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We use cultural evolutionary models to examine how individual experiences and culturally inherited
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processes not only generate considerable variation in risk beliefs and behaviors, but also that conservative
learning strategies—emphasizing the preservation of generational knowledge—excel in high-risk settings,
promoting risk avoidance and long-term survival but limiting growth when conditions improve. In contrast,
exploratory learning strategies—leveraging juvenile exploration and peer influence—foster risk tolerant
behaviors that thrive in affluent, low-risk settings where wealth buffers and social safety nets reduce the
costs of miscalculations. Introducing economic stratification to the model reveals howwealth disparities and
interclass interactions reinforce these patterns, exacerbating differences in learning strategies and risk-
taking behaviors within populations, and perpetuating socioeconomic inequalities through the cultural
inertia of excessive risk avoidance. By uniting developmental, social, and evolutionary perspectives, our
framework provides a novel lens on the cultural evolution of risk-taking behavior and its broader societal
implications.
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Nearly everyone must make repeated risky decisions throughout
their productive lives—from starting a business to pursuing higher
education, from proposing marriage to investing in the stock market.
Each of these decisions might pay off, but a tactical misstep might
lead to losses that can be hard or even impossible to recover from.
Risking too much can lead to catastrophe, but too much caution can
lead to middling performance. If one knows all the risks involved,
one can—in theory, at least—optimize one’s bets, but the knowl-
edge needed to successfully navigate risky decisions can itself be
risky to obtain. Social learning becomes of prime importance when
learning how to navigate the risky environments we experience
throughout life; learning from others allows us to reduce error and
inherit the hard-won wisdom of others without incurring the costs
of trial and error, which can include overly risky decisions that lead
to ruin. It is therefore of interest not only how people should deal

with risk in decision-making, but how they should learn about the
risks involved in their decisions.

Acquiring optimal risk behavior—that which yields the best dis-
tribution of outcomes for a given environment—might be straight-
forward in an environment that is fully predictable or where all risks
are accurately known. But real-world conditions are inherently
uncertain in the Knightian sense (Knight, 1921), and in risky settings
with the potential for catastrophic loss caution often becomes essential.
The challenge of optimizing risk behaviors is therefore difficult, if
not impossible, for an individual to solve without help. However,
research on risk-sensitive behavior and on social learning strategies
has, for the most part, developed independently. This is unfortunate
given the importance of social learning in helping organisms navigate
environmental uncertainty (Boyd & Richerson, 1985; Kendal et al.,
2018; Laland, 2004), which has been proposed as one of the drivers

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

Ps
yc
ho
lo
gi
ca
l
A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

A
ll
ri
gh
ts
,i
nc
lu
di
ng

fo
r
te
xt

an
d
da
ta

m
in
in
g,

A
I
tr
ai
ni
ng
,a

nd
si
m
ila
r
te
ch
no
lo
gi
es
,a

re
re
se
rv
ed
.

Peter D. Kvam served as action editor.
Alejandro Pérez Velilla https://orcid.org/0009-0003-6942-715X
All supplementary materials including appendix, simulation code, analysis

scripts, documentation, and materials necessary to reproduce the results re-
ported in this article are openly available at https://github.com/datadreamscorp/
PessimisticLearning (Pérez Velilla et al., 2025b). No empirical data were
collected for this study. An earlier version of this article was posted as a preprint
in Pérez Velilla et al. (2025a). The ideas and results reported here have not been
published elsewhere.
This work was supported by grants from the U.S. National Science

Foundation (Grant BCS-2241823) and the John Templeton Foundation (Grant
63336) to Paul E. Smaldino and by the Max Planck Institute for Evolutionary
Anthropology.
The authors thank Ingela Alger, Dorsa Amir, Joshua Conrad Jackson,

James Holland Jones, Tyler Marghetis, Elspeth Ready, and Justin Yeakel, as
well as the members of the Department of Human Behavior, Ecology and
Culture at the Max Planck Institute for Evolutionary Anthropology for
comments and discussions that strengthened this article.
Alejandro Pérez Velilla played a lead role in conceptualization, formal

analysis, methodology, visualization, and writing–original draft. Bret Beheim
played a supporting role in conceptualization, formal analysis, methodology,
supervision, writing–original draft, and writing–review and editing. Paul E.
Smaldino played a lead role in funding acquisition, supervision, writing–review
and editing, and a supporting role in formal analysis, methodology, visuali-
zation, and writing–original draft.
Correspondence concerning this article should be addressed to

Alejandro Pérez Velilla, Department of Cognitive and Information
Sciences, University of California, Merced, 5200 Lake Road, Merced, CA
95343, United States. Email: aperezvelilla@ucmerced.edu

Psychological Review
© 2025 American Psychological Association
ISSN: 0033-295X https://doi.org/10.1037/rev0000599

1

https://doi.org/10.1037/rev0000599.supp
https://orcid.org/0009-0003-6942-715X
https://github.com/datadreamscorp/PessimisticLearning
https://github.com/datadreamscorp/PessimisticLearning
mailto:aperezvelilla@ucmerced.edu
https://doi.org/10.1037/rev0000599


of humans’ extreme reliance on culture (Boyd et al., 2011; Boyd &
Richerson, 1985), as well as more generally explaining the extent
of human psychological and behavioral variation across the globe
(Chudek & Henrich, 2011; Gelfand et al., 2024).
Understanding the origins of risk behavior is central to many

fields, from economics and psychology to anthropology and evo-
lutionary biology, where risk-relevant behavior is often viewed from
a life history lens (Nettle & Frankenhuis, 2020). Evolutionarily
oriented economic models posit that a degree of risk aversion is
adaptive, reflecting evolved traits for navigating uncertain environ-
ments where rational decision-making is key to survival, particularly
in cases where risk is aggregate or correlated (Alger, 2023; M. Levy,
2010; Robson, 1996; Robson & Orr, 2021; Robson & Samuelson,
2019, 2022; Zhang et al., 2014), which is consistent with work in
theoretical evolutionary biology that highlights how aversion to risk
(in the form of bet-hedging strategies) can evolve as a response to
within- and between-generation environmental change (Mallpress et
al., 2015; Schreiber, 2015; Starrfelt & Kokko, 2012) or to asymmetric
fitness functions when the outcomes of behaviors under selective
pressures are themselves stochastic (Haaland et al., 2019; Vercken
et al., 2012). Psychological research, on the other hand, tends to
emphasize how risk behavior is related to cognitive and emotional
factors in risk perception in specific domains (Weber & Hsee, 1999),
with developmental perspectives viewing childhood and adolescence
as critical periods for refining risk-related behaviors in response to
adversity (Frankenhuis & Gopnik, 2023; Gopnik, 2020; Xu et al.,
2023). Despite the existence of these rich perspectives, they remain
largely disconnected. A cultural evolutionary viewpoint—bridging
economic, cognitive, social, and evolutionary sciences—offers a
framework for integrating these insights and generating new testable
hypotheses.
Here, we develop a model that clarifies how risk perception and

behavior within a decision-making domain emerge from the interplay
of evolved predispositions for navigating risk–reward trade-offs,
individual life experiences, and cultural transmission.We assume that
the decision-making domains that drive risk behavior exhibit an
asymmetric structure: recovering from losses is more difficult than
achieving gains, especially when one has less to begin with and when
subsistence is at risk (Cieslik & D’Aoust, 2018). Therefore, domains
that have a higher impact on subsistence and cultural influence
incentivize more cautious risk-taking, especially when buffers are
low. At the same time, we answer calls to incorporate culture into
models of risk behavior (Bowles, 1998; Weber & Hsee, 1999) by
showing how, in response to pressures to learn socially, distributions
of risk behavior can change both within and across generations. We
also recover several observed empirical patterns in risk behavior, such
as its adversity-mediated developmental trajectory (Amir et al., 2020;
Brooks-Gunn & Duncan, 1997; Frankenhuis & Gopnik, 2023;
Leonard & Sommerville, 2024; Paulsen et al., 2012; Xu et al., 2023),
the presence of extreme risk avoidance and extreme risk-taking in
economically deprived populations (Banerjee, 2000; de Courson et
al., 2025; Haushofer & Fehr, 2014), its differential cultural heritability
(Arrondel, 2013; Dohmen et al., 2011, 2012; Hong et al., 2024;
Necker & Voskort, 2014; Sepahvand & Shahbazian, 2017, 2021;
Shore, 2011; Wolff, 2020; Zumbuehl et al., 2013), and the way that
acute population shocks and the incentivization of conservative
learning strategies can keep risk avoidance suboptimally high
(Augsburger & Elbert, 2017; Kim & Lee, 2014; Moya, 2018;
Nunn, 2022).

A Theoretical Framework for Understanding Risk

How do individuals discern whether their environment rewards
investment or punishes it with ruinous losses? Trial-and-error
learning is possible, but costly—especially when information is noisy
or slow to accumulate. Childhood may act as a protective period that
permits exploration and peer learning with minimal immediate risks
(Frankenhuis & Gopnik, 2023; Gopnik, 2020; Xu et al., 2023) at the
cost of omitting important information about those risks, although
greater adversity can also lead to “shorter” childhoods, in which
children are expected to significantly contribute to productive and
caregiving activities in riskier settings (Kramer, 2005, 2021; Lew-
Levy et al., 2022). As individuals mature, additional learning occurs
through direct experience and from observing others’ successes,
failures, and catastrophes. When environmental risk changes little
between generations, vertical or oblique transmission of established
practices from elders can be a highly effective means of stabilizing
near-optimal risk behaviors (Boyd & Richerson, 1985; Deffner &
McElreath, 2022; Reyes-García et al., 2016; Turner et al., 2023),
avoiding optimistic (too risk tolerant) or pessimistic (too risk avoidant)
behaviors. However, environmental conditions often do change and
can widely differ from context to context, providing a large diversity
of backgrounds for developmental trajectories.

For example, ruin boundaries might not be the same everywhere.
While wealth, as a social phenomenon, is present in subsistence
economies (Mulder et al., 2009) and even in some nonhuman
systems (Strauss & Shizuka, 2022), what can be considered an
absorbing boundary or point of “ruin” is likely to vary significantly
from context to context (both within and across generations), as the
currencies that constitute wealth itself can be very different from
place to place and from time to time. In our model, we treat ruin as a
complete loss of cultural influence on prospective learners from
future generations. This is because financial ruin often goes hand in
hand with loss of status and social ostracism in contemporary large-
scale societies (Mills & Zavaleta, 2014), and social capital itself can
be seen as a form of wealth that can be completely lost, especially in
subsistence economies where it feeds into the structure of material
exchange networks (Jones & Ready, 2022; Mulder et al., 2009). For
example, among the Pokot of Northwestern Kenya, cohesive and
durable livestock exchange networks are frequently likened to a
form of banking and insurance (see Bollig, 1998, p. 142), while
classic accounts of Melanesian “Big Men” consistently emphasize
not only how social wealth is garnered through savvy reciprocal
exchanges, but also how those who do not participate in these
social games can quickly lose influence relative to those who do
(see Strathern, 1971, p. 10, “Moka as a Game”). Loss of influence
stemming from loss of wealth is also apparent in modern-day mixed
economies: In Kangiqsujuaq, a Canadian Inuit community, foraging
for country food and the sharing of harvests (activities that can
exhibit a significant economic entry barrier) often confer status and
sociopolitical influence for those wealthy enough to afford these
costly activities (Ready & Power, 2018). In all of these contexts, the
cultural influence of individuals directly stems from their investment
on these social currencies, and failing to invest correctly can lead
to total irrelevance.

