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Abstract

Developing countries exhibit high rates of macroeconomic volatility and low rates of
individual risk-taking. In this paper we present evidence for a new channel linking these
phenomena: lifetime experiences of macroeconomic volatility directly change individual
risk attitudes. We combine two panel data sets from Indonesia and Mexico (n=15,000),
containing elicited measures of risk aversion for the same subjects years apart, with
state-level real GDP growth time series capturing their lifetime macroeconomic expe-
riences. We find that living through periods of increasing volatility increases measured
risk aversion. This effect is robust to controlling for changes in income, wealth, savings,
and exposure to violence and natural disasters. Increases in measured risk aversion
correlate with decreases in risky behaviors like smoking, migration, and the planting
of cash crops. To better understand the mechanisms at play we develop a model of
risk-taking adaptation over the life course. In our model a Bayesian expected utility
maximizer who is exposed to exogenous background risk learns about the mean and
variance of that risk from its realizations over their lifetime, in turn affecting their en-
dogenous risky choice. Our model generates a novel testable prediction: large negative
shocks will increase measured risk aversion more than commensurate positive shocks.
We find significant evidence for this predicted asymmetry in our Indonesian sample.
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Joel Sobel, Isabel Trevino, Johannes Wieland, as well as participants at several conferences and numerous
UCSD workshops. All mistakes are our own.
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I Introduction

Developing countries are characterized by low per-capita incomes. They also exhibit more
macroeconomic volatility, on average, than developed countries (Figure 1). Studies have
shown that rates of risk-taking behavior, such as the adoption of new agricultural technology
(Munshi (2004), Giné and Yang (2009)), and migration (Bryan, Chowdhury and Mobarak
(2014)), are often surprisingly low in developing countries. The standard explanation for
the co-occurrence of high volatility and low risk-taking is that it is the result of incomplete
risk-sharing institutions, credit constraints, and low buffer-stocks of savings in these settings
(Rosenzweig and Binswanger (1993), Rosenzweig and Wolpin (1993), Karlan et al. (2014),
Deaton (1991)). In this paper we present evidence for a novel channel linking these two phe-
nomena: lifetime experiences of macroeconomic volatility directly and significantly change
individual risk attitudes.

We begin by establishing some stylized facts in the data in support of our proposed
channel. We link two large panel data sets, one from Indonesia and one from Mexico,
containing elicited measures of risk aversion for the same subjects years apart, with sub-
national real GDP growth statistics capturing their lifetime macroeconomic experiences. Our
empirical approach allows us to estimate both the marginal effects of experiencing volatility
on measured risk aversion and the relative contribution of early and recent volatility to these
effects. Our main results comprise two sets of findings. First, we find that living through
periods of increasing macroeconomic volatility increases measured risk aversion. This is the
case when risk aversion is measured experimentally, and when we consider risky economic
behaviors like the planting of cash crops. This result is highly robust in both samples to
the inclusion of a rich set of covariates measuring changes in individual savings, budget
constraints, exposure to other sources of shocks, and beliefs about the future.

Our second set of findings concerns the recency and age-heterogeneity of the effects.
By recency we mean the relative effects of early-life and recent volatility on measured risk
aversion. By age-heterogeneity we mean its relative effects on the young and the old. Both are
informative about the underlying process of learning from experience, and are consequently
central objects of interest in models of experience effects. We find a positive association
between the recency and age-heterogeneity of the effects in both samples. In Indonesia
recency is high: more recent changes in volatility affect measured risk aversion for our
subjects more than older changes in volatility. In this setting age heterogeneity is also high:
the young are affected more by changes in volatility than the old. In Mexico the symmetric
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Figure 1: Macroeconomic volatility is higher in developing countries
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but opposite pattern prevails. Recency is low, so older changes in volatility have roughly
the same effect on measured risk aversion as recent changes in volatility. Age-heterogeneity
is also low in this setting: the measured risk aversion of the young and the old is affected in
equal measure by changes in volatility.

Our empirical findings are difficult to rationalize with existing models of risky choice.
One possible theoretical account of our results is that the macroeconomic volatility serves
as a reference distribution for the agents, and that their measured risk aversion adjusts to
changes in it. This is the central mechanism in the leading behavioral model of risky choice,
expectations-based reference dependence (Koszegi and Rabin (2006), Koszegi and Rabin
(2007), Koszegi and Rabin (2009)). However, as shown in Sprenger (2015), this model pre-
dicts a decrease in measured risk aversion when the reference distribution becomes more
risky, which is not in line with our first finding. Our findings might also plausibly follow
from experience-based learning by the subjects (Malmendier, Puozo and Vanasco (2019)).
In this model, agents learn from lifetime experiences about the mean of a macroeconomic
indicator. The experience-based learning model, however, predicts a negative association
between recency of the effects and age-heterogeneity, which is not in line with our second
result. Standard neoclassical models, meanwhile, typically imply that to the degree that ex-
perienced lifetime volatility affects measured risk aversion, it would operate through changes
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in the economic constraints of the agent or through changes in her beliefs about the odds
of the risky choice. The first of these channels is unlikely to be driving our results, since
we observe and control for changes in individual economic constraints. The second is also
unlikely to be in operation in our setting given that risk aversion is measured in our data
using choices over time-invariant lotteries whose odds are known to the subjects.

Our empirical findings and the challenge of explaining them with existing models moti-
vate us to develop a new model of risk aversion adaptation over the life course. To build
our model we combine a static background risk framework (Pratt and Zeckhauser (1987),
Kimball (1993), Gollier and Pratt (1996)) with a model of Bayesian learning over struc-
tural uncertainty in the spirit of Weitzman (2007) and Weitzman (2009). In our model an
expected utility maximizer is faced with two sources of risk each period: an endogenous fore-
ground risk, and an unavoidable, statistically-independent, exogenous background risk. The
background risk is a stationary Gaussian random variable containing structural uncertainty,
which means that the agent knows neither its mean nor its variance. Instead the Bayesian
agent observes realizations of the background risk each period of her lifetime and updates
her beliefs about its moments based on these personal experiences. This in turn affects her
choices over the foreground risk. In other words, the agent in our model learns from personal
experience about the background risk in her environment, with her risk aversion adapting to
this knowledge over her lifetime.

Our model produces theoretical results consistent with our empirical findings. First,
because agents in our model are risk vulnerable (Gollier and Pratt (1996)), they consider
the background and foreground risks to be substitutes. Therefore, living through periods of
increasing volatility in the background risk will lead agents to be less risk-taking over the
foreground risk, in line with our first finding. Second, our model implies that sensitivity to
changes in the variance of the background risk will change as agents age. Early life increases
in volatility will increase risk aversion more than later life increases in volatility. Conversely,
early life decreases in volatility will decrease risk aversion less than later life decreases in
volatility. This result implies that both the recency and the age-heterogeneity of the effects
depend on the direction of change and magnitude of change in volatility over time.

Our model also generates a novel testable prediction: large negative shocks will increase
risk aversion more than commensurate positive shocks. This is because large negative shocks
decrease the perceived mean and increase the perceived variance of the background risk for
the agent, with both effects increasing her risk aversion. Large positive shocks, on the other
hand, increase the perceived mean and increase the perceived variance, with both forces
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operating in opposite directions with respect to their effects on risk aversion. Thus, our
model naturally gives rise to a form of dynamic downside risk considerations, similar to those
that are commonly assumed in the finance literature (Roy (1952), Nawrocki (1999)). We use
this prediction to further identify our model by testing it in our data. We find suggestive
evidence in both samples for the predicted asymmetry, with the marginal effect of changes in
volatility larger for agents experiencing negative shocks than for those experiencing positive
shocks.

This paper contributes to a number of areas in the literature. Our work is most closely
related to the growing literature on the effects of lifetime experiences on measured risk aver-
sion. Following seminal work by Malmendier and Nagel (2011), this literature has provided
empirical evidence that mean changes in lifetime macroeconomic conditions, such as stock
market returns, inflation, and unemployment, can have persistent effects on risk attitudes
and risk taking behavior, sometimes decades after the fact (Sahm (2012), Malmendier and
Steiny (2016), Malmendier and Shen (2019)). Another branch of this literature has fo-
cused on the effect on measured risk aversion of living through discrete economic shocks,
particularly recessions (Guiso, Sapienza and Zingales (2018), Cohn et al. (2015), Dohmen,
Lehmann and Pignatti (2016), Shigeoka (2019)). Parallel work in development economics
has examined the role that trauma plays in shaping risk preferences, either due to experi-
ences of violence (Callen et al. (2014), Jakiela and Ozier (2019), Brown et al. (2019)) or of
natural disasters (Eckel, El-Gamal and Wilson (2009), Cameron and Shah (2015), Brown
et al. (2018), Hanaoka, Shigeoka and Watanabe (2018)). We contribute to this literature
by building a portable theoretical framework for understanding these seemingly-disparate
results. Our model indicates that both mean changes and discrete shocks affect individual
measured risk aversion because they are signals for the agent about changing risk in her
environment. Consequently, the effects of any given shock or mean change will be mediated
by the history of volatility over the agent’s lifetime. In line with this model, ours is the first
paper in the literature to document that cumulative lifetime experiences of macroeconomic
volatility have a direct and persistent effect on measured risk aversion.

This paper is also related to a body of work in behavioral finance that has studied the
dynamic effects of prior losses on subsequent risk-taking over the shorter time spans allowed
by experimental methods (Thaler and Johnson (1990), Shiv et al. (2005), Langer and Weber
(2008), Andrade and Iyer (2009), Imas (2016)). Our theoretical framework can be thought
of as consonant with the message in Imas (2016) that realizations of risk lead to changes
in measured risk aversion. Our empirical results, meanwhile, provide evidence in line with
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studies in this literature that show that losses lead to increases in subject measured risk
aversion, but in a very different setting and over a much longer timescale than previously
established (Shiv et al. (2005), Liu et al. (2010), Imas (2016)). Our paper also speaks to
the literature on the effects of background risk on risk taking (Pratt and Zeckhauser (1987),
Kimball (1993), Gollier and Pratt (1996), Eeckhoudt, Gollier and Schlesinger (1996)). To
our knowledge, ours is the first model to combine a static background risk framework with a
dynamic model of Bayesian learning about the background risk. Our theory provides a new
method for identifying the effects of changes in background risk on measured risk aversion
in the presence of structural uncertainty. Our empirical analysis, meanwhile, provides direct
evidence for the predicted effects. Such evidence has, to date, been in relatively short supply
(Guiso, Sapienza and Zingales (2008)).

The remainder of the paper is organized as follows. In section II we describe our data,
empirical methodology, and discuss the challenges to identification in our setting and the
steps we take to overcome them. In section III we describe our main empirical results in
detail. In section IV we present our model of adaptive risk preferences and its results,
including the empirical finding on the asymmetric effects of positive and negative shocks.
We conclude in section V with a discussion of the policy implications and interpretation of
our results, as well as directions for future research.

II Data and Methodology

Our overarching empirical approach in this paper is to link changes in individual measures
of risk aversion with changes in the macroeconomic conditions those individuals experienced
over their lifetimes, with the aim of estimating the causal effects that macroeconomic expe-
riences have on measured risk aversion. We perform our empirical analysis using data from
two countries, Indonesia and Mexico. Aside from data availability, using data from both
countries is advantageous for two reasons. On the one hand, both countries share a recent
history of rapid and internally-heterogeneous economic growth. The substantial resulting
variation in lifetime macroeconomic experiences for individuals in these countries makes it
easier to both detect and identify their effects. On the other hand, both countries are very
different along many plausibly important dimensions, including geography, level of devel-
opment, language, culture, religion, institutions, and other aspects of their history.1 This

1To make a few of these salient differences concrete: (1) Indonesia straddles the world’s largest archipelago,
spread out in equatorial waters in south-east Asia, while Mexico comprises a solid landmass in the North
American continent; (2) Mexico is about 55% richer in per-capita GDP (PPP) terms than Indonesia, as of
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means that if we detect common effects in both countries we can be more confident that our
results speak to a general phenomenon, rather than being driven by idiosyncratic features
of our settings.

For the Indonesian analysis our source of micro data is the Indonesian Family Life Sur-
vey (IFLS) (Strauss et al. (2009), Strauss, Witoelar and Bondan (2016)). The IFLS is a
high quality longitudinal study administered by the RAND corporation in 13 provinces in
Indonesia in five waves, starting in 1993. The survey contains a wealth of economic and
demographic covariates, allowing for a near-complete accounting of the balance sheet for
subjects, including household income, assets, savings, borrowing, and consumption.2 The
IFLS also contains complete migration histories for subjects. For the Mexican analysis our
source of micro data is the Mexican Family Life Survey (MXFLS), a high quality longitudinal
study administered in 16 states in three waves starting in 2002. The MXFLS was piloted
by the RAND corporation, and is now managed by the Iberoamerican University (UIA)
and the Center for Economic Research and Teaching (CIDE). Like the IFLS, the MXFLS
contains a wealth of demographic and economic variables for subjects as well as complete
migration histories. Crucially for our purposes, the two most recent waves of both the IFLS
and the MXFLS (IFLS4 (2007 - 2008), IFLS5 (2014), MXFLS2 (2005-2006), and MXFLS3
(2009-2012)) include modules for measuring subject financial risk aversion using hypothet-
ical, high-stakes monetary gambles. We use measures from these modules to construct our
primary dependent variables, which we describe in detail in subsection A.

We use sub-national measures of real GDP growth to construct measures capturing sub-
ject lifetime macroeconomic experiences, which are the primary independent variables in our
analysis. Our data on GDP growth at the province level in Indonesia (equivalent to the
state level in the United States) comes from the Indonesian Bureau of statistics (BPS) via
the World Bank’s INDO-DAPOER database, and from the BPS’s statistical yearbooks for
the years 2012-2015. These data exist at the province level starting in 1977. For Mexico,
we obtain state level growth data from German-Soto (2005), who construct the GDP se-
ries using historical data from the National Institute on Statistics and Geography (INEGI).
These data are available starting in 1941. We describe how we construct macroeconomic
experience variables and assign them to subjects in detail in subsection B.

2018 ($20,602 vs. $13,230); (3) indonesia is the world’s largest Muslim country, while Mexico is overwhelm-
ingly Roman-Catholic.

