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Unbiased and Consistent Estimation of Risk Preferences: A Monte Carlo Simulation

Introduction

Agents’ risk attitudes directly impact their decision making. A significant
amount of effort in the literature has been devoted to estimating risk
preferences from agents’ production decisions. However, whether risk
preferences can be indeed recovered is being debated in the literature. We
conduct a Monte Carlo experiment to investigate this issue and discuss
potential factors that might affect estimation performance.

The Experiment Design

The experiment design in this study largely follows Lence’s (2009) setup
with some modifications. Producers are assumed to maximize their
expected utility (EU) conditional on random, end-of-period wealth:

Q) W) =py—rx+W,

where 7 denotes the end-of-period output price and ¥ output, both of
which are stochastic; r is input price vector; Wy, the initial wealth, is
generated from W, = 18.9 + 69.2z, where the random variable z falls in
the interval [0, 1] and follows the standard Beta (0.87, 1.27) distribution.
The production function is:

(2 = aoxy x58,,
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&, follows a log-normal distribution with mean one and variance of 0.0961.

The price is generated from the following process:

(3) In(p) = —0.0659 + 0.5In(py) — 0.3In(&,) + &, ,

where py is the initial price; &, follows a zero-mean normal distribution with a
standard deviation of 0.3. The prices p,, 74,7 are drawn from a log-normal
distribution with unconditional mean of one (logarithms of prices have mean -
0.03125, variance 0.0625).

The utility function U () takes the hyperbolic absolute risk aversion (HARA) form:
@ UW)=0-y) (o + W),

where y, and y, are parameters to be recovered; and y, + W > 0.

[0, v1] take values of [-5, 2], [0, 3], and [43, 6] under assumptions of decreasing
relative risk aversion (DRRA), constant relative risk aversion (CRRA), and

increasing relative risk aversion (IRRA), respectively. Producers maximize EU by
choosing the optimal amounts of inputs, x* :

6) maxE{U[W]}.

x* are solved using the numerical quadrature method, which, together with the
output and price information, form a typical set of production data for risk
preference estimation. Notice that the DRRA case may result in considerable
amount of corner (non-optimal) solutions and therefore data contamination. [-5, 2]
was set to alleviate such contamination.
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Estimation

Recovery of the utility function parameters is based on the following first order
conditions (FOC) of the EU maximization problem:
(6) &y = [10g() — log(ag) — a4 log(in) — a5 log(x30)],

= *— Y1
()] Ein = (YO + Wl,n) 1(pnajxj,nlyn - r]n) (70 + Wo,n) 1: J=A,B,
where Wy, = Wopn + DnYn — TaXan — TXp ,; the multiplicative term
(vo + Wo,n)71 in (7) is a scaling factor used to avoid the solution of +co for y; of the
original FOCs.
The GMM is used to estimate parameters [aq, @, @z , Yo, Y11’ Instruments used are

,
o oo
[1. Won Do Tan T Xan xa,n] .

Results and Conclusions

Two million observations were generated in each scenario (DRRA, CRRA, and
IRRA) and used in the estimation at different sample sizes.

The table on the left reports the median and the 2.5% and 97.5% quantiles (in
parentheses) of the results obtained from valid estimations (without singularity
issues).
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