Environmental conditions also vary widely within and across
populations, and not all individuals within an environment face
identical conditions. Baseline wealth, institutional stability, and
social safety nets can strongly influence the consequences of risk-
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taking. Risk behaviors are not fixed; they develop over the lifespan
and evolve across generations, shaped by changing conditions,
cultural norms, and individual adversity (Amir et al., 2018, 2020;
Amir & Jordan, 2017; Xu et al., 2023). For example, younger
individuals often show higher risk tolerance, which then declines
with age (Dohmen et al., 2017; Leonard & Sommerville, 2024;
Paulsen et al., 2012). Early-life adversity can accelerate the onset of
risk avoidance (Frankenhuis & Gopnik, 2023; Gopnik, 2020; Xu et
al., 2023), and shocking or traumatic experiences can create long-
lasting shifts toward heightened caution (Augsburger & Elbert,
2017; Kim & Lee, 2014; Moya, 2018). Moreover, while individual
variation in risk avoidance has been largely ignored in models of
optimal risk-taking, empirical work suggests that different socio-
economic strata can exhibit complex risk behavior distributions with
distinct variance signatures, especially in deprived scenarios where
high risk avoidance can coexist with disproportionate risk-taking
(Banerjee, 2000; de Courson et al., 2025; Haushofer & Fehr, 2014).
Environmental conditions can also change with time, such that

strategies that previously worked well are no longer effective. Such
changes can undermine the value of conservative learning strategies
that maintain the steady transmission of elders’ acquired informa-
tion (Deffner & McElreath, 2022), helping explain the findings that
the transmission of risk-related attitudes and behavior from parents
and other elders might strongly depend on local cultural, social, and
economic conditions (Dohmen et al., 2011, 2012). This is exem-
plified by studies indicating stronger intergenerational transmission
in nonwestern countries like Burkina Faso (Sepahvand &
Shahbazian, 2017, 2021; Wolff, 2020), China, and Korea (Hong
et al., 2024) than in western countries such as Germany (Necker &
Voskort, 2014; Zumbuehl et al., 2013), France (Arrondel, 2013),
and the United States (Shore, 2011), as well as observations of
higher reliance on intergenerational transmission by Bangladeshi
immigrant populations in the United Kingdom (Mesoudi et
al., 2016).
Taking these lines of research into account, we propose that risk

behaviors emerge from a combination of evolutionary and devel-
opmental processes, as coarse evolved predispositions for avoiding
aggregate risk interact with the finer-grained plasticity of learning
from experiential and cultural inputs. Four key factors shape this
process: (a) a baseline level of risk aversion, shaped by evolutionary
pressures to avoid aggregate risk during the human evolutionary
trajectory; (b) low-risk environmental sampling during early devel-
opmental periods, reinforced by horizontal learning from peer inter-
actions (exploratory learning); (c) vertical and oblique cultural
transmission of risk-related knowledge from previous generations
(conservative learning); and (d) lifetime adjustments in response to
social information that indicates that one’s current risk behaviors
are overly optimistic (sensitivity to peer ruin). As different learning
strategies have differential success in growing payoffs while avoiding
ruin, natural selection leads to the transmission of successful strategies,
which themselves give shape to the cultural selection that acts on the
lifelong acquisition of risk beliefs and behaviors. Our emphasis in
this article therefore deviates from the more common concern with
identifying optimal risk behaviors; instead, we focus on the optimal
strategies for learning about risk. The tremendous capacity of humans
to adapt to a wide range of local physical and social environments is a
testament to the power of our cultural evolution, and highlights that
many of our behavioral strategies, including those for managing risk,

are learned (Boyd et al., 2011; Rogers, 1988). While the model itself
is agnostic to whether learning strategies are inherited culturally or
genetically, we see them as cultural traits passed down by individuals
who avoided ruin during their lifetimes, a form of phenotypic natural
selection.

We study a simple investment dynamic in which agents must
gamble to increase their wealth in a single domain and face a risk–
reward trade-off: the more risk they take, the higher their potential
return on investment but also the greater their risk of ruin. To this,
we add developmental stages in which agents use individual and
peer learning as ways to acquire information and estimate their
environmental conditions, building risk perceptions that lead to risk
behaviors attuned to their present conditions, as well as to quickly
adjust those perceptions in response to witnessing the ruin of other
individuals. We then add a layer of cultural inheritance, in which
agents can use information from previous generations to further
hone their perception and risk behavior.

Our model reveals how the cultural evolution of different strategies
for learning about risk—ranging from conservative to exploratory—
can yield distinct cultural equilibria in risk behavior across domains,
environments and between socioeconomic strata. Conservative
learning strategies, characterized by the strong influence of infor-
mation inherited from elders, thrive in high-risk settings but can
delay adaptation when conditions improve. Exploratory learning
strategies, which rely more on immediate environmental feedback
and peer influence, are better suited to improving conditions, but
may lead to ruin if misapplied in risky environments. We find that
conservative learning strategies typically outperform exploratory
ones, but perform worse under low-risk, high-wealth conditions
where the insulation provided by ample wealth buffers encourages
boldness and diversification in information sources. We also con-
sider the differential consequences of when environmental change is
correlated across individuals (what we call aggregate uncertainty)
versus when such change is uncorrelated across individuals (idio-
syncratic uncertainty), showing that conservative social learning is
robust to both forms of change under high risk, but as risk decreases
idiosyncratic uncertainty disincentivizes most forms of social learning,
except for sensitivity to peer ruin.

We also examine the effects of socioeconomic stratification by
allowing group-specific differences in environmental risk and wealth
buffers. In such scenarios, wealthy groups can afford more risk-
taking and may adopt payoff bias as a parochial strategy, reinforcing
their advantage and cultural distinctiveness. In contrast, disadvan-
taged groups, facing harsher conditions, must resort to parochial
learning (which reduces the size of their pool of learning models) to
avoid ill-fitting information gleaned from wealthier out-groups. This
leads to entrenched socioeconomic disparities and a heightened
cultural inertia of risk behaviors.

Our framework provides a coherent mechanistic explanation for a
wide range of observed phenomena in human risk behavior, linking
economic conditions, cultural processes, life history, and social learning
strategies. The framework further predicts relationships between wealth,
learning strategies, and risk behaviors that can guide subsequent
empirical research. We offer a unified mechanistic explanation for
juvenile optimism, the increase of pessimism throughout the lifetime, the
transmission of acquired pessimism to new generations, and the rela-
tionship of these processes to wealth, environmental adversity, and
structural inequalities. In the following sections, we detail our model,
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present the results of our analyses, and discuss the implications for
understanding the cultural evolution of responses to risk.

The Model

Optimal Gambling Dynamics Under Cliff-Edge Effects
and Risk of Ruin

We begin by describing a simple model of optimal gambling,
upon which we will then introduce risk of ruin, development,
learning, population structure, and cultural evolutionary dynamics.

Wealth Growth Dynamics

We start with a single-asset risky investment dynamic (Kelly,
1956), representing investment decisions in a single domain by
agents who can opt into a multiplicative wealth growth scheme (i.e.,
the stockmarket). An agent starting with an initial wealth V0 chooses
a stake s ∈ ½0, 1", representing the fraction of their wealth they will
bet, and then proceeds to throw a biased coin every time period (for
a total of T periods), so that each attempt results in a success with
probability u and a failure with probability 1 − u. An agent’s chosen
stake thus describes their confidence that their gamble in this domain
will pay off and the fraction of their wealth they are willing to forego
in case of failure.
When a gamble is successful, the player increases their wealth by

a factor 1+ s, otherwise their wealth decreases by a factor 1− s. This
gives us

Vt+ 1 = Vt ½ð1 + sÞx + ð1 − sÞð1 − xÞ", (1)

where Vt is the wealth of the agent at time t and x ∼ Bernoulli(u).
Agents seek to maximize the long-term growth rate of their wealth
over many time periods T. An agent’s expected wealth at the end of
its lifetime can be written as

VTðsÞ = V0

YT

t=1

exp½gtðsÞ" = V0 exp
!XT

t=1

gtðsÞ
"
, (2)

with gt(s) = log(1 + s) if successful and gt(s) = log(1 − s) otherwise.
Written this way, we can see that the growth rate of VT depends

on a sum of random variables, given by log VT
V0

=
PT

t=1 gtðsÞ. To find
the average change in wealth in one time period, we divide this sum
by T. As T grows large, by the law of large numbers, this average log
growth rate of VT converges to the long-run log geometric mean of
the outcomes, given by

GðsÞ = lim
T→∞

log
VT

V0

T
= lim

T→∞

1
T

XT

t=1

gtðsÞ

= u logð1 + sÞ + ð1 − uÞ logð1 − sÞ, (3)

so that the long-run growth can be approximated by

VTðsÞ ≈ V0 exp½T · GðsÞ", (4)

for large enough T. In other words, finding an optimal stake s* that
maximizes the expected long-term growth rate of wealth merely
requires maximizing G(s). This leads to an optimal stake that can be
calculated explicitly. Popularly known as the Kelly criterion or

Kelly bet (Poundstone, 2010) after its initial derivation by Kelly
(1956), for this simple model, it takes the following form:

s* =

8
<

:
2u − 1 ∶u ≥

1
2

0 ∶otherwise
: (5)

This means that a decision-maker who knows the rate of success u
can maximize their growth rate by following this formula and should
bet nothing if their environmental edge (the extent to which an
environment provides an advantage to the gambler, which we
denote ε = u − 1

2) is equal to or less than 0. Indeed, it is easy to show
that an equal number of successes and failures yields an overall loss
in the agent’s wealth: Note that the payoff of an agent with n
successes and n failures isV0 (1+ s)n (1− s)n=V0 [(1+ s) (1− s)]n=
V0 (1 − s2)n, which is necessarily less than or equal to V0. Losses
therefore carry more weight than gains in this dynamic, so it is
important to be playingwith a favorable edge. Equivalently, there is a
positive correlation between the possible rewards from investment
and the risk of losses: a risk–reward trade-off. The leftmost plot of
Figure 1 shows how this asymmetry translates into an asymmetry in
the average growth rate as a function of stake: a lower-than-optimal
stake leads to less of a penalty than a higher-than-optimal stake, a
problem structure commonly refereed to as the “cliff-edge” effect.
This is also reflected in the expression for s*: A success rate of 1/2 or
less yields an optimal Kelly bet of 0.

Since the above process involves optimizing an exponential growth
rate, optimal decision-making in this simple game happens when in-
dividuals’ psychologies are represented by a logarithmic utility function
(Bernoulli, 1954; M. Levy, 2010, 2024) and when they have perfect
information on their odds of success; that is, when the expected utility of
a gamble is evaluated as the expectation of the logarithms of its possible
outcomes, a notion which aligns with the concept of geometric mean
fitness in evolutionary biology (Gillespie, 1974), and which has been
shown to be tied to decision problems in the presence of aggregate
risk (Robson, 1996; Robson & Samuelson, 2019).

We assume individuals start life as if they possessed logarithmic
utility functions as a baseline level of risk aversion. This represents
an evolutionarily optimized adaptive risk aversion that always leads
to choosing the optimal stake in this dynamic, given perfect infor-
mation about the environmental edge and given that there are no
absorbing boundaries in place. This decision is meant to capture our
broader assumption of the existence of a baseline degree of adaptive
risk aversion that matches the unconstrained wealth growth dynamic
(no absorbing boundary, full information) and should not be con-
fused with a claim about the universality of the logarithmic utility
function for decision-making. In principle, choosing any other value
for the fixed curvature of the utility function would lead to a shifted
but qualitatively similar version of the results we explore here and, as
we show below, allowing for imperfect information about envi-
ronmental edges and nonzero absorbing boundaries add uncertainty
that requires agents to adjust this initial degree of risk-taking, which
we model through changes in risk perception while keeping the
curvature of the utility function fixed (Meder et al., 2021).

