
 from this feasible interval 

would, in general, be sub-optimal. Our technique, however, ensures that subjects 

achieve the best best-case aspiration by automatically assigning the maximal 

𝐴2 conditional on 𝐴1 given by the linear formula above, therefore, providing a 

meaningful measure of optimality following from Güth's (2007) analysis that allows 

for suboptimal aspirations. In our previous example where 𝐴1 = INR 95,000 and the 

feasible range for 𝐴2 is (INR 110,000, INR 126,500), any choice of 𝐴2 below INR 

126,500 is wasteful in the sense that there are feasible higher-payoff aspirations 

consistent with the decision maker's low-payoff aspiration.  

We acknowledge a potential semantic conflict with authors who define 

satisficing such that it cannot be optimal or in contexts in which no optimal choice 

rule exists (e.g., Gigerenzer's interpretation of satisficing as being simple and smart in 

environments where optimization has no solution or is intractable). Our elicitation 

method leverages the simplicity of a small world in which risk is characterized by 

known probability distributions to elicit information about risk preferences when 

portfolio outcomes are framed as decisions about worst-case and best-case portfolio 

values. We argue that our approach draws inspiration from Simon (1972, p. 170) 

regarding the possibility of harmonizing satisficing and optimizing as decision 

procedures:  

A satisficing decision procedure can be often turned into a 

procedure for optimizing by introducing a rule for optimal 

amount of search, or, what amounts to the same thing, a rule 

for fixing the aspiration level optimally.  

Table 1 shows the elicitation steps and descriptive statistics of elicited values 

in the sample of 126 subjects. Table 1 reports the mean, standard deviation, minimum 

and maximum values for initial portfolio value (𝑒), for subject’s choice of risky 

investment using own method, elicitation of worst-case aspiration 𝐴1 that implies the 

best-case aspiration 𝐴2|𝐴1 and implicit choice of allocation in the risky asset (𝑖) using 
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satisficing method.  Table1 also gives a comparison of portfolio allocations to the risky 

asset by own method versus aspiration satisficing method. 

 The raw elicitation of aspirational outcomes is in units of INR. These 

responses are re-scaled onto unit interval by dividing each subject’s aspirational pair 

by the desired investment amount (𝑒). Table 1 shows the mean value of the rescaled 

worst-case aspirations is 0.96, which implies that subjects are, on average, are 30%  

[
(0.96−0.90)

(1.10−0.90)
] away from the maximum risk (0.90 or -10%), and 70% away from 

minimum risk (1.1 or +10%).  

Before the subject is introduced to the satisficing task in the experiment, she is 

asked to choose the asset allocation based on her own method. Own method means 

that she chooses 𝑖 directly and the balance (𝑒 − 𝑖) is allocated to the risk-free asset. 

Then, the subject is familiarized with using the aspiration-satisficing elicitation 

technique instead of selecting 𝑖 directly for forming the portfolio. The subject's task 

in the aspiration-satisficing elicitation technique is to choose 𝐴1 , which determines 

the portfolio parameters 𝑖 and 𝑒 − 𝑖. Once the subject is satisfied with the allocation, 

she is asked to choose one of the two portfolios, effectively stating whether she prefers 

the direct-method elicitation of 𝑖 or the indirect aspiration-satisficing-elicitation 

portfolio. The data reveal that 84.9% of the subjects preferred the allocation based on 

the satisficing approach rather than directly choosing 𝑖.  

Although our data do not constitute direct evidence about the decision process that 

subjects used in making their respective portfolio choices, our exit-survey responses 

strongly suggest that the satisficing technique caused the decision maker to reflect on 

a natural risk-return tradeoff using an easy-to-understand question regarding 

minimum payoffs, worst-case payoffs or low-state returns. Our elicitation tool appears 

to simplify the portfolio choice task, which would seem to help ensure that the 

decision outcomes are associated with genuine aspiration levels. The expressed 

preference—strongly in favor of portfolios elicited using satisficing over own 

method—is another reason we believe our elicitation technique using satisficing of 

aspirations should be considered. Future work comparing elicitation methods would 

benefit from counterbalancing and/or randomizing the order of elicitation methods to 
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test whether subjects' expressed preference for satisficing portfolios is confounded by 

serial ordering of these methods. 

Prior investigations by Fellner, Güth and Martin (2006) and Güth, Levati and 

Ploner (2008) expound the view that satisficing is sensible, more descriptively 

realistic and generalizable across a broad range of decision domains. A related study 

shows that decision makers prefer satisficing as a decision process in the particular 

domain of price competition (Güth, Levati and Ploner, 2012). Bhaskaran, Parihar and 

Prakhya (2009) report that satisficing remains as the preferred decision making 

approach as the size of the choice increases. Many models of satisficing eschew 

probabilities and instead use aspiration levels based on the justification that they are 

simple and therefore easy to understand (Brown and Sim, 2009). 

In our view, the artificially simple portfolio choice task combined with worst-case 

aspiration framing significantly simplifies portfolio choice and therefore reveals new 

information about risk preferences that more standard measures are unlikely to record. 

Setting aspirations simplifies the search process through an infinite set of pairs of 

expected return and risk in the standard model of portfolio choice. Our tool enables 

users to choose a portfolio and thereby express a risk preference simply by choosing 

a worst-case portfolio value 𝐴1 below which the portfolio's terminal value cannot fall. 

