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Abstract

This paper shows that biased evaluations of uncertainty generate a poverty

trap. I develop a theoretical framework to study how probability weight-

ing and ambiguity attitudes—two fundamental biases in decision making

under uncertainty—affect investment choices under poverty. The model

predicts that these biases can lead individuals at all wealth levels to forgo

investments that are profitable in expectation, and that poverty makes such

investment mistakes more likely to occur. As a result, biased evaluations

of uncertainty disproportionately discourage investment among the poor,

thereby contributing to the persistence of poverty. I provide empirical evi-

dence supporting this poverty trap using data from two experiments con-

ducted on representative samples of American households.
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1. Introduction

A substantial body of evidence suggests that individuals living in poverty of-

ten forgo opportunities that could substantially improve their economic con-

dition. For example, they underinvest in preventive health products (Dupas

and Miguel, 2017), fail to adopt technologies that raise agricultural productiv-

ity (Duflo et al., 2008, Suri, 2011, Suri and Udry, 2022), and undervalue the

long-run returns to education—often leading to school dropout (Jensen, 2010,

Nguyen, 2008). These patterns of behavior contribute to the perpetuation of

poverty and persist even in settings where credit, liquidity, and information

constraints have been relaxed (Duflo et al., 2011, Dupas and Miguel, 2017, Suri

and Udry, 2022). This evidence indicates that material constraints alone are

insufficient to explain persistent poverty.

In this paper, I develop an explanation for the persistence of poverty that

focuses on how individuals evaluate uncertainty. Thus, constraints that are in-

ternal to the individual, rooted in the psychology of decision making under

uncertainty, are placed at the center of the analysis. In particular, I propose

that probability weighting and ambiguity attitudes—two well established biases of

decision under uncertainty—can generate a poverty trap. These biases distort

the perceived returns to investment, leading individuals to systematically un-

dervalue opportunities that are profitable in expectation. Moreover, poverty

amplifies the impact of these distortions. As a result, these biased evaluations

of uncertainty disproportionately discourage investment among poor individ-

uals, lowering expected future earnings and thereby reinforcing poverty.

I formalize the proposed mechanism using a theoretical model in which an

individual, endowed with an initial level of wealth, chooses how much to in-

vest in a risky project while allocating the remainder to immediate consump-

tion. The model assumes that higher investment increases the probability of

achieving higher returns but does not guarantee them. To provide a norma-

tive evaluation of the outcomes of this decision problem, I take expected-utility

individuals as the benchmark. These individuals evaluate risk accurately and

choose a level of investment that maximizes utility in the absence of bias.

To understand how biased evaluations of risk perpetuate poverty, I intro-

duce probability weighting into the model (Quiggin, 1982, Tversky and Kahne-

man, 1992, Abdellaoui, 2000). Under probability weighting, preferences over
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alternatives are no longer linear in probabilities, a pattern of choice that has

been robustly documented in studies of decision making under risk (see Fehr-

Duda and Epper (2011) and Wakker (2010, p. 204)).1

A central prediction of the model is that probability weighting leads to un-

derinvestment relative to the expected utility benchmark. This occurs because

individuals place disproportionate weight on the probabilities of extreme returns—

the best and/or the worst returns—while underweighting other probabilities.

As a result, investments that primarily increase the likelihood of favorable but

moderate outcomes are undervalued, even when they are profitable in expec-

tation. Notably, certain forms of probability weighting can generate extreme

underinvestment, leading individuals to forgo investment altogether. In partic-

ular, when probability weighting induces risk-seeking attitudes, investments

with non-extreme returns become unattractive, and biased individuals opti-

mally choose not to invest.

In the model, rich and poor individuals are assumed to exhibit the same

degree of probability weighting; they are equally biased in evaluating invest-

ments. Poverty nevertheless amplifies the impact of these biases since initial

wealth and investment are assumed to be complementary in generating fu-

ture wealth. This assumption implies that the marginal return to investment

increases with initial wealth, capturing the idea that poorer individuals must

invest more to achieve the same improvement as richer individuals—due to

factors such as limited market access, lower capital stocks, or weaker social

networks. Therefore, poor individuals are more exposed to underinvestment

induced by probability weighting: since their investments generate relatively

modest expected gains, distortions of probabilities have a first-order effect on

how these opportunities are evaluated. By contrast, for wealthier individu-

als, investment returns are sufficiently large that the influence of probability

weighting becomes negligible.

To examine the long-run implications of this investment behavior, I extend

the framework to a dynamic setting in which the individual chooses how much

to consume and invest in each period. The results reveal a self-reinforcing dy-

namic between biased evaluations of risk and economic disadvantage. When

wealth is low, probability weighting leads individuals to forgo profitable in-

1Probability weighting has also been documented outside the laboratory, including in set-
tings with sizable stakes (Bombardini and Trebbi, 2012), gambling choices (Snowberg and
Wolfers, 2010), and insurance demand (Barseghyan et al., 2013).
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vestments, thereby limiting subsequent wealth accumulation. Lower future

wealth, in turn, further reduces the perceived gains from investing, strength-

ening the behavioral distortion and sustaining low investment. In contrast,

wealthier individuals, whose investments generate larger gains and for whom

probability distortions matter less in relative terms, continue to invest and ac-

cumulate wealth over time. The model therefore provides a behavioral foun-

dation for poverty traps: even without credit, information, or market frictions,

biased evaluations of risk can lock the poor into persistent poverty.

I test the empirical validity of this poverty trap using data from two ex-

periments conducted on representative samples of American households. The

first experiment, originally implemented by Dimmock et al. (2021) using the

American Life Panel, elicits each respondent’s probability weighting function.

I leverage these elicitations to test an implication of the model: lower levels

of income and wealth are associated with stronger probability weighting. This

equilibrium outcome arises because the poverty trap keeps biased and poor

individuals persistently poor. In contrast, individuals who are less biased or

less materially constrained can escape poverty. The analyses show that, on av-

erage, respondents display an inverse-S shape probability weighting function:

they overweight the probabilities of extreme outcomes and underweight the

probabilities of intermediate outcomes. This pattern can induce risk-seeking

attitudes, thereby making feasible the key prediction of the model that individ-

uals may forgo investments. More importantly, I find that both family income

and financial wealth are negatively and significantly related to the strength of

probability weighting, measured by the steepness of the inverse-S curvature, in

line with the model’s predictions.

While the findings from the first experiment are consistent with the model’s

predictions, they also admit an alternative interpretation: individuals who are

more affected by probability weighting may become poor as a mere conse-

quence of their biases. To address this concern and provide causal evidence

for the model’s mechanism, I draw on the experiment of Carvalho et al. (2016).

In this study, respondents were randomly assigned to complete an incentivized

survey either shortly before or after their monthly payday, generating exoge-

nous variation in financial resources. I exploit this variation to examine whether

individuals with fewer resources—those surveyed before payday—are more

prone to underinvestment due to probability weighting in an experimental
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task. While I find that average investment does not differ significantly across

treatment groups, a clear pattern emerges among before-payday respondents

with sufficiently concave utility. For this subgroup, average investment is sig-

nificantly lower due to probability weighting. This investment behavior is

consistent with the poverty-trap mechanism: when marginal utility of con-

sumption is steep, the opportunity cost of forgoing immediate consumption

before payday is especially high, making investment less attractive and render-

ing existing probability-weighting distortions more consequential for decision-

making. This evidence provides a causal test of the theory and supports its core

prediction.

The paper concludes by extending the model to incorporate biased eval-

uations of subjective probabilities, commonly referred to as ambiguity attitudes

(Trautmann and van de Kuilen, 2015). In this model extension, the investment

project is assumed to be ambiguous, in the sense that its return distribution is

unknown to the decision-maker. To model preferences in this environment, I

adopt source theory developed by Baillon et al. (2025). A key feature of this

approach is that it posits that under ambiguity, the phenomena of risk are am-

plified because there is “additional probability weighting,” which captures a

preference (or dislike) for known risks over unknown ones.2 This extended

model demonstrates that the behavioral poverty trap identified under risk also

emerges under ambiguity. Ambiguity attitudes, through their additional prob-

ability weighting, further distort the perceived attractiveness of investment op-

portunities, reinforcing extreme underinvestment among the poor. Moreover, I

find that the threshold level of initial wealth required to escape the poverty trap

increases under ambiguity, implying that relatively wealthy individuals, who

would avoid poverty under risk, may remain trapped in poverty in the case of

ambiguous investments. In this sense, ambiguity makes the poverty trap more

severe and more easily sustained.

1.1. Related literature and contributions

This paper contributes to several strands of research. The first is the literature

on development economics and poverty traps. Classic theories explain persis-

2For example, in the context of the two-urn Ellsberg paradox, the preference for betting on
the known urn can be rationalized by additional probability weighting applied to the unknown
urn. This distortion further underweights the probability of favorable outcomes in the ambigu-
ous urn, making the known urn relatively more attractive.
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tent poverty through mechanisms external to the individual such as credit con-

straints (Banerjee and Newman, 1993), non-convex technologies (Dasgupta and

Ray, 1986, Galor and Zeira, 1993), and social interactions (Bowles et al., 2011a,

Chapter 6). More recently, attention has shifted toward behavioral mecha-

nisms to explain poverty, including time-inconsistent preferences (Banerjee and

Mullainathan, 2010, Bernheim et al., 2015, Laajaj, 2017) and riskless reference-

dependence with aspirations as reference points (Bogliacino and Ortoleva, 2013,

Dalton et al., 2016, Genicot and Ray, 2017). I contribute to this literature by

proposing a new behavioral poverty trap rooted in the psychology of decision

making under uncertainty. Whereas previous behavioral models largely ab-

stract from uncertainty, this paper highlights how poverty and biased evalua-

tions of uncertainty interact. Specifically, I show theoretically and empirically

that probability weighting and ambiguity attitudes—two empirically robust bi-

ases of decision under uncertainty—can generate and sustain poverty traps.

The second contribution is to the literature on decision making under risk

and ambiguity. The paper shows how recent advances in decision theory offer

valuable insights into relevant economic phenomena. For instance, it uses the

distinction emphasized by (Wakker, 2010) between pessimism (optimism)— the

motivational component of probability weighting captured by the convexity or

concavity of the probability weighting function—and likelihood insensitivity—

the cognitive component of probability weighting that generates an inverse-S

shape (Wakker, 2010). This distinction is not inconsequential: the model and

empirical results demonstrate that only the latter, the cognitive limitations to

accurately perceive probabilities, can generate a poverty trap. Thus, the frame-

work identifies a purely cognitive channel of decision making under uncertainty

that alone can generate persistent poverty. Another tool borrowed from the

literature of decision theory is the difference between probability weighting

caused by risk and that caused by ambiguity, which is conceptualized by the

theory of Baillon et al. (2025). This distinction is crucial for incorporating am-

biguity attitudes into the model in a tractable way. It also shows that, in the

more realistic setting of ambiguity, the poverty trap extends to individuals with

higher initial wealth. As a result, in real-world environments where ambiguity

is pervasive, this type of behavioral poverty trap is easier to sustain.

Overall, the paper’s contribution is twofold: it introduces a new behavioral

mechanism linking poverty and decision biases, and it empirically validates
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this mechanism using large-scale, representative data. By connecting the psy-

chology of risk evaluation to the economics of poverty, the paper provides a

unified explanation for why the poor may remain poor even in the absence of

traditional constraints.

2. Theoretical Framework

This section studies decision-making under risk, that is, environments in which

the distribution of returns is objectively known to the individual. I begin by in-

troducing a two-period model that formalizes investment behavior under prob-

ability weighting. I then embed this environment in a repeated t-period setting

to examine the dynamic implications for wealth accumulation and the emer-

gence of poverty traps.

2.1. The Two-Period Model

Consider an individual who lives for two periods, t = 0 and t = 1, and who is

endowed with an initial level of wealth x0 ∈ [
¯
x, x̄], where

¯
x ≥ 0. At t = 0, she

allocates a fraction e ∈ [0, 1] of her wealth to a risky investment, leaving (1 −
e)x0 for immediate consumption. The choice of e determines the distribution of

wealth at t = 1.

Let z denote the stochastic return to investment. At the time the individ-

ual chooses e, the return has not yet been realized and takes values in the

bounded interval [
¯
x, x̄]. The random variable z has cumulative distribution

function F (·|e). The effect of e on the distribution of returns is characterized

by the following assumption.

Assumption 1. The cumulative distribution function F (z|e) is twice continuously

differentiable in e and z, and satisfies the following properties:

(i) First-Order Stochastic Dominance: Fe(z|e) < 0 for all z.

(ii) Diminishing Returns to Investment: Fee(z|e) > 0 for all z.

Assumption 1 embodies two properties that are central to the analysis. First,

for an individual endowed with any given level of initial wealth x0, higher

investments strictly dominate lower ones in the sense of first-order stochastic

dominance. This means that the probability of obtaining a high return increases
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with e. Second, the cumulative distribution function is convex in e, implying di-

minishing marginal returns to investment. In the absence of probability weight-

ing, this convexity guarantees that the optimization problem is well behaved

and admits an interior solution (Mirrlees, 1999, Rogerson, 1985).

The model further assumes that final wealth, the wealth level obtained in

t = 1, results from the interaction between the return on investment z and initial

wealth x0. This relationship is described by the production function b(x0, z),

which satisfies the following properties:

Assumption 2. The wealth production function b : [
¯
x, x̄] × [

¯
x, x̄] → R+ is twice

continuously differentiable and satisfies the following properties:

(i) Monotonicity: bx0(x0, z) > 0 and bz(x0, z) > 0 for all x0, z.

(ii) Complementarity: bx0z(x0, z) > 0 for all x0, z.

(iii) Diminishing returns in initial wealth: bx0x0(x0, z) ≤ 0 for all x0, z.

(iv) Lower-boundary normalization: b(
¯
x, z) = 0 for all z.

(v) Top-region gain: There exists a set H ⊂ [
¯
x, x̄] and a constant κ > 1 such that

b(x̄, z) ≥ κ x̄ for all z ∈ H .

According to this assumption, final wealth increases with both initial wealth

and the return on investment. In addition, the wealth production function b

exhibits diminishing returns to initial wealth: the marginal contribution of an

additional unit of initial wealth to final wealth decreases as initial wealth rises.

More importantly, initial wealth and investment returns are complements in gen-

erating final wealth: for any given realization of z, richer individuals achieve

higher final wealth. This complementarity captures the idea that initial wealth

amplifies the gains from successful investment—whether because richer indi-

viduals, face fewer market barriers, possess more productive assets, or benefit

from stronger social networks. Finally, the top-region gain condition guaran-

tees that investment is profitable in expectation for some levels of wealth.

I now turn to the individual’s preferences. Choosing a higher level of invest-

ment e reduces utility from immediate consumption but increases the expected

utility of future wealth. This trade-off is captured by the following functional:

E
(
u(z, e)

)
= u

(
x0(1− e)

)
+ δ

∫ x̄

¯
x

u
(
b(x0, z)

)
dF (z|e). (1)

The first expression in (1) captures the utility from immediate consumption at

t = 0 and the second expression the expected utility of future wealth. The
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parameter δ ∈ (0, 1] denotes the standard discount factor.

Throughout, it is assumed that the consumption utility function, u, satisfies

the following properties:

Assumption 3. The consumption utility function u : R+ → R is twice continuously

differentiable and satisfies the following properties:

(i) Monotonicity: u′(b) > 0 for all b > 0.

(ii) Concavity: u′′(b) < 0 for all b > 0.

(iii) Normalization: u(0) = 0.

(iv) Curvature upper bound: For all x0, z,

−
u′′(b(x0, z)

)
u′
(
b(x0, z)

) <
bzx0(x0, z)

bz(x0, z) bx0(x0, z)
.

Assumption 3 ensures diminishing marginal utility of consumption. Under

expected utility (henceforth EU), this property implies that the individual is

risk averse. In addition, the last condition (curvature upper bound) ensures

that the complementarity between initial wealth and investment returns (As-

sumption 2) dominates the diminishing marginal utility of final wealth implied

by u (Assumption 3). As a result, individuals with lower initial wealth ex-

perience smaller increases in consumption utility from a given investment re-

turn than wealthier individuals. This assumption is standard in related mod-

els (e.g., Dalton et al. (2016)) and is satisfied by common functional forms.

For example, with CRRA utility u(b) = b1−γ and a Cobb-Douglas technology

b(x0, z) = xµ
0z

1−µ, the condition reduces to γ < 1.

2.2. Probability Weighting Functions and Rank-Dependent Utility

The standard assumption that individuals evaluate probabilities accurately is

relaxed. Instead, the decision maker may transform objective probabilities through

a probability weighting function, denoted by w(p). This function captures system-

atic deviations from expected-utility and plays a central role in shaping the

individual’s risk attitudes. The following assumption is imposed on w(p):

Assumption 4. The probability weighting function w : [0, 1] → [0, 1] is twice contin-

uously differentiable and satisfies the following properties:

(i) Impossibility and Certainty: w(0) = 0 and w(1) = 1.

(ii) Monotonicity: w′(p) > 0 for all p ∈ (0, 1).
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(iii) Inflection Point: there exists p̃ ∈ [0, 1] such that w′′(p) < 0 for p < p̃ and

w′′(p) > 0 for p > p̃.

(iv) Interior Point: if p̃ ∈ (0, 1), then there exists p̂ ∈ (0, 1) such that w(p̂) = p̂.

(v) Certainty Effect: if p̃ = 0, then limp→0+ w′(p) > 1 and limp→1− w′(p) < 1.

(vi) Possibility Effect: if p̃ = 1, then limp→1− w′(p) > 1 and limp→0+ w′(p) < 1.

(vii) Certainty and Possibility Effects: if p̃ ∈ (0, 1), then p→0+w
′(p) > 1 and

limp→1− w′(p) > 1.

According to the above assumption, the probability weighting function is a

strictly increasing and continuous function that maps the unitary interval onto

itself. It always has two fixed points: one at impossibility, i.e. p = 0, and one

at certainty, i.e. p = 1. Besides, w(p) can have three possible shapes: concave,

convex, or inverse-S, which are determined by the location of the inflection

point p̃ ∈ [0, 1]. When the function has the inverse-S shape (because p̃ ∈ (0, 1))

an additional fixed point is assumed, which I denote by p̂ ∈ (0, 1).

The preferences of the agent with probability weighting are characterized

by rank-dependent utility (henceforth RDU) (Quiggin, 1982):

RDU
(
u(z, e)

)
= u

(
x0(1− e)

)
+ δ

∫ x̄

¯
x

u
(
b(x0, z)

)
d
(
w
(
1− F (z|e)

))
. (2)

RDU generalizes expected utility by applying probability weighting to the de-

cumulative distribution 1 − F (z|e). Thus, for a given investment choice e′ ∈
[0, 1], the individual evaluates outcomes according to their rank, defined as the

probability of obtaining a higher level of return than a return level z ∈ [
¯
x, x̄],

namely 1−F (z|e′). This rank is transformed by the probability weighting func-

tion as w
(
1− F (z|e′)

)
, where w satisfies the properties stated in Assumption 4.

In this way, RDU transforms decumulative probabilities through the probabil-

ity weighting function.