Absorbing Boundaries: Meeting a Terrible Fate

Gambling carries with it the risk of ruin. Wealth, for example, can
plummet to a level from which it becomes impossible to recover
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(Miller et al., 2021; Rodems & Pfeffer, 2021; Smith et al., 2005).
This “point of no return” is also known as an absorbing
boundary, which we denote VB. If wealth ever falls under this
value during the T time periods of an agent’s lifetime, we say that
the agent is ruined: They cannot continue gambling and their
wealth is set to 0. A decision-making domain with a high
absorbing boundary thus incentivizes caution in betting strate-
gies. When VB = 0, the absorbing boundary can only be reached
when an agent chooses to stake it all (s = 1), such that the first
disfavorable outcome leads to total loss. VB = 0 is also the
condition under which Equation 5 actually represents the
optimal stake. However, individuals are often unable to continue
making risky gambles even if they have not technically lost
everything, because a baseline amount of resources is required to
support basic needs. We represent these scenarios by considering
cases where VB > 0.
Unless stated otherwise, we fix VB = 1 for the remainder of the

article. Our minimum starting wealth will thus be V0 = 1. When
agents attempt to optimize their resource growth rates, the positive
absorbing boundary therefore leads to optimal stakes below those
indicated by Equation 5. The placement of the absorbing barrier at
VB = 1 is arbitrary; however, the important thing for agents’ wealth
is not the absolute value of the boundary but rather their relative
distance from it. Adding nonzero absorbing boundaries to the model
introduces the need for numerical simulation in order to characterize
important aspects of the system’s behavior, such as the payoff
distribution. However, we can use tools from the theory of mar-
tingales in order to find a Brownian approximation of the risk of

ruin pruin, which is given by the following (see Corollary 2.4 in
Asmussen & Albrecher, 2010, p. 26):

pruinðsÞ ≈
#
VB

V0

$2 μ
σ2 , (6)

where

μ = GðsÞ = u logð1 + sÞ + ð1 − uÞ logð1 − sÞ, (7)

and

σ2 = u½logð1 + sÞ − μ"2 + ð1 − uÞ½logð1 − sÞ − μ"2: (8)

Equation 6 implies that it is the ratio of VB to V0, and not
individual magnitudes of these quantities, that has an influence over
the probability of ruin. Thus, we define the wealth buffer as

ℵ = 1 −
VB

V0
, (9)

which measures the extent to which initial wealth V0 exceeds the
absorbing boundary. When ℵ = 0, then V0 = VB and the focal agent
starts out ruined, while a focal agent with ℵ = 1 has an effectively
infinite wealth buffer since this implies V0 = +∞ as long as VB > 0.
In this case, wealth growth rates are undefined, and so we restrict our
use of ℵ = 1 to the case of zero absorbing barriers VB = 0. This way,
the wealth buffer ℵ, ranging from 0 to 1, fully parameterizes the
effects of absorbing barriers. It represents a safety net that gives
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Figure 1
Average Geometric Growth Rates for Long-Term Bets

Note. Average geometric wealth growth rates V̄ , as a function of stake (s). The three plots on the right show the
average geometric growth rate of wealth, incorporating the effects of absorbing barriers. The stakes given by
Equation 5 are shown as black dots, while the growth-maximizing stakes given by Equation 12 are indicated by an
X. Without absorbing boundaries (right plot), growth rate is maximized according to Equation 5. See the online
article for the color version of this figure.
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agents a cushion during difficult times (e.g., inherited wealth and/or
stable institutions providing a social safety net).
To understand ℵ intuitively, consider that for a fixed stake s, the

wealth bufferℵ is the proportion of initial wealth that must be lost in
an uninterrupted string of gambles in order for an agent to become
ruined. If we represent the number of losses at ruin as B, we get this
equation relating V0 and VB:

VB = ð1 − sÞBV0 ⇔
VB

V0
= ð1 − sÞB: (10)

The ratio VB
V0

is therefore equal to the proportion of initial wealth an
agent betting s and starting at V0 has after an uninterrupted string of
losses that eventually leads to ruin. This means the wealth buffer can
also be written as

ℵ = 1 − ð1 − sÞB: (11)

We can also approximate the optimal stake (the Kelly bet) for
cases involving absorbing boundaries by numerically solving the
following expression:

s*ruin = argmax
s

V̄ðs; ε,ℵÞ, (12)

where

V̄ðs; ε,ℵÞ = expð½1 − pruinðs; ε,ℵÞ" · GðsÞÞ, (13)

which converges to Equation 5 in the limit of ℵ → 1. This is an
example of optimization with respect to a “safety-first expected
utility”model, which assumes agents make decisions based on both
the expected utility of gambles as well as their risk of hitting an
absorbing boundary (H. Levy & Levy, 2009). Figure 1 illustrates
the average growth rate as a function of stake for several values of
the environmental edge (ε) and the wealth buffer (ℵ). Optimal stake
decreases with both environmental edge and wealth buffer. It is clear
that when absorbing boundaries are nonzero and wealth buffers are
finite, adopting risk behavior (stakes) that are optimized for bound-
aryless scenarios will likely lead to ruin due to overbetting.
Given that the wealth growth rates resulting from particular stakes

depend on both the favorability of the environment to gambles (the
environmental edge) and individual wealth buffers, optimizing risk
behaviors requires the acquisition of quite a lot of information.
Subsequent analyses will consider what happens when agents face
nonzero absorbing boundaries and have no initial knowledge of the
environmental edge or the extent of their wealth buffer. Hence, they
have no direct knowledge of the risk of ruin or of the optimal stakes
they should bet under their particular conditions. Instead, they must
try to infer these through learning via direct experience as well as
through social transmission. In particular, there are a number of key
social cues that an adaptive risk psychology can plausibly attend to:
the success rates in a risk-free developmental learning period, the
rate of ruin among peers, and the beliefs of successful members of
the previous generation.

Learning Strategies and Wealth Growth

We assume that agents must infer their environmental edge from
individual experience and social learning. When the environmental
edge is positive but close to 0, environments are very uncertain:

Gambles are expected to fail nearly as often as they succeed. The
variance of outcomes is higher, and a “lucky streak” can lead to a
highly biased estimate of the environmental edge. A higher edge
means less uncertainty and, consequently, easier learning.

To incorporate learning throughout the lifetime, we assume agents
update a belief distribution over the environmental success proba-
bility u, given by Γi ∼ Beta(ai, bi), which always starts as uniformly
distributed, Γ0

i ∼Betað1, 1Þ. In other words, we assume agents start
their lives with maximal uncertainty about environmental states, and
while we keep environmental edges in the favorable range (ε = u −
0.5 > 0) and agent’s estimate of the edge might become negative
through unlucky sampling or pessimistic cultural influence, reflecting
the development of pessimistic beliefs (see below). The beta dis-
tribution permits iterated learning using straightforward Bayesian
updating. As the agents incorporate information from different
sources, they update their belief distribution by adding positive
values to their beta’s parameters, where additions to a represent
encountering information about successes and additions to b rep-
resent encountering information about failures. The precise way that
information is incorporated into the posterior updates will depend on
the learning strategies described below.

We rely on numerical simulation throughout the remainder of
the article in order to explore the effects of learning on the stakes
that agents choose. When an agent i uses a learning strategy Li, we
summarize their overall success by computing the average growth
rate of their wealth achieved with that strategy. This is given by

VTðLijℵ, εÞ = exp
!

1
T + 1

XT

t=0

gtðLijℵ, εÞ
"
, (14)

where the notation indicates that the agent’s growth rate depends on
the learning strategy they choose as well as their wealth buffer and
the uncertainty in their environment. Because learning is a stochastic
process, two agents employing the same learning strategy will not
necessarily end up using the same stake after a finite number of
gambles. We thus simulate N agents for every learning strategy im-
plemented, and take the average geometric growth rate as an aggre-
gated measure of the learning strategy’s success:

V̄ =
1
N

XN

i=1

V̄TðLijℵ, εÞ: (15)

An average growth rate of less than 1 indicates that agents using a
particular learning strategy are, on average, experiencing losses and
wealth shrinkage, while an average growth rate greater than 1 means
that on average, agents’ wealth is increasing. Below, we consider
how learning throughout the lifespan can lead to the adoption of
optimistic or pessimistic risk behaviors.

The Development and Cultural Transmission of
Responses to Risk and Uncertainty

Here, we establish the full dynamic model for the development
and cultural transmission of risk responses to consider the long-term
effects of different learning strategies over generational time. This
model involves the initial acquisition of risk perception during a
juvenile period involving risk-free exploration of the environment
(individual learning), information-sharing between generational
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peers coupled with socioenvironmental feedback from observations
of peer ruin during adulthood (horizontal social learning), and
information inheritance from previous cohort elders (vertical and
oblique social learning). We use this model to also consider the
effects of environmental change, socioeconomic stratification, and
social learning biases. In the remainder of this section, we describe
this model in detail. In the following section, we present the results
of our investigative simulations.

Juvenile Learning Phase: Acquiring Risk Behaviors
Using Intragenerational Learning

Consider a population of N individuals in a young generational
cohort who all experience an initial wealth buffer ℵ, such that they
have starting wealth V0 = 1

1−ℵ. Perhaps they are the children in a
population of migrants who have entered mysterious new lands full
of opportunity and, potentially, danger. For this first generation, let
us assume that information from elders is unavailable or ignored.
The young cohort must therefore interact with the environment to
learn its ways. Subsequent generations will be able to learn from the
knowledge acquired by their elders.
In their juvenile phase, agents can sample the environment

without staking anything consequential. This risk-free sampling is
meant to represent individual learning in early development:
Juveniles get to “play” in risk-free settings and use that information
to perform in settings where stakes actually matter. Such low-risk
play during childhood is common in humans and other complex
social animals (Burghardt et al., 2024; Smaldino et al., 2019). The
objective during this period is to estimate the environmental edge,
ε. We divide the juvenile learning phase into two key processes:
individual learning and peer influence.

1. Individual learning: Agents draw τ samples from the
environment, representing independent and conse-
quence-free experiences of would-be success or failure.
That is, in each of τ time periods during their juvenile
stage, agents throw a biased coin, where the probability
of success is u = ε + 1

2. The value of τ represents the
length of risk-free juvenile periods. Each agent i adds its
observed number of successes wi during its juvenile
period to the a parameters of their belief distribution, and
the number of failures li = τ − wi to the b parameter. This
results in a beliefs given by the random variable

ΓI
i = Γ0 ′

i ∼Betað1 + wi, 1 + liÞ, (16)

at the end of the juvenile learning period. This
distribution is the agent’s initial estimate of the environ-
mental risk, u.

2. Peer influence: After individual learning is finished, each
agent observes the behavior of n other agents chosen at
random from within their cohort (henceforth their peer
learning set), from which they further update their
estimates of u. Such learning from peers is often called
“horizontal” transmission in the cultural evolution
literature (Cavalli-Sforza & Feldman, 1981). We assume
agents incorporate information from their peer learning

sets by considering the sum of their peers’ environmental
samples:

ΓP
i = ΓI ′

i ∼BetaðaPi , bPi Þ, (17)

aPi = 1 + wi + βi
X

j∈P
wj, (18)

bPi = 1 + li + βi
X

j∈P
lj, (19)

j indexes individuals in i’s peer learning set P, and βi ∈ ½0,1" is
the weight of peer influence, which is the extent to which an
individual’s belief distribution changes after sampling peers at
the end of juvenile learning. This process thus reinforces the
information encountered during risk-free individual learning
and, in the case where there is no idiosyncratic uncertainty (i.e.,
when all agents experience fully correlated environmental
edges), it can also be seen as a way to expand the sample size of
juvenile environmental exploration. Because we are interested in
the evolution of risk-learning strategies, we allow βi to evolve in
our analyses.

After the juvenile learning phase, agents apply their risk beha-
viors to gambles that have consequences, during which time they
can continue to update their risk behaviors. To simplify notation, we
will refer to the beliefs about environmental risk at gambling period t
as the random variable Γi,t and the parameters of the (beta) belief
distribution it follows as ai,t and bi,t. This means that in the absence
of information from elder cohorts, the beliefs at the end of the
juvenile period, ΓP

i , are initially used to face the perils of adulthood,
so that Γi, 0 = ΓP

i .

