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Abstract

Estimating risk preferences is tricky because controlling for confounding factors is
difficult. Omitting or imperfectly controlling for these factors can attribute too
much observable behaviour to risk aversion and bias estimated preferences. Agents
often modify risky decisions in response to dynamic wealth or asset thresholds,
where such thresholds exist. Ignoring this dynamic risk response introduces an attri-
bution bias in static estimates of risk aversion. We demonstrate this pitfall using a
simple model and a Monte Carlo simulation to explore the implications of this
problem for empirical estimation. While an approach that jointly estimates risk prefer-
ences and wealth dynamics may remedy the problem by extracting dynamic risk
responses from observed behaviour, it is likely to be challenging to implement in
broader empirical settings for reasons we discuss.
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1. Introduction

People often take greater risks when facing real prospects of unemployment,
hunger, home foreclosure or other imminent perils that they might avoid with
a stroke of manufactured good fortune. To invoke a simple image, even a cau-
tious person will jump from a burning building if they believe themselves
doomed otherwise. Such an induced risk response is evident in risky sex
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work in Kenya (Robinson and Yeh, 2011), illegal migration and consensual
participation in human trafficking (Kristof and WuDunn, 2009), and skewness
seeking in lottery participation (Yew Kwang, 1965), at the horse track (Golec
and Tamarkin, 1998) and among mutual fund managers who gamble with
riskier fourth-quarter portfolios in order to catch the market or make ‘best
fund’ lists (Chevalier and Ellison, 1997). In making risky choices, real
people seem to factor in how the outcome might change the path dynamic
on which they find themselves. To date, however, economists have largely
overlooked the effect of background path dynamics on choice under uncer-
tainty. The long tradition of estimating risk preferences based on the
moments of return distributions to represent choice-conditioned outcomes
considers only the direct payoffs to a risky choice, not the longer term conse-
quences that arise due to known, non-linear path dynamics.

We illustrate this fairly general problem using the example of non-linear
wealth dynamics associated with poverty traps that a growing literature sug-
gests exist in at least some developing economies (Dasgupta, 1997; Lybbert
et al., 2004; Azariadis and Stachurski, 2005; Adato, Carter and May, 2006;
Barrett et al., 2006; Bowles, Durlauf and Hoff, 2006; Carter and Barrett,
2006; Hoddinott, 2006; Vargas-Hill, 2009). As the empirical evidence grows
that there often exist threshold effects in low-income economies where risk
issues are especially salient, economists must consider the consequences of
such contexts for risk preference estimation. When agents recognise thresholds
in underlying wealth dynamics, their valuation of risk responds in part to the
underlying dynamics they perceive; risk response is not solely a function of
the level of risk aversion that characterises static preferences (Lybbert and
Barrett, 2007; Lybbert and Barrett, 2011). Ignoring this dynamic risk response
thus introduces an attribution bias in static estimates of risk aversion, and
dynamic wealth forces can make it very difficult empirically to ferret out the
difference between reactions to dynamic wealth changes and risk preferences.

The state dependence of asset dynamics is central to our argument. The
microeconomics of development literature routinely finds that asset accumu-
lation rates can vary non-monotonically with initial asset stocks and, corres-
pondingly, that shocks can have permanent consequences. Consider human
capital accumulation in children, for example. Shocks due to natural disasters
can have permanent negative impacts on health (Jensen, 2000; Paxson and
Schady, 2005; Alderman, Hoddinott and Kinsey, 2006), education (Ferreira
and Schady, 2009) and productivity (Currie and Thomas, 2001; Case and
Paxson, 2008), suggesting that the returns from investing in children are path-
dependent. Investing too little in a child may lead to negative returns if it
hampers her physical, cognitive or academic development, but investing
enough to nurture the child’s development can generate significant positive
returns (e.g. future wages or remittances). Evidence that parents in poor coun-
tries often invest in children in ways that allow them to specialise (Horowitz
and Wang, 2004; Emerson and Souza, 2008) suggests an awareness of seem-
ingly non-linear returns to human capital accumulation. In such a setting, in-
vestment patterns are likely driven by risk and time preferences as well as
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parents’ perceptions of these dynamic forces; ignoring the latter would lead to
misleading estimates of the former.