Now suppose that the RDU individual considers an outcome infinitesimally

below z. The associated change in perceived rank is given by the differential

d
(
w
(
1−F (z|e′)

))
, which corresponds to the weighting measure of the integral

in (2). Accordingly, in the RDU framework, the utility u(b(·, z)) associated with

return level z is weighted by its marginal contribution to the perceived rank,

d
(
w
(
1− F (z|e′)

))
. Integrating these weighted utilities over all z ∈ [

¯
x, x̄] yields

the RDU valuation of the investment.
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Notably, under RDU, the individual’s risk attitudes are jointly determined

by the curvature of the functions u and w. The risk attitude generated by the

curvature of u is common to EU and RDU, while that generated by the curva-

ture of w is exclusive to RDU. This influence of probability weighting on risk

attitude under RDU is known as probabilistic risk attitude (Wakker, 1994), and it

captures the influence of deviations from expected utility in decision making

under risk. The goal of this model is to study how this additional source of risk

attitude interacts with poverty.

2.3. Motivational and Cognitive Factors of Probability Weighting

To comprehensively investigate the relationship between poverty and prob-

ability weighting, I follow Wakker (2010) in distinguishing between two dis-

tinct components of probability weighting. The first stems from pessimism and

optimism toward risk. This component captures the idea that, when making

decisions under risk, the individual might irrationally believe that unfavorable

outcomes, in the case of pessimism, and favorable outcomes, in the case of op-

timism, realize more often than they actually do.

Pessimism is represented in the model by a convex probability weighting

function, which assigns greater weight to the probabilities of the lowest levels of

return. Conversely, optimism is represented by a concave probability weighting

function, which assigns greater weight to the probabilities of the highest levels

of return. Figure 1 provides examples of optimism and pessimism.

p

w(p)

0

(a) Optimism

p

w(p)

0

(b) Pessimism

Figure 1: Examples of Optimism and Pessimism

Definition 1. Optimism (Pessimism) is characterized by a weighting function, w(p),

with the properties of Assumption 4 and p̃ = 1 (p̃ = 0).
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In the analysis below, I examine how the severity of probability weighting—

whether arising from stronger optimism or pessimism—affects investment be-

havior. The following definition, due to Yaari (1987), provides a formal basis

for understanding different degrees of optimism and pessimism.

Definition 2. An agent i with weighting function wi(p) is more optimistic (pes-

simistic) than an agent with weighting function wj if wi(p) = θ
(
wj(p)

)
where the

function θ : [0, 1] → [0, 1] is twice continuously differentiable with θ′ > 0 and θ′′ < 0

(θ′′ > 0).

We are now in a position to establish how stronger optimism or pessimism

influences risk attitudes. The following remark shows that these components

of probability weighting have opposite effects: stronger optimism makes the

individual more risk seeking, while stronger pessimism makes the decision

maker more risk averse. The proofs of the theoretical results are provided in

Appendix A.

Remark 1. For given investment e and initial wealth x0 levels, stronger optimism

(pessimism) decreases (increases) risk aversion.

The second type of probability weighting is cognitive and is referred to as

likelihood insensitivity (Tversky and Wakker, 1995, Wakker, 2010). It captures

the idea that individuals distort probabilities due to cognitive and perceptual

limitations. These limitations manifest as extremity-orientedness: individu-

als are insufficiently sensitive to changes in intermediate probabilities, leading

them to overweight the probabilities of extreme outcomes, both best and worst.

I characterize likelihood insensitivity using an inverse-S probability weight-

ing function (see Figure 2). An individual with such a probability weighting

function assigns excessive weight to the probabilities of extreme returns and

insufficient weight to the probabilities of intermediate returns.

Definition 3. Likelihood insensitivity is characterized by a weighting function, w(p),

with the properties of Assumption 4, together with p̃ = 0.5, and p̂ = 0.5.

The previous definition of likelihood insensitivity assumes that probabili-

ties of intermediate outcomes are perceived to be close to 0.5. This property

was assumed by (Quiggin, 1982) and reflects the notion that when assessing

the likelihood of intermediate outcomes, the insensitive individual will have
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p

w(p)

0

(a) Extreme likelihood insensitivity

p

w(p)

0

(b) Moderate likelihood insensitivity

Figure 2: Examples of likelihood insensitivity

a crude perception of these probabilities as being close to “50-50”—either the

event under consideration happens or it won’t.

It will be useful for the analyses below to characterize individuals by the

severity of probability weighting arising from likelihood insensitivity. The fol-

lowing definition, adapted from Baillon et al. (2025), formalizes this notion:

stronger likelihood insensitivity corresponds to a probability weighting func-

tion with a more pronounced inverse-S shape, reflecting reduced discrimina-

tion of intermediate probabilities.

Definition 4. An individual i with weighting function wi is more likelihood insen-

sitive than an individual j with weighting function wj if wi = ϕ
(
wj(p)

)
where ϕ :

[0, 1] → [0, 1] is twice continuously differentiable and exhibits the inverse-S shape de-

scribed in Definition 3.

The following remark states that an individual exhibiting a stronger degree

of likelihood insensitivity assigns greater weight to the probabilities of the high-

est and lowest returns, and less weight to other probabilities.

Remark 2. If individual i is more likelihood insensitive than individual j in the sense

of Definition 4, then her weighting function exhibits wi(p) > wj(p) for all p ∈ (0, 0.5)

and wi(p) < wj(p) for all p ∈ (0.5, 1).

Unlike the case of optimism and pessimism, Remark 2 does not specify

whether greater likelihood insensitivity leads to increased risk aversion or risk

seeking. In fact, this effect depends on the probability distribution of invest-

ment returns, Fz(z|e). When that distribution is right-skewed, stronger like-

lihood insensitivity increases risk aversion: more probability mass is concen-
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trated in low returns, so overweighting the probabilities of these outcomes am-

plifies the perceived likelihood of unfavorable outcomes, reducing the attrac-

tiveness of investment. Conversely, when the probability distribution of returns

is left-skewed, stronger likelihood insensitivity induces greater risk seeking.

The following lemma presents a key preliminary result. It shows that more

severe probability weighting—whether driven by stronger optimism, stronger

pessimism, or stronger likelihood insensitivity—expands the range of probabil-

ities that are underweighted relative to the EU benchmark.

Lemma 1. For given investment e and initial wealth x0 levels, stronger pessimism,

stronger optimism, or stronger likelihood insensitivity expands the set of probabilities

p ∈ (0, 1) for which the probability weighting function satisfies w′(p) < 1.

Lemma 1 states that, irrespective of the type of probability weighting or the

risk attitude it induces, greater severity of probability weighting leads individ-

uals to underweight a broader range of probabilities.

To understand the intuition behind this result, consider an individual who

becomes more pessimistic. This stronger pessimism increases the weight as-

signed to the probability of the lowest return. Because the probability weight-

ing function must, on average, have a slope equal to one—since w(0) = 0 and

w(1) = 1— it follows that∫ x̄

¯
x

w′(1− F (z|e))Fz(z|e)dz = 1.

As a result, an increase in the weight placed on the worst outcome must be off-

set by a reduction in the weights assigned to other outcomes. Consequently,

the set of probabilities that receive insufficient weight, relative to the EU bench-

mark, necessarily expands. In the case of increased pessimism, this expansion

affects the probabilities of intermediate and high returns. A similar reasoning

applies when an individual becomes more optimistic or more likelihood insen-

sitive.

2.4. Probability Weighting and Investment Choice

We are now in a position to examine how probability weighting influences

the investment decision in this two-period setting. To do so, I contrast the opti-

mal investment level chosen by RDU individual with that chosen by an other-
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wise identical EU decision maker. The following proposition characterizes the

optimal choice of the EU individual.

Proposition 1. Assume that Assumptions 1-3 hold. The optimal investment level

chosen by the EU individual, e∗u, is unique, interior in the set [0, 1], and increasing in

x0.

The EU decision maker chooses a strictly positive level of investment. More-

over, poorer EU individuals invest less than richer ones. This latter property of

Proposition 1 is driven by two features of the model. First, the complemen-

tarity between initial wealth and returns to investment (Assumption 2), which

reduces the marginal return to investment for the poor. Second, the bounded

curvature of u (Assumption 3), which guarantees that marginal utility remains

sufficiently high at larger wealth levels.

The following result focuses on probability weighting due to pessimism and

shows that sufficiently strong pessimism leads the RDU individual to underin-

vest relative to the EU benchmark.

Proposition 2. Assume that Assumptions 1-4 hold and that the individual exhibits

pessimism (Definition 1). Then:

(i) The optimal investment level chosen by the RDU individual, e∗r , is unique, inte-

rior in the set [0, 1], and increasing in x0.

(ii) There exists a threshold degree of pessimism such that, if the individual is more

pessimistic than that threshold (in the sense of Definition 2) then e∗r < e∗u.

An RDU individual with sufficiently strong pessimism underinvests relative to

an otherwise identical EU individual. This occurs because pessimism induces

greater risk aversion: by assigning disproportionate weight to the worst out-

come, the individual underweights improvements in the probabilities of favor-

able returns (Lemma 1), thereby reducing her willingness to invest in the risky

project.

It should be stated that the threshold degree of pessimism required to gen-

erate underinvestment depends on the productivity of investment. When in-

vestment only modestly increases the probability of favorable outcomes, even

moderate pessimism is sufficient to induce underinvestment. By contrast, when

investment substantially raises these probabilities, only severe pessimism leads

to investment below the EU benchmark.
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We next study how optimism and likelihood insensitivity influence invest-

ment. The following proposition shows that these two forms of probability

weighting lead low-wealth individuals to forgo profitable investments. Hence,

they can generate extreme underinvestment, whereby poor individuals choose

not to invest at all even when the investment is objectively profitable.

Proposition 3. Assume that Assumptions 1-4 hold. There exists a threshold degree of

probability weighting, capturing either optimism or likelihood insensitivity such that,

for any individual whose degree of probability weighting is at least as large as this

threshold (in the sense of Definitions 2 and 4), there exists an associated threshold

level of initial wealth x̂0 ∈ (
¯
x, x̄] with the property that the optimal investment choice

satisfies:

e∗r =


0, if x0 ≤ x̂0,

1, if x0 > x̂0.

Moreover, the threshold level of initial wealth, x̂0, is strictly increasing in the degree of

optimism or likelihood insensitivity.

Sufficiently severe optimism leads the individual to assign excessive weight

to the probability of the best outcome and insufficient weight to all other prob-

abilities (Lemma 1). The risk-seeking attitude generated by this incorrect evalu-

ation of probabilities causes her to forgo investments that improve other favor-

able, yet more moderate, outcomes. As a result, she forgoes investments that

are profitable on average.

An individual with sufficiently strong likelihood insensitivity evaluates risk

in a similar way, and therefore also exhibits a risk-seeking behavior that leads

her to forgo profitable investments. However, unlike the optimist, she also fo-

cuses excessively on the worst outcome. Essentially, this individual would pass

over any opportunity that does not considerably alter the probabilities of ex-

treme returns, thereby forgoing investments that would, on average, be prof-

itable.

Because initial wealth amplifies the utility gains from investment (Assump-

tions 2 and 3), poor individuals, who face smaller payoffs from investment,

are more susceptible to this extreme non-investment behavior. For them, the

benefits of investing are objectively smaller and therefore more easily under-

valued under probability weighting, this vulnerability makes complete non-

investment optimal among the biased and poor.
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The mathematical rationale behind Proposition 3 is as follows. The concav-

ity of the probability weighting function, whether due to optimism or likeli-

hood insensitivity, can introduce non-convexities into the optimization prob-

lem. As a result, the optimal solution might lie at one of the boundaries of

the feasible set [0, 1]. Hence, when an investment is undervalued due to strong

probability weighting (Lemma 1), the individual optimally chooses not to in-

vest at all. This stands in contrast to the EU case, where the absence of such

non-convexities yields an interior optimal investment level.

To conclude this simple two-period model, I present a comparative static

that will be useful for interpreting a set of empirical results. The following

corollary shows that stronger utility curvature—provided it remains within the

bounds imposed by Assumption 3—makes individuals more susceptible to the

extreme underinvestment described in Proposition 3. Intuitively, greater utility

curvature steepens the marginal utility cost of foregone consumption, thereby

expanding the initial wealth region in which the distorted marginal benefits

from investment fail to compensate for its immediate utility cost.

Corollary 1. As −u′′
(
b(x0,z)

)
u′
(
b(x0,z)

) becomes larger, the threshold x̂0 from Proposition 3 in-

creases.

2.5. Behavioral Poverty Traps from Probability Weighting

Thus far, we have shown that poverty and probability weighting generate

underinvestment. However, if this investment behavior only delays wealth ac-

cumulation and leads, in the long run, to the same equilibrium as that reached

by the rich, poverty would be only transitory. To demonstrate that this is not al-

ways the case, and that the underinvestment due to probability weighting can

generate persistent poverty, I extend the problem to a repeated setting.

Suppose there are periods t = 0, . . . , T . In each period t, the agent begins

with wealth xt ∈ [
¯
x, x̄] and chooses an investment level et ∈ [0, 1] to trade off

current consumption against next-period wealth. The stochastic return to in-

vestment in period t is represented by the random variable zt, whose distribu-

tion is given by the cumulative distribution function F (zt | et), which satisfies

the properties stated in Assumption 1. In addition, given current wealth xt and

return zt, end-of-period wealth is determined by the function b(xt, zt) with the

properties in Assumption 2.
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To keep the analysis tractable and allow a transparent characterization of

steady states, I formulate the dynamic problem in terms of expected wealth.

Thus, from the perspective of period t, wealth at t + 1 is evaluated in expec-

tation, conditional on current wealth and investment. This future-period ex-

pected wealth serves as the relevant state variable because investment deci-

sions depend on perceived expected returns to investment, and future choices

are shaped by the agent’s perceived expected economic position rather than

by the full distribution of realized shocks. Focusing on mean dynamics there-

fore captures whether equilibrium behavior leads predictably to persistent low

wealth, abstracting from idiosyncratic realizations that are not central to the

mechanism.3

Wealth then evolves in expectation according to the following law of motion:

xt+1 =

∫ x̄

¯
x

b(xt, zt)dF (zt|et) . (3)

In words, next-period wealth is given by the expected return to investment

undertaken in the current period.

Throughout, it is assumed that in each period t the agent chooses the in-

vestment level et to maximize intertemporal utility over periods t and t + 1.

This framework admits two interpretations. First, the agent can be viewed as

myopic, making decisions in each period that trade off current consumption

against next-period wealth without explicitly considering subsequent periods.

This assumption is consistent with the notion of isolation, which is commonly

adopted in experimental and behavioral economics when modeling individuals

with probability-weighting preferences (Cubitt et al., 1998, Hey and Lee, 2005,

Baltussen et al., 2012). Second, it also accords with the idea that individuals who

exhibit probability weighting display dynamic inconsistency: even if they form

a long-term investment plan—equivalent to solving the full dynamic optimiza-

tion problem— they are likely to deviate from it because their distorted per-

ception of probabilities alters how they evaluate future risks (Karni and Safra,

3Formally, let x̃t+1 denote realized wealth at the beginning of period t + 1. Then x̃t+1 =
b(xt, zt), and the state variable is defined by the conditional expectation:

xt+1 ≡ E[x̃t+1 | xt, et] =

∫ x̄

¯
x

b(xt, zt) dF (zt | et).

Throughout, I study the deterministic recursion obtained by identifying xt+1 with this condi-
tional expectation.
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1990, Gilboa and Schmeidler, 1993, Sarin and Wakker, 1998).4

We turn to characterize the long-run equilibrium when the evolution of

wealth follows the law of motion given in (3). The following proposition es-

tablishes that, under EU, the induced wealth dynamics admit a unique steady

state.

Proposition 4. Assume Assumptions 1-3 hold. For the EU decision maker, there exists

a unique, interior, and locally stable steady state x∗
u.

Under EU, the optimal investment policy e∗u is interior and increasing in

current wealth (Proposition 1). Because current initial wealth and investment

returns are complementary (bxz > 0), higher current wealth raises the marginal

return to investment, implying that expected next-period wealth increases with

xt. At sufficiently high wealth levels, however, diminishing returns to current

wealth (bxx < 0) cause the expected wealth-transition curve to flatten, so that

expected wealth grows more slowly than the 45-degree line (xt+1 = xt). By

contrast, at low wealth levels, diminishing returns are weak and the comple-

mentarity between current wealth and investment ensures that expected wealth

grows faster than current wealth. Together, these forces imply that the expected

wealth-transition curve crosses the identity line exactly once, yielding a unique

steady state at which expected wealth neither increases nor decreases.

Before turning to the long-run equilibria under probability weighting, I in-

troduce an additional assumption that ensures individuals with very low cur-

rent wealth cannot accumulate expected wealth without investing.

Assumption 5. There exist ϵ > 0 and k < 1 such that for all xt ∈ (
¯
x,
¯
x+ ϵ),∫

b(xt, z) dF (z | 0) ≤
¯
x + k (xt −

¯
x).

Assumption 5 does not impose any non-convexity or threshold in the pro-

duction technology. It simply places a local slope restriction on the wealth tran-

sition when investment is zero: near the lower boundary, i.e. as xt →
¯
x, ex-

pected wealth cannot grow more than proportionally with current wealth. The

4Alternatively, the framework can be interpreted as an overlapping-generations (OLG)
model with impure altruism. In this interpretation, each generation lives for a single period,
transfers its wealth to the next generation, and derives utility from this bequest. Investment
then represents the share of resources allocated to descendants, or, equivalently, to the produc-
tive capital stock of the next generation.
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production function b remains fully smooth and concave, exactly as specified

in the baseline model. The assumption merely rules out the knife-edge case

in which zero investment would generate automatic wealth accumulation for

very poor individuals.

We are now in a position to show that probability weighting can generate

a poverty trap. The next proposition demonstrates that when agents exhibit

sufficiently strong probability weighting arising from likelihood insensitivity

or optimism, their investment behavior can sustain a low-wealth steady state

in which the poor perpetuate their condition.

Proposition 5. Assume that Assumptions 1-5 hold and that the individual is at least

as optimistic or likelihood insensitive as the threshold degree of optimism or likelihood

insensitivity from Proposition 3. Then there exists a threshold level of initial wealth

x̃0 ∈ [
¯
x, x̄] such that:

(i) if x0 ≤ x̃0, the individual converges to the low-wealth steady state x∗
r = ¯

x;

(ii) if x0 > x̃0, the individual converges to the high-wealth steady state x∗
r = xH >

x̃0.

At low levels of wealth, small investment levels are mistakenly perceived

as ineffective at raising the probability of favorable outcomes. As a result,

likelihood-insensitive or optimistic individuals choose not to invest at all, caus-

ing expected wealth to remain low. As wealth increases, however, investment

becomes more effective: due to the complementarity between current wealth

and returns (bxz > 0), and because higher investment raises success probabil-

ities in the sense of first-order stochastic dominance, the perceived gains from

investing rise sharply. Together, these forces—extreme underinvestment at low

wealth and rapidly increasing responsiveness to investment at intermediate

wealth—generate an S-shaped expected wealth transition function. This shape

implies the existence of two stable steady states: a low-wealth poverty trap, in

which individuals remain poor because they do not invest, and a high-wealth

equilibrium xH , in which sustained investment supports long-run wealth accu-

mulation.

Proposition 5 provides an explanation for the empirical regularity that the

poor frequently forgo profitable opportunities. For example, they may erro-

neously perceive the returns to additional schooling as too small to justify the

cost in foregone current consumption (Jensen, 2010, Nguyen, 2008), or misjudge

the benefits of effective preventive health products (Dupas and Miguel, 2017).
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In both cases, the model implies that probability weighting distorts the per-

ceived returns to investment, leading individuals to undervalue opportunities

that would, on average, improve their future economic prospects.