Gambling Phase: Adjusting Risk Behaviors in Response to
Observed Ruin

At the end of their exploratory juvenile period, individuals
venture into the world and use their beliefs about risk to make
meaningful gambles. They play one gamble for each of T periods, all
while keeping an eye on their peer learning set. Gambles are played
by sampling the beliefs Γi,t every time period t, obtaining an
estimate of u (which we call ûi, t), and passing this estimate through
Equation 5 to determine their stake.

The multidimensionality of wealth as a social phenomenon and its
dependence on variable currencies, each with their own context-
dependent rules and dynamics, thus makes it difficult, if not downright
impossible, for natural selection to effectively optimize for stable,
hardwired risk strategies. Similarly, children cannot typically infer
optimal adult behavior as a direct result of their early ruin-free ex-
plorations. As societies change, wealth buffers can change too. Thus,
learners can acquire knowledge about how buffered they really are
only through direct experience as adults, through observing ruin in
adult peers, or through information inherited from previous genera-
tions (which may be flawed if the individual’s wealth buffer differs
substantially from that of their elders).

We first analyze the case in which naive learners can learn only
from the environment and peers. We then add the possibility of
culturally inherited risk beliefs. We denote the stake used in
period t as

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

Ps
yc
ho
lo
gi
ca
l
A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

A
ll
ri
gh
ts
,i
nc
lu
di
ng

fo
r
te
xt

an
d
da
ta

m
in
in
g,

A
I
tr
ai
ni
ng
,a

nd
si
m
ila
r
te
ch
no
lo
gi
es
,a

re
re
se
rv
ed
.

THE DEVELOPMENT OF RISK BEHAVIORS 7



ŝi, t = s*ðûi, tÞ: (20)

Hence, the observable risk behaviors of individuals with less
concentrated belief distributions are assumed to correspond to greater
variability in their chosen stakes from one time period to the next, the
product of greater uncertainty about the true value of the environ-
mental edge. Once the stake has been wagered, each agent performs
an independent Bernoulli trialUtwith success probability u (i.e., they
draw a 1 with probability u and a 0 with probability 1 − u), and their
wealth is updated according to their success or failure. In the log-
wealth scale, this is expressed as the following stochastic recursion:

gi, t+ 1 =
%
gi, t + logð1 + ŝiÞwhenUt = 1

gi, t + logð1 − ŝiÞ whenUt = 0.
(21)

We allow agents to keep learning from their trials, such that they
continue to update their beliefs Γi, t in the same way as they did
during juvenile individual learning, iteratively adding successes and
failures throughout their lifetime of T periods, so that

Γi, t+ 1jUt ∼Betaðai, t + Ut , bi, t + ð1 − UtÞÞ: (22)

If at any point in the T periods of the gambling process an agent’s
wealth falls to or below the absorbing boundary, the agent becomes
ruined, their growth rate is set to 0 (gi is set to −∞), and they make
no further gambles. Overly optimistic betting (i.e., overly large
stakes) will often lead to ruin. In this case, continued peer learning
can help agents avoid their peers’mistakes. In particular, if an agent
observes a chosen cohort peer go to ruin, they may adjust their risk
behaviors to be less optimistic.

Sensitivity to Peer Ruin: Fear Is the Risk Killer

At the end of childhood, individuals are likely to have accurately
estimated the environmental edge through a combination of indi-
vidual and social learning. However, the childhood phase does not
provide any information about the individual’s wealth buffer, and
agents following the Kelly criterion implicitly assume that there is
no such risk. If their adult lives are heavily buffered by large wealth
reserves, agents applying heuristic rules like the Kelly criterion will
produce nearly optimal betting behavior. Conversely, if wealth
buffers are small, the Kelly heuristic leads to overbetting even with
extremely precise estimates of environmental risk. As adults, how-
ever, learners can observe ruin events among peers, and so plausibly
benefit by incorporating information about how close they are to an
absorbing boundary.
The fact that juvenile learning can easily lead to catastrophic

overconfidence calls for a mechanism that will aid in pessimistic
adjustment throughout the lifetime. Here, we add to the model the
possibility for peer learning in adulthood, such that agent i reduces
their stakes when they observe peers go to ruin as a function of how
similar their belief are to i’s beliefs (which they take as a cue that
their own risk behaviors are overly optimistic). We assign agents a
peer ruin sensitivity δ ∈ [0, 1] (which we refer to as “sensitivity” for
conciseness), which is the extent of their response to observing ruin
among peers. We remind the reader that ai,t and bi,t represent the
accumulated positive and negative beliefs, respectively, of agent i
due to all information influences up to (adult) time period t. Let k be
the count of peer ruin events i observed in time period t after

gambling, and bi,t = b(i,t,k) are the negative beliefs after observing
these k peer ruin events at time period t, such that b(i,t,0) are the
negative beliefs after gambling in period t but before observing any
peer ruin event. Pessimistic adjustment thus behaves according to
the following equation:

bi, t = bði, t, kÞ = ð1 + δiÞk · bði, t, 0Þ, (23)

where i indexes the focal agent and sensitivity δ controls the strength
of the agent’s pessimistic response. As δi → 1, fully sensitive agents
double their present failure count when they observe a ruin event.
When δ→ 0, the focal agent is not affected by observed ruin events.
δ ∈ (0, 1) interpolates the cases between these two extremes, al-
lowing for a full continuum of sensitivity to peer ruin and conse-
quently for different strengths of social trauma response.

Figure 2 shows an example of how this learning and adjustment
process looks like throughout the lifetime of three brothers: Juan,
Gabriel, and Roberto. All three end childhood optimistic, with
beliefs shaped by their lack of elder influence and reliance on
exploration and peer observation. If it was not for peer influence
from their siblings, Gabriel would have entered adulthood fully
pessimistic and Juan even more optimistic. As the brothers enter
adulthood, Roberto experiences early ruin, prompting Juan to adjust
his behavior toward greater pessimism. Gabriel, however, remains
insufficiently sensitive and eventually faces ruin as well, prompting
the more sensitive Juan to adjust once again to a degree of risk that
secures his accumulated wealth in the last quarter of his life. Juan’s
mix of luck and adaptability enables him to reach the end of his life
with a favorable outcome and having acquired adaptive pessimism,
which he survives to pass on to the next generation (even though
he started adulthood as the most dangerously optimistic brother).
Gabriel, on the other hand, is doomed by the peer influence of his
optimistic siblings during childhood and by his lack of sensitivity in
adulthood. This emphasizes the dual importance of pessimism and
sensitivity in navigating risk across the lifetime, with Roberto’s and
Gabriel’s failures serving as a cautionary legacy for Juan’s future
offspring. A population-level view is shown in Figure 3, which plots
the mean stakes of agents simulated coming out of juvenile learning
and at the end of their lifetimes for a fixed value of sensitivity (δ =
0.1). It shows how, as wealth buffers and environmental edges
decrease, agents start their lives with more overly optimistic risk
behavior, and thus require higher degrees of pessimistic adjustment
to get closer to the optimal stake. It also shows how high adversity
can lead to overadjustment, generating extreme levels of pessimism
that aid in safety but minimize any future growth (see i.e., middle
row, with ℵ = 0.5).

Cultural Inheritance: Using Information From Those
Who Came Before

We have so far ignored the value of information from previous
generations and the possibility of culturally inherited risk behavior
through the inheritance of beliefs. Yet there are good reasons to
expect such capacities to be adaptive. Elders from the previous
generation have already experienced the adult environment, and
have updated their risk preferences accordingly. When offsprings
are likely to face the same environmental uncertainty with the same
wealth buffer as their parents, attending to elder risk preferences at
the end of childhood could plausibly yield adaptive benefits. This is
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especially true for estimating one’s wealth buffer, which is impossible
for children learning only from peers and from their direct experi-
ences. Let us now consider the scenario where agents have access to
information from elders.
Imagine that our first generation of agents, which relied solely on

individual and peer learning, has given way to the next generation.
The old generation retires from productive activity, but they stick
around long enough to give advice to the new generation. For sim-
plicity, we assume individuals in this next generation inherit their
parents’ initial wealth buffer and undergo the same juvenile learning
period described above. We then add the possibility of a new learning
stage, elder influence, which we implement after juvenile learning but
before the gambling stage. While peer influence is about the social
reinforcement of immediate within-cohort juvenile experiences, elder
influence represents the conservative force of traditionalism.
We implement a blending inheritance process in which the focal

agent observes m randomly selected nonruined agents from the
previous generation (henceforth the elder learning set Hi), averaging
their belief distribution parameters and blending these averages into
her own belief distribution (with the strength of blending controlled
by the weight of elder influence). Elder-influenced agents thus effec-
tively incorporate a “conventional” previous-generation beliefs, in the
sense that they inherit the population average with some sampling
error. Note that, if m = 1, this is equivalent to the sort of unbiased
learning rule used in many cultural evolutionary models. We assume
that agents ignore elders who have gone to ruin, as their information
may be deemed low quality—this can be viewed as a sort of cultural

viability selection. The elder learning set Hi is thus formed by
samplingm elders from the population and “dropping” those with an
average growth rate of 0. If, by chance, an agent ends up sampling
only ruined agents, then no elder learning set is formed and no elder
influence occurs.

At the end of their juvenile period, agents begin adulthood with
estimates of the environmental edge drawn from two sources: in-
tragenerational exploratory learning (individual and peer learning)
and intergenerational conservative learning (elder influence). From
Generation 2 onward, agents at the end of their juvenile phase begin
adulthood with beliefs Γi, 0 that weight these two influences:

Γi, 0 = ΓP ′

i ∼Betaðai, 0, bði, 0, 0ÞÞ, (24)

where

ai, 0 = aPi + αi
1

jHij
X

h∈Hi

ah,T , (25)

and

bði, 0, 0Þ = bPi + αi
1

jHij
X

h∈Hi

bh, T , (26)

where h indexes individuals in i’s elder learning set Hi, |Hi| is its
cardinality (the number of elements in the set), and α ∈ [0, 1] is the
weight of elder influence, which determines how much agents rely
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Figure 2
A Tale of Three Brothers

Note. The trajectories of three brothers, Juan, Roberto, and Gabriel, illustrate the interplay between optimism,
sensitivity, and life outcomes under risk. Three agents were simulated going through the juvenile learning phase
and gambling phase with τ = 15, ε = 0.15, ℵ = 0.15, and β = 0.25 and sensitivities sampled from a uniform
distribution between 0 and 1. They then experience T = 100 rounds of gambling, adjusting their beliefs
accordingly. The ruin-free kelly stake from Equation 5 is plotted as a horizontal dashed line on the upper left
plot, while the optimal stake given by Equation 12 is plotted on the top-right plot, and ruin events are marked
with an X. See the online article for the color version of this figure.
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on intra- versus intergenerational learning. Both ah,T and bh,T rep-
resent elder h’s accumulated lifetime environmental impressions. We
refer to learning strategies that heavily rely on elder influence (α
close to 1) as more conservative, as they conserve the knowledge

accumulated by previous generations, and strategies that are less
reliant on this information asmore exploratory. A conservative learning
strategy essentially conserves generational information (“tradition”),
which can be appreciated by comparing Figure 4 with Figure 3.
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Figure 3
Mean Stakes Across the Lifetime

Note. Distributions of mean stakes (s̄) at the end of juvenile learning stages (gray) and at the end of
gambling (green) when agents have a social trauma response given by their sensitivity to peer ruin.
High risk of ruin scenarios (low-edge, low-wealth buffer) lead to a higher divergence between the
distributions, indicating higher optimism at the end of juvenile learning and, as a consequence, a
greater degree of acquired pessimism during the lifetime. N = 104 agents were simulated going
through the juvenile learning phase with τ = 10 and β= 0.15. They then experience T= 500 rounds
of gambling while sampling their belief distribution and adjusting their beliefs according to a
sensitivity of δ= 0.1. The optimal stake given by Equation 12 is plotted as a vertical dashed line for
each case. See the online article for the color version of this figure.

