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Abstract
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make two investment decisions, one in the absence and one in the presence of multiplica-

tive background risk. We vary the skewness of the background risk across treatments.

For the stakes in the experiment, expected utility predicts a decrease in risk taking, rank-

dependent utility a decrease or an increase in risk taking depending on the shape of the

probability weighting function, and cumulative prospect theory an increase in risk tak-
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Multiplicative background risk and risk taking

1 Introduction

People are routinely exposed to multiple sources of risk. This observation has generated

a thick literature on the effects of so-called background risk on behavior starting with Do-

herty and Schlesinger (1983), and later Gollier and Pratt (1996) and Eeckhoudt et al. (1996).

Background risk can help resolve the equity premium puzzle (Weil, 1992), affects portfolio

choices (Heaton and Lucas, 2000; Cocco et al., 2005), and features prominently in optimal

consumption-saving decisions on incomplete markets (Zeldes, 1989; Gourinchas and Parker,

2002). In this paper, we provide new results on the effects of multiplicative background risk on

risk-taking behavior. Multiplicative background risk arises in many situations. Examples in-

clude random income tax rates due to legislative uncertainty, a random purchasing power due

to inflation risk, and random foreign exchange rates. Despite the prevalence of multiplicative

background risk, little is known about how it affects people’s behavior.

We contribute to the literature in several ways. First, we collect theoretical predictions

about the effects of multiplicative background risk on optimal risk taking. We derive intu-

ition based on the first three moments of the final wealth distribution and consider expected

utility, rank-dependent utility, and cumulative prospect theory. Second, we conduct the first

incentivized laboratory experiment on multiplicative background risk. Risk taking decreases

in 34% of the cases, stays the same in 27% of the cases, and increases in 39% of the cases

when we introduce multiplicative background risk. Third, we vary the skewness of the multi-

plicative background risk and find that increases in risk taking are more driven by left-skewed

background risk whereas risk taking does not change much with symmetric background risk.

The shape of the background risk thus matters for its directional effect.

Multiplicative background risk interacts with the endogenous risk in a unique way that

distinguishes it from additive background risk. Consider the introduction of an independent

zero-mean background risk that is additive. This change does not affect the mean of the

final wealth distribution but increases its variance. This increase in variance is the same for

high and for low outcomes of the endogenous risk. Already Samuelson (1963) suggests that

independent risks are substitutes, and we thus expect less risk taking in response.

Now consider instead the introduction of an independent multiplicative background risk

with a mean of one. As before, the mean of the final wealth distribution remains unchanged

while its variance increases. However, high outcomes of the endogenous risk amplify the

additional riskiness from the background risk whereas low outcomes of the endogenous risk

attenuate it. Unlike in the additive case, the variance is increasing in the outcome of the

endogenous risk when a multiplicative background risk is present. Increased risk taking raises

the variance around high outcomes of the endogenous risk, for which the individual is better

equipped to handle the additional riskiness, and lowers the variance around low outcomes of

the endogenous risk, thus limiting the downside. This mechanism suggests that multiplicative

background risk may well encourage risk taking for some people.
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The existing literature mainly focuses on additive background risk. Gollier and Pratt

(1996) call preferences risk vulnerable when individuals behave in a more risk-averse way after

adding any unfair background risk to their wealth. Under expected utility, risk vulnerability

places restrictions on the utility function that many commonly used functional forms satisfy.

Guiso and Paiella (2008) construct a direct measure of absolute risk aversion from survey

data and show that income uncertainty is positively associated with this measure in the cross-

section. In two laboratory experiments, Beaud and Willinger (2015) find that approximately

81% of choices are consistent with risk vulnerability.1

Only a few papers consider multiplicative background risk. Franke et al. (2006) call

preferences multiplicatively risk vulnerable if an individual behaves in a more risk-averse way

after the introduction of any independent multiplicative background risk that does not raise

expected final wealth. They characterize multiplicative risk vulnerability in the expected

utility model. For simplicity, they also provide sufficient conditions, which place restrictions

on the level, monotonicity and curvature of the individual’s relative risk aversion measure.

Common classes of utility functions with standard choices of preference parameters can lead

to either more or less risk taking in response to multiplicative background risk. Unlike in case

of additive background risk, no dominant pattern arises.2

The lack of a definitive prediction raises the question how people actually behave in re-

sponse to multiplicative background risk. To answer this question, we conduct a laboratory

experiment using a mixed design. We provide real incentives and use Gneezy and Potters’s

(1997) investment game to elicit risk-taking behavior. We measure the effects of multiplicative

background risk on risk taking in a within-subjects design. Each subject makes two invest-

ment decisions, one in the absence and one in the presence of a multiplicative background risk.

We also investigate the role of the shape of the background risk in a between-subjects design.

Subjects are randomly assigned to one of two treatments that differ only by the skewness of

the background risk. A long-standing line of research documents the importance of skewness

effects on risk-taking behavior. Mao (1970) notes that business executives prefer positive over

negative skewness, Golec and Tamarkin (1998) use skewness to explain betting behavior at

the horse track, and Ebert and Wiesen (2011) find skewness-seeking in the laboratory and

relate it to downside risk aversion (Menezes et al., 1980) and prudence (Kimball, 1990).

1 Lusk and Coble (2008) also conduct a laboratory experiment but find only weak evidence of risk vulnerability.
They use a between-subjects design. The claim of risk vulnerability is intrapersonal, not interpersonal, which
makes Beaud and Willinger’s (2015) within-subject design better aligned with the theory.

2 Franke et al. (2011) study the joint effect of additive and multiplicative background risks on investment,
Tsetlin and Winkler (2005) allow for correlation between multiplicative background risk and the endogenous
risk, and Jokung (2013) analyzes stochastic changes in multiplicative background risk. A few papers consider
multiplicative background risk in specific applications, for example, the newsvendor problem (Sévi, 2010) or
optimal hedging (Adam-Müller and Nolte, 2011). Franke et al. (2018) construct background risks that are
risk-taking neutral in the sense that they do not affect behavior. To date no experimental test of the effects
of multiplicative background risk exists.
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For the background risks in our experiment, expected utility predicts a decrease in risk

taking at levels of risk aversion commonly observed in the laboratory. Rank-dependent utility

mostly predicts less risk taking in response to the symmetric background risk but more risk

taking in response to the left-skewed background risk. Cumulative prospect theory mostly

predicts more risk taking for both background risks. If people are skewness-seeking, the left-

skewed background risk is more likely to raise risk taking than the symmetric background

risk. Behavior in the experiment echoes these predictions. Risk taking decreases for some

subjects, stays the same for others, and increases for yet others. Increases in risk taking are

more common in response to the left-skewed background risk. As a result, the net effect of

the left-skewed background risk is a 10% increase in risk taking, which is significant across

all model specifications. The net effect of the symmetric background risk on risk taking is,

in turn, not significantly different from zero. So unlike in the additive case, multiplicative

background risk either leads to increased risk taking when it is left-skewed or effects cancel

each other out when the background risk is symmetric.

As Franke et al. (2006, p.147) say it, when the utility function is standard (Kimball, 1993),

“bond proportions will always increase with an additive background risk” but “a multiplicative

background risk might cause the bond proportion to shrink.” They provide a numerical example

of this discrepancy in their Table 1. We show that increased risk taking in response to

multiplicative background risk is not only a theoretical possibility but an empirical reality.

The negative skewness of the background risk emerges as a main driver of this effect.

2 Multiplicative background risk and risk-taking behavior in

the standard portfolio problem

2.1 Set-up and notation

We first outline the standard portfolio problem and introduce multiplicative background risk.

We start with a general set-up and make it gradually more specific to reflect the situation

subjects face in the experiment. We derive intuition based on the first three moments of

the final wealth distribution. We also discuss the effects of multiplicative background risk

on risk-taking behavior under various theories of choice under risk including expected utility,

rank-dependent utility, and cumulative prospect theory.

We consider an individual with an initial endowment of x0. She decides how to allocate the

endowment between a safe asset and a risky asset. We assume without loss of generality that

the gross return of the safe asset is one. The gross return of the risky asset is a nonnegative

random variable k̃ ≥ 0. The individual’s problem is then to determine the fraction δ ∈ [0, 1]

of her endowment to invest into the risky asset.3 The value of the portfolio at the end of the

3 The assumption δ ≥ 0 rules out short-selling the risky asset, and δ ≤ 1 means that the individual cannot
borrow money to invest more than her endowment into the risky asset.
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period is given by

x̃(δ) = (1− δ)x0 + δx0k̃ = x0 + (k̃ − 1)δx0.

If the expected gross return of the risky asset exceeds unity, Ek̃ > 1, an individual who

is second-order risk-averse invests a positive amount in the risky asset (see Segal and Spivak,

1990). We denote by δ∗A the share of the endowment the individual decides to invest in the

risky asset. Subscript A refers to the absence of background risk and the asterisk indicates

optimality. Variable δ∗A thus identifies the individual’s risk taking without background risk.

When δ∗A = 0, the individual takes no risk at all and keeps the entire endowment. When

δ∗A = 1, she takes as much risk as possible and invests everything into the risky asset. Values

between zero and one indicate some risk taking. The individual trades off how much risk she

is willing to bear in exchange for a higher expected return.

Now assume that the value of the portfolio is subject to a multiplicative background risk

ỹ ≥ 0. Final wealth at the end of the period is then given by

x̃(δ)ỹ =
(
x0 + (k̃ − 1)δx0

)
ỹ.

We denote the individual’s risk-taking decision in the presence of the multiplicative back-

ground risk by δ∗B. Subscript B is shorthand for background risk. To mute wealth effects and

focus on pure risk effects, we let Eỹ = 1 so that expected final wealth remains unaffected by

the introduction of ỹ. We also assume that the return of the risky asset and the multiplicative

background risk are statistically independent.4

To isolate the effect of multiplicative background risk on risk-taking behavior, we compare

δ∗A and δ∗B. When δ∗A ≥ δ∗B, multiplicative background risk reduces risk taking, and strictly so

when δ∗A > δ∗B. This behavior is consistent with multiplicative risk vulnerability (MRV). When

δ∗A ≤ δ∗B, multiplicative background risk increases risk taking, and strictly so when δ∗A < δ∗B.

This behavior is consistent with preferences that we label anti-MRV. In the knife-edge case

of δ∗A = δ∗B, multiplicative background risk has no effect on risk taking. When preferences

exhibit MRV (anti-MRV), any multiplicative background risk reduces (increases) risk taking.

In practice, it is impossible to confront subjects with all multiplicative background risks in

the laboratory. We focus on risk-taking behavior directly and abstain from classifying the

underlying preferences as MRV or anti-MRV (or neither).

In the laboratory, we simplify the decision problem by letting the return of the risky asset

follow a binary distribution, (kH , p; kL, 1− p) with kH > kL ≥ 0 and p ∈ (0, 1). Subscripts H

and L are shorthand for high and low return and p denotes the probability of the high return.

