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Abstract 

Hierarchical Bayesian models for the estimation of individual risk preferences typically 
assume that subjects are unconditionally exchangeable: prior to seeing any data, every 
subject is treated as a draw from a common population distribution. We examine the con-
sequences of relaxing that assumption to one of conditional exchangeability, where the 
hyper-parameters of the population distribution are allowed to depend on observable co-
variates. Using simulated data, where the true parameters are known, we compare the 
recovery properties of unconditionally and conditionally exchangeable specifications 
across both Expected Utility and Rank-Dependent Utility models. A parsimonious condi-
tionally exchangeable specification recovers individual risk preferences well when the 
data-generating process actually contains demographic structure, and imposes only a 
modest penalty when it does not, but overly rich covariate specifications can substantially 
erode the borrowing-of-strength that makes hierarchical models attractive in the first 
place. The trade-off is sharp, but navigable, and is of direct relevance to applied work that 
uses estimated risk preferences as inputs to normative welfare analysis or as controls for 
other inferences. 
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Individual risk preferences are central to a remarkable range of descriptive and nor-
mative inferences in economics. Knowing them is necessary to evaluate insurance and 
savings decisions, to predict portfolio composition, to interpret behavior in auctions, to 
identify time preferences from intertemporal choices over risky outcomes, and to assess 
whether observed choices generate welfare gains or losses. Across all of these uses, what 
is needed is a defensible estimate of the risk preferences of each individual, not just of an 
unspecified representative agent. And it is now well understood that risk preferences are 
heterogeneous across individuals in ways that matter quantitatively as well as qualita-
tively. 

Estimating risk preferences at the individual level is hard. The data one can obtain 
from any one subject are typically limited: time is scarce, attention is finite, and the exper-
imental tasks needed to identify utility curvature, probability weighting, and stochastic 
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noise all compete for the subject’s effort. Classical maximum likelihood (ML) estimation 
at the individual level routinely leads to imprecise, occasionally absurd, and sometimes 
simply non-existent estimates. Bayesian hierarchical models (BHM) offer a disciplined re-
sponse. By treating each subject’s parameters as draws from a common population distri-
bution, they let information from the rest of the sample inform inference about any single 
subject. When that subject’s own data are uninformative, the population prior does the 
heavy lifting; when they are informative, the data dominate. Gao et al. (2023) document 
the practical gains from this approach in the context of behavioral welfare evaluations of 
insurance choices that depend on the estimated risk preferences of individuals. The liter-
ature on hierarchical Bayesian estimation of preferences in marketing, psychology, and 
behavioral economics is by now considerable, going back at least to Rossi and Allenby 
(1993), Allenby and Rossi (1999), Nilsson et al. (2011), and the textbook treatments of Gel-
man et al. (2013), Johnson et al. (2012) and Kruschke (2015). 

Most of that literature, including our own Gao et al. (2023), rests on an assumption 
of unconditional exchangeability: before seeing any data, the analyst regards the subjects as 
interchangeable draws from a common distribution. That is a strong assumption, and a 
deliberate one. It is what makes the hierarchical model hierarchical, in the sense that it per-
mits pooling. The price of that pooling is that the model knows nothing, a priori, about 
what distinguishes one subject from another. 

In practice, of course, the analyst usually does know something about each subject. 
Gender, age, education, prior insurance experience, income, and many other observables 
are routinely recorded. A natural question is whether allowing the hyper-parameters of 
the population distribution to depend on these observables, or conditional exchangeability, 
improves the recovery of individual risk preferences. The intuition for an improvement is 
straightforward. If women in our subject pool really are, on average, more risk averse than 
men, then knowing a subject’s gender is genuinely informative about her risk preferences, 
and a model that uses that information should produce appropriately sharper posteriors. 
The intuition for a cost is equally straightforward, and is the point we want to develop. 
Each additional covariate carves the population into smaller cells. In the limit, with 
enough covariates and interactions, each subject ends up in a cell of her own, and the 
borrowing-of-strength that made the hierarchical model useful in the first place evapo-
rates. 

We examine that trade-off directly. Using simulated data, generated under known 
data-generating processes, we evaluate how well alternative BHM specifications recover 
individual risk preferences. The specifications differ in whether they assume uncondi-
tional exchangeability, conditional exchangeability with a handful of demographic covari-
ates, or no exchangeability at all (estimation one subject at a time). We do this for both 
Expected Utility Theory (EUT) and Rank-Dependent Utility (RDU) data-generating pro-
cesses, and then turn to observed choices from a laboratory experiment and ask, with ap-
propriate Bayesian caution, which specification best describes the data and how the infer-
ences about individual risk preferences differ across specifications. 

Our main findings are three. First, when demographic structure is genuinely present 
in the data, a conditionally exchangeable model with a few covariates recovers individual 
risk preferences more accurately than its unconditionally exchangeable counterpart. Sec-
ond, when demographic structure is absent, the penalty for, nonetheless, including a few 
covariates is small: the posterior simply concludes that the covariates do not matter, and 
the individual-level estimates are very close to those of the unconditional model. Third, 
and most usefully for applied work, the gains from conditioning are bounded. With too 
many covariates, or with interactions that effectively put each subject in a unique cell, the 
conditioning destroys the very pooling that the hierarchical structure is meant to deliver. 
The practical guidance that emerges is to condition parsimoniously, on covariates with a 
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credible a priori connection to risk preferences, and to use Bayes factors as one input, 
alongside theoretical priors and the inference at hand, when evaluating whether the con-
ditioning has earned its keep. 

Section 1 sets out the exchangeability assumption: what it means, where it comes 
from, and why it is the foundation of any hierarchical Bayesian model. It then explains 
conditional exchangeability, situates it within the broader literature (including its more 
recent prominence in causal inference), and describes how we implement it with covari-
ates that enter linearly into the hyper-parameters of the population distribution. The dis-
cussion closes with the trade-off between informativeness and the loss of pooling. Section 
2 describes the experimental data we use both as the basis for our simulations and for our 
estimates from observed choices. Section 3 presents the EUT specifications, the simulation 
evidence on parameter recovery and sensitivity to mis-specification, and the estimates 
from observed data. Section 4 extends the analysis to RDU. Section 5 discusses the limita-
tions of our analysis and the extensions that they invite. Section 6 concludes the paper. 

1. The Exchangeability Assumption 
1.1. Unconditional Exchangeability 

A sequence of random variables is exchangeable if the joint distribution of any finite 
subset of them is invariant to permutations of the indices. Loosely: the labels on the ob-
servations do not matter. If we relabel subject 1 as subject 17, and subject 17 as subject 1, 
our beliefs about the joint distribution of their parameters should be unchanged. The for-
mal study of exchangeability goes back to de Finetti (1937), whose representation theorem 
established that any infinite exchangeable sequence of random variables can be repre-
sented as conditionally independent and identically distributed, given some unobserved 
parameter drawn from a prior distribution. In other words, exchangeability is what justi-
fies the language of “drawing parameters from a population distribution” in the first place. 
Without exchangeability, there is no coherent Bayesian sense in which the subjects in a 
sample tell us anything about each other.1 

In the context of a hierarchical Bayesian model of risk preferences, unconditional ex-
changeability means that, before observing any choices, the analyst regards every subject 
in the sample as a draw from a common distribution. If 𝑟௜ denotes the utility curvature 
parameter of subject i, the model writes 

𝑟௜ | 𝑚௥, 𝜎௥ଶ ~ 𝑁ሺ𝑚௥ , 𝜎௥ଶሻ, 
and places hyper-priors over 𝑚௥ and 𝜎௥ଶ. The same population parameters (𝑚௥, 𝜎௥ଶ) gov-
ern every subject. The names of the subjects are not arguments of the distribution. The 
hierarchical structure does the rest of the work: when the data for any one subject are 
uninformative, the posterior for that subject’s 𝑟௜ is pulled toward the population mean. 
When the data are informative, the posterior moves away from the population mean. This 
“shrinkage” toward a common centre is, in classical language, what makes hierarchical 
estimates a regularized improvement on independent subject-by-subject estimates.2 

The strength of unconditional exchangeability is that it is robust. It commits the ana-
lyst to nothing beyond the claim that the subjects are, a priori, interchangeable. The weak-
ness is exactly the same thing. If the subjects in fact differ systematically along observable 
dimensions, i.e., if women are systematically more risk averse than men in this sample, 
the model is required to ignore that information at the prior stage. The information returns 
through the data, but only one subject at a time, and the pooling that takes place is pooling 
toward a single population mean that may not be the right center for any sub-group. 
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1.2. Conditional Exchangeability 

Conditional exchangeability weakens the requirement such that subjects are ex-
changeable only after conditioning on a vector of observables. Two subjects with the same 
observed covariates are interchangeable; two subjects with different covariates need not 
be. Formally, we write 𝑟௜ | 𝑚௥, 𝛽, 𝜎௥ଶ, 𝑋௜ ~ 𝑁ሺ𝑚௥+ 𝛽 · 𝑋௜ , 𝜎௥ଶሻ, 
where 𝑋௜ is the vector of observed covariates for subject i and 𝛽 is a vector of hyper-
coefficients to be estimated. The population mean is now allowed to vary with observables, 
while the population variance 𝜎௥ଶ  continues to capture residual heterogeneity among 
subjects with the same covariate values.3 That is, of course, just a regression structure em-
bedded in the prior, and that is precisely what it is meant to be. The parameters (𝑚௥, 𝛽, 𝜎௥ଶ) are themselves estimated from the data, jointly with the individual 𝑟௜. 

The intellectual roots of conditional exchangeability run deep, and in directions that 
may surprise economists. Early formal treatments are in Diaconis and Freedman (1980), 
and the idea has been a workhorse in Bayesian hierarchical modeling since at least Lindley 
and Smith (1972). It has acquired renewed prominence in the modern causal inference 
literature, where conditional exchangeability of treated and untreated units, given ob-
served covariates, is the central identifying assumption behind the entire family of selec-
tion-on-observables estimators, such as propensity-score methods, doubly robust estima-
tors, matching, regression adjustment, and the recent generation of machine-learning-
based causal estimators discussed in Imbens and Rubin (2015), Hernán and Robins (2020) 
and Athey and Imbens (2017). The terminology there is sometimes “ignorability” or “un-
confoundedness”, but the substantive content is the same: conditional on observables, the 
labels stop carrying information. Our use of the assumption is in a different setting, Bayes-
ian estimation of individual risk preferences from experimental data, not estimation of 
treatment effects from observational data, but the underlying logic is identical. 

1.3. Implementation with Linear Covariates 

We implement conditional exchangeability by allowing the hyper-mean of each in-
dividual-level parameter to depend linearly on a small set of demographic covariates. For 
our subject pool we use five binary covariates: whether the subject is female, whether the 
subject is Black, whether the subject is a business major, whether the subject has a high 
GPA, and whether the subject owns any insurance. These are the covariates that have been 
used in related work on this population, and they are the covariates for which a credible 
a priori case can be made that they could move risk preferences in our sample. For the 
utility curvature parameter, we therefore write 𝑟௜ ~ 𝑁ሺ𝑚௥+ 𝛽 · 𝑋௜ , 𝜎௥ଶሻ, 
with diffuse hyper-priors on each component of β. For the Fechner noise parameter 𝜇௜, 
and (under RDU) for the two probability-weighting parameters 𝜂௜ and 𝜑௜, we use anal-
ogous specifications on the log scale, since these parameters are constrained to be positive. 
The full specifications are given in the next two sections, where we describe the EUT and 
RDU models. 

1.4. The Trade-Off 

The promise of conditional exchangeability is sharper inference. If the covariates re-
ally do shift the population mean, then knowing a subject’s covariates tells us where, on 
average, her parameter sits, and the posterior for that subject benefits from a better-cen-
tered prior. The threat is more subtle. With one binary covariate, the model effectively 
divides the sample into two pools and shrinks each subject’s estimate toward the mean of 
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her pool. That is generally helpful. With five binary covariates, the model is, implicitly, 
defining up to 2ହ = 32 cells; with interactions, far more. As the cells become smaller, the 
population mean for each cell is estimated from fewer subjects, and the gain from pooling 
within a cell falls. In the limit, every subject is in her own cell, the conditioning has elimi-
nated all pooling, and we are back to estimating each subject’s parameters from her own 
data alone, which is the worst case the hierarchical model was designed to avoid. 

The trade-off is therefore not between conditional and unconditional exchangeability 
in the abstract, but between the right amount of conditioning and too much. The simula-
tions in the next sections are designed to characterize that trade-off concretely. We delib-
erately consider data-generating processes that differ in whether demographic structure 
is present, and specifications that differ in whether and how it is modeled. The combina-
tion tells us, for our setting of risk preferences, what conditioning helps, what condition-
ing hurts, and what conditioning makes no difference. 