Figure 4
Mean Stakes Before and After Elder Influence

Note. Distributions of mean stakes (s̄) at the end of juvenile learning stages, before elder influence
(blue) and after inheriting elder beliefs (orange). Populations ofN= 750 agents were simulated with
T = 500, τ = 10, and m = 10, allowing learning strategies to evolve. See the online article for the
color version of this figure.
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The Dangerous Allure of Payoff Bias

Another form of demographic filtering can be implemented by
introducing an explicit payoff bias to cultural learning. For a payoff-
biased social learner, the higher the wealth of an observed elder,
the higher the probability of adopting their risk behavior. While payoff-
biased social learning can outperform unbiased learning if payoff is
reliably associated with the adoption of adaptive behaviors (McElreath
et al., 2013), payoff-biased learning can also be problematic for learning
risk behaviors in uncertain environments. This is because those agents
with the highest payoffs will tend to be those that made large gambles
and got lucky, even though most individuals gambling with similarly
optimistic stakes will experience ruin. By focusing on these rare suc-
cesses, agents using payoff-biased social learning may adopt exces-
sively optimistic risk behavior, exposing themselves to significant risks
of ruin (Baldini, 2012; van Tilburg & Mahadevan, 2020). On the other
hand, in a socioeconomically stratified society, success can act as a de
facto social marker for the wealthy classes, directing social learning to
targets of similar wealth (Smaldino & Pérez Velilla, 2025).
We implemented payoff bias in elder influence by assuming that

learners selectively learn from the agent in their elder learning set
with the highest average growth rate, ignoring the rest. Symbolically,
we denote by Li ∈ fUB, PBg the learning bias of agent i, with UB
being shorthand for unbiased blending and PB for payoff bias.

Environmental Change, Group Structure,
and Parochialism

In our baseline model, we have assumed that populations face
static environments, such that environmental edges do not change
across time, and wealth buffers are homogeneous within popula-
tions. However, environmental change is a reality that most, if not all
living populations contend with. In order to explore environmental
change, we introduce two environmental uncertainty parameters:
The probability of correlated change that affects the entire popu-
lation, λ, which we call aggregate uncertainty, and the probability of
individual environmental change, representing individual variation
in environmental conditions, which we call idiosyncratic uncer-
tainty, μ. At the beginning of every generation, a new environmental
edge for the whole population is drawn from a uniform(0, 0.5) dis-
tribution with probability λ, otherwise it remains the same as in the
previous generation. Each agent then samples a new local environ-
mental edge from a uniform(0, 0.5) distribution with probability μ.
Many populations also exhibit class stratification and other forms

of structural inequalities. Individuals may learn from elders within or
across class lines, though they can also be likely to exhibit a pref-
erence for their own social class (Smaldino & Pérez Velilla, 2025).
To model this preference, we add another behavior to the learning
strategy: parochial social learning (also called similarity-biased
social learning).Wemodel class stratification by creating two classes
of agents, each of which experiences a class-specific environmental
edge and initial wealth buffer. Agents are assigned an observable
class tag Ci ∈ {c0, c1}, which are represented in the population with
frequencies f and 1− f, respectively.We fix f= 0.5 for simplicity.We
use c0 to refer to the advantaged group (which has a higher ℵ that is
kept constant) and c1 to the disadvantaged group (which has a lower
ℵ that is allowed to vary). Parochialism is then implemented by a
binary variable Pi ∈ f0, 1g, so that if Pi = 1, an agent is parochial
and drops any sampled out-group members from its learning set.

Note that this implies an endogenous cost to parochialism, as
dropping learning models from learning sets leads to higher noise in
the inherited acquired social information or can even pose the risk of
empty learning sets (Smaldino & Pérez Velilla, 2025).

Cultural Evolution and Its Consequences

The model simulates cultural evolution through an evolutionary
algorithm in which learning strategies evolve based on fitness
outcomes across generations. For each generation G ∈ 1, : : : ,Gmax,
N agents are spawned. If G = 0, then every agent i samples a
learning strategies vector Li = ðαi, βi, δi,Li,PiÞ uniformly from
their respective ranges or sets and is assigned a class tagCi. If G > 0,
agents inherit their learning strategy vectors from previous-generation
agents (see below) and sample a class tag without replacement from a
previous-generation individual, such that the initial class tag distri-
bution is kept constant throughout the run.

Generation G agents then go through the stages of juvenile learning
and adult gambling described above, updating beliefs and payoffs
accordingly. For every time period t in the adult gambling phase,
nonruined agents are scheduled at random to make a bet by taking a
sample of their belief distribution and immediately update their beliefs
depending on the outcome. After all agents have done their betting
within the time period, nonruined agents check for newly ruined peers
in their learning sets and do pessimistic adjustment according to their
sensitivity to peer ruin. Only then does the population move to the
next time period of the adult gambling stage.

At the end of the lifetime (t= T), the fitness of generation G agents
is calculated:

F i = exp
#
gi,T − gi, 0

T

$
, (27)

and normalized into weights:

Wi =
F iPN
j=1 F j

, (28)

for ever agent i. N generation G + 1 agents are then initialized,
sampling their learning strategies (each component independently,
using fitness weights) and class tags (uniformly, without replace-
ment) from the now-inactive generation G agents. For all contin-
uous learning strategy components Li,j in agent i’s strategy vector,
the agent independently samples a new continuous learning strategy
uniformly from the [0, 1] interval to replace the one inherited from
the previous generation with probability md. For discrete learning
strategies, a random learning strategy from the feasible set replaces
the inherited one with probability md.

After the new generation goes through juvenile learning and updates
their beliefs using elder information, generation G agents are retired.

Numerical results throughout the article are obtained using scripts
written in the Julia programming language (Bezanson et al., 2012),
with individual-based simulations assisted by the Agents.jl package
(Datseris et al., 2022). All simulation code and data as well as a Pluto
notebook (Perkel, 2021) that can generate the plots in the article can
be found at https://github.com/datadreamscorp/PessimisticLearning
(Pérez Velilla et al., 2025b). For all results, 25 randomly seeded sim-
ulation runs were performed per parameter combination. Simulations
were run for 2,500 generations in order to obtain evolutionary equilibria.
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All fixed model parameters, along with their default values used in our
simulations, are listed in Table 1.

Analyses and Results

To aid in understanding, we present the results of our analyses in a
stepwise manner. We begin by considering populations with fixed
wealth buffer and environmental edge in unchanging environments,
for which we evaluate the types of learning strategies that evolve.
We then consider time-varying environments, characterized by both
aggregate (correlated) and idiosyncratic (uncorrelated) environ-
mental change. Next, we consider stratified societies in which social
classes can vary in their wealth buffers, and examine the how
learning strategies diverge, including in the parochial use of class
markers. Finally, we turn our focus from social learning to the
resulting patterns of risk behavior themodel produces, including how
deprivation leads to the coexistence of risk avoidance and extreme
risk tolerance, how risk tolerance declines over the lifespan, and how
environmental change can lead to the emergence of generational
“poverty traps” among disadvantaged populations and social classes.

The Evolution of Learning Strategies in
Static Environments

We first consider the case where environments do not change,
either globally or locally, and so λ, μ = 0. Instead of reporting the
raw peer influence weight β, we report the weighted peer influence
β̂ = ð1 − αÞβ, in order to focus results not only on the intensity of
peer influence but also of its overall contribution to beliefs.
As wealth buffers (ℵ) increase from low to high, elder influence (α)

generally remains high across the range of wealth buffer, only declining
significantlywhen environmental edges are high (Figure 5D).Under low-
to-moderate wealth buffers, relying on the accumulated knowledge of
previous generations allows populations to avoid repeated missteps,
stabilizing risk behaviors and preventing ruin. Under high-wealth buffers,
the value of elder influence diminishes, as younger generations can more
easily discover successful strategies on their own without risking ruin.
When the environmental edge is low and wealth buffers are

limited, populations are not helped by either peer influence (β̂) or
payoff-biased social learning (Figure 5, Plots A and C), because peer

influence leads to the “overfitting” of beliefs to juvenile environments
(or, equivalently in the case of static environments, longer juvenile
periods), and payoff bias often involves emulating previous-gener-
ation individuals who were merely lucky rather than genuinely well-
adapted. By contrast, when wealth buffers and environmental edges
are large, the cost of being wrong decreases, juvenile environments
resemble adult environments more, and individuals are luckier
throughout life. Under these more forgiving conditions, both peer
influence and payoff bias become viable in low intensities/fre-
quencies. In other words, strong wealth buffers and environmental
edges transform peer influence and payoff bias from reckless strat-
egies into lower stakes gambles. It is important to note that these are
the same conditions in which elder influence decreases, so the effects
of payoff bias are modest and the effects of peer influence are
stronger. Also, payoff bias is always a high-risk choice for learning
about risk behavior, and it is fittingly never adopted by a majority of
the population in wealth-homogeneous societies (Figure 5C).

At low-wealth buffers but relatively high environmental edges,
there is a sharp transition from high reliance on elder influence to
almost none, with peer influence also remaining low, but sensitivity
(δ) experiencing a precipitous comeback. In other words, agents rely
on individual exploration while keeping a high sensitivity to peer
ruin (Figure 5B). When the high environmental edge favors gam-
bling but individuals start close to the point of ruin, it is favorable to
start life optimistic, while the high risk of ruin is attenuated by a high
sensitivity.

While payoff bias evolves to remain relatively low under risky
conditions, it increases slightly under the deprivation of very low-
wealth buffers and environmental edges (ℵ, ε ≪ 1 ), where high
elder influence also makes its effects considerable among payoff-
biased individuals. This is due to the fact that in these extremely
impoverished conditions, some lucky individuals who adopted
payoff bias and proceeded to use overly optimistic high stakes did
not experience ruin and thus achieved significantly higher growth
rates than the median surviving individual, who played it safe. These
reckless individuals in turn have a disproportionate, albeit still
limited, cultural evolutionary contribution to the learning strategies
of the next generation. While most of the contribution to the next
generation’s learning strategies will still come from individuals that
played it safe and used non-payoff-biased learning, the high payoffs
of the very few surviving reckless individuals allow them to leave a
cultural imprint on the following cohort. In these scenarios, most of
the population will exhibit high risk avoidance, but there is a stable
fat tail of payoff-biased, highly risk tolerant agents (see Figure 6B).
In other words, in deprived populations, individuals who take
extreme risks can perpetuate a maladaptive cycle of catastrophic risk
tolerance, because a few of them get lucky and exhibit payoffs that
are much higher than those of the median cautious individual, even
if most individuals who take these risks end up ruined.

The Evolution of Learning Strategies Under
Environmental Change

Real-world environments change, and it may be difficult or
impossible to know when or how often changes will occur. Here, we
repeat the analyses of the previous subsection while allowing for
environmental change. Based on well-known differential effects on
social behavior when risks are correlated versus uncorrelated among
members of a population, we consider the separate contributions of
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Table 1
Default Fixed Parameter Settings for Evolutionary Dynamics

Parameter Description Default

Population
parameters

VB Absorbing boundary 1
N Population size 750
T Duration of gambling phase (time periods) 500
τ Number of risk-free juvenile samples 10
n Number of peers sampled during learning 10
m Number of elders sampled (Generation 2+) 10
f Relative frequency of class c0 1

Evolutionary
parameters

Gmax Number of generations 2,500
mc Mutation rate for continuous strategies 0.001
σc Standard deviation of Gaussian mutation

noise
0.01

md Mutation rate for discrete strategies 0.01
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aggregate uncertainty (λ > 0) and idiosyncratic uncertainty (μ > 0),
as defined in the previous section. The results of these analyses are
presented in Figure 7.
In environments with high-wealth buffers, elder influence decreases

due to elder knowledge becoming obsolete when the aggregate envi-
ronment changes. However, we find that elder influence remains at
high levels when wealth buffers are low, regardless of whether or how
environments change (Figure 7, RowB). This occurs because it is more
important to avoid ruin during difficult periods than it is to grow during
favorable times, and high elder influence allows for the uninterrupted
transmission of risk avoidance throughout generations. As wealth
buffers increase, elder influence can only remain high in an increasingly
smaller region of environmental stability. This is consistent with pre-
vious theoretical results of Deffner and McElreath (2022), who studied
an age-structured evolutionary model of social learning without risk,
and found that learning from elders becomes favored as environments
increase in temporal stability. Their results can thus be seen as
equivalent to ours in the limit of no risk (ℵ → 1).
Consistent with our results from static environments, low-wealth

buffers select against peer influence and payoff-biased learning. Peer
influence can increase as wealth buffers and aggregate uncertainty
increase, as peer influence aids in the rapid adaptation to new con-
ditions. This occurs as long as environmental change is sufficiently
correlated among individuals, otherwise the value of peer information
diminishes. Payoff bias is only favored when wealth buffers are very
high and increases with aggregate uncertainty (and again, its effects are
muted by the low amounts of elder influence that evolve in these
settings). At high enough idiosyncratic uncertainty, peer influence and
payoff bias disappear, consistent with classic results showing that
the evolution of social learning is not favored under idiosyncratic

environmental change, such as that induced by highmigration (Boyd&
Richerson, 1985; Figure 7, Rows A and D).