Many previous studies use this investment game including Gneezy and Potters (1997), Gneezy

et al. (2009), Cohn et al. (2015), Imas (2016) and Cohn et al. (2017). We endow subjects

4 Tsetlin and Winkler (2005) analyze the effects of correlated background risk on risk taking under expected
utility. Li (2011) allows the correlated background risk to be non-financial.
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Parameter Description Value

Standard portfolio problem

x0 Endowment 8.00

kH High return of risky asset 2.5

kL Low return of risky asset 0

p Probability of high return 0.5

Symmetric background risk

yH High value of background risk 1.4

yL Low value of background risk 0.6

q Probability of high value 0.5

Left-skewed background risk

yH High value of background risk 1.2

yL Low value of background risk 0.2

q Probability of high value 0.8

Table 1: Parameter values in the experiment.

with x0 = EUR 8.00 and set kH = 2.5, kL = 0 and p = 0.5. The expected gross return of the

risky asset is thus 1.25 and exceeds unity. We consider two multiplicative background risks, a

symmetric one ỹsy and a skewed one ỹsk. We denote the corresponding treatments by Bsy and

Bsk. For simplicity, both background risks follow a binary distribution, (yH , q; yL, 1− q) with

yH > yL ≥ 0 and q ∈ (0, 1). In the experiment we set yH = 1.4, yL = 0.6 and q = 0.5 for the

symmetric background risk, and yH = 1.2, yL = 0.2 and q = 0.8 for the skewed background

risk. These parameter choices ensure equal means of one, Eỹsy = Eỹsk = 1, equal variances,

Var(ỹsy) = Var(ỹsk) = 0.16, and a skewness of sk(ỹsk) = −1.5 for the skewed background risk,

which is thus left-skewed. The assumption of binary distributions ensures that the left-skewed

background risk is downside riskier than the symmetric background risk, see Ebert’s (2015)

Proposition 2. Table 1 summarizes our parameter choices.

2.2 Some intuition based on moments

The binary investment risk allows us to develop intuition. For risk-taking decision δ, the

value of the individual’s portfolio in the absence of background risk is either high, xH =

x0+(kH − 1)δx0, or low, xL = x0+(kL− 1)δx0. After introducing multiplicative background

risk, the individual either faces xH · ỹ or xL · ỹ. The expected value of the portfolio has not

changed because of Eỹ = 1 and independence. However, the individual now faces more risk

than before. Unlike in case of additive background risk, the magnitude of this additional risk

depends on the outcome of the investment decision. If the investment succeeds (fails), the
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multiplicative background risk is scaled up (down). More formally, xH > xL ≥ 0 implies

Var(xH · ỹ) > Var(xL · ỹ). The multiplicative nature of the background risk thus introduces

asymmetry into the final wealth distribution even if the investment risk and the background

risk are both symmetric.

In the general case, we have

E (x̃(δ)ỹ) = Ex̃(δ) · Eỹ = Ex̃(δ)

for the expected value of the portfolio because x̃(δ) and ỹ are independent and Eỹ = 1, and

Var(x̃(δ)ỹ) = Var(x̃(δ)) + Ex̃(δ)2 ·Var(ỹ) > Var(x̃(δ))

for the variance of the portfolio. Let µ3 denote the third central moment. We find

µ3(x̃(δ)ỹ) = µ3(x̃(δ)) · [µ3(ỹ) + 3Var(ỹ) + 1] + 6Var(x̃(δ))Ex̃(δ)Var(ỹ)

+Ex̃(δ) ·
[
3Var(x̃(δ)) + (Ex̃(δ))2

]
· µ3(ỹ),

which simplifies to

6Var(x̃(δ))Ex̃(δ)Var(ỹ) + Ex̃(δ) ·
[
3Var(x̃(δ)) + (Ex̃(δ))2

]
· µ3(ỹ)

for a symmetric investment risk (i.e., µ3(x̃(δ)) = 0), and to 6Var(x̃(δ))Ex̃(δ)Var(ỹ) if the

background risk is also symmetric (i.e., µ3(ỹ) = 0). As a consequence, the final wealth distri-

bution is positively skewed even if both investment risk and background risk are symmetric. If

the background risk were additive, the skewness of the final wealth distribution would be zero

in this case at all risk-taking decisions. Furthermore, negative skewness of the multiplicative

background risk reduces the skewness of the final wealth distribution and can make it negative

if the background risk is sufficiently left-skewed.

Figure 1 shows the mean and standard deviation of the final wealth distribution in Panel

(A) and the skewness of the final wealth distribution in Panel (B) for the parameter values

in the experiment. The mean does not depend on whether background risk is present or

not due to Eỹ = 1. It is increasing in δ because the equity premium is positive. As risk

taking increases, so does the standard deviation. Multiplicative background risk shifts the

standard deviation upwards. From a mean-variance standpoint, we would thus expect less

risk taking in response to multiplicative background risk to mitigate the additional riskiness.

However, this ignores skewness effects. Without background risk, the skewness of the final

wealth distribution is uniformly zero. In the presence of multiplicative background risk, the

skewness is inverse U-shaped in risk taking with a peak at δ = 46.95% for the symmetric,

and at δ = 80.69% for the left-skewed background risk. To the left of the peak, individuals

who are skewness-seeking thus experience an incentive to increase their risk taking when

multiplicative background risk is introduced.
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(A) Mean and standard deviation (B) Skewness

Figure 1: Mean, standard deviation, and skewness of the final wealth distribution

Notes: Mean, standard deviation, and skewness are calculated based on the parameter values in Table 1. The

black line in Panel (A) shows the mean. The blue lines in Panel (A) show the standard deviations in the

absence (solid line) and in the presence (dashed line) of multiplicative background risk. The black line in

Panel (B) shows the skewness in the absence of background risk. The lines in magenta in Panel (B) show the

skewness in the presence of the symmetric (solid line) or left-skewed (dashed line) background risk.

To show that this effect can dominate, we consider the simplest version of mean-variance-

skewness preferences. Assume the individual evaluates random final wealth z̃ according to

V (z̃) = Ez̃ − αVar(z̃) + βsk(z̃),

with α, β ≥ 0. Parameters α and β measure the intensity of variance aversion and skew-

ness seeking. Levy (1969) derives mean-variance-skewness preferences from a cubic utility

function and Chiu (2010) develops a comparability condition on distributions under which

three-moment preferences are compatible with expected utility maximization. We can then

wonder for which (α, β)-combinations risk taking increases in response to multiplicative back-

ground risk. Figure 2 shows three regions in the parameter space. In the dark blue region,

both background risks lead to less risk taking. In the light blue region, the symmetric back-

ground risk leads to less risk taking whereas the skewed one leads to more risk taking. In the

white region, both background risks lead to more risk taking.

Intuitively, the intensity of variance aversion determines how much risk the individual

takes in the absence of background risk. When variance aversion is low, δ∗B is high. At

high values of δ, the skewness of the final wealth distribution is decreasing in δ when we

introduce multiplicative background risk, see Panel (B) in Figure 1. The negative effect of

higher variance prevails and we find less risk taking in response, which explains the dark blue

region in the parameter space in Figure 2. For intermediate levels of variance aversion, δ∗B
takes on intermediate values as well. When we introduce multiplicative background risk, the
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Figure 2: Risk taking with simple three-moment preferences

Notes: This figure shows how multiplicative background risk affects risk taking depending on the intensity

of variance aversion and skewness seeking. Predictions are based on the parameters in Table 1. In the dark

blue region, both background risks increase risk taking. In the light blue region, the symmetric (left-skewed)

background risk reduces (increases) risk taking. In the white region, both background risks reduce risk taking.

skewness of the final wealth distribution is then decreasing in δ for the symmetric background

risk but increasing in δ for the left-skewed background risk, see Panel (B) in Figure 1. If

the individual is sufficiently skewness-seeking, the positive effect dominates for left-skewed

background risk, thus explaining the light blue region in Figure 2. When variance aversion

is high, δ∗B is low, in which case the skewness of the final wealth distribution is increasing in

δ for both background risks. It then takes little skewness seeking for the positive effect to

prevail, which explains the white region in Figure 2.

2.3 Expected utility

Let the individual’s preferences over final wealth be represented by a von Neumann-Morgenstern

utility function u that is three times continuously differentiable. We assume monotonicity and

risk aversion, u′ > 0 and u′′ < 0. Risk-taking decisions are then obtained as

δ∗A = argmax
δ∈[0,1]

Eu(x̃(δ)) and δ∗B = argmax
δ∈[0,1]

Eu(x̃(δ)ỹ)

in the absence and in the presence of multiplicative background risk. Risk aversion ensures

concavity of the objective functions in δ so that the maximizers are indeed unique.
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To assess the effect of multiplicative background risk on risk taking, we consider the derived

utility function U(x) = Eu(x · ỹ), see Kihlstrom et al. (1981) and Nachman (1982). The

expectation is taken over the distribution of the background risk. Utility function U inherits

monotonicity and risk aversion from utility function u. An individual with utility function

U displays the same risk-taking behavior in the absence of background risk as an individual

with utility function u in the presence of background risk. Following Arrow (1963) and Pratt

(1964), we can rank δ∗A and δ∗B by comparing u and U in terms of absolute risk aversion. Franke

et al. (2006) use Gollier and Kimball’s (2018) Diffidence Theorem to derive the necessary and

sufficient condition for U to be more risk-averse than u for every multiplicative background

risk with Eỹ ≤ 1. This condition is difficult to interpret. They also provide simpler sufficient

conditions, which we recapitulate in the following proposition.

Proposition 1 (Franke et al., 2006). Preferences exhibit MRV so that δ∗A ≥ δ∗B if relative

risk aversion of u:

(i) Exceeds unity and is decreasing and convex.

(ii) Falls below unity and is increasing and convex.

Preferences exhibit anti-MRV so that δ∗A ≤ δ∗B if relative risk aversion of u:

(iii) Exceeds unity and is increasing and concave.

(iv) Falls below unity and is decreasing and concave.

Results (i) and (ii) are Franke et al.’s (2006) Corollary 1, results (iii) and (iv) are their

Corollary 2. Let R(x) = −xu′′(x)/u′(x) be shorthand for relative risk aversion of u. Table 2

provides a compact overview of the criteria in Proposition 1. A fair amount of evidence has

been amassed about the size of relative risk aversion. Gollier (2001) states that a range from 1

to 4 is reasonable, Gourinchas and Parker (2002) use consumption data and find a range from

0.5 to 1.4, and Chetty (2006) uses estimates of the labor supply elasticity to bound relative

risk aversion below two.5 In laboratory experiments, relative risk aversion is often lower. For

example, it is centered around the 0.3-0.5 range in Holt and Laury (2002).

Less is known about the slope and curvature of relative risk aversion. Already Arrow (1965)

hypothesized that increasing relative risk aversion (IRRA) is plausible upon introspection.

Guiso and Paiella (2008) and Holt and Laury (2002) find support in favor of IRRA whereas

Ogaki and Zhang (2001) and Huber et al. (2021) find decreasing relative risk aversion (DRRA).

In a recent laboratory experiment, Baillon and Placido (2019) classify 36% of subjects as

IRRA, 43% as constant relative risk aversion (CRRA), and 21% as DRRA. Regarding the

curvature of relative risk aversion, Aıt-Sahalia and Lo (2000) and Jackwerth (2000) derive

5 Meyer and Meyer (2005) compare estimates of relative risk aversion from different empirical studies and
adjust for the way the argument of the utility function is defined (e.g., wealth, income, consumption). Most
of the adjusted values fall between 1 and 5.
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R ≥ 1 R′ ≥ 0 R′ ≤ 0

R′′ ≥ 0 indet. δ∗A ≥ δ∗B

R′′ ≤ 0 δ∗A ≤ δ∗B indet.

(A) Results 1(i) and 1(iii)

R ≤ 1 R′ ≥ 0 R′ ≤ 0

R′′ ≥ 0 δ∗A ≥ δ∗B indet.