Choosing a worst-case aspiration that bounds terminal portfolio values, the role of 

satisficing in our approach can be described intuitively as limiting losses and then 

working backwards to identify a portfolio allocation that guarantees the loss limit is 

respected. We show how portfolio choice induced by this framing in terms of worst-

case aspirations provides analytic and numerically relevant measures of risk aversion 

using standard functional forms: constant absolute risk aversion (CARA) and 

constant relative risk aversion (CRRA) expected utility functions.  

 

4. Analysis: Satisficing and risk aversion 

Previous studies by Fellner et al. (2009) and Güth (2010) propose that satisficing 

aspirations may provide a more natural way of defining and eliciting risk attitudes. 

When considering new ways to define and measure risk attitudes using satisficing 

aspirations in our setup, one might define risk aversion in terms of how conservatively 
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the subject chooses 𝐴1. Alternative measures of risk acceptance could also be based 

on the difference, 𝐴2 −  𝐴1, or the ratio,  𝐴2/𝐴1.  

Under the assumption that the subject is an expected utility maximizer, a risk-

aversion measure can be computed analytically for both CARA and CRRA utility 

functions. We provide analysis for those calculations and then report risk aversion 

measures corresponding first to CARA and then CRRA and compare distributions of 

risk aversion estimates based on CARA and CRRA.  

In the expected utility approach, the decision-maker has complete information 

about the states of nature and their associated probabilities. (See Fellner et al., 2006, 

for more on optimal portfolio choice in relation to satisficing). Satisficing is such that 

the decision-maker fixes an aspiration level and chooses the first action along a 

sequential search path which meets that aspiration (Simon, 1957; Selten, 1998). In 

contrast, in the case of optimization, the decision maker considers the entire space of 

outcomes and associated payoffs to identify the optimal choice. In our satisficing 

approach, however, the decision maker fixes a min-max aspiration pair that limits 

losses and bounds the portfolio's terminal value. 

 

4.1 Satisficing and CARA Expected Utility  

The constant absolute risk aversion (CARA) function can be defined as: 

𝑢(𝑥) = 1 − 𝑒−𝑘𝑥 ,    (7) 

where 𝑥 denotes wealth and 𝑘 is the coefficient of absolute risk aversion. For 

investment decisions allocating 𝑖 to the risky asset and 𝑒 –  𝑖 to risk-free bonds, 

expected utility is: 

𝑢(𝑖) =  𝑝{1 − 𝑒−𝑘[𝑟(𝑒−𝑖)+𝑙𝑖]} + (1 − 𝑝){1 − 𝑒−𝑘[𝑟(𝑒−𝑖)+ℎ𝑖]} = 𝑝{1 − 𝑒−𝑘𝐴1} +

(1 − 𝑝){1 − 𝑒−𝑘𝐴2}.    (9) 

The calculation above uses the substitutions 𝑟(𝑒 − 𝑖) + 𝑙𝑖 =  𝐴1 and r(𝑒 − 𝑖) + ℎ𝑖 =

 𝐴2. The experimental design uses 𝑝 =  0.5 for simplicity.  

Maximizing 𝑢(𝑖) with respect to 𝑖 at an interior solution satisfies the first-order 

condition 𝑢′(𝑖) =  0. Assuming this first-order condition is satisfied, we use each 

subject's worst-case aspiration to compute 𝑖 and, based on that value, to compute the 
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value of 𝑘 that describes the utility function that is maximized by the subject's 

observed choice of 𝐴1 (assuming some risk taking, 𝐴2 > 𝐴1):  

𝑘 =  {
𝑙𝑜𝑔[(1−𝑝)(ℎ−𝑟)]−𝑙𝑜𝑔 [(𝑟−𝑙)𝑝]

(ℎ−𝑙)𝑖
}  = {

𝑙𝑜𝑔[(1−𝑝)(ℎ−𝑟)]−𝑙𝑜𝑔 [(𝑟−𝑙)𝑝]

𝐴2−𝐴1
} = 

{
log [(1−𝑝)(ℎ−𝑟)]−log[(𝑟−𝑙)𝑝]

(ℎ−𝑙)(𝑒𝑟−𝐴1)
} (𝑟 − 𝑙).  (10) 

Equation (10) provides a direct relationship between the risk-aversion parameter 𝑘 

and worst-case aspiration 𝐴1. All else equal, greater 𝐴1 (which reduces 𝑖 and the 

difference 𝐴2 − 𝐴1) implies greater risk aversion. This measure of risk aversion, of 

course, is dependent on the size of the investment 𝑒 and currency units used.   

The implication of setting aspiration compared to standard rational choice with 

CARA preferences is illustrated in Figure 2. In Figure 2, a satisficing portfolio is 

shown with its associated expected utility value and, using Equation (10), the value of  

𝑘 for which an expected utility maximize with CARA preferences would have 

optimally chosen the same portfolio.  

The expected utility for the most risky form of lottery (𝑒𝑙, 𝑒ℎ), is utility 

associated with the midpoint 𝐶 on the straight-line segment 𝐴𝐵. For Aspiration lottery 

(𝐴1, 𝐴2|𝐴1) where 𝐴1 is greater than 𝑒𝑙 (and hence 𝐴2|𝐴1 is less than 𝑒ℎ), utilities at 

𝐴1 and 𝐴2 are given by the heights of the points A′ and B′, respectively and the 

expected utility from the lottery, 𝐸𝑢(𝑥)𝐴, is the utility associated with the midpoint C′. 