To conclude the model, I show that pessimism does not generate a poverty

trap. Instead, pessimistic probability weighting leads to a unique steady-state

equilibrium, characterized by lower long-run wealth than under expected util-

ity but without the multiplicity of steady states required for persistent poverty.

Corollary 2. Under the conditions of Proposition 5, suppose instead that the individual

exhibits sufficiently severe pessimism (in the sense of Proposition 2). Then there exists

a unique, locally stable steady state x∗
r ∈ (

¯
x, x̄), which lies strictly below the steady

state under expected utility: x∗
r < x∗

u.

Sufficiently strong pessimism leads individuals to invest less than under

the EU benchmark. However, unlike optimism or likelihood insensitivity, pes-

simism does not induce corner solutions: the pessimist still chooses an interior

investment level. Consequently, the investment response remains monotonic—

current wealth and investment continue to rise together. This ensures that

wealth dynamics converge to a unique, globally stable steady state. Pessimism

therefore reduces long-run expected wealth but does not generate a poverty

trap.

The behavioral poverty trap proposed in this paper is characterized by Propo-

sition 5. Probability weighting leads poor individuals to forgo profitable op-

portunities, causing them to exhibit the lowest investment levels in society and

trapping them in a low steady state. Consequently, despite having opportuni-

ties to improve their condition through profitable investments, the poor ulti-

mately attain the lowest final expected wealth; their poverty is perpetuated by

their erroneous perception of risk.

3. Correlational Evidence of the Behavioral Poverty Trap

In this section, I draw on the data from Dimmock et al. (2021) to evaluate

the empirical validity of the poverty trap predicted by the theoretical frame-

work. Their study implemented an incentivized experiment in the American

Life Panel, a representative sample of U.S. households. Although the original
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aim of Dimmock et al. (2021) was to examine the relationship between prob-

ability weighting and household portfolio diversification, these data offer the

opportunity to investigate whether probability weighting is associated with dif-

ferences in wealth and income, consistent with the poverty trap mechanism

derived in Section 2.

Dimmock et al. (2021) elicited the probability weighting function for each

respondent using the method of Abdellaoui (2000). This method allows the

researcher to elicit the utility and probability weighting functions in a non-

parametric way. This is achieved by implementing a set of binary lotteries that

keep probabilities fixed, in order to elicit utility function curvature, and an-

other set of binary lotteries that keep outcomes fixed and vary probabilities, in

order to elicit probability weighting function curvature. Therefore, these data

successfully identify these two components of risk attitude in the case of RDU

preferences.

A disadvantage of the elicitation in Dimmock et al. (2021) is that it con-

founds probability weighting due to likelihood insensitivity with probability

weighting due to pessimism and optimism. To deal with this confound, I fit the

respondent’s answers to the questions designed to elicit probability weight-

ing to parametric forms of probability weighting that can separate and identify

these factors. Accordingly, the data are first fitted to Prelec (1998)’s probability

weighting function, which has two parameters, each roughly capturing each

component of probability weighting, and is empirically desirable because it ac-

counts for changes at small and large probabilities (Wakker, 2010). Formally,

for each respondent i, the following function is estimated:

w(pij) = exp
(
− βi

(
− ln(pij)

)αi

)
, (4)

where the index j represents the questions designed to elicit probability weight-

ing. To estimate the parameters αi and βi in (4), I used non-linear least squares,

a method that has been widely used to estimate the parameters of the probabil-

ity weighting function (Abdellaoui et al., 2011, Li et al., 2018, Dimmock et al.,

2021).

The estimate α̂i in (4) captures the respondent i’s likelihood insensitivity

(Wakker, 2010). In particular, the closer α̂i is to 0, the more insensitive the re-

spondent is, and, conversely, a value of α̂i closer to 1 implies a perception of
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probabilities closer to EU. Therefore, I use −α̂i (if α̂i < 1) as a continuous index

of likelihood insensitivity that I refer to as “Inverse-S.” Furthermore, the esti-

mate β̂i in (4) indicates whether respondent i exhibits pessimism or optimism

(Wakker, 2010). If β̂i < 1, the respondent exhibits optimism, while β̂i > 1 indi-

cates pessimism. Additionally, the magnitude of β̂i captures the degree of opti-

mism or pessimism: higher values of β̂i reflect stronger pessimism (if β̂i > 1),

while lower values denote stronger optimism (if β̂i < 1). Hence, I use β̂i as a

continuous index of optimism and pessimism that I refer to as “Opt./Pess.”

Apart from probability weighting, I also estimate each respondent’s utility

function. The survey questions designed to elicit utility curvature are used to

estimate the following utility function:

u(xik) = x1−γi
ik . (5)

where the index k represents the questions designed to elicit utility curvature.

The parameter γi is estimated using non-linear least squares, jointly with the

parameters of the probability weighting function.

Table 1 presents descriptive statistics of α̂i and β̂i.5 I find that respondents

exhibited likelihood insensitivity and pessimism on average, since the average

value of α̂i is less than 1 and that of β̂i is greater than 1. Figure 3a illustrates

the median probability weighting function, which is also characterized by pes-

simism and likelihood insensitivity. These findings are further corroborated

when the estimates are analyzed at the individual level. Specifically, a majority

of respondents, 2012 out of 2640, exhibit α̂i < 1, which indicates likelihood in-

sensitivity. Furthermore, a majority of subjects, 1872 out of 2640, exhibit β̂i > 1,

which indicates pessimism. These results are consistent with previous experi-

mental findings (Abdellaoui, 2000, Abdellaoui et al., 2011, Bruhin et al., 2010,

L’Haridon and Vieider, 2019).

A key advantage of these data is that the same respondents reported their

income and wealth in previous survey waves. This allows me to examine how

these outcomes are related to individuals’ estimated degrees of likelihood in-

sensitivity and pessimism. The analysis focuses on four measures: “Finan-

5I applied a 95% winsorization to the estimates of βi in order to reduce the effect of outliers.
Prior to transforming the data, the mean of β̂i was equal 6.148, which is considerably higher
than average estimates reported in previous studies. Moreover, the standard deviation of β̂i

was 27.92, which indicates a considerably high variance.
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Table 1: Estimates of Probability Weighting Functions

Prelec (1998) Chateauneuf et
al. (2007)

α̂i β̂i ŝi ĉi
Mean 0.815 1.855 0.594 0.028

25th perc. 0.361 0.932 0.257 -0.118
50th perc. 0.630 1.411 0.611 0.001
75th perc. 0.972 2.329 0.891 0.056
St. Dev. 1.211 1.550 0.358 0.067

This table presents the descriptive statistics for es-
timates of probability weighting obtained at the re-
spondent level. The first two columns present the
descriptive statistics of the parameters when the
form w(pij) = exp

(
− βi

(
− ln(pij)

)αi
)

, due to Pr-
elec (1998), is assumed. Columns 3 and 4 present
the descriptive statistics of the parameters when the

form w(pij) =


0 if p = 0,

ci + si · pij if p ∈ (0, 1),

1 if p = 1.

, due to

Chateauneuf et al. (2007), is assumed.

Figure 3: Median probability weighting functions

0

.2

.4

.6

.8

1

w
(p
)

0 .2 .4 .6 .8 1
p

(a) using Prelec (1998)

0

.2

.4

.6

.8

1

w
(p
)

0 .2 .4 .6 .8 1
p

(b) using Chateauneuf et al. (2007)

Note: The blue lines represent the median probability weighting function in the sample while
the dashed lines represent the accurate perception of probabilities benchmark.
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cial Wealth”, defined as the household’s reported holdings in bonds, certifi-

cates of deposit, treasury bills, checking accounts, savings accounts, and stocks;

“Return Stock”, measuring the household’s reported investment in individual

stocks and stock mutual funds in retirement accounts; “Family Income”, which

is the household’s reported annual income; and “Housing Wealth”, capturing

the household’s reported real estate holdings.

Table 2 reports descriptive statistics for these income and wealth variables.

All measures are continuous and expressed in dollars (or thousands of dollars),

and in each case the standard deviation exceeds the mean, indicating substan-

tial dispersion. To stabilize this variability and reduce the influence of extreme

values, I apply a natural logarithmic transformation, following Dimmock et

al. (2016b) and Dimmock et al. (2021). Specifically, I use the transformation

ln(yi + 1), where yi denotes the outcome variable. This approach also miti-

gates concerns related to selection on non-zero values arising from the presence

of multiple zero observations. As a robustness check, I additionally estimate

specifications using the quartic-root transformation, (yi)1/4, as recommended

by Thakral and Tô (2023), which similarly addresses issues related to skewness

and zero-valued outcomes.

Table 2: Descriptive Statistics of Income and Wealth

Variable Unit Mean
25th
Perc.

50th
Perc.

75th
Perc.

St. Dev. Obs.

Financial Wealth 1000s USD 139.673 0 2.500 38 1897.933 1954
Return Stock 1 USD 260275.800 30000 114000 350000 439687.8 951
Family Income 1000s USD 76.516 32.5 67.500 112.5 53.350 2659
Housing Wealth 1000s USD 483.909 0 100 250 13054.750 1943

This table presents descriptive statistics for the variables that capture the respondents’ self-
reported income and wealth. The variables are “Financial Wealth” which captures the house-
hold’s self-reported holdings in bonds, certificates of deposit, treasury bills, checking accounts,
savings accounts, and stocks in thousands of US dollars, “Return Stock” which captures the
household’s self-reported return on individual stocks and stock mutual funds in retirement ac-
counts in US dollars, “Family Income” which captures the household’s self-reported income in
thousands of US dollars, and “Housing Wealth” which captures the household’s self-reported
housing wealth in thousands of US dollars.

Each transformed income and wealth variable is regressed on the indexes

of probability weighting. Estimating separate regressions—where each vari-

able reported in Table 2 serves in turn as the dependent variable—is useful

because these measures capture different dimensions of the respondent’s eco-

nomic position. This approach therefore offers insight into the specific contexts
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in which the proposed poverty trap is more likely to operate. For example, Re-

turn Stock reflects income with lower liquidity relative to that included in Fam-

ily Income, and may therefore play a more limited role in shaping investment

behavior among the poorest households. Similarly, Housing Wealth represents

a lower liquidity wealth position relative to that in Financial Wealth, which,

again, might be less important in the case of the poorest households.

In all regression specifications, I control for respondents’ utility curvature, as

any empirically relevant relationship between poverty and probability weight-

ing must emerge above and beyond differences in risk attitudes driven by util-

ity curvature alone. In additional specifications, I include a set of demographic

and socioeconomic controls that may moderate the relationship between prob-

ability weighting and income or wealth. These controls include age, gender,

ethnicity, educational attainment, state of residence, primary language, and em-

ployment status.

Table 3 reports the OLS estimates. The results show that higher likelihood

insensitivity, as captured by the index Inverse-S, is associated with lower finan-

cial wealth, lower return on stocks, and lower family income. In particular, a 0.1

increase in the index predicts a 12.2% decline in financial wealth, a 12.4% reduc-

tion in return to stocks, and a 1.84% decrease in family income.6 In contrast, the

coefficient on Inverse-S is not significant when Housing Wealth is used as the

dependent variable. This lack of significance suggests that for this measure of

wealth, which as mentioned above is less relevant in the case of poorest house-

holds, the model’s predictions cannot be empirically supported.7 Table 10 in

Appendix E further confirms the robustness of the findings using a quartic-root

transformation of the dependent variables, indicating that these findings are

not an artifact of the specific transformation used to stabilize variance, but are

robust to alternative transformations.

To provide a more direct interpretation of the relationship between poverty

and probability weighting, I classify households as poor or non-poor according

to U.S. poverty guidelines. I find that poor respondents exhibit an Inverse-

S index that is 0.0463 units higher, approximately 0.038 standard deviations,

6These results become more noticeable when the change in insensitivity is quantified in
terms of standard deviations of the index; a one-standard-deviation increase in the likelihood
insensitivity index, is associated with a 79% reduction in financial wealth and return to stocks,
and a 20% reduction in family income.

7It must be noted that the same qualitative results are obtained without winsorization (see
Table 7 in Appendix E).
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than that of non-poor respondents. Using the estimated coefficients from Ta-

ble 3, this difference implies that poor respondents hold approximately 5.8%

less financial wealth, earn 5.8% lower returns to stocks, and report 0.86% lower

annual income solely due to probability weighting from likelihood insensitivity. It

should be emphasized that these estimates must be interpreted as lower bounds

on the overall influence of probability weighting. They are based on probability

weighting measures elicited through well-defined lottery choices, whereas the

theoretical framework in Section 2 concerns distortions in the perceived proba-

bilities of returns to real-life investments. Such probabilities are typically more

ambiguous than those in lotteries, which may further amplify biased evalua-

tions of uncertainty and underinvestment; a mechanism explored in the model

extension presented in Appendix D.

The regression results in Table 3 further show that pessimism, as measured

by the Opt./Pess. index, is not significantly associated with income or wealth.

This null finding is robust to alternative transformations of the dependent vari-

ables, including the quartic-root specification reported in Table 7. The absence

of a statistically significant relationship is consistent with the theoretical predic-

tion that pessimism alone does not generate a poverty trap (Corollary 2).

For robustness, I repeat the analysis using the parametric specification of

probability weighting proposed by Chateauneuf et al. (2007):

w(pij) =


0 if p = 0,

ci + si · pij if p ∈ (0, 1),

1 if p = 1.

(6)

The parameters ci and si in (6) are estimated jointly with the utility curvature

parameter γi in (5) using non-linear least squares. Columns 3 and 4 of Table 1

report descriptive statistics for these estimates.8 The results corroborate the

earlier finding that respondents display both likelihood insensitivity and pes-

simism. The fact that ŝi < 1 on average indicates insensitivity to changes in

probabilities, while the condition 1− ĉi + ŝi > 0 implies pessimistic probability

weighting, with unfavorable outcomes receiving greater weight than favorable

8No winsorization is applied to these parameters. When winsorization is applied to the
estimated values of ci, which is the analog of the parameter βi in Prelec (1998)’s weighting
function, its resulting mean is 0.0261 and its standard deviation is 0.067, which are very close
to the mean and standard deviation reported in Table 1. This suggests that the results are not
driven by outliers.
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ones.

Following Wakker (2010) and Abdellaoui et al. (2011), I use the individual-

specific parameter estimates from (6) to construct indexes of likelihood insen-

sitivity and pessimism, which are then employed as explanatory variables in

regressions where measures of income and wealth serve as the dependent vari-

ables. The results, reported in Table 8 in Appendix E, corroborate the central

finding that likelihood insensitivity is significantly associated with lower fi-

nancial wealth, lower returns on stocks, and lower family income, whereas the

effect of pessimism is less robust and often statistically insignificant.

Overall, the empirical evidence is consistent with the predictions of the

model. However, it is important to emphasize that this analysis is correla-

tional and does not establish causality. The observed relationships could also

reflect an alternative mechanism: individuals may fall into poverty because

they exhibit sufficiently strong probability weighting, regardless of their initial

wealth. This interpretation contrasts with the model’s central conjecture, which

posits that poverty itself amplifies the effects of probability weighting, making

individuals more prone to underinvestment and thereby reinforcing their low-

wealth status. The next section provides causal evidence to more directly test

this prediction.

4. Experimental Evidence of the Behavioral Poverty Trap

In this section, I use the data from Carvalho et al. (2016) to provide a causal test

of the model’s predictions. Their study conducted experiments with two pan-

els of representative U.S. households to examine how financial resources shape

economic decision-making. In each experiment, respondents were randomly

assigned to one of two groups, with each group completing an incentivized sur-

vey either shortly before or shortly after monthly payday. The survey elicited

risk and time preferences and included a set of questions designed to measure

decision-making quality.

The elicitation of risk preferences in Carvalho et al. (2016) does not allow

for a clean separation of participants’ probability-weighting and utility func-

tions. However, I recover these preference components using the set of ques-

tions originally designed to assess decision-making quality. These items were
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administered only to participants in the GfK KnowledgePanel; accordingly, the

empirical analysis in this section focuses on that sample.

Carvalho et al. (2016) measure decision-making quality using the method

developed by Choi et al. (2007). In this method, participants are asked to choose

the fraction of their endowment to invest in good x1, with the remaining frac-

tion automatically allocated to good x2. Respondents are informed that with

probability 0.5 only the payoff from x1 is realized, and with the complement

probability, i.e. 0.5, only the payoff from x2 is realized. The survey includes 25

such investment problems, which vary both the size of the endowment avail-

able to participants and the relative price of investing in one good versus the

other.

Participants’ risk preferences were recovered using the Money Metric Index

(MMI) method of Halevy et al. (2018). The key advantage of this method is

its ability to identify probability-weighting and utility functions conditional on a

given level of decision-making quality. This is possible because the MMI exploits

a theoretical result that cleanly separates two components of observed behav-

ior: (i) the consistency of choices with the maximization of a nonsatiated utility

function, i.e. the criterion used by Carvalho et al. (2016) to measure decision-

making quality, and (ii) misspecification, which captures the extent to which the

assumed parametric forms provide a good fit to the data. This separation is

particularly valuable for our purposes, as it allows us to abstract from variation

in decision-making quality and focus directly on the estimated risk-preference

parameters.

In line with the theoretical model, a participant i in the experiment makes

choices in each investment problem by maximizing the following utility func-

tional:

RDUi = wi(0.5) · ui

(
max{x1, x2}

)
+ (1− wi(0.5)) · ui

(
min{x1, x2}

)
, (7)

where the probability weight assigned to the favorable outcome, wi(0.5), is

specified as:

wi(0.5) =
1

2 + βi

, with βi > −1. (8)

The parameter βi governs the direction and magnitude of the probability distor-

tion. When βi > 0, the probability assigned to the favorable outcome, max{x1, x2},

29



is underweighted, causing the decision maker to invest less in the higher-payoff

asset than an EU decision maker with the same utility curvature would. Con-

versely, when βi < 0 the probability of the favorable outcome is overweighted,

leading to overinvestment in this asset relative to the EU benchmark. Finally,

when βi = 0 the individual evaluates probabilities objectively and behaves in

accordance with EU.

The function in (8) corresponds to the probability transformation of Gul

(1991) evaluated at p = 0.5. This specification is widely used in the decision-

making-quality literature (Choi et al., 2007, Halevy et al., 2018) because the pa-

rameter β captures the certainty effect, a relevant deviation from expected utility

that is frequently observed in these budgetary environments. Beyond its preva-

lence in the literature, this parametric form of probability weighting is adopted

for three reasons. First, for binary lotteries, the Gul (1991)’s Disappointment

Aversion model and Rank-Dependent Utility coincide, making this represen-

tation an appropriate reduced-form representation of RDU preferences. Sec-

ond, it ensures consistency with Halevy et al. (2018), who developed the MMI

method and employ the same functional form in an identical budgetary envi-

ronment. Third, the experimental design in Carvalho et al. (2016) elicits choices

only at a single probability value (p = 0.5) making it impossible to identify

richer two-parameter weighting functions such as those of Prelec (1998)’s or

Chateauneuf et al. (2007)’s forms. As a consequence, a single-point index such

as (8) is the only empirically identifiable measure of probability weighting in

this setting. In what follows, and wherever necessary, I relate the empirical

implications of β to the parametric weighting functions used in the previous

section.