2We constructed asset variables by aggregating self-reported figures for asset classes across numerous cat-
egories in the survey, including monetary and non-monetary assets. Consumption measures were constructed
by projecting measures for weekly and monthly consumption of goods to the yearly level. In all cases, we
followed the IFLS’s provided algorithm for constructing lower frequency consumption measures.
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In our analysis we include observations of subjects who completed the risk aversion mod-
ule in each survey. Combined, IFLS4 and IFLS5 contain a sample of 55,820 such observa-
tions (counting twice the subjects who appear in both waves), while MXFLS2 and MXFLS3
combined have a sample of 25,005 of these subject observations. We focus in our primary
analysis on subjects who appear in both waves of the surveys because we are interested in
within-person changes in our analysis. Since we are interested in the effect of lifetime macroe-
conomic experiences, we further restrict the primary sample to subjects born after 1976 in
Indonesia and after 1940 in Mexico (in subsequent analyses we examine results for different
samples, which are across-the-board qualitatively similar to those for our main analysis—see
subsubsection A.3). This results in a primary sample of 6,547 subjects for Indonesia and
8890 subjects for Mexico, each appearing twice in our data. Summary statistics for the com-
plete survey samples and the primary samples are available in Appendix A. The geographic
distributions of our samples in Indonesia and Mexico are available in Appendix B.

A Risk aversion measures

Our main dependent variables are measures of individual financial risk aversion constructed
from data in the IFLS and MXFLS. Both surveys include modules for measuring risk aversion
which employ “staircase” instruments, similar to those used in Falk et al. (2018). Staircase
instruments have been shown to generate high-quality measures of risk aversion with low
subject response burden, which makes them especially useful for field applications. In a
staircase risk aversion instrument subjects are given a series of hypothetical high-stakes
choices between a safe lottery (often a sure amount of money) and a riskier lottery (which
generally has a higher mean and a higher variance than the safe option). Lotteries are
commonly in the form of fair coin flips. Based on the subject’s choice in the first question of
this nature they are sorted into one of two other questions with different amounts of money
for the lotteries. If the subject previously chose the safe (risky) option, risk in the coin flip
is reduced (increased) in their subsequent question. This process can then be repeated as
many times as necessary to yield as fine a measure of risk aversion as desired. The result is
an ordinal measure of absolute risk aversion for each subject. Our process for constructing
the risk aversion measures from the IFLS and MXFLS data is displayed in Appendix C.

In IFLS4 and IFLS5 subjects answered between two and three questions each, which
resulted in them being sorted into five bins. Each question offered the same fixed safe
amount of money, while the amounts of the risky lottery varied between questions. The
same module with the exact same amounts per question was used in both waves of the
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survey. We code the resulting measure with higher numbers (1-5) indicating higher measured
risk aversion. One complicating factor with the IFLS risk aversion module is that the first
question offered subjects a choice between a sure amount and a coin flip over two higher
amounts. Between 28% and 40% of the sample chose the dominated, certain option, even
after being prompted to reconsider a second time (see Appendix D for the sample distribution
of the risk aversion measure). It is unclear whether these “gamble averse” subjects have
extremely high measured risk aversion (or are certainty seeking), or whether another factor,
like subject misunderstanding or aversion to gambling generally is driving these choices.
In our main analysis we include these subjects and code them as having the highest rate
of measured risk aversion. In subsubsection A.3 we test the robustness of our results to
excluding these subjects from the sample. Reassuringly, our main result is qualitatively
unchanged and remains significant when we do so.

In MXFLS2 subjects answered between two and five questions each, which resulted in
them being sorted into five bins. Questions offered subjects a choice between a safe coin
flip and a riskier coin flip, with the amounts of the riskier coin flips generally changing
between questions. We code the resulting measure with higher numbers (1-5) indicating
higher measured risk aversion. The staircase instrument was changed for MXFLS3 to align
more closely with the instrument in the IFLS. In MXFLS3 subjects answered between two
and five questions each, resulting in them being sorted into six bins. Each question offered
the same fixed safe amount of money, while the amounts of the risky lottery varied between
questions. A “gamble averse” option was offered in this instrument. Since gamble aversion
only appears in one wave of the MXFLS we drop subjects who chose this option in MXFLS3
from our sample. We code the resulting measure (1-5) in the same way as the other measures.

A pervasive concern with all experimental measures of financial risk aversion is that
they are often quite noisy, and consequently often fail to predict actual risk-taking behavior
(Yariv, Gillen and Snowberg (2019)). This raises the possibility that any detected effects on
measured risk aversion will be due to noise, and won’t translate to real changes in risk-taking
behavior by the subjects. We address this concern head on in subsubsection A.2, where we
show that subjects for whom measured risk aversion increased by our measures also became
less risk taking in their economic behavior. We can also examine the predictive capacity of
our measures in the cross section. In Appendix E we present the results of regressing our
measures of risk aversion on a host of economic variables capturing risk taking behavior in
our samples. Our IFLS risk aversion measure, unlike many in the literature, correlates with
risk taking behavior and demographics in expected ways in a host of domains, including self-

9



employment, migration, age, and gender. Our measure of risk aversion from the MXFLS,
while noisier than that in the IFLS, nevertheless correlates in expected ways with the age
and gender of subjects.

B Macroeconomic experience variables

As a broad-based measure of macroeconomic conditions we use real GDP growth at the low-
est administrative unit for which all pertinent data is available, the Indonesian province and
Mexican state (roughly equivalent to US states). Our data contain time series from 25 In-
donesian provinces spread out over 9 major islands, and all 32 Mexican states, corresponding
to the birth provinces reported by subjects in the IFLS and MXFLS data.

Two complications with the growth data are worth noting. First, the boundaries of ad-
ministrative units in Indonesia have not remained constant over our period of measurement.
Following the 1998 collapse of the Suharto regime Indonesia underwent a rapid (and still
ongoing) process of decentralization. As a consequence, many administrative units at all
levels of the state split, with the number of provinces increasing from 27 to 34 from 1993 to
2015. Since our analysis requires a consistent definition of administrative units, we mapped
back all province-level variables (including GDP, population, and inflation) to provinces as
they were defined in 1993. This is possible to do because in all cases a larger province split
into multiple provinces, and in no cases did they recombine into novel provinces. Thus, every
province in 2015 has exactly one corresponding ancestor province in 1993. To avoid confusion
we refer to Indonesian provinces throughout by their names in 1993. Second, measurement
error for sub-national macroeconomic variables in both countries is likely to be substantial.
To reduce the effects of noise due to measurement error on our results we winsorize the
province- and state-level GDP measures at the 5-95 level.

To construct our macroeconomic experience variables we first assign to each individual the
province/state real GDP growth time series in an individual’s birth province from their birth
year to measurement year. Estimating the marginal effect of each year of experienced growth
on measured preferences presents two practical challenges: the large number of coefficients
to be estimated, and the unbalanced nature of the panel, since different individuals will
have different numbers of coefficients that must be estimated based on their birth year. To
overcome these issues we use the mean and standard deviation of the growth time series over
individuals’ lifetimes as summary statistics for their macroeconomic experiences. Calculating
these statistics, however, raises the additional thorny question of how to properly weight
early life experiences relative to recent experiences for individuals. Any use of summary
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statistics for the growth data implicitly commits to such a weighting scheme, since even using
an unweighted average implies that early and later life experiences receive equal marginal
weights in the individual’s decision-making. Theoretically, it is unclear what these weights
should be, with different strands of the literature suggesting the existence of important
“formative years” early in life (e.g., Giuliano and Spilimbergo (2013)), and others stressing
the role of recency of experiences in decision making, usually justified as the result of the
availability heuristic (Tversky and Kahneman (1973)).

Our approach to the problem of temporal weighting is to let the data speak. We use
the method pioneered by Malmendier and Nagel (2011) to weight our time series data using
a flexible, single-parameter temporal weighting function, which we estimate from our data.
For individual i measured at time t, with experienced growth gt occurring s years before t,
our weighting function is

wit(s, λ) =
(ageit − s)λ∑ageit−1

s=1 (ageit − s)λ
.

This weighting function yields a set of monotonic weights for experiences that always add
up to unity, regardless of the age of the individual at measurement. Figure 2 illustrates this
weighting scheme for different values of λ for a 30 year old subject (weighting schemes for
subjects of other ages can be found in Appendix F). For all ages, higher values of λ mean
placing more relative weight on recent experiences, λ = 0 implies a equal weighting scheme,
and negative values of λ indicate placing more relative weight on early life experiences.
Using this weighting scheme we construct a measure of average experienced lifetime growth
as follows:

Ait(λ) =

ageit−1∑
s=1

wit(s, λ)gt−s.

We also extend the methodology in Malmendier and Nagel (2011) by constructing an analo-
gous measure of experienced lifetime growth volatility using the weighted standard deviations
of experienced growth:

Vit(λ) =

√√√√∑ageit−1
s=1 wit(s, λ)(gt−s − Ait(λ))2

ageit−2
ageit−1

∑ageit−1
s=1 wit(s, λ)
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Figure 2: Relative weights placed on years of growth for individual aged 30 at different levels
of λ
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C Empirical specification and estimation

In our baseline specification we regress changes in our risk preference measure R on changes
in experienced average growth Ait(λ) and experienced growth volatility Vit(λ) using first
differences:

∆Rit = α + β1∆Ait(λ) + β2∆Vit(λ) + γ∆ProvInf it + δ∆Xit + εit

where α is a constant, ProvInfit is province-level (in Indonesia) or region-level (in Mexico)
Consumer Price Index (CPI), Xit is a vector of time-varying individual covariates such
as marital status, education, and household size, which we include in some regressions to
increase precision, and εit is the error term, clustered at the Province by Birth-Year level.
We include ProvInfit to control for heterogeneous inflation between provinces/regions in
the data.3 Since T = 2 in our setting, the first difference specification is equivalent to an

3Differential sub-national inflation can pose an identification challenge in our setting because it can
differentially affect the real value of the lotteries from which our risk aversion measure is calculated. This is
a concern if sub-national inflation is correlated with sub-national growth, as it is likely to be. To avoid this
issue we control for province-level inflation (in Indonesia) and region-level inflation (in Mexico) directly in
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individual fixed effects specification:

Rit = α + αi + αt + β1Ait(λ) + β2Vit(λ) + γProvInf it + δXit + εit.

where αi is an individual fixed effect, αt is a year fixed effect, and all other variables are as
before.

We estimate the above first-difference regression using non-linear least squares. This al-
lows us to simultaneously estimate the marginal coefficients of average growth and volatility
(β1 and β2), and the value of the non-linear weighting parameter λ. Since non-linear estima-
tion methods are known to be sensitive to initial seed values, we choose the initial value of
λ that maximizes the likelihood in a linear specification of our model. Specifically, we build
a fine grid of λ values, and generate our macroeconomic variables of interest using each of
these values. We then use maximum likelihood estimation on these linearized versions of
the model considering for each value of λ, and choose as the initial seed for the nonlinear
estimation the value of λ that maximizes the likelihood.

D Identification

The strength of our empirical results rests on the degree of confidence we can justifiably
have that our methods yield a clean, causal estimate of the effects of lifetime experiences
of macroeconomic risk on individual measured risk aversion. There are two primary threats
to identification in our setting. The is reverse causality: it is possible that any observed
correlation between macroeconomic experiences and measured risk aversion can arise be-
cause individual measured risk aversion causes individuals to have certain macroeconomic
experiences, rather than vice versa. The primary channel through which this might occur in
our analysis is endogenous migration—for instance, it might be the case that individuals
with less measured risk aversion, perhaps, are more likely to migrate to less risky locales.
We address this issue in our primary analysis by using macroeconomic conditions in an in-
dividual’s province or state of birth, rather than province or state of residence, to construct
our macroeconomic experience variables.

The second, more serious set of threats to identification in our setting is omitted variable
bias. In other words, the observed correlation might be driven by some third factor that
is correlated with both measured risk aversion and macroeconomic volatility. The main
ways through which omitted variable bias might contaminate our results fall under the

all our specifications.
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Figure 3: Province/State-level real GDP growth in Indonesia and Mexico
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Notes: Province-level real GDP growth time series for all 25 Indonesian provinces (1993 definitions) and
32 Mexican states in our data. In both settings, time series have been winsorized at the 5-95 level to reduce
measurement error.

collective umbrella of confounding cohort effects. By this we mean other events, unique
to each cohort, that might systematically vary with macroeconomic fluctuations and could
affect measured risk aversion. In the Indonesian context, for instance, years of high growth
corresponded to a large degree with the rule of Suharto’s dictatorship. One might imagine
that growing up under a repressive regime could affect individual measured risk aversion.
To address the issue of confounding cohort effects we rely on the substantial variation in
sub-national growth conditions that exists in our data. Figure 3 illustrates this variation
using time series of real GDP growth for the provinces and states in our data. This variation
comes from three sources: heterogeneity in experiences between cohorts, within cohort over
time, and within cohort in the cross-section. This allows us to credibly identify the effects
of experienced volatility separate from national-level cohort effects. To our knowledge, ours
is the first paper in the experience effects literature to include data from multiple countries,
subnational variation in experiences in each, and repeat observations of the outcome of
interest for the same individuals.4

4Shigeoka (2019) exploits within-country variation in macroeconomic conditions in Japan, but its empiri-
cal analysis does not include individual fixed effects or cross-country data. Malmendier and Shen (2019) and
Ampudia and Ehrmann (2017) use cross-country data from 13 Eurozone countries in their estimates of the
effects of economic shocks on risk taking, but do not include individual fixed effects or subnational macroe-
conomic data in their analyses. A number of papers in the development literature present data containing
repeat measures of risk aversion for the same individuals, and exploit fine-grained subnational variation in
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III Empirical results

In this section we present the two primary sets of empirical findings. In the first part
of this section we detail our estimates of the causal, direct effects of cumulative lifetime
macroeconomic volatility on measured risk aversion, while in the second we examine the
recency and age-heterogeneity of these effects.

A Increasing macroeconomic volatility increases measured

risk aversion

Our main results are presented in Table 1 for Indonesia, and Table 2 for Mexico. We begin by
regressing within-person changes in measured risk aversion on mean changes in experienced
growth5 alone (column 1 in both tables). This is the specification most closely analogous
in our main analysis to Malmendier and Nagel (2011), who examine the differential effects
of mean changes in macroeconomic conditions (like stock market returns) on measured risk
aversion.6 We find conflicting results in both settings: in Indonesia increases in experienced
mean growth appear to decrease measured risk aversion, while in Mexico they appear to
increase measured risk aversion. We then turn our attention to the effects of experienced
growth volatility on measured risk aversion. Column 2 in each table shows that in both
settings increases in experienced growth volatility increase measured risk aversion.