R′′ ≤ 0 indet. δ∗A ≤ δ∗B

(B) Results 1(ii) and 1(iv)

Table 2: Conditions for MRV and anti-MRV preferences under expected utility

Notes: Function R(x) = −xu′′(x)/u′(x) denotes the relative risk aversion measure of utility function u, with

first and second derivative R′ and R′′. The combinations of assumptions on the diagonal in Panel (A) and off

the diagonal in Panel (B) are indeterminate and do not yield a definitive prediction. In these cases, risk taking

decreases for some multiplicative background risks and increases for others.

the implied risk aversion from option prices and realized asset values. They find that implied

relative risk aversion is convex U-shaped in wealth. To date, no direct evidence about the

curvature of relative risk aversion exists. In light of Proposition 1, expected utility thus makes

no definitive prediction about the effect of multiplicative background risk on risk taking.

The setting in the experiment is more specific compared to Franke et al.’s (2006) general

theory because both the investment risk and the background risk have two outcomes each. In

this case, we obtain a simpler result.

Proposition 2. Let the individual be weakly prudent (i.e., u′′′ ≥ 0) and assume a binary

investment risk and a binary multiplicative background risk. We can then find a value yH > 1

so that for all multiplicative background risks with yH ∈ (1, yH) the following holds:

(i) If relative risk aversion and relative prudence are both increasing, multiplicative back-

ground risk raises risk taking, δ∗A ≤ δ∗B.

(ii) If relative risk aversion and relative prudence are both decreasing, multiplicative back-

ground risk lowers risk taking, δ∗A ≥ δ∗B.

Appendix A.1 provides a proof. Proposition 2 is simpler than Proposition 1 because it

removes the assumption on the level of relative risk aversion and replaces the assumption on

the curvature of relative risk aversion with an assumption on the slope of relative prudence.

Eisenhauer and Ventura (2003) construct a survey measure of relative prudence in a cross-

section of Italian households. In their data, relative prudence is increasing in financial wealth

and income. We are not aware of any direct evidence on the slope of relative prudence at the

individual level. It is thus unclear which case in Proposition 2 is more plausible.

We obtain definitive predictions if we use specific functional forms of the utility function.

Assume constant absolute risk aversion (CARA), u(x) = − exp(−Ax) with A > 0. Franke

et al. (2006) show that preferences can then be MRV or anti-MRV. In our setting, three cases

are possible. For A < 0.127, both background risks reduce risk taking; for A between 0.127 and
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0.218, the symmetric background risk increases risk taking whereas the skewed background

risk reduces risk taking; for A > 0.218, both background risks increase risk taking. The

switch from less to more risk taking occurs at a lower level of risk aversion for the symmetric

background risk compared to the skewed background risk.

When the utility function is iso-elastic, u(x) = (x1−η − 1)/(1− η) for η > 0, multiplicative

background risk only affects the individual’s welfare but not her behavior. The reason is that

U(x) = Eu(x · ỹ) = E(x · ỹ)1−η − 1

1− η
= Eỹ1−η · u(x) + 1

1− η

(
Eỹ1−η − 1

)
so that utility function U is a positive affine transformation of utility function u. A more

flexible functional form is Saha’s (1993) expo-power function u(x) = (1 − exp(−Ax1−η))/A

with relative risk aversion R(x) = η+A(1−η)x1−η. In the common case with both parameters

positive, R(x) is increasing and concave in x. Proposition 1 would then predict more risk

taking if R(x) ≥ 1 over the entire relevant domain. For relative risk aversion to exceed unity,

payoffs need to be larger than what is typically feasible in laboratory settings. Therefore, we

cannot apply Proposition 1. We can apply Proposition 2 if relative prudence is increasing

over the relevant domain. This is the case for η ∈ [0.5, 1). Estimates for η for expo-power

utility are typically below 0.5, in which case relative prudence is U-shaped, see Appendix A.2.

Hence, we cannot apply Proposition 2 either.

Figure 3 illustrates that we can indeed find more or less risk taking in response to mul-

tiplicative background risk for expo-power utility. In the dark blue region, both background

risks lead to less risk taking. In the light blue region, the symmetric background risk leads to

more risk taking whereas the skewed one leads to less risk taking. In the white region, both

background risks lead to more risk taking. As in the case of CARA utility, the switch from

less to more risk taking occurs at a lower level of risk aversion for the symmetric background

risk than the skewed one. The X marks Holt and Laury’s (2002) the point estimate for the

parameters of expo-power utility. We conclude that expected utility with an expo-power func-

tion predicts less risk taking in response to multiplicative background risk for levels of risk

aversion that we would expect in the laboratory.

2.4 Rank-dependent utility

We now consider rank-dependent utility (RDU) (Quiggin, 1982). In this model, states are

ranked according to the level of the corresponding final wealth and state probabilities are

distorted as a function of the rank of the corresponding state. Let w : [0, 1] → [0, 1] denote the

probability weighting function, which is assumed increasing with w(0) = 0 and w(1) = 1. Let

(x1, p1, x2, p2, . . . , xn, pn) be a lottery such that x1 ≥ x2 ≥ · · · ≥ xn. In rank-dependent utility,

12
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Figure 3: Risk taking under expected utility with expo-power utility

Notes: This figure shows how multiplicative background risk affects risk taking depending on the parameters

A and η of the expo-power utility function. Predictions are based on the parameters in Table 1. In the dark

blue region, both background risks increase risk taking. In the light blue region, the symmetric (left-skewed)

background risk increases (reduces) risk taking. In the white region, both background risks reduce risk taking.

the decision weight for outcome i is given by πi = w(
∑i

j=1 pi)− (
∑i−1

j=1 pi) with π1 = w(p1).
6

The lottery is then evaluated according to VRDU (x1, p1, x2, p2, . . . , xn, pn) =
∑n

j=1 πju(xj),

where u denotes a utility function.

In our experimental setup, in the absence of multiplicative background risk, we have

xH ≥ xL and the individual’s risk-taking decision is then given by

δ∗A = argmax
δ∈[0,1]

w(0.5)u(x0 + (kH − 1)δx0) + (1− w(0.5))u(x0 + (kL − 1)δx0). (1)

In the presence of multiplicative background risk, we have four potentially different levels

of final wealth, xH · yH ≥ xH · yL, xL · yH ≥ xL · yL, where the order of xH · yL and xL · yH
depends on risk taking. The individual’s risk-taking decision is given by

δ∗B = argmax
δ∈[0,1]

V (δ). (2)

6 We interpret outcomes of the investment games as good-news events and thus use the upper Choquet integral
method to derive decision weights, see Sarin and Wakker (1998).
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In case of symmetric multiplicative background risk, the order of xH · yL and xL · yH changes

at δ = 8
23 . For δ ≤ 8

23 , we have

V (δ) =w(0.25)u((x0 + (kH − 1)δx0)yH) + [w(0.5)− w(0.25)]u((x0 + (kL − 1)δx0)yH)

+[w(0.75)− w(0.5)]u((x0 + (kH − 1)δx0)yL) + [1− w(0.75)]u((x0 + (kL − 1)δx0)yL),

and for δ > 8
23 , we obtain

V (δ) =w(0.25)u((x0 + (kH − 1)δx0)yH) + [w(0.5)− w(0.25)]u((x0 + (kH − 1)δx0)yL)

+[w(0.75)− w(0.5)]u((x0 + (kL − 1)δx0)yH) + [1− w(0.75)]u((x0 + (kL − 1)δx0)yL).

For the skewed multiplicative background risk, outcomes xH · yL and xL · yH change their

order at δ = 2
3 . Thus, for δ ≤ 2

3 , the outcomes are evaluated according to

V (δ) =w(0.4)u((x0 + (kH − 1)δx0)yH) + [w(0.8)− w(0.4)]u((x0 + (kL − 1)δx0)yH)

+[w(0.9)− w(0.8)]u((x0 + (kH − 1)δx0)yL) + [1− w(0.9)]u((x0 + (kL − 1)δx0)yL),

and for δ > 2
3 , outcomes are evaluated as

V (δ) =w(0.4)u((x0 + (kH − 1)δx0)yH) + [w(0.5)− w(0.4)]u((x0 + (kH − 1)δx0)yL)

+[w(0.9)− w(0.5)]u((x0 + (kL − 1)δx0)yH) + [1− w(0.9)]u((x0 + (kL − 1)δx0)yL).

In the following, we compute and optimal risk taking with and without multiplicative back-

ground risk for Dual Theory (DT) following (Yaari, 1987), RDU with pessimistic probability

weighting, and RDU with inverse S-shaped probability weighting. Table 2.4 summarizes the

findings: We find that the pessimistic probability weighting allows more or less risk taking

when a multiplicative background risk is added when utilizing the parametrization of our

experiment. Inverse S-shaped probability weighting does not allow less risk taking in the

presence of a multiplicative background risk.

Dual Theory (DT) (Yaari, 1987) is a special case of RDU, in which utility u is the identity

function and probabilities are distorted. As shown by Beaud and Willinger (2015), we obtain

from (1) in the absence of background risk,

δ∗A =


1 if 1−w(0.5)

w(0.5) < −kH−1
kL−1 ,

∈ [0, 1] if 1−w(0.5)
w(0.5) = −kH−1

kL−1 ,

0 if 1−w(0.5)
w(0.5) > −kH−1

kL−1 .

(3)

The linearity of the preference functional in δ typically results in corner solutions. Thus,

DT predicts either full investment in the risky asset or none, with the only exception being

the special case in which 1−w(0.5)
w(0.5) = −kH−1

kL−1 and the decision maker is indifferent between

14
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Table 3: Comparative Risk Taking Predictions in RDU, Based on Numerical Analyses

Theory Probability weighting Utility Main results

DT Pessimistic pγ linear
More or less risk taking possible
higher pessimism
⇒ more risk taking

RDU Pessimistic pγ xα
More or less risk taking possible
higher pessimism, higher risk aversion
⇒ more risk taking, c.p

RDU
Prelec (1998)(1 & 2 parameter)
Tversky and Kahneman (1992)
Goldstein and Einhorn (1987)

xα More or equal risk taking

Notes: This table provides the overview of the results obtained in this section. More (less) risk tak-
ing refers to more (less) risk taking when being exposed to multiplicative background risk compared
to the absence of background risk.

investment amounts. Let us now consider a decision maker with a convex probability weighting

function w. This decision maker places relatively low value on low outcomes and relatively

high value on the bad outcomes and thus acts pessimistically towards risk (Yaari, 1987).

Pessimism results in 1−w(0.5)
w(0.5) > 1. If the individual is only weakly pessimistic such that

1−w(0.5)
w(0.5) < −kH−1

kL−1 , a full investment into the risky asset is optimal. If the decision maker is

highly pessimistic, zero risk taking can be optimal.

If we add multiplicative background risk, the analysis of optimal risk taking within DT

becomes more complex. To calculate risk taking predicted by DT, we assume probabilities

are weighted according to w(p) = pγ for γ ≥ 1. This function is convex and thus reflects

pessimistic behavior.7 Figure 4 plots optimal risk taking as functions of γ in the absence

and presence of (symmetric and skewed) multiplicative background risk for the experiment’s

parameters as shown in Table 1. For each type of multiplicative background risk, there is a

set of γ-values such that DT predicts strictly less risk taking or strictly more risk taking with

multiplicative background risk. Thus, DT can predict either less or more risk taking in the

presence of multiplicative background risk, depending on the degree of pessimism γ. This is

qualitatively different than the case of an additive background risk: as pointed out in Beaud

and Willinger (2015), DT never predicts less risk taking with additive background risk.8 The

reason for these differences in predictions is the different effect of additive and multiplica-

tive background risk on final wealth outcomes. While additive background risk only changes

7 An optimistic decision maker with probability weighting function w(p) = pγ for γ < 1 always risks everything
irrespective of whether background risk is present or not.