While we draw our motivation and framing for this paper from the micro-
economics of development, there have been somewhat related efforts to esti-
mate risk preferences in the context of inherently dynamic or intertemporal
structure. For example, an established literature has wrestled with theoretical
and empirical approaches to modelling risk aversion when decisions have im-
portant intertemporal dimensions (e.g. Epstein and Zin, 1991; Bommier,
2007), including a recent effort to separate risk and intertemporal substitution
preferences among Kenyan herders (Lybbert and McPeak, 2012). More direct-
ly relevant to our approach here, a few economists have used data from game
shows that involve risk-taking to estimate risk preferences. Anderson et al.
(2008) provide a survey of these efforts and offer their own approach to reco-
vering risk preferences with data from the show Deal Or No Deal that expli-
citly accounts for the dynamic stochastic structure of this game. This effort
provides useful econometric approaches to reflecting a dynamic structure in
risk preference estimation in contrived contexts where this structure is
known commonly and in detail. We aim to explore a related problem in
which dynamics shape risk-taking, but in a way that sheds light on less con-
trived and more policy-relevant settings.

Our exploration of risk responses induced by non-linear wealth dynamics
and associated implications for empirical preference estimation is distinct
from seemingly related strands of the finance literature. Aside from clear dif-
ferences stemming from our focus on poverty dynamics rather than asset
pricing, several distinctions are worth highlighting. Prior work in finance
has examined issues of dynamic risk in terms of serial correlation in invest-
ment returns (Merton, 1969) or more generally when the return on investment
changes stochastically over time (for a recent review, see Munk and Sorensen,
2007). However, while this literature considers choices between investments
with returns that change over time, the returns are generally independent of
individual wealth or the size of investment. Some have recognised the
impact of investment size in determining the return on investment in the man-
agement of mutual funds (Indro et al., 1999) or the influence of firm size in
determining the return on research and development expenditures (Cohen
and Klepper, 1996). In these cases, investment decisions were either
assumed to maximise expected profits – and hence risk preferences did not
play a direct role in investment – or the investment decisions were treated
as exogenous. In contrast to this treatment of dynamic risk in the finance
literature, we explore the risk implications that arise when individuals face
systematic background currents in personal wealth that influence their risky
choices. While Foster and Hart (2009) share a similar concern about
dynamic risk dimensions in their recent derivation of a theoretical measure
of riskiness based on the probability of bankruptcy, they do not address the
relationship between wealth dynamics and risk-taking and say nothing
about the empirical implications of such a relationship, which is the void
we aim to fill. Lastly, the notion of time-varying risk preferences is captured
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in several recent models in macroeconomics and finance.1 The proposed
causes of these time-varying preferences, including habit-formation prefer-
ences (Campbell and Cochrane, 1999) and consumption commitments
(Chetty and Szeidl, 2007), are, however, completely unrelated to the
dynamic risk response that may causes risk preferences to (appear to)
change over time in our formulation.

In this paper, we build on the insight that observed behaviours often reflect
both innate preferences and responses to known (or perceived) wealth dynam-
ics by exploring more explicitly its implications for risk preference estimation.
What, if anything, can be done econometrically to avoid misattributing
dynamic risk responses to static risk preferences? To address this question,
we first construct a simple model to illustrate how a dynamic risk response
can bias estimates of risk preferences by attributing to preferences what actually
belongs in the structure of wealth creation. Using this model as an analytical
framework, we then develop and describe a Monte Carlo simulation that
enables us to test different potential econometric remedies to this misattribution
problem. Comparison of the resulting risk preference estimates indicates the
substantial misattribution bias that can affect such estimates when dynamic
risk responses are ignored. While joint estimation of risk preferences and the
underlying wealth recursion function can help alleviate this bias, this approach
is likely to be challenging to implement with observational data, suggesting that
this misattribution problem may be difficult to remedy econometrically.

2. Analytical model

The potential to misattribute a dynamic risk response to an innate risk prefer-
ence has been raised recently in the literature. As demonstrated in Lybbert and
Barrett (2011), when agents face known non-convex wealth dynamics,
observed behaviours can misleadingly suggest risk-loving preferences over
some asset ranges even when unobservable preferences exhibit moderate
risk aversion. That insight raises a crucial distinction between the static
concept of risk aversion embedded in preferences and the forward-looking
dynamic risk responses manifest in many observed behaviours. In this
section, we first develop a stylised analytical model to illustrate several key
points. While many of these points appeared in a different analytical form
in Lybbert and Barrett (2011), they bear repeating briefly here in order to
help motivate and provide the analytical foundation for the Monte Carlo simu-
lation work in Section 3.