The expected utility for the least risky or rather the risk-free form of lottery (𝑒𝑟, 𝑒𝑟) 

is labeled as 𝑢(𝑥)𝑠𝑎𝑓𝑒 in Figure 2.   

[Insert Figure 2 about here] 

An individual who wants no risk will opt for investing only in the bond and an 

aspiration portfolio (𝑒𝑟, 𝑒𝑟) while the riskiest option of investing only in the risky 

asset is associated with the aspirations(𝑒𝑙, 𝑒ℎ). The line 𝐿′𝐿′′ in Figure 3 depicts the 

range of possible aspiration portfolios written in the space of standard deviation on 

the x-axis and expected return on the y-axis. The segment in Figure 3 is the choice set 

(assuming that short selling of either asset is not allowed) and the slope of the line is 

the price of risk. An individual 𝑖 whose CARA risk aversion is 𝑘𝑖, is represented by 

indifference curves labeled in Figure 3 as 𝑢𝑖
𝐼, 𝑢𝑖

𝐼𝐼, 𝑢𝑖
𝐼𝐼𝐼and her optimal choice when 
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faced with the opportunities that the market offers is the combination of mean and 

standard deviation associated with the worst-case aspiration 𝐴1𝑖.  

[Insert Figure 3 about here] 

 

4.2 Satisficing and CRRA Expected Utility  

A similar correspondence will hold in the case of a CRRA utility function 

𝑢(𝑥) = 𝑥𝛼 , 𝛼 > 0. Expected utility is given by the formula 𝐸[𝑢(𝑖𝑋 + (𝑒 − 𝑖)𝑟)]  =

 (1 − 𝑝)(𝐴2)𝛼  +  𝑝(𝐴1)𝛼. Assuming the first-order condition for 𝐴1 holds and 

solving for 𝛼 provides the following person-specific measure of risk aversion using 

the RRA formula:  

1 − 𝛼𝑖 =  𝑙𝑜𝑔{[(ℎ − 𝑟)/(𝑟 − 𝑙)][(1 − 𝑝)/𝑝]}/𝑙𝑜𝑔[𝐴2/𝐴1].  (11) 

 

4.3 New risk preference information in empirical distributions of implicit 

risk aversion elicited by satisficing aspirations?  

Figure 4 shows empirical distributions of 𝑘𝑖 and 1 − 𝛼𝑖. The shapes of these  

distributions are substantially different. For CARA preferences, a unique value of 𝑘 

is associated with each distinct aspiration 𝐴1.  For CRRA preferences, a unique value 

of 𝛼 is associated with each distinct value of the elicited proportion 𝑖/𝑒 (i.e., the 

subject's implicitly chosen portfolio weight on the risky asset). The empirical 

distributions in Figure 4 describe the sample variation observed in our sample's risk 

acceptance as filtered through the respective assumptions of EU under CARA and 

CRRA utility functions as specified above. With CARA preferences, the sample 

frequencies clustered within a particular band of values of ki reflect individuals with 

the same worst-case aspiration regardless of their chosen investment level ei. In the 

empirical distribution corresponding to the assumption of the CRRA utility function, 

sample frequencies clustered within a particular band of values of 1 − 𝛼𝑖 reflect 

individuals with similar worst-case aspirations relative to chosen investment levels ei.  

One important stream in the risk preference literature explored the link 

between demographics and risk preferences (Riley and Chow, 1992; Hartog et al., 

2002; Weber et al., 2002; Dohmen et al., 2011). Table 3 presents regressions of five 
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dependent variables16 measuring risk acceptance as functions of wealth, income, and 

other demographic information. These five dependent variables providing alternative 

measures of risk acceptance are: risky investment level i; portfolio risk weighting 
𝑖

𝑒
 

which is the same as the subject's chosen best-to-worst-case range as a percentage of 

the theoretical maximum possible range; the subject's chosen percentage increase in 

best/worst ratio with respect to its theoretical minimum of unity as a percentage of 

maximum possible percentage increase over unity, (
𝐴2

𝐴1
− 1)/[𝑒(

1.32

.9
− 1)]; inverse 

CARA risk aversion (which translates to risk acceptance) logged to make the 

asymmetric distribution of k more symmetric, − log(𝑘); and inverse CRRA risk 

aversion, 1 − .  According to the results in Table 3, those in the very top income 

bracket tend to have greater risk acceptance as measured by i and  –log(k), but not the 

other level-independent measures of risk acceptance.  Married status is negatively 

associated with all risk acceptance measures with statistical significance in those two 

level-sensitive measures of risk acceptance in Table 3. Table 3 shows that the 

information elicited by satisficing aspirations is not trivially explainable in terms of, 

or multicollinear with, the demographic information in our sample.  We interpret these 

results as potentially fertile ground for future work to investigate the predictive power 

of information contained in these alternative transformations of aspiration satisficing 

which we have shown are theoretically rationalizable measures of risk acceptance. We 

interpret these results as indicative of the potential for future work investigating the 

predictive power of information contained in these alternative transformations of 

aspiration satisficing which we have shown are theoretically rationalizable measures 

of risk acceptance.  