Two practical points are worth flagging in advance. The first is that Bayes factors and 
posterior model probabilities provide a natural way to evaluate how well alternative 
amounts of conditioning describe the observed choices, and we use them in that spirit 
throughout.4 We deliberately say “evaluate” rather than “select”. Model-selection lan-
guage treats a Bayes factor as a verdict that eliminates one model in favor of another for 
all purposes, which is more than the metric can carry. The Bayes factor is one summary of 
in-sample predictive consistency under the priors actually used, and that is exactly the 
question we want to ask of our specifications. But it is not a verdict about which utility 
model should be carried forward into, say, a downstream welfare evaluation, where the 
structural form of the model is constrained by the inference being made rather than by a 
horse-race statistic. The second point is that the trade-off described here is not unique to 
risk preferences. Anyone who has used regression with covariates to estimate group-level 
means, or used a multilevel model with random intercepts that depend on observables, 
has implicitly been navigating the same trade-off. The novelty of what we do is to confront 
it head-on, in the specific context of individual-level structural parameters that are them-
selves inputs to downstream economic inference. 

2. Experimental Data 
We have N = 73 subjects each making T = 60 lottery choices. The subjects are recruited 

from the undergraduate student population of Georgia State University. The 60 pairs of 
lotteries are each in the gain domain: for any k = 1, …, K, outcome 𝑥௞ ≥ 0 and subjects 
receive an endowment e of $0. We use subscript i = 1, 2, …, 73 to index the subject, t = 1, 
2, …, 60 to index the tth lottery pair, and 𝑦௜,௧ = 1 to indicate that subject i chose the lottery 
on the left in pair t. The labels “left” and “right” are purely positional and have no eco-
nomic content; they refer only to where the option appeared on the screen. We collect all 
decisions of one subject in 𝑦௜ = (𝑦௜,ଵ, 𝑦௜,ଶ, …, 𝑦௜,଺଴) and all decisions of all subjects in y = 
(𝑦ଵ, 𝑦ଶ, …, 𝑦଻ଷ). 

Each subject was asked to make choices over pairs of lotteries designed to provide 
evidence of risk aversion as well as the tendency to make decisions consistently with EUT 
or RDU models. The battery of lottery choices combines designs from Loomes and Sugden 
(1998), which vary the gradient of the EUT-consistent indifference curves within a Mar-
schak–Machina triangle so as to provide tests of EUT with adequate power against a range 
of risk attitudes; designs from Harrison et al. (2015) for testing the Reduction of Com-
pound Lotteries axiom; and a series of lotteries that are actuarially equivalent to insurance 
choices studied by Harrison et al. (2025). Each subject faced an individually randomized 
sequence of choices from this battery. The typical screen interface, full instructions, and 
the complete list of lottery parameters are documented in Appendix A. 
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Subjects were paid for one of their choices. Prizes ranged from $0 to $70 across the 
lotteries, with average expected earnings of $27.80 conditional on observed choices. Each 
subject also received a $7 participation fee. 

In addition to the choice data, we observe a vector of demographic characteristics for 
each subject. These characteristics provide the covariates 𝑋௜ that enter the conditionally 
exchangeable specifications. Summary statistics are reported in Appendix B. 

3. Expected Utility Theory 
We use the EUT model to develop our analysis of conditional versus unconditional 

exchangeability in a setting that is simple enough to be transparent and rich enough to be 
useful. The first subsection lays out the model and the six specifications we compare. The 
second subsection uses simulated data, where the true parameters are known, to evaluate 
parameter recovery. The third subsection uses observed choices. 

3.1. Model and Specifications 

Individuals are assumed to integrate lottery prizes perfectly with their endowments 
and to evaluate prizes through a Constant Relative Risk Aversion (CRRA) utility function 𝑢ሺ𝑒, 𝑥௞ሻ = ሺ𝑒 + 𝑥௞ሻଵ - ௥ / ሺ1 - 𝑟ሻ for any k = 1, …, K. In our battery, K = 4. A lottery is evalu-
ated by the probability-weighted sum of utilities of prizes, and the latent index for choice 
t by subject i is the difference between the EU of the left and right lotteries scaled by a 
Fechner noise parameter 𝜇௜  and a contextual utility term that normalizes utilities of 
prizes between 0 and 1, following Wilcox (2011). The probability of choosing the left lot-
tery is then a logistic function of this latent index. Collecting the data-generating process 
in compact form, the two individual-level parameters are the utility curvature 𝑟௜ and the 
Fechner noise 𝜇௜. 

We consider six econometric specifications, indexed I through VI, that differ in the 
degree of heterogeneity they allow for these two parameters. All are nested in the most 
general specification (VI), which allows for heterogeneity at both the demographic and 
the individual level. We describe VI first and treat the others as restrictions of it. 

Specification VI is fully conditionally exchangeable with individual heterogeneity. 
The individual CRRA coefficient is drawn from the normal distribution specified in sec-
tion 1.3, and 𝜇௜ drawn from a log-normal distribution with a common mean and variance. 
The hyper-priors on 𝑚௥, the components of 𝛽, and 𝑚௟௡ ఓ are diffuse N(0, 100), and the 
hyper-priors on 𝜎௥ and 𝜎௟௡ ఓ are inverse-Gamma.5 

The remaining specifications are restrictions of VI obtained by setting one or more of 
its features to zero. Specification V drops the demographic component (𝛽 = 0) but retains 
individual heterogeneity in both 𝑟௜ and 𝜇௜; this is the unconditionally exchangeable hi-
erarchical model in the sense of Section 1.1. Specification IV retains conditional exchange-
ability for 𝑟௜ but eliminates within-cell heterogeneity (𝜎௥ଶ = 0), so subjects with identical 
covariates are required to have identical 𝑟௜. Specification III is the representative-agent 
model with no demographic structure and no individual heterogeneity in 𝑟௜, but allows 
for heterogeneity in the noise parameter 𝜇௜. Specifications II and I correspond to IV and 
III, respectively, but additionally impose homogeneity of 𝜇௜ across subjects. We estimate 
all models in Stata using a combination of the Metropolis–Hastings algorithm and the 
Gibbs sampler, with 10,000 MCMC draws after a burn-in of 2500 in all reported estima-
tions. The Stata template that defines the likelihood can be found in Online Appendix A 
of Gao et al. (2023). 

3.2. Parameter Recovery 

To evaluate the recovery properties of the six specifications under known data-gen-
erating processes, we simulate six datasets, indexed I through VI, that correspond to the 
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same six structures: each subject’s true parameters are drawn from the structure that the 
corresponding specification assumes. The simulation parameters used to generate each 
dataset are summarized in Table 1. These parameters are displayed in italics in Table 1 
and all the estimation tables to follow to differentiate them from estimated values. For 
each simulated dataset, we use the observed lottery characteristics and demographic co-
variates of our 73 subjects, but draw the risk preference parameters from the specified 
distribution and then simulate the binary choices. This gives us simulated data with the 
same structure as the observed data, but with parameters we control. 

Table 1. Parameters in simulated datasets. 

Sim. Constant (r) Female (r) Black (r) BusinessMajor (r) HighGPA (r) Insured (r) Std. Dev. (r) Mean (µ) Std. Dev. (µ) 
I 0.5 - - - - - - 0.25 - 
II 0.4 0.2 −0.2 −0.5 0.1 0.3 - 0.25 - 
III 0.5 - - - - - - 0.23 0.07 
IV 0.4 0.2 −0.2 −0.5 0.1 0.3 - 0.23 0.07 
V 0.5 - - - - - 0.2 0.23 0.07 
VI 0.4 0.2 −0.2 −0.5 0.1 0.3 0.2 0.23 0.07 

We first estimate each simulated dataset under its correct specification, to evaluate 
whether the BHM can recover what we put in. All estimations converge with moderate to 
high efficiency; see Appendix C for a full diagnostic report. Estimates of the population-
level parameters are reported in Table 2. The true values used in the simulations are inside 
the 89% credible intervals for almost every parameter in every specification.6 The only 
exception is the standard deviation 𝜎௥ in specification VI, where the posterior is some-
what tighter than the true value; this happens because, under specification VI, 𝜎௥ 
measures only the residual heterogeneity around the demographic-conditional mean, and 
the model assigns some of that residual variance to the demographic component. The mis-
identification is statistical, not substantive: as we show below, the posterior conclusions 
about individual 𝑟௜ from specification VI on observed data are unchanged whether or not 𝜎௥ is recovered exactly. 

Table 2. Expected utility models using simulated choices under correct specifications. 

Group Parameter Spec True Mean SD 89% CI Low 89% CI High 
r Constant I 0.5 0.503 0.017 0.479 0.532 
  II 0.4 0.351 0.055 0.258 0.432 
  III 0.5 0.496 0.015 0.472 0.518 
  IV 0.4 0.377 0.043 0.308 0.446 
  V 0.5 0.493 0.025 0.453 0.533 
  VI 0.4 0.359 0.071 0.234 0.463 
r Female II 0.2 0.214 0.036 0.156 0.270 
  IV 0.2 0.193 0.032 0.146 0.246 
  VI 0.2 0.191 0.056 0.091 0.271 
r Black II −0.2 −0.206 0.031 −0.257 −0.159 
  IV −0.2 −0.205 0.027 −0.248 −0.163 
  VI −0.2 −0.181 0.058 −0.272 −0.089 
r BusinessMajor II −0.5 −0.457 0.043 −0.524 −0.390 
  IV −0.5 −0.480 0.042 −0.546 −0.413 
  VI −0.5 −0.488 0.064 −0.595 −0.391 
r HighGPA II 0.1 0.093 0.034 0.033 0.144 
  IV 0.1 0.088 0.031 0.041 0.138 
  VI 0.1 0.117 0.059 0.024 0.217 
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r Insured II 0.3 0.327 0.033 0.276 0.379 
  IV 0.3 0.324 0.028 0.277 0.364 
  VI 0.3 0.304 0.061 0.207 0.405 
r Std. Dev. V 0.2 0.169 0.022 0.135 0.204 
  VI 0.2 0.098 * 0.014 0.076 0.119 

µ Mean I 0.25 0.260 0.014 0.239 0.281 
  II 0.25 0.242 0.011 0.224 0.259 
  III 0.23 0.240 0.018 0.212 0.268 
  IV 0.23 0.221 0.014 0.199 0.242 
  V 0.23 0.230 0.017 0.203 0.254 
  VI 0.23 0.210 0.016 0.184 0.234 

µ Std. Dev. III 0.07 0.082 0.026 0.044 0.125 
  IV 0.07 0.061 0.019 0.031 0.089 
  V 0.07 0.078 0.023 0.042 0.112 
  VI 0.07 0.082 0.021 0.049 0.110 

Note: * indicates the true parameter lies outside the 89% credible interval of the posterior sample. 
Under specification VI, σr measures only the residual heterogeneity around the demographic-con-
ditional mean, and the model assigns some of that residual variance to the demographic component. 

Recovery at the individual level is the more interesting test. For specifications that 
allow individual heterogeneity in 𝑟௜, we compare the posterior mean of each subject’s 𝑟௜ 
to the true value used in the simulation. Figure 1 shows the resulting scatter plots. For 
simulated datasets II and IV, where there is no within-cell heterogeneity, the recovery is 
essentially perfect: the points lie on the 45° line and the correlation between true and esti-
mated values is close to 1. For dataset VI, where both demographic and individual heter-
ogeneity are present, the correlation is 0.94 and the cloud is tight. For dataset V, where 
there is individual heterogeneity but no demographic structure, the correlation is 0.77 and 
the points at the tails are pulled toward the center by the shrinkage prior, exactly as the 
hierarchical model is meant to do. Across all four datasets, the 89% credible intervals con-
tain the true value for the vast majority of subjects (Table A6). The BHM recovers what 
we put in. 

We now turn to the question of what happens when we estimate dataset VI, the most 
demanding data-generating process, under incorrect specifications. The exercise is de-
signed to make the trade-off described above concrete. Dataset VI has both demographic 
structure (β ≠ 0) and within-cell individual heterogeneity (𝜎௥ଶ > 0). Specification V drops 
the demographic structure but retains within-cell heterogeneity. Specification IV drops 
within-cell heterogeneity but retains the demographic structure. Specification III drops 
both. Specifications II and I additionally drop heterogeneity in 𝜇௜. Estimates under each 
of these mis-specifications are reported in Tables 3 and A7 of Appendix B; population-
level estimates are in the main text and individual-level estimates are deferred to Appen-
dix B. 

At the population level, the cost of mis-specification is small. The demographic coef-
ficients in specifications II and IV are recovered accurately even though those specifica-
tions incorrectly impose 𝜎௥ଶ  = 0. Specification V compensates for the missing demo-
graphic structure by inflating 𝜎௥ to absorb the demographic variance into residual heter-
ogeneity. Specifications I and III, by assuming homogeneity in r, attribute all the variation 
in choices to the noise parameter µ, which therefore comes out larger than the true value. 
None of this is surprising: when you tell a statistical model that one source of variation is 
shut off, it pushes the variation it sees into the sources you have left open. 
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Table 3. Expected utility models using simulated dataset VI under mis-specified specifications. 