In column 3 we display the results of regressing changes in measured risk aversion on
changes in both the mean and standard deviation of experienced growth. The results here
remain consistent with the estimated effects for the second specification: in both settings
increases in experienced volatility increase measured risk aversion. Column 4 presents the
results for this regression including additional time-varying controls, with no significant
changes to the estimated effects. Figure 4 displays the volatility result of specification 4

the occurrence of violence (Jakiela and Ozier (2019), Brown et al. (2019)) or a natural disaster (Cameron
and Shah (2015), Hanaoka, Shigeoka and Watanabe (2018)), but these studies generally focus on a discrete
set of events rather than cumulative lifetime experiences of risk, and none contains evidence from multiple
countries.

5All experienced growth measures in this part of the analysis are constructed using data from subjects’
province or state of birth over their lifetimes, to avoid issues with endogenous migration. In subsubsection A.3
we describe the results from our additional analysis using information on subjects’ migration histories and
growth in their province or state of residence. These are qualitatively identical to the results described in
this section.

6In subsubsection A.3 we discuss the results of an alternative specification using a repeated cross-section
approach rather than individual fixed effects. this last specification is the closest to the one employed in
Malmendier and Nagel (2011), who did not have repeat observations of the same individuals in their data.
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Table 1: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Indonesia

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Growth Mean -0.49∗∗∗ 0.05 0.04
(0.08) (0.05) (0.05)

Experienced Growth Volatility 1.26∗∗∗ 1.33∗∗∗ 1.35∗∗∗
(0.12) (0.16) (0.15)

λ 3.1∗∗∗ 32.0∗∗∗ 33.3∗∗∗ 33.3∗∗∗
(0.15) (3.73) (3.55) (3.2)

N 6372 6372 6372 6299
R2 0.02 0.05 0.05 0.05
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. Province-level inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05,
* p<0.1.

graphically, showing that the estimated effect is consistent across the distribution of changes
in experienced volatility.

Notably, in both our Indonesia and Mexico data the estimated effect of mean changes
in experienced growth on measured risk aversion changes significantly once our experienced
volatility measure is included in the regression. In the Indonesian sample the estimated effect
of the experienced growth mean becomes an imprecise zero, while in Mexico its effect remains
significant, but its sign flips. This is in contrast to the estimated effects of experienced
volatility, which remain highly consistent across specifications, suggesting that the true driver
of changes in measured risk aversion in our settings is changes experienced volatility rather
than changes in the experienced mean.

A.1 The effects of volatility are not explained by its observed ef-
fects on economic constraints

In the above analysis we did not include a variety of controls for subjects’ economic condi-
tions, such as their incomes. Our main reason for excluding these variables from the baseline
specification is econometric. Since an individual’s income is likely to be endogenous to both

16



Figure 4: The effect of cumulative lifetime experiences of macroeconomic volatility on risk
preferences
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Notes: Plotted results are from columns 4 of Table 1 and Table 2. Risk aversion measures in both samples
are based off of subject choices in a series of hypothetical, high-stakes objective lotteries administered as
part of the two most recent waves of the Indonesian Family Life Survey (2007 and 2014) and the Mexican
Family Life Survey (2005 and 2009). In both samples measured risk aversion is coded as a continuous
variable ranging from 1-5, with higher values indicating higher measured risk aversion. Experienced growth
volatility is the weighted standard deviation of yearly real GDP growth in the agents’ province of birth
from birth to measurement. We use growth data from the province of birth in the primary specification to
control for endogenous migration in our sample. We weight the time series using the weighting function in
Malmendier and Nagel (2011), which we extend to the second moment, with recency parameter λ jointly
estimated from the data with the marginal effects. Regressions include individual and time fixed effects, as
well as controls for experienced average growth, province-level inflation, marital status, education level,
household size, and household size squared. Standard errors are clustered at the province-of-birth by
birth-year level. Indonesia: n = 6,299; Mexico: n = 8,527.
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Table 2: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Mexico

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Growth Mean 0.07∗∗∗ -0.38∗∗ -0.40∗∗∗
(0.03) (0.12) (0.12)

Experienced Growth Volatility 0.53∗∗∗ 0.55∗∗∗ 0.55∗∗∗
(0.09) (0.1) (0.1)

λ 13.9∗∗ 1.00∗∗∗ 0.60∗∗∗ 0.63***
(4.97) (0.06) (0.03) (0.03)

N 8679 8679 8679 8527
R2 0.001 0.005 0.006 0.007
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. Regional inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05,
* p<0.1.

their macroeconomic experiences and their measured risk aversion, including it in the main
regression would be a classic case of conditioning on a collider, and would therefore threaten
the causal interpretation of our results. Excluding these covariates from the analysis however
raises an important issue regarding the interpretation of our results, which is whether the
observed effects of experienced macroeconomic volatility operate on subjects’ measured risk
aversion directly, or rather indirectly through its effects on their economic constraints.

We can address this question of interpretation by exploiting the richness of our survey
data. Both the IFLS and MXFLS include extremely detailed measures of individual budget
sets, including household assets, income, and consumption. The surveys also include mea-
sures of other variables that could change the interpretation of our results, including direct
measures of income, inflation, and health expectations about the future, trust, and exposure
to other sources of volatility (violence and natural disasters). In Table 3 and Table 4 we
display the results of including successively more of these controls in the analysis, as well
as our measures of budget sets interacted with our growth experience variables, measures of
local rates of return on investments in Indonesia, and an almost complete set of age fixed
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Table 3: Inclusion of controls in Indonesia

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Experienced Growth Mean 0.04 0.04 0.04 0.02 0.01 -0.05 -0.01 -0.01 0.02 0.03
(0.045) (0.056) (0.060) (0.072) (0.073) (0.077) (0.080) (0.079) (0.084) (0.086)

Experienced Growth Volatility 1.35*** 1.24*** 1.27*** 1.13*** 1.08*** 1.01*** 0.95*** 0.96*** 0.94*** 0.87***
(0.097) (0.150) (0.155) (0.172) (0.174) (0.180) (0.182) (0.184) (0.186) (0.196)

λ 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3
Observations 6301 5,840 5,332 3,996 3,985 3,561 3,065 3,065 3,065 3,065
R-squared 0.05 0.06 0.06 0.07 0.08 0.07 0.08 0.08 0.09 0.09

Individual FE X X X X X X X X X X
Year FE X X X X X X X X X X
Demographics X X X X X X X X X X
HH Bal Sheet X X X X X X X X X
Income Exp. X X X X X X X X
Inflation Exp. X X X X X X X
Life Exp. X X X X X X
Trust X X X X X
Rates of Return X X X X
Violence X X X
Natural Disasters X X
Age FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: marital status, education level, household size and household size
squared. Regressions estimated via OLS. Province-level inflation included in all regressions. Standard errors clustered at the cohort by province of birth level
in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.

Table 4: Inclusion of controls in Mexico

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9)

Experienced Growth Mean -0.40*** -0.45*** -0.45*** -0.42*** -0.42*** -0.42*** -0.43*** -0.42*** -0.43***
(0.12) (0.12) (0.12) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13)

Experienced Growth Volatility 0.55*** 0.57*** 0.57*** 0.57*** 0.57*** 0.55*** 0.54*** 0.54*** 0.54***
(0.10) (0.10) (0.10) (0.11) (0.11) (0.11) (0.11) (0.11) (0.12)

λ 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
Observations 8,527 8,527 8,488 6,998 6,989 6,893 6,880 6,880 6,880
R-squared 0.0066 0.0075 0.0076 0.0076 0.0091 0.0092 0.0127 0.0134 0.0201

Individual FE X X X X X X X X X
Year FE X X X X X X X X X
Demographics X X X X X X X X X
HH Bal Sheet X X X X X X X X
Income Exp. X X X X X X X
Inflation Exp. X X X X X X
Life Exp. X X X X X
Trust X X X X
Violence X X X
Natural Disasters X X
Age FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: marital status, education level, household size and household size
squared. Regressions estimated via OLS. State-level inflation included in all regressions. Standard errors clustered at the cohort by state of birth level in
parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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effects.7 Full details on controls we include in each table can be found in Appendix G.
Our results are unequivocal: changes in measured risk aversion due to experienced volatil-

ity in our data are not fully explained by changes in economic constraints or beliefs, at least
by the (relatively comprehensive) set that we can observe. In our Indonesian analysis the
coefficient of the main effect declines by approximately 36% when all controls are included
while remaining highly significant. In our Mexican data the estimated main effect changes
little, and remains highly significant when all controls are included.

A.2 Changes in measured risk aversion correlate with changes in
risk-taking behavior

Another issue of interpretation of our results is the question of whether changes in measured
risk aversion capture changes in actual risk-taking behavior. To examine this question we
construct a variable measuring predicted change in measured risk aversion ( ̂∆RiskAversioni)
using results from our preferred specification (column 4) above for each subject in our sample.
We then compare changes in 8 categories of risk-taking behavior (self-employment, migration,
smoking, borrowing, savings, consumption, and (in Indonesia) measures of the extensive and
intensive margins of investment in the form of cash crop planting)) across the top and bottom
deciles of ̂∆RiskAversioni.

Results of these comparisons are displayed in Figure 5 and Figure 6. We find that in-
dividuals in the 10th percentile of the measured ̂∆RiskAversioni distribution (those for
whom measured risk aversion does not increase very much) in Indonesia are 0.4 percentage
points (pp) more likely to become self employed, are 1.1pp more likely to migrate across
province lines, and increase their smoking by 6.8pp less than individuals in the 90th per-
centile of measured ̂∆RiskAversioni. This pattern does not hold in Mexico, however, where
the overall numbers for changes in self-employment, migration and cigarette consumption
are much smaller. Nevertheless, in both Indonesia and Mexico there are stark differences
in the changes in borrowing-to-assets and savings-to-assets ratios by measured risk aversion
percentile. Individuals in the 10th percentile of measured ̂∆RiskAversioni increase their
borrowing-to-assets ratio by 4pp more in Indonesia and 57pp more in Mexico than individu-
als in the 90th percentile of measured ̂∆RiskAversioni, and increase their savings-to-assets
ratio by 1.2% less in Indonesia and 33pp less in Mexico. Finally, in Indonesia, individuals in

7Note that our baseline empirical specification already includes nonlinear age effects through the weighting
scheme for experienced growth, which takes into account the age at which a given experience occurs. Here we
also include a set of age fixed effects as a linear control. Our set is as maximal as is possible while avoiding
multicolinearity, given the inclusion of year and individual (therefore cohort) fixed effects in all regressions.
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Figure 5: Differences in risk taking behavior between top and bottom deciles of predicted
measured risk aversion in Indonesia
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the bottom decile have a 4.1% higher probability of reporting investing in cash crops (a risky
technology), and, conditional on investing in cash crops, reduce the ratio of their cash-crops
asset to total asset ratio by .8% less than individuals in the top decile. Notably, the signs
of the relative changes in all economic outcomes (with the exception of smoking behavior
in Indonesia, self-employment in Mexico, and the the possible exception of consumption,
for which the sign of relative change is theoretically ambiguous) are as predicted by eco-
nomic theory. Taken as a whole, these results suggest that risk-taking behavior declines for
individuals for whom measured risk aversion increased according to our measure.

A.3 Robustness

We test the robustness of our main results to varying key methodological choices in our
analysis. In Appendix H we display the results of for different sample compositions. In
particular, we run our main specifications while (1) including individuals born prior to 1977
in Indonesia and 1941 in Mexico; and (2) excluding the “gamble averse” from our analysis in
Indonesia. In all cases results are qualitatively similar to those in our baseline samples.

In Appendix I we show the robustness of our results to alternate specifications of
measured risk aversion. For both Indonesia and Mexico, we repeat our main analysis
with (1) a binarized measure of risk aversion (instead of using the 5 buckets of measured
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Figure 6: Differences in risk taking behavior between top and bottom deciles of predicted
measured risk aversion in Mexico
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risk aversion, we set buckets 1 and 2 to be 0, and buckets 3, 4 and 5 to be 1); and (2) using
an ordered probit specification instead of NLLS, which accounts explicitly for the ordinal
nature of our risk aversion measures. Results are qualitatively quite similar here as well.

In Appendix J we demonstrate the robustness of our results to alternate specifications
of macroeconomic experiences. We do so two ways. First, we use our data on migration
histories in both surveys to construct measures of macroeconomic experiences in each sub-
ject’s province/state of residence each year, instead of their state of birth. We repeat both
our main analysis and our regressions which include controls for economic constraints, with
largely similar results for all analyses in both samples. Second, we examine the sensitivity of
our results to using different values of the weighting parameter λ, to ensure that they are not
driven by artifacts of our nonlinear experience weighting scheme. Results for the marginal
effect of experienced volatility on measured risk aversion for all values of λ from -3 to 50
yield positive and significant results for our Indonesian data. In our Mexican data results
for all λ from -1 to 50 are positive, but become insignificant once λ is greater than 6.

In our main analysis we cluster our results at the birth-year by birth-province/state level.
This is the theoretically appropriate level of clustering since it is the unit of treatment in our
analysis, as individuals vary in their macroeconomic experience measures by this unit level.
In our Indonesian analysis the estimated λ is high, which means more weight is placed on
recent experiences by our estimates for all subjects. This means that relatively more of the
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variation generating our results in this case is coming from the corss-sectional variation in the
panel, and relatively less is coming from the time dimension of macroeconomic fluctuations.
This raises the concern that the observed effects are driven by unobserved between-province
heterogeneity. If this is the case, our standard errors, clustered at the province-of-birth by
birth-year level, might not be sufficiently conservative. To account for this, we re-estimate our
main Indonesia result while clustering at the province-of-birth level. Since the numbers
of provinces is small, and the number of observations per province is small for some of them,
we estimate the standard errors using the wild bootstrap procedure in Cameron, Gelbach and
Miller (2008). We present the main results and those for regressions which include economic
constraints controls using this more conservative clustering scheme in Appendix K. In all
cases the main coefficient of interest, the effect of volatility on measured risk aversion, remains
highly significant.