Consistent with the empirical analysis of Section 3, I also assume that the

participant’s consumption utility function belongs to the CRRA family:

ui(z) =

 z1−γi

1−γi
if γi ≥ 0 and γi ̸= 1,

ln(z) if γi ≥ 0 and γi = 1.
(9)

The parameter γi captures risk aversion due to utility curvature. I apply the

MMI method to estimate the parameters βi and γi for each respondent. As a ro-

bustness check, I also estimate an alternative specification in which consump-

tion utility belongs to the CARA family. In this case, utility is parametrized as
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ui(z) = − exp
(
− Aiz

)
with Ai ≥ 0.The MMI method is again used to estimate

the parameters βi and Ai.

Table 4 reports descriptive statistics for the estimates γ̂i, β̂i, and Âi.9 The

average estimate of β̂i is equal to 0.393, implying that respondents evaluated

the probability 0.5 to be on average equal to 0.417. Under the Prelec (1998)

one-parameter specification, w(p) = exp(−(− ln(p)α), this extent of probability

underweighting corresponds to α = 0.37, indicating substantial likelihood in-

sensitivity.10 Similarly, under the neo-additive function w(p) = sp (when c = 0)

the same underweighting arises when the insensitivity parameter is equal to

s = 0.834.11 A comparable pattern emerges when the utility function is as-

sumed to follow a CARA specification: the probability of the favorable outcome

is estimated to be equal to 0.390. Hence, subjects on average underweighted

the probability of the best outcome. This finding implies that, relative to EU

decision-makers with the same utility curvature, participants on average un-

derinvested in the higher-payoff asset; due to probability weighting they sys-

tematically chose portfolios that invest less in the most favorable outcome.

The theoretical framework developed in this paper predicts that poverty

amplifies the underinvestment induced by probability weighting. In the exper-

imental setting considered here, such underinvestment manifests as choosing

portfolios that invest less in the higher-payoff asset than an EU decision maker

with the same utility curvature would. To assess this prediction empirically, I

classify each respondent as either an RDU- or EU-maximizer based on the esti-

mated value of the parameter β̂i. Specifically, respondent i is classified as an EU

type if the null hypothesis β̂i = 0 cannot be rejected; otherwise, the respondent

is classified as RDU. Following Halevy et al. (2018), this test is implemented by

constructing a 95% confidence interval for β̂i using a bootstrap resampling pro-

cedure.12 Notably, because the estimated parameter β̂i is positive for the major-

ity of respondents, classification as RDU almost always corresponds to underin-

9The variable γ̂i has been winsorized, since it originally included a maximum value of 331,
which lacks clear empirical interpretation, and exhibited a variance of 528, indicating excessive
variability in the data.

10Instead, if α = 1, then Prelec (1998)’s weighting function reduces w(p) = pβ , in this case, the
observed underweighting of p = 0.5 is matched when β = 1.26, corresponding to pessimistic
probability weighting.

11Conversely, setting s = 1, the neo-additive probability weighting function becomes w =
c+ p, and this underweighting behavior can be obtained when c = −0.083.

12In particular, 1,000 bootstrap resamples of each individual dataset are generated to con-
struct these confidence intervals.
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Table 4: Risk preference estimates obtained from the MMI method

CRRA utility CARA utility
β̂i γ̂i β̂i Âi

Mean 0.393 0.515 0.566 0.501
25th perc. 0.102 0.265 0.164 0.023
50th. perc. 0.238 0.399 0.341 0.037
75th. perc. 0.526 0.817 0.703 0.067

St. Dev. 0.608 0.327 0.709 2.37
This table presents the descriptive statistics for es-
timates of probability weighting and utility curva-
ture obtained for each participant using the MMI
method (Halevy et al., 2018). The first two columns
present estimates obtained when utility is assumed
to belong to the CRRA family, i.e. ui(z) ={

z1−γi

1−γi
if γi ≥ 0 and γi ̸= 1,

ln(z) if γi ≥ 0 and γi = 1.
Columns 3 and 4 present

estimates obtained when utility is assumed to belong
to the CARA family, i.e. u(z) = − exp

(
− Az

)
, where

A ≥ 0. Probability weighting is assumed to follow the
parametric form ωi =

1
2+βi

with βi > −1.

vestment relative to the expected-utility benchmark. Accordingly, throughout

the empirical analysis, deviations from EU predominantly reflect underinvest-

ment.

The results indicate that 622 respondents out of 1131 (55% of the sample)

are RDU, while 509 are classified as EU. Similarly, when a CARA utility func-

tion is assumed, 682 respondents are classified as RDU (60% of the sample) and

449 as EU.13 Importantly, among respondents classified as RDU, 555 exhibit a

positive and statistically significant estimate of β̂i, implying underinvestment

in the higher-payoff asset, whereas only 67 respondents (5.9% of the sample)

exhibit a negative and statistically significant β̂i. Thus, in this setting, classifi-

cation as RDU overwhelmingly corresponds to underinvestment relative to the

EU benchmark.

The first analysis of these data relates respondents’ economic circumstances

to their classification of risk preference (RDU versus EU). Specifically, I exam-

ine whether, as predicted by the model, individuals classified as RDU, and thus

who underinvest in the experiment, experience in worse economic conditions

than those classified as EU. In turn, economic conditions are measured by in-

13The probability p = 0.5 is typically not subject to strong perceptual distortion (Abdellaoui,
2000). Therefore, the finding that between 55% and 60% of the sample distort this probability
indicates a relatively high incidence of probability weighting.

32



dicators for having below-median expenditures, below-median cash holdings,

and below-median checking and savings balances. The focus on these variables

follows from Carvalho et al. (2016) who used these variables to capture finan-

cial circumstances and their relationship to being assigned to the treatment or

control.14

The regression estimates reported in Table 5 indicate that individuals facing

worse economic conditions are more likely to be classified as RDU. In particular,

individuals with below-median expenditures and below-median checking and

savings balances are 8.9% and 7.4%, respectively, more likely to exhibit signif-

icant probability weighting that leads to underinvestment in the higher-payoff

asset relative to the EU benchmark. Additionally, the estimated relationship be-

tween below-median cash holdings and RDU classification is positive but not

statistically significant.

The robustness checks reported in Table 12 in Appendix E show that these

conclusions remain robust when the sample is restricted to respondents who

reported being in difficult economic circumstances. In that analysis, one of the

examined subgroups includes individuals reporting living “check to check”,

while another—partially overlapping—subgroup reports experiencing a caloric

crunch. Taken together, these results reinforce the findings of the previous sec-

tion: probability weighting is more pronounced among individuals in poorer

economic circumstances. Moreover, these data provide novel insight by show-

ing that such biased evaluations of risk translate into underinvestment, consis-

tent with the poverty-trap mechanism proposed in the theoretical model.

I now turn to the second part of the analysis, which examines whether the

model’s predictions can be causally validated. Specifically, I test whether re-

spondents assigned to the treatment group—those surveyed before payday—

are more likely to make investment decisions that deviate from EU. To assess

this, I regress the risk-preference classification (RDU vs. EU) on a treatment in-

dicator labeled “Before Payday.” All specifications control for utility curvature,

captured by the individual estimate γ̂i in the case of CRRA utility. Moreover, in

additional specifications, I further account for individual heterogeneity by in-

cluding controls for decision-making quality, measured by Varian’s Index (Var-

ian, 1982); cognitive ability, proxied by the Stroop test; and demographic char-

14In addition, the focus on median-based indicators follows Carvalho et al. (2016), who find
stronger relationships between financial circumstances and the payday treatment when out-
comes are measured relative to the median.
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Table 5: The Effects of Economic Circumstances on the Probability of Deviating
from Expected Utility

(1) (2) (3) (4) (5) (6)
RDU RDU RDU RDU RDU RDU

Low Expenditures 0.226∗∗∗ 0.227∗∗∗

(0.065) (0.079)
Low Cash Holdings 0.074 0.093

(0.081) (0.081)
Low Checkings Balance 0.201∗∗ 0.201∗∗

(0.097) (0.098)
γ̂i -0.864∗∗∗ -0.891∗∗∗ -0.855∗∗∗ -0.884∗∗∗ -0.867∗∗∗ -0.898∗∗∗

(0.140) (0.131) (0.141) (0.132) (0.139) (0.133)
Varian Index -5.748∗∗∗ -5.681∗∗∗ -5.815∗∗∗ -5.736∗∗∗ -5.788∗∗∗ -5.732∗∗∗

(0.888) (1.033) (0.892) (1.037) (0.888) (1.041)
Accuracy Stroop test 0.063∗ 0.063∗ 0.060∗

(0.036) (0.036) (0.035)
Constant 0.736∗∗∗ 0.364 0.815∗∗∗ 0.451 0.703∗∗∗ 0.363

(0.117) (0.385) (0.116) (0.375) (0.139) (0.369)
Controls NO YES NO YES NO YES
Log-likelihood -745.229 -715.168 -749.189 -718.526 -746.839 -716.563
N 1131 1114 1131 1114 1131 1114

This table presents probit estimates of the model RDUi = b0 + b1Low Financial Circumstancesi +
b2γ̂i + b3Before Payday×γ̂i+Controls′iΓ+ εi. The dependent variable “RDUi” is a binary variable
that takes a value 1 if respondent i’s preferences are classified as Rank-Dependent Utility and 0
otherwise. In Columns (1) and (2) the variable “Low Expenditures” is a binary variable that takes
a value of 1 if respondent i has lower than median expenditures in the past 7 days and 0 otherwise.
In Columns (3) and (4) the variable “Low Cash Holdings” is a binary variable that takes a value
of 1 if respondent i has lower than median cash holdings and 0 otherwise. In Columns (5) and (6)
the variable “Low Checking Balance” is a binary variable that takes a value of 1 if respondent i
has lower than median checking and savings balances and 0 otherwise. The variable γ̂i captures
subject’s i utility curvature. “Varian Index” captures the extent to which participant’s i responses
are consistent with the maximization of a non-satiated utility function. Accuracy Stroop Test
captures the performance of respondent i on the Stroop test. Bootstrapped standard errors with
100 repetitions in parentheses. *** denotes significance at the 0.01 level, ** denotes significance at
the 0.05 level, * denotes significance at the 0.1 level.
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acteristics, including ethnicity, age, education, gender, employment status, and

state of residence. Because the dependent variable (RDU) is constructed from

estimated parameters and thus incorporates additional sampling variation, all

regressions use bootstrapped standard errors.

Table 6 reports the regression estimates. The results in columns (1), (3) and

(5) indicate that the treatment—being surveyed before payday—does not sig-

nificantly increase the likelihood of being classified as RDU. This conclusion

remains unchanged after the inclusion of control variables. The absence of a

statistically significant effect is consistent with the findings of Carvalho et al.

(2016), who document that temporary financial strain does not directly alter

risk attitudes. I extend their result by showing that such short-term fluctuations

in financial resources also do not affect adherence to EU. A plausible interpre-

tation is that the influence of poverty on probability weighting is more likely

to manifest under sustained and more meaningful forms of economic scarcity,

rather than through transient shifts in financial resources.

Recall that the strength of the behavioral poverty trap predicted by the model

crucially depends on utility curvature (see Assumption 3 and Corollary 1). I in-

corporate this interplay in the empirical analysis by including an interaction

term between the variable Before Payday and the estimated utility curvature

coefficient γ̂i. The corresponding estimates appear in columns (2), (4), and (6)

of Table 6. The coefficient on the interaction term Before Payday ×γ̂i indicates

that being financially constrained, combined with greater concavity of the util-

ity function, increases the likelihood that investment decisions deviate from the

EU benchmark. This conclusion is illustrated in Figure 4, which plots the av-

erage treatment effect across different values of γ̂. Furthermore, Table 14 and

Figure 6 in Appendix E demonstrate that these findings are robust when as-

suming a CARA specification for consumption utility.

This result is consistent with Corollary 1, which predicts that financial con-

straints are more likely to induce underinvestment relative to the EU bench-

mark as utility curvature increases. Individuals who experience a steep disutil-

ity from reduced immediate consumption face a high utility cost of investing,

making probability-weighting distortions more consequential for investment

evaluation. Financial constraints before payday further increase the relevance

of these distortions by making investment even less profitable. By contrast,

when utility curvature is moderate, the utility cost of reduced immediate con-
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Table 6: The Effects of Payday on the Probability of Deviating from Expected
Utility

(1) (2) (3) (4) (5) (6)
RDU RDU RDU RDU RDU RDU

Before Payday -0.026 -0.265∗∗ -0.031 -0.279∗∗ -0.030 -0.315∗∗

(0.078) (0.127) (0.070) (0.122) (0.071) (0.138)
γ̂i -0.385∗∗∗ -0.626∗∗∗ -0.878∗∗∗ -1.131∗∗∗ -0.882∗∗∗ -1.172∗∗∗

(0.117) (0.155) (0.132) (0.176) (0.130) (0.184)
Before Payday×γ̂i 0.460∗∗ 0.473∗∗ 0.544∗∗∗

(0.198) (0.200) (0.208)
Varian Index -5.416∗∗∗ -5.465∗∗∗ -5.745∗∗∗ -5.821∗∗∗

(1.003) (1.010) (1.025) (1.035)
Stroop Test Accuracy 0.079∗∗∗ 0.077∗∗∗ 0.063∗ 0.060∗

(0.029) (0.029) (0.036) (0.035)
Constant 0.338∗∗∗ 0.465∗∗∗ 0.401∗ 0.552∗∗ 0.487 0.648∗

(0.084) (0.101) (0.223) (0.228) (0.381) (0.384)
Controls NO NO NO NO YES YES
Log-likelihood -772.598 -770.595 -734.005 -731.978 -719.144 -716.541
N 1131 1131 1114 1114 1114 1114

This table presents probit estimates of the model RDUi = b0 + b1Before Paydayi + b2γ̂i + b3Before
Payday×γ̂i+Controls′iΓ + εi. The dependent variable RDUi is a binary variable that takes a value of
1 if respondent i is classified to have Rank-dependent utility preferences and 0 otherwise. “Before
Payday” is a binary variable that takes a value of 1 if respondent i is assigned to the group that
completed the survey before payday and 0 otherwise. The variable γ̂i captures subject’s i utility
curvature. “Varian Index” captures the extent to which participant’s i responses are consistent with
the maximization of a non-satiated utility function. Stroop Test Accuracy captures the performance
of respondent i on the Stroop test questions. Bootstrapped standard errors with 100 repetitions in
parentheses. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, *
denotes significance at the 0.1 level.
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Figure 4: Marginal effects of Payday for different levels of γ
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Note: Bars represent 95% confidence intervals.

sumption before payday might be insufficient to materially affect investment

behavior.

It is important to emphasize that the results in Table 6 and Figure 4 show

that the average treatment effect becomes significant only when γ > 1. At

first glance, this finding appears to stand in contrast to commonly imposed up-

per bounds on utility curvature, such as those used by Dalton et al. (2016), as

well as with the bound implied by the final property of Assumption 3 when

the wealth function takes the commonly-used form b(x0, z) = xµ
0z

1−µ, both of

which require γ < 1. However, these curvature bounds are derived under spe-

cific functional-form assumptions on the wealth function technology. Alterna-

tive production functions can accommodate the empirical finding that γ > 1. In

particular, when the wealth function is both supermodular and non-separable

in initial wealth and investment returns, the curvature restriction in Assump-

tion 3 can be satisfied even for values γ > 1. For example, if b(x0, z) = (1+ax0z)
κ

with κ > 1, then the condition from Assumption 3 becomes:

1 +
κax0z

1 + (κ+ 1)ax0z
≥ γ,

which is compatible with utility curvature exceeding one.15 These wealth-production

15Another example of a production function that could rationalize these results is a CES pro-
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technologies correspond to environments in which wealth accumulation is highly

supermodular: higher initial wealth amplifies the marginal returns to invest-

ment, and higher returns in turn magnify the benefits of initial wealth. In

such settings, inputs are not easily substitutable, and small differences in initial

wealth translate into disproportionately large differences in final wealth. Inter-

preted through this lens, the empirical results suggest that participants perceive

the process of wealth accumulation as strongly reinforcing—so that investment

in the experiment is especially effective in boosting future wealth for those who

are already relatively wealthy.

To conclude this analysis, I comment on the robustness of the interaction

between the treatment effect and utility curvature. This relationship is fur-

ther supported by analyses that restrict the sample to respondents reporting

difficult economic circumstances. The estimates presented in Table 13 in Ap-

pendix E reveal substantial heterogeneity in treatment effects. Specifically, for

some subgroups, the level of utility curvature at which the treatment effect be-

comes statistically significant is lower than in the full-sample analysis. Fig-

ures 5a and 5b illustrate this pattern for respondents reporting annual incomes

below $20,000 and for those receiving income in a single monthly payment,

respectively. These findings reinforce the interpretation developed above: the

treatment effect is amplified when individuals experience a sharper decline in

consumption utility due to the lower wealth experienced before payday. When

financial constraints enhance that drop in consumption utility, even moderately

strong curvature implies a substantial utility cost of forgoing immediate con-

sumption. Consequently, probability weighting more readily distorts invest-

ment decisions, making its adverse effects detectable at lower levels of utility

curvature within these financially vulnerable groups.

5. Extensions

5.1. Ambiguity Attitudes and Poverty Traps

The theoretical framework developed in Section 2 can be readily extended to

incorporate ambiguity attitudes. To do so, a framework in which the probabil-

duction function b(x0, z) =
(
xρ
0 + zρ +ϕ(x0z)

ρ
2

) 1
ρ where ρ ∈ (0, 1) and ϕ > 0. In this case, when

ϕ is sufficiently large, the condition from Assumption 3 holds.
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Figure 5: Marginal effects of Payday for different levels of γ and Different Sub-
groups
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ities of returns are ambiguous is considered. In such a setting, an individual

with ambiguity attitudes may be averse or prone to investing in an ambiguous

asset relative to an equally profitable but risky asset (for which probabilities are

known).

I model this behavior using Source Theory (Baillon et al., 2025), which posits

that under ambiguity, the phenomena of risk are amplified through additional

probability weighting. For example, ambiguity aversion—manifested as an aver-

sion to invest in the ambiguous asset compared to the risky one—arises when

the individual’s weighting function used to evaluate the uncertainty generated

by the ambiguous asset is more convex than her probability weighting function,

i.e. the weighting function used to evaluate the risky asset. This increased con-

vexity of the weighting function makes the individual more pessimistic about

favorable outcomes for the ambiguous investment relative to the risky one.

The full analytical treatment of this extension is provided in Appendix C.

Because ambiguity attitudes are modeled as additional probability weighting,

the poverty trap characterized in Propositions 3 and 5 emerges under weaker

conditions. For instance, an individual who is more insensitive to changes in

likelihood under ambiguity than under risk due to cognitive limitations, re-

ferred to as a-insensitive by Baillon et al. (2018), exhibits a higher threshold x̂0

(Proposition 3), making her prone to extreme underinvestment even at rela-

tively high initial wealth levels x0. As a result, she is more likely to become

trapped in the low-wealth steady state described in Proposition 5.

Overall, this extension shows that when a profitable investment is ambigu-
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ous, perhaps due to limited familiarity with it or because it involves a techno-

logical innovation, the poor are more likely to forgo it, thereby reinforcing their

condition.

5.2. Reference Dependence and Poverty Traps

There is ample evidence suggesting that individuals evaluate risky alternatives

relative to a reference point (Kahneman and Tversky, 1979, Tversky and Kah-

neman, 1992, Von Gaudecker et al., 2011, Baillon et al., 2020). This way of

evaluating risky alternatives represents a deviation from EU because decision

makers display different risk attitudes toward outcomes evaluated as gains, i.e.

outcomes surpassing the reference point, compared to outcomes evaluated as

losses, i.e. outcomes that fall short of the reference point. One of the factors

driving this difference is loss aversion, the notion that losses result in a greater

reduction in utility than the increase in utility from commensurate gains.