We assume that risk-averse, infinitely lived agents face a known wealth
dynamic and are offered a gamble in the first period and then live forever
with the consequences of the gamble, as shaped by the underlying wealth dy-
namics. This stark setup helps to convey how agents’ valuation of the gamble

1 There is a growing microeconomic literature that seeks to test these models empirically, which

generally finds weak or very limited support for these models of time-varying risk preferences.

For an example and a review of this literature, see Brunnermeier and Nagel (2008).
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is a function of both their innate aversion to risk and their initial wealth rela-
tive to the key thresholds that describe these dynamics. If we naı̈vely ignore
agents’ dynamic risk response near bifurcating wealth thresholds, risk aver-
sion estimates may be severely biased due to misattribution. Similar to the ap-
proach in Lybbert and Barrett (2011), we identify three behavioural regimes.
The first prevails for those well below and well above the key wealth threshold
at which path dynamics bifurcate. The gamble has little impact on the beha-
viours of these two cohorts because it is unlikely to affect the underlying
wealth dynamics they follow. In contrast, the second and third behavioural
regimes prevail for those relatively near the wealth threshold: for those just
below and above this point in asset space, the threshold induces a risk-taking
response since the outcome of a gamble might shift them onto a different
long-run wealth accumulation path.

Suppose that a representative agent’s contemporaneous utility is given by
the constant relative risk aversion function

u(w) = w1−R

1 − R
, (1)

where R is the coefficient of relative risk aversion and w is the agent’s wealth.

Suppose that the wealth recursion is characterised by a threshold w0, above
which expected wealth is static and below which wealth steadily falls in
each subsequent period:

wt+1 = T(wt) ; wwt if wt , w0

wt if wt ≥ w0

{
, w [ (0, 1). (2)

Provided that agents accurately perceive this recursion function, their infinite
horizon intertemporal utility is given by:

Ut(wt, T(wt), T(wt+1), . . .) =

u(wt)
1 − dw1−R

if wt , w0

u(wt)
1 − d

if wt ≥ w0

,

⎧⎪⎨
⎪⎩ (3)

where d [ (0, 1) is the discount factor. Given the simple recursion function in

equation (2), the dynamic erosion of wealth below w0 by the depreciation
parameter w (adjusted for the diminishing marginal utility of wealth implied
by 1 2 R) simply raises the effective discount rate.

Given this setup, suppose we offer agents in this model a gamble (z, r; 2z,
12r) which pays out z with probability r. Agents’ certainty equivalent (Ci) of
this gamble depends on their wealth relative to the recursion function in equa-
tion (2) and to the size of z according to:

Ut(wit + Ci, T(wit + Ci),T(wi,t+1), . . .)
= EUt(wit + z̃,T(wit + z̃), T(wi,t+1), . . . |z, r), (4)
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where z̃ is the random payout of the gamble. Four distinct wealth cohorts
(2 2, 2, +, ++) emerge with the implied certainty equivalent for each
wealth cohort given by:

C−−
i = C++

i = [r(wit + z)1−R + (1 − r)(wit − z)1−R]R−1 − wit,

C−
i = r

(wit + z)1−R(1 − dw1−R)
1 − d

+ (1 − r)(wit − z)1−R

[ ]R−1

−wit,

C+
i = r(wit + z)1−R + (1 − r) (wit − z)1−R(1 − d)

1 − dw1−R

[ ]R−1

−wit.

The poorest and richest cohorts value the gamble similarly because z is not big
enough to change their position relative to w0. The valuation of the 2 and +
cohorts reflects their potential to cross this threshold by winning or losing z,
respectively.