Group Parameter Spec True Mean SD 89% CI Low 89% CI High 
r Constant I 0.4 0.432 * 0.019 0.403 0.463 
  II 0.4 0.419 0.042 0.350 0.485 
  III 0.4 0.417 0.025 0.377 0.457 
  IV 0.4 0.395 0.043 0.327 0.460 
  V 0.4 0.354 0.047 0.282 0.429 
  VI 0.4 0.359 0.071 0.234 0.463 
r Female II 0.2 0.170 0.030 0.124 0.219 
  IV 0.2 0.179 0.031 0.128 0.227 
  VI 0.2 0.191 0.056 0.091 0.271 
r Black II −0.2 −0.207 0.027 −0.251 −0.164 
  IV −0.2 −0.196 0.027 −0.237 −0.152 
  VI −0.2 −0.181 0.058 −0.272 −0.089 
r BusinessMajor II −0.5 −0.509 0.038 −0.568 −0.447 
  IV −0.5 −0.503 0.043 −0.569 −0.429 
  VI −0.5 −0.488 0.064 −0.595 −0.391 
r HighGPA II 0.1 0.128 0.031 0.076 0.175 
  IV 0.1 0.144 0.029 0.099 0.190 
  VI 0.1 0.117 0.059 0.024 0.217 
r Insured II 0.3 0.269 0.028 0.225 0.313 
  IV 0.3 0.271 0.028 0.226 0.317 
  VI 0.3 0.304 0.061 0.207 0.405 
r Std. Dev. V 0.2 0.355 * 0.039 0.292 0.414 
  VI 0.2 0.098 * 0.014 0.076 0.119 

µ Mean I 0.23 0.271 * 0.014 0.249 0.295 
  II 0.23 0.216 0.009 0.200 0.230 
  III 0.23 0.304 * 0.031 0.255 0.350 
  IV 0.23 0.232 0.019 0.204 0.261 
  V 0.23 0.208 0.015 0.184 0.232 
  VI 0.23 0.210 0.016 0.184 0.234 

µ Std. Dev. III 0.07 0.145 * 0.046 0.078 0.213 
  IV 0.07 0.104 0.025 0.065 0.141 
  V 0.07 0.083 0.020 0.052 0.111 
  VI 0.07 0.082 0.021 0.049 0.110 

Note: * indicates the true parameter lies outside the 89% credible interval of the posterior sample. 

At the individual level, however, the cost of mis-specification is sharper. Figure 2 
shows scatter plots of estimated versus true individual 𝑟௜ under each of the four imper-
fect specifications applied to dataset VI. The correlation rises monotonically as the speci-
fication becomes more correct: 0.87 under II and IV, 0.91 under V, and 0.94 under VI. More 
tellingly, the credible intervals tell different stories. Under specifications II and IV, which 
assume 𝜎௥ଶ = 0, the posterior standard deviations of individual 𝑟௜ are tiny (typically be-
tween 0.01 and 0.06), reflecting the false confidence the model places in its (incorrect) as-
sumption of within-cell homogeneity. The result is that, for 53 or 54 of 73 subjects, the true 𝑟௜ falls outside the 89% credible interval (Table A7). Under specifications V and VI, the 
posterior standard deviations are larger (between 0.04 and 0.23), and the 89% intervals fail 
to cover the true value for only about 15 of 73 subjects. The narrow intervals under II and 
IV are not a feature; they are a symptom of forcing the model to be more certain than the 
data warrant. 
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Figure 1. Individual CRRA coefficients in simulated data estimation. 

Two specific examples sharpen the point. Subject 54 is moderately risk averse in the 
true data-generating process, with 𝑟ହସ = 0.329. Under specification II, the posterior mean 
is −0.001, classifying her as risk neutral with high (false) confidence; under the correct 
specification VI, the posterior mean is 0.280. Subject 31 is risk loving in the true data-gen-
erating process, with 𝑟ଷଵ = −0.203. Under specification V, the posterior mean is 0.150, clas-
sifying him as risk averse; under specification VI, the posterior mean is −0.168, correctly 
identifying him as risk loving. These are not pathological cases. They are the kind of mis-
classification that mis-specification produces, and the kind of error that matters when in-
dividual risk-preference estimates are inputs to downstream welfare analysis. 



Risks 2026, 14, 178 11 of 42 
 

https://doi.org/10.3390/risks14080178 

 
Figure 2. Individual CRRA coefficients using simulated dataset VI assuming incorrect specifica-
tions. 

The simulation evidence supports a clear conclusion. When the data-generating pro-
cess is genuinely conditional on covariates, the conditionally exchangeable specification 
(VI) recovers individual parameters most accurately. When the analyst is unsure whether 
the data-generating process has demographic structure, the unconditionally exchangeable 
specification (V) is a robust fallback: it pays a modest cost in correlation (0.91 vs. 0.94 on 
dataset VI) but avoids the systematic mis-classification of individual subjects that the 
more restrictive specifications produce. The specifications that impose 𝜎௥ଶ = 0, II and IV, 
are the dangerous ones, not because they fail at the population level, but because they 
convert mis-specification into false confidence at the individual level. 
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3.3. EUT Inferences with Observed Data 

We now report EUT estimates from the observed choices of the 73 subjects across the 
six specifications. All parameters converge with adequate to excellent mixing; the demo-
graphic coefficients in specification VI converge more slowly than the others. Population-
level estimates are in Table 4. 

Consider first the conditionally exchangeable specification VI, which allows for both 
demographic and individual heterogeneity. The posterior means of the five demographic 
coefficients are all close to zero, and the 89% credible intervals all contain zero. Substantial 
individual heterogeneity remains: the posterior mean of 𝜎௥ is 0.164. The histogram of the 
posterior means of 𝑟௜ across the 73 subjects is shown in Figure 3. A total of 62 of the 73 
subjects have an 89% credible interval for 𝑟௜ that lies entirely above zero; for the remain-
ing 11 subjects the credible interval contains zero, so the data are consistent with risk neu-
trality. The Fechner noise parameter 𝜇௜  has a posterior median of 0.184 and posterior 
standard deviation of 0.058. 

Table 4. Expected utility estimates with observed choices. 

Group Parameter Spec Mean SD 89% CI Low 89% CI High 
r Constant I 0.575 0.014 0.553 0.597 
  II 0.493 0.040 0.430 0.560 
  III 0.657 0.015 0.633 0.680 
  IV 0.634 0.035 0.581 0.695 
  V 0.512 0.035 0.456 0.567 
  VI 0.431 0.094 0.272 0.569 
r Female II 0.079 0.028 0.036 0.122 
  IV 0.079 0.030 0.036 0.130 
  VI 0.070 0.080 −0.055 0.195 
r Black II 0.057 0.030 0.007 0.104 
  IV 0.005 0.027 −0.039 0.048 
  VI 0.087 0.084 −0.048 0.223 
r BusinessMajor II −0.077 0.029 −0.122 −0.032 
  IV −0.105 0.031 −0.154 −0.058 
  VI −0.018 0.075 −0.142 0.097 
r HighGPA II 0.075 0.028 0.029 0.117 
  IV 0.020 0.030 −0.026 0.067 
  VI 0.028 0.080 −0.103 0.149 
r Insured II −0.046 0.028 −0.087 0.002 
  IV −0.067 0.027 −0.116 −0.027 
  VI −0.068 0.093 −0.207 0.089 
r Std. Dev. V 0.280 0.030 0.232 0.325 
  VI 0.164 0.018 0.135 0.190 

µ Mean I 0.232 0.011 0.214 0.250 
  II 0.230 0.012 0.212 0.248 
  III 0.335 0.052 0.256 0.411 
  IV 0.303 0.040 0.240 0.360 
  V 0.183 0.011 0.165 0.200 
  VI 0.184 0.012 0.165 0.203 

µ Std. Dev. III 0.279 0.093 0.147 0.407 
  IV 0.227 0.066 0.128 0.317 
  V 0.058 0.015 0.035 0.080 
  VI 0.058 0.017 0.032 0.083 
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Figure 3. Individual CRRA coefficients 𝑟௜ from observed choices under EUT specification VI. 

Specification V, which drops the demographic structure, produces a very similar pic-
ture. The posterior mean of 𝑟௜  is 0.512 with 𝜎௥  = 0.280, and the individual posterior 
means under V are almost identical to those under VI: the correlation across subjects is 
essentially 1, as shown in the left panel of Figure 4. The estimates of 𝜇௜ are likewise nearly 
indistinguishable. Specifications II and IV, which impose 𝜎௥ଶ = 0, produce individual es-
timates that diverge sharply from those of VI, with linear correlation coefficients of around 
0.23 (Figure 4, middle and right panels), the same pattern we saw with simulated data. 
Specifications I and III, which impose homogeneity in r, absorb the variation into µ, which 
is correspondingly larger. 

 

Figure 4. Individual CRRA coefficients 𝑟௜ from observed choices under different EUT specifications. 
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We perform pairwise Bayesian comparisons of specifications I through V against VI, 
using log-Bayes factors. The log-Bayes factor against I, II, III and IV is 221.81, 207.44, 165.10 
and 146.45, respectively, indicating that, under the priors we have assumed, the data are 
much better described by VI than by any of those four. Against specification V, however, 
the log-Bayes factor is −6.61, going the other way. Posterior model probabilities, computed 
under the assumption of equal prior weight on each of the six specifications, place 99.9% 
of the mass on specification V. With the caveats about Bayes factors noted earlier, then, 
the in-sample evaluation favors V over the alternatives in our sample. 

The substantive picture for our population is straightforward. There is no demo-
graphic structure to find in this sample: conditional exchangeability buys nothing. The 
unconditionally exchangeable hierarchical model (V) describes the data as well as the con-
ditionally exchangeable model (VI), at the cost of five fewer estimated coefficients that 
turn out to be essentially zero anyway. This is precisely the case our discussion of trade-
offs anticipates: when there is no demographic structure, the cost of conditioning is small 
but not zero. For a sample drawn from a more heterogeneous population, a field sample 
with substantially more demographic variation than our undergraduate subject pool, the 
comparison could easily go the other way. The Bayesian apparatus is the same; what 
changes is the data. 

4. Rank-Dependent Utility Theory 
We extend the analysis to RDU, where the risk premium is decomposed between 

utility curvature and probability weighting. Under RDU, prizes are ranked from best to 
worst and the decision weight associated with each prize is the difference of cumulative 
transformations of the objective probabilities under a probability weighting function. We 
use the two-parameter Prelec (1998) specification, 𝜔ሺ𝑝ሻ = 𝑒𝑥𝑝ሺ-𝜂ሺ-𝑙𝑛 𝑝ሻఝሻ, 
with η > 0 and φ > 0. The RDU of a lottery is the decision-weighted sum of utilities of 
prizes, with utility curvature governed by the CRRA parameter 𝑟௜ as before. The latent 
index for choice t by subject i is the difference between the RDU of the two lotteries, scaled 
by the Fechner noise parameter 𝜇௜ and a contextual normalization. EUT is nested within 
RDU when η = φ = 1. 

The six specifications carry over directly. For 𝑟௜ and 𝜇௜ we use the same priors as 
for EUT. For 𝜂௜ and 𝜑௜, which must be positive, we use log-normal priors. In specifica-
tion VI the hyper-means are linear in 𝑋௜: 𝑙𝑛ሺ𝜂௜ሻ ~ 𝑁൫𝛾 ·  𝑋௜, 𝜎௟௡ ఎଶ ൯ and 𝑙𝑛ሺ𝜑௜ሻ ~ 𝑁൫𝜆 ·  𝑋௜ , 𝜎௟௡ ఝଶ ൯. 

In specification V the hyper-means are scalar. In specifications II and IV the within-
cell variances are set to zero. The four parameters are not independent in the posterior 
even though we assume independent priors: the RDU model decomposes the risk pre-
mium between utility curvature and probability weighting, and the well-known trade-off 
between these two channels induces posterior correlation among 𝑟௜, 𝜂௜ and 𝜑௜. 

We bypass the simulation evidence here, since it is qualitatively identical to the EUT 
case, and turn to the observed choices. Estimates from all six specifications are in Table 5. 
The pattern of Bayes factors and posterior model probabilities is essentially the same as 
under EUT, with the same cautions about what those metrics do and do not tell us. In our 
sample, specification V again describes the data better than the others under the priors we 
have assumed. Using V as the baseline, the log-Bayes factor against I, II, III, IV and VI is 
300.02, 264.37, 225.48, 204.88 and 12.59, respectively, and the posterior probability on V is 
100% under equal prior weights. Once again, conditional exchangeability on these 
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covariates does not improve in-sample fit in any material way, but it costs little: the esti-
mates from V and VI are close, and the conditional model is correctly identifying that the 
demographic coefficients are small. 

Under the preferred specification V, Figure 5 shows histograms of the posterior 
means of 𝑟௜, 𝜂௜, and 𝜑௜ across the 73 subjects. There is substantial heterogeneity in all 
four parameters. A total of 56 subjects have posterior mean 𝜑௜ below 1, and 17 have pos-
terior mean 𝜑௜ above 1. A comparison of posterior means of 𝑟௜ under EUT and RDU is 
shown in Figure 6: the CRRA estimates are slightly higher under EUT, consistent with 
EUT having to absorb into utility curvature alone what RDU spreads between curvature 
and probability weighting. 