I incorporate reference dependence into the model by characterizing indi-

vidual risk preferences using Cumulative Prospect Theory (Tversky and Kah-

neman, 1992). For brevity, the full analysis is presented in Appendix D. This

extension of the model demonstrates that under reference dependence the ex-

treme underinvestment behavior among the poor (Proposition 3), and thus the

behavioral poverty trap from Proposition 5, emerge under similar conditions.

The underlying reason for this similarity is that the components of reference de-

pendence, loss aversion and diminishing sensitivity, do not restore the global

concavity of the investment problem treated in Section 2, and therefore do not

impede poor and biased individuals from forgoing profitable investments.

This model extension demonstrates that loss aversion increases the thresh-

old of initial wealth x̂0 (Proposition 3). As a result, under reference-dependent

preferences, even individuals with relatively high initial wealth may become

trapped in a low-investment, low-wealth accumulation dynamic. This occurs

because the reference point is assumed to coincide with the individual’s status

quo or initial wealth (Terzi et al., 2016, Baillon et al., 2020). Consequently, any

investment outcome that yields wealth below this reference point is considered

a loss and evaluated with disproportionately high disutility due to loss aver-

sion. This steep penalty in utility discourages investment not only among the

poor but also among wealthier individuals, thereby extending the scope of the

poverty trap.
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6. Conclusion

I developed a novel poverty trap generated by individuals’ biased evaluations

of objective and ambiguous probabilities. These distortions in the evaluation of

uncertainty lead individuals to misjudge returns to investment, causing oppor-

tunities that are profitable in expectation to be undervalued. I further demon-

strate that these distortions disproportionately affect the poor. As a result, poor

individuals are more likely to forgo profitable investments, reinforcing their

low economic status.

This poverty trap is empirically validated using two experiments conducted

on representative samples of U.S. households. The empirical analyses further

show that (i) the cognitive component of probability weighting is systematically

related to poverty, whereas the motivational component is not, and (ii) tighter

financial constraints—proxied by stronger utility curvature—amplify the un-

derinvestment driven by probability weighting.
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Bernheim, B Douglas, Debraj Ray, and Şevin Yeltekin, “Poverty and self-control,”

Econometrica, 2015, 83 (5), 1877–1911.

Bogliacino, Francesco and Pietro Ortoleva, “The behavior of others as a reference

point,” Columbia Business School Research Paper, 2013, (13-55).

Bombardini, Matilde and Francesco Trebbi, “Risk aversion and expected utility the-

ory: an experiment with large and small stakes,” Journal of the European Economic

Association, 2012, 10 (6), 1348–1399.

Bowles, Samuel, Steven N Durlauf, and Karla Hoff, Poverty traps, Princeton Univer-

sity Press, 2011.

, , and , Poverty traps, Princeton University Press, 2011.

Bruhin, Adrian, Helga Fehr-Duda, and Thomas Epper, “Risk and rationality: Uncov-

ering heterogeneity in probability distortion,” Econometrica, 2010, 78 (4), 1375–1412.

Bryan, Gharad, “Ambiguity aversion decreases the impact of partial insurance: Evi-

dence from African farmers,” Journal of the European Economic Association, 2019, 17

(5), 1428–1469.

Carvalho, Leandro S, Stephan Meier, and Stephanie W Wang, “Poverty and economic

decision-making: Evidence from changes in financial resources at payday,” American

economic review, 2016, 106 (2), 260–284.

Chateauneuf, Alain, Jürgen Eichberger, and Simon Grant, “Choice under Uncertainty

with the Best and Worst in Mind : Neo-additive Capacities,” Journal of Economic The-

ory, 2007, 137 (1), 538–567.

Chew, Soo Hong and Jacob S Sagi, “Small worlds: Modeling attitudes toward sources

of uncertainty,” Journal of Economic Theory, 2008, 139 (1), 1–24.

Choi, Syngjoo, Raymond Fisman, Douglas Gale, and Shachar Kariv, “Consistency

and heterogeneity of individual behavior under uncertainty,” American economic re-

view, 2007, 97 (5), 1921–1938.

Cubitt, Robin, Chris Starmer, and Robert Sugden, “Dynamic choice and the common

ratio effect: An experimental investigation,” The Economic Journal, 1998, 108 (450),

1362–1380.

Dalton, Patricio S., Sayantan Ghosal, and Anandi Mani, “Poverty and Aspirations

42



Failure,” Economic Journal, 2016, 126, 165–188.

Dasgupta, Partha and Debraj Ray, “Inequality as a determinant of malnutrition and

unemployment: Theory,” The Economic Journal, 1986, 96, 1011–1094.

Dimmock, Stephen G, Roy Kouwenberg, and Peter P Wakker, “Ambiguity attitudes

in a large representative sample,” Management Science, 2016, 62 (5), 1363–1380.

, , Olivia S Mitchell, and Kim Peijnenburg, “Ambiguity aversion and household

portfolio choice puzzles: Empirical evidence,” Journal of Financial Economics, 2016,

119 (3), 559–577.

, , , and , “Household portfolio underdiversification and probability weight-

ing: Evidence from the field,” The Review of Financial Studies, 2021, 34 (9), 4524–4563.

Duflo, Esther, Michael Kremer, and Jonathan Robinson, “How high are rates of return

to fertilizer? Evidence from field experiments in Kenya,” American economic review,

2008, 98 (2), 482–488.

, , and , “Nudging farmers to use fertilizer: Theory and experimental evidence

from Kenya,” American economic review, 2011, 101 (6), 2350–2390.

Dupas, Pascaline and Edward Miguel, “Impacts and determinants of health levels in

low-income countries,” in “Handbook of economic field experiments,” Vol. 2, Else-

vier, 2017, pp. 3–93.

Fehr-Duda, Helga and Thomas Epper, “Probability and risk: Foundations and eco-

nomic implications of probability-dependent risk preferences,” Annual Review of Eco-

nomics, 2011, 4, 567–593.

Galor, Oded and Joseph Zeira, “Income Distribution and Macroeconomics,” Review of

Economic Studies, 1993, 60 (1), 35.

Gaudecker, Hans-Martin Von, Arthur Van Soest, and Erik Wengström, “Heterogene-

ity in risky choice behavior in a broad population,” American Economic Review, 2011,

101 (2), 664–694.

Genicot, Garance and Debraj Ray, “Aspirations and Inequality,” Econometrica, 2017,

85 (2), 489–519.

Gilboa, Itzhak and David Schmeidler, “Updating ambiguous beliefs,” Journal of eco-

nomic theory, 1993, 59 (1), 33–49.

Gul, Faruk, “A Theory of Dissapointment Aversion,” Econometrica, 1991, 59, 667–686.

Halevy, Yoram, Dotan Persitz, and Lanny Zrill, “Parametric Recoverability of Prefer-

encesl,” Journal of Political Economy, 2018, 126 (4), 1558–1593.

Hey, John D. and Jinkwon Lee, “Do subjects separate (or are they sophisticated)?,”

Experimental Economics, 2005, 8, 233–265.

Jensen, Robert, “The (Perceived) returns to education and the demand for schooling,”

Quarterly Journal of Economics, 2010, 125 (2), 515–548.

43



Kahneman, Daniel and Amos Tversky, “Prospect Theory: An Analysis of Decision

under Risk,” Econometrica, 1979, 47 (2), 263–291.

Karni, Edi and Zvi Safra, “Behaviorally consistent optimal stopping rules,” Journal of

Economic Theory, 1990, 51 (2), 391–402.

Laajaj, Rachid, “Endogenous time horizon and behavioral poverty trap: Theory and

evidence from Mozambique,” Journal of Development Economics, 2017, 127, 187–208.

L’Haridon, Olivier and Ferdinand M. Vieider, “All over the map: A worldwide com-

parison of risk preferences,” Quantitative Economics, 2019, 10 (1), 185–215.

Li, Chen, “Are the poor worse at dealing with ambiguity?,” Journal of Risk and Uncer-

tainty, 2017, 54, 239–268.

Li, Zhihua, Julia Müller, Peter P. Wakker, and Tong V. Wang, “The rich domain of

ambiguity explored,” Management Science, 2018, 64 (7), 3227–3240.

Mirrlees, James A., “The theory of moral hazard and unobservable behaviour: Part I,”

The Review of Economic Studies, 1999, 66 (1), 3–21.

Nguyen, Trang, “Information, role models and perceived returns to education: Exper-

imental evidence from Madagascar,” Unpublished manuscript, 2008, 6.

Prelec, Drazen, “The Probability Weighting Function,” Econometrica, 1998, 66 (3), 497–

527.

Quiggin, John, “A theory of anticipated utility,” Journal of economic behavior & organiza-

tion, 1982, 3 (4), 323–343.

Rogerson, William P., “The first-order approach to principal-agent problems,” Econo-

metrica, 1985, pp. 1357–1367.

Sarin, Rakesh and Peter P Wakker, “Dynamic choice and nonexpected utility,” Journal

of Risk and Uncertainty, 1998, 17 (2), 87–120.

Savage, Leonard J., The Foundations of Statistics, John Wiley & Sons, 1954.

Schmeidler, David, “Subjective probability and expected utility without additivity,”

Econometrica: Journal of the Econometric Society, 1989, pp. 571–587.

Snowberg, Erik and Justin Wolfers, “Explaining the favorite-long shot bias: Is it risk-

love or misperceptions?,” Journal of Political Economy, 2010, 118 (4), 723–746.

Suri, Tavneet, “Selection and comparative advantage in technology adoption,” Econo-

metrica, 2011, 79 (1), 159–209.

and Christopher Udry, “Agricultural technology in Africa,” Journal of Economic Per-

spectives, 2022, 36 (1), 33–56.

Terzi, Ayse, Kees Koedijk, Charles N Noussair, and Rachel Pownall, “Reference point

heterogeneity,” Frontiers in psychology, 2016, 7, 1347.
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A. Proofs of Theoretical Results

FOR ONLINE PUBLICATION ONLY

A.1. Preliminary results and their proofs

Lemma A1. If agent i is more optimistic than agent j, then wi(p) > wj(p) for all

p ∈ (0, 1). Alternatively, if agent i is more pessimistic than agent j, then wi(p) < wj(p)

for all p ∈ (0, 1).

Proof. According to Definition 1, wi(p) = θ
(
wj(p)

)
. Under that equivalence, the

following equality holds:

w′′
i (p)

w′
i(p)

=
θ′′i (p)

θ′i(p)
w′

j(p) +
w′′

j (p)

w′
j(p)

. (A.1)

Since θ′′(p) < 0, the previous equation implies that

w′′
i (p)

w′
i(p)

<
w′′

j (p)

w′
j(p)

. (A.2)

Let p0, p1 ∈ [0, 1] such that p1 > p0. Integrate (A.2) over [p0, p1] to obtain:∫ p1

p0

w′′
i (s)

w′
i(s)

ds <
∫ p1

p0

w′′
j (s)

w′
j(s)

ds ⇔
w′

j(p1)

w′
j(p0)

>
w′

i(p1)

w′
i(p0)

. (A.3)

Integrating the resulting inequality with respect to p0 ∈ [0, p1) gives∫ p1

0

w′
i(p1)w

′
j(s)ds <

∫ p1

0

w′
j(p1)w

′
i(s)ds ⇔

w′
j(p1)

wj(p1)
>

w′
i(p1)

wi(p1)
. (A.4)

Integrating again, but this time with respect to p1 ∈ (p0, 1] leads to∫ 1

p0

w′
j(s)

wj(s)
ds >

∫ 1

p0

w′
i(s)

wi(s)
< ds ⇔ wi(p0) > wj(p0) for any p0 ∈ (0, 1). (A.5)

Similar steps lead to the conclusion that when i is more pessimistic than j, then

wj(p0) > wi(p0) for any p ∈ (0, 1).

■

Remark 1
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Proof. Using integration by parts, rewrite (2) as:

RDU
(
u(z, e)

)
= u

(
x0(1−e)

)
+u

(
b(x0,

¯
x)
)
+

∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)wj

(
1−F (z|e)

)
dz

(A.6)

Consider an individual j with probability weighting function wj , and let her

suffer from optimism (Definition 1). Similarly, consider an individual i with

probability weighting function wi, and let her be more optimistic than j in the

sense of Definition 2. Using (A.6) it can be established that:

RDUi

(
u(z, e)

)
−RDUj

(
u(z, e)

)
⇔∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)

(
wi

(
1− F (z|e)

)
− wj

(
1− F (z|e)

))
dz.

(A.7)

According to Lemma A1, it must be that wi(p) > wj(p) for any p ∈ (0, 1). Hence,

equation (A.7) implies that RDUi

(
u(z, e)

)
> RDUj

(
u(z, e)

)
for given e.

Denote by Mj and Mi the certain and fixed monetary amounts that make

i and j, respectively, indifferent between investing a fraction e of their initial

wealth and obtaining those monetary amounts. Since RDUi

(
u(z, e)

)
−RDUj

(
u(z, e)

)
>

0 for all z and a given e, it must be that Mi > Mj . Thus, i strictly prefers to invest

e and obtain RDUi

(
u(z, e)

)
over getting Mj , whereas j is indifferent between

these two choices. Consequently, i is more risk seeking.

■

Remark 2

Proof. Consider individuals j and i and let them suffer from likelihood insen-

sitivity in the sense of Definition 3. Let i be more likelihood insensitive than

j. According to Definition 4, wi(p) = ϕ
(
wj(p)

)
. Under that equivalence, the

following inequality holds:

w′′
i (p)

w′
i(p)

=
ϕ′′
i (p)

ϕ′
i(p)

w′
j(p) +

w′′
j (p)

w′
j(p)

. (A.8)

Since ϕ′′(p) < 0 in p ∈ (0, 0.5), then it must be that in that segment:

w′′
i (p)

w′
i(p)

<
w′′

j (p)

w′
j(p)

. (A.9)
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Alternatively, if p ∈ (0.5, 1), then, using similar steps, w′′
i (p)

w′
i(p)

>
w′′

j (p)

w′
j(p)

.

Let p0, p1 ∈ [0, 0.5] such that p1 > p0. Integrate (A.9) over [p0, p1] to obtain:∫ p1

p0

w′′
i (s)

w′
i(s)

ds <
∫ p1

p0

w′′
j (s)

w′
j(s)

ds ⇔
w′

j(p1)

w′
j(p0)

>
w′

i(p1)

w′
i(p0)

. (A.10)

Integrating (A.10) with respect to p0 ∈ [0, p1) gives:∫ p1

0

w′
i(p1)w

′
j(s)ds <

∫ p1

0

w′
j(p1)w

′
i(s)ds ⇔

w′
j(p1)

wj(p1)
>

w′
i(p1)

wi(p1)
. (A.11)

Integrate now (A.11) but this time with respect to p1 ∈ [p0, 1] gives:∫ 1

p0

w′
j(s)

wj(s)
ds >

∫ 1

p0

w′
i(s)

w′
i(s)

ds ⇔ wi(p0) > wj(p0) for any p0 ∈ (0, 0.5) (A.12)

Following similar steps it is possible to arrive to wi(p0) < wj(p0) for any p0 ∈
(0.5, 1).

■

Lemma A2. Fix x0. There exists a degree of optimism and likelihood insensitivity such

that the objective in (2) is not concave in e, and the solution lies at the boundary of [0, 1].

An individual whose probability weighting function is more optimistic or likelihood-

insensitive than this threshold, in the sense of Definitions 2 and 4, also exhibits a non-

concave objective.

Proof. Fix x0 and let

V (e) := u
(
x0(1− e)

)
+ δ

∫ x̄

¯
x

u
(
b(x0, z)

)
d
(
w
(
1− F (z|e)

))
,

Differentiate V (e) twice with respect to e to obtain:

V ′′(e) = x2
0u

′′(x0(1−e)
)
+δ

∫ x̄

¯
x

u
(
b(x0, z)

)[
w′′(1−F (z | e

)(
Fe(z | e)

)2−w′(1−F (z | e)
)
Fee(z | e)

]
dz.

(A.13)

By Assumption 3, u′′ < 0; by Assumption 1, Fe(z | e) < 0 and Fee(z | e) ≥ 0; by

Assumption 4, w′(p) > 0 for all p ∈ (0, 1); and u(b(x0, z)) ≥ 0 for all z.

(i) Concavity for a baseline weighting function. Consider first a weighting

function w0 satisfying Assumption 4 and w′′
0(p) < 0 for all p ∈ (0, 1), that is, w0

3



is concave on [0, 1]. Substituting w0 for w in (A.13) gives:

V ′′(e;w0) =x2
0u

′′(x0(1− e)
)

+ δ

∫ x̄

¯
x

u
(
b(x0, z)

)[
w′′

0

(
1− F (z|e)

)(
Fe(z|e)

)2 − w′
0

(
1− F (z|e)

)
Fee(z|e)

]
dz.

(A.14)

Notice that each term in the integral is non-positive. Since w′′
0(1 − F (z|e)) ≤ 0

and
(
Fe(z|e)

)2
> 0, the first term is such that:

u
(
b(x0, z)

)
w′′

0

(
1− F (z|e)

)(
Fe(z|e)

)2 ≤ 0.

Moreover, w′
0(1 − F (z|e)) > 0 and Fee(z|e) ≥ 0 imply that the second term

exhibits:

−u
(
b(x0, z)

)
w′

0

(
1− F (z|e)

)
Fee(z|e) ≤ 0.

Thus the integral in (A.13) is non-positive, and the first term x2
0u

′′(x0(1− e))

is strictly negative. Hence

V ′′(e;w0) < 0 for all e ∈ [0, 1],

and V (·;w0) is strictly concave on [0, 1].

(ii) Loss of concavity under a sufficiently curved weighting function. Con-

sider now another weighting function w1 satisfying Assumption 4 such that

• w′′
1(p) > w′′

0(p) for all p in some interval I ⊂ (0, 1), and

• w′
1 − w′

0 is bounded on [0, 1].

In particular, we may take w1 so that w′′
1(p) is strictly positive and arbitrarily

large on I , while keeping w′
1 strictly positive and finite.

For each θ ∈ [0, 1], define the convex combination:

wθ := (1− θ)w0 + θw1.

Each wθ satisfies Assumption 4, and because (A.13) is linear in w′ and w′′, we

have:

V ′′(e;wθ) = (1− θ)V ′′(e;w0) + θV ′′(e;w1).

Let us rewrite the equation above as:

V ′′(e;wθ) = A(e) + θB(e),
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where

A(e) := V ′′(e;w0)

= x2
0u

′′(x0(1− e)) + δ

∫ x̄

¯
x

u
(
b(x0, z)

)[
w′′

0

(
1− F (z|e)

)(
Fe(z|e)

)2 − w′
0

(
1− F (z|e)

)
Fee(z|e)

]
dz,

B(e) := δ

∫ x̄

¯
x

u
(
b(x0, z)

){[
w′′

1

(
1− F (z|e)

)
− w′′

0

(
1− F (z|e)

)](
Fe(z|e)

)2
−
[
w′

1

(
1− F (z | e)

)
− w′

0

(
1− F (z | e)

)]
Fee(z | e)

}
dz.