[Insert Table 3 about here] 

[Insert Figure 4 about here] 

We speculate that satisficing aspirations as a means of making high-stakes 

investment decisions (ranging from retirement portfolio choice to airlines' investment 

                                                
16 The unconditional empirical distributions for these dependent variables, which provide alternative 

measures of risk acceptance, are reported in Appendix 2. The simple correlation between 𝑖 and 𝑒 is 

positive (0.96) and statistically significant.  
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and cost-risk-hedging strategies) can function as a smart heuristic that effectively 

reduces variance. Coricelli, Diecidue, Zaffuto (2016) find that aspiration levels can be 

used to predict choices, and the resulting choice patterns characterize a heuristic for 

reducing the complexity of risky decisions. Aspiration setting and satisficing frames 

the decision about acceptable lower-tail risk as the choice variable to be traded off 

against upside gains. The simple analytic work and very preliminary empirical 

investigation reported here should serve to demonstrate strong links between 

satisficing as risk-hedging and orthodox measures of risk-aversion in the expected 

utility framework which were previously unrecognized. The satisficing scheme is an 

expression of risk aversion in the sense that it prompts consideration of a fundamental 

tradeoff by which improving lower-tail risk comes at the cost of reducing upside gains.   

 

5. Satisficing Approach and Aspiration Setting 

Simon's bounded rationality research program (variously interpreted in the 

psychology and economics and judgment and decision making literatures) undertakes 

to describe how people actually make decisions in an uncertain world with limited 

time, information and cognitive resources. Satisficing is one such decision process, 

selecting good-enough outcomes that are representable as threshold conditions (as 

inequalities rather than the first-order conditions typically used to characterize 

decision rules derived under the assumption of constrained optimization). Satisficing 

may enable the decision maker to economize on time, memory or cognitive effort by 

prescribing partial rather than exhaustive search of the choice space. The good-enough 

outcome described by a satisficer's stopping rule satisfies one or more essential criteria 

while advantageously sacrificing less consequential or superfluous ones. Schmidtz 

(2004, p. 30) describes satisficing as a "humanly rational strategy." Selten (1998) 

views satisficing as a search process in which preferences may be expressed as goals 

or aspirations.  

Simon (1959) proposes that conditions for satisficing specified by aspiration 

levels are analogous to formulating a target. In the context of risk preferences and 

determinants of risky choice, some researchers assert that many people's 

psychological conception of risk (including both non-experts and experienced 
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business owners) is primarily a consideration of the prospect of not meeting a target, 

which can be interpreted as  the possibility of a loss (Bordley and LiCalzi, 2000; 

Bordley and Kirkwood, 2004). There is also evidence that managers conceive of their 

goals as target rates of return (Lanzillotti, 1958; Shipley, 1981) and tend to disregard 

investment possibilities that are likely to underperform relative to their target (Payne, 

Laughhunn, and Crum, 1980). Evidence also suggests that many firms do not seek to 

maximize profit but rather to achieve good-enough levels of profit (e.g., greater than 

a minimally acceptable target). Furthermore, organizations may consider problems as 

resolved when a good-enough solution has been found (Choo, 1998). Brown and Sim 

(2009) introduce a class of satisficing measures for evaluating the quality of financial 

positions based on their ability to achieve desired financial goals. Risk management 

techniques, such as, Roy's (1952) safety-first criterion, can be represented 

mathematically as minimizing the probability of a bad-state outcome, namely, 

requiring that the probability that the portfolio's return falls below a minimum desired 

threshold is as small as possible. These papers suggest that aspiration setting in the 

context of satisficing may provide a more natural way of characterizing an important 

set of real-world decision makers' attitudes toward risk.  

We believe that future research could shed new light on the extent to which 

real-world organizations set positive aspirations (e.g., sales target, occupancy rate, 

graduation rate, rate of return, etc.) versus worst-case aspirations which may follow 

naturally from regulatory constraints or those imposed by creditors.  It remains an 

open question the empirical distributions of entrepreneurs' use of maxima versus 

minima in formulating their key objectives. Further directions for organizational 

behavior and the theory of the firm to incorporate work eliciting risk preferences by 

means of satisficing would include the following: How money managers and 

individual investors decide to exit from an investment (e.g., taking profits or as stop-

loss thresholds); How finance managers set hurdle rates for new investment projects?; 

and How start-ups choose equity stakes to offer for sale to outside investors.  

A broad range of empirical applications provide both descriptive and 

normative support for satisficing models. Lant (1992) investigates organization goals 

and finds that aspiration levels provide the most robust and veridical description of 
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organizational goal setting. Artinger and Gigerenzer (2012) report that a majority of 

used car dealers follow pricing strategies based on principles of aspiration adaptation 

rather than optimization rules equating marginal benefits and marginal costs. Hu, 

Blettner, and Bettis (2011) show that dynamic adaptation of aspiration levels can lead 

to superior firm performance in terms of greater terminal wealth. Aspiration-based 

satisficing simplifies the decision process by ending the search for alternatives as soon 

as an alternative exceeds the aspiration level (Güth, 2010; Berninghaus, Güth, Levati 

and Qiu, 2011). 