The substantive lesson from the RDU estimates is the same as from EUT. Conditional 
exchangeability and unconditional exchangeability give nearly identical individual-level 
estimates here, because the demographic covariates carry essentially no signal about risk 
preferences in this subject pool. The in-sample evaluation favors V, and that ranking would 
plausibly flip in a population where demographic covariates did carry signal. The ques-
tion is empirical, not conceptual. 

Table 5. Rank-Dependent Utility estimates with observed choices. 

Group Parameter Spec Mean SD 89% CI Low 89% CI High 
r Constant I 0.413 0.045 0.338 0.480 
  II 0.577 0.104 0.429 0.746 
  III 0.503 0.038 0.443 0.564 
  IV 0.478 0.103 0.309 0.635 
  V 0.343 0.056 0.259 0.435 
  VI 0.331 0.109 0.174 0.512 
r Female II −0.311 0.073 −0.421 −0.188 
  IV −0.113 0.136 −0.321 0.097 
  VI −0.058 0.114 −0.226 0.142 
r Black II 0.056 0.076 −0.062 0.175 
  IV 0.082 0.122 −0.118 0.256 
  VI 0.085 0.103 −0.074 0.252 
r BusinessMajor II 0.231 0.062 0.134 0.329 
  IV 0.103 0.135 −0.092 0.294 
  VI 0.003 0.106 −0.148 0.185 
r HighGPA II −0.182 0.065 −0.289 −0.082 
  IV −0.068 0.075 −0.185 0.059 
  VI −0.079 0.114 −0.266 0.094 
r Insured II −0.040 0.058 −0.132 0.047 
  IV 0.011 0.074 −0.103 0.126 
  VI −0.019 0.111 −0.208 0.144 
r Std. Dev. V 0.283 0.045 0.212 0.352 
  VI 0.175 0.032 0.127 0.223 
η Constant I 1.270 0.099 1.113 1.425 
  II 0.645 0.152 0.381 0.837 
  III 1.320 0.109 1.158 1.501 
  IV 1.066 0.219 0.710 1.395 
  V 1.395 0.126 1.194 1.580 
  VI 1.063 0.188 0.757 1.320 
η Female II 0.835 0.137 0.613 1.052 
  IV 0.575 0.231 0.189 0.913 
  VI 0.404 0.135 0.202 0.641 
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η Black II 0.073 0.149 −0.173 0.306 
  IV −0.071 0.213 −0.355 0.354 
  VI −0.013 0.133 −0.208 0.210 
η BusinessMajor II −0.496 0.133 −0.704 −0.287 
  IV −0.380 0.286 −0.800 0.037 
  VI −0.106 0.134 −0.312 0.112 
η HighGPA II 0.425 0.140 0.194 0.640 
  IV 0.097 0.172 −0.166 0.378 
  VI 0.166 0.154 −0.101 0.379 
η Insured II 0.091 0.113 −0.092 0.269 
  IV −0.033 0.158 −0.272 0.246 
  VI 0.033 0.142 −0.228 0.235 
η Std. Dev. V 0.522 0.145 0.303 0.739 
  VI 0.199 0.058 0.117 0.289 
φ Constant I 0.841 0.033 0.790 0.894 
  II 0.708 0.076 0.591 0.840 
  III 0.817 0.033 0.768 0.870 
  IV 0.651 0.065 0.547 0.749 
  V 0.876 0.045 0.801 0.944 
  VI 0.652 0.073 0.548 0.791 
φ Female II 0.080 0.090 −0.078 0.213 
  IV 0.162 0.102 0.004 0.317 
  VI 0.167 0.093 0.026 0.319 
φ Black II 0.103 0.079 −0.018 0.229 
  IV 0.100 0.086 −0.043 0.233 
  VI 0.101 0.111 −0.080 0.259 
φ BusinessMajor II 0.247 0.080 0.124 0.379 
  IV 0.168 0.092 0.027 0.319 
  VI 0.099 0.109 −0.081 0.266 
φ HighGPA II −0.129 0.080 −0.244 0.008 
  IV −0.117 0.087 −0.258 0.016 
  VI −0.054 0.097 −0.214 0.106 
φ Insured II 0.164 0.078 0.040 0.287 
  IV 0.191 0.078 0.067 0.320 
  VI 0.227 0.114 0.043 0.410 
φ Std. Dev. V 0.267 0.051 0.186 0.347 
  VI 0.112 0.021 0.081 0.144 

µ Mean I 0.234 0.013 0.213 0.254 
  II 0.218 0.012 0.199 0.237 
  III 0.379 0.068 0.280 0.478 
  IV 0.311 0.049 0.236 0.380 
  V 0.175 0.011 0.157 0.191 
  VI 0.177 0.011 0.160 0.192 

µ Std. Dev. III 0.348 0.127 0.181 0.520 
  IV 0.240 0.081 0.126 0.343 
  V 0.045 0.018 0.015 0.075 
  VI 0.041 0.019 0.008 0.067 
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Figure 5. Posterior means of individual estimates assuming Specification V of the RDU Prelec 
model. 
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Figure 6. Posterior means of individual CRRA coefficients assuming Specification V of EUT and 
RDU Prelec model. 

5. Limitations and Extensions 
Our analysis was deliberately kept simple, so that the trade-off at its center could be 

seen clearly. That simplicity was bought with several restrictions, and each restriction is a 
limitation that invites an extension. Here, we discuss those we regard as most important, 
roughly in order from the specification of the model itself, to the evaluation of alternative 
specifications, to the data one might confront the model with, and, finally, to the compu-
tational demands that many of these extensions share. None of the extensions raises a 
conceptual difficulty for the framework. The binding constraints are practical, and, as we 
note at the end, they are increasingly manageable. 

5.1. Conditional Exchangeability in the Bayesian Literature 

The idea of allowing hyper-parameters to depend on observable covariates is not 
novel, and we would not want our framing to suggest otherwise. Conditioning group-
level parameters on observables has been a workhorse of Bayesian hierarchical modeling 
at least since Lindley and Smith (1972), the formal study of exchangeability and its partial 
and conditional variants goes back to de Finetti (1937) and Diaconis and Freedman (1980), 
and the practice is standard in textbook treatments such as Gelman et al. (2013) and Kru-
schke (2015). In the Bayesian marketing literature it has been routine for decades: Rossi 
and Allenby (1993) and Allenby and Rossi (1999) condition household-level parameters 
on observable characteristics precisely because their applied questions demand individ-
ual-level inference. 

What we claim as a contribution is therefore not the device itself. It is the characteri-
zation of the trade-off the device creates in the specific setting of structural risk preferences. 
As covariates accumulate, the cells of the implied partition of subjects shrink, and with 
them the borrowing-of-strength that motivated the hierarchical model in the first place. 
That trade-off matters quantitatively for the individual-level inferences that are 
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increasingly used as inputs to normative welfare evaluation, and it is the trade-off, rather 
than the conditioning, that we regard as under-studied. 

5.2. Demographic Structure in the Variances 

We allowed the demographic covariates to enter the hyper-means of the population 
distributions, and only the hyper-means. The within-cell standard deviations and the pop-
ulation distribution of the Fechner noise parameter µ were assumed common across de-
mographic groups, a restriction we flagged earlier. We agree that this is a limitation. There 
is no principled reason why the dispersion of risk preferences or the noisiness of choice 
behavior should be identical across demographic groups, and there are settings in which 
one would positively expect otherwise (e.g., age and education could plausibly affect the 
consistency of responses to lottery tasks as much as their central tendency). If one group 
is genuinely more dispersed than another, a model that imposes a common within-cell 
variance will shrink the members of the more dispersed group too aggressively toward 
their cell mean, a milder cousin of the false confidence we documented for specifications 
that impose zero within-cell variance. 

The extension is conceptually immediate: let the log of each within-cell standard de-
viation be linear in the same covariates that enter the hyper-means, and let the data decide. 
Our reason for not doing so here was tractability, not principle. Conditioning the vari-
ances as well as the means doubles the number of hyper-parameters per covariate, and 
raises the identification demands on a sample of the size used here. A useful first step, 
short of full estimation, would be simulations in which the group-level variances are de-
liberately uneven, to establish how much damage the common-variance restriction does 
to individual-level recovery when it is false. 

5.3. Interactions, Non-Linearities and Irrelevant Covariates 

Our covariates entered the hyper-means linearly, and singly. Richer covariate struc-
tures are natural to consider, such as interactions between covariates, and non-linear 
terms such as quadratics (which are just interactions of a covariate with itself). The trade-
off we characterize applies to these with extra force, because interactions multiply cells 
faster than main effects do. Five binary covariates define up to 32 cells; their pairwise in-
teractions define many more, so the pooling erodes correspondingly faster. 

A complementary exercise, which our simulation design makes straightforward, is 
to include covariates that are known by construction to carry no signal at all, so that they 
contribute nothing but noise. Our comparison of specifications V and VI with observed 
data suggests that the price of a handful of such covariates is small, since the posterior 
simply concludes that they do not matter. Whether that reassurance survives many noise 
covariates, or noise covariates interacted with informative ones, is exactly the kind of 
question that simulated data with known truth are suited to answer, and it is a direct 
extension of the design used here. 

5.4. Richer Structural Models of Risk Preferences 

Our analysis considered EUT and RDU specifications. The extension to richer struc-
tural models, most obviously Cumulative Prospect Theory (CPT), is important. A full CPT 
specification asks a great deal of the data of each subject: distinct utility curvatures over 
gains and over losses, a loss aversion parameter, and distinct probability weighting over 
gains and over losses, all identified from choices that must span gain, loss and mixed 
frames. That is exactly the setting in which the informative priors of a BHM do their great-
est work, a point made explicitly by Harrison and Swarthout (2023, p. 160) in proposing 
BHMs as the constructive path for the econometrics of CPT, and demonstrated by Bland 
et al. (2026), who evaluate loss aversion at the level of the individual, rather than for the 



Risks 2026, 14, 178 20 of 42 
 

https://doi.org/10.3390/risks14080178 

average or median individual, across multiple datasets. The hierarchical estimation of 
CPT models by Nilsson et al. (2011) reflects the same motivation. By the logic developed 
here, CPT models should also benefit from demographic conditioning of the hyper-pa-
rameters, up to a point, and that point is likely to arrive sooner than it does for EUT. For 
CPT, each additional covariate now enters the hyper-means of many individual-level pa-
rameters at once, so the proliferation of hyper-parameters, and the attendant erosion of 
pooling, is faster. The trade-off we characterize does not vanish in richer models; it binds 
more tightly. 

5.5. Alternatives to Bayes Factors 

Our evaluations of alternative specifications relied on Bayes factors and posterior 
model probabilities, with the cautions set out earlier. One might ask whether other com-
parison criteria, such as in-sample information criteria, or predictive measures such as the 
Widely Applicable Information Criterion and leave-one-out cross-validation reviewed by 
Vehtari et al. (2017), would tell a different story. 

We flag the possibility deliberately, and just as deliberately we counsel caution. Many 
information criteria amount to ad hoc punishments for simply adding covariates, even 
when dressed up as having some Bayesian rationale. The BIC of Schwarz (1978) is a fa-
miliar example, and it penalizes exactly the covariate additions whose empirical value is 
the question at issue here, on asymptotic grounds that have nothing to do with the priors 
actually used. When the central question is whether added covariates earn their keep, a 
criterion that mechanically taxes them assumes the answer. Our general position follows 
the discussion of model comparison in Harrison and Rutström (2009): comparative 
measures of fit should be chosen to match the inferential purpose at hand, and not gener-
ated mechanically because everyone else does so. Where the purpose is out-of-sample 
prediction, predictive criteria are the appropriate tool, and evaluating them within our 
simulation design, where the truth is known, would be a worthwhile extension. Where 
the purpose is the normative use of individual estimates, the constrained specification 
searches discussed earlier remain the appropriate discipline. 

5.6. The Assumed Stability of Covariate Effects 

Everything we do assumes that the mapping from covariates to preferences, the hy-
per-coefficients β, is a stable feature of the population over the horizon of the inference. 
That assumption becomes substantive the moment the estimates travel to the same popu-
lation at a later date, or to the wider survey population considered below. It deserves a 
careful statement, because the literature on the stability of risk preferences has often mud-
dled two distinct notions. Unconditional stability asks whether elicited preferences are the 
same when measured at two points in time, with no allowance for anything else having 
changed in between. Conditional stability asks whether preferences are stable once 
changes in the relevant states of nature are conditioned on. Andersen et al. (2008) flag and 
illustrate the distinction with longitudinal field data: elicited risk attitudes varied over a 
17-month span, but with no general drift, and the variation was associated with changes 
in the personal financial circumstances of subjects. Instability in the demanding uncondi-
tional sense, which is what many claims of “unstable preferences” amount to, is entirely 
consistent with stability in the weaker conditional sense. 

It is the conditional sense that our framework assumes, since the covariates are inside 
the model. But an assumption is not a finding. Where longitudinal data with demographic 
covariates exist, one can estimate directly whether the hyper-coefficients are conditionally 
stable over time, and we would encourage exactly such studies before covariate-condi-
tioned estimates are transported across time or across populations. 