Figure 1a depicts the certainty equivalents for these wealth cohorts relative
to a benchmark static certainty equivalent function with linear wealth
dynamics (i.e. w = 1). Those with wealth just below the threshold (w0¼ 5)
value the gamble more because a lucky draw can push them to more favour-
able dynamic path, while those just above the threshold value it substantially
less because the gamble threatens their otherwise safe wealth position. The
coefficients of relative risk aversion R implied by the dynamic certainty
equivalents (Figure 1b) demonstrate the misattribution bias. If we naı̈vely es-
timate R using dynamic certainty equivalents but ignore agents’ behavioural
response to the wealth recursion, we misattribute all the variation in these cer-
tainty equivalents to the curvature of the contemporaneous utility function.2

The direction of this bias depends on agents’ location relative to w0. Naı̈ve

Fig. 1. Static versus dynamic certainty equivalent (a) and naı̈vely estimated versus true co-

efficient of relative risk aversion (b) (r ¼ 0.5, z ¼ 1.9,w ¼ 0.95, R ¼ 3, d ¼ 0.9 and w0¼ 5).

2 For a related perspective on the potential problems of attributing the curvature implied by indi-

viduals’ risky decisions exclusively to risk aversion, see Just and Peterson (2003).
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estimation wildly exaggerates the degree of risk aversion of those playing it
safe just above this threshold and understates the risk aversion of those
going for broke just below it.

A common approach to estimating risk preferences involves pooling agents
and estimating an average risk preference for a group or sub-group of indivi-
duals. Given a uniform wealth distribution, the average degree of risk aversion

in this simple analytical model is �R = 5.8, nearly twice the actual degree of risk

aversion of R ¼ 3. While the direction of the bias in �R depends on the
parameterisation of the model and the distribution of agents across the
wealth spectrum (and especially near w0), the possibility of the misattribution
bias in estimated risk preferences is obvious. The average coefficients of risk

aversion by wealth cohort are �R
−− = �R

++ = 3, �R
− = 2.3 and �R

+ = 16.9.
With a sufficiently discerning sample splitting technique (e.g. Hansen, 2000),
we might be able to define these cohorts and estimate these cohort averages,
but these still entangle a dynamic risk response with static risk aversion. To
dodge this misattribution pitfall, one must control properly for the structure
of the underlying dynamics and the risk response that dynamic induces.

3. Monte Carlo simulation

Building on the simple analytical model above, we construct a simulation
model to explore the joint estimation of risk preferences and wealth dynamics.
As before, individuals in this model are offered the possibility of investing
their wealth in a one-time risky investment. They can invest any portion of
their wealth in this investment and all face a wealth recursion function after
the stochastic investment outcome is realised. We use this model to generate
decision data that we then use to demonstrate the pitfalls in risk preference
estimation introduced by bifurcated wealth dynamics. We propose two
naı̈ve estimation approaches that ignore underlying wealth dynamics and
two informed estimation approaches that explicitly account for these dynam-
ics. We compare estimates from these approaches to illustrate the misattribu-
tion bias.

In contrast to the simple piecewise-linear recursion function used for ana-
lytical tractability in equation (2), the wealth dynamic in this numerical simu-
lation is characterised by a more realistic recursion function of the form

wt+1 = T̃(wt) ; ka
1

1 + e−n(wt−g) + (1 − a)wt + b+ 1t, (6)

where wt is wealth in period t, 1t � N(0,s2
d), and k, a,b, n and g are shape

parameters, with a [ [0, 1], and all other parameters positive. The first term
is a standard logistic function, the curvature of which depends on the n and g
parameters, while the second term is obviously linear in w. Thus the parameter
a measures the degree of non-linearity in the wealth recursion function, with
a = 0 corresponding to linear expected wealth growth of b, a random walk
with drift process. When a ¼ b ¼ 0, wealth follows a simple random walk
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process. The k parameter scales the logistic component of the function so that
there may or may not be multiple equilibria in the expected path dynamics. This
is the simplest general functional form that allows for both linear and non-
linear, unique and multiple equilibria in the underlying path dynamics.

Faced with this known wealth dynamic, individuals have the opportunity in
the first period to purchase a risky asset with an instantaneously realised
return. Each individual decides how much to invest in this asset by solving:

max
z[[0,w1]

∑L

t=1

dtEu(T̃ t(w1 + z(s − 1))), (7)

where T̃
t(·) indicates that the wealth recursion function T̃(·) has been applied to

its argument t times in iteration, z is the amount of wealth invested in the risky

asset, the purchase price of the asset is normalised to 1, and s � N(ms,s
2
s ) is

the per unit gross return on the risky asset. Parameters are the same across all
individuals. The only source of cross-sectional variation is initial wealth.