Sensitivity to peer ruin remains high under most conditions, even
when other forms of social learning are selected against (Figure 7, Row
C).While its strength is higher at lowerwealth buffers, being sensitive to
the losses of peers remains useful across the wealth buffer spectrum as a
form of pessimistic social learning in the face of risk. At low-wealth
buffers, high elder influence accompanies high sensitivity, while at
intermediatewealth buffers the conditions that favor high elder influence
allow sensitivity to peer ruin to relax to lower levels. With large wealth
buffers, sensitivity decreases the most when idiosyncratic uncertainty is
present but mild enough so that only a minority of individuals deviate
from aggregate environments. This is because reacting too intensely to
the harsh conditions that only a minority might be experiencing ex-
periences can hurt growth. However, as idiosyncratic uncertainty in-
creases, sensitivity to peer ruin returns to high values, while all other
forms of social learning decrease to minimal values. Under high idi-
osyncratic uncertainty, pessimistic social learning strategies like sen-
sitivity to peer ruin can dominate by virtue of their general ability to
promote safely risk avoidant behavior.

The Evolution of Parochial Learning Strategies Under
Class Inequality

To explore the effects of structural socioeconomic heterogeneity,
we introduced class structure into the population. We operationalize
this by dividing the population into two classes that differ in their
wealth buffers, reflecting systematic inequalities in resource access
and stability. We refer to the class with the higher wealth buffer
as advantaged, and to the class with the lower wealth buffer as
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Figure 5
Optimal Learning Strategies Under Static Environments

(A)

(C) (D)

(B)

Note. Panel A: Elder influence-weighted peer influence. Panel B: sensitivity to peer ruin. Panel C:
frequency of payoff bias. Panel D: weight of elder influence. Median learning strategies after 2,500
generations. Wealth buffers (ℵ) are varied from 0.05 to 0.95 in steps of 0.05, while environmental
edges (ε) are varied from 0.55 to 0.95 in steps of 0.01.
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disadvantaged, reflecting their relative positions. This introduces
another form of environmental heterogeneity, in the sense that
individuals from different classes may be able to incur very dif-
ferent amounts risk, even if they face similar environmental edges.
We allow for the evolution of parochialism, whereby agents

preferentially learn from their own class and ignore information from
out-group members. Figure 8 shows the evolutionary outcomes for
payoff-biased and parochial social learning, as well as the other traits
related to learning, among each of the two classes in a stratified
population. We limit our analysis to two class groups of equal size
( f = 0.5). The red heatmaps on the left represent the optimal learning
strategies of the advantaged group (c0), while the blue heatmaps on
the right represent those of the disadvantaged group (c1). We explore
learning differences between groups under both aggregate and idio-
syncratic uncertainty and plot results for a case of extreme inequality
(ℵc0 = 0.95, ℵc1 = 0.05) to create stark contrast between conditions
faced by each class. For these analyses, we expand population size to

N= 1,000 and use n=m= 20. In the SupplementalMaterial, we show
that lowering the degree of inequality (by increasing the wealth buffer
of the disadvantaged group) attenuates these patterns in a predictable
manner.

Overall, the results for the evolution of peer influence, elder
influence and sensitivity are coherent with our previous results for
nonstratified societies. Disadvantaged groups are highly sensitive,
rely primarily on elder influence, and eschew payoff bias and peer
influence. In advantaged groups, we observe a severely reduced
reliance on elder influence and find that sensitivity decreases while
peer influence and payoff bias increase with aggregate uncertainty,
but these effects are undermined at high levels of idiosyncratic
uncertainty (Figure 8, Rows C–E).

Previous work has shown that reliance on parochial cues limits
the integration of out-group information, which can be adaptive if
behavioral strategies that adaptive for one group are suboptimal for
another (Smaldino & Pérez Velilla, 2025). We recover this pattern in
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Figure 6
Deprivation Leads to Skewed Stake Distributions

(C)

(B)(A)

Note. Panel A: Distributions of mean lifetime stakes (s) at T= 2,500 for different combinations of wealth buffers and environmental edges.
Vertical dashed lines indicate the approximate Kelly stake given by Equation 12. Panel B: Nonmonotonic pattern exhibited by payoff bias
that at low-wealth buffers drives the expansion of a long tail of risk-takers. Panel C: Median lifetime stakes (solid lines) are plotted with a
shaded region representing the area bounded by the 5% and 95% quantiles. Plotted for static environments (λ, μ = 0). See the online article
for the color version of this figure.

14 PÉREZ VELILLA, BEHEIM, AND SMALDINO

https://doi.org/10.1037/rev0000599.supp


the current results, where the disadvantaged group evolves a high
frequency of parochial social learning in order to avoid acquiring
the beliefs and thus the riskier behavior of the advantaged group
(Figure 8, Row A, right). When idiosyncratic uncertainty is low, the
advantaged group evolves only moderate levels of parochial social
learning. This is due to two factors. First, there is an asymmetry
regarding optimal stake under the risk–reward trade-off:
Overshooting it is much worse than undershooting it, so ad-
vantaged individuals who learn from disadvantaged individuals
face less severe consequences than do disadvantaged individuals
who learn frommembers of the advantaged class. Second, because
they can risk more and thereby experience higher growth rates,
individuals from advantaged groups will enjoy higher payoffs,
which allows payoff bias to act as a de facto parochial learning
strategy for the advantaged group. As idiosyncratic uncertainty
increases, however, there is a sudden shift to much higher
parochialism among the advantaged group (Figure 8, Row A, left).

Because both peer influence and payoff bias become obsolete as
idiosyncratic uncertainty increases, sensitivity to peer ruin be-
comes the main strategy for narrowing down belief distributions
and stabilizing stakes during the lifetime. This prompts a sudden
increase in parochialism accompanied by a modest increase in
sensitivity, as it becomes important for advantaged individuals to
only react to the ruin of their fellow wealthy group members.
Idiosyncratic uncertainty thus incentivizes members of an ad-
vantaged group to rely primarily on individual exploration and
to be moderately sensitive only to the ruin of their own group
members (Figure 8, Rows A and C, left).

The Effects of Evolved Learning Strategies on
Risk Behavior

So far, we have focused on how risk and uncertainty affect
the evolution of optimal learning strategies under different
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Figure 7
The Effects of Environmental Change on Learning Strategies

(A
)

(B
)

(C
)

(D
)

Note. Panel A: Elder influence-weighted peer influence. Panel B: weight of elder influence. Panel
C: sensitivity to peer ruin. Panel D: payoff bias frequency. The evolution of optimal learning
strategies under aggregate (λ) and idiosyncratic (μ) uncertainty for low, intermediate and high values
of ℵ. Median values for learning strategies are plotted as both μ and λ are varied from 0 to 1 in steps
of 0.05. Initial environmental edges are sampled uniformly at random from the interval (0.0, 0.5).
The color scale goes from 0 (white) to 1 (black) for all strategies, in the same fashion as Figure 5.
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environmental and socioeconomic conditions. We now turn our
attention toward the patterns of risk behavior that these learning
strategies produce. We will show how our model can generate and
explain the shape of risk behavior distributions under deprivation,
the decrease of risk tolerance during the lifetime, and the emergence
of “poverty traps” as cultural evolutionary mismatch under histories
of high risk that incentivize high traditionalism.

Deprivation Leads to a Population-Level Pattern of Both
Extreme Risk Avoidance and Extreme Risk Tolerance

Under conditions of severe deprivation, where wealth buffers are
minimal (ℵ = 0.05), populations evolve toward a distribution of
risk behaviors that is highly skewed (Figure 6A). Most individuals
converge on extremely low stakes, avoiding nearly all risk, as even a
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Figure 8
Effects of Class Inequality and Parochialism on Learning Strategies and Risk Behaviors

(C
)

(D
)

(E
)

(B
)

(A
)

Note. Panel A: Similarity bias/parochialism. Panel B: payoff bias frequency. Panel C: sensitivity
to peer ruin. Panel D: weight of elder influence. Panel E: elder influence-weighted peer influence.
Two classes, c0 (red) and c1 (blue), face distinct wealth buffers ℵc0 = 0.95 and ℵc1 = 0.05.
Populations are initialized with f = 0.5. Each panel shows median evolved social learning strategy
values for combinations of aggregate (λ) and idiosyncratic (μ) uncertainty values, which are varied
from 0 to 1 in steps of 0.05. Initial environmental edges are sampled uniformly at random from the
interval (0, 0.5). See the online article for the color version of this figure.
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small gamble could lead to ruin. Yet, a minority of individuals—
those who learn from individuals with incidental early successes
or anomalous circumstances—adopt disproportionately high stakes,
demonstrating extreme risk tolerance. This asymmetry emerges
because under deprivation, conservative strategies dominate but
occasional outliers can still achieve and maintain high-risk beha-
viors if they survive early hazards, and their high growth rates can
lead to cultural evolutionary contributions to the next generation
when they occur in an environment dominated by small-growth
risk avoiders. The acquisition of risk tolerant behavior under low-
wealth buffers is afforded by payoff-biased learning, so it is the
payoff-biased individuals that compose this long tail of cata-
strophic optimism.
While most of the individuals who acquire highly risky stakes

through payoff bias go to ruin, those who do not earn payoffs that
eclipse those of the median individual. This leads to dispropor-
tionate cultural evolutionary contributions to the next generation,
which generates a significant fraction of payoff-biased individuals in
the next generation who go on to repeat the maladaptive cycle of risk
tolerance acquisition. The result is a stable population distribution
composed primarily of extremely cautious risk avoiders with a
conspicuous tail of payoff-biased optimists.

Risk Tolerance Declines Throughout the Lifetime

Figure 9 illustrates how agents adjust their stakes over the course
of their adult lifetimes for three different wealth buffer values. Each
trajectory shows the average proportional change in stake relative to
the starting level (Δs), providing insight into how agents dynami-
cally modulate their risk-taking behavior as they gain experience.
Stakes show a decreasing tendency throughout the lifetime, in a way
that is mediated by both wealth buffers and the availability of elder

information. Higher wealth buffers and availability of elder infor-
mation attenuate the decrease in stakes, which has straightforward
mechanistic explanation: Under high-wealth buffering, there is less
risk of ruin overall and juvenile environments resemble adult en-
vironments more, making pessimistic adjustment less necessary.
When elder information is present, individuals start adulthood
already pessimistically adjusted, which reduces the need for further
adjustment.

Generational Trauma and Poverty Traps as Cultural
Evolutionary Mismatch Under Histories of High Risk

We have seen how high risk, particularly that which comes from
having low-wealth buffers, leaves little margin for error in terms of
the stakes agents can adopt and still avoid ruin. In such environ-
ments, agents tend to develop highly conservative strategies that are
effective in preventing catastrophic losses but simultaneously restrict
opportunities for wealth accumulation and growth. This behavior,
deeply ingrained through generations of navigating harsh conditions,
creates a cultural legacy that can persist even when the environment
becomes less perilous.