8 It can be shown that in the set up of Beaud and Willinger (2015), whenever risking everything is optimal
without background risk, it is also optimal with additive background risk as well.
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Figure 4: Optimal Risk Taking Predicted by Dual Theory
Notes: This figure shows optimal risk taking as predicted by Dual Theory. The

parameters of the investment game are provided in Table 1. Probability weights

are calculated according to w(p) = pγ , where γ ≥ 1 reflects pessimism.

probability weights, multiplicative background risk also changes wealth outcomes. Both ad-

ditive and multiplicative background risk create additional final wealth outcome states, thus

changing probability weighting. However, while the additive background risk can be separated

due to the linearity of utility, this is not true for the multiplicative background risk. Wealth

changes due to additive background risk therefore do not matter for the maximization of the

preference functional.

We now study optimal risk taking with pessimistic probability weighting and risk aversion

in wealth, i.e. w(p) = pγ for γ ≥ 1 to also including risk aversion in wealth. We follow much of

the empirical literature on probability weighting (e.g., Wu and Gonzalez (1996) and Tversky

and Kahneman (1992)) and assume utility to be given by the power function, i.e. u(x) = xα

for some α ∈ [0, 1]. Note that as already pointed out, the power utility function results in no

changes within EUT. Thus, the effects we observe can be attributed to probability weighting,

which also interacts with risk aversion as we see below.
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Figure 5: Parameter Combinations That Predict Less and More Risk Taking in RDU
Notes: This figure shows the parameter combinations (γ, α) that predict (weakly)

less risk taking (shaded areas) in RDU. Combinations in the non-shaded area yield

more risk taking with multiplicative background risk compared to its absence.

Figure 5 shows the parameter combinations (γ, α) that result in weakly less (shaded) and

more (non-shaded) risk taking.9 Panel (A) of Figure 5 considers the symmetric background

risk case, while Panel (B) shows the skewed background risk. For both symmetric and skewed

background risk, we observe a triangle area in the upper left in which individuals optimally

take less risk with multiplicative background risk. Ceteris paribus, for a given level of risk

aversion α, a higher degree of pessimism γ will eventually result in more risk taking. Similarly,

for a given level of pessimism γ, a higher degree of risk aversion (i.e. smaller α) will also

eventually lead to more risk taking. Figure 5 also includes the DT case as a special case with

α = 1 and we observe the same pattern in Figure 4. Figure 5 shows that the DT result is

robust to allowing for moderate levels of risk aversion, while larger values of risk aversion

(smaller α) always predict more risk taking with background risk.

We now assume an risk averse RDU decision maker with inverse S-shaped probability

weighting. Empirical findings support S-shaped probability weighting, implying that the

probability weighting function rather is concave for small values of p and convex for larger

values of p. Accordingly, individuals display risk-seeking behavior for unlikely gains and risk

aversion for gains with medium or high probability (Wu and Gonzalez, 1996). We utilize

the four most commonly used inverse-S-shaped probability weighting functions used in the

9 The shaded area includes combinations for which investment amounts are identical with and without back-
ground risk. For each kind of background risk, there are combinations in the upper-left triangle which result
in strictly less risk taking with background risk. The shaded area on the right-hand side in Panel (B) is
where zero investments are optimal with and without symmetric background risk.
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Table 4: Parameter Sets Used in Numerical Analysis of Optimal Risk Taking in RDU

Probability Weighting Function γ δ α

Prelec 1-Parameter
[0.01, 1] n.a. [0.01, 1]

w(p) = exp(−(ln(p))γ)

Tversky-Kahneman
[0.01, 1] n.a. [0.01, 1]

w(p) = pγ

(pγ+(1−p)γ)
1
γ

Prelec 2-Parameter
[0.01, 0.99] [1, 2] 0.5(1)

w(p) = exp(−δ(ln(p))γ)

Goldstein-Einhorn
[0.01, 0.99] [0, 1] 0.5(1)

w(p) = δpγ

δpγ+(1−p)γ

Notes: This table shows the parameters used in the numerical analysis of optimal
risk taking for a decision maker following RDU with power utility u(x) = xα and
probability weighting according to the respective function w.
(1) Wu and Gonzalez (1996) estimated this value α = 0.5 of the power utility
function (assuming probability weighting according to the function of Tversky-
Kahneman).

literature:10 Prelec’s (1998) 1- and 2-parameter function, Tversky and Kahneman’s (1992)

function and the function from Goldstein and Einhorn (1987). To derive predictions within

RDU with power utility and inverse-S-shaped probability weighting, we numerically calculate

optimal risk taking. The parametric form of the functions together with the parameter set

that we used in our numerical calculations are given in Table 4. None of the functions

result in strictly less risk taking in the presence of either symmetric or skewed multiplicative

background risk.

All considered cases of inverse S-shaped probability weighting functions increase risk tak-

ing when being exposed to multiplicative background risk. We use the following simplified

example to provide intuition why inverse S-shaped probability weighting results in more risk

taking when a multiplicative BR is present. Consider the case of symmetric background risk

and assume that probability weighting w has the inverse-S-shape and is symmetric around

0.5, which requires w(0.5) = 0.5. This function is concave below 0.5 and convex thereafter.

Further assume power utility u(x) = xα. Thus, without background risk, the optimal invest-

ment coincides with that of an EUT decision maker with utility function u. For δ∗B, note

that the symmetry around 0.5 results in the value function V to be the same for δ ≤ 8
23 and

δ > 8
23 such that V is concave in δ on [0, 1] and the first-order condition yields the optimum.

The first-order condition, using the symmetry around 0.5 and the fact that we can separate

10 While the functions also allow for other shapes, we only consider parameters that result in inverse-S-shaped
functions.
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multiplicative terms in the power function, is given by

[w(0.5)− w(0.25)]yγH + w(0.25)yγL
w(0.25)yγH + [w(0.5)− w(0.25)]yγL

u′(x0 + (kL − 1)δx0)

u′(x0 + (kH − 1)δx0)
= −kH − 1

kL − 1
. (4)

If we show that the left fraction in (4) is smaller than unity (=(1 − w(0.5))/w(0.5)), it fol-

lows that the optimal investment δ∗B needs to be larger than δ∗A. The first fraction in (4)

being smaller than unity is equivalent to w(0.5) − w(0.25) < w(0.25), which holds due to

the concavity of w on [0, 0.5]. Thus, the optimal investment in the presence of symmetric

multiplicative background risk increases and we observe more risk taking. Similarly, if we

assume the probability weighting function w to be S-shaped, we obtain less risk taking with

symmetric multiplicative background risk.11 Consequently, assuming a specific shape of the

probability weighting function may fully determine comparative risk taking behavior when

being exposed to multiplicative background risk.

2.5 Cumulative prospect theory

In cumulative prospect theory (CPT, Tversky and Kahneman (1992)), probabilities are dis-

torted as in RDU. CPT adds two additional features: reference point dependence and loss aver-

sion. Let r denote the reference point of an individual. For a lottery (x1, p1, . . . , xn+m, pn+m)

with x1 ≥ · · · ≥ xn ≥ r ≥ xn+1 ≥ · · · ≥ xn+m, the preference functional in CPT takes the

following form

V (x̃) =
n∑

i=1

π+
i · v(xi) +

n+m∑
i=n+1

π−
i · v(xi)

where π+ = [π+
1 , . . . , π

+
n ] and π− = [π−

n+1, . . . , π
−
n+m] are decision weights derived from the

probability weighting functions w+ : [0, 1] → [0, 1] and w− : [0, 1] → [0, 1]:

π+
i = w+

 i∑
j=1

pj

− w+

 i−1∑
j=1

pj

 , for 2 ≤ i ≤ n,

π−
i = w−

n+m∑
j=i

pj

− w−

 n+m∑
j=i+1

pj

 , for n+ 1 ≤ i ≤ n+m− 1,

with π+
1 = w+ (p1) and π−

n+m = w− (pn+m), where w+ and w− are strictly increasing functions

with w+(0) = w−(0) = 0 and w+(1) = w−(1) = 1.

11 This is also numerically confirmed: assuming the Prelec 1-Parameter probability weighting function for
γ ∈ [1, 2] (which yields an S-shape) together with the utility function u(x) = xα for α ∈ [0, 1] yields less risk
taking in the presence of multiplicative background risk for all parameter values.
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To calculate the optimal investment level, δ, we adopt the standard approach of a piece-

wise power value function

v(x) =

v+(x) = (x− r)α for gains, i. e., x− r ≥ 0,

v−(x) = −λ (r − x)β for losses, i. e., x− r < 0,
(5)

where λ measures the degree of loss aversion and α and β shape how individuals value devi-

ations from the reference point.

The reference point dependence of CPT raises the question which reference point indi-

viduals choose. Setting the reference point to a certain level can have a decisive impact on

comparative risk taking behavior when being exposed to background risk. For instance, in case

of additive background risk, Beaud and Willinger (2015) find in numerical calculations using

three exemplary parameter sets that the reference point fully determines whether individuals

take more or less risk.

For this reason, we choose the empirical findings of Baillon et al. (2020) as guidance for

our numerical calculations. The authors find that the most commonly used reference points

are the status quo and a security level that can be obtained with certainty (which is labeled

as MaxMin in Baillon et al. (2020)). The status quo in the experiment of Baillon et al.

(2020) is the participation fee that individuals receive with certainty. As we do not offer

such a participation fee in our experiment, the status quo would equal zero in our setting

and CPT collapses into the RDU case that we discussed previously. The MaxMin rule yields

the maximum of the minimal outcomes as the reference point. This value corresponds to

the amount of money that individuals can receive with certainty with a specific choice. In

our experiment, the MaxMin rule results in the respective reference points being the highest

amount of money individuals can obtain for sure. This amount can be obtained if they invest

nothing at all: without background risk, the reference point is rA = EUR 8.00, with symmetric

background risk it is rsy = EUR 4.80 and with skewed background risk, the MaxMin rule

yields rsk =EUR 1.60. In order to assess the impact of the reference point in comparative

decision making, we also consider the MinMax rule of Baillon et al. (2020). This rule yields

the minimum of the maximal outcomes as the reference point. Without background risk, the

MinMax rule again yields rA = EUR 8.00. With background risk, the values are rsy = EUR

11.20 for symmetric and rsk =EUR 9.60 for skewed background risk.

To calculate predictions of optimal risk taking in CPT, we use the Tversky and Kahneman

(1992) probability weighting function, which is given by

w(p) =
pγ

(pγ + (1− p)γ)
1
γ

. (6)

We assume probability weighting is different for gains and losses (relative to the reference

point), and use the standard parameters γ+ = 0.61 and γ− = 0.69 as the respective parameters

of (6) for w+ and w− (Tversky and Kahneman, 1992). For the value function, we use (5)
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Figure 6: Differences in Risk Taking as Predicted by CPT

Notes: This figure shows differences risk taking with and without multiplicative background risk as predicted by

Cumulative Prospect Theory for different values of loss aversion λ. Panel (A) shows the symmetric background

risk case. Panel (B) shows the skewed background risk case. Without background risk, the reference point is

8.00. For symmetric background risk, the low reference point equals 4.80, the high reference point is 11.20. For

skewed background risk, the low reference point is 1.60, the high reference point equals 9.60. The parameters

of the investment game are provided in Table 1. Probability weights are calculated according to the function

of Tversky and Kahneman (1992) with γ+ = 0.61 and γ+ = 0.69. The value function is given by (5) with

α = 0.8 and β = 0.88.

with a standard choice of α = 0.8 and β = 0.88 (see, for instance, Beaud and Willinger (2015)

and Bernard and Ghossoub (2010)).12 Figure 6 shows the differences in risk taking between

the presence and absence of multiplicative background risk as functions of the loss aversion

parameter λ for either choice of reference point. The non-smooth shape of the functions is

due to the rank dependence and the reference point dependence: as loss aversion increases,

optimal investment amount change with background risk, resulting in changes of rank orders.