We draw a sample of N initial wealth observations from a uniform distribu-
tion. For each of these i ¼ 1, . . . , N draws, the utility maximising zi is deter-
mined by using a grid search over the possible values between 0 and w1i.
For each value in the grid, a sample of M draws of s̃is used to calculate the
expected utility. The zi yielding the highest expected utility is then recorded
as the optimal choice for that observation. Next, the wealth dynamic is
applied to the resulting wealth L times in order to generate a wealth time
series of L periods following the risky decision. Thus, the simulation generates
an initial wealth, an optimal investment decision and a resulting wealth time
series for each of the N observations. We then use these generated data to es-
timate behavioural parameters using naı̈ve and informed approaches.

The first naı̈ve estimation approach assumes that investment decisions are
based only on instantaneous utility (i.e. ignores any dynamic risk response)
and that individuals share a common coefficient of relative risk aversion.
This implies estimation of a unique R that minimises the sum of squared
deviations from the first-order conditions3:

min
R

∑N

i=1

{E[w1i + zi(s − 1)]−R(s − 1)}2
. (8)

The second naı̈ve estimation approach also ignores any dynamic risk response,
but allows for heterogeneous coefficients of relative risk aversion such that Ri

3 The instantaneous utility function is of the exponential form, and thus the decision problem

can be written as max
z[[0,w1 ]

∑L
t=1 d

t E(T̃ t (w1 + z(s − 1)))1−R/(1 − R). For an interior solution, the

first-order condition to this problem can be written as
∑L

t=1 d
t E(T̃ t (w1 + z(s − 1)))−R

∂
{
T̃

t (w1 + z(s − 1))
}
(s − 1)/∂w . Under the assumption of static wealth, the derivative of the

wealth dynamic function is 1, thus the first-order condition under static estimation can be written

as
∑L

t=1 d
t E(w1 + z(s − 1))−R (s − 1) = 0.
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is based on w1i and zi as follows:

max
zi[[0,w1i]

E
[w1i + zi(s − 1)]Ri

1 − Ri

. (9)

In contrast, the informed estimation approaches explicitly account for
dynamic risk responses by estimating the wealth recursion function and risk
preferences jointly. In contrast to the naı̈ve approaches, which focus simply
on instantaneous utility, these informed approaches consider the intertemporal
stream of utility and, consequently, estimate the discount rate in addition to
risk aversion. The first informed estimation approach assumes we know the
true functional form of the recursion and uses the generated panel data of
wealth outcomes to estimate its parameters. With this estimated recursion
function, this approach then uses a grid search over R and d to determine
the parameters that solve

min
R,d

∑N

i=1

zi − arg max
zi[[0,w1i]

∑L

t=1

dtEu( ˆ̃Tt(w1i + zi(s − 1)))
{ }2

. (10)

The second informed approach is nearly identical to the first, but instead
assumes that we do not know the functional form of the wealth recursion
and must approximate it using a sixth-order polynomial (for other polynomial
approximations, see Barrett, et al., 2006; Antman and McKenzie, 2007),

wt+1 = f0 + f1wt + f2w2
t + ...+ f6w6

t .

The simulations we report are based on an L = 5 decision problem with
N ¼ 500 observations and M ¼ 100 draws. Initial wealth is drawn from the

distribution w1Ũ(0, 10). The parameters of the wealth dynamic function are

k = 5, a = 0.75, b = 0.5, n = 2.5, g = 3, s2
d = 0.01.4 These parameters

imply an unstable equilibrium at w ≈ 3 (analogous to w0 in the analytical

model above). The risky asset has return ms = 1.1 and variance s2
s = 0.25.

The discount factor is set to d = 0.95, and relative risk aversion is R ¼ 3.
The results of the four estimation approaches using this generated data are

shown in Table 1. Columns 1 and 2 illustrate the misattribution bias inherent
in the naı̈ve estimation approaches. With a common R (column 1), this bias is
severe. The mean of the individual estimates of R (column 2) is not statistic-
ally different than the true value of R as shown by the p-value for that estimate,
but the misattribution bias in these individual estimates remains severe near
the unstable threshold. Figure 2 illustrates the bias in these individual