From part (i), A(e) = V ′′(e;w0) < 0 for all e. Moreover, because F (· | e) has

full support on (
¯
x, x̄) by Assumption 1, there exists e0 ∈ (0, 1) and a measurable

set S ⊂ (
¯
x, x̄) of positive measure such that 1 − F (z|e0) ∈ I for all z ∈ S. On

this set S, we have w′′
1(1 − F (z | e0)) − w′′

0(1 − F (z | e0)) > 0 by construction.

Since u(b(x0, z)) ≥ 0 and (Fe(z|e0))2 > 0, the contribution of the first term in the

integrand of B(e0) over S,∫
S

u
(
b(x0, z)

) [
w′′

1(1− F (z | e0))− w′′
0(1− F (z | e0))

](
Fe(z | e0)

)2
dz,

is strictly positive. The remaining part of the integrand, involving the differ-

ences w′
1 − w′

0, is finite and bounded by assumption.

Thus, by choosing w1 sufficiently curved on I (that is, making w′′
1 − w′′

0 suf-

ficiently large on I while keeping w′
1 − w′

0 bounded), we can ensure that the

positive contribution from the w′′
1 − w′′

0 term dominates the bounded contribu-

tion from the w′
1 − w′

0 term, yielding

B(e0) > 0.

At e0, we therefore have A(e0) < 0 and B(e0) > 0. Since V ′′(e0;wθ) =

A(e0) + θB(e0) is affine (and hence continuous) in θ, there exists a unique θ∗ :=

−A(e0)
B(e0)

∈ (0, 1) such that V ′′(e0;wθ∗) = 0 and V ′′(e0;wθ) > 0 for all θ > θ∗. Hence,

for sufficiently large θ (that is, when the weighting function wθ is sufficiently

curved relative to w0), the objective V (·;wθ) fails to be concave in e.

Since V (·;wθ) is twice continuously differentiable on the compact interval

[0, 1] and satisfies V ′′(e0;wθ) > 0 for some e0 ∈ (0, 1), the objective is not con-

cave in e. Consequently, the first-order condition is not sufficient for global

optimality, and the maximization problem need not admit an interior solution.
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In particular, whenever V ′(·;wθ) does not vanish at an interior point, the global

maximizer of V (·;wθ) over [0, 1] lies at one of the boundaries e ∈ {0, 1}.

Finally, let w be any probability weighting function that is more optimistic

or likelihood-insensitive than wθ∗ in the sense of Definitions 2 and 4. Such a

weighting function exhibits weakly greater curvature than wθ∗ on a set of prob-

abilities of positive measure. Since the expression for V ′′(e) in (A.13) is mono-

tone in w′′, it follows that V ′′(e) > 0 at some interior e for all such w. Hence, for

any weighting function more optimistic or likelihood-insensitive than wθ∗ , the

objective is non-concave in e, and the optimal choice of e generically lies at the

boundary of [0, 1]. ■
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A.2. Proofs of Main Theoretical Results

Lemma 1

Proof. Consider individual j with probability weighting function wj and let this

individual suffer from optimism in the sense of Definition 1. Due to the con-

tinuity of wj(p) for all p, and since limp→0+ w′
j(p) > 1 and limp→1− w′

j(p) < 1

(Assumption 4), there must exist a probability pk ∈ (0, 1) such that w′
j(pk) = 1.

Hence, w′
j(p) > 1 if p < pk and w′

j(p) < 1 if p > pk.

Let individual i with probability weighting function wi exhibit stronger op-

timism than j (Definition 2). As in the case of wj , there must exist a pl ∈ (0, 1)

such that w′
i(p) > 1 if p < pl and w′

i(p) < 1 if p < pl. Moreover, according to

Lemma A1 wi(p) > wj(p) for all p ∈ (0, 1). Thus, the second equivalence in (A.4)

when evaluated at pk implies:

w′
i(pk) < 1 = w′

j(pk). (A.15)

We now proceed by contradiction. Suppose that pl ≥ pk, then w′
i(pl) = 1 ≤

w′
i(pk) which contradicts the inequality in (A.15). Hence, it must be that pk > pl.

The set p > pl, that induces w′
i(p) < 1, is larger than the set p > pk. Under

pessimism, i.e. when i is more pessimistic than j, the arguments of the proof

can be mirrored to obtain the result that the set p < pl is larger than the set

p < pk. ■

Proposition 1

Proof. Fix x0. Using integration by parts, the expected utility in (1) can be

rewritten as:

E
(
u(z, e)

)
= u

(
x0(1−e)

)
+u

(
b(x0,

¯
x)
)
−
∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)F (z|e)dz. (A.16)

Denote by e∗u the investment level that satisfies the first-order condition ob-

tained by differentiating (A.16) with respect to e:

−u′(x0(1− e∗u)
)
x0 −

∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)Fe(z|e∗u)dz = 0. (A.17)

Step 1 (Existence and interiority). Differentiating (A.16) again with respect to
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e yields

u′′(x0(1− e∗u)
)
x2
0 −

∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)Fee(z|e∗u)dz. (A.18)

Because bz(x0, z) ≥ 0 (Assumption 2), u′ ≥ 0 and u′′ < 0 (Assumption 3),

and Fee(z | e) > 0 (Assumption 1), the expression in (A.18) is strictly negative.

Thus E[u(z, e)] is strictly concave in e, implying that e∗u is unique and interior

to [0, 1]. Existence of e∗u follows from concavity of E[u(z, e)], compactness of the

choice set, and continuity of u, b, and F .

Step 2 (Comparative statics in x0). Differentiating the first-order condition

(A.17) with respect to x0 and applying the implicit function theorem gives:

de∗u
dx0

= −
u′′
(
x0(1−e∗u)

)
x0

(
1−e∗u

)
−
∫ x̄

¯
x

(
u′′
(
b(x0,z)

)
bz(x0,z)bx0 (x0,z)+u′

(
b(x0,z)

)
bzx0 (x0,z)

)
Fe(z|e∗u)dz

u′′
(
x0(1−e∗u)

)
x2
0−

∫ x̄

¯
x u′

(
b(x0,z)

)
bz(x0,z)Fee(z|e∗u)dz

.

(A.19)

According to equation (A.18), the denominator of the right-hand side of (A.19)

is negative. Moreover, the numerator in that equation shows that if∫ x̄

¯
x

u′′(b(x0, z)
)
bz(x0, z)bx0(x0, z) + u′(b(x0, z)

)
bz,x0(x0, z)dz > 0, (A.20)

then de∗u
dx0

> 0: the optimal investment level increases with initial wealth. In turn,

the condition in (A.20) holds when

−
u′′(b(x0, z)

)
u′
(
b(x0, z)

) <
bz,x0(x0, z)

bz(x0, z) bx0(x0, z)
∀z, x0,

which is implied by Assumption 3. ■

Proposition 2

Proof. Fix x0. Consider an RDU individual j with probability weighting func-

tion wj and let this individual suffer from pessimism in the sense of Definition

1.

Step 1 (Optimal Level of Investment). Denote by e∗r the optimal level of in-

vestment. According to Lemma A2, e∗r is unique and interior, and satisfies the

8



following first-order condition (obtained from deriving (A.6) with respect to e):

−u′((1−e∗r)x0)x0+

∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)w

′
j

(
1−F (z|e∗r)

)
Fe(z|e∗r)dz = 0. (A.21)

Under expected utility (EU), the corresponding optimal investment e∗u satisfies

(A.16).

Step 2 (e∗r is lower than e∗u ). We proceed by contradiction. Suppose that the

pessimistic RDU individual chooses at least as much as the EU individual: e∗r ≥
e∗u for all z. Using (A.16) and (A.21), this assumption can be expressed as:

−
∫ x̄

¯
x

u′(b(x0, z)
)
bx(x0, z)w

′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r)

)
dz ≥

−
∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)

(
Fe(z|e∗u)

)
dz.

(A.22)

Since u′ > 0 and bz > 0, the inequality (A.22) can hold only if

−
∫ x̄

¯
x

w′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r)dz ≥ −

∫ x̄

¯
x

Fe(z|e∗u)dz. (A.23)

Assumption 1 implies Fee(z | e) > 0, so the assumption e∗r ≥ e∗u implies:

Fe(z|e∗r) ≥ Fe(z|e∗u) for all z ⇒ −
∫ x̄

¯
x

Fe(z|e∗r)dz ≤ −
∫ x̄

¯
x

Fe(z|e∗u)dz. (A.24)

Combining (A.23) and (A.24) gives:

−
∫ x̄

¯
x

w′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r)dz ≥ −

∫ x̄

¯
x

Fe(z|e∗r)dz

⇔ −
∫ x̄

¯
x

(
w′

j

(
1− F (z|e∗r)

)
− 1

)
Fe(z|e∗r)dz ≥ 0.

(A.25)

Therefore, e∗r ≥ e∗u can hold only if w′
j(1− F (z | e∗r)) ≥ 1 for most z ∈ [

¯
x, x̄].

Under pessimism, the weighting function satisfies w′
j(p) < 1 for most proba-

bilities, except near the lower tail (p → 0) corresponding to the worst outcomes.

Let j be extremely pessimistic, with

lim
z→

¯
x+

w′
j(1− F (z|e∗r))f(z|e∗r) = K,
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where K > 1 is arbitrarily large. Since the weighted probabilities must integrate

to one, −
∫
[
¯
x,x̄]

w′
j

(
1− F (z|e∗r)

)
f(z|e∗r)dz = 1, it follows that

−
∫
[
¯
x,x̄]\{

¯
x}
w′

j

(
1− F (z|e∗r)

)
f(z|e∗r)dz <

1

K
. (A.26)

By definition of the cumulative distribution, Fe(
¯
x | e) = 0, implying:

lim
z→

¯
x+

w′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r) = 0. (A.27)

Equations (A.26) and (A.27) jointly yield

−
∫ x̄

¯
x

w′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r)dz < 1. (A.28)

Thus, inequality (A.25) cannot hold, contradicting the assumption that e∗r ≥ e∗u.

Hence, under sufficiently strong pessimism, e∗r < e∗u.

Step 3 (stronger degrees of pessimism). Consider now an RDU individual

i with probability weighting function wi and who is less pessimistic than j.

According to Definition 2, wi(p) = θ−1(wj(p)) where θ is a convex probability

weighting function with the properties of Assumption 4. Lemma 1 states that

decreasing the convexity of θ redistributes probability weight away from
¯
x to-

ward higher outcomes, [
¯
x, x̄]\{

¯
x}. By continuity of w (Assumption 4), there

exists an intermediate degree of convexity θ such that it holds that e∗r = e∗u.

All individuals more pessimistic than this threshold weighting function must

exhibit e∗r < e∗u.

Step 4 (comparative static). Differentiating equation (A.21) and applying the

implicit function theorem yields:

de∗r
dx0

= −
u′′
(
x0(1−e∗r)

)
x0

(
1−e∗r

)
−
∫ x̄

¯
x

(
u′′
(
b(x0,z)

)
bz(x0,z)bx0 (x0,z)+u′

(
b(x0,z)

)
bz,x0 (x0,z)

)
w′

j

(
1−F (z|e∗r)

)
Fe(z|e∗r)dz

u′′
(
x0(1−e)

)
x2
0+

∫ x̄

¯
x u′

(
b(x0,z)

)
bz(x0,z)

(
w′

j

(
1−F (z|e)

)
Fee(z|e)−w′′

j

(
1−F (z|e)

)
(Fe(z|e))2

)
dz

.

(A.29)

Lemma A2 shows that the denominator in the right-hand side of (A.29) is

negative under pessimism. Hence, de∗r
dx0

> 0 if

∫ x̄

¯
x

u′′(b(x0, z)
)
bz(x0, z)bx0(x0, z) + u′(b(x0, z)

)
bz,x0(x0, z)dz > 0. (A.30)
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The condition in (A.38) holds if −u′′
(
b(x0,z)

)
u′
(
b(x0,z)

) <
bz,x0 (x0,z)

bz(x0,z)bx0 (x0,z)
for all z and x0,

which is ensured by Assumption 3. Hence, de∗r
dx0

> 0

■

Proposition 3

Proof. Consider an RDU individual whose degree of optimism or likelihood in-

sensitivity is sufficiently strong that the objective in (2) is no longer concave in e

(Lemma A2). In this case, an interior investment choice cannot satisfy optimal-

ity, and the maximizer must lie at a boundary. Hence, the optimal investment

level is e∗r ∈ {0, 1}.

Let ∆W (z) := w(1− F (z|1))− w(1− F (z|0)) and

V (x0, z) := δ

∫ x̄

¯
x

u′(b(x0, z)
)
bz(x0, z)∆W (z)dz. (A.31)

The optimal action is:

e∗r(x0) =

1, V (x0, z) ≥ u(x0),

0, V (x0, z) < u(x0).
(A.32)

Step 1 (Continuity and strict monotonicity of V ). By Assumptions 1-3, b, F

and u are continuous which implies that V is continuous. Differentiating (A.32)

with respect to x0 yields

Vx0(x0, z) = δ

∫ x̄

¯
x

[
u′′(b(x0, z)

)
bz(x0, z))bx0(x0, z)+u′(b(x0, z)

)
bx0z(x0, z))

]
∆W (z)dz.

(A.33)

Since

−
u′′(b(x0, z)

)
u′
(
b(x0, z)

) <
bz,x0(x0, z)

bz(x0, z) bx0(x0, z)
∀z, x0,

and because F (z|1) < F (z|0) (Assumption 1) while w is strictly increasing (As-

sumption 4), then ∆W (z) > 0. Therefore Vx0(x0, z) > 0 for all x0.

Step 2 (Behavior near the lower boundary). By the boundary condition

b(
¯
x, z) = 0 for all z (Assumption 2), the integral term vanishes at

¯
x, hence

V (
¯
x, z) − u(

¯
x) < 0. Thus e∗r = 0 at x0 =

¯
x.
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Step 3 (Behavior near the upper boundary). The fact that F (z|1) < F (z|0)
for all z (Assumption 1) implies the existence of a set H ⊆ [

¯
x, x̄] and a constant

η such that
∫
z∈H F (z|0) − F (z|1) ≥ η. Since the weighting function is strictly

increasing (Assumption 4) and continuously differentiable, there exists λ > 0

such that w′(p) ≥ λ for all p ∈ [0, 1]. Hence, for all z ∈ H ,

∆W (z) ≥ λ
(
F (z|0)− F (z|1)

)
, (A.34)

and integrating over H gives
∫
H
∆W (z), dz ≥ λη.

Next, by the top-region gain property of Assumption 2, there exists a con-

stant κ > 1 such that b(x̄, z) ≥ κx̄ for all z ∈ H . Let R(x̄, κ) := u(κx̄)
u(x̄)

> 1. Then,

the continuation value at the upper boundary satisfies:

V (x̄, z) = δ

∫ x̄

¯
x

u′(b(x̄, z))bz(x̄, z)∆W (z)dz − u(x̄)

≥ δ

∫
H

u′(b(x̄, z))bz(x̄, z)∆W (z)dz − u(x̄)

(A.35)

Because b(x̄, z) ≥ κx̄ and u is increasing, the last expression in the above equa-

tion is bounded below by

δu(kx̄)

∫
H

∆W (z)dz ≥
(
δληR(x̄, k)− 1)

)
u(x̄) (A.36)

Therefore, if δληR(x̄, κ) > 1, then V (x̄, z) > u(x̄).

Step 4. Existence and uniqueness. We have V (
¯
x, z) < 0, V (x̄) > 0 if

δληR(x̄, κ) > 1, and ∆V strictly increasing in x0. Suppose that δληR(x̄, κ) > 1,

by the intermediate value theorem there is a unique x̂0 ∈ (
¯
x, x̄) with ∆V (x̂0, z) =

0. Thus e∗r(x0) = 0 for x0 < x̂0 and e∗r(x0) = 1 for x0 > x̂0. If δληR(x̄, κ) ≤ 1, then

the existence of x̂0 is not guaranteed and e∗r(x0) = 0.

Step 5. Comparative Static. Step 1 showed that V (x0, z) > 0. Consider two

individuals i and j and let the former exhibit less optimism (or insensitivity).

Let

∆Wij(z) := wi

(
1− F (z|1)

)
− wi

(
1− F (z|0)

)
−
[
wj

(
1− F (z|1)

)
− wj

(
1− F (z|0)

)]
=

∫ 1−F (z|1)

1−F (z|0)
w′

i(s)− w′
j(s) ds. (A.37)
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Lemma 1 states that optimism and likelihood insensitivity, the weighting func-

tion satisfies w′
j(p) < w′

j(p) for most probabilities except near the extremes

(p → 0 or p → 1). Thus, stronger optimism or likelihood insensitivity gener-

ates ∫
[
¯
x,x̄]\{

¯
x,x̄}

∆Wij(z)dz < 0. (A.38)

By the definition of a cumulative distribution function:

lim
z→

¯
x+

w′
j

(
1− F (z|e∗r)

)
Fe(z|e∗r) = 0 and lim

z→x̄−
w′

j

(
1− F (z|e∗r)

)
Fe(z|e∗r) = 0. (A.39)

Equations (A.40) and (A.38) jointly yield:∫
[
¯
x,x̄]

∆Wij(z)dz < 0. (A.40)

Therefore, Vi(x0, z) and Vj(x0, z), the utility (A.32) for i and j respectively, ex-

hibit:

Vi(x0, z)− Vj(x0, z) < 0. (A.41)

Let the change in optimism/insensitivity between i and j be infinitesimal, and

define the difference in utility given in (A.41) in that case as Vij(x̂0(ij), z; ij).

Moreover, since Vx0(x0, z) > 0, as shown by Step 1, the implicit function theo-

rem gives:
d x̂0(ij)

dij
= − Vij(x̂0(ij); ij)

Vx0(x̂0(ij); ij)
> 0. (A.42)

■

Corollary 1

Proof. Consider pessimism and suppose that it generates e∗u−e∗r > 0. Use (A.17)

and (A.21) to rewrite the assumed inequality as:

−
∫ x̄

¯
x

u′(b(x0, z)
)
bx(x0, z)

(
Fe(z|e∗u)− w′

j

(
1− F (z|e∗r)

)
Fe(z|e∗r)

)
dz > 0. (A.43)

Since u′ > 0 and bz > 0 (Assumption 3), the condition in (A.43) holds if

−
∫ x̄

¯
x

(
Fe(z|e∗u)− w′

j

(
1− F (z|e∗r)

)
Fe(x|e∗r)

)
dz > 0. (A.44)

To understand how e∗u − e∗r changes with utility curvature, differentiate (A.43)
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with respect to b to obtain:

−
∫ x̄

¯
x

(
u′′(b(x0, z)

)
bz(x0, z) + u′(b(x0, z)

)bzz(x0, z)

bz(x0, z)

)(
Fe(z|e∗u)− w′

j

(
1− F (z|e∗r)

)
Fe(z|e∗r)

)
dz.

(A.45)

The inequality given in (A.44) and the derivative in (A.45) imply that underin-

vestment becomes more severe among the poor if −u′′
(
b(x0,z)

)
u′
(
b(x0,z)

) becomes larger.

Next, consider optimism or likelihood insensitivity. Equation (A.33) demon-

strates that if −u′′
(
b(x0,z)

)
u′
(
b(x0,z)

) becomes larger, then Vx0(x0, z) becomes less positive.

Since V (
¯
x, z) < 0 and V (x̄, z) > 0 if δληR(x̄, κ) > 1 then, the value x̂0 ∈ [

¯
x, x̄]

such that V (x̂, z) = 0 exists, is unique, but takes place at a higher value in the

set [
¯
x, x̄] since Vx0(x0, z) increases more slowly with x0.