Finally, in Appendix L we repeat the baseline and constraint control analyses using a
repeated cross section specification instead of the first difference specification we use in
our main analysis. The purpose of this analysis is twofold. First, we check whether the results
hold up when we do not restrict our comparisons to the within-individual level. Second, this
analysis includes a larger set of individuals, namely those who appear only in one of the
two relevant survey waves, which tests the robustness of our results to restricting the sample
to subjects who appear in both waves of each survey. The empirical specification for these
regressions, including age, time, and province of birth fixed effects, is

Rit = α + αt + βAgeAgeit + βProvProvincei + β1Ait(λ) + β2Vit(λ) + γProvInf it + δXit + εit

Where Xit in this case are controls for gender, ethnicity, whether the individual has ever
moved, education level, marital status, household size, and household size squared. Our
results for this specification are again qualitatively very similar to our baseline first-difference
specification, though the magnitude of the coefficients is somewhat attenuated (but still
highly significant) in all cases.

B Recency and age-heterogeneity of the effects of volatil-

ity are positively correlated

The underlying hypothesis in this paper, known as the experience effects hypothesis (Mal-
mendier, Puozo and Vanasco (2019)), is that personal lifetime experiences have direct and
persistent effects on individual risk attitudes. Two key components of the experience effects
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hypothesis are age or cohort heterogeneity in the effect of a given shock on risk attitudes,
and a recency effect for shocks. The first of these components is driven by individuals in
different cohorts having, by necessity, different bodies of experiences to compare a given
shock to. The second component is an empirical regularity—studies examining the relative
effects of early versus recent experiences have generally found that more recent experiences
are weighted more heavily in their effects on risk attitudes. In this section we present the
results of estimating age heterogeneity and recency in our setting.

Thanks to our empirical specification we can examine recency directly through our esti-
mate of the recency parameter λ. In doing so we see a striking difference between our two
data sets: estimated recency in our Indonesian data is quite high, with an estimated λ of 33.3
in our baseline specification. In our Mexican data recency is quite low, with an estimated
λ parameter of 0.63. One important thing to note when comparing these two numbers is
that while each captures the relative weight of early and late “periods” in our analysis, due
to our first difference specification the length of a “period” is not the same in both contexts.
Rather, in each analysis a period is defined with respect to the number of years between
waves in the survey, so that the estimated λ in Mexico is relative to shorter period (4 years)
than the λ in Indonesia (7 years). Nevertheless, even if we corrected for this this discrepancy
between period lengths in both data sets, it would be clear that our Indonesian results imply
a substantially higher degree of recency in the effects of volatility on measured risk aversion
than our Mexican results.

To examine the relative effects of experienced volatility on measured risk aversion by
age we split our two data sets into three year sub-samples of age at first measurement and
estimate our main specification (column 4 in the main tables above) for each sub-sample.
Results for the effects of experienced volatility on measured risk aversion are displayed in
Figure 7. On this dimension we also observe a striking difference between our samples. In
our Indonesian sample we observe significant age heterogeneity, with the young affected more
than the old by experienced volatility. In contrast, in our Mexican sample heterogeneity of
the effects is low, with the measured risk aversion of the young and the old appearing to
react in similar ways to experiences of volatility.

What can account for this disparate pattern of recency and age-heterogeneity between
our samples? In the next section we build a model of adaptive risk aversion, and argue
that the observed effects can arise due to changing sensitivity of measured risk aversion to
experienced volatility over the life course. One important thing to note, however, is that the
seemingly disparate patterns of effects in both samples actually have an underlying symmetry.
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Figure 7: Effects of experienced growth volatility on measured risk aversion by age at first
measurement
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Notes: Graphs display the estimated effects of experienced growth volatility on measured risk aversion for
three year sub-samples of age at first measurement. Specification is identical to that in columns 4 of Table 1
and Table 2, holding the recency parameter λ constant at the estimated value in those regressions. 95%
confidence intervals from standard errors clustered at the cohort by province of birth level.

In both samples we observe a positive correlation between age-heterogeneity and recency of
the estimated effects. Both are high Indonesia and low in Mexico. This positive correlation
will prove to be important when we consider whether existing models can accommodate our
empirical findings, as we discuss in the next section.

IV Model

Our aim in this model is to explore theoretically how lifetime experiences of volatility in
an individual’s environment shape her risk-taking behavior. This aim is motivated by our
empirical results. The first set of these document that in our samples from Indonesia and
Mexico living through periods of increasing macroeconomic volatility increases measured risk
aversion, when measured using experimental lotteries administered several years apart. This
result holds even though the lotteries are fixed between periods, their odds are known to the
agents, and the agents’ budget constraints are observed and controlled for. A result of this
nature is quite difficult to generate in standard neoclassical models of risky choice. To the
degree that these models would predict that experienced lifetime volatility affects measured
risk aversion, they would imply that it would operate through changes in beliefs about the
odds of the risky choice or changes in the economic constraints of the agent, neither of which
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appears to be driving the results in our setting. Alternatively, one might imagine that the
distribution of real GDP growth serves as a reference distribution for the agents, and that
their measured risk aversion adjusts to changes in it. This is the central mechanism in the
leading behavioral model of risky choice, expectations-based reference dependence (Koszegi
and Rabin (2006), Koszegi and Rabin (2007), Koszegi and Rabin (2009)). However, as
shown in Sprenger (2015), this model predicts a decrease in risk aversion when the reference
distribution becomes more risky, which is not in line with our first result. Our findings
might also plausibly follow from experience-based learning by the subjects (Malmendier,
Puozo and Vanasco (2019)). In this model, agents learn from lifetime experiences about the
mean of a macroeconomic indicator. This model, however, predicts a negative association
between recency of the effects and age-heterogeneity, which is not in line with our second set
of results. Hence the necessity of the current model.

The basic idea in our model is that agents live in an inescapably risky environment
about which they learn from personal experiences, with their changing beliefs about the
unavoidable risk shaping their risk-taking behavior over those risks that they can control.
To fix ideas, consider a farmer with limited access to savings or insurance technology who
each year must decide between planting a high-risk, high-return cash crop and planting a
low-risk, low-return food crop, before knowing the final price the cash crop will fetch at
market. In our model the farmer will form beliefs about the price risk she faces primarily
from price realizations over her lifetime, which will in turn change her planting decisions
year after year.

Our model is made up of two parts. To capture the period-by-period interaction between
risks in the agent’s environment and the risks she takes on in her choices we employ a model of
background risk (Pratt and Zeckhauser (1987), Kimball (1993), Gollier and Pratt (1996)). In
this class of models an expected utility maximizer is faced with two statistically-independent
sources of risk: an exogenous “background” risk, and an endogenous “foreground” risk. Be-
cause the agent is “risk vulnerable” (which means that they exhibit decreasing absolute risk
aversion and decreasing precautionary savings in wealth) mean-preserving spreads in the
background risk result in less risk taking by the agent in the foreground risk. To capture the
effects of lifetime experiences of the background risk on the agent we augment the background
risk model with a model of Bayesian updating in the presence of structural uncertainty, in
the spirit of (Weitzman (2007), Weitzman (2009)). In this learning model the agent believes
that the background risk is normally distributed, but does not know its mean or variance.
As a Bayesian, the agent uses the realizations of the background risk over her own lifetime

26



to update her beliefs about the background risk. The primary theoretical contribution of
our model is in combining these two frameworks and applying them to the study of the
adaptation of risk aversion to the environment over an individual agent’s lifetime. To our
knowledge this is the first model in the literature to do so.

The results of our model are summarized in three propositions. In Proposition 1 we show
that risk preferences over the foreground risk are monotonically increasing in experiences of
increasing volatility in the background risk. In Proposition 2 we explore the age profile of
these effects. We show that agents’ beliefs about the background risk in our model become
less sensitive to increases in volatility and more sensitive to decreases in volatility as they
age. This result implies that the age-heterogeneity of the effects of changes in volatility
on measured risk aversion in the population will depend on the sequence of volatility over
time. Finally, in Proposition 3 we examine the relative effects of positive and negative
shocks in our model. We find that our model predicts that large negative shocks increase
the agent’s measured risk aversion more than commensurate positive shocks. We conclude
by demonstrating that this dynamic downside risk effect is exhibited by agents in our data.

A The Choice Environment

Consider an agent born at time 0. In each period, indexed by t ∈ {1, 2, ..., T}, the agent
receives a wealth endowment w, and is exposed to two sources of risk. First, the agent
must choose an income lottery x̃ from a menu of lotteries X . We call x̃ the endogenous or
foreground risk, and denote its cdf Fx̃(x) and its pdf fx̃(x). The menu X is identical in each
period, and consists of a safe lottery xs, and a risky lottery xr, such that E[xs] < E[xr] and
V ar[xs] < V ar[xr]. To fix ideas, we think of the lotteries in X as objective gambles for
which the agent knows the odds, though X could also, without loss of generality, consist of
several insurance or investment options over which the agent has subjective beliefs, so long
as those beliefs do not change over time.

In addition to the endogenous lottery x̃ the agent is exposed in each period to an exoge-
nous background income risk ỹ, which is a random variable with time-invariant cdf Fỹ(y).
Background risk ỹ is statistically independent of all x̃ ∈ X in all t, and is unavoidable by
the agent. The agent does not know the parameters of Fỹ(y) but rather has beliefs over
them, which she updates each period as she experiences a new realization of ỹ. Denote with
Bt(y) and bt(y) the cdf and the pdf, respectively, of the agent’s beliefs distribution about
the outcomes of ỹ at time t.

We assume that the agent is an expected utility maximizer and has a four-times-differentiable
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Figure 8: Timing of events in the model
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utility function u for which u′ > 0 and u′′ < 0. u is defined over the wealth endowment, the
foreground risk, and the background risk:

Eu(w + x̃+ ỹ) =

∫ ∫
u(w + x+ y)fx̃(x)bt(y)dxdy (1)

=

∫ [ ∫
u(w + x+ y)bt(y)dy

]
fx̃(x)dx (2)

= Eu(w + x̃|ỹ) (3)

= Eu(w + x̃|Bt(y)), (4)

where the second equality follows from the law of iterated expectations. The main focus of
our model is on how changes in the agent’s perception of risk in Bt(y) affects her absolute
risk aversion in u, and her consequent choice of x̃.

B Timing

The timing of events in the model is shown in Figure 8. The agent enters period t with
income endowment w prior beliefs bt−1 about the background risk ỹ. She then chooses x̃
before ỹ is realized, given her beliefs. We assume that the agent does not have access to
a savings technology, so once x̃ and ỹ realize the agent consumes her endowment and the
combined realization w + x + y. At the end of the period the agent updates her prior bt−1

to posterior bt, which forms her prior in the next period.
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C Concavity of utility and changes in the background risk

We next detail how changes in beliefs about the background risk ỹ affect the agent’s absolute
risk aversion over w+ x̃. To do so, we first define what we mean by a distribution becoming
“more risky,” as well as the measures of risk aversion we will be using. For our measure of
risk we use second order stochastic dominance (SSD), which defines a consistent (partial)
ordering of random variables by risk in terms of the preferences of risk averse expected utility
maximizers like our agent:

Definition IV.1. For two distributions B1(y) and B2(y) with support in R, if B1(y) second
order stochastically dominates B2(y), then the following two things are are true:

1.
∫ y
−∞B1(s)ds ≤

∫ y
−∞B2(s)ds for all y ∈ R and E[B1(y)] = E[B2(y)];

2. All risk-averse expected utility maximizers will prefer B1(y) to B2(y).

If this is the case, we write “B1(y) SSD B2(y).”

To measure risk aversion over w+ x̃ we use the standard Arrow-Pratt measure of absolute
risk aversion. It will also be useful to define its higher-order analogues, the coefficients of
absolute prudence and temperance:

Definition IV.2. The agent’s coefficient of absolute risk aversion at time t is defined as

rt(w) = r(w|Bt(y)) ≡ −u
′′(w|Bt(y))

u′(w|Bt(y))
,

Definition IV.3. The agent’s coefficient of absolute prudence at time t is defined as

pt(w) = p(w|Bt(y)) ≡ −u
′′′(w|Bt(y))

u′′(w|Bt(y))
,

Definition IV.4. The agent’s coefficient of absolute temperance at time t is defined as

qt(w) = q(w|Bt(y)) ≡ −u
′′′′(w|Bt(y))

u′′′(w|Bt(y))
,

If more perceived risk in ỹ (an SSD deterioration in Bt(y)) leads the agent to be less
likely to choose the risky option for the foreground risk x̃ (so rt(w) goes up), then the two
sources of risk are substitutes for the agent. If the converse happens, they are complements.
In classic portfolio theory, the degree of substitutability between sources of risk is driven
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by the covariance between the sources of risk, with negatively correlated risks serving as
substitutes, or hedges. In our setting, however, x̃ and ỹ are statistically independent, an
assumption we make for consistency with the data in our empirical analysis, and in order
that ỹ be truly exogenous for the agent. Rather than due to hedging, substitutability of
risks in our model follows from skewness in the agent’s utility function (u′′′ > 0 and u′′′′ <
0). The theoretically relevant form of this skewness was first introduced by Ross (1981).
Ross’s notions of decreasing absolute risk aversion (DARA) and decreasing absolute prudence
(DAP) are very similar to the more standard Arrow-Pratt formulations of DARA (p(w) ≥
r(w) ∀w) and DAP (t(w) ≥ r(w) ∀w), but somewhat strengthened to allow for an ordering
of individuals by measured risk aversion when all the objects of choice are risky lotteries.
We will assume agents’ utility exhibits these properties:

Assumption IV.1. The agent’s utility function u exhibits decreasing absolute risk aversion
(DARA) in the sense of Ross, i.e. there exists a scalar c such that p(w + (x + y)) ≥ c ≥
r(w + (x+ y)′) ∀w and ∀(x+ y), (x+ y)′.

Assumption IV.2. The agent’s utility function u exhibits decreasing absolute prudence
(DAP) in the sense of Ross, i.e. there exists a scalar d such that q(w + (x + y)) ≥ c ≥
r(w + (x+ y)′) ∀w and ∀(x+ y), (x+ y)′.

Given these assumptions, Eeckhoudt, Gollier and Schlesinger (1996) prove the following
result:

Result 1. If B1(y) SSD B2(y) then r1(w) < r2(w) if and only if u satisfies assumptions IV.1
and IV.2.

Thus, given the DARA and DAP assumptions, we would expect a second order stochastic
deterioration in the background risk to result in the agent making a more risk averse choice
over the endogenous lottery.