4 The assumption of a uniform initial wealth distribution suggests a subtle inconsistency with the

assumed values of the wealth recursion function parameters. The latter imply three stochastic

dynamic equilibria – two stable, one unstable – which in principle could affect the cross-

sectional wealth distribution at any point in time. Given the random component to the wealth

recursion function, however, the underlying distribution is ergodic. We therefore opt for the

computationally simpler approach of assuming a uniform initial wealth distribution rather

than generating an initial wealth distribution and then sampling from it.
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Table 1. Results for static and informed estimation approaches

True

parameters

Naı̈ve estimation Informed estimation

(1) (2) (3) (4)

Common

R

Individual

R

True wealth

recursion

functional

forma

Approximation of

wealth recursion

functionb

Relative

risk

aversion

(R)

3.00 13.18

(0.000)c
1.91d

(0.486)c
3.18 (0.000)c 2.14 (0.008)c

Discount

factor (d)

0.95 – – 0.85 (0.001)c 0.65 (0.012)c

aThe estimated parameters in the true wealth dynamic functional form (equation (6)) are so precisely estimated as to
be indistinguishable from the true parameter values at two decimal places.
bThis estimated approximation is given by sixth-order polynomial: these estimated parameters are all significant at
the 1 per cent level. See Figure 3 for a comparison between this approximation and the true recursion function.
cp-Values in parentheses test the null that the estimates equal the true parameters. p-Values in columns 3 and 4 are
based on standard errors generated by 1,000 bootstrapped samples.
dThis is the mean of individual estimates with a standard deviation of 1.56.

Fig. 2. The impact of wealth dynamics as captured by recursion function (bottom panel) on

naı̈ve individual estimates of risk aversion (top panel). Note: Dashed vertical lines corres-

pond to equilibria as labelled.

370 T. J. Lybbert et al.

 at U
niversity of C

alifornia, D
avis on Septem

ber 19, 2013
http://erae.oxfordjournals.org/

D
ow

nloaded from
 

http://erae.oxfordjournals.org/


estimates by graphing them in the initial wealth space relative to the true value
of R ¼ 3. Just above the dynamic threshold implied by the unstable equilib-
rium, we significantly overestimate risk aversion due to extremely cautious
dynamic risk responses in this region stemming from the threat that the
gamble could push them below the threshold. Elsewhere in the initial
wealth space, we underestimate risk aversion due to more ambitious (i.e.
risk loving) dynamic risk responses.5 We correctly estimate risk aversion
only around an initial wealth of about 4, which is the only point above the

dynamic threshold where T̃
′(wt) ≈ 1. More generally, any interpretation of

the average of these individual risk aversion estimates (1.91 in this case)
should appreciate the influence of outlier estimates for individuals near the
dynamic threshold and acknowledge that relatively small changes in the
structure of a context could dramatically change these outliers and thereby
the average individual risk estimate.

Columns 3 and 4 of Table 1 show the informed estimates based on joint
estimation of the underlying recursion function and risk preferences. Given
the non-linear nature of this joint estimation technique, there is no closed
form solution for the standard errors on these estimates, so we bootstrap to
estimate standard errors using 1,000 simulated samples of size N ¼ 500 as
the basis for the p-values reported in Table 1. These standard errors are van-
ishingly small, suggesting that the estimation procedure is extremely accurate
given the size of the sample and the chosen variance parameters. A compari-
son of results in columns 3 and 4 indicates how crucial it is to accurately
estimate the recursion function in order to extract the dynamic risk response
from our simulated gambling behaviour. When we estimate the true functional
form for this recursion (column 3), our risk aversion estimate is much closer to
R ¼ 3, but still statistically significantly different from this true value. When
we assume we do not know the true functional form of the recursion, we
approximate it instead using a sixth-order polynomial, which appears to
closely match the true function (Figure 3). Despite the apparent precision of
our recursion function approximation, our estimates slip further from their
true values (column 4). While our risk aversion estimate is closer to the
true value of R ¼ 3 than the naı̈ve estimate in column 2, it is also estimated
much more precisely and is therefore statistically significantly different
from this true value. This suggests that our ability to alleviate the misattribu-
tion problem econometrically when estimating risk preferences may be
limited by even seemingly small errors in our recursion function estimation.