■

Proposition 4

Proof. Let

Mu(x0) :=

∫ x̄

¯
x

b
(
x0, z

)
dF

(
z|e∗u

)
, (A.46)

and

G(x0) := Mu(x0)− x0. (A.47)

Step 1 (continuity, monotonicity, and concavity). By Assumptions 1-3, b and

F are twice continuously differentiable. From Proposition 1 the optimal choice

e∗u is interior and increasing in x0. Hence Mu and G are continuous in x0.

Fix any e ∈ [0, 1] and define

H(x0; e) :=

∫
b(x0, z)dF (z|e).

Since, bx0x0 ≤ 0 (Assumption 2), the map x0 7→ b(x0, z) is concave for eachz.

The integral
∫
b(x0, z)dF (z|e) is a weighted average of concave functions, and

is therefore concave in x0.

Differentiating Mu(x0) = H
(
x0; e

∗
u(x0)

)
twice gives:

M ′′
u (x0) = ∂x0x0H

(
x0; e

∗
u(x0)

)
+2 ∂x0eH

(
x0; e

∗
u(x0)

)
e∗′u (x0)+∂eeH

(
x0; e

∗
u(x0)

) (
e∗′u (x0)

)2
.

(A.48)
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The first term satisfies ∂x0x0H ≤ 0 by concavity of H(·; e). Under strict first-

order stochastic dominance, Fee ≥ 0 implies ∂eeH =−
∫
b(x0, z) dFee(z | e) ≤ 0.

Finally, Assumption 2 (complementarity bx0z > 0) implies ∂x0eH =−
∫
bx0(x0, z) dFe(z |

e) ≤ 0 because Fe ≤ 0. Hence, we have M ′′
u (x0) ≤ 0: Mu is concave in x0.

Step 2 (behavior at the lower boundary). By the normalization b(
¯
x, z) = 0 for

all z (Assumption 2),

Mu(
¯
x) = 0 ⇒ G(

¯
x) = Mu(

¯
x)−

¯
x = −

¯
x ≤ 0.

Moreover, with bx0 > 0 and e∗u(¯
x) → 0, accumulation is initially weak: for x0

just above
¯
x, Mu(x0) < x0 and hence G(x0) < 0.

Step 3 (growth somewhere). By strict first-order stochastic dominance in e

(Assumption 1), there exists a set H ⊂ [
¯
x, x̄] and a constant η > 0 such that:∫

H

(
F (z|0)− F (z|e∗u)

)
dz ≥ η.

By Assumption 2, there existsκ > 1 such that b(x̄, z) ≥ κx̄ for all z ∈ H . By

continuity of b in x0, for x0 close enough to x̄ we also have b(x0, z) ≥ κ
2
x0 on H .

Therefore, for this value of x0,∫
b(x0, z) dF (z | e∗u(x0)) ≥

∫
H

b(x0, z) dF (z | e∗u) ≥ κ

2

∫
H

dF (z | e∗u) ≥ κ

2
η x0.

Hence,

Mu(x0) ≥ κ
2
η x0.

Since κ > 1, we can (by the choice of H and η ensured by strict FOSD) choose

x0 large enough such that κ
2
η > 1, implying Mu(x0) > x0 and hence G(x0) > 0,

for some x̄0 ∈ (
¯
x, x̄].

Step 4 (existence, uniqueness, and local stability). Since G(
¯
x) ≤ 0 and G(x̄0) >

0, continuity of G ensures at least one fixed point. Because Mu is strictly con-

cave, G(x0) = Mu(x0)− x0 can cross zero at most once, so the steady state x∗
u is

unique. At that point, concavity ensures 0 < M ′
u(x

∗
u) < 1, so the equilibrium is

locally (and globally) stable.

■

Proposition 5
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Proof. Define

Mr(x0) :=

∫ x̄

¯
x

b
(
x0, z

)
dF

(
z | e∗r(x0)

)
. (A.49)

and let xt+1 = Mr(xt) denote the wealth transition map under RDU.

By Assumptions 1-2, b and F are twice continuously differentiable. Con-

sider an RDU individual with a degree of optimism or pessimism such that the

objective in (2) is not concave in e (Lemma A2). In this case, Proposition 3 shows

that e∗r is a step function with a unique cutoff x̂0. Hence, Mr is continuous in x0.

Step 1 (Behavior near the lower boundary). The normalization b(
¯
x, z) = 0 for

all z implies Mr(
¯
x) = 0. For individuals with sufficiently low initial wealth,

Proposition 3 implies e∗r = 0. In that case,

Mr(x0) =

∫
b(x0, z) dF (z|0).

By Assumption 5, there exist ϵ > 0 and k < 1 such that for all x0 ∈ (
¯
x,
¯
x+ ϵ),

Mr(x0) ≤
¯
x+ k (x0 −

¯
x) <

¯
x+ 1 · (x0 −

¯
x) = x0.

Hence, near the lower boundary, the transition curve lies strictly below the

45Â° line, and wealth decumulates toward
¯
x when initial wealth is sufficiently

small.

Step 2 (Intermediate and high wealth behavior). As x0 increases, the com-

plementarity bx0z > 0 raises the marginal return to investment , increasing the

attractiveness of investing. Beyond the threshold x̂0 (Proposition 3), the indi-

vidual switches to e∗r = 1. Because Fe < 0, higher investment shifts the distri-

bution of returns to the right, increasing expected wealth. Given bx0 > 0, we

then have

Mr(x0) > x0 for x0 > x̂0.

The discrete jump in e∗r(x0) induces a nonconvexity in Mr, giving it an S-shaped

form and implying at least two intersections with the 45Â° line over (
¯
x, x̄).

Step 3 (Steady states and stability). By construction Mr is continuous in [
¯
x, x̄].

From Step 1, Mr(
¯
x) −

¯
x < 0. From Step 2, there exists x′

0 ∈ [x̂0, x̄] such that

Mr(x
′
0) ≥ x′

0. Moreover, for sufficiently large x0 diminishing returns in initial

wealth (bx0x0 ≤ 0) ensure M ′
r(x0) < 1 and Mr(x0) < x0. Hence, Mr crosses the
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45◦ line at least twice:

Mr(
¯
x)−

¯
x < 0, Mr(x

′
0)− x′

0 > 0, Mr(x̄)− x̄ < 0.

By the intermediate value theorem, there exist at least two fixed points xL, xH ∈
[
¯
x, x̄] such that Mr(xL) = xL and Mr(xH) = xH , with xL < xH and.

Local stability follows from the slope criterion of one-dimensional iterative

maps: a fixed point x∗ is locally stable if and only if |M ′
r(x

∗)| < 1. At the lower

intersection xL, Mr(xt) crosses xt+1 = xt from below, implying M ′
r(xL) > 1 and

instability. At the upper intersection xH , 0 < M ′
r(xH) < 1 due to bx0x0 ≤ 0,

ensuring local (and global) stability of xH .

Let x̃0 := xL. For any initial condition x0 < x̃0, the sequence xt+1 = Mr(xt)

converges to
¯
x, whereas for x0 > x̃0, it converges to xH . Thus, x̃0 uniquely

separates the basins of attraction of the low- and high-wealth steady states. ■

Corollary 2

Proof. Step 1 (Monotonicity/concavity and boundary behavior). The transi-

tion function Mr(x0) is given by (A.49). From Proposition 2, the optimal effort

e∗r is unique and interior in (0, 1). Since bx0x0 ≤ 0, Fee > 0, and e∗′r is bounded,

it follows that M ′′
r (x0) ≤ 0 for sufficiently large x0 (eventual concavity). At the

lower boundary, b(
¯
x, z) = 0 for all z (Assumption 2), so Mr(

¯
x) = 0 and hence

Mr(
¯
x)−

¯
x ≤ 0.

Step 2 (Pessimism reduces optimal investment and next-period wealth). Un-

der sufficiently strong pessimism, e∗r < e∗u for all x0 (Proposition 2). Since

Fe(x|e) < 0 (strict FOSD), lower effort shifts the conditional distribution down-

ward, implying

Mr(x0) ≤ Mu(x0) ∀x0. (A.50)

Step 3 (Existence and uniqueness of the RDU steady state). Under EU, Mu

is continuous, strictly increasing, eventually concave, and crosses the 45◦ line

exactly once (Proposition 4), yielding a unique and locally stable steady state

x∗
u. From (A.50) and the shared boundary condition Mr(

¯
x) = Mu(

¯
x) = 0, we

have

Mr(x0)− x0 ≤ Mu(x0)− x0 ∀x0.

Because Mu(x0) − x0 is positive for some intermediate wealth (by complemen-
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tarity) and negative for large x0 (by concavity and M ′
u(x0) < 1), continuity of

Mr ensures that it too must cross the 45◦ line at least once. Moreover, since Mr

is increasing and eventually concave, any two distinct crossings would imply

a third by the intermediate value property, which concavity rules out. Hence,

there exists a unique fixed point x∗
r such that Mr(x

∗
r) = x∗

r .

Local stability follows from the standard slope condition: at a fixed point,

concavity of Mr, the negative term −x0e
∗
r(x0), and diminishing marginal im-

provements in F imply 0 < M ′
r(x

∗
r) < 1, so trajectories of xt+1 = Mr(xt) con-

verge locally to x∗
r .

Step 4 (RDU steady state lies below EU). rom (A.50), Mr(x0) ≤ Mu(x0) for

all x0, with strict inequality on a set of positive measure. Since both maps are

increasing and cross the identity exactly once, the fixed point of the lower map

must occur at a lower wealth level:

x∗
r < x∗

u.

■
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B. Technical Extensions

FOR ONLINE PUBLICATION ONLY

B.1. Production Thresholds

In the main text, the return on investment z is distributed according to the

conditional cumulative distribution function F (z | e), which satisfies Fe(z |
e) < 0 and Fee(z | e) ≥ 0 (Assumption 1). This specification implies that a

higher level of investment increases the probability of obtaining a high return.

A disadvantage of this formulation is that even an individual who invests noth-

ing can have a (possibly small) probability of achieving very high returns. This

is unrealistic in many real-world settings where a minimum level of investment

is required before favorable outcomes can occur. For example, applying an ex-

tremely small amount of fertilizer may not increase crop yields at all; only when

a minimum dosage is reached productivity improves.

To capture this feature in the model, I modify the return process by intro-

ducing a production threshold in the distribution of returns.

Assumption 1 (Replacement: Threshold in the return distribution). Let ê ∈
(0, 1) and set the lower wealth bound

¯
x = 0. Define the conditional cumulative distri-

bution function:

G(z | e) =


D(z), if e < ê,

F (z | e), if e ≥ ê,

where:

• F (· | e) is twice continuously differentiable, satisfies Fe(z | e) < 0 and Fee(z |
e) > 0 for all z, and corresponds to the specification in Assumption 1;

• D is the degenerate cumulative distribution function:

D(z) =

0, z < 0,

1, z ≥ 0.

According to Assumption 1, investments lower than the threshold e < ê

generate the lowest return, which for simplicity we set at
¯
x = 0. Only when

investment exceeds the threshold (e ≥ ê) do nontrivial returns become feasible,
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and further increases in e improve the distribution in the sense of first-order

stochastic dominance.

All other assumptions from the baseline model (Assumptions 2–5,) remain

unchanged. Under these assumptions, the utility of the individual is:

RDU
(
u(x, e)

)
=

u
(
x0(1− e)

)
if e < ê.

u
(
x0(1− e)

)
+ δ

∫ x̄

0
u
(
b(x0, z)

)
d
(
w
(
1− F (z|e)

))
if e ≥ ê.

(B.1)

When e < ê, the individual only derives utility from current consumption ,

as no future return is obtained. For e ≥ ê, the decision problem coincides with

that of the main model presented in Section 2. The utility of the individual is

identical to that presented in the main text (equation (2)), and the main results

of the paper immediately follow.

The following result shows that the behavioral poverty trap described by

Propositions 3 and 5 emerges when the density function G(x|e) is assumed.

Moreover, it shows that a standard poverty trap can be obtained; that is a

situation whereby poor individuals, who would otherwise not be trapped in

poverty, cannot afford to invest above ê and therefore are locked in a low wealth

steady state.

Proposition B1. Suppose that Assumptions 1–5, hold. Let e∗r denote the optimal in-

vestment in the baseline (no-threshold) RDU problem (Proposition 2) and let x̂0 be the

unique wealth cutoff from Proposition 3. Then the optimal investment level under the

return distribution G is:

e∗∗r (x0) =



0, if x0 < x̂0 under optimism or likelihood insensitivity,

0, if e∗r(x0) < ê under pessimism,

e∗r(x0), if e∗r(x0) ≥ ê under pessimism,

1, if x0 > x̂0 under optimism or likelihood insensitivity.

Moreover, any individual for whom e∗∗r = 0 is trapped at the boundary steady state

x∗
r = 0.

Proof. If e∗∗r < ê, then by (B.1), RDU = u((1− e)x0), which is strictly decreasing

in e; thus, e∗∗r = 0. If e∗∗r ≥ ê, the objective is identical to that in the main

model, and therefore the results of Propositions 2 and 3 apply directly. Under
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pessimism, Proposition 2 implies that e∗r is interior in [0, 1]. If e∗r(x0) ≥ ê, then

e∗∗r = e∗r(x0); otherwise, e∗∗r = 0. Under optimism or likelihood insensitivity,

Proposition 3 implies that e∗r(x0) ∈ {0, 1} depending on whether x0 < x̂0 or

x0 > x̂0, leading to the stated result.

Finally, if e∗∗r = 0, then from Step 1 of the proof of Proposition 5 we obtain

Mr(x0) < x0 (Assumption 5) , and from Assumption 2 (b(
¯
x, z) = 0 for all z), we

have Mr(x0) = 0. Thus, x∗
r = 0 is an absorbing steady state. ■

In a setting where a minimum level of investment must be reached before

favorable outcomes become attainable, a standard poverty trap arises. This oc-

curs because Assumption 1 introduces a non-convexity in the production tech-

nology, a well-known source of poverty traps (Galor and Zeira, 1993, Bowles

et al., 2011b). Such non-convexity ensures that the poorest individuals, who

cannot afford to invest above the threshold ê, optimally choose zero invest-

ment and thus remain trapped at low wealth levels. Importantly, this mecha-

nism also implies that pessimistic individuals, who would otherwise avoid a

poverty trap under the baseline model (Corollary 2), become trapped once the

investment threshold is introduced. Furthermore, individuals with intermedi-

ate wealth levels, who can afford to invest beyond ê, the behavioral poverty

trap described in the main text reemerges: due to optimism or likelihood insen-

sitivity, they forgo profitable investment opportunities, which will keep them

poor.
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C. Ambiguity Attitudes and Poverty Traps

FOR ONLINE PUBLICATION ONLY

This Appendix incorporates ambiguity in the model. To that end, I slightly

modify the theoretical framework by considering a setting in which the indi-

vidual chooses how much to invest in one of two projects. One of the projects is

risky so the probabilities of obtaining a particular level of return are objectively

known. The other project is ambiguous, which means those probabilities are

not known. Intuitively, the ambiguous situation may arise when an individual

has limited experience with this type of projects. Notice when the individual

chooses a level of investment in the risky project, the results of the previous

section follow which will serve as the benchmark of the present analysis.

Let [
¯
x, x̄] be the set of possible returns on the ambiguous good. Notice that

this set coincides with the set of possible returns on the risky good discussed

in the main body of the paper. An event is any subset E ⊂ [
¯
x, x̄]. The set

of all possible events in [
¯
x, x̄] is denoted by Σ, which I endow with the Borel

σ-algebra.

C.1. Ambiguity Attitudes

To define the concept of ambiguity attitudes, let us consider a situation in

which [
¯
x, x̄] be described by the partition {E1, E2}. Specifically, let E1 be the

event z > ẑ, where ẑ is some return level under the ambiguous project, and let

E2 be its complement. Denote by (M,E1; 0, E2) a bet that pays the monetary

amount M > 0, when E1 is true and nothing otherwise. Abundant empirical

research shows that most individuals exhibit the preference :

(M, p; 0, 1− p) ≻ (M,E1; 0, E2), (C.1)

where p is the objective probability that z > ẑ realizes under the risky good.

The same individuals also typically exhibit the preference:

(M, 1− p; 0, p) ≻ (M,E2; 0, E1). (C.2)

The preferences in (C.1) and (C.2) imply an aversion to betting on events gen-

erated by the ambiguous project that violate the normative model of subjective
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expected utility (Savage, 1954).16 This ambiguity averse behavior has been doc-

umented in prominent laboratory experiments (Trautmann and van de Kuilen,

2015). Moreover, recent research also shows that when the events under con-

sideration are extreme, individuals exhibit ambiguity seeking (Abdellaoui et al.,

2011, Baillon et al., 2018, Baillon and Emirmahmutoglu, 2018). I refer to “am-

biguity attitudes” as the conjunction of ambiguity aversion and a-insensitivity,

which captures the latter empirical regularity that individuals are ambiguity

seeking in the case of unlikely events.

C.2. Ambiguity attitudes and Choquet Expected Utility

One of the most used models to incorporate ambiguity attitudes is the Cho-

quet Expected Utility (Schmeidler, 1989). In the context of our model, this the-

ory is described by the functional:

RDU
(
u(z, e)

)
= u

(
(1− e)x0

)
+ δ

∫
[
¯
x,x̄]

u
(
b(x0, z)

)
dW, (C.3)

where W is a function with the following properties: i) W (∅|e) = 0, ii) W ([
¯
x, x̄]|e) =

1, and iii) W (E1|e) < W (E2|e) for any E1, E2 ∈ Σ such that E1 ⊂ E2. This model

generalizes subjective expected utility by allowing W to be non-additive, a fea-

ture that accounts for ambiguity attitudes by giving up probabilistic beliefs. For

instance, ambiguity aversion (the aversion to invest in the ambiguous project)

is incorporated in this model by assuming that W is convex.17

The main problem of modeling ambiguity attitudes using the model in (C.3)

is that there might be potentially many functions W that can account for an indi-

vidual’s ambiguity attitudes (Abdellaoui et al., 2011, Wakker, 2010). This makes

the identification of ambiguity attitudes indeterminate and renders a compari-

son between choices under ambiguity and choices under risk difficult. I address

this problem by adopting an alternative approach to model ambiguity attitudes

known as Source Theory (Abdellaoui et al., 2011, Baillon et al., 2025). Under am-

biguity in Source Theory, the phenomena of risk are amplified because there is

16Formally, assume without loss of generality that u(0) = 0. Under subjective expected utility,
the preference in (C.1) implies P (E1) · u(M) < p · u(M) ⇔ P (E1) < p and the preference in
(C.2) implies P (E2) < 1 − p. Note that the inequalities P (E1) < p and P (E2) < 1 − p violate
probability laws.

17Using the explanation given in the previous footnote, the convexity of W is consistent with
the inequalities W (E1) < 0.4 and W (E2) < 0.6.
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“extra probability weighting.”

C.3. Ambiguity attitudes and Source Theory

To model ambiguity attitudes with Source Theory, we must incorporate

probabilistic beliefs into the framework. This is done by assuming that each

project generates an algebra of events, which is called a source. Intuitively,

the risky and ambiguous goods represent distinct random mechanisms, each

generating its own set of events and, thus, each being a source of uncertainty

(Tversky and Fox, 1995). A crucial assumption of this theory is that probabilis-

tic beliefs hold within sources of uncertainty but not between them (Chew and

Sagi, 2008). Accordingly, denote by P the probability measure generated by Σ,

i.e. the algebra of events generated by the ambiguous good, and, as before, let

F (z|e) be the probability measure when probabilities are known.