How reasonable are these assumptions about the agent’s utility? A notable collection
of authors in the classical risk literature have argued that DARA and DAP, which together
imply that the agent exhibits “standard” risk aversion in the sense of Kimball (1993), are
a priori sensible assumptions about utility in the same way that the presumption of near-
universal risk aversion, for which they are the higher-order analogs, is (Arrow (1970), Pratt
(1964), Pratt and Zeckhauser (1987), Gollier and Pratt (1996)). DAP, for instance, implies
that the precautionary savings motive will decrease in wealth, which is intuitively appealing
(Kimball (1990)). DARA and DAP are also features of a broad class of utility functions
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Figure 9: Testing the DARA and DAP assumptions in our Indonesian data
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Notes: Result in panel (a) are from regression of measured absolute risk aversion in our Indonesian data
on total assets. Result in panel (b) are from regressing measured precautionary savings on total assets.
The precautionary savings measure was constructed by regressing total savings on measured expectations
of future well-being, health, and personal economic conditions, as well as present income, assets, well-being,
inflation and inflation expectations. The fraction of total savings predicted by expectations of future well-
being, health, and personal economic conditions is the measure of precautionary savings. Regressions in
both panel (a) and panel (b) are over wealth winsorized at the 1%-99% level, and include individual fixed
effects and controls for marital status, educational attainment, household size and household size squared.
Both regressions are clustered at the province-of-birth by birth-year level.

employed in theoretical and empirical applications, most notably CRRA utility, log utility,
and any other utility function that can be expressed as a mixture of exponentials (Pratt and
Zeckhauser (1987), Caballé and Pomansky (1996)). Most importantly, perhaps, is that we
can test the validity of these assumptions directly in our data. Panel (a) of Figure 9 displays
the results of regressing changes in within-person measured absolute risk aversion on wealth
in our Indonesian sample. While the results are noisy, qualitatively it appears that agents
exhibit decreasing, or at least non-increasing absolute risk aversion in wealth. Although we
do not have a direct measure for absolute prudence, we can run a similar test for DAP by
exploiting the close association between absolute prudence and precautionary savings. To
do this, we construct a measure of individual precautionary savings (details on this process
are in Figure 9), and regress it against measured wealth. Panel (b) of Figure 9 displays the
results of this regression, which provide substantial support to the hypothesis that agents in
our data exhibit DAP.
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D Learning from experience about the background risk

We next turn to how the agent’s beliefs about the background risk are formed. The key
hypothesis in our learning from experience model is that the agent is a Bayesian updater
who primarily uses her own experiences of the background risk (i.e. the realizations of ỹ over
her lifetime) as the data when forming her beliefs about the distribution of ỹ. We make the
following assumption about the form that her beliefs about the distribution of ỹ take:

Assumption IV.3. The agent believes that the distribution of the background risk is a
time-invariant normal random variable,

ỹ ∼ N (M,Σ2) ∀t, (5)

where M and Σ2 are both scalars that are unknown to the agent.

This assumption about the agent’s perceived distribution for the background risk consists
of two components: that the perceived distribution of ỹ is normal, and that both its mean
and variance are unknown to the agent. We arrive at the second part of the hypothesis
because we are interested in our setting in how changes in beliefs about risk in the agent’s
environment affect their risk-taking behavior. “Risk” has many definitions, but all of them
include some notion of trade-off between the higher and lower moments of a gamble, typically
mean and variance. For the agent’s beliefs about background risk to meaningfully change,
then, it must be the case that their beliefs about both the mean and the higher moments
could change. This is not possible in the more typical belief updating framework where only
the mean of the distribution is unknown.

We arrive at the first part of the assumption, the normal specification, for two reasons.
The first is theoretical tractability. In a normal distribution the mean and variance are
jointly summary statistics, so the effect of realizations on the agent’s updating can be sum-
marized entirely through their effect on the posterior mean and variance. This simplifies
the analysis of the effect of realizations on beliefs about risk significantly, as we will see
below. Second, and perhaps more importantly, normality (or at least single-peakedness and
symmetry, which would deliver the same results with less analytical tractability) is a good ap-
proximation of the true empirical process underlying sub-national GDP growth in our data,
as can be seen in Figure 10. As such, it is sensible that a rational agent might hold this
belief about the distribution of ỹ. It is also worth noting that we can think of the normality
assumption as representing something like the agent’s second-order Taylor approximation
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Figure 10: Province (state) level GDP growth distribution in Indonesia and Mexico
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Notes: Real GDP growth at the province level for Indonesia 1976-2015 and at the state level for Mexico
1940-2015. Outliers beyond ±24% trimmed for clarity.

of a more complicated random variable. Under this bounded-rationality interpretation, the
agent believes that the background risk is generated from a random variable with non-trivial
higher moments, but uses a simpler two-moment distribution as an approximation to the
true random variable due to cognitive or attention constraints. Under this interpretation,
our learning model would be related to quasi-rational models of “natural expectations,” as
in Fuster, Laibson and Mendel (2010).

Given the normal distribution of the signal, it is convenient to additionally assume that
the agent’s prior takes the form of a normal-scaled-inverse-chi-squared (NIχ−2) random
variable. Let p(M,Σ2) be the agent’s prior over the unknown mean and variance. Then

p(M,Σ2) = NIχ−2(µ0, κ0, ν0, σ
2
0) (6)

= N (M |µ0,Σ
2/κ0)× χ−2(Σ2|ν0, σ

2
0) (7)

=

√
κ0√

2πΣ2
exp

[
− κ0(M − µ0)2

2Σ2

]
× (σ2

0ν0/2)ν0/2

Γ(ν0/2)
·

exp
[
− ν0σ2

0

2Σ2

]
(Σ2)1+ν0/2

, (8)

where the hyperparameters µ0 and σ2
0 represent the agent’s prior values of M and Σ2 and

κ0 and ν0 (κ0 > 0, ν0 > 2) represent her confidence in her priors of the mean and variance,
respectively. Note that this distribution implies that the agent’s prior mean (over both the
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signal mean and variance) is

E0[M ] = µ0 (9)

E0[Σ2] =
ν0

ν0 − 2
σ2

0 (10)

We choose this form for the prior for analytical convenience—given the normal signal struc-
ture with unknown mean and variance the NIχ−2 forms a conjugate prior. In other words,
with the normal signal structure and the NIχ−2 prior, the posterior for the agent will also be
of the NIχ−2 family, with updated hyperparameters. This yields a closed form solution for
the posterior mean and variance, as the following result, proven in Degroot (1970)8 shows:

Result 2. Suppose that Y1, ..., Yt is a random sample from a normal distribution with an
unknown mean M and an unknown variance Σ2. Suppose also that the prior joint distribution
of M and Σ2 is as follows: the conditional distribution of M when Σ2 = σ2 (σ2 > 0) is a
normal distribution with mean µ0 and variance σ2/κ0 such that −∞ < µ0 <∞ and κ0 > 0,
and the marginal distribution of Σ2 is a scaled-inverse-chi-squared with parameters ν0 and
σ2

0 such that ν0 > 0 and σ2
0 > 0. Then the posterior joint distribution of M and Σ2 when

Yi = yi(i = 1, ..., t) is as follows: the conditional distribution of M when Σ2 = σ2 is a normal
distribution with mean µt and variance σ2/(κ0 + t), where

µt =
κ0µ0 + tȳ

κ0 + t
(11)

and the marginal distribution of Σ2 is a scaled-inverse-chi-squared distribution with param-
eters νt = ν0 + t and σ2

t , where

σ2
t =

1

νt

[
ν0σ

2
0 +

t∑
i=1

(yi − ȳ)2 +
tκ0

κ0 + t
(µ0 − ȳ)2

]
. (12)

Under the normal-scaled-inverse-chi-squared conjugate prior described above, the poste-
8Degroot (1970) [pg.169] proves this lemma for the parameterization of the normal in terms of mean and

precision. For simplicity, we use the alternative parameterization for the normal in terms of the mean and
variance. The form of the posterior variance in the stated lemma follows trivially from replacing the Gamma
prior marginal distribution of the precision in Degroot (1970) with a NIχ−2 prior marginal distribution for
the variance, as shown in Murphy (2007).
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rior mean (over both the signal mean and variance) has simple closed-form expressions:

Et[M |Y1, ..., Yt] = µt =
κ0µ0 + tȳ

κ0 + t
(13)

Et[Σ2|Y1, ..., Yt] =
νt

νt − 2
σ2
t =

1

ν0 + t− 2

[
ν0σ

2
0 +

t∑
i=1

(yi − ȳ)2 +
tκ0

κ0 + t
(µ0 − ȳ)2

]
. (14)

Three things are worth noting given the results of Result 2. First, while the posterior
mean is a weighted average of the prior and the sample mean (as is the case in the sim-
pler Bayesian updating model where the signal is normal with unknown mean and known
variance), the posterior variance is a weighted sum of the prior variance, the sample sum of
squares, and the squared difference of the sample mean ȳ from the prior mean µ0. This ad-
ditive form of the posterior variance makes analyzing the effects of a mean preserving spread
in the agent’s experiences quite tractable, as we will see in Proposition 1 and Proposition 2.
Second, it should be clear from the form of the posteriors that in this updating model the
mean and variance are dependent random variables. Since both the posterior mean and vari-
ance are functions of (µ0 − ȳ), any set of experiences other than a mean preserving spread
or scrunch will change both simultaneously. This is the driver of the asymmetry result in
Proposition 3.

Third, while the conditional distribution of the posterior mean in this model is normal,
its marginal distribution is in fact a student’s t (precisely, a tνt(M |µt, σ2

t /κt)), as is its
posterior predictive (tνt(νt, (1 + κt)σ

2
t /κt). This means that the model generates fat tails

in the agent’s predictions about the mean, as in models of structural uncertainty. This
class of models which features a similar learning process, applied Knightian uncertainty at
the societal or representative agent level (Weitzman (2007), Weitzman (2009)). Our model
features a similar intuition about the process of learning about risk, but applied to decision
making at the individual level.

E The effect of changes in background risk on risk aver-

sion

We are now ready to state and prove the main result of the model. In short, Proposition 1

states that given the model set-up we described above, the agent’s risk aversion in the
endogenous risk monotonically increases in the background risk, even though the risks are
statistically independent, and the agent’s budget constraint does not change. In other words,
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an agent living in an environment in which risk is increasing (in the mean preserving spread
sense) will become less risk taking in their own behavior, with the inverse effect for the agent
living in an environment where risk is decreasing. This effect is driven primarily by the
higher order concavity in the agent’s utility function, which results in an increase in the risk
in the background risk functioning as a negative income shock from the agent’s perspective.
Coupled with the fact that the agent exhibits decreasing absolute risk aversion in income,
this translates to an increase in her absolute risk aversion when background risk increases.
This theoretical result corresponds to the main empirical result in subsection A.

Proposition 1. Suppose that an agent is an expected utility maximizer with an increasing
and concave utility function u(w + x̃ + ỹ), x̃ ⊥ ỹ, who exhibits DARA and DAP. Sup-
pose further that the agent is a Bayesian born at time 0 who believes the background risk
has the distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2 are unknown, and possesses a
NIχ−2(µ0, κ0, ν0, σ

2
0) prior over M and Σ2 at time 0. Denote by Bt(y) the agent’s belief

distribution over outcomes of ỹ at time t. Let {Y1, ..., Yt} be a random sample from ỹ such
that ȳt = 1/t

∑t
i=1 yi and s

2
t = 1/t

∑t
i=1(yi − ȳ)2. Then:

• Case 1 (mean-preserving spread): ȳt = µ0 and s2
t >

ν0
ν0−2

σ2
0 ⇒ rt(w) > r0(w);

• Case 2 (mean-preserving scrunch): ȳt = µ0 and s2
t ≤ ν0

ν0−2
σ2

0 ⇒ rt(w) ≤ r0(w).

Proof. See Appendix M.

F The age dependence of sensitivity to changes in back-

ground risk

We next turn to examining how the effects of changes in background risk on risk aversion
vary by age in our model. In the following proposition we demonstrate that in our model the
agent’s beliefs about volatility will become less sensitive to increases in background risk as
she ages and more sensitive to decreases in background risk. Formally, these are concavity
results for the agent’s posterior beliefs about variance in t. We use a specific notion of
concavity known as discrete midpoint concavity.9 Let a and b be two arbitrary time periods
such that b > a ≥ 0, with midpoint c = (b − a)/2. The idea here is to show that a mean

9Midpoint convexity is known to imply convexity for continuous functions under very mild regularity
assumptions. In fact, Jensen, in his seminal paper on convexity proved that midpoint convexity implied
convexity for continuous or bounded functions (Jensen (1905)). See Moriguchi et al. (2019) on how discrete
midpoint convexity can serve as a unifying framework for defining the convexity of discrete functions.
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preserving spread in the background risk from a to c will affect the agent’s posterior variance
more than an equal-sized (relative to the prior) mean preserving spread in the background
risk from c to b, with the opposite true for mean preserving scrunches in the background
risk:

Proposition 2. Suppose that an agent is a Bayesian, born at time 0, who believes the
background risk has distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2 are unknown, and
possesses a NIχ−2(µ0, κ0, ν0, σ

2
0) prior over M and Σ2 at time 0. Let {Yτ1 , ..., Yτ2}, the set

of experienced realizations of ỹ from period τ1 to period τ2, be a random sample from ỹ such
that ȳτ1τ2 = 1/(τ2 − τ1)

∑τ2
i=τ1+1 yi and s

2
τ1τ2

= 1/(τ2 − τ1)
∑τ2

i=τ1+1(yi − ȳτ1τ2)2. Let a, b, c be
three time periods such that b > a ≥ 0 and c = (b− a)/2. Assume ȳτ1τ2 = µ0 ∀τ1, τ2 ≤ b, and∑c

i=a+1(yi − µ0)2 =
∑b

i=c+1(yi − µ0)2. Then:

• Case 1 (Midpoint concavity in age in mean-preserving spreads): ∀a, b, Ea[Σ2|Y1, ..., Ya] <

s2
ab if and only if 2Ec[Σ2|Y1, ..., Yc] > Ea[Σ2|Y1, ..., Ya] + Eb[Σ2|Y1, ..., Yb];

• Case 2 (Midpoint convexity in age in mean-preserving scrunches): ∀a, b, Ea[Σ2|Y1, ..., Ya] ≥
s2
ab if and only if 2Ec[Σ2|Y1, ..., Yc] ≤ Ea[Σ2|Y1, ..., Ya] + Eb[Σ2|Y1, ..., Yb].

Proof. See Appendix M.