4. Discussion

The estimation of the recursion function influences risk preference estimates
in this joint estimation approach in several important ways, which highlight

5 We do not compare the direction of this misattribution bias in this simulation with that of the

analytical model because the direction of bias due to an ignored dynamic risk response hinges

on the parameterisation and is therefore not predictable ex ante.
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how complicated practical implementation of this strategy may be. As just
mentioned, risk estimates are quite sensitive to even minor imperfections in
our estimation of wealth dynamics. Specifically, the way the recursion func-
tion enters the optimisation problem in equation (10) ensures that small imper-
fections in approximation are quickly magnified and can limit our ability to
accurately and reliably extract the dynamic risk response. Small changes in
the dynamic function loom large over time in wealth and consumption
decisions through compounding. Thus, small errors in the estimated
recursion function can have large impacts on subsequent estimation of risk
aversion parameters, which generally enter utility functions in an exponential,
rather than multiplicative or additive, form. Errors near critical thresholds can
especially hamper risk aversion estimates. To be clear, such errors do not
introduce imprecision in statistical estimates. We can produce very precise
estimates in the presence of these errors (recall column 4 of Table 1). But
recursion function errors imply that these precise estimates may also be
biased by an inaccurate remedy to the misattribution problem.

To explore these relationships further, we ran several additional simulation
and estimation routines. First, we used the same simulation as above and
approximated the recursion function as a third-order polynomial. This less
flexible approximation is worse where it matters most: at the crossing of the
458 line, which determines the location of the dynamic threshold and strongly
determines how much of the dynamic risk response can be extracted from the
observed behaviour (recall Figure 2). Consequently, this simpler approxima-
tion yields risk estimates that are yet farther from the true values and virtually
indistinguishable from the naı̈ve estimate in column 2. In this case, we under-
estimate the risk parameter as the approximation introduces error in the recur-
sion function, but such errors could also yield overestimates of this parameter
depending on the direction of the error at the point of the actual threshold. As
an alternative approximation approach, semi- or non-parametric estimation of
the wealth recursion (e.g. Lybbert et al., 2004) could improve the fit of the
recursion function and thereby the estimates of R and d.

Fig. 3. True wealth recursion function (black) with the estimated sixth-order polynomial

approximation (grey).
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Second, the location of the dynamic threshold relative to the density of the
data has important implications. We ran a simulation with the recursion func-
tion calibrated, so it implied a lower threshold without changing the wealth
distribution. This reduced the power of the data to recover the recursion func-
tion, increased the bias of the risk and discount factor estimates and switched
the direction of the bias in the risk parameter. In general, the farther the thresh-
old is from the centre of the wealth distribution, the harder it is to locate the
threshold with accuracy and, hence, the greater the bias that remains in the risk
estimate after trying to jointly estimate the wealth dynamic. The worst case
scenario is one where a threshold lurks just on the edge of the wealth distribu-
tion for a given sample and therefore induces a dynamic risk response, but is
impossible to identify empirically.

Third, the severity of this problem, which is due to fewer observations in the
vicinity of the threshold with which to estimate the crossing point, also
depends on the strength of the dynamic forces embedded in the recursion func-
tion. With a particularly strong dynamic, the function crosses the 458 line at an
angle that is much higher than 458. Fewer data points are required to identify
such a crossing point. With a more subtle dynamic, the function is flatter at the
crossing point and requires substantially more data points to locate the thresh-
old accurately. Since we are unlikely to know the steepness of the recursion at
the crossing point ex ante – particularly, if we do not know the location of the
crossing point – we are also unlikely to know whether we need more or fewer
observations to successfully estimate risk preferences while jointly estimating
the recursion function. Moreover, the availability of data near the threshold
may itself be a function of the strength of the dynamics. If the underlying
dynamic forces in a system are particularly strong relative to stochastic
shocks, a distinctly bi-modal wealth distribution can emerge with relatively
few data points near any unstable equilibria, further complicating the estima-
tion of the recursion function near critical thresholds where dynamic risk
responses may be strongest.6

Fourth, implementing this joint estimation approach in a non-simulated
empirical setting raises even more fundamental identification issues. Using
alternative specifications and experimental data, Andersen et al. (2008) find
that the parameters for time and risk preferences are substitutes for one
another: estimating one requires some severe assumptions about the other,
and the estimate of one is sensitive to assumptions about the form of the
other. Just and Just (2009) provide a more general treatment of the challenges
of identifying risk preferences empirically. In the analysis in this paper, we are
able to make the necessary strict assumptions for identification because we
take a simulation approach in which we know the exact functional form for
these parameters. Thus, plots of the sum of squared error functions for the