Risks 2026, 14, 178 21 of 42 
 

https://doi.org/10.3390/risks14080178 

5.7. Conditioning in the Field: Combining Survey and Experimental Data 

From a methodological standpoint, the case for routinely allowing some conditioning 
on observables is reasonable when there is a priori reason to think the chosen covariates 
could matter. From a practical standpoint, Bayes factors and posterior model probabilities, 
used as evaluations rather than verdicts, with all the cautions discussed earlier, provide a 
useful summary of whether the conditioning has improved the in-sample description of 
the data. In our specific sample of undergraduate subjects, that evaluation places over-
whelming weight on the unconditionally exchangeable specification, because the demo-
graphic covariates here carry essentially no signal about risk preferences. In a more heter-
ogeneous field sample, the evaluation could easily run the other way. The apparatus is 
the same; the conclusion is empirical. 

One extension is natural, and perhaps the most consequential for applied work. The 
framework developed here makes it possible to combine cheap, large-sample survey data 
on a field population with expensive, incentivized experimental data on a small sub-sam-
ple drawn from that population, in a way that delivers risk-preference estimates with the 
demographic reach of the survey and the inferential discipline of the experiment. The de-
sign we have in mind is straightforward in principle. A large representative survey of the 
target field population collects the demographic covariates X and a battery of responses 
to risk-preference questions that have the same structural form as the experimental tasks 
used here. Typically, these might be choices between paired lotteries or switch points in a 
multiple price list, posed hypothetically but otherwise identical in their incentive struc-
ture to the incentivized versions. A random sub-sample of the survey respondents is then 
invited to a paid laboratory or field experiment in which they make the same kinds of 
choices over real monetary stakes, with their demographics again recorded. The experi-
mental sub-sample yields incentivized estimates of individual risk preferences for the sub-
jects who participated; the survey, taken alone, yields hypothetical responses for the full 
sample. The Bayesian apparatus is what links them. 

Before introducing the specific ways of linking the two, we should note that the in-
sistence on structural similarity between the field survey and the laboratory experiment 
is doing a great deal of work here, and that it is worth being explicit about what it rules 
out. Survey instruments that ask respondents to rate their willingness to take risks on a 
Likert scale, the form popularized by Dohmen et al. (2011) and reproduced widely in sub-
sequent applied work, are not what we have in mind, and would not serve the purpose 
envisaged here. As Harrison (2025) documents, such Likert-style instruments are subject 
to at least three distinct problems that compound rather than offset one another. The first 
is hypothetical bias: responses to risk questions without real stakes need not, and demon-
strably do not, line up with responses to incentivized choices over the same lotteries, with 
the inferred risk-preference parameters differing substantially even when the two instru-
ments are administered to the same subjects. The second is the loss of theoretical content: 
a position on a 0–10 Likert scale is not the latent construct that the thought experiment 
defining risk preferences refers to, and mapping such a scale to a CRRA coefficient (or to 
any other parameter in a structural utility model) requires a non-linear transformation 
that the linear regressions used in the relevant literature simply ignore. The third is the 
temptation, once an analyst has the data in hand, to combine several such measures by 
factor analysis or principal components and treat the resulting score as a measure of risk 
preferences; this compounds the first two problems, imposing a statistical structure unre-
lated to any theoretical thought experiment about risk and collapsing what may be genu-
inely heterogeneous information into a single index whose connection to a structural pa-
rameter is, at best, decorative. For our design to do what we want it to do, then, the survey 
instrument must ask the same kind of question as the experimental task, a choice between 
two lotteries or a switch point in a multiple price list, without the financial incentive but 
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with the structural identification preserved, so that the same thought experiment is in 
force on both sides of the comparison. 

The natural way to do that linking, in the spirit of the conditionally exchangeable 
specification, is to estimate the hierarchical model on the experimental sub-sample with 
the demographic covariates entering the hyper-parameters, and then use the posterior of 
the hyper-coefficients β, γ and λ, together with the demographic profile of the wider sur-
vey population, to project the distribution of risk preferences out to the non-experimental 
survey respondents. Two things would matter regarding whether that projection is in-
formative. The first is whether the demographic covariates in fact carry signals about risk 
preferences in this population, which is exactly the question we framed as the central em-
pirical issue. In our undergraduate sample they did not; in a field population with more 
demographic variation they plausibly will. The second is whether the hypothetical survey 
responses are themselves informative about incentivized risk preferences for the same in-
dividuals, which can be tested directly within the experimental sub-sample by comparing 
the two responses and using the result to discipline, or, where appropriate, to discard, the 
survey signal from the wider sample.7 

If the comparison reveals systematic discrepancy rather than statistical independence 
between hypothetical and incentivized responses, the appropriate response is not to 
throw the survey out but to model the discrepancy. The idea, developed by Blackburn et 
al. (1994) in the context of contingent-valuation surveys, is to treat the hypothetical bias 
as a function of the observable characteristics of the respondent, to estimate that function 
on data where both kinds of responses are available, and to use it to calibrate the hypo-
thetical responses elsewhere. In their original application, the bias function was estimated 
from one good and applied to a different good, with encouraging out-of-sample perfor-
mance from both parametric and semiparametric specifications. The same logic applies 
here, and in a setting that is in one respect more favorable: our experimental sub-sample 
provides hypothetical and incentivized responses for the same individuals over the same 
lotteries, with the same demographic vector X, so the bias function can be estimated 
within-sample rather than transferred across goods. The bias-corrected hypothetical re-
sponses from the wider survey then enter the hierarchical model as demographically an-
chored input alongside, or in place of, the raw survey responses. Whether such calibration 
buys much, beyond what the covariate-in-hyper-parameter approach already delivers, 
depends on how much independent signal the hypothetical responses carry once the de-
mographics have been conditioned on. That is a question we can ask of the data rather 
than answer in advance. 

A second, simpler point is worth making. Almost all of the methodological work on 
hierarchical Bayesian estimation of risk preferences, including the analysis above, has 
used data from laboratory samples drawn from undergraduate populations. The demo-
graphic range of such samples is, by construction, narrow, and our finding that the con-
ditioning buys little in this sample is in part an artefact of that narrowness. Field popula-
tions of the kind used in Harrison et al. (2007), where the same risk-elicitation procedure 
was carried out across Denmark with a nationally representative sample spanning ages 
19 to 75, education levels from primary school to long-cycle higher education, and sub-
stantial geographic variation, are a much more demanding test of the framework. There, 
the marginal effects of education and age on risk preferences are large and statistically well 
identified, and the total effects larger still. Applying the framework developed here to such 
data, rather than to laboratory samples, is the obvious next step, and the one where the 
comparison between unconditional and conditional exchangeability is most likely to de-
liver substantively different individual-level estimates. The apparatus is the same; the de-
mographic structure is what changes. 
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5.8. Computational Implications 

Most of these extensions share a practical obstacle, the speed of computation. Our 
estimations were carried out in Stata, and for the specifications considered here that was 
adequate. But covariates in the variances, interacted covariates, and CPT-scale parameter 
vectors all increase the dimension of the posterior and complicate its geometry, and 
MCMC run-times that are tolerable for a two-parameter EUT model can become prohibi-
tive. That is not a reason to avoid the extensions; it is a reason to change computational 
tools. 

We have ported BHM code of the kind used here to Stan (Version 2.37), the probabil-
istic programming language of Carpenter et al. (2017), and, more consequentially, to 
NumPyro, the probabilistic programming module of Phan et al. (2019), which runs under 
Python (Version 3.14.6) on the JAX framework. NumPyro uses the same Hamiltonian 
Monte Carlo sampler as Stan, the No-U-Turn Sampler of Hoffman and Gelman (2014), but 
compiles the log-posterior and its gradient to run on graphics processing units, and for 
likelihoods with the embarrassingly parallel structure of binary choice data, the speed 
improvements are dramatic. Nor does any of this require abandoning a Stata-centered 
workflow: the Python code can be invoked from within Stata using the Python prefix com-
mand, so that data management and post-estimation analysis remain where they were. 
The porting effort is modest, and validation is direct, since the same model can be esti-
mated on the same data in both environments and the posteriors compared. The compu-
tational path for the extensions sketched above therefore exists, and it is feasible. 

6. Conclusions 
Hierarchical Bayesian estimation of individual risk preferences is a powerful tool 

when the analyst needs reliable, individual-level estimates from data that, taken one sub-
ject at a time, are too sparse to identify each subject’s parameters precisely. The hierarchy 
delivers its gains by pooling: each subject’s posterior borrows strength from the rest of the 
sample through a shared population distribution. The standard implementation assumes 
that subjects are unconditionally exchangeable, which is what gives the pooling its bite. 

Conditional exchangeability is an alternative that allows the population distribution 
to depend on observable covariates. Its appeal is that it makes use of information the an-
alyst has anyway. Its risk is that it can carve the population into cells so small that the 
pooling, and with it the principal benefit of the hierarchical model, disappears. Our con-
tribution is to characterize that trade-off concretely, with simulated data where the truth 
is known and with observed data from a laboratory experiment. 

Three findings stand out. First, when the data-generating process actually has demo-
graphic structure, a conditionally exchangeable model with a parsimonious set of covari-
ates recovers individual risk preferences better than its unconditionally exchangeable 
counterpart. Second, when the data-generating process has no demographic structure, the 
cost of including a few covariates anyway is small: the posterior simply concludes that the 
covariates do not move the estimates, and the individual-level inferences are essentially 
the same as under unconditional exchangeability. Third, specifications that impose zero 
within-cell variance, conditional exchangeability without any residual individual hetero-
geneity, are dangerous. They produce tight credible intervals that are systematically 
wrong about the parameters of many subjects. The lesson is that within-cell variance is 
not a luxury; it is what protects the model from being too confident in the wrong place. 

(1) The first six columns correspond to 𝛽 from the distribution of 𝑟௜, and the seventh 
column corresponds to 𝜎௥ଶ. For ease of interpretation, we list the mean and standard 
deviation of 𝜇௜ rather than 𝑚௟௡ ఓ and 𝜎௟௡ ఓଶ  as the last two columns here and in the 
presentation of estimation results. 
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(2) Compared to specification VI, specifications I–IV assume the standard deviation of 
the normal distribution of 𝑟௜ is 0, and specifications I, III and V assume the demo-
graphic coefficients of the mean are 0. In addition, specifications I and II assume the 
standard deviation of the log-normal distribution of 𝜇௜ is 0. 

(3) For ease of reading, we display the simulation parameters in italics to differentiate 
them from estimated values in all the ensuing tables. 
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Appendix A. Experiment Instructions and Lottery Parameters 
(ONLINE) 
Appendix A.1. Instructions in the Gain Frame 

Choices Over Risky Prospects 

This is a task where you will choose between prospects with varying prizes and 
chances of winning each prize. You will be presented with a series of pairs of prospects 
where you will choose one of them. For each pair of prospects, you should choose the 
prospect you prefer. You will actually get the chance to play one of these prospects for 
earnings, and you will be paid according to the outcome of that prospect, so you should 
think carefully about which prospect you prefer on each decision screen. 

Here is an example of what the computer display of such a pair of prospects will look 
like. 

 

The outcome of the prospects will be determined by the draw of a random number 
between 1 and 100. Each number between, and including, 1 and 100 is equally likely to 
occur. In fact, you will be able to draw the number yourself using two 10-sided dice. 
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You might be told your cash endowment for each decision at the top of the screen. In 
this example it is $35, so any earnings would be added to or subtracted from this endow-
ment. The endowment may change from choice to choice, so be sure to pay attention to it. 
The endowment you are shown only applies for that choice. 

In this example, the left prospect pays twenty-five dollars ($25) if the number drawn 
is between 1 and 5, pays negative five dollars ($−5) if the number is between 6 and 55, and 
pays negative thirty-five dollars ($−35) if the number is between 56 and 100. The blue color 
in the pie chart corresponds to 5% of the area and illustrates the chances that the number 
drawn will be between 1 and 5 and your prize will be $25. The orange area in the pie chart 
corresponds to 50% of the area and illustrates the chances that the number drawn will be 
between 6 and 55 and your prize will be $−5. The green area in the pie chart corresponds 
to 45% of the area and illustrates the chances that the number drawn will be between 56 
and 100. When you select the decision screen to be played out, the computer will confirm 
the die rolls that correspond to the different prizes. 

Now, look at the pie on the right. It pays twenty-five dollars ($25) if the number 
drawn is between 1 and 15, negative five dollars ($−5) if the number is between 16 and 25, 
and negative thirty-five dollars ($−35) if the number is between 26 and 100. As with the 
prospect on the left, the pie slices represent the fraction of the possible numbers which 
yield each payoff. For example, the size of the $25 pie slice is 15% of the total pie. 

Even though the screen says that you might win a negative amount, this is actually a 
loss to be deducted from your endowment. So if you win $−5, your earnings would be $30 
= $35 − $5. 

Each pair of prospects is shown on a separate screen on the computer. On each screen, 
you should indicate which prospect you prefer to play by clicking on one of the buttons 
beneath the prospects. 