In contrast to satisficing, the decision process of constrained optimization 

requires substantially greater computational power, memory and time, and may not be 

tractable or computable (Vriend, 1996; Todd and Gigerenzer, 2003). The fast and 

frugal heuristics program initiated by Gigerenzer and Todd’s (1999) Simple Heuristics 

That Make Us Smart focuses on simple decision rules that require substantially less 

information and take advantage of ignorance and the benefits of deliberately ignoring 

payoff-relevant predictors in particular classes of environments (also see Berg and 

Hoffrage's, 2008, model of rational ignoring with unbounded cognitive constraints). 

In changing environments where the data-generating-process is buffeted by 

unpredictable shocks, it may be more advantageous by general fitness criteria for 

organisms to satisfice with respect to a few important variables (e.g., caloric intake, 

water availability, and protection from predators) rather than devising a "brittle" 

optimization rule conditioning on a larger vector of observable characteristics whose 

stochastic structure may catastrophically shift (Bookstaber and Langsam, 1985). 

Normative arguments in favour of ecological rather than axiomatic rationality and the 

prescriptive benefits of satisficing are extensive (Gigerenzer and Selten, 2001; Berg, 

2003; Berg and Gigerenzer, 2007, 2010; Berg, 2014a).  

Caplin, Dean and Martin (2011) report evidence of frequent satisficing 

behavior relative to frequencies of other decision processes when facing variable sizes 

of choice sets and degrees of complexity in the reward–generating environment. By 

explicitly analyzing complex choice rules, Salant (2011) shows it may be optimal for 

individuals to switch to a decision rule that is simpler than the rational decision rule. 

Berg (2014b) reports evidence of satisficing among business owners (rather than 
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optimization) based on interview data with entrepreneurs making high-stakes 

decisions about choosing locations. De Boer, Gaytan and Arroyo (2006) present an 

outsourcing model that explicitly incorporates satisficing principles for realistic 

decision guidance in outsourcing processes while selecting a supplier, project 

completion, and supplier management. Brighton (2011) argues that, in medical 

decision-making tasks, satisficing rules that ignore information are not only easier to 

use but also predict with greater accuracy than do complex, information-intensive 

optimization models. Various forms of satisficing appear as fast and frugal decision 

heuristics that employ easily-computable stopping rules to make adaptive choices in 

real environments (Gigerenzer and Todd, 1999; Bendor, Kumar, and Siegel, 2009).  

 

 

 

6. Conclusion 

The focus of our study was to introduce a new technique for eliciting risk preferences 

based on satisficing in the context of portfolio selection. We demonstrated analytic 

and empirical links between satisficing and risk aversion (using the EU approach) that, 

to our knowledge, have not been reported before. Aspirations are elicited by asking 

subjects to set bounds on worst-case and best-state realized values of their portfolio. 

Directly choosing the worst-case portfolio outcome provides an intuitive and direct 

method for revealing risk preferences. We show analytically that choice of the 

portfolio's worst-case outcome is equivalent to revealing a risk-aversion parameter 

under the assumption of a particular expected utility function.  

The portfolio-choice task that we use requires simple allocation levels of 

currency to a risky and risk-free asset. The binary risky asset is not as limiting as one 

might first imagine. Choosing an acceptable worst-case portfolio outcome from a 

continuum of binary gambles can be interpreted as extending more broadly to real-

world assets with continuously distributed payoffs (i.e., where random payoffs are 

unbounded). The required modification is that the decision variable becomes choosing 

an acceptable pair of tail risks.  
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An important advantage of satisficing aspirations as an elicitation technique is 

its user-friendliness in terms of intuitively matching the units of measure and mental 

process that both non-experts and experts frequently use to reason about risk. The EU 

approach requires that subjects exhaustively scan the event space to compute 

probability-weighted average utilities. In contrast, our satisficing elicitation technique 

provides a better match with mental process insofar as subjects prefer to think directly 

about acceptable worst-case outcomes and tradeoffs by which improvements (that 

reduce lower-tail risk) will require a sacrifice of reduced potential for upside gain. 

Moreover, a large majority of subjects in our sample expressed a preference for the 

portfolio that was elicited from them by satisficing aspirations over the portfolio 

chosen using their own method to directly choose an investment level in the risky 

asset. 

The satisficing elicitation technique provides an advantageous framing that 

gives subjects direct control over the worst-case aspiration—the minimum portfolio 

value in the event that the risky asset's low payoff realized—as their primary decision 

variable. We show analytically that the portfolio choice problem of selecting from the 

continuum of possible binary gambles can be equivalently re-parameterized as either: 

(i) choosing the gamble that offers the minimally acceptable worst-case payoff; or (ii) 

choosing the gamble that offers the most preferred mean-variance pair assuming an 

appropriately chosen utility function and risk-aversion parameter.  

In the simplified case of choosing from a continuum of binary portfolios, 

worst-case outcomes which occur with strictly positive probability are chosen directly. 