6 We have explored the effects of this complication on the estimation of the behavioural para-

meters via simulation by burning in the recursion function several periods before generating

the data used to estimate the parameters in the model. This quickly squeezes out information

near bifurcation thresholds, making it difficult to get decent preference estimates even when ex-

plicitly controlling for the full dynamic structure.
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above estimation routines reveal well-behaved convex functions in the
parameter space. The same is less likely to be true in less controlled empirical
settings even in the absence of non-convex wealth dynamics. Identification in
non-simulation settings for the joint estimation of a recursion function and risk
and time preferences we develop in this paper will be challenging.

Finally, two potential dimensions of how wealth dynamics work in practice
further complicate the estimation of wealth recursion functions – whether in
isolation or jointly with risk preferences. First, the dynamic path of wealth or
asset accumulation is, in many settings, conditioned on ability or other
unobservable individual attributes. The possibility of heterogeneous wealth
dynamics can severely complicate the estimation of the recursion function
(Santos and Barrett, 2006; Antman and McKenzie, 2007), which could limit
any improvements in risk preference estimation. Second, dynamic risk
responses are induced by perceptions of wealth dynamics rather than objective
recursion functions per se. This is similar to individuals relying on subjective
probability weighting functions rather than objective probabilities when
making decisions under risk (Tversky and Kahneman, 1992), but at this
point we know far too little about these subjective perceptions to expect
any systematic patterns to emerge across individuals.

5. Conclusion

Estimating risk preferences is notoriously tricky because controlling for con-
founding factors is difficult. Our objective in this paper has been to showcase
non-linear underlying path dynamics as an overlooked, but potentially import-
ant, confounding factor. When thresholds in these underlying dynamics are
sufficiently distinct that they are apparent to agents in the system, thresholds
may induce a dynamic risk response. Near such a threshold, part of an agent’s
valuation of risk is a response to the underlying dynamics she faces or per-
ceives, rather than being simply a function of her level of risk aversion. Ignor-
ing this dynamic risk response thus introduces an attribution bias in static
estimates of risk aversion. We illustrate this general problem using the case
of bifurcated wealth dynamics associated with poverty traps and demonstrate
a potential econometric remedy. While joint estimation of wealth dynamics
and risk preferences is feasible in a controlled simulation setting, implemen-
tation in broader empirical settings is likely to be very challenging. Conse-
quently, we would advocate for additional research in controlled settings
to better understand the nature of this problem. With carefully designed
economic experiments, for example, one could continue to explore structural
estimation techniques to account for dynamic risk responses. Advances in
empirical methods to characterise asset dynamics could similarly improve
our ability to tease apart dynamic risk responses and static risk aversion.

We conclude with a few final thoughts. First, does the misattribution of
dynamic risk responses to static risk aversion really matter? As a theoretical
matter, this seems to be an important distinction and speaks to the importance
of balancing preferences and structure. Indeed, the observation that implicit
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wealth dynamics might directly shape preferences appears in Friedman and
Savage’s (1948) classic work. Moreover, dynamic misattribution bias seems
relevant empirically. In particular, this potential source of bias in estimates
of risk aversion highlights the importance of careful consideration and estima-
tion of the structural features of behavioural models of decision-making. As a
policy matter in the poverty traps setting we use to illustrate the problem, since
both the magnitude and the direction of dynamic risk responses can change
dramatically as wealth or assets change, misattribution could render the
simulation of policies that create infra-marginal welfare impacts especially
inaccurate. Even if a given policy changes wealth or assets marginally or
not at all, our understanding of its effects might be hampered by the misattri-
bution bias in average estimates of risk aversion.

Understanding non-linear dynamics is an important frontier of economic
research, often with clear implications for the design and implementation of
policy in areas as distinct as poverty reduction, environmental management,
storable commodity markets and business cycles. We argue that while charac-
terising these dynamics is important, more needs to be done to understand how
these forces shape how individuals make decisions over time. In many of
contexts, individuals and households surely appreciated the dynamics that
shape the average wealth accumulation paths they see around them long
before economists attempted to characterise them formally. In recognition
of our late arrival on the scene, we should at least acknowledge the possibility
of behavioural wrinkles induced by these dynamics.
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