As Figure 6 shows, we observe more risk taking for either reference point rule for most values

of loss aversion. We only observe less risk taking for the low reference point for λ > 1.92 in

case of symmetric background risk13 and for λ < 1.012 in case of skewed background risk.

The high reference point always predicts more risk taking, irrespective of loss aversion. To

sum up, CPT with standard parametrization unambiguously predicts more risk taking for

intermediate levels of loss aversion.

12 The standard values estimated by Tversky and Kahneman (1992) are α = β = 0.88. These values, however,
result in plunging in the absence of background risk, i.e. the investor only invests all or nothing. Such a
plunging behavior for α close to β is also observed in Bernard and Ghossoub (2010).

13 The difference is slightly (strictly) negative for λ > 1.92.
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3 Experimental design

We conduct an incentivized experiment to measure the effect of multiplicative background

risk on risk-taking behavior. In the experiment, each subject makes two investment decisions

that only differ by the presence of a multiplicative background risk. In situation A, subjects

play a version of Gneezy and Potters’s (1997) investment game but background risk is ab-

sent. In situation B, subjects play the same investment game but now in the presence of a

multiplicative background risk. We randomize the order of these two choices between sub-

jects. Table 1 provides the parameter values in the experiment for the investment game and

the multiplicative background risks. We compare each subject’s risk-taking decision in the

absence of background risk to her risk-taking decision in the presence of background risk. We

can thus observe whether risk taking decreases, stays the same, or increases in response to the

multiplicative background risk. Our experimental design is similar to Beaud and Willinger’s

(2015) with the important difference that they study additive background risk whereas we

study multiplicative background risk.

The experiment has two treatments. In the symmetric treatment, the multiplicative back-

ground risk is symmetric. In the skewed treatment, the multiplicative background risk has

negative skewness and is thus left-skewed. We randomly assign subjects to the two treatments.

We set the parameters of the two background risks in such a way that both have the same

mean of one and the same variance. The mean of final wealth thus remains unchanged when

introducing multiplicative background risk and the variance of final wealth increases. The

variance increases by exactly the same amount in both treatments. However, the difference

in skewness between the two background risks leads to differences in the level and slope of

the skewness of final wealth across the two treatments.

We take several measures to present the investment game and the multiplicative back-

ground risk in a palpable way. Figure 7 shows the investment game in the presence of the

left-skewed background risk. For illustration we set the investment amount to EUR 4.20 even

though no default is pre-selected on the screen as subjects arrive on the page. Instead, sub-

jects have to actively select a slider position before the screen is populated. We present the

final wealth distribution for the subject’s choice of investment amount in compound form as

recommended by Harrison et al. (2015) and Deck and Schlesinger (2018). All probabilities

are stated as fractions out of 10 such as 5
10 . We show the possible outcomes of the investment

game side by side in two panels. We explain verbally that each outcome of the investment

game is equally likely and support this visually by having panels of equal size. We randomize

for each subject whether the favorable outcome is presented on the left or the right side. Each

panel displays the effect of the multiplicative background risk. We describe it verbally in the

text and visualize it with the pie chart. We display monetary amounts and also state the

percentage increase or decrease they correspond to. As subjects use the slider to determine

their risk taking, all monetary amounts update immediately and automatically.
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Figure 7: Screenshot of the investment game in the presence of multiplicative background risk
in the skewed treatment
We present the choice of investment amount in compound form. In the example, δ∗B = 4.20/8.00 =

52.5% because 52.5% of the subject’s endowment of x0 = EUR 8.00 is invested in the risky asset. The

screenshot shows the English translation of the originally German screen.

Figure 8 illustrates the timeline of the experiment. Subjects were informed about the

different tasks and their order before they started to make any decisions. Subjects first solve

a real effort task to mitigate concerns of a potential house-money effect (see Thaler and

Johnson, 1990). In this task, subjects have to align sliders in a limited amount of time.

Afterwards subjects play two versions of the investment game, one without background risk

and one with a multiplicative background risk. We randomize the order of the two investment

games for each individual to rule out potential order effects (see Harrison et al., 2005). After

the investment games, we collect sociodemographic information with a questionnaire. Finally,

all randomizations play out and final pay-offs are displayed to the subjects.

We recruited 334 participants in six experimental sessions in August 2021 at Universität

Hamburg. During the Covid 19 health crises the lab at Universität Hamburg developed an
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Figure 8: Timeline of the experiment

online laboratory, in which subjects participate in the experiment online and are supervised

at their home computers for the duration of the session. We programmed the experiment

in oTree (Chen et al., 2016) and recruited randomly from the subject pool of the lab using

hroot (Bock et al., 2014). This subject pool consists mainly of undergraduate students at

Universität Hamburg. We informed subjects at the beginning of the experiment that one

out of the two choices in the investment games will be randomly selected and played out for

compensation. We refer to Cubitt et al. (1998) and Azrieli et al. (2018) for a discussion of

the validity of the random payment technique. The experiment lasted about 25 minutes on

average and the average payment was EUR 8.52 (about USD 9.97 at that time), with values

ranging from EUR 0 to EUR 28. All subjects only participated in one session.

4 Results

4.1 Summary statistics

Table 5 shows summary statistics of individual characteristics of the 325 experiment’s subjects

that we include in our analysis.14 On average, individuals risk 0.53 of their endowment without

background risk (δA) and 0.55 with background risk (δB · x0). Average age is 25.73 years,

as the majority of subjects are students. We observe 71% female participants, which can be

attributed to the fact that the main campus, where the lab is located, mostly hosts humanities

and social sciences, while math and sciences have separate campus locations. One individual

identifies as non-binary. The general risk question (GRQ) indicates that subjects are on

average slightly risk averse with an average reported willingness to take risks of 4.93. The

majority of the sample has already taken part in additional experiments.

Table 6 provides summary statistics of the subjects’ investment choices split up by whether

they are exposed to the skewed (column 1) or the symmetric background risk (column 2).

Column 3 shows the difference in means between the different background risks. We compute

two-sided Wilcoxon rank sum tests to asses whether the observed differences are statistically

significant. We do not find significant differences for risk taking without background risk

(δA), age, gender, whether this is the subject’s first time in the lab. We find marginally

significant differences between the risk taking with background (δB) risk depending on the

14 We exclude four subjects who spent substantially less time on the decision screens than everyone else. We
additionally exclude five participants who do not touch any sliders in the slider task.
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Table 5: Summary statistics

Mean Median Minimum Maximum SD

Risk Taking: No BR (δA) 0.53 0.50 0.00 1.00 (0.28)
Risk Taking: Background Risk (δB) 0.55 0.50 0.00 1.00 (0.28)
Age 25.73 25.00 19.00 58.00 (4.93)
Female 0.64 1.00 0.00 1.00 (0.48)
GRQ 4.93 5.00 1.00 10.00 (2.12)
First Time 0.05 0.00 0.00 1.00 (0.22)

Observations 325

kind of background risk the subjects are exposed to. We find that subjects invest 0.054 more

into the risky asset on average when exposed to the skewed background risk. The average risk

taking with symmetric background risk equals 0.53, which is almost identical to the mean

investment without background risk over all subjects (0.53) which is displayed in Table 5.

In addition, we observe a marginally statistically significant difference in the GRQ between

subjects exposed to the skewed and symmetric background risk. This is of potential concern

as differences in risk preferences may drive the differences in risk taking under the skewed and

the symmetric background risk. We do not observe any differences in risk taking amounts

without background risk which alleviates mentioned concerns about systematic differences in

risk preferences between individuals exposed to the skewed and the symmetric background

risk.

As pointed out in the previous section, we randomized the order of the two investment

choices presented to our subjects: approximately half of our subjects first decide on their

investment with background risk and half without background risk. We do not observe signif-

icant order effects with respect to risk taking in the presence of the multiplicative background

risk, δB = 0.566 in the first round and δB = 0.537 in the second round. As in Beaud and

Willinger (2015), we observe higher risk taking without background risk when this decision

is presented second. δA = 0.492 in the first round and δA = 0.560 in the second round. The

difference is smaller as in Beaud and Willinger (2015), yet, significant. We control for the

order of decisions in all regressions even though they only occur in the risk taking task without

background risk.

4.2 Background risk effects

In the following sections, we analyse the impact of adding a multiplicative background risk on

risk taking. We will base our analyses on two different samples: one that includes all decisions

and a second sample where we drop all subjects that invest 8 Eur (49 subjects dropped) in

both investment or 0 Eur in both investments (six subjects). We label these individuals as

extreme risk takers and the following example illustrates why we exclude them: A subject
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Table 6: Summary by Background Risk

Skewed BR Symm BR Diff

Risk Taking: No BR (δA) 0.531 0.525 0.005
(0.275) (0.285)

Risk Taking: Background Risk (δB) 0.578 0.526 0.054∗

(0.267) (0.298)

Age 25.87 25.59 0.28
(5.392) (4.431)

Female 0.634 0.652 -0.018
(0.966) (0.950)

GRQ 5.104 4.752 0.352∗

(2.086) (2.136)

First Time 0.049 0.056 - 0.007
(0.216) (0.230)

Observations 325

Notes: mean coefficients; sd in parentheses; Diff: two-sided Wilcoxon rank-
sum test, ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

who risk EUR 8 in both treatments may potentially have borrowed additional money to risk

more than 100% with or without the background risk. We drop them as we are not able to

correctly classify repeated all or nothing choices as subjects may have wanted to invest more

in one or both choices if possible.

The following table 7 shows all risk-taking decisions with and without background risk

excluding extreme risk takers. The table including all decision makers is in appendix B.1. We

observe that 39% of individuals take more risk, 34% less, and 27% do not change their risk

taking.15 A binomial test fails to reject the hypothesis that there is significant difference in

individuals who increase or reduce risk taking.

Table 7: Risk taking - with background risk, no extreme risk takers

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 38.89 26.67 34.44 100
δA (mean) 0.37 0.45 0.55 0.45
δB (mean) 0.59 0.45 0.39 0.48
No. of Observations 105 72 93 270

Notes: This table excludes extreme risk takers who risk the same limiting amount in both choices.

15 Note that we exclude 55 individuals with limiting choices. Naturally, including extreme risk takers increases
the proportion of individuals not changing risk taking.
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First, we aim to find out whether adding a multiplicative background risk increases risk

taking. Let δ denote risk taking, independent on whether there is background risk. We

estimate the following equation:

δij = (1BR)ij + Ui +Controlsij + ϵij (7)

where (1BR)ij denotes a dummy variable whether the individual was exposed to background

risk. i denotes the individual and j ∈ (1, 2) whether it is the first or second investment

of the individual. Ui denotes the individual random effect.16 We estimate OLS and Tobit

specification as individuals cannot invest less than 0 or more than 1. Additional controls

include gender, age, the general risk question (GRQ), the major of studies, whether the

individual played the experiment for the first time, effort invested in the real effort task, and

the order of risk taking choices.

Table 8: Risk Taking with and without background risk
(1) (2) (3) (4)

Risk taking Risk taking Risk taking Risk taking
OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

Background risk (BR) 0.0244 0.0321 0.0244∗∗ 0.0307 ∗∗

(0.0186) (0.0229) (0.0114) (0.0138)

Additional controls Gender, Age, Gender, Age, Gender, Age, Gender, Age,

GRQ, Major GRQ, Major GRQ, Major GRQ, Major

First Time First Time First Time First Time

Effort, Order Effort, Order Effort, Order Effort, Order

(Pseudo) R2 0.3175 0.3875 0.3650

N 650 650 650 650

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

In summary, we only find some evidence that adding a multiplicative background risk

increases risk taking slightly when we pool the symmetric and the skewed background risk.