In our empirical analysis we found evidence of decreasing sensitivity of measured risk
aversion to changes in risk as individuals age [subsection B] in Indonesia and no change in
sensitivity in age in Mexico. Our model yields a set of related, but somewhat more subtle
predictions. We find that the agent’s posterior variance is concave in age for increases in risk,
and convex for decreases. In other words, as the agent ages, her beliefs about the background
risk become less sensitive to increases in the risk and more sensitive to decreases in the risk.
The effect of this changing sensitivity of beliefs about the background risk on measured risk
aversion over the endogenous lottery, however, is theoretically ambiguous, since the relative
change in measured risk aversion when the agent is young and when she’s old depends on
the curvature of u and the value of the income endowment w. Since an increase in the
background risk functions as a negative income shock for the agent, and moves her to a more
concave region of her utility function, the decreasing sensitivity in beliefs about background
risk is counterbalanced by an increasing marginal effect of changes in beliefs on measured
risk aversion.
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G The asymmetric effects of positive and negative shocks

So far we have been focused on lifetime changes in risk in the sense of mean-preserving spreads
with respect to the agent’s prior. These are sets of experiences the agent can have that change
their beliefs about the variance of ỹ without changing their beliefs about its mean. Since
both the mean and variance of the background risk can change in our model it is also worth
asking whether our model makes any predictions about the implications for measured risk
aversion of other kinds of sets of experiences. It turns out that the answer is yes: the model
implies a natural asymmetry between the effects of positive and negative shocks on risk
aversion. This asymmetry is driven by the aforementioned dependence between the mean
and the variance in our model—the fact that the same set of realizations, if resulting in a
departure from the prior mean, will change both the agent’s posterior mean and her posterior
variance—and by the fact that the posterior mean is a linear function of the data’s distance
from the prior mean, while the posterior variance is a quadratic function of this distance.
The consequence of this is that a while both positive and negative sets of realizations increase
the posterior variance (thus increasing risk aversion), negative shocks decrease the posterior
mean (increasing risk aversion) while positive shocks increase the posterior mean (decreasing
risk aversion). Since both the mean and variance effects operate in the same direction for
negative shocks but in opposite directions for positive shocks, negative shocks increase the
agent’s risk aversion more than commensurate positive shocks. We visualize the result of
composing these two effects on risk tolerance in Figure 11, and formalize the intuition in the
following proposition:

Proposition 3. Suppose that an agent is an expected utility maximizer with an increasing
and concave utility function u(w + x̃ + ỹ), x̃ ⊥ ỹ, who exhibits DARA and DAP. Sup-
pose further that the agent is a Bayesian born at time 0 who believes the background risk
has the distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2 are unknown, and possesses a
NIχ−2(µ0, κ0, ν0, σ

2
0) prior over M and Σ2 at time 0. Let Dp

t = {Y p
1 , ..., Y

p
t } and Dn

t =

{Y n
1 , ..., Y

n
t } be two alternative random samples from ỹ such that for j ∈ {p, n}, ȳjt =

1/t
∑t

i=1 y
j
i and (s2

t )
j = 1/t

∑t
i=1(yji − ȳ)2, and define Bj

t (y) as the belief distribution of the
agent over the outcomes of ỹ at time t given her experiencing Dp

t . Then together (1) ȳpt > µ0

> ȳnt , (2) |ȳ
p
t − µ0| = |ȳnt − µ0| > 0, and (3) (s2

t )
p = (s2

t )
n ⇒ rt(w|Bp

t (y)) < rt(w|Bn
t (y)).

Proof. See Appendix M.

Proposition 3 generates a testable implication of our model: the marginal effect of changes
in experienced volatility on measured risk preferences should be higher for agents for whom
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Figure 11: Visualizing the asymmetric effects of positive and negative realizations on risk
aversion
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Note: Vertical axes for both figures represent change in the agent’s risk tolerance (−r(w)) from birth to t
(r0(w) − rt(w)), with the origin at the prior risk tolerance r0(w). Horizontal axes represent the difference
between the sample mean and the prior mean (ȳt − µ0), with the origin at the prior mean µ0. Subfigure
(a) displays the effects of a change in ȳt relative to µ0 on risk tolerance through both channels of changing
the posterior mean and changing the posterior variance individually. Standard deviation is shown instead
of variance to match with the units of the mean effect. Subfigure (b) displays both effects summed. The
result in Proposition 3 is seen in the fact that |d| > |e|, even though |ȳt − µ0| is identical for the underlying
data sets generating both effects. The graphical representation captures the basic mathematical intuition
of Proposition 3: whereas the posterior mean, as a function of the data, is odd about the prior mean, the
posterior variance is an odd function about the prior mean. Since risk tolerance is a monotonic function in
the sum of the posterior mean and the posterior variance, and since the sum of an even function and an odd
function is neither, risk tolerance as a function of ȳt is asymmetric about µ0.
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Figure 12: The asymmetric effects of positive and negative shocks on risk aversion in the
data
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Notes: Indoensia and Mexico samples split on positive versus negative changes in experienced mean growth
(At(λ)). Results of specification 2 (only experienced variance, not controlling for growth) in Table 1 and
Table 2 for each sample. Results clustered at the province-of-birth by birth-year level.

that change is associated with a decline in the experienced mean than for agents for whom it is
associated with an increase in the experienced mean. We test this prediction by splitting our
samples in Indonesia and Mexico each into two groups, one composing the agents for whom
the weighted experienced mean At(λ) increased between the two periods of measurement, and
the consisting of those agents for whom At(λ) declined. We then compare the marginal effect
of the change in variance Vt(λ) across the two groups. Though the sub-sample estimates are
somewhat noisy, particularly for Mexico, the overall pattern of results, shown in Figure 12,
provides strongly suggestive evidence that the risk aversion of agents experiencing negative
shocks was more affected by changes in experienced volatility than the risk aversion of agents
experiencing positive shocks.

The observation that negative shocks can have an inordinate effect on individual choices
relative to commensurate positive shocks is not new, of course. Behavioral models of risk
taking since Kahneman and Tversky (1979) have featured an assumption of loss aversion, and
it is common in empirical work in finance to assume that “downside risk” is more important
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than upside risk to investors (Roy (1952), Nawrocki (1999)). An important distinction
between the result in our setting and those in previous frameworks is that the asymmetric
effects we observe are over risk aversion on the endogenous risk, rather than the utility of
the background risk. In other words, negative shocks in our model aren’t “more painful,”
but rather are “more scary.” Our asymmetry result should thus be properly thought of as
an endogenously generated dynamic downside risk effect.

V Conclusion

In this paper we present empirical evidence that the co-occurrence of high macroeconomic
volatility and low risk-taking behavior in developing countries is due, in part, to the fact
that cumulative experiences of macroeconomic volatility directly and persistently shape risk
attitudes for individuals in these countries. We document three new facts about this rela-
tionship in Indonesia and Mexico: (1) living through periods of increasing macroeconomic
volatility increases measured risk aversion; (2) there is a positive correlation between the
recency and the age-heterogeneity of these effects; (3) large negative shocks increase mea-
sured risk aversion more than commensurate positive shocks. In addition, we build a model
that can rationalize the observed effects, wherein agents learn from lifetime experiences of
exogenous volatility about the background risk in their environments, which in turn shapes
their endogenous risky choices.

Our results have concrete implications for the conduct of macroprudential policy. In
particular, our analysis suggests that monetary and fiscal policy-makers in developing (and
perhaps also developed) countries could increase their efficacy in managing systemic risk
by taking into account the demographic distribution of lifetime volatility experiences. For
instance, consider a scenario similar to the aftermath of the Asian Financial Crisis in Indone-
sia: a period of macroeconomic stabilization following a large negative shock. Our analysis
implies that the negative effect of the crisis on the risk-taking of the young will likely be
larger than its effect on the risk taking of the old, and that the positive effect of the recovery
on the risk-taking of the young will likely be smaller than its effect on the risk-taking of the
old. Since the young are overrepresented in the labor market and the old are overrepresented
in capital markets this could lead to an imbalance in risk-taking behavior across sectors in
the economy, with excessive risk-taking in financial markets and insufficient risk-taking in
labor markets. This imbalance, if anticipated by policy makers, could be proactively avoided
through the implementation of financial regulation and labor market reforms.
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One important question of interpretation that we have not addressed thus far is whether
the observed effects constitute changes to individual risk preferences per se, or rather to
the subjects’ beliefs about risk. To a large degree this is a philosophical question, since
what we mean by preferences depends on the model of utility we use to represent the agent’s
decision-making process. We can see this if we return to our model’s definition for the agent’s
utility, which is defined over both the foreground and background risks. We can easily write
this utility function u as equivalent to the induced utility function v, defined over just the
foreground risk. An agent with utility function v over the foreground risk behaves exactly
as an agent with utility function u over both sources of risk:

Evt(w + x̃) = Eu(w + x̃|Bt(y)).

Under one interpretation (represented by the right hand side of the equation) agent prefer-
ences are fixed and stable, and the observed effects are entirely due to changes in the agent’s
information set and beliefs. Under the other interpretation (captured by the left hand side),
preferences as we commonly think of them (i.e. as arising from choice) are changing over
time due to experiences. It is important to note that this paper accommodates both inter-
pretations. Both our empirical results and the mechanisms we argue are at play are very
similar under each.

Given that we cannot observe preferences and beliefs directly, the question of which one
in particular is changing is less important than the notion that the relevant psychological
primitive systematically adapts to risk in the agent’s environment, which is the core idea of
this paper. Accepting this idea allows us to engage with a set of questions about the drivers
of risk attitudes that have heretofore been under-explored in the economics literature. In
particular, future work should seek to address the question of the interaction between changes
in background risk and measured risk aversion at different temporal frequencies. Doing so is
crucial for linking our analysis on risk preference adaptation over the time scale of a human
life with work on preference adaptation over longer, even evolutionary time scales. Another
important question we hope to address in future work is the relationship between social
learning and experience-based learning, and particularly the ways in which risk preference
adaptation is transmitted intergenerationally.
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Appendix

A Summary statistics

Table 5: Summary Statistics (sample mean)

Indonesia Mexico
Sample: Primary sample Full sample Primary sample Full sample

Measured Risk aversion 3.505 3.521 2.429 2.410
Woman 0.572 0.529 0.592 0.585
Age 26.80 37.32 39.34 42.02
Married 0.732 0.810 0.670 0.652
Household Size 4.827 5.211 5.788 5.654
Comp. Elementary 0.242 0.346 0.466 0.504
Comp. Junior High 0.241 0.197 0.271 0.254
Comp. High School 0.362 0.317 0.141 0.131
Above High School 0.154 0.140 0.121 0.111
Self-employed 0.289 0.385 0.221 0.222
Currently smoke 0.292 0.320 0.086 0.084
Ever migrated 0.149 0.171 0.146 0.149
Income/month (mil. of rupiah, pesos) 8.378 8.868 2,286 2,420
Consumption/month (mil. of rupiah, pesos) 2.349 2.448 1812 1768
Savings (mil. of rupiah, pesos) 7.902 8.756 10,175 9,522
Borrowing (mil. of rupiah, pesos) 2.439 2.675 5,072 4,707

Observations 13,094 55,820 17,779 25,005
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B Geographic distribution of survey samples in our data

Figure 13: Distribution of the primary sample in Indonesia by province of birth
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Figure 14: Distribution of Mexican sample for main analysis by state of birth
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C Construction of Risk aversion measures

Figure 15: Construction of risk aversion measure in IFLS2 and IFLS3

Notes: Higher numbers for “Risk” indicate a higher rate of measured risk aversion. Values are in
Indonesian Rupiah.
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Figure 16: Construction of risk aversion measure in MXFLS2

Notes: Higher numbers for “Risk” indicate a higher rate of measured risk aversion. Values are in Mexican
Pesos.
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Figure 17: Construction of risk aversion measure in MXFLS3

Notes: Higher numbers for “Risk” indicate a higher rate of measured risk aversion. Values are in Mexican
Pesos.
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D Sample distribution for risk aversion measures

Figure 18: Histogram of Measured Risk Aversion buckets across IFLS4 and IFLS5
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Notes: Measured Risk aversion: 1-5, 5 highest measured risk aversion. Distributions for individuals in
main regressions: born after 1977, and present in both 2007 and 2014 surveys.
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Figure 19: Histogram of Measured Risk Aversion buckets across MXFLS2 and MXFLS3
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E Correlates of risk aversion measures in the cross-section

Table 6: Correlates of risk preference measures

Indonesia Mexico
Dep. Var: Measured Risk Aversion Measured Risk Aversion
Sample: X-Sec Panel X-Sec Panel

-0.11*** -0.10*** 0.01 0.02Self-employed (0.018) (0.021) (0.04) (0.04)
-0.10*** -0.08** 0.03 0.04Migrated (0.023) (0.033) (0.04) (0.04)

0 0.01 -0.02 -0.01Income (0.08) (0.08) (0.03) (0.03)
-0.05*** -0.05*** 0.02 0.04Consumption (0.011) (0.013) (0.02) (0.03)
-0.01 -0.01 0.02 0.01Total assets (0.010) (0.012) (0.01) (0.01)

-0.03*** -0.03*** 0.003 0.002Borrowing (0.010) (0.011) (0.01) (0.01)
-0.01 -0.01 0.0003 0.004Savings (0.011) (0.012) (0.02) (0.02)

0.09*** 0.07* -0.14*** -0.13**Smoker (0.030) (0.038) (0.05) (0.06)
-0.06*** -0.04** 0.001 0.001Cigs/day (0.02) (0.02) (0.0001) (0.0001)
0.28*** 0.26*** 0.07** 0.05Woman (0.023) (0.028) (0.03) (0.03)
-0.015*** -0.014*** -0.011** -0.012*Age (0.004) (0.005) (0.005) (0.006)
0.002*** 0.002*** 0.0001** 0.0001*Age2

(4.25e-05) (5.64e-05) (6.10e-05) (6.87e-05)

Observations 35,848 23,995 12,666 10.086
R-squared 0.052 0.056 0.025 0.020

Coefficients from regressions of dependent variables on all covariates. Monthly
income and consumption. Income, consumption, assets, borrowing, and savings
at household level. Standard errors clustered at the cohort by province of birth in
parenthesis. Controls: Time FE, Province FE, HH size, marital status education
dummies, and religiosity dummies (religiosity dummies only for Indonesia). All
HH-level outcomes in SD units. *** p<0.01, ** p<0.05, * p<0.1. “X-SEC” refers
to subjects appearing in at least one wave; “Panel” refers to those who appear in
both.