This approach makes it possible to define attitudes toward probabilities of

different sources. In the case of the ambiguous investment, there exists a func-

tion ws with the properties of Assumption 4, such that, for any e:

W (E|e) = ws

(
1− P (E|e)

)
for any E ∈ [

¯
x, x̄]. (C.4)

where P (E|e) denotes the individual’s subjective probability belief. The func-

tion ws carries subjective probabilities to decision weights and is referred to

as the source function. Importantly, it can exhibit a different shape than w, the

probability weighting function, and this difference between ws and w identifies

ambiguity attitudes, i.e. the “extra probability weighting.”

For instance, when wu is more convex (concave) than w, the individual ex-

hibits ambiguity aversion (seeking), i.e. she irrationally believes that unfavor-

able (favorable) events are more likely in the case of the ambiguous project than

in the case of the risky one. Moreover, if ws exhibits a more pronounced inverse-

S shape than w, the decision maker exhibits a-insensitivity, i.e. she erroneously

assigns more probability weight to extreme events in the case of the ambiguous

investment than to equally unlikely events in the case of the risky investment

(Baillon et al., 2018). This tendency to evaluate events in the ambiguous good

leads her to be ambiguity seeking for extreme events.

Substituting (C.4) in (C.3) gives the following evaluation of returns in the

case of the ambiguous investment:
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RDUs

(
u(x, e)

)
= u

(
(1− e)x0

)
+ δ

∫
[
¯
x,x̄]

u
(
b(x0, z)

)
dws

(
1−P (z|e)

)
− c(e). (C.5)

where integration is over the cumulative distribution of P (E|e) transformed

by the source function ws. Notice that equation (C.5) is analogous to (2) for

the case of unknown probabilities. Furthermore, because this equation features

the function ws—which is endowed with the properties of Assumption 4— and

due to the regularity conditions imposed on the set Σ, the results presented in

Propositions 2 and 3 immediately follow for the ambiguous project. Therefore,

a poor individual with a-insensitivity or ambiguity seeking, forgoes profitable

investments that are ambiguous.

However, the most relevant result of this analysis arises when we compare

the optimal investment in the ambiguous project for an individual with pref-

erences characterized by (C.5) to the same individual’s investment in the risky

good. Proposition C1 states that ambiguity attitudes, regardless of its type, ex-

acerbates the poverty trap described in Proposition 5.

Proposition C1. Assume that Assumptions 1-4 hold and that individual preferences

under ambiguity are characterized by Source Theory (eq.(C.5)). For an ambiguity seek-

ing or a-insensitive individual, the optimal level of investment, e∗a, is

e∗a =


0, x0 < x̂a,

1, x0 ≥ x̂a,

where x̂a > x̂0, and x̂0 is the threshold from Proposition 3. Thus, ambiguity attitudes

enlarge the range of initial wealth levels trapped in poverty as described by Proposition

5.

Proof. Part 1 (Optimal investment choice). Consider an individual j who ex-

hibits ambiguity seeking or a-insensitivity. Denote her source function by wsj ,

and her probability weighting function by wj . The phenomenon of a-insensitivity

implies that wsj has an inverse-S shape that is steeper than wj . Ambiguity seek-

ing implies that wsj is concave, and to a greater extent than wj . Hence these

phenomena can be modeled as strong likelihood insensitivity and strong opti-

mism. Thus, according to Proposition 3, the choice of investment in this case

is:
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e∗a =


0, x0 < x̂a,

1, x0 > x̂a,

where x̂a ∈ (
¯
x, x̄] is a threshold of initial wealth.

Part 2 (Higher Threshold under Ambiguity) According to Proposition 3,

the threshold x̂0 increases in the curvature of wsj . Thus, stronger likelihood

insensitivity or optimism leads to a higher x̂0. Since a-insensitivity and am-

biguity seeking are modeled as stronger likelihood insensitivity and stronger

optimism, then x̂a > x̂0.

Part3 (Poverty Trap under Ambiguity) According to Proposition 5, choos-

ing e∗a = 0 leads to a low steady state x∗ = 0. ■

Ambiguity attitudes can be interpreted as introducing “extra” probability

weighting relative to risk. Thus, an individual who would forgo investing in

a risky project, and as a result be trapped in poverty, would also exhibit the

same behavior under ambiguity, where distortions of probability perception

are more pronounced. More importantly, the higher threshold x̂a implies that

individuals with initial wealth in x0 ∈ [x̂0, x̂a], who would not be trapped in

poverty in a situation of risk, would forgo equally profitable projects if they

are ambiguous. The extra probability weighting implies that more weight is

given to probabilities of extreme events under the ambiguous good, leading

individuals to erroneously regard the ambiguous investment as less profitable

than the risky one.

C.4. Empirical Evidence Supporting the Poverty Trap due to Ambiguity

Attitudes

To conclude this section, I discuss empirical evidence supporting the prediction

that ambiguity attitudes lead to underinvestment, with a disproportionately

greater impact on the poor. Dimmock et al. (2016a) designed an experiment

to elicit ambiguity attitudes in a representative sample of Dutch households,

while Dimmock et al. (2016b) did so for a representative sample of American

households. Dimmock et al. (2016a) find that a-insensitivity is related to low

stock market participation and a lower level of private business ownership,

and Dimmock et al. (2016b) find such relations for ambiguity aversion. These

studies show that ambiguity attitudes generate underinvestment.
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Based on two randomized control trials, Bryan (2019) found that ambiguity

attitudes lead poor individuals to forgo profitable investments. In the first ex-

periment, ambiguity-averse farmers in Malawi were less inclined to adopt new

crop types when doing so required the purchase of rainfall insurance. This re-

quirement increased the ambiguity of the investment, discouraging these farm-

ers from investing, even though the complementarity between rainfall insur-

ance and the new seed type would generate higher returns. In the second ex-

periment, ambiguity-averse farmers in Kenya displayed a similar reluctance to

adopt new crop types, even when credit was made available. Suggesting that

the farmers’ reluctance to adopt new technology is driven by ambiguity atti-

tudes rather than credit constraints.

Finally, Li (2017) demonstrated that poor rural adolescents in China exhibit

greater ambiguity aversion and a-insensitivity compared to their poor urban

counterparts. Given that the rural group is poorer, these findings suggest that

ambiguity attitudes intensify as poverty worsens. This evidence aligns closely

with the predictions of the model.
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D. Reference Dependence

FOR ONLINE PUBLICATION ONLY

This appendix incorporates reference dependence in the model. To that end,

I characterize risk preferences with Cumulative Prospect Theory (Tversky and

Kahneman, 1992) (CPT henceforth). According to this model, the individual

compares future wealth to her reference point, RP ≥ 0. Wealth levels that

fall below the individual’s reference point are classified as losses while wealth

levels above that point are evaluated as gains.

The main departure of CPT with respect to EUT and RDU is that the individ-

ual can exhibit different risk preferences for gains and losses. This is captured

with two ingredients. First, wealth enters the agent’s utility differently depend-

ing on whether they are classified as gains or losses, a property that is captured

by the following assumption on the agent’s utility:

Assumption 6. The agent’s value function is the piece-wise function

V (w, r) =

u(b(x0, z)−RP ) if b(x0, z) ≥ RP,

−λu(RP − b(x0, z)) if b(x0, z) < RP.

where λ > 1, RP > 0, and u satisfies the properties of Assumption 3.

In words, utility is assumed to be convex for losses, which generates risk

seeking attitudes, and concave for gains, which generates risk aversion. Fur-

thermore, Assumption 6 introduces loss aversion which means that losses loom

larger than commensurate gains. This property is captured by the parameter

λ > 1.

The second ingredient is that the probability weighting function is defined

separately over gains and losses. Probabilities associated with gains are trans-

formed by the probability weighting function w, introduced in Assumption 4.

On the other hand, probabilities associated with losses are transformed with a

probability weighting function which I denote by w− that applies transforma-

tions to cumulative probabilities, F (z|e) rather than to decumulative probabili-

ties.

I simplify the problem by assuming that w− adopts the properties of w.
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Assumption 7. A probability weighting function for losses is a function w− : [0, 1] →
[0, 1] that satisfies the duality condition w−(F (z|e)) = 1− w

(
1− F (z|e)

)
for all z.

Throughout, I assume that the reference point, RP , is exogenous to the alter-

natives faced by the decision maker. Specifically, it is assumed that the reference

point is the status quo or the individuals’ initial wealth x0. This reference-point

rule which has received recent empirical support (Baillon et al., 2020).

Assumption 8. The reference point is the individual’s initial wealth RP = x0.

The problem faced by the CPT agent is the same as in the main body of

the paper: she must choose e ∈ [0, 1] to allocate consumption today against

investing to derive expected utility in the future. Accordingly, the utility of an

agent with CPT preferences when

CPT (z, e) =u
(
(1− e)x0

)
+ δ

∫
b(x0,z)≥x0

u
(
b(x0, z)− x0

)
d
(
w
(
1− F (z|e)

))
−

δ

∫
b(x0,z)<x0

v
(
x0 − b(x0, z)

)
d
(
w−(F (z|e)

))
, (D.1)

We present the solution to the investment problem when the individual ex-

hibits reference-dependent preferences. It turns out that the result that individ-

uals forgo profitable investments stated in Proposition 3— which is the basis

for the poverty trap in Proposition D1— holds under similar conditions as com-

pared to the setting in which the agent exhibits RDU preferences. Intuitively,

loss aversion, λ > 1, does not restore the convexity of the problem and thus

does not alter the result that investment is at the corners of [0, 1]. Moreover, the

other component that was introduced in this framework, the negative utility of

losses, simply rescales utility levels in the loss domain without changing the

curvature of the objective in e.

Proposition D1. Suppose assumptions 1-8 hold. If the probability weighting function

w(·) exhibits optimism or likelihood insensitivity (Definitions 1-3), then there exists a

threshold x̂0 ∈ [
¯
x, x̄] such that:

e∗c =


0, x0 < x̂0,

1, x0 > x̂0,

where x̂0 is strictly increasing in the degree of optimism or likelihood insensitivity.
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Proof. Using Assumption 7 and Assumption 8 , rewrite (D.1) as:

CPT (z, e) =u
(
(1− e)x0

)
+ δ

∫ x0

x̄

u
(
b(x0, z)− x0

)
dw

(
1− F (z|e)

)
− δ

∫
¯
x

x0

λu
(
x0 − b(x0, z)

)
d
(
1− w(1− F (z|e))

)
,

(D.2)

Using integration by parts, rewrite (D.2) as

CPT (z, e) =u
(
(1− e)x0

)
+ δ

∫ x̄

x0

u′
(
b(x0, z)− x0

)
bz(x0, z)w

(
1− F (z|e)

)
dz

− δ

∫ x0

¯
x

λu′
(
x0 − b(x0, z)

)
bz(x0, z)

(
1− w

(
1− F (z|e)

))
dz, (D.3)

Define the difference in probability weights between full and zero investment:

∆W (z) := w
(
1− F (z|1)

)
− w

(
1− F (z|0)

)
.

The net utility gain from investing e = 1 rather than e = 0 is:

∆U(x0) :=− u(x0) + δ

∫ x̄

x0

u′
(
b(x0, z)− x0

)
bz(x0, z)∆W (z) dz (D.4)

+ δ

∫ x0

¯
x

λu′
(
x0 − b(x0, z)

)
bz(x0, z)∆W (z) dz.

Let

V (x0) := δ

∫ x̄

x0

u′
(
b(x0, z)−x0

)
bz(x0, z)∆W (z) dz+δ

∫ x0

¯
x

λu′
(
x0−b(x0, z)

)
bz(x0, z)∆W (z) dz.

(D.5)

The optimal investment rule when e ∈ {0, 1} satisfies

e∗c(x0) =


1, V (x0) ≥ u(x0),

0, V (x0) < u(x0).

Step 1 (Corner solutions). Under optimism or likelihood insensitivity, w′′(p) <

0 over a nontrivial interval of p ∈ (0, 1). Since CPT(z, e) depends linearly on

w(1 − F (z|e)), this concavity of w induces non-convexity in e. Thus, interior

solutions are dominated by the corners e ∈ {0, 1}.
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Step 2 (Monotonicity of V (x0)). Differentiating V (x0) with respect to x0 gives

Vx0(x0) = δ

∫ x̄

¯
x

[
u′′(y) bzbx0 + u′(y) bx0z

]
∆W (z) dz,

where

y =

b(x0, z)− x0 if b(x0, z) ≥ x0,

x0 − b(x0, z) if b(x0, z) < x0.

By Assumption 3 (curvature upper bound) and Assumption 2 (complemen-

tarity bx0z > 0), we have Vx0(x0) > 0. Hence, V (x0) is strictly increasing in initial

wealth.

Step 3 (Boundary behavior). Since b(
¯
x, z) = 0 ≤

¯
x and bx0 > 0 is continuous,

there exists ε > 0 such that for all x0 ∈ (
¯
x,
¯
x + ε) and all z ∈ [

¯
x, x̄] it holds

that b(x0, z) < x0. Thus, the gains region is empty at those levels of x0 and the

decision to invest is given by:

V (x0)− u(x0) = −u(x0) + δ

∫ x̄

¯
x

λu′(x0 − b(x0, z)
)
bz(x0, z)∆W (z) dz.

The first term is strictly negative, and the integral term is bounded and contin-

uous. Therefore, for x0 sufficiently close to
¯
x, V (x0)− u(x0) < 0, so e∗c = 0.

At high wealth, Assumption 1 ensures strict FOSD in e: there exist η > 0 and

λw > 0 such that
∫
H
∆W (z) dz ≥ λwη for some H ⊂ [

¯
x, x̄]. By Assumption 2,

there exists κ > 1 with b(x̄, z) ≥ κx̄ for all z ∈ H . Then

V (x̄) ≥ δ λwη u
′(κx̄− x̄) min

z∈H
bz(x̄, z).

If the above inequality holds, then V (x̄) > u(x̄) and hence e∗c = 1 for sufficiently

high x0.

Step 4 (Existence and uniqueness of the threshold). We have V (
¯
x) < u(

¯
x) and

V (x̄) ≥ u(x̄) if δ λwη u
′(κx̄ − x̄) · minz∈H bz(x̄, z) > u(x̄), while V ′(x0) > 0. By

continuity, there exists a unique x̂0 ∈ (
¯
x, x̄] such that V (x̂0) = u(x̂0). Hence,

e∗c = 0 for x0 < x̂0 and e∗c = 1 for x0 > x̂0.

Step 5 (Comparative statics). Let i be less optimistic (or less likelihood insensi-
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tive) than j. Define

∆Wij(z) :=
[
wi(1−F (z|1))− wi(1−F (z|0))

]
−
[
wj(1−F (z|1))− wj(1−F (z|0))

]
.

Lemma 1 implies
∫
∆Wij(z) dz < 0. Since V (x0) is linear in ∆W (z), then Vi(x0)−

Vj(x0) < 0. Because Vx0 > 0 (Step 2), the implicit function theorem yields:

dx̂0

d(bias)
= − Vbias(x̂0)

Vx0(x̂0)
> 0.

Thus, the wealth threshold x̂0 increases with the degree of optimism or likeli-

hood insensitivity. ■

While loss aversion does not alter the fact that the optimal solution lies at the

boundaries of the investment set [0, 1], it does affect the location of the threshold

x̂0 from Proposition D1. The following corollary shows that higher loss aversion

increases this threshold.

Corollary C1. The threshold level of initial wealth from Proposition D1 is strictly

increasing in λ: dx̂0

dλ
> 0.

Proof. Let

Φ(x0;λ) :=δ

∫ x̄

x0

u′(b(x0, z)− x0

)
bz(x0, z)w

(
1− F (z | 1)

)
dz

− δ

∫ x0

¯
x

λu′(x0 − b(x0, z)
)
bz(x0, z)

(
1− w

(
1− F (z | 1)

))
dz − u(x0).(D.6)

By the envelope/monotonicity argument in Step 1 (the proof of Proposition D1),

we have Φx0(x0;λ) > 0 at the cutoff: the gain component rises with x0 by

bx0z > 0, and the curvature bound −u′′

u′ <
bzx0
bzbx0

guarantees that this comple-

mentarity dominates the dampening from concavity of u; the loss component’s

x0-effect is (weakly) smaller in magnitude and does not overturn positivity.

Differentiating Φ with respect to λ (holding x0 fixed) only affects the loss

integral:

Φλ(x0;λ) = − δ

∫ z†(x0)

¯
x

u′(x0 − b(x0, z)
)
bz(x0, z)

(
1− w(1− F (z | 1))

)
dz < 0,

since u′ > 0, bz > 0, and 1− w(·) ∈ (0, 1).
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The cutoff x̂0(λ) is defined by Φ(x̂0(λ);λ) = 0. By the implicit function theo-

rem,
dx̂0

dλ
= − Φλ(x̂0(λ);λ)

Φx0(x̂0(λ);λ)
> 0,

because Φλ < 0 and Φx0 > 0 at the cutoff. ■

Loss aversion thus deepens the behavioral poverty trap from Proposition 5,

extending it to individuals with higher initial wealth. Intuitively, loss aversion

amplifies the disutility from outcomes where future wealth falls short of the

initial endowment (b(x0, z) < x0). These states matter most when wealth is low,

since even small investment risks translate into reductions in future wealth.

As a result, the low-wealth region in which individuals optimally choose not

to invest expands, making more individuals more vulnerable to the adverse

consequences of probability weighting.
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E. Additional Empirical Analyses.
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Table 14: The effects of Payday and Utility curvature on being unbiased

(1) (2) (3) (4) (5) (6)
RDU RDU RDU RDU RDU RDU

Before Payday 0.014 -0.020 0.024 -0.008 0.031 0.002
(0.075) (0.077) (0.076) (0.078) (0.077) (0.079)

Âi -0.013 -0.040∗∗∗ -0.019 -0.046∗∗∗ -0.023 -0.051∗∗∗

(0.015) (0.015) (0.015) (0.016) (0.016) (0.016)
Before Payday×Âi 0.071∗∗ 0.068∗∗ 0.074∗∗

(0.035) (0.035) (0.034)
Varian Index -1.099 -1.014 -1.131 -1.040

(0.759) (0.762) (0.799) (0.800)
Time Stroop test 0.023 0.022 -0.001 -0.003

(0.028) (0.028) (0.030) (0.030)
Constant 0.176∗∗∗ 0.188∗∗∗ 0.093 0.105 -0.362 0.227

(0.054) (0.055) (0.183) (0.183) (0.346) (0.449)
Controls NO NO NO NO YES YES
Log-likelihood -772.400 -770.465 -759.143 -757.411 -744.241 -742.340
N 1131 1131 1131 1131 1114 1114

This table presents probit estimates of the model RDUi = b0 + b1Before Paydayi + b2Âi + b3Before
Payday×Âi+Controls′iΓ + εi. The dependent variable RDUi is a binary variable that takes a value
of one if respondent i is classified as Rank-Dependent Utility maximizer and zero otherwise. “Before
Payday” is a binary variable that takes a value of one if respondent i is assigned to the group that
completed the survey before payday and zero otherwise. The variable Âi is captures subject’s i utility
curvature. “ Varian Index” captures participant’s i consistency with the maximization of a non-satiated
utility function. Time Stroop Test captures the accuracy of respondent i on the Stroop test. *** denotes
significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1
level.
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Figure 6: Marginal Effects of treatment by different levels of A
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