In contrast, in the case of risky assets with infinite state spaces, the worst-case 

aspiration could be defined as an acceptably small probability on an exogenously 

given lower-tail event or, alternatively, the threshold that defines an acceptable lower-

tail event occurring with an exogenously given lower-tail probability. In the case of 

continuous state spaces, realized portfolio values lower than the low aspiration level 

cannot be ruled out, although their probability of occurring can be controlled. The 

continuous case may require a second decision stage of choosing upper-tail thresholds 

used to compute tradeoffs measuring how much upper-tail potential is forgone to 

reduce lower-tail risk by, for example, one percentage point.  
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Our elicitation technique invites the decision maker to confront risk-reward 

tradeoffs inherent in many real-world decisions. The design of our elicitation 

procedure benefits from simplicity, which helps participants easily understand the 

decision tasks and reason about this important economic tradeoff as an algebraic 

constraint. The elicited worst-case aspiration maps directly into a maximum return 

from the investment, which can be interpreted as a best-case aspiration consistent with 

the worst-case aspiration, as well as portfolio allocations to the risky and risk-free 

assets.  

Despite apparent methodological conflict between satisficing and expected 

utility maximization, we show that the intuitive elicitation of satisficing aspirations 

maps into an expected-utility-maximizing portfolio choice for an appropriately chosen 

risk-aversion parameter. Diecidue and Van De Ven (2008) develop a model that 

combines aspiration level (simplifying strategy) with expected utility (which is 

compensatory) and find that the hybrid model is mathematically equivalent to 

expected utility with discontinuities. Satisficing and EU maximization are indeed 

distinct mental models. The links we demonstrate between satisficing and EU theory 

are not intended to elide those distinct mental processes. We show, however, that in 

the small-world problem of allocating wealth across a binary risky asset and a risk-

free bond, there is an analytic equivalence that, to our knowledge, has not been 

reported before and which some may find surprising. The findings in our study largely 

support those of Van Witteloostuijn (1988) and Güth (2010) which demonstrate that 

maximizing and satisficing can (in some cases) lead to an identical prescriptive theory 

regarding portfolio choice. Our simple equivalence result is complementary with the 

equivalence of satisficing and optimal search in Malakhov (2014).  

One promising extension would be to examine the satisficing process under 

contrasting informational structures as in Papi's (2012) observable versus 

unobservable cases. Other possibilities would include allowing subjects to experiment 

with either A1 or A2 (while the online tool auto-completes the implied values of A2 or 

A1, respectively). Subjects could then reveal a preference for adjusting worst-case or 

best-case aspirations. Further tests showing how risk preferences elicited in this way 

might be affected by treatments introducing additional gain versus loss framing could, 
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for example, provide new links between the information generated by our satisficing 

elicitation tool and the large behavioral economics literatures on loss aversion and 

reference-point-dependent preferences. 
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elicitation 

step #
variable elicited mean std dev min max

1 Initial amount in the 

portfolio, e 

201,317

(1.00)

258,819

(0.00)

6,000

(1.00)

2,000,000

(1.00)

2 Subject’s task is to choose 

amount of INR to be 

invested, i , in the risky 

asset using own method

150,849 

(0.68)

188,151 

(0.23)

6,000 

(0.15)

2,000,000 

(1.00)

Subject’s task is to choose 

worst-case aspiration, A 1 , 

thereby determining i  and 

A 2  by the satisficing 

method

Worst-case aspiration A 1 191,465 

(0.96)

239,521 

(0.05)

5,400     

(0.90)

1,800,000 

(1.07)

Best-case aspiration 

A 2 |A 1

255,432 

(1.25)

335,098 

(0.06)

7,920       

(1.13)

2,640,000 

(1.32)

Allocation to risky asset i, 

using satisficing technique

149,921 

(0.68)

236,851 

(0.26)

3,000 

(0.15)

2,000,000 

(1.00)

4 Comparison of investment 

in the risky asset (i)  by 

satisficing versus own 

method

-929             

(-0.0008)

23,533         

(0.13)

-100,000     

(-0.55)

75,000     

(0.33)

5 Subject chooses which 

portfolio she prefers: 

aspiration satisficing 

elicitation versus own 

method

84.9%   35.9% 0% 100%

based on satisficing elicitation 

technique

Table 1: Descriptive Statistics, N=126, in INR levels (normalized by e  in parentheses below)

description

Table 1 presents the steps in the elicitation tool, and the decriptive statistics of various experimental responses that were elicited from 

subjects, as well as the subject's preference for the satisficing elicitation task. 

3

Portfolio choice by own method 

(elicitation without satisficing frame). 

Given e (initial wealth in INR), this step 

requires the subject to directly choose an 

amount of INR to be invested in the risky 

asset, i .  The empirical distribution of 

relative risk weighting i/e  by own method 

is shown in Appendix 4.

Amount (in INR) representing one year's 

savings and investment to be allocated 

across the bond and risky asset. Empirical 

distribution of e  is shown in Appendix 3. 

subject's choice of i  using aspiration 

satisficing minus subject's choice of i 

using own method. Appendix 6 reveals 

substantial variation (not captured by 

mean contrasts in this table) using a 

scatterplot of portfolio weights on the 

risky asset in satisificing versus own 

methods.

Percentage preferring satisficing elicitation

*Scaled values are shown in parentheses. Each subject chose their own total amount to invest in the portfolio, e . To facilitate 

interpersonal comparisons, we normalize level amounts invested in the risky asset i (chosen directly by own method or indirectly by 

means of worst-case aspiration A 1 ) by reporting A 1 /e , A 2 /e   and i/e. 