57



F Relative weighting schemes for λ at different agent ages

Figure 20: Relative weights placed on years of growth for individual aged 15 at different
levels of λ
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Figure 21: Relative weights placed on years of growth for individual aged 50 at different
levels of λ
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G Controls included in subsubsection A.1

Table 7: Description of controls included in Table 3 (Indonesia)

Category Variables Included

Household Balance Sheet

Total value of household assets
Total household income

Total household consumption
HH Assets x Experienced average growth
HH Assets x Experienced growth volatility
HH Income x Experienced average growth
HH Income x Experienced growth volatility

HH Consumption x Experienced average growth
HH Consumption x Experienced growth volatility

Income Expectations Perceived current position in wealth distribution
Expected position in wealth distribution in 5 years

Inflation Expectations How likely to keep standard of living in 5 years, given inflation last year
Realized province-level inflation one year after survey*

Trust How likely it is that a neighbor, stranger and the police return misplaced wallet**

Life Expectancy
Perceived current health status

Expected health status next year (relative to today)
Perceived likelihood of keeping current activity levels in 5 years

Rates of Return Average annual return (rent) to houses, buildings or land in Kabupaten***
Average annual return to savings, certificates of deposit and stocks in Kabupaten†

Violence

Perceived safety level of village
Perceived safety of walking in village alone at night

Occurrence of civil strife in household’s region of residence in last 5 years
Civil strife severe enough to cause death, major injury,
direct financial loss, or relocation of any member of HH

Natural Disasters

Occurrence of natural disaster‡ in household’s region of residence in last 5 years
Natural disaster severe enough to cause death, major injury,

direct financial loss, or relocation of any member of HH

*We include the province level inflation realized one year after each survey wave since in a rational expectations model, the realized
inflation rate approximates the average inflation expectation. **The (ordinal) perceived likelihoods of a neighbor, a stranger and the
police returning a misplaced wallet are added up to generate an "overall" measure of trust for each person. ***The return (rent)
estimate for houses, buildings and land does not include the household and land occupied by the household. †We compute these
rates of return by dividing the annual income from the rent/interest of each asset by its total value for each household that reports
ownership of the given asset. We then average these rates of return across every Kapupaten. ‡ Natural disasters considered are floods,
landslides, mudflows, volcanic eruptions, earthquakes, tsunamis, windstorms, forest fires and fires.
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Table 8: Description of controls included in Table 4 (Mexico)

Category Variables Included

Household Balance Sheet

Total value of household assets
Total household income

Total household consumption
HH Assets x Experienced average growth
HH Assets x Experienced growth volatility
HH Income x Experienced average growth
HH Income x Experienced growth volatility

HH Consumption x Experienced average growth
HH Consumption x Experienced growth volatility

Income Expectations Perceived current position in wealth distribution
Expected position in wealth distribution in 5 years

Inflation Expectations How likely to keep standard of living in 5 years, given inflation last year
Realized province-level inflation one year after survey*

Trust How likely it is that a neighbor, stranger and the police return misplaced wallet**

Life Expectancy
Perceived current health status

Expected health status next year (relative to today)

Violence

Perceived safety level of village
Feels safe at home

Fear of assault during the day
Fear of assault at night

No. of times robbed, assaulted, kidnapped
Experienced family/friend robbed, assaulted, kidnapped in last 12 month

Natural Disasters Household/business lost due to natural disaster

*We include the state level inflation realized one year after each survey wave since in a rational expectations model, the realized
inflation rate approximates the average inflation expectation. **The (ordinal) perceived likelihoods of a neighbor, a stranger and
the police returning a misplaced wallet are added up to generate an "overall" measure of trust for each person. ‡ Natural disasters
considered are floods, landslides, mudflows, volcanic eruptions, earthquakes, tsunamis, windstorms, forest fires and fires.
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H Robustness to sample selection

A Including individuals born prior to 1977 in Indonesia, and prior

to 1941 in Mexico

Table 9: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Indonesia, including individuals born prior
to 1977

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.35∗∗∗ 0.064∗ 0.081∗∗
(0.044) (0.028) (0.028)

Experienced Growth Volatility 0.89∗∗∗ 0.93∗∗∗ 1.05∗∗∗
(0.084) (0.09) (0.092)

λ 5.1∗∗∗ 46.04∗∗∗ 46.70∗∗∗ 46.61∗∗∗
(0.195) (3.55) (3.57) (3.02)

N 17299 17299 17299 16083
R2 0.017 0.028 0.028 0.031
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. Province-level inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, *
p<0.1.
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Table 10: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Mexico, including individuals born prior to
1941

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.048*** -0.36** -0.39∗∗
(0.014) (0.12) (0.12)

Experienced Growth Volatility 0.52∗∗∗ 0.55∗∗∗ 0.55∗∗∗
(0.081) (0.093) (0.093)

λ 225.9 1.21∗∗∗ 0.82∗∗∗ 0.82∗∗∗
(150.6) (0.072) (0.040) (0.38)

N 9663 9663 9663 9485
R2 0.002 0.005 0.005 0.006
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions es-
timated via NLLS. State-level inflation included in all regressions. Standard errors clustered
at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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B Excluding gamble averse individuals in Indonesia

Table 11: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Indonesia, excluding gamble averse individ-
uals

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.064 -0.021 -0.025
(0.070) (0.063) (0.061)

Experienced Growth Volatility 0.836∗∗ 0.801∗ 0.811∗∗
(0.29) (0.35) (0.30)

λ 3.100∗ 45.85∗∗∗ 45.28∗∗∗ 44.1∗∗∗
(1.28) (9.97) (11.5) (10.1)

N 2872 2872 2872 2841
R2 0.015 0.027 0.027 0.030
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 2-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. Province-level inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, *
p<0.1.
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I Robustness to alternate specifications of measured risk

aversion

Table 12: Individual fixed effects regressions of alternative specifica-
tions of measured risk aversion on macroeconomic experiences in In-
donesia

Dep. Var.: Measured Risk Aversion (1) (2)
Ord. Probit Binary Measure

Experienced Average Growth 0.023 -0.01
(0.024) (0.015)

Experienced Growth Volatility 0.703∗∗∗ 0.37∗∗∗
(0.051) (0.051)

λ 33.3† 33.9∗∗∗
(4.01)

N 6299 6299
R2 0.013χ 0.042
Individual FE X X
Year FE X X
Demographics X X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic con-
trols: marital status, education level, household size and household size squared.
Regression in column 1 estimated via Ordered Probit, and regressions in columns
2 and 3 estimated via NLLS. Province-level inflation included in all regressions.
Standard errors clustered at the cohort by province of birth level in parenthesis. †
Due to the non-linear structure of the ordered probit specification, the value of λ
was taken from the baseline regression and not re-estimated. χ Pseudo− R2. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 13: Individual fixed effects regressions of alternative specifications
of measured risk aversion on macroeconomic experiences in Mexico

Dep. Var.: Measured Risk Aversion (1) (2)
Ord. Probit Binary Measure

Experienced Average Growth -0.15∗∗ -0.22∗∗∗
(0.070) (0.038)

Experienced Growth Volatility 0.34∗∗∗ 0.145∗∗∗
(0.056) (0.031)

λ 0.6† 0.58∗∗∗
(0.031)

N 8527 7300
R2 0.002χ 0.010
Individual FE X X
Year FE X X
Demographics X X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regression
in column 1 estimated via Ordered Probit, and regressions in columns 2 and 3 estimated
via NLLS. State-level inflation included in all regressions. Standard errors clustered at
the cohort by state of birth level in parenthesis. † Due to the non-linear structure of
the ordered probit specification, the value of λ was taken from the baseline regression
and not re-estimated. χ Pseudo−R2. *** p<0.01, ** p<0.05, * p<0.1.
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J Robustness to alternate specifications of macroeconomic

experiences

A Province of residence macroeconomic conditions

Table 14: Individual fixed effects regressions of measured risk aversion on life-
time macroeconomic experiences in Indonesia

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.494∗∗∗ -0.0212 -0.0311
(0.080) (0.040) (0.040)

Experienced Growth Volatility 0.968∗∗∗ 0.952∗∗∗ 0.954∗∗∗
(0.11) (0.11) (0.12)

λ 3.027∗∗∗ 27.92∗∗∗ 27.57∗∗∗ 27.26∗∗∗
(0.125) (3.99) (3.80) (3.72)

N 6403 6403 6403 6330
R2 0.023 0.041 0.041 0.044
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: mari-
tal status, education level, household size and household size squared. Regressions estimated
via NLLS. Province-level inflation included in all regressions. Standard errors clustered at
the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.

68



Table 15: Individual fixed effects regressions of measured risk aversion on
lifetime macroeconomic experiences in Mexico

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth 0.068∗∗ -0.45∗∗∗ -0.51∗∗∗
(0.026) (0.11) (0.12)

Experienced Growth Volatility 0.39∗∗∗ 0.47∗∗∗ 0.48∗∗∗
(0.080) (0.093) (0.097)

λ 14.1∗∗ 1.38∗∗∗ 0.80∗∗∗ 0.60∗∗∗
(5.35) (0.11) (0.041) (0.027)

N 8679 8679 8679 8527
R2 0.002 0.004 0.005 0.006
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. State-level inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05,
* p<0.1.

Table 16: Inclusion of Controls in Indonesia (Lifetime macroeconomic conditions)

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Experienced Average Growth -0.03 -0.01 0.00 0.03 0.03 -0.02 0.02 0.02 0.07 0.08

(0.04) (0.05) (0.05) (0.08) (0.08) (0.08) (0.08) (0.08) (0.09) (0.09)
Experienced Growth Volatility 0.96*** 0.84*** 0.84*** 0.93*** 0.89*** 0.79*** 0.76*** 0.77*** 0.76*** 0.75***

(0.08) (0.12) (0.12) (0.15) (0.15) (0.16) (0.16) (0.16) (0.16) (0.16)

λ 27.3 27.3 27.3 27.3 27.3 27.3 27.3 27.3 27.3 27.3
Observations 6,330 5,864 5,354 4,015 4,004 3,577 3,078 3,078 3,078 3,078
R-squared 0.04 0.05 0.05 0.07 0.08 0.07 0.08 0.08 0.08 0.09

Individual FE X X X X X X X X X X
Year FE X X X X X X X X X X
Demographics X X X X X X X X X X
HH Bal Sheet X X X X X X X X X
Income Exp. X X X X X X X X
Inflation Exp. X X X X X X X
Life Exp. X X X X X X
Trust X X X X X
Rates of Return X X X X
Violence X X X
Natural Disasters X X
Age FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: marital status, education level, household size and household size
squared. Regressions estimated via OLS. Province-level inflation included in all regressions. Standard errors clustered at the cohort by province of birth level
in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 17: Inclusion of controls in Mexico (Lifetime Macroeconomic Conditions)

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9)

Experienced Average Growth -0.51*** -0.55*** -0.55*** -0.46*** -0.47*** -0.47*** -0.48*** -0.46*** -0.48***
(0.15) (0.16) (0.16) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18)

Experienced Growth Volatility 0.48*** 0.49*** 0.49*** 0.49*** 0.49*** 0.48*** 0.46*** 0.46*** 0.47***
(0.13) (0.14) (0.14) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15)

λ 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
Observations 8,320 8,320 8,283 6,837 6,828 6,735 6,722 6,722 6,722
R-squared 0.006 0.007 0.007 0.007 0.008 0.008 0.011 0.012 0.019

Individual FE X X X X X X X X X
Year FE X X X X X X X X X
Demographics X X X X X X X X X
HH Bal Sheet X X X X X X X X
Income Exp. X X X X X X X
Inflation Exp. X X X X X X
Life Exp. X X X X X
Trust X X X X
Violence X X X
Natural Disasters X X
Age FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: marital status, education level, household size and household size
squared. Regressions estimated via OLS. State-level inflation included in all regressions. Standard errors clustered at the cohort by state of birth level in
parenthesis. *** p<0.01, ** p<0.05, * p<0.1.

B Robustness to different weighting values (λs)

Figure 22: Sensitivity of coefficients of volatility on measured risk aversion by different values
of weighting parameter λ
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K Robustness to province-level clustering in Indonesia

Table 18: Individual fixed effects regressions of measured risk aversion on
macroeconomic experiences in Indonesia (Province-level clustering)

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.49 0.05 0.07
(0.27) (0.58) (0.68)

Experienced Growth Volatility 1.26∗∗∗ 1.33∗∗∗ 1.35∗∗∗
(0.001) (0.01) (0.03)

λ 3.1∗∗∗ 32.0∗∗∗ 33.3∗∗∗ 33.3∗∗∗
(0.001) (0.001) (0.004) (0.03)

N 6372 6372 6372 6299
R2 0.023 0.050 0.050 0.052
Individual FE X X X X
Year FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
marital status, education level, household size and household size squared. Regressions
estimated via NLLS. Province-level inflation included in all regressions. Standard errors
clustered at the province level using the wild bootstrap procedure in Cameron, Gelbach
and Miller (2008). P-values from 10,000 repetitions in parenthesis. *** p<0.01, **
p<0.05, * p<0.1.
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Table 19: Inclusion of controls in Indonesia (Province-level clustering)

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Experienced Average Growth 0.04 0.04 0.04 0.02 0.01 -0.05 -0.01 -0.01 0.02 0.03
(0.53) (0.64) (0.69) (0.81) (0.88) (0.51) (0.93) (0.91) (0.80) (0.71)

Experienced Growth Volatility 1.35*** 1.24*** 1.27*** 1.13*** 1.08*** 1.01*** 0.95*** 0.96*** 0.94*** 0.87***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

λ 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3 33.3
Observations 6301 5,840 5,332 3,996 3,985 3,561 3,065 3,065 3,065 3,065
R-squared 0.05 0.06 0.06 0.07 0.08 0.07 0.08 0.08 0.09 0.09

Individual FE X X X X X X X X X X
Year FE X X X X X X X X X X
Demographics X X X X X X X X X X
HH Bal Sheet X X X X X X X X X
Income Exp. X X X X X X X X
Inflation Exp. X X X X X X X
Life Exp. X X X X X X
Trust X X X X X
Rates of Return X X X X
Violence X X X
Natural Disasters X X
Age FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: marital status, education level, household size and household size
squared. Regressions estimated via OLS. Province-level inflation included in all regressions. Standard errors clustered at the province level using wild bootstrap
procedure in Cameron, Gelbach and Miller (2008). P-values from 10,000 repetitions in parenthesis.
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L Repeated cross-section specification