Some decision screens could also have a pair of prospects in which one of the pro-
spects will give you the chance for “Double or Nothing”. For instance, the right prospect 
in this screen image pays “Double or Nothing” if the green area is selected, which happens 
if the number drawn is between 51 and 100. The right pie chart indicates that if the number 
is between 1 and 50 you get $10. However, if the number is between 51 and 100 we will 
flip a coin with you to determine if you get either double the amount or $0. In this example, 
if it comes up Heads you get $40, otherwise you get nothing. The prizes listed underneath 
each pie refer to the amounts before any “Double or Nothing” coin toss. 

 

After you have worked through all of the pairs of prospects, please wait quietly until 
further instructions. When it is time to play this task out for earnings, you will then roll 
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two 10-sided dice until a number comes up to determine which pair of prospects will be 
played out. If there are 40 pairs we will roll the dice until a number between 1 and 40 
comes up, if there are 80 pairs we will roll until a number between 1 and 80 comes up, and 
so on. Since there is a chance that any of your choices could be played out for real, you 
should approach each pair of prospects as if it is the one that you will play out. Finally, 
you will roll the two ten-sided dice to determine the outcome of the prospect you chose, 
and if necessary we will then toss a coin to determine if you get “Double or Nothing”. 

Here is an example: suppose your first roll was 81. We would then pull up the 81st 
decision that you made and look at which prospect you chose—either the left one or the 
right one. Let us say that the 81st lottery was the same as the last example, and you chose 
the left prospect. If the random number from your second roll was 37, you would win $0; 
if it was 93, you would get $20. 

If you picked the prospect on the right and drew the number 37, you would get $10; 
if it was 93, we would have to toss a coin to determine if you get “Double or Nothing”. If 
the coin comes up Heads then you would get $40. However, if it comes up Tails you would 
get nothing from your chosen prospect. 

It is also possible that you will be given a prospect in which there is a “Double or 
Nothing” option regardless of the outcome of the random number. This screen image il-
lustrates this possibility. 

 
In summary, your payoff is determined by five things: 

• By your endowment, if there is one, shown at the top of the screen; 
• By which prospect you selected, the left or the right, for each of these pairs; 
• By which prospect pair is chosen to be played out in the series of pairs using the two 
• 10-sided dice; 
• By the outcome of that prospect when you roll the two 10-sided dice; 
• By the outcome of a coin toss if the chosen prospect outcome is of the “Double or 

Nothing” type. 

Which prospects you prefer is a matter of personal choice. The people next to you 
may be presented with different prospects, and may have different preferences, so their 
responses should not matter to you or influence your decisions. Please work silently, and 
make your choices by thinking carefully about each prospect. 

All payoffs are in cash, and are in addition to the $5 show-up fee that you receive just 
for being here, as well as any other earnings in other tasks from the session today. 
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Appendix A.2. Lottery Parameters 

Table A1. Parameters for the lotteries based on Loomes and Sugden (1998). 

 Left Lottery Right Lottery 
Lottery ID Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 

ls2_lr $10 0.3 $30 0 $50 0.7 $10 0.15 $30 0.25 $50 0.6 
ls6_lr $10 0.6 $30 0 $50 0.4 $10 0 $30 1 $50 0 
ls7_lr $10 0.6 $30 0 $50 0.4 $10 0.15 $30 0.75 $50 0.1 
ls10_lr $10 0.5 $30 0 $50 0.5 $10 0.1 $30 0.8 $50 0.1 
ls13_rl $10 0.5 $30 0.4 $50 0.1 $10 0.7 $30 0 $50 0.3 
ls15_rl $10 0.4 $30 0.6 $50 0 $10 0.5 $30 0.4 $50 0.1 
ls17_lr $10 0.1 $30 0 $50 0.9 $10 0 $30 0.25 $50 0.75 
ls18_rl $10 0.1 $30 0.75 $50 0.15 $10 0.4 $30 0 $50 0.6 
ls21_lr $10 0.7 $30 0 $50 0.3 $10 0.6 $30 0.25 $50 0.15 
ls26_rl $10 0.2 $30 0.6 $50 0.2 $10 0.4 $30 0 $50 0.6 
ls29_rl $10 0.5 $30 0.3 $50 0.2 $10 0.6 $30 0 $50 0.4 
ls32_rl $10 0.7 $30 0.3 $50 0 $10 0.8 $30 0 $50 0.2 
ls34_rl $10 0.1 $30 0.6 $50 0.3 $10 0.25 $30 0 $50 0.75 
ls35_rl $10 0 $30 1 $50 0 $10 0.25 $30 0 $50 0.75 
ls39_rl $10 0.5 $30 0.2 $50 0.3 $10 0.55 $30 0 $50 0.45 
ls1i_lr $10 0.12 $30 0.05 $50 0.83 $10 0.03 $30 0.2 $50 0.77 
ls3i_lr $10 0.27 $30 0.05 $50 0.68 $10 0.03 $30 0.45 $50 0.52 
ls7i_lr $10 0.54 $30 0.1 $50 0.36 $10 0.18 $30 0.7 $50 0.12 
ls9i_lr $10 0.08 $30 0.04 $50 0.88 $10 0.05 $30 0.1 $50 0.85 
ls13i_lr $10 0.65 $30 0.1 $50 0.25 $10 0.55 $30 0.3 $50 0.15 
ls16i_lr $10 0.88 $30 0.04 $50 0.08 $10 0.83 $30 0.14 $50 0.03 
ls17i_rl $10 0.04 $30 0.15 $50 0.81 $10 0.08 $30 0.05 $50 0.87 
ls18i_rl $10 0.14 $30 0.65 $50 0.21 $10 0.38 $30 0.05 $50 0.57 
ls22i_lr $10 0.66 $30 0.1 $50 0.24 $10 0.54 $30 0.4 $50 0.06 
ls28i_rl $10 0.12 $30 0.84 $50 0.04 $10 0.18 $30 0.66 $50 0.16 
ls30i_rl $10 0.45 $30 0.45 $50 0.1 $10 0.55 $30 0.15 $50 0.3 
ls31i_lr $10 0.48 $30 0.36 $50 0.16 $10 0.42 $30 0.54 $50 0.04 
ls35i_lr $10 0.2 $30 0.2 $50 0.6 $10 0.1 $30 0.6 $50 0.3 
ls36i_rl $10 0.02 $30 0.92 $50 0.06 $10 0.08 $30 0.68 $50 0.24 
ls37i_lr $10 0.48 $30 0.28 $50 0.24 $10 0.44 $30 0.44 $50 0.12 

Table A2. Parameters for double or nothing lotteries. 

 Left Lottery Right Lottery 
Lottery ID Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 

rdon1 $0 0.5 $10 0.5 $20 0 $0 0.5 $10 0.5 $20 0 
rdon2 $0 0 $10 1 $20 0 $0 0.5 $10 0.5 $20 0 
rdon3 $0 0 $10 1 $35 0 $0 0 $5 0.5 $18 0.5 
rdon4 $0 0.25 $10 0.75 $70 0 $0 0 $35 1 $70 0 
rdon5 $0 0 $10 1 $70 0 $0 0 $35 1 $70 0 
rdon6 $0 0 $20 1 $35 0 $0 0 $10 0.5 $35 0.5 
rdon7 $0 0 $20 0.5 $70 0.5 $0 0 $35 0.5 $70 0.5 
rdon8 $0 0 $35 1 $70 0 $0 0 $35 0.5 $70 0.5 
rdon9 $0 0 $20 0.5 $35 0.5 $0 0.5 $20 0 $70 0.5 

rdon10 $0 0 $35 0.75 $70 0.25 $0 0 $35 1 $70 0 
rdon11 $0 0 $20 1 $70 0 $0 0 $20 0.5 $35 0.5 
rdon12 $0 0 $35 0.75 $70 0.25 $0 0 $35 0.5 $70 0.5 
rdon13 $0 0.25 $10 0.75 $35 0 $0 0.5 $18 0.5 $35 0 
rdon14 $0 0 $20 0.75 $35 0.25 $0 0 $18 0.5 $35 0.5 
rdon15 $0 0 $20 0.75 $70 0.25 $0 0 $35 0.5 $70 0.5 
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Table A3. Parameters for the actuarially-equivalent lotteries. 

 Left Lottery Right Lottery 
Lottery ID Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 

rae1 $0 0.5 $10 0.5 $20 0 $0 0.75 $10 0 $20 0.25 
rae2 $0 0 $10 1 $20 0 $0 0.75 $10 0 $20 0.25 
rae3 $0 0 $10 1 $35 0 $0 0.5 $10 0.25 $35 0.25 
rae4 $0 0.25 $10 0.75 $70 0 $0 0.5 $10 0 $70 0.5 
rae5 $0 0 $10 1 $70 0 $0 0.5 $10 0 $70 0.5 
rae6 $0 0 $20 1 $35 0 $0 0.25 $20 0.25 $35 0.5 
rae7 $0 0 $20 0.5 $70 0.5 $0 0.25 $20 0 $70 0.75 
rae8 $0 0 $35 1 $70 0 $0 0.25 $35 0 $70 0.75 
rae9 $0 0.25 $20 0.5 $70 0.25 $0 0.5 $20 0 $70 0.5 

rae10 $0 0 $35 0.75 $70 0.25 $0 0.5 $35 0 $70 0.5 
rae11 $0 0 $20 1 $70 0 $0 0.25 $20 0.5 $70 0.25 
rae12 $0 0 $35 0.75 $70 0.25 $0 0.25 $35 0 $70 0.75 
rae13 $0 0.25 $10 0.75 $35 0 $0 0.75 $10 0 $35 0.25 
rae14 $0 0 $20 0.75 $35 0.25 $0 0.25 $20 0 $35 0.75 
rae15 $0 0 $20 0.75 $70 0.25 $0 0.25 $20 0 $70 0.75 

Table A4. Text for double or nothing lotteries. 

Lottery ID Double or Nothing Text 
rdon1 Double or Nothing if outcome 2 in right lottery 
rdon2 Double or Nothing if outcome 2 in right lottery 
rdon3 Double or Nothing for any outcome in right lottery 
rdon4 Double or Nothing for any outcome in right lottery 
rdon5 Double or Nothing for any outcome in right lottery 
rdon6 Double or Nothing if outcome 2 in right lottery 
rdon7 Double or Nothing if outcome 2 in right lottery 
rdon8 Double or Nothing if outcome 2 in right lottery 
rdon9 Double or Nothing if outcome 3 in left lottery 

rdon10 Double or Nothing for any outcome in right lottery 
rdon11 Double or Nothing if outcome 3 in right lottery 
rdon12 Double or Nothing if outcome 2 in right lottery 
rdon13 Double or Nothing if outcome 2 in right lottery 
rdon14 Double or Nothing if outcome 2 in right lottery 
rdon15 Double or Nothing if outcome 2 in right lottery 

Appendix B. Additional Results (ONLINE) 

Table A5. Summary of demographics. 

Variable Obs Mean Std. Dev. Min Max 
Young 73 0.9726027 0.1643677 0 1 
Female 73 0.5479452 0.5011403 0 1 
Black 73 0.6712329 0.4730162 0 1 
Asian 73 0.1506849 0.3602173 0 1 
Business 73 0.3835616 0.4896182 0 1 
Freshman 73 0.1780822 0.3852296 0 1 
Senior 73 0.3013699 0.4620285 0 1 
High GPA 73 0.5616438 0.4996193 0 1 
Christian 73 0.7123288 0.4558098 0 1 
Insured 73 0.4109589 0.4954127 0 1 
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Table A6. Expected utility models using simulated choices under correct specifications, individual CRRA coefficients. 