Next, subject chooses a worst-case 

aspiration A 1  for the low-payoff state, 

which determines A 2 |A 1  and the 

allocation to the risky asset, i . The 

empirical distribution of relative risk 

weighting i/e by satisficing method is 

shown in Appendix 5. 

the minimum low-state payoff 

that is acceptable

the maximum high-state payoff 

that is feasible for a given worst-

case aspiration
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Variable Frequency (out of 126) Percentage

Gender Female                          29 23.0

Male                              97 77.0

Age below 30                         72 57.1

30 – 40                         32 25.4

40 – 50                          16 12.7

50 – 60                         5 4.0

> 60                               3 2.4

Academic School Final                  0 0.0

Qualification Graduate                       25 19.8

Post-Graduate               44 34.9

Professional degree      43 34.1

Ph.D. and above              16 12.7

Dependents None                              57 45.2

0 – 2                              43 34.1

3 – 5                               11 8.7

> 6                                  16 12.7

Marital Status Unmarried                     52 41.3

Married                         74 58.7

Occupation Salaried                        81 64.3

Business                       4 3.2

Retired 4 3.2

Professional                          16 12.7

Student/ Unemployed                 21 16.7

Individual Income Below* 100,000 11 8.7

(INR) 100,001 – 500,000 47 37.3

500,001 – 1,000,000 40 31.7

1,000,001 – 1,500,000 17 13.5

Above 1,500,000    10 7.9

Wealth Below 1,000,000 93 73.8

(INR) 1,000,001 – 2,500,000 23 18.3

2,500,001 – 5,000,000 4 3.2

5,000,001 – 7,500,000 0 0.0

Above 7,500,000 6 4.8

*The Indian convention for placing commas in written numbers is to place the comma after the Lakhs column (hundred 

thousands column) as well as after the thousands column. The largest income category is written in the Tables in this paper 

using the US convention as "Above 1,500,000," which could be read by an Indian subject as "above 15 lakhs" or, equivalently, 

as "greater than 1.5 million INR." Using recent USD/INR exchange rates, 1.5 million INR translates to roughly $100,000 

USD. 

Table 2: Demographic information for sample of 126 subjects 
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dependent variable:

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

basic + income +alldemog basic + income +alldemog basic + income +alldemog basic + income +alldemog basic + income +alldemog

VARIABLES

logwealth 66,996 36,281 53,480 0.0309 0.0185 0.0387 0.0338 0.0197 0.0400 0.264 0.0251 0.125 0.0159 0.0104 0.0308

[3.027] [1.517] [2.053] [1.250] [0.666] [1.268] [1.295] [0.674] [1.240] [2.341] [0.215] [0.992] [0.781] [0.457] [1.225]

inc1to5Lakh -39,014 10,583 -0.0480 -0.0252 -0.0419 -0.0205 -0.225 0.0271 -0.0760 -0.0424

[-0.539] [0.140] [-0.571] [-0.284] [-0.474] [-0.219] [-0.638] [0.0736] [-1.102] [-0.579]

inc5to10Lakh 39,803 70,354 -0.00598 0.00412 0.00257 0.0116 0.576 0.725 -0.0437 -0.0249

[0.537] [0.915] [-0.0696] [0.0457] [0.0284] [0.122] [1.594] [1.942] [-0.620] [-0.335]

inc10to15Lakh 37,308 69,431 -0.0330 -0.00135 -0.0229 0.00990 0.717 0.822 -0.0801 -0.0519

[0.439] [0.811] [-0.335] [-0.0135] [-0.220] [0.0935] [1.731] [1.980] [-0.990] [-0.627]

inc15Lakh_or_more 258,500 319,523 0.0765 0.132 0.0984 0.153 1.573 1.872 -0.0179 0.0450

[2.450] [2.862] [0.625] [1.012] [0.763] [1.112] [3.057] [3.456] [-0.178] [0.417]

female 49,504 -0.0620 -0.0643 -0.193 -0.0394

[1.029] [-1.099] [-1.082] [-0.826] [-0.848]

married_ever -117,872 -0.0982 -0.102 -0.513 -0.0731

[-2.355] [-1.674] [-1.654] [-2.110] [-1.511]

age30to39 -25,528 0.0316 0.0352 -0.160 0.0164

[-0.468] [0.495] [0.522] [-0.604] [0.312]

age40to49 28,474 0.101 0.113 -0.0482 0.0195

[0.386] [1.162] [1.244] [-0.135] [0.273]

age50andabove 102,508 -0.0127 -0.00982 0.336 -0.0255

[1.191] [-0.126] [-0.0923] [0.804] [-0.307]

postgrad 53,011 0.0535 0.0546 0.289 0.0587

[0.679] [0.584] [0.566] [0.762] [0.778]

prof_degree 35,407 0.0226 0.0213 -0.0445 0.0428

[0.514] [0.280] [0.250] [-0.133] [0.643]

phd -9,804 -0.0569 -0.0599 -0.0966 -0.0327

[-0.142] [-0.703] [-0.703] [-0.289] [-0.492]

Constant -762,043 -364,112 -596,384 0.262 0.451 0.214 0.192 0.396 0.161 9.124 12.07 10.91 0.352 0.482 0.212

[-2.523] [-1.114] [-1.698] [0.775] [1.189] [0.520] [0.540] [0.991] [0.371] [5.932] [7.575] [6.399] [1.270] [1.548] [0.625]

Observations 126 126 126 126 126 126 126 126 126 126 126 126 126 126 126

R-squared 0.069 0.146 0.228 0.012 0.026 0.100 0.013 0.028 0.100 0.042 0.195 0.279 0.005 0.019 0.088

*The portfolio weight on risk i/e is identical to the percentage of maximum possible best-to-worst-case range chosen by subject for his or her portfolio's best-to-worst-case range A 2 -A 1 , alternatively  referred to as 

diff_relative_aspiration_spread (A 2 -A 1 )/[e*(1.32-0.9)].