In the following, we investigate whether a skewed background risk has a different impact than

a symmetric background risk on risk taking.

4.3 Skewness effects

As the summary statistics already indicate, we observe different behavior depending on

whether the individual faces the symmetric or the skewed background risk. For this rea-

16 The Hausman test supports the choice of random effects over fixed effects.
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son, we provide our main analysis separately for both types of background risks. We start

with the skewed background risk.

Figure 9: Cumulative distribution functions risk taking, skewed background risk treatment

Figure 9 shows the cumulative distribution functions (cdfs) for risk taking in the presence

of the skewed background risk and without background risk. We observe that risk taking in

the skewed background risk treatment first-order stochastically dominates risk taking with-

out background risk, indicating that subjects take more risk in the presence of the skewed

background risk. The difference in mean risk taking between the skewed background risk

treatment and no background risk amounts to around 4.6%-points (see Table 6), indicating

individuals to be less risk averse in the presence of the skewed background risk. To further

analyze this, we run a Wilcoxon signed-rank test against the null hypothesis that risk taking is

the same. The test rejects the null hypothesis (p = 0.030). This implies that risk taking in the

skewed background risk treatment is significantly larger than risk taking without background

risk.

In Table 9, we report whether individuals take more or less risk in the presence of the

skewed background risk. 42.45% of subjects take more risk in the presence of the skewed

background risk. 28.78% of reduce risk taking in the presence of the skewed background risk.

Meanwhile, 28.78% of the subjects make identical choices with and without background risk.
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These figures are based on the subsample of subjects that do not invest the maximum or

minimum in both choices, respectively. We drop 25 extreme risk takers.17

Table 9: Risk taking - skewed background risk, no extreme risk takers

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 42.45 28.78 28.78 100
δA (mean) 0.40 0.44 0.55 0.45
δB (mean) 0.63 0.44 0.40 0.51
No. of Observations 59 40 40 139

Notes: This table excludes extreme risk takers who risk the same limiting amount in both choices.

We run a binomial test on whether more individuals take more or less risk in the presence of

background risk. This test rejects the null hypothesis of random behavior (i.e. the probability

of taking less risk being 0.5, conditional on that individuals change risk taking.) (p = 0.070).

This again provides support of a significant effect of the skewed background risk on risk taking.

Accordingly, we observe more cases where background risk increases risk taking. In addition,

risk taking is significantly larger on aggregate in the presence of the skewed background risk

compared to the control investment decision. Thus, we find support of individuals increasing

risk taking in the presence of the skewed background risk.

Figure 10 plots the cumulative distribution functions of risk taking in presence of the

symmetric background and no background risk. Unlike in the case of the skewed background

risk, the curves are much closer together in this case. The difference in risk taking is -0.002

(see Table 6). Consequently, the Wilcoxon signed-rank test does not reject the null hypothesis

of equal risk taking.

Table 10 shows whether individuals take more, the same or less risk when a symmetric

background risk is added. Again, we exclude those individuals who risk the same limiting

amount (30 individuals). Based on this sample, 35% of individuals take more risk in the

presence of the symmetric background risk, while 40% take less risk.18 A binomial test fails

to reject the null hypothesis of random (or indifferent) behavior at any usual significance level

(p = 0.547). Overall, our results indicate that, on aggregrate, risk taking in the presence of the

symmetric background risk is not different than risk taking without multiplicative background

risk.

We aim to find out whether adding a symmetric or a skewed multiplicative background

risk increases risk taking compared to risk taking in absence of background risk. Let δ denote

risk taking, independent on whether there is background risk. We estimate the following

equation:

δij = (1Skewed)ij + (1Symm)ij + Ui +Controlsij + ϵij (8)

17 In Table B.2 in the Appendix, we include these 25 individuals and consider them to be indifferent.

18 In Table ?? in the Appendix, we include the 30 indifferent subjects.
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Figure 10: Cumulative distribution functions risk taking, symmetric background risk treat-
ment
Notes: This figure shows the cumulative distribution functions of risk taking without background risk

and the symmetric background risk.

Table 10: Risk taking - symmetric background risk, no extreme risk takers

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 35.11 24.43 40.45 100
δA (mean) 0.35 0.47 0.54 0.45
δB (mean) 0.53 0.47 0.38 0.46
No. of Observations 46 32 53 131

Notes: This table excludes extreme risk takers who risk the same limiting amount in both choices.

where (1Skewed)ij denotes a dummy variable indicating whether the individual was exposed to

the skewed background risk while (1Symm)ij indicates that the background risk is symmetric.

All other variables are defined as in 7: i denotes the individual and j ∈ (1, 2) whether it is

the first or second investment of the individual. Ui denotes the individual random effect.19

We estimate OLS and Tobit specification as individuals cannot invest less than 0 or more

19 The Hausman test supports the choice of random effects over fixed effects.
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than 1. Additional controls include gender, age, the general risk question (GRQ), the major

of studies, whether the individual played the experiment for the first time, effort invested in

the real effort task, and the order of risk taking choices.

Table 11: Risk Taking with skewed and symmetric background risk vs. absent background
risk

(1) (2) (3) (4)
Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit
(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

Skewed background risk 0.0447∗∗ 0.05666∗∗ 0.0465∗∗∗ 0.0561∗∗∗

(0.0216) (0.0280) (0.0153) (0.0184)

Symmetric background risk 0.0037 0.0067 0.0019 0.0041
(0.0237) (0.0283) (0.0154) (0.0187)

Additional controls Gender, Age, Gender, Age, Gender, Age, Gender, Age,

GRQ, Major GRQ, Major GRQ, Major GRQ, Major

First Time First Time First Time First Time

Effort, Order Effort, Order Effort, Order Effort, Order

(Pseudo) R2 0.3201 0.3908 0.3660

N 650 650 650 650

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 11 shows that the addition of a skewed multiplicative background risk increases risk

taking by between 0.045 and 0.057. The coefficient estimate are significant at the 5%-level in

the cross-sectional estimations (1) and (2) and at the 1%-level when adding random effects.

We do not observe statistically significant coefficient estimates for the symmetric background

risk. In summary, individuals risk significantly more with skewed background risk compared

to the absence of background risk.

In the following, we analyze whether the skewed background risk leads to more individuals

being classified as more risk taking with skewed or symmetric background risk. We therefore

define the categorical variable y =


1 if δB > δA

0 if δB = δA

−1 if δB < δA

, which indicates whether an indi-

vidual takes more risk in the presence of a background risk, the same or less, respectively.

We run an Ordered Probit model in order to asses whether the shape of the background risk

affects if individuals take more risk with background risk. In addition, we want to observe

whether additional factors also affect this choice. We estimate the following equation:

yi = (1skewed)i + Femalei +Agei + First Timei + Efforti +Roundi +Controlsi + ϵi (9)
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where 1skewed is an indicator whether an individual was exposed to the skewed background

risk. Female is equal to one if an individual reports to be female. Age is the age of individuals

and First Time is an indicator whether this was the first economic experiment of the individual.

Additional controls include the self-reported Willingness to take risks and the reported major

of the subjects.

Table 12 reports the results on three different samples. Column (1) includes all individ-

uals, column (2) excludes individuals who chose the maximum or minimum in both choices.

In column (3), all individuals are excluded who invest the same amount with and without

background risk. In this case, y only has two outcomes and we therefore run a Probit model

on the probability of taking more risk when background risk is present.

Table 12 reports a significant impact of the skewed background risk on the decision to take

more risk with background risk. The coefficient is significant at the 10%-level in model (1)

which includes all observations and at the 5%-level in models (2) and (3) on the sample without

extreme risk takers and without constant risk takers, respectively. The skewed background

risk implies that significantly more individuals increase risk taking with a skewed background

risk compared to the symmetric background risk. Other than the shape of the background

risk, we do not find a significant impact of the gender, age, and whether individuals take part

in an economic experiment for the first time. We also control for risk attitudes measured

by the general risk question (GRQ) and Major as well as invested effort at the beginning

of the experiment and whether individuals are first presented the risk taking task without

background risk. We find that individuals are more likely to take more risk in the presence

of background risk if the background risk is added in the second decisions. As discussed

before, this effect seems to be driven only by changes between rounds in δA, i.e. risk taking

without background risk. As individuals increase risk taking on average in the absence of

background risk in the second round compared to the first, individuals are less likely to take

more risk in the presence of background risk. As this pattern of an increasing δA does not

seem to depend on the kind of multiplicative background risk presented in the first round, we

find a significant difference in the likelihood to take more risk with the skewed background

risk compared to the symmetric. The detailed table is reported in the appendix. We do not

find any consistent significant patterns of impact on the decision to increases risk taking for

both of these additional controls. In summary, we only find that the skewed background risk

increases risk taking.

After the analysis of the decision to take more risk in presence of a background risk, we

now present results on the actual risk taking with present background risk while controlling

for the risk taking decision without background risk. Accordingly, we estimate the following

equation

(δB)i = (1skewed)i+(δA)i+Femalei+Agei+First Timei+Efforti+Roundi+Controlsi+ϵi (10)
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Table 12: More Risk Taking in Presence of Background Risk
(1) (2) (3)

Ordered Probit Ordered Probit Probit
(All) (No extreme risk takers) (No constant risk takers)

Skewed BR 0.240∗ 0.300∗∗ 0.426∗∗

(0.130) (0.146) (0.203)

Female -0.003 -0.052 -0.106
(0.136) (0.165) (0.228)

Age 0.014 0.016 0.0177
(0.012) (0.0128) (0.0217)

First Time -0.301 -0.440 -0.598
(0.270) (0.318) (0.409)

Effort 0.152 0.179 0.501∗∗

(0.101) (0.112) (0.197)

Order B A -0.359∗∗∗ -0.390∗∗∗ -0.505∗∗

(0.139) (0.151) (0.235)

Additional Controls

Risk Attitude yes yes yes

Major yes yes yes

Constant -10.979∗∗

(4.852)

cut1 2.857 3.794
(2.113) (2.323)

cut2 3.947 4.536
(0.2.109) (2.320)

Pseudo R2 0.045 0.059 0.127

N 325 270 198

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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where all control variables are defined as in (9). The only difference is that we do not add

the GRQ as an additional control as we capture risk attitude by δA which reports risk taking

without background risk.20 We estimate equation (10) on the whole sample (all) as well

as on the sample without extreme risk takers (no extremes). In addition, we estimate the

equation utilizing OLS as well as a Tobit specification to account for maximum and minimum

investments in the lab.