Subject 
Specification II Specification IV Specification V Specification VI 

True Mean  Std. Dev. 89% Cred. Int. True Mean  Std. Dev. 89% Cred. Int. True Mean  Std. Dev. 89% Cred. Int. True Mean  Std. Dev. 89% Cred. Int. 
1 0.50 0.444  0.047 0.377 0.520 0.50 0.465  0.038 0.401 0.520 0.65 0.513  0.096 0.356 0.660 0.37 0.382  0.088 0.242 0.524 
2 −0.20 −0.219  0.054 −0.304 −0.134 −0.20 −0.220  0.050 −0.297 −0.137 0.48 0.528  0.126 0.341 0.736 −0.24 −0.283  0.181 −0.589 −0.014 
3 0.30 0.322  0.050 0.243 0.405 0.30 0.296  0.046 0.226 0.372 0.67 0.699  0.083 0.568 0.835 0.27 0.280  0.113 0.116 0.467 
4 0.20 0.201  0.052 0.118 0.284 0.20 0.177  0.049 0.103 0.259 0.18 0.367 * 0.105 0.194 0.527 0.10 0.167  0.135 −0.041 0.382 
5 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.56 0.405 * 0.093 0.261 0.555 0.37 0.312  0.101 0.153 0.474 
6 0.80 0.770  0.036 0.711 0.827 0.80 0.789  0.032 0.737 0.839 0.50 0.628  0.087 0.485 0.757 0.88 0.743 * 0.078 0.618 0.866 
7 0.20 0.145  0.044 0.077 0.217 0.20 0.172  0.038 0.108 0.230 0.41 0.370  0.117 0.190 0.562 0.34 0.178  0.126 −0.014 0.381 
8 0.70 0.658  0.033 0.609 0.712 0.70 0.658  0.028 0.616 0.704 0.43 0.526  0.108 0.362 0.707 0.74 0.686  0.085 0.546 0.813 
9 0.80 0.779  0.031 0.728 0.828 0.80 0.777  0.027 0.734 0.821 0.41 0.358  0.116 0.166 0.533 0.52 0.519  0.109 0.352 0.697 

10 0.70 0.686  0.036 0.627 0.742 0.70 0.689  0.033 0.639 0.744 0.48 0.403  0.109 0.222 0.566 0.35 0.323  0.114 0.144 0.503 
11 0.20 0.145  0.044 0.077 0.217 0.20 0.172  0.038 0.108 0.230 0.11 0.331 * 0.124 0.149 0.535 0.08 0.165  0.124 −0.028 0.363 
12 0.60 0.565  0.042 0.498 0.632 0.60 0.584  0.038 0.525 0.646 0.35 0.390  0.102 0.240 0.553 0.62 0.724  0.080 0.602 0.854 
13 0.20 0.229  0.049 0.149 0.306 0.20 0.208  0.046 0.133 0.280 0.42 0.457  0.090 0.316 0.603 0.45 0.443  0.100 0.289 0.605 
14 −0.30 −0.312  0.050 −0.391 −0.234 −0.30 −0.308  0.047 −0.382 −0.234 0.56 0.622  0.078 0.486 0.733 −0.56 −0.401  0.157 −0.645 −0.153 
15 0.00 0.015  0.049 −0.066 0.091 0.00 0.016  0.046 −0.058 0.089 0.50 0.441  0.107 0.268 0.605 −0.20 −0.083  0.163 −0.346 0.168 
16 0.40 0.351  0.055 0.258 0.432 0.40 0.377  0.043 0.308 0.446 0.42 0.413  0.091 0.270 0.554 0.28 0.371  0.080 0.241 0.499 
17 0.30 0.238  0.043 0.171 0.309 0.30 0.260  0.038 0.202 0.323 0.62 0.660  0.095 0.515 0.814 0.40 0.429  0.129 0.227 0.636 
18 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.57 0.517  0.090 0.367 0.655 0.65 0.578  0.089 0.434 0.713 
19 0.00 −0.004  0.051 −0.085 0.076 0.00 −0.027  0.047 −0.105 0.044 −0.01 0.437 * 0.100 0.268 0.585 0.01 0.260 * 0.147 0.029 0.481 
20 0.40 0.351  0.055 0.258 0.432 0.40 0.377  0.043 0.308 0.446 0.50 0.331  0.114 0.156 0.514 0.48 0.313 * 0.096 0.155 0.463 
21 0.70 0.658  0.033 0.609 0.712 0.70 0.658  0.028 0.616 0.704 0.68 0.658  0.101 0.505 0.819 0.97 0.925  0.053 0.855 1.000 
22 −0.10 −0.097  0.050 −0.182 −0.023 −0.10 −0.115  0.047 −0.190 −0.040 0.36 0.378  0.107 0.229 0.566 0.00 −0.191  0.149 −0.428 0.042 
23 0.00 0.015  0.049 −0.066 0.091 0.00 0.016  0.046 −0.058 0.089 0.45 0.339  0.122 0.157 0.544 −0.02 −0.072  0.146 −0.304 0.154 
24 0.80 0.779  0.031 0.728 0.828 0.80 0.777  0.027 0.734 0.821 0.58 0.464  0.100 0.312 0.626 1.07 0.939 * 0.047 0.875 1.000 
25 0.10 0.108  0.054 0.029 0.200 0.10 0.104  0.050 0.025 0.183 0.52 0.419  0.103 0.263 0.586 −0.12 −0.011  0.159 −0.245 0.247 
26 0.00 −0.004  0.051 −0.085 0.076 0.00 −0.027  0.047 −0.105 0.044 0.51 0.345  0.106 0.191 0.520 −0.37 −0.112 * 0.154 −0.353 0.138 
27 −0.20 −0.219  0.054 −0.304 −0.134 −0.20 −0.220  0.050 −0.297 −0.137 0.95 0.853  0.073 0.751 0.981 −0.31 −0.260  0.146 −0.488 −0.028 
28 0.50 0.528  0.043 0.459 0.595 0.50 0.501  0.043 0.434 0.571 0.21 0.386  0.121 0.195 0.583 0.46 0.469  0.130 0.264 0.675 
29 −0.10 −0.097  0.050 −0.182 −0.023 −0.10 −0.115  0.047 −0.190 −0.040 0.65 0.734  0.095 0.590 0.893 −0.02 −0.234  0.157 −0.476 0.019 
30 −0.10 −0.097  0.050 −0.182 −0.023 −0.10 −0.115  0.047 −0.190 −0.040 0.69 0.513  0.122 0.327 0.710 0.01 −0.145  0.170 −0.413 0.129 
31 −0.30 −0.312  0.050 −0.391 −0.234 −0.30 −0.308  0.047 −0.382 −0.234 0.50 0.409  0.094 0.257 0.555 −0.20 −0.168  0.174 −0.445 0.111 
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32 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.38 0.302  0.111 0.125 0.475 0.79 0.537 * 0.105 0.375 0.704 
33 0.40 0.435  0.050 0.356 0.515 0.40 0.413  0.048 0.338 0.493 0.49 0.447  0.112 0.261 0.618 0.48 0.393  0.130 0.184 0.596 
34 0.20 0.145  0.044 0.077 0.217 0.20 0.172  0.038 0.108 0.230 0.59 0.492  0.107 0.327 0.667 0.23 0.269  0.116 0.084 0.445 
35 0.70 0.686  0.036 0.627 0.742 0.70 0.689  0.033 0.639 0.744 0.44 0.461  0.091 0.321 0.610 0.55 0.495  0.088 0.360 0.636 
36 0.70 0.658  0.033 0.609 0.712 0.70 0.658  0.028 0.616 0.704 0.51 0.493  0.092 0.347 0.636 0.48 0.534  0.083 0.405 0.664 
37 0.30 0.314  0.050 0.240 0.397 0.30 0.309  0.049 0.231 0.386 0.51 0.361  0.131 0.150 0.563 0.20 0.071  0.160 −0.175 0.331 
38 0.70 0.677  0.045 0.607 0.752 0.70 0.701  0.038 0.639 0.758 0.38 0.417  0.115 0.235 0.600 0.61 0.625  0.083 0.490 0.753 
39 0.40 0.359  0.038 0.299 0.418 0.40 0.365  0.035 0.310 0.422 0.53 0.490  0.118 0.305 0.673 0.34 0.179  0.123 −0.017 0.373 
40 0.20 0.145  0.044 0.077 0.217 0.20 0.172  0.038 0.108 0.230 0.70 0.631  0.094 0.486 0.780 −0.04 0.184 * 0.107 0.012 0.347 
41 0.20 0.201  0.052 0.118 0.284 0.20 0.177  0.049 0.103 0.259 0.77 0.529 * 0.109 0.358 0.696 0.24 0.204  0.160 −0.056 0.448 
42 0.00 0.015  0.049 −0.066 0.091 0.00 0.016  0.046 −0.058 0.089 0.34 0.374  0.107 0.207 0.543 0.05 0.124  0.160 −0.134 0.374 
43 0.80 0.779  0.031 0.728 0.828 0.80 0.777  0.027 0.734 0.821 0.75 0.811  0.083 0.684 0.952 0.76 0.916 * 0.062 0.833 1.000 
44 0.70 0.686  0.036 0.627 0.742 0.70 0.689  0.033 0.639 0.744 0.56 0.609  0.086 0.487 0.756 0.83 0.668 * 0.082 0.541 0.800 
45 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.56 0.562  0.079 0.442 0.695 0.55 0.565  0.075 0.447 0.684 
46 0.70 0.677  0.045 0.607 0.752 0.70 0.701  0.038 0.639 0.758 0.52 0.584  0.107 0.419 0.757 0.91 0.798  0.084 0.662 0.931 
47 0.60 0.565  0.042 0.498 0.632 0.60 0.584  0.038 0.525 0.646 0.74 0.654  0.079 0.531 0.781 0.62 0.565  0.087 0.423 0.700 
48 0.30 0.238  0.043 0.171 0.309 0.30 0.260  0.038 0.202 0.323 0.53 0.494  0.100 0.339 0.659 0.51 0.362  0.112 0.180 0.536 
49 0.80 0.770  0.036 0.711 0.827 0.80 0.789  0.032 0.737 0.839 0.86 0.749  0.089 0.624 0.909 1.09 0.935 * 0.049 0.869 1.000 
50 0.20 0.221  0.053 0.139 0.305 0.20 0.221  0.049 0.138 0.295 0.23 0.294  0.125 0.087 0.481 0.27 0.133  0.141 −0.089 0.360 
51 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.40 0.483  0.102 0.321 0.646 0.57 0.477  0.105 0.310 0.640 
52 0.40 0.359  0.038 0.299 0.418 0.40 0.365  0.035 0.310 0.422 0.05 0.211  0.109 0.036 0.381 0.29 0.293  0.121 0.112 0.490 
53 0.70 0.658  0.033 0.609 0.712 0.70 0.658  0.028 0.616 0.704 0.44 0.380  0.098 0.225 0.535 0.64 0.541  0.088 0.400 0.677 
54 0.00 −0.004  0.051 −0.085 0.076 0.00 −0.027  0.047 −0.105 0.044 0.75 0.699  0.078 0.574 0.823 0.33 0.280  0.149 0.053 0.502 
55 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.61 0.459  0.108 0.298 0.642 0.67 0.452 * 0.115 0.274 0.637 
56 0.70 0.686  0.036 0.627 0.742 0.70 0.689  0.033 0.639 0.744 0.47 0.390  0.103 0.231 0.559 0.89 0.757  0.084 0.625 0.893 
57 −0.30 −0.312  0.050 −0.391 −0.234 −0.30 −0.308  0.047 −0.382 −0.234 0.48 0.489  0.099 0.345 0.655 0.19 −0.187 * 0.182 −0.470 0.106 
58 −0.20 −0.219  0.054 −0.304 −0.134 −0.20 −0.220  0.050 −0.297 −0.137 0.68 0.693  0.108 0.522 0.866 −0.22 −0.369  0.166 −0.612 −0.093 
59 0.30 0.314  0.050 0.240 0.397 0.30 0.309  0.049 0.231 0.386 0.25 0.508 * 0.091 0.364 0.648 0.16 0.419 * 0.110 0.242 0.587 
60 0.20 0.221  0.053 0.139 0.305 0.20 0.221  0.049 0.138 0.295 0.26 0.396  0.094 0.236 0.531 0.11 0.258  0.115 0.073 0.435 
61 0.40 0.351  0.055 0.258 0.432 0.40 0.377  0.043 0.308 0.446 0.63 0.493  0.104 0.337 0.662 0.19 0.256  0.099 0.100 0.419 
62 1.00 0.985 * 0.014 0.967 1.000 1.00 0.982 * 0.016 0.961 1.000 0.47 0.501  0.095 0.353 0.655 1.02 0.944 * 0.045 0.883 1.000 
63 0.70 0.658  0.033 0.609 0.712 0.70 0.658  0.028 0.616 0.704 0.58 0.517  0.102 0.368 0.686 1.03 0.916 * 0.057 0.839 1.000 
64 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.44 0.493  0.126 0.304 0.702 0.68 0.560  0.135 0.349 0.775 
65 0.30 0.238  0.043 0.171 0.309 0.30 0.260  0.038 0.202 0.323 0.39 0.325  0.122 0.130 0.520 0.34 0.221  0.129 0.020 0.426 
66 0.50 0.528  0.043 0.459 0.595 0.50 0.501  0.043 0.434 0.571 0.57 0.538  0.120 0.360 0.738 0.46 0.450  0.149 0.218 0.687 
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67 0.50 0.452  0.032 0.403 0.507 0.50 0.453 * 0.029 0.407 0.499 0.44 0.385  0.110 0.220 0.570 0.25 0.315  0.121 0.124 0.504 
68 0.90 0.892  0.036 0.832 0.945 0.90 0.894  0.032 0.843 0.943 0.47 0.379  0.103 0.224 0.548 0.86 0.924  0.055 0.851 1.000 
69 0.00 −0.004  0.051 −0.085 0.076 0.00 −0.027  0.047 −0.105 0.044 0.50 0.399  0.104 0.229 0.556 −0.08 −0.166  0.141 −0.381 0.061 
70 0.60 0.565  0.042 0.498 0.632 0.60 0.584  0.038 0.525 0.646 0.79 0.748  0.083 0.626 0.885 0.40 0.528  0.097 0.370 0.678 
71 0.70 0.686  0.036 0.627 0.742 0.70 0.689  0.033 0.639 0.744 0.71 0.585 * 0.081 0.448 0.703 0.46 0.560  0.090 0.422 0.702 
72 0.40 0.359  0.038 0.299 0.418 0.40 0.365  0.035 0.310 0.422 0.67 0.716  0.078 0.594 0.842 0.74 0.720  0.078 0.605 0.849 
73 0.20 0.145  0.044 0.077 0.217 0.20 0.172  0.038 0.108 0.230 0.52 0.526  0.119 0.351 0.723 0.46 0.240  0.141 0.023 0.474 

Average 0.36 0.341     0.37 0.344     0.51 0.493     0.37 0.345     
Std. Dev. 0.32 0.318     0.37 0.321     0.18 0.134     0.37 0.346     

* Indicates that the true parameter is outside of the 89% credible interval of the posterior sample. 