Table 3: Regressions of five dependent variables measuring risk acceptance (t statistics in brackets [.] below each estimated coefficient)

investment level i in risky asset portfolio weighting* on risk i/e
ratio_relative_aspiration_spread (A 2 /A 1 -

1)/(e*(1.32/0.9-1))

-log(ARAk), where CARA 

ARAk is computed using 

Equation (10)

RRA =1- , where CRRA RRA 

  is computed using Equation 

(11)
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Figure 1: Best-case aspiration as a function of worst-case aspiration is a more intuitive 

tradeoff than expected payoff versus standard deviation

Figure 1 illustrates the aspiration pair (A1 , A2 |A1 ) capturing the tradeoff between worst-

case and best-case aspirations; versus the more standard (although lower-magnitude-of-

slope) tradeoff between the portfolio's expected value (or mean) and its standard deviation 

(represented by vertical error bars). The figure also shows the feasible aspiration interval 

(shaded) as determined by the amount invested (e)  and rates of return in the two states (l 

and h) . 
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Figure 2: Illustration of satisficing aspirations that can be made consistent with expected utility maximization for an appropriately chosen parametric 

value of absolute risk aversion k , relative risk aversion 1-   or appropriately concave utility function

Figure 2 illustrates the implication of setting aspirations in comparison to the rational choice approach for a subject investing (e)  INR 100,000 with risk 

preferences represented by the concave utility function. The Aspiration lottery chosen by this subject (A 1 , A 2  |A 1 )  is INR (94,000; 127,600), which is 

consistent with an expected utility maximizer whose CARA preferences are characterized by k  = 0.00003 (using Equation (10)) or whose CRRA 

preferences are characterized by 1-   = 0.31187 (using Equation (11)). The expected value of the aspiration lottery E(xA) = 110,400 and the expected 

utility associated with midpoint Cꞌ is 0.26886. 
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Figure 3: Opportunity Set and Optimal Choice 

 

 

 

 

 

 

 

 

 

 

Figure 3: Best-case versus worst-case aspirations translated to the  

standard risk-return-space view from introductory finance 
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Figure 4: Empirical distributions of absolute risk aversion k i  assuming CARA preferences and rekative risk aversion 1-a i  assuming CRRA risk preferences, N = 126
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Appendix 1: Screenshots of aspiration elicitation tool 

 

 

 

Online supplementary material 
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Appendix 2: Empirical distributions of aspiration-based measures of risk accecptance
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note that this is the same variable as i/e (above  and to the right)

Assuming CRRA power function, RRA = 1-.

Therefore, risk acceptance is measured by .

Assuming CARA , ARA = k. Empirical distribution of k (in Figure 4) is highly 

asymmetric. But risk acceptance -log(ARAk)  is symmetric and would appear
to provide new risk-preference information in its spread-out symmetric 

sample variation.
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e

Percentiles Smallest

1% 10000 6000

5% 20000 10000

10% 40000 10000 Obs 126

25% 75000 10000 Sum of Wgt. 126

50% 100000 Mean 201317.5

Largest Std. Dev. 258818.7

75% 200000 1000000

90% 500000 1000000 Variance 6.70E+10

95% 500000 1200000 Skewness 3.811158

99% 1200000 2000000 Kurtosis 22.5338

Appendix 3: Empirical distribution of initial portfolio value e
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own_method_riskweight

Percentiles Smallest

1% 0.2 0.1538462

5% 0.3 0.2

10% 0.375 0.2083333 Obs 126

25% 0.5 0.25 Sum of Wgt. 126

50% 0.7 Mean 0.682073

Largest Std. Dev. 0.228615

75% 0.866667 1

90% 1 1 Variance 5.23E-02

95% 1 1 Skewness -0.30193

99% 1 1 Kurtosis 2.063917

Appendix 4: Empirical distribution of risk weighting using own method (not satisficing 

elicitation method), normalized by person-specific total portfolio value e
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weight_risk

Percentiles Smallest

1% 0.15 0.15

5% 0.192308 0.15

10% 0.309375 0.15 Obs 126

25% 0.5 0.15 Sum of Wgt. 126

50% 0.736136 Mean 0.682858

Largest Std. Dev. 0.257264

75% 0.915 1

90% 1 1 Variance 6.62E-02

95% 1 1 Skewness -0.3366

99% 1 1 Kurtosis 2.032625

Appendix 5: Empirical distribution of risk weighting chosen by satisficing method,  i 

normalized by e
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Appendix 6: Scatterplot of portfolio weight on the risky asset (i normalized by e) 

chosen by own method (x-axis) and by satisificing method (y-axis)
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