Table 13: Risk Taking with Background Risk
(1) (2) (3) (4)

Risk Taking δB Risk Taking δB Risk Taking δB Risk Taking δB
OLS Tobit OLS Tobit
(All) (All) (No extremes) (No extremes)

Skewed BR 0.047∗∗ 0.053∗∗ 0.052∗∗ 0.052∗∗

(0.021) (0.025) (0.024) (0.025)

Risk Taking δA 0.713∗∗∗ 0.898∗∗∗ 0.479∗∗∗ 0.476∗∗∗

(0.052) (0.052) (0.082) (0.061)

Female -0.066∗∗∗ -0.094∗∗∗ -0.050∗ -0.053∗

(0.026) (0.028) (0.029) (0.028)

Age 0.004∗ 0.004 0.005∗ 0.005∗∗

(0.002) (0.003) (0.003) (0.003)

First Time -0.006 -0.012 -0.024 -0.028
(0.038) (0.058) (0.044) (0.058)

Effort 0.009 0.020 -0.000 0.000
(0.011) (0.022) (0.011) (0.021)

Order B A 0.022 0.026 -0.025 -0.024
(0.022) (0.025) (0.025) (0.025)

Additional Controls

Major yes yes yes yes

Constant -0.082 -0.319 0.167 0.180
(0.239) (0.453) (0.233) (0.425)

(Pseudo) R2 0.575 0.8186 0.255 3.859

N 325 325 270 270

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

20 As an added benefit, we observe a higher R2 when utilizing δA instead of the GRQ.
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Table (13) reports the estimation results from equation 10. We consistently find that

individuals take more risk when the background risk is skewed compared to a symmetric

background risk. The coefficient estimates are significant at the 5%-level and range between

0.047 and 0.053. This indicates that individuals risk about 5%-points more when facing

the skewed background risk compared to the symmetric. We observe a large and significant

association between risk taking with and without background risk. This is not surprising

as risk taking without background risk measures risk aversion. The coefficient estimate is

substantially larger in columns (1) and (2) when we include the whole sample. This is intuitive

as we drop 55 individuals with identical risk taking decisions with and without background

risk21 for columns (3) and (4). Thus, δA explains less of the variation in risk taking decisions

with background risk in columns (3) and (4). The difference in samples also explains the

substantially smaller R2. Females invest significantly less than males. Age is marginally

significant and has a positive sign. All other control variables are not significant.

In summary, we find that individuals are more likely to increase risk taking when a skewed

multiplicative background risk is added instead of a symmetric background risk. We also ob-

serve that individuals take more risk with a skewed background risk compared to a symmetric

background risk.

5 Conclusion

Even though multiplicative background risk appears in many situations such as risky inflation,

tax rates or exchange rates, we know little whether individuals increase or decrease risk taking

when a multiplicative background risk is added. In the example of a random exchange rate,

multiplicative risk vulnerability would imply that an individual reduces investment in a risky

asset as final wealth does not only depend on the realization of the investment but also on

the realization of the exchange rate.

In this paper, we therefore posit the question whether how individuals adjust risk taking

when a multiplicative background risk is added. We revisit the standard portfolio choice

problem and discuss how a multiplicative background risk changes investment into the risky

asset under EUT, CPT and RDU. EUT predicts no changes in risk taking under commonly as-

sumed CRRA-preferences.In RDU, we find that the probability weighting determines whether

individuals reduce or increase risk taking. CPT predicts mostly more risk taking with present

multiplicative background risk. Altogether, all approaches fail to make unambiguous pre-

dictions whether the presence of a multiplicative background risk decreases risk taking as it

depends on parametrization. In order to understand behavior in the presence of multiplicative

background risk better, we conduct a lab experiment where subjects decide on how much to

allocate to a risky asset with and without a present background risk. We find that the addi-

21 Either δB = δC = 0 or δB = δC = 1
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tion of a skewed background risk leads to more risk taking while we do not find any significant

changes in risk-taking behavior when adding a symmetric background risk. Neither gender,

the general risk question or other sociodemographic factors are associated with the propensity

to take more risk.

Summing up, multiplicative risk vulnerable preferences imply that the endogenous and the

exogenous risks are substitutes as long as the exogenous risk does not increase expected wealth.

This is intuitively a strong assumption as the interaction of the volatility in wealth caused by

the background risk with the risk taking in the endogenous risk can favor more risk taking.

As noted by Franke et al. (2006), most of the commonly used utility functions in EUT do

not necessarily satisfy conditions for MRV. Our paper shows that risk taking increases sizable

when we increase the skewness of background risk. Rather than trying to find conditions on

utility functions that predict MRV choices for all kinds of (un)fair multiplicative background

risks, we point future research to the direction of investigating the impact of characteristics

of the background risk on risk taking.
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A Proofs

A.1 Proof of Proposition 2

The individual’s risk-taking decision in the absence of background risk is characterized by the

following first-order condition:

p(kH − 1)x0 · u′(x∗H) + (1− p)(kL − 1)x0 · u′(x∗L) = 0, (11)

with x∗H = x0 + (kH − 1)δ∗Ax0 and x∗L = x0 + (kL − 1)δ∗Ax0. We evaluate the individual’s

first-order expression in the presence of background risk at the risk-taking decision that is

optimal in the absence of background risk, δ = δ∗A. We obtain

pq(kH − 1)x0 · u′(x∗H · yH) + p(1− q)(kH − 1)x0 · u′(x∗H · yL)

+(1− p)q(kL − 1)x0 · u′(x∗L · yH) + (1− p)(1− q)(kL − 1)x0 · u′(x∗L · yL). (12)

Due to concavity of the objective function in δ, the sign of this expression indicates whether

multiplicative background risk increases or decreases risk taking, depending on whether the

sign is positive or negative. Substituting p(kH−1) from Eq. (11) and rearranging terms yields

(1− p)(1− kL)x0
u′(x∗H)

·
[
qu′(x∗H · yH)u′(x∗L) + (1− q)u′(x∗H · yL)u′(x∗L)

−qu′(x∗L · yH)u′(x∗H)− (1− q)u′(x∗L · yL)u′(x∗H)
]
.

An interior solution δ∗A ∈ (0, 1) requires that kL < 1 because otherwise it would be optimal

to invest everything into the risky asset. In this case, the fraction outside the square bracket

is positive. Introduce auxiliary function f(yH) for the expression in the square bracket. The

multiplicative background risk has a mean of one so that

yL =
1− qyH
1− q

and
dyL
dyH

= − q

1− q
.

Therefore, we obtain

f ′(yH) = qx∗H · u′′(x∗H · yH)u′(x∗L)− qx∗H · u′′(x∗H · yL)u′(x∗L)

−qx∗L · u′′(x∗L · yH)u′(x∗H) + qx∗L · u′′(x∗L · yL)u′(x∗H)

and

f ′′(yH) = q(x∗H)2u′′′(x∗H · yH)u′(x∗L) +
q2

1− q
(x∗H)2u′′′(x∗H · yL)u′(x∗L)

−q(x∗L)
2u′′′(x∗L · yH)u′(x∗H)− q2

1− q
(x∗L)

2u′′′(x∗L · yL)u′(x∗H).
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Setting yH = 1, and taking into account that yL = 1 in this case, we find f(1) = 0, f ′(1) = 0,

and

f ′′(1) = q(x∗H)2u′′′(x∗H)u′(x∗L) +
q2

1− q
(x∗H)2u′′′(x∗H)u′(x∗L)

−q(x∗L)
2u′′′(x∗L)u

′(x∗H)− q2

1− q
(x∗L)

2u′′′(x∗L)u
′(x∗H)

=
q

1− q

[
(x∗H)2u′′′(x∗H)u′(x∗L)− (x∗L)

2u′′′(x∗L)u
′(x∗H)

]
Writing R(x) = −xu′′(x)/u′(x) for relative risk aversion and P (x) = −xu′′′(x)/u′′(x) for

relative prudence, we obtain

f ′′(1) =
q

1− q
u′(x∗L)u

′(x∗H) · [R(x∗H)P (x∗H)−R(x∗L)P (x∗L)] .

Due to δ∗A > 0, it holds that x∗H > x∗L. If relative risk aversion and relative prudence are

both increasing, we have R(x∗H) > R(x∗L) > 0 and P (x∗H) ≥ P (x∗L) ≥ 0 so that f ′′(1) > 0.

Therefore, yH = 1 is a local minimizer of auxiliary function f(yH), which must then be strictly

positive in a neighborhood of 1. Consequently, expression (12) is positive for all multiplicative

background risks such that yH is in this neighborhood, and risk taking increases.

Likewise, if relative risk aversion and relative prudence are both decreasing, we have

0 < R(x∗H) < R(x∗L) and 0 ≤ P (x∗H) ≤ P (x∗L) so that f ′′(1) < 0. In this case, yH = 1

is a local maximizer of auxiliary function f(yH), which must then be strictly negative in a

neighborhood of 1. Expression (12) is then negative for all multiplicative background risks

such that yH is in this neighborhood, and risk taking decreases.

A.2 Relative prudence for expo-power utility

Relative prudence for expo-power utility is given by

P (x) =
(1 + η)η + 3Aη(1− η)x1−η +A2(1− η)2x2(1−η)

η +A(1− η)x1−η
,

with derivative

P ′(x) =
A(1− η)2x−η ·

{
η(2η − 1) + 2Aη(1− η)x1−η +A2(1− η)2x2(1−η)

}
[η +A(1− η)x1−η]2

.

The curly bracket in the numerator of P ′(x) is a quadratic function in x1−η with discriminant

4A2η(1− η)3, which is positive for η < 1. The two zeros are

− 1

A

(√
η

1− η
+

η

1− η

)
< 0 and

1

A

(√
η

1− η
− η

1− η

)
.
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The larger zero is negative for η ≥ 0.5. In this case, P ′(x) ≥ 0 for all x ≥ 0 and we are in the

situation of Proposition 2(i). For η < 0.5, P ′(x) changes sign for a x > 0 from negative to

positive so that P (x) is first decreasing, then increasing. Proposition 2 is thus inapplicable.

B Additional materials

B.1 Table 7 - all individuals

Table 14: Risk taking - with background risk, all

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 31.38 39.08 28.61 100
δA (mean) 0.37 0.64 0.55 0.53
δB (mean) 0.59 0.64 0.39 0.55
No. of Observations 105 127 93 325

Notes: This table includes extreme risk takers who risk the same limiting amount in both choices.

B.2 Table 9 - all individuals

Table 15: Risk taking - skewed background risk, all

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 36.98 39.63 24.39 100
δA (mean) 0.40 0.64 0.55 0.53
δB (mean) 0.63 0.64 0.40 0.58
No. of Observations 59 65 40 164

Notes: This table includes extreme risk takers who risk the same limiting amount in both choices.

B.3 Table 10 - all individuals

Table 16: Risk taking - symmetric background risk, all

Classification More Risk Taking Constant Risk Taking Less Risk Taking All

Frequency (%) 28.57 38.51 32.92.45 100
δA (mean) 0.35 0.65 0.54 0.53
δB (mean) 0.53 0.65 0.38 0.53
No. of Observations 46 62 53 161

Notes: This table excludes extreme risk takers who risk the same limiting amount in both choices.