Figure 10 illustrates these dynamics. We simulated three different
populations with varying wealth buffers and all with a fairly small
environmental edge and allowed each to evolve social learning
strategies for risk behaviors attuned to their particular conditions.
We then induced an environmental change that placed each pop-
ulation in an identical, highly favorable environment (ℵ = 0.95, ε =
0.45). Prior to the induced environmental change (marked by the
vertical dashed line), populations with lower wealth buffers con-
sistently display lower median stakes over their lifetimes compared
to those with higher buffers. This disparity is not merely a con-
sequence of immediate resource limitations but reflects the inherited
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Figure 9
Average Proportional Change in Stake Throughout Adulthood

(A) (B)

Note. Panel A: Life trajectory without access to elder infromation. Panel B: life trajectory with
access to elder information. Change is relative to initial levels at the end of juvenile periods under
varying wealth buffers, with 1.0 indicating no change. Elder influence was either turned off (α = 0;
left) or allowed to evolve (right). Each line corresponds to a different wealth buffer (ℵ) and shows
how the average stake changes as agents progress through their adult lifetime (T = 500 periods).
Stake trajectories were averaged acrossN= 750 individuals per condition, and environmental edges
were fixed at ε = 0.15. See the online article for the color version of this figure.
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risk-averse strategies that evolve under chronic high-risk conditions.
After the shift to equalized conditions, conservative behaviors
can persist in the previously disadvantaged groups, as the cultural
imprint of past risk continues to shape decision-making even after
the environment has improved.
This persistence highlights a critical aspect of what we might term

cultural evolutionary mismatch (cf. Nunn, 2022) and its relationship
to what is usually referred to as generational trauma. The decision-
making frameworks that once maximized survival under high-risk
conditions lead to lagging adaptability when the potential rewards of
taking higher risks increase. The slow recalibration of these cultural
strategies may keep populations in a state of underinvestment and
missed opportunities for generations. However, we stress that this
mismatch is not a “trap” in the self-reinforcing sense that keeps a
population in a suboptimal equilibrium, but rather an evolutionary
lag in which the persistence of highly conservative learning strat-
egies (including parochial learning in stratified populations) after
population shocks effectively slows down the speed of adaptive
cultural change. With enough time, populations are, ceteris paribus,
expected to reach an adaptive equilibrium state.

Discussion

We developed a cultural evolutionary model to explore how
risk behaviors in particular domains emerge from the interplay of
risk–reward trade-offs, individual life experiences, cultural inheri-
tance, and environmental conditions. Our framework highlights
the importance of wealth buffers, environmental edges, and social
learning strategies—encompassing juvenile exploration, peer influ-
ence, elder influence, payoff bias, and parochialism—in shaping the
development and transmission of risk behaviors. By simulating how
learning strategies evolve over multiple generations, we have gen-
erated insights into how cultural processes can generate variation in

domain-specific risk behaviors within and between populations as
well as across socioeconomic strata.

Explanations and Testable Predictions

By studying this multilevel process of developmental and cul-
tural adaptation, we obtain a unified explanation for observed
differences in risk behaviors across developmental stages, socio-
economic strata, environmental conditions, and cultural contexts.
In decision-making domains that involve risk–reward trade-offs
and incomplete information, individuals tend to develop pessimistic
risk beliefs at lower wealth buffers (high risk) which are obtained
through high reliance on information from previous generations and
observations of peer ruin, while optimistic risk beliefs are developed
at high-wealth buffers (low risk) which are facilitated by more
exploratory learning strategies like individual and peer learning. This
logic translates to within population dynamics in socioeconomically
stratified societies, where cultures of caution, conservative learning
patterns and risk avoidance, will tend to be promoted among at-risk
subpopulations, while cultures of exploratory learning and risk tolerance
will generally promoted among the wealthy and buffered. In cultural
evolutionary terms, higher wealth buffering weakens selection for any
single source of information, allowing individuals to be more “playful”
with the way they learn about the world. And when environments
change from generation to generation, these exploratory forms of
learning can even provide an adaptive advantage.

Sensitivity to peer ruin, whereby individuals adjust their own risk
behaviors when they observe the losses of others, evolves as a
psychological mechanism for balancing risk-taking and caution by
increasing pessimism throughout the lifetime, but can also leave agents
prone to extreme risk avoidance, especially in high risk settings. Since
a high sensitivity to peer ruin is favored in very adverse environments,
individuals are able to adjust their beliefs and attitudes quickly, but
also run the risk of responding too strongly to observed ruin, leaving an
overly pessimistic imprint that can be passed down to new generations.
When environmental conditions change between generations, sensi-
tivity to peer ruin remains adaptive across the risk spectrum. The
success of riskier learning strategies like peer influence and payoff-
biased learning depends on how useful social information is they see
support in environments that change in an aggregate manner (cor-
related across individuals) but they are undermined by idiosyncratic
environmental changes (uncorrelated across individuals). This leads to
a life trajectory in which individuals in both deprived and wealthy
conditions tend to be optimistic at the start of adulthood and become
more pessimistic throughout their lifetimes. In deprived settings,
juvenile optimistic risk behaviors can be adjusted through both strong
elder influence and by sensitivity to peer ruin when observing peers go
to ruin. In wealthy settings, individuals face much less pressure to
becomemore risk avoidant but still do so to some degree by reacting to
observed peer ruin.

Under conditions of severe deprivation, populations can develop
a highly skewed risk culture, in which most individuals become
highly conservative in their learning and pessimistic in their risk
behaviors, while a small minority adopt a maladaptive payoff bias
that fosters extreme optimism (i.e., high risk tolerance), driven by
rare outlier successes that disproportionately influence cultural norms.
This mirrors empirical findings of high proportions of risk-taking in
marginalized groups despite widespread caution (Banerjee, 2000; de
Courson et al., 2025) and is a candidate explanation for why extreme

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

Ps
yc
ho
lo
gi
ca
l
A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

A
ll
ri
gh
ts
,i
nc
lu
di
ng

fo
r
te
xt

an
d
da
ta

m
in
in
g,

A
I
tr
ai
ni
ng
,a

nd
si
m
ila
r
te
ch
no
lo
gi
es
,a

re
re
se
rv
ed
.

Figure 10
Median Stakes Before and After Environmental Changes

Note. Median stakes across the lifetime in three populations that differ in
wealth buffer, all with environmental edge ε = 0.15. Vertical gray lines
indicate the end of a generation and the start of a new one, while the vertical
dashed line indicates an induced change in which all populations suddenly
experience equally advantaged conditions (ℵ = 0.95, ε = 0.45). Runs were
done by allowing populations to converge for 2,500 generations with λ = 0
and μ = 0.1 before fixing environmental edges to the values indicated in the
figure. See the online article for the color version of this figure.
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high-risk behaviors, such as criminal behavior, appear dispropor-
tionately (although still rarely) in materially deprived populations. In
these settings, while most people who learn from high-payoff in-
dividuals (and thus take large risks) face almost certain ruin, a very
small number “luck out” and experience significant wealth growth.
This growth can be massive relative to most nonruined individuals in
deprived settings and provides a dangerous allure for future generations
of learners, who observe a highly skewed wealth distribution among
their elders. As a result, while most individuals in the next generation
choose the route of caution, a substantive minority can be influenced to
adopt payoff-biased social learning, leading to recklessness.
Finally, when structural inequality is introduced in the form of

group differences in wealth buffering, learning strategies diverge
along class lines. Wealthy, better-buffered groups who adopt more
exploratory learning (leading to greater risk tolerance), will also face
incentives to adopt payoff bias in higher numbers as a parochial
strategy, reinforcing their advantage. On the other hand, disadvan-
taged groups become even more reliant on conservative strategies
and evolve more parochial learning cultures (in which information
from out-group individuals is actively disregarded). This divergence
in learning strategies can drive the maintenance, and even further
exacerbation, of inequality in both risk behaviors and wealth, leading
to “poverty traps” that can persist for generations.
The main testable predictions of the model can be summarized as

follows:

1. Individuals start adulthood with more optimistic risk
attitudes (higher risk tolerance), which tend to become
more pessimistic (risk avoidant) over the lifespan. This
shift results from accumulating personal experience and
observing peer failures (sensitivity to peer ruin).

2. Individuals exposed to higher early-life adversity will
exhibit:

• Shorter periods of exploratory learning,

• Greater reliance on intergenerational (conservative)
learning, and

• Greater sensitivity to peer ruin.

3. Individuals vary in how much they adjust their risk
preferences after observing peer failures, and this “sensitivity
to peer ruin” is predictive of long-term conservatism in risk-
taking.

4. Exposure to repeated peer or community ruin leads to
overupdating toward pessimistic beliefs, even when
current conditions no longer warrant caution. This
overupdating creates long-lasting conservatism (genera-
tional trauma) that can be passed culturally.

5. Greater wealth (or perceived buffering) increases openness
to exploratory learning and risk tolerance; low wealth
promotes conservative learning.

6. In environments of high inequality and high adversity, a
small minority of individuals will be disproportionately
influenced by highly successful (but rare) models, leading
to excessive risk-taking.

7. Individuals from disadvantaged backgrounds will exhibit
more parochial learning preferences (preference for in-group
role models) due to the poor fit of out-group information.

8. Individuals who experience ruin or observe many ruin
events become more resistant to updating even under
improved conditions.

Conservative Versus Exploratory Learning in Risky
Environments

Coming from a wealthy family and/or having access to robust
societal safety nets allows individuals to take more risk, and thus to
achieve higher lifetime growth, while keeping the risk of ruin low.
Our analysis shows that when environments pose significant risks of
ruin (due to low-wealth buffers and/or uncertain payoffs), conser-
vative learning strategies—characterized by high reliance on elder
influence and low payoff bias—are generally favored. These con-
servative strategies curb overly optimistic risk-taking and help pre-
vent catastrophic losses. They transmit accumulated knowledge about
environmental hazards across generations, producing cultural inertia
that can stabilize risk-averse attitudes. Such conservatism is adaptive
in the sense that it prioritizes survival and avoids ruin, especially when
a single miscalculation can have irreversible consequences.

In particularly deprived conditions, individuals tend to start
adulthoodwith optimistic risk behaviors that quickly crash after they
witness their (similarly optimistic) peers experience ruin, leading to
the development of high risk avoidance soon after exposure to real-
life risks begins. However, groups under extreme deprivation also
produce a small but stable proportion of extreme risk-takers, of
which some (even fewer) lucky ones will enjoy great relative success,
and who proceed to have significant cultural contributions to the next
generation. These resultsmirror the empirical results of de Courson et al.
(2025) and provide a mechanistic explanation for them: In poverty,
those individuals who take extreme risks tend to fail spectacularly, but
a few of them will attain payoffs that are so high relative to other
individuals in the population that they manage to culturally influence a
small but significant proportion of the next generation. In accordance
with the suggestions of de Courson et al., this pattern can explain why
extremely risky behaviors, such as property crime, are disproportionally
observed in impoverished populations even though most individuals in
this category are likely to be extremely risk averse (de Courson et al.,
2025), as well as why these behaviors tend to occur more often in
impoverished juveniles (Whitbeck & Simons, 1993).