Table 20: Repeated cross section regressions of measured risk aversion on
macroeconomic experiences in Indonesia

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth -0.42∗∗∗ -0.08 -0.08
(0.044) (0.042) (0.043)

Experienced Growth Volatility 0.61∗∗∗ 0.56∗∗∗ 0.59∗∗∗
(0.048) (0.053) (0.053)

λ 4.80∗∗∗ 15.28∗∗∗ 14.27∗∗∗ 13.75∗∗∗
(0.152) (1.51) (1.22) (1.18)

N 26749 26749 26749 26576
R2 0.039 0.042 0.042 0.056
Year FE X X X X
Age FE X X X X
Birth Province FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls:
ethnicity, sex, whether the individual has moved, marital status, education level, household
size, and household size squared. Regressions estimated via NLLS. Province-level inflation
included in all regressions. Standard errors clustered at the cohort by province of birth level
in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 21: Repeated cross section regressions of measured risk aversion on
macroeconomic experiences in Mexico

Dep. Var: Measured Risk Aversion (1) (2) (3) (4)

Experienced Average Growth 0.12∗∗∗ -0.078∗∗∗ -0.082∗∗∗
(0.044) (0.042) (0.043)

Experienced Growth Volatility 0.20∗∗∗ 0.18∗∗∗ 0.17∗∗∗
(0.022) (0.026) (0.026)

λ 77.7∗∗∗ 23.97∗∗∗ 37.49∗∗∗ 41.06∗∗∗
(12.98) (3.17) (4.43) (4.92)

N 20297 20297 20297 20120
R2 0.079 0.079 0.081 0.081
Year FE X X X X
Age FE X X X X
Birth Province FE X X X X
Demographics X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: eth-
nicity, sex, whether the individual has moved, marital status, education level, household
size, and household size squared. Regressions estimated via NLLS. State-level inflation in-
cluded in all regressions. Standard errors clustered at the cohort by province of birth level in
parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 22: Inclusion of controls in Indonesia (Repeated Cross-Section)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. Var: Measured Risk aversion

Experienced Average Growth -0.07 -0.05 -0.06 -0.02 -0.01 -0.02 -0.01 -0.01 0.002 -0.002
(0.045) (0.047) (0.048) (0.050) (0.050) (0.049) (0.050) (0.050) (0.051) (0.051)

Experienced Growth Volatility 0.62*** 0.60*** 0.61*** 0.61*** 0.62*** 0.57*** 0.60*** 0.60*** 0.60*** 0.53***
(0.047) (0.052) (0.052) (0.052) (0.052) (0.056) (0.054) (0.054) (0.054) (0.060)

λ 13.8 13.8 13.8 13.8 13.8 13.8 13. 13.8 13.8 13.8
Observations 26,580 25,348 24,174 22,523 22,476 21,359 19,713 19,713 19,713 19,713
R-squared 0.066 0.068 0.071 0.074 0.075 0.069 0.070 0.070 0.071 0.072

Year FE X X X X X X X X X X
Age FE X X X X X X X X X X
Birth Province FE X X X X X X X X X X
Demographics X X X X X X X X X X
HH Bal Sheet X X X X X X X X X
Income Exp. X X X X X X X X
Inflation Exp. X X X X X X X
Life Exp. X X X X X X
Trust X X X X X
Rates of Return X X X X
Violence X X X
Natural Disasters X X
Cohort FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: sex, ethnicity, whether the individual has ever moved, marital status,
education level, household size and household size squared. Regressions estimated via OLS. Province-level inflation included in all regressions. Standard errors
clustered at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.

Table 23: Inclusion of controls in Mexico (Repeated Cross Section)

Dep. Var: Measured Risk Aversion (1) (2) (3) (4) (5) (6) (7) (8) (9)

Experienced Average Growth -0.02*** -0.02*** -0.02*** -0.02*** -0.02*** -0.02*** -0.02*** -0.02*** -0.01**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Experienced Growth Volatility 0.09*** 0.09*** 0.09*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.11***
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

λ 41.1 41.1 41.1 41.1 41.1 41.1 41.1 41.1 41.1
Observations 20,116 20,116 20,070 18,180 18,167 18,033 18,014 18,014 18,014
R-squared 0.073 0.074 0.074 0.077 0.078 0.078 0.079 0.079 0.082

Individual FE X X X X X X X X X
Year FE X X X X X X X X X
Demographics X X X X X X X X X
HH Bal Sheet X X X X X X X X
Income Exp. X X X X X X X
Inflation Exp. X X X X X X
Life Exp. X X X X X
Trust X X X X
Violence X X X
Natural Disasters X X
Cohort FE X

Measured Risk aversion: 1-5, 5 highest measured risk aversion. Demographic controls: sex, whether the individual has ever moved, marital status, education
level, household size and household size squared. Regressions estimated via OLS. State-level inflation included in all regressions. Standard errors clustered
at the cohort by province of birth level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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M Proofs

Proposition 1

Proposition. Suppose that an agent is an expected utility maximizer with an increasing and concave utility
function u(w + x̃ + ỹ), x̃ ⊥ ỹ, who exhibits DARA and DAP. Suppose further that the agent is a Bayesian
born at time 0 who believes the background risk has the distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2

are unknown, and possesses a NIχ−2(µ0, κ0, ν0, σ
2
0) prior over M and Σ2 at time 0. Denote by Bt(y) the

agent’s belief distribution over outcomes of ỹ at time t. Let {Y1, ..., Yt} be a random sample from ỹ such that
ȳt = 1/t

∑t
i=1 yi and s

2
t = 1/t

∑t
i=1(yi − ȳ)2. Then:

• Case 1 (mean-preserving spread): ȳt = µ0 and s2t >
ν0
ν0−2σ

2
0 ⇒ rt(w) > r0(w);

• Case 2 (mean-preserving scrunch): ȳt = µ0 and s2t ≤ ν0
ν0−2σ

2
0 ⇒ rt(w) ≤ r0(w).

Proof. Case 1: Let ȳt = µ0. Then by Result 2, Et[M |Y1, ..., Yt] = µ0 = E0[M ] and Et[Σ2|Y1, ..., Yt] =
1

ν0+t−2

[
ν0σ

2
0 +

∑t
i=1(yi − µ0)2

]
. Since s2 > ν0

ν0−2σ
2
0 , we have

1

t

t∑
i=1

(yi − µ0)2 >
ν0

ν0 − 2
σ2
0 (15)

t∑
i=1

(yi − µ0)2 >
(ν0 − 2 + t

ν0 − 2
− 1
)
ν0σ

2
0 (16)

1

ν0 + t− 2

t∑
i=1

(yi − µ0)2 >
ν0

ν0 − 2
σ2
0 −

ν0
ν0 −+t− 2

σ2
0 (17)

1

ν0 + t− 2

[
ν0σ

2
0 +

t∑
i=1

(yi − µ0)2
]
>

ν0
ν0 − 2

σ2
0 (18)

Et[Σ2|Y1, ..., Yt] > E0[Σ2]. (19)

Since Et[M |Y1, ..., Yt] = E0[M ] and Et[Σ2|Y1, ..., Yt] > E0[Σ2] then Bt(y) is a mean-preserving spread of
B0(y). So by definition, B0(y) SSD Bt(y), so by Result 1, rt(w) > r0(w).
Case 2: identical proof to case 1, but reversing the direction of inequality and of the SSD relation.

Proposition 2

Proposition. Suppose that an agent is a Bayesian, born at time 0, who believes the background risk has
distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2 are unknown, and possesses a NIχ−2(µ0, κ0, ν0, σ

2
0) prior

over M and Σ2 at time 0. Let {Yτ1 , ..., Yτ2}, the set of experienced realizations of ỹ from period τ1 to period
τ2, be a random sample from ỹ such that ȳτ1τ2 = 1/(τ2− τ1)

∑τ2
i=τ1+1 yi and s

2
τ1τ2 = 1/(τ2− τ1)

∑τ2
i=τ1+1(yi−

ȳτ1τ2)2. Let a, b, c be three time periods such that b > a ≥ 0 and c = (b−a)/2. Assume ȳτ1τ2 = µ0 ∀τ1, τ2 ≤ b,
and

∑c
i=a+1(yi − µ0)2 =

∑b
i=c+1(yi − µ0)2. Then:

• Case 1 (Midpoint concavity in age in mean-preserving spreads): ∀a, b, Ea[Σ2|Y1, ..., Ya] < s2ab if and
only if 2Ec[Σ2|Y1, ..., Yc] > Ea[Σ2|Y1, ..., Ya] + Eb[Σ2|Y1, ..., Yb];
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• Case 2 (Midpoint convexity in age in mean-preserving scrunches): ∀a, b, Ea[Σ2|Y1, ..., Ya] ≥ s2ab if and
only if 2Ec[Σ2|Y1, ..., Yc] ≤ Ea[Σ2|Y1, ..., Ya] + Eb[Σ2|Y1, ..., Yb].

Proof. Case 1: We will prove the proposition only for the case where a+b is even, since the proof for the case
where a+ b is odd is trivially similar but tedious.10 Substitute the expressions for the posterior expectations
of Σ2 into the 2Ec[Σ2|Y1, ..., Yc] > Ea[Σ2|Y1, ..., Ya] + Eb[Σ2|Y1, ..., Yb] to yield

2

ν0 + c− 2

[
ν0σ

2
0 +

c∑
i=1

(yi − µ0)2
]
>

1

ν0 + a− 2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]

+
1

ν0 + b− 2

[
ν0σ

2
0 +

b∑
i=1

(yi − µ0)2
]

Collecting terms, multiplying by the positive common denominator, and simplifying algebraically yields

−1

2
(a− b)2ν0σ2

0 >(ν0 + c− 2)(ν0 + b− 2)

a∑
i=1

(yi − µ0)2

+ (ν0 + c− 2)(ν0 + a− 2)

b∑
i=1

(yi − µ0)2

− 2(ν0 + a− 2)(ν0 + b− 2)

c∑
i=1

(yi − µ0)2

Since
∑b
i=1(yi − µ0)2 =

∑a
i=1(yi − µ0)2 +

∑b
i=a+1(yi − µ0)2 and

∑c
i=1(yi − µ0)2 =

∑a
i=1(yi − µ0)2 +∑c

i=a+1(yi − µ0)2, we can collect all the terms summed to a:

−1

2
(a− b)2ν0σ2

0 >
1

2
(a− b)2

a∑
i=1

(yi − µ0)2

+ (ν0 + c− 2)(ν0 + a− 2)

b∑
i=a+1

(yi − µ0)2

− 2(ν0 + a− 2)(ν0 + b− 2)

c∑
i=a+1

(yi − µ0)2

By assumption,
∑b
i=a+1(yi − µ0)2 = 2

∑c
i=a+1(yi − µ0)2, so this expression simplifies to

−1

2
(b− a)2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]
> 2
[
(ν0 + c− 2)(ν0 + a− 2)− (ν0 + a− 2)(ν0 + b− 2)

] c∑
i=a+1

(yi − µ0)2

10This involves replacing 2Ec[Σ2|Y1, ..., Yc] with Edce[Σ2|Y1, ..., Ydce] + Ebcc[Σ2|Y1, ..., Ybcc].
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Dividing by −2(ν0 + a− 2) gives us

1
4 (b− a)2

ν0 + a− 2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]
< (b− c)

c∑
i=a+1

(yi − µ0)2

( b−a2 )2

ν0 + a− 2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]
<
b− a

2

c∑
i=a+1

(yi − µ0)2

1

ν0 + a− 2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]
<

2

b− a

c∑
i=a+1

(yi − µ0)2

1

ν0 + a− 2

[
ν0σ

2
0 +

a∑
i=1

(yi − µ0)2
]
<

1

b− a

b∑
i=a+1

(yi − µ0)2

Ea[Σ2|Y1, ..., Ya] < s2ab,

with the second to last inequality following from
∑b
i=a+1(yi − µ0)2 = 2

∑c
i=a+1(yi − µ0)2. This is what we

sought to prove.
Case 2: identical proof to case 1, but reversing the direction of inequality.

Proposition 3

Proposition. Suppose that an agent is an expected utility maximizer with an increasing and concave utility
function u(w + x̃ + ỹ), x̃ ⊥ ỹ, who exhibits DARA and DAP. Suppose further that the agent is a Bayesian
born at time 0 who believes the background risk has the distribution ỹ ∼ N (M,Σ2) ∀t, where M and Σ2 are
unknown, and possesses a NIχ−2(µ0, κ0, ν0, σ

2
0) prior over M and Σ2 at time 0. Let Dp

t = {Y p1 , ..., Y
p
t } and

Dn
t = {Y n1 , ..., Y nt } be two alternative random samples from ỹ such that for j ∈ {p, n}, ȳjt = 1/t

∑t
i=1 y

j
i and

(s2t )
j = 1/t

∑t
i=1(yji − ȳ)2, and define Bjt (y) as the belief distribution of the agent over the outcomes of ỹ at

time t given her experiencing Dp
t . Then together (1) ȳpt > µ0 > ȳnt , (2) |ȳ

p
t − µ0| = |ȳnt − µ0| > 0, and (3)

(s2t )
p = (s2t )

n ⇒ rt(w|Bpt (y)) < rt(w|Bnt (y)).

Proof. Define Bj,0t (y) as the normal distribution identical to the normal Bjt (y), but centered at µ0 instead
of µjt . Let dj = |µjt − µ0| > 0, with the inequality following from (1). Since |ȳpt − µ0| = |ȳnt − µ0|, by the
form of µt in Result 2 we have dp = dn = d. Given the normality of the belief distributions, it follows that
Bpt (y) = d + Bp,0t (y) and Bnt (y) = −d + Bp,0t (y). By the definition of u this implies that rt(w|Bpt (y)) =

rt(w+d|Bp,0t (y)) and rt(w|Bnt (y)) = rt(w−d|Bn,0t (y)). By the form of σ2
t in Result 2 and conditions (2) and

(3) we have that V ar(Bpt (y)) = V ar(Bnt (y)), therefore if follows that V ar(Bp,0t (y)) = V ar(Bn,0t (y)). Thus
Bp,0t (y) and Bn,0t (y) are both equal-sized mean preserving spreads relative to B0(y). So by Proposition 1

and the fact that u exhibits decreasing absolute risk aversion, it follows that rt(w|Bpt (y)) < rt(w|Bnt (y)).
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