B.4 Full regression results table 8
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(1) (2) (3) (4)

Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

Background risk (BR) 0.0244 0.0244∗∗

(0.0186) (0.0114)

GRQ=2 0.197∗∗∗ 0.257∗∗∗ 0.197∗∗ 0.276∗∗∗

(0.0645) (0.0775) (0.0813) (0.103)

GRQ=3 0.224∗∗∗ 0.288∗∗∗ 0.224∗∗∗ 0.305∗∗∗

(0.0592) (0.0721) (0.0755) (0.0955)

GRQ=4 0.227∗∗∗ 0.284∗∗∗ 0.227∗∗∗ 0.298∗∗∗

(0.0577) (0.0719) (0.0752) (0.0952)

GRQ=5 0.269∗∗∗ 0.321∗∗∗ 0.269∗∗∗ 0.333∗∗∗

(0.0592) (0.0733) (0.0769) (0.0970)

GRQ=6 0.370∗∗∗ 0.444∗∗∗ 0.370∗∗∗ 0.463∗∗∗

(0.0605) (0.0737) (0.0770) (0.0975)

GRQ=7 0.481∗∗∗ 0.584∗∗∗ 0.481∗∗∗ 0.609∗∗∗

(0.0614) (0.0752) (0.0782) (0.0996)

GRQ=8 0.463∗∗∗ 0.555∗∗∗ 0.463∗∗∗ 0.574∗∗∗

(0.0643) (0.0772) (0.0804) (0.102)

GRQ=9 0.560∗∗∗ 0.719∗∗∗ 0.560∗∗∗ 0.758∗∗∗

(0.0957) (0.130) (0.131) (0.172)

GRQ=10 0.735∗∗∗ 2.253 0.735∗∗∗ 2.398

(0.0584) (31.74) (0.105) (73.08)

Female -0.0975∗∗∗ -0.133∗∗∗ -0.0975∗∗∗ -0.139∗∗∗

(0.0222) (0.0257) (0.0268) (0.0340)

Age 0.00258 0.00255 0.00258 0.00256

(0.00180) (0.00246) (0.00258) (0.00325)

First time 0.0340 0.0366 0.0340 0.0377

(0.0460) (0.0546) (0.0554) (0.0723)

Business major -0.00541 -0.0234 -0.00541 -0.0251

(0.0387) (0.0500) (0.0530) (0.0662)

Education major -0.00278 -0.0169 -0.00278 -0.0199

(0.0371) (0.0498) (0.0533) (0.0659)

Humanities major 0.00721 0.00972 0.00721 0.0116

(0.0399) (0.0488) (0.0518) (0.0646)

Undisclosed major -0.114∗∗ -0.125 -0.114 -0.125

(0.0495) (0.108) (0.116) (0.143)

Medicine major -0.0576 -0.0927 -0.0576 -0.0981

Continued on next page

44



Multiplicative background risk and risk taking

Full regression results table 8 – continued from previous page

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

Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

(0.0878) (0.100) (0.107) (0.131)

Science major 0.0142 0.0148 0.0142 0.0169

(0.0387) (0.0455) (0.0483) (0.0601)

Social science major -0.0167 -0.0194 -0.0167 -0.0196

(0.0342) (0.0423) (0.0448) (0.0559)

Other major 0.0358 0.0428 0.0358 0.0436

(0.0631) (0.0744) (0.0767) (0.0980)

Order B A 0.0277 0.0361 0.0277 0.0379

(0.0191) (0.0239) (0.0251) (0.0316)

Effort 0.000240 0.00709 0.000240 0.00979

(0.0151) (0.0204) (0.0217) (0.0270)

Constant 0.166 -0.00858 0.166 -0.0731

(0.315) (0.427) (0.455) (0.565)

R2 0.3175 0.3650 0.3201 0.3660

N 650 650 650 650

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

B.5 Full regression results table 11

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

Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

Skewed background risk 0.0447∗∗ 0.05666∗∗ 0.0465∗∗∗ 0.0561∗∗∗

(0.0216) (0.0280) (0.0153) (0.0184)

Symmetric background risk 0.0037 0.0067 0.0019 0.0041

(0.0237) (0.0283) (0.0154) (0.0187)

GRQ=2 0.200∗∗∗ 0.261∗∗∗ 0.200∗∗ 0.280∗∗∗

(0.0646) (0.0774) (0.0813) (0.103)

GRQ=3 0.226∗∗∗ 0.291∗∗∗ 0.226∗∗∗ 0.308∗∗∗

(0.0593) (0.0721) (0.0755) (0.0954)

Continued on next page
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Full regression results table 8 – continued from previous page

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

Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

GRQ=4 0.229∗∗∗ 0.288∗∗∗ 0.230∗∗∗ 0.302∗∗∗

(0.0578) (0.0718) (0.0753) (0.0951)

GRQ=5 0.267∗∗∗ 0.319∗∗∗ 0.267∗∗∗ 0.331∗∗∗

(0.0592) (0.0732) (0.0769) (0.0969)

GRQ=6 0.370∗∗∗ 0.445∗∗∗ 0.370∗∗∗ 0.463∗∗∗

(0.0606) (0.0736) (0.0770) (0.0974)

GRQ=7 0.480∗∗∗ 0.585∗∗∗ 0.480∗∗∗ 0.610∗∗∗

(0.0614) (0.0752) (0.0782) (0.0996)

GRQ=8 0.461∗∗∗ 0.554∗∗∗ 0.461∗∗∗ 0.572∗∗∗

(0.0644) (0.0771) (0.0804) (0.102)

GRQ=9 0.557∗∗∗ 0.717∗∗∗ 0.556∗∗∗ 0.756∗∗∗

(0.0934) (0.130) (0.131) (0.172)

GRQ=10 0.738∗∗∗ 2.340 0.739∗∗∗ 2.407

(0.0588) (62.51) (0.105) (73.11)

Female -0.0979∗∗∗ -0.133∗∗∗ -0.0979∗∗∗ -0.140∗∗∗

(0.0222) (0.0257) (0.0268) (0.0340)

Age 0.00249 0.00241 0.00248 0.00242

(0.00180) (0.00246) (0.00258) (0.00325)

First Time 0.0343 0.0375 0.0343 0.0386

(0.0465) (0.0545) (0.0554) (0.0722)

Business major -0.00765 -0.0264 -0.00785 -0.0281

(0.0385) (0.0500) (0.0530) (0.0661)

Education major -0.00195 -0.0159 -0.00187 -0.0188

(0.0369) (0.0497) (0.0533) (0.0658)

Humanities major 0.00901 0.0116 0.00917 0.0137

(0.0398) (0.0487) (0.0518) (0.0645)

Undisclosed major -0.118∗∗ -0.129 -0.118 -0.129

(0.0511) (0.107) (0.116) (0.142)

Medicine major -0.0641 -0.101 -0.0647 -0.106

(0.0873) (0.100) (0.107) (0.131)

Science major 0.0165 0.0174 0.0167 0.0197

(0.0387) (0.0454) (0.0484) (0.0601)

Social science major -0.0162 -0.0185 -0.0161 -0.0185

(0.0341) (0.0422) (0.0448) (0.0559)

Continued on next page
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Full regression results table 8 – continued from previous page

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

Risk taking Risk taking Risk taking Risk taking

OLS Tobit OLS Tobit

(Cross-sect.) (Cross-sect.) (Rand. Eff.) (Rand. Eff.)

Other major 0.0362 0.0451 0.0362 0.0463

(0.0637) (0.0743) (0.0767) (0.0979)

Order B A 0.0286 0.0375 0.0287 0.0393

(0.0191) (0.0239) (0.0251) (0.0316)

Effort 0.00143 0.00868 0.00154 0.0115

(0.0151) (0.0203) (0.0217) (0.0269)

Constant 0.143 -0.0407 0.140 -0.107

(0.316) (0.427) (0.455) (0.565)

(Pseudo) R2 0.3201 0.3908 0.3660

N 650 650 650 650

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

B.6 Full regression results table 12

(1) (2) (3)

Ordered Probit Ordered Probit Probit

(All) (No extreme risk takers) (No constant risk takers)

Skewed BR 0.240∗ 0.300∗∗ 0.426∗∗

(0.130) (0.146) (0.203)

Female -0.003 -0.052 -0.106

(0.136) (0.165) (0.228)

Age 0.014 0.016 0.0177

(0.012) (0.0128) (0.0217)

First Time -0.301 -0.440 -0.598

(0.270) (0.318) (0.409)

Effort 0.152 0.179 0.501∗∗

(0.101) (0.112) (0.197)

Order B A -0.359∗∗∗ -0.390∗∗∗ -0.505∗∗

(0.139) (0.151) (0.235)

GRQ=2 0.151 0.288 0.707

Continued on next page
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Full regression results table 12 – continued from previous page

(1) (2) (3)

Ordered Probit Ordered Probit Probit

(All) (No extr. risk takers) (No const. risk takers)

(0.377) (0.463) (0.629)

GRQ=3 0.119 0.283 0.622

(0.355) (0.440) (0.565)

GRQ=4 0.0579 0.241 0.550

(0.349) (0.431) (0.552)

GRQ=5 0.329 0.474 0.919

(0.352) (0.425) (0.567)

GRQ=6 -0.00990 0.0760 0.414

(0.364) (0.458) (0.570)

GRQ=7 0.395 0.752 1.282∗∗

(0.352) (0.466) (0.626)

GRQ=8 0.400 0.639 1.095∗

(0.375) (0.483) (0.608)

GRQ=9 0.0224 0.152 0.562

(0.554) (0.980) (0.948)

GRQ=10 0.159

(0.335)

Business major -0.505∗ -0.522∗ -0.694∗

(0.282) (0.299) (0.407)

Education major -0.274 -0.242 -0.229

(0.270) (0.263) (0.382)

Humanities major -0.00937 0.0271 0.141

(0.239) (0.253) (0.416)

Undisclosed major -0.276 -0.292 0.0677

(0.556) (0.509) (0.924)

Medicine major -0.0233 -0.000 -0.0903

(0.592) (0.539) (0.668)

Science major 0.0890 0.118 0.165

(0.232) (0.254) (0.374)

Social science major 0.164 0.274 0.279

(0.203) (0.222) (0.344)

Other major -0.0326 0.0366 0.0309

(0.366) (0.412) (0.742)

Constant -10.979∗∗

(4.852)

Continued on next page

48



Multiplicative background risk and risk taking

Full regression results table 12 – continued from previous page

(1) (2) (3)

Ordered Probit Ordered Probit Probit

(All) (No extr. risk takers) (No const. risk takers)

cut1 2.857 3.794

(2.113) (2.323)

cut2 3.947 4.536

(0.2.109) (2.320)

Pseudo R2 0.045 0.059 0.127

N 325 270 198

Robust standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B.7 Full regression results table 13

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

Risk Taking δB Risk Taking δB Risk Taking δB Risk Taking δB

OLS Tobit OLS Tobit

(All) (All) (No extremes) (No extremes)

Skewed BR 0.047∗∗ 0.053∗∗ 0.052∗∗ 0.052∗∗

(0.021) (0.025) (0.024) (0.025)

Risk Taking δA 0.713∗∗∗ 0.898∗∗∗ 0.479∗∗∗ 0.476∗∗∗

(0.052) (0.052) (0.082) (0.061)

Female -0.066∗∗∗ -0.094∗∗∗ -0.050∗ -0.053∗

(0.026) (0.028) (0.029) (0.028)

Age 0.004∗ 0.004 0.005∗ 0.005∗∗

(0.002) (0.003) (0.003) (0.003)

First Time -0.006 -0.012 -0.024 -0.028

(0.038) (0.058) (0.044) (0.058)

Effort 0.009 0.020 -0.000 0.000

(0.011) (0.022) (0.011) (0.021)

Order B A 0.022 0.026 -0.025 -0.024

(0.022) (0.025) (0.025) (0.025)

Business major -0.0190 -0.0307 -0.00690 -0.00987

(0.0436) (0.0551) (0.0487) (0.0520)

Education major -0.0454 -0.0635 -0.0208 -0.0235

(0.0433) (0.0550) (0.0468) (0.0512)

Humanities major -0.0202 -0.0136 -0.0343 -0.0374

(0.0401) (0.0537) (0.0456) (0.0512)

Undisclosed major -0.0957∗ -0.100 -0.103∗ -0.109

(0.0492) (0.118) (0.0609) (0.108)

Medicine major 0.0731 0.0746 0.0812 0.0881

(0.160) (0.108) (0.144) (0.0989)

Science major 0.0177 0.0232 0.0184 0.0163
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(0.0415) (0.0501) (0.0477) (0.0477)

Social science major -0.00964 -0.00369 -0.0133 -0.0156

(0.0386) (0.0468) (0.0455) (0.0447)

Other major 0.0930 0.114 0.115 0.115

(0.0942) (0.0816) (0.101) (0.0771)

Constant -0.0596 -0.319 0.192 0.180

(0.245) (0.453) (0.240) (0.425)

R2 0.575 0.819 0.255 3.859

N 325 325 270 270

Robust standard errors in parentheses, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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