Conversely, when wealth buffers are large and environmental
conditions are more forgiving, agents can afford more exploratory
and diversified learning strategies. Low-risk juvenile exploration
and peer influence becomemore impactful, and the costs of mistakes
diminish. Under these conditions, risk-taking becomes a viable
strategy for achieving greater wealth growth, and agents exhibit a
higher stability in their risk behaviors throughout their lifetime
(Leonard & Sommerville, 2024). Elder influence remains useful but
is likely to decline in importance as newer generations learn to
navigate the environment effectively on their own. If environments
change frequently, elder influence may become maladaptive at high-
wealth buffers while remaining useful for those at low-wealth buffers
due to how wealth constrains exploration. Moreover, payoff bias
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emerges as a “luxury of the rich,” enabling agents in affluent con-
ditions to imitate rare high performers, thereby amplifying success
stories and fostering greater tolerance for risk, even when not widely
adaptive. Elon Musk famously goes “all in” on every hand of Texas
Hold ‘Empoker (Isaacson, 2023). This strategy, described in glowing
terms by economic elites and elite aspirants, works because Musk,
due to his obscene wealth, can always buy more chips; emulating his
strategy would be catastrophically foolish for most people.
It is important to clarify that our model predicts that risk tolerance

increases with perceived wealth buffering rather than with absolute
income or national wealth per se. This distinction is important when
interpreting cross-national comparisons of risk preferences. Large-
scale studies such as Rieger et al. (2015), Falk et al. (2018), and
l’Haridon and Vieider (2019) suggest that individuals from wealthier
countries tend to be more risk averse, but these patterns are difficult to
interpret due to issues of confounding. Both Rieger et al. and l’Haridon
and Vieider’s data sets are based on university students, who in poorer
countries are more likely to be drawn from relatively privileged strata.
Falk et al.’s study, which uses more representative samples, finds no
robust relationship between income and risk attitudes once broader
heterogeneity is considered. In fact, within-country analyses do support
a positive relationship between income and risk tolerance. For instance,
Vieider et al. (2019) found a negative correlation between risk aversion
and income in Vietnam, while Vieider et al. (2018) reported that in
Ethiopia, higher income, job stability, and other local economic security
indicators (proxies for thewealth buffer, in the article treated as “income
proxies”) are associated with greater willingness to take risks—
consistent with our core prediction that increased buffering enables
exploratory behavior. Apparent contradictions between macrolevel
and microlevel patterns can also stem from how local environments,
institutions, and life histories shape subjective perceptions of security
and buffering (Di Falco & Vieider, 2022; Weber & Hsee, 1998). For
example, households in agrarian economies may report low income
while enjoying robust informal safety nets, whereas urban households
in wealthier nationsmay face greater precarity due toweaker social ties
despite higher income at the time of the study. Studies focusing solely
on income—without accounting for these contextual factors—can
therefore produce misleading conclusions. A more accurate approach
to identifying country-level differences in risk behavior would be to
compare the strength of the within-population correlation between
wealth buffer proxies and risk preferences across countries. Measures
of consumption smoothing capacity in response to shocksmay serve as
better proxies for effective wealth buffering than income alone or
aggregate indicators such as GDP.
While the current model is not gender-specific, it offers a useful

lens for interpreting observed gender differences in risk attitudes. If
women, on average, perceive themselves to be less buffered against
adverse outcomes—due to structural inequalities, life history con-
straints, or differences in access to resources and social capital—
then our model predicts they will favor more conservative learning
strategies and develop greater risk aversion. This interpretation is
consistent with extensive empirical findings showing lower risk
tolerance among women (Borghans et al., 2009; Eckel & Grossman,
2008) and suggests that such patterns may emerge not from intrinsic
preferences, but from adaptive responses to different developmental
and environmental contexts (Schubert et al., 1999). Extending the
model to incorporate gender-specific trajectories represents a potential
avenue for future work.

Our results are also compatible with a growing empirical liter-
ature on the intergenerational transmission of risk behaviors and the
role of socialization and investment in their formation (Dohmen et
al., 2012; Zumbuehl et al., 2013). Since even a small degree of elder
influence is adaptive in a wide variety of wealth buffer scenarios,
our model implies that significant intergenerational transmission of
risk behaviors is to be expected across a wide variety of human
populations. But we also provide hypotheses regarding the strength
of elder influence as wealth buffers change under different forms
of environmental uncertainty, which can serve as explanations for
observations of stronger elder influence in populations with lower
wealth buffering (Sepahvand & Shahbazian, 2017, 2021; Wolff,
2020) relative to populations with higher wealth buffering (Arrondel,
2013; Dohmen et al., 2011; Necker&Voskort, 2014; Shore, 2011), or
in recent immigrant groups in wealthy nations relative to the broader
population (Mesoudi et al., 2016), providing possible directions for
cross-cultural empirical testing.

Early Adversity, Generational Trauma, and the
Importance of (Socially) Learning From Failure

Ourmodel clarifies how cultural inheritance interacts with individual-
level development and environmental adversity to produce changing
risk behaviors over the lifespan (Amir et al., 2018, 2020;Amir& Jordan,
2017). Juveniles start off optimistic, benefiting from low-risk explo-
ration and peer learning that shields them from the immediate con-
sequences of overbetting. As they transition into adulthood, observing
peers who face ruin leads to increased sensitivity and more cautious,
pessimistic risk behavior—especially in harsher environments. This
pattern is coherent with the idea that early adversity can accelerate the
shift from exploratory to exploitative behavior (Frankenhuis & Gopnik,
2023; Gopnik, 2020) and aligns with empirical findings that childhood
hardship can result in greater risk aversion later in life (Leonard &
Sommerville, 2024; Malmendier & Nagel, 2011).

Our model shows that pessimistic adjustment can be adaptive at
a population level, even if at an individual level it can lead to cases
of overadjustment and extreme risk avoidance. Sensitivity to peer
ruin can be adaptive at the population level, allowing individuals to
pull back overly optimistic risk behaviors, but it can also lead to
some agents becoming “traumatized” (extremely risk averse) due
to unfortunate combinations of high sensitivity and witnessing too
much ruin. Deprived populations and individuals in highly adverse
environments (such as war zones and areas experiencing ecological
catastrophe) will be more prone to experiencing cases of trauma, as
individuals in these conditions need to be highly sensitive to adjust
their risk behaviors as quickly as possible. This makes sensitivity to
peer ruin a possible evolutionarymechanism behind culturallymediated
psychological trauma responses, such as post-traumatic stress disorder
and its social components (Bayer & Shtudiner, 2024; Huh et al., 2016;
Kim&Lee, 2014; Ruderman et al., 2016; Zefferman&Mathew, 2021),
akin to a sociocultural version of the “hot stove effect” (Denrell &
March, 2001). Its robustness across simulated conditions of stability and
environmental change in our model is due to the cliff-edged nature of
the problem of choosing a risky stake combinedwith the stochasticity of
possible outcomes from investment, effects that have been leveraged in
evolutionary psychiatry to explain the prevalence of mood disorders
such as depression (Nesse, 2015). Bet-hedging mechanisms that aid
individuals to avoid falling off an “evolutionary cliff-edge” can also
lead to disproportionately risk-averse responses, since avoiding the
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steeper side of the cliff-edge becomes a priority (Haaland et al., 2019).
This comes at a sharp contrast with payoff bias, which is favored under a
much narrower range of conditions. Under risk, learning from failure is
better than learning from success.
The interplay of learning strategies and risk also helps explain

cross-cultural variation in learning strategies (Kline, 2015; Mesoudi
et al., 2016), as well as why certain groups seem to become trapped
in risk-averse equilibria, as the pessimistic risk behavior acquired
throughout the lifetime is passed on to successive generations. One or
more generations experiencing a period of considerable adversitymay
lead to the rapid evolution of “poverty traps” through the cultural
evolutionary mismatch generated by the transmission of the acquired
generational trauma (Nunn, 2022) borne from population-level
shocks (Augsburger & Elbert, 2017; Kim & Lee, 2014; Moya, 2018)
or long generational histories of high-risk conditions. When deprived
of substantial buffers, populations risk frequent ruin whenever they
try to act in exploratory ways, and repeated exposure to failures can
entrench conservative, pessimistic beliefs, making it difficult to seize
opportunities for growth even if conditions improve (Barrientos,
2013; Dercon & Christiaensen, 2011; McPeak & Barrett, 2001;
Senadjki et al., 2017; Visser et al., 2020). By contrast, prosperous
conditions that are stable for several generations permit the cultural
evolution of flexible, exploratory strategies, allowing risk behaviors
to adjust more readily to improving circumstances, which might feed
into other benefit-inducing processes, including innovation.

The Rise of Socioeconomic Inequality, Parochialism, and
Class-Based Risk Cultures

Introducing class inequality into our model shows how structural
differences in wealth buffers and risk landscapes generate divergent
learning strategies and risk cultures. Disadvantaged classes facing
harsher conditions and more frequent ruin tend to evolve more reliance
on information from elders, greater sensitivity to peer ruin, and strong
parochialism as bulwarks against catastrophic optimism. Wealthy
classes, operating in safer environments, can tolerate greater risk-taking
and integrate more diverse sources of information, including using
payoff-biased strategies to avoid learning from the poorwhen inequality
becomes extreme. Over time, this divergence can produce stark dif-
ferences in risk cultures between classes. While disadvantaged classes
remain trapped in a conservative, low-stake equilibrium, the affluent
classes can gamble with proportionally greater stakes, using more
exploratory learning to adapt flexibly. These findings align with the
notion that socioeconomic disparities can perpetuate through cultural
channels, as wealthier groups accumulate and transmit behaviors that
lead to continued growth while poorer groups remain stuck in risk-
averse equilibria that limit upward mobility.
Previous work has shown that the Pareto distribution of wealth

usually observed empirically is better explained by differential luck
than by differential investment ability (M. Levy, 2003). Our results
bolster the theoretical foundations for this view. Adding to this, our
model shows that it is possible for these emergent inequalities to
become exacerbated by the entrenchment of conservative learning
strategies in disadvantaged groups, leading to an exploitation-first
mindset that resists innovation. Advantaged groups who are well-
buffered can be more exploratory in their learning, which may grant
tangible advantages when it comes to the adoption of cultural in-
novations and thereby compound between-group inequalities. In
other words, those who are initially lucky have not only the potential

to obtain higher wealth but also tend to reap the generational benefits
of cultural exploration. The downtrodden, on the other hand, must
be extremely cautious about their choices and the behaviors they
adopt from others, limiting their exploratory options and locking
them into tried-and-true solutions. In this latter group, those who put
themselves at a significant risk have a small chance to grow their
capital, which they exchange for a great chance of becoming ruined.

Connections to Existing Cultural and Psychological
Frameworks

Our approach provides a plausible way to unify several lines of
discussion about cultural variation across the social sciences—
including cultural conservatism (Morin, 2022), tightness–looseness
(Gelfand et al., 2011), and WEIRDness (Henrich et al., 2010;
Mesoudi et al., 2016)—under a broad theoretical umbrella. Cultural
differences that have been described as distinct phenomena could be
reinterpreted as manifestations of the same underlying adaptive
dynamics responding to risk and scarcity. In high-risk, resource-
scarce contexts, conservative and parochial learning strategies can
lead to the emergence of tight cultural norms as adaptive responses
to mitigate ruin. In low-risk, resource-rich environments, exploratory
and payoff-biased strategies that lead to loose norms and greater
individualism may thrive, because the consequences of failure are
less dire. Moreover, these differences can occur within sectors of a
single population due to the effects of class stratification.

Our framework also suggests that changes in social conditions
that effectively alter wealth buffers can precipitate cultural shifts
in risk tolerance through the incentives they induce on learning
strategies, although the presence of large inequalities can slow down
these shifts. If risk behaviors are indeed the product of the learning
processes we have explored here, then interventions aiming to
reduce risk and inequality will have to factor in the cultural inertia of
evolved conservative learning strategies, especially for groups that
have lived in conditions of deprivation and inequality for several
generations. This cultural inertia of conservative learning can look
like a “poverty trap” if one expects rapid changes in risk behaviors
after the implementation of an intervention (Barrett & Carter, 2013;
Barrett et al., 2016; Barrett & McPeak, 2006).

Conclusion

Our model highlights the importance of cultural evolutionary
dynamics in shaping risk behaviors across diverse social and
economic landscapes. By showing how individual development,
cultural transmission, and environmental conditions interact to
produce stable—but malleable—risk strategies, we provide a
general and extendable framework for understanding human risk-
taking behavior and its cultural variation over both developmental
and generational time. In doing so, we offer new insights into how
cultural inertia, social inequality, and environmental uncertainty
can perpetuate or transform the risk behaviors that influence
economic decisions, resource distribution, and social cohesion.
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