Table A7. Expected utility models using simulated dataset VI under mis-specified specifications, individual CRRA coefficients. 

Subject 
True 

Value 
Specification II Specification IV Specification V Specification VI 

Mean  Std. Dev. 89% Cred. Int. Mean  Std. Dev. 89% Cred. Int. Mean  Std. Dev. 89% Cred. Int. Mean  Std. Dev. 89% Cred. Int. 
1 0.37 0.546 * 0.037 0.488 0.602 0.539 * 0.038 0.481 0.598 0.313  0.118 0.134 0.504 0.382  0.088 0.242 0.524 
2 −0.24 −0.170  0.047 −0.248 −0.097 −0.160 * 0.047 −0.238 −0.087 −0.153  0.229 −0.491 0.207 −0.283  0.181 −0.589 −0.014 
3 0.27 0.268  0.044 0.196 0.337 0.290  0.047 0.217 0.367 0.281  0.115 0.104 0.464 0.280  0.113 0.116 0.467 
4 0.10 0.207 * 0.047 0.131 0.280 0.215 * 0.049 0.134 0.289 0.182  0.153 −0.065 0.411 0.167  0.135 −0.041 0.382 
5 0.37 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.251  0.127 0.043 0.445 0.312  0.101 0.153 0.474 
6 0.88 0.815 * 0.031 0.768 0.866 0.809 * 0.031 0.761 0.859 0.712 * 0.081 0.587 0.843 0.743 * 0.078 0.618 0.866 
7 0.34 0.212 * 0.035 0.156 0.266 0.199 * 0.038 0.138 0.259 0.211  0.172 −0.055 0.477 0.178  0.126 −0.014 0.381 
8 0.74 0.716  0.028 0.673 0.763 0.718  0.028 0.670 0.761 0.664  0.093 0.522 0.814 0.686  0.085 0.546 0.813 
9 0.52 0.778 * 0.027 0.733 0.820 0.793 * 0.027 0.753 0.839 0.405  0.137 0.186 0.609 0.519  0.109 0.352 0.697 

10 0.35 0.650 * 0.032 0.599 0.702 0.649 * 0.035 0.591 0.702 0.165  0.145 −0.058 0.390 0.323  0.114 0.144 0.503 
11 0.08 0.212 * 0.035 0.156 0.266 0.199 * 0.038 0.138 0.259 0.181  0.187 −0.106 0.475 0.165  0.124 −0.028 0.363 
12 0.62 0.608  0.039 0.548 0.670 0.614  0.036 0.555 0.672 0.726  0.084 0.590 0.857 0.724  0.080 0.602 0.854 
13 0.45 0.141 * 0.045 0.071 0.215 0.146 * 0.050 0.068 0.229 0.487  0.093 0.340 0.635 0.443  0.100 0.289 0.605 
14 −0.56 −0.298 * 0.044 −0.368 −0.228 −0.304 * 0.047 −0.377 −0.228 −0.297  0.198 −0.613 0.005 −0.401  0.157 −0.645 −0.153 
15 −0.20 −0.029 * 0.045 −0.099 0.042 −0.034 * 0.051 −0.113 0.050 −0.040  0.201 −0.349 0.286 −0.083  0.163 −0.346 0.168 
16 0.28 0.419 * 0.042 0.350 0.485 0.395 * 0.043 0.327 0.460 0.372  0.107 0.222 0.552 0.371  0.080 0.241 0.499 
17 0.40 0.339 * 0.037 0.278 0.395 0.343  0.036 0.288 0.400 0.510  0.144 0.294 0.734 0.429  0.129 0.227 0.636 
18 0.65 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.578  0.098 0.422 0.728 0.578  0.089 0.434 0.713 
19 0.01 −0.001  0.045 −0.074 0.069 0.019  0.046 −0.055 0.093 0.389 * 0.125 0.210 0.597 0.260 * 0.147 0.029 0.481 
20 0.48 0.419  0.042 0.350 0.485 0.395 * 0.043 0.327 0.460 0.185 * 0.176 −0.075 0.464 0.313 * 0.096 0.155 0.463 
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21 0.97 0.716 * 0.028 0.673 0.763 0.718 * 0.028 0.670 0.761 0.937  0.050 0.871 1.000 0.925  0.053 0.855 1.000 
22 0.00 −0.128 * 0.047 −0.205 −0.055 −0.125 * 0.048 −0.202 −0.047 −0.118  0.169 −0.391 0.130 −0.191  0.149 −0.428 0.042 
23 −0.02 −0.029  0.045 −0.099 0.042 −0.034  0.051 −0.113 0.050 −0.033  0.175 −0.290 0.253 −0.072  0.146 −0.304 0.154 
24 1.07 0.778 * 0.027 0.733 0.820 0.793 * 0.027 0.753 0.839 0.933 * 0.052 0.863 1.000 0.939 * 0.047 0.875 1.000 
25 −0.12 0.099 * 0.049 0.020 0.174 0.110 * 0.050 0.036 0.193 −0.002  0.179 −0.269 0.282 −0.011  0.159 −0.245 0.247 
26 −0.37 −0.001 * 0.045 −0.074 0.069 0.019 * 0.046 −0.055 0.093 −0.081 * 0.184 −0.346 0.224 −0.112 * 0.154 −0.353 0.138 
27 −0.31 −0.170 * 0.047 −0.248 −0.097 −0.160 * 0.047 −0.238 −0.087 −0.184  0.163 −0.424 0.082 −0.260  0.146 −0.488 −0.028 
28 0.46 0.476  0.039 0.414 0.537 0.486  0.044 0.416 0.557 0.429  0.161 0.196 0.690 0.469  0.130 0.264 0.675 
29 −0.02 −0.128 * 0.047 −0.205 −0.055 −0.125 * 0.048 −0.202 −0.047 −0.195  0.192 −0.497 0.100 −0.234  0.157 −0.476 0.019 
30 0.01 −0.128 * 0.047 −0.205 −0.055 −0.125 * 0.048 −0.202 −0.047 −0.017  0.204 −0.306 0.325 −0.145  0.170 −0.413 0.129 
31 −0.20 −0.298 * 0.044 −0.368 −0.228 −0.304 * 0.047 −0.377 −0.228 0.150 * 0.147 −0.087 0.368 −0.168  0.174 −0.445 0.111 
32 0.79 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.539 * 0.118 0.362 0.734 0.537 * 0.105 0.375 0.704 
33 0.48 0.348 * 0.047 0.274 0.423 0.342 * 0.050 0.261 0.421 0.389  0.163 0.136 0.639 0.393  0.130 0.184 0.596 
34 0.23 0.212  0.035 0.156 0.266 0.199  0.038 0.138 0.259 0.355  0.129 0.152 0.547 0.269  0.116 0.084 0.445 
35 0.55 0.650 * 0.032 0.599 0.702 0.649 * 0.035 0.591 0.702 0.440  0.102 0.288 0.602 0.495  0.088 0.360 0.636 
36 0.48 0.716 * 0.028 0.673 0.763 0.718 * 0.028 0.670 0.761 0.478  0.101 0.339 0.650 0.534  0.083 0.405 0.664 
37 0.20 0.306 * 0.045 0.238 0.381 0.306 * 0.050 0.229 0.389 −0.070  0.212 −0.410 0.255 0.071  0.160 −0.175 0.331 
38 0.61 0.688 * 0.036 0.631 0.745 0.665  0.039 0.608 0.729 0.577  0.102 0.432 0.754 0.625  0.083 0.490 0.753 
39 0.34 0.381  0.035 0.325 0.435 0.378  0.035 0.320 0.434 0.032 * 0.181 −0.267 0.292 0.179  0.123 −0.017 0.373 
40 −0.04 0.212 * 0.035 0.156 0.266 0.199 * 0.038 0.138 0.259 0.210 * 0.128 0.023 0.419 0.184 * 0.107 0.012 0.347 
41 0.24 0.207  0.047 0.131 0.280 0.215  0.049 0.134 0.289 0.243  0.196 −0.042 0.558 0.204  0.160 −0.056 0.448 
42 0.05 −0.029 * 0.045 −0.099 0.042 −0.034 * 0.051 −0.113 0.050 0.276  0.157 0.039 0.517 0.124  0.160 −0.134 0.374 
43 0.76 0.778  0.027 0.733 0.820 0.793  0.027 0.753 0.839 0.908 * 0.064 0.824 1.000 0.916 * 0.062 0.833 1.000 
44 0.83 0.650 * 0.032 0.599 0.702 0.649 * 0.035 0.591 0.702 0.648 * 0.084 0.519 0.783 0.668 * 0.082 0.541 0.800 
45 0.55 0.509  0.029 0.464 0.555 0.522  0.030 0.477 0.573 0.562  0.079 0.446 0.693 0.565  0.075 0.447 0.684 
46 0.91 0.688 * 0.036 0.631 0.745 0.665 * 0.039 0.608 0.729 0.825  0.091 0.689 0.978 0.798  0.084 0.662 0.931 
47 0.62 0.608  0.039 0.548 0.670 0.614  0.036 0.555 0.672 0.541  0.098 0.394 0.699 0.565  0.087 0.423 0.700 
48 0.51 0.339 * 0.037 0.278 0.395 0.343 * 0.036 0.288 0.400 0.389  0.130 0.183 0.582 0.362  0.112 0.180 0.536 
49 1.09 0.815 * 0.031 0.768 0.866 0.809 * 0.031 0.761 0.859 0.933 * 0.052 0.862 1.000 0.935 * 0.049 0.869 1.000 
50 0.27 0.178 * 0.047 0.103 0.250 0.162 * 0.053 0.081 0.251 0.126  0.200 −0.169 0.450 0.133  0.141 −0.089 0.360 
51 0.57 0.509 * 0.029 0.464 0.555 0.522  0.030 0.477 0.573 0.448  0.125 0.248 0.634 0.477  0.105 0.310 0.640 
52 0.29 0.381 * 0.035 0.325 0.435 0.378 * 0.035 0.320 0.434 0.224  0.168 −0.042 0.479 0.293  0.121 0.112 0.490 
53 0.64 0.716 * 0.028 0.673 0.763 0.718 * 0.028 0.670 0.761 0.481  0.110 0.316 0.657 0.541  0.088 0.400 0.677 
54 0.33 −0.001 * 0.045 −0.074 0.069 0.019 * 0.046 −0.055 0.093 0.407  0.118 0.222 0.580 0.280  0.149 0.053 0.502 
55 0.67 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.413 * 0.145 0.197 0.635 0.452 * 0.115 0.274 0.637 
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56 0.89 0.650 * 0.032 0.599 0.702 0.649 * 0.035 0.591 0.702 0.748  0.089 0.610 0.894 0.757  0.084 0.625 0.893 
57 0.19 −0.298 * 0.044 −0.368 −0.228 −0.304 * 0.047 −0.377 −0.228 0.188  0.166 −0.048 0.469 −0.187 * 0.182 −0.470 0.106 
58 −0.22 −0.170  0.047 −0.248 −0.097 −0.160  0.047 −0.238 −0.087 −0.323  0.201 −0.668 −0.033 −0.369  0.166 −0.612 −0.093 
59 0.16 0.306 * 0.045 0.238 0.381 0.306 * 0.050 0.229 0.389 0.452 * 0.110 0.280 0.614 0.419 * 0.110 0.242 0.587 
60 0.11 0.178  0.047 0.103 0.250 0.162  0.053 0.081 0.251 0.300  0.127 0.105 0.500 0.258  0.115 0.073 0.435 
61 0.19 0.419 * 0.042 0.350 0.485 0.395 * 0.043 0.327 0.460 0.012  0.181 −0.273 0.285 0.256  0.099 0.100 0.419 
62 1.02 0.985 * 0.014 0.968 1.000 0.989 * 0.010 0.975 1.000 0.927 * 0.053 0.856 1.000 0.944 * 0.045 0.883 1.000 
63 1.03 0.716 * 0.028 0.673 0.763 0.718 * 0.028 0.670 0.761 0.927 * 0.054 0.853 1.000 0.916 * 0.057 0.839 1.000 
64 0.68 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.561  0.174 0.282 0.825 0.560  0.135 0.349 0.775 
65 0.34 0.339  0.037 0.278 0.395 0.343  0.036 0.288 0.400 0.162  0.186 −0.133 0.439 0.221  0.129 0.020 0.426 
66 0.46 0.476  0.039 0.414 0.537 0.486  0.044 0.416 0.557 0.396  0.178 0.122 0.682 0.450  0.149 0.218 0.687 
67 0.25 0.509 * 0.029 0.464 0.555 0.522 * 0.030 0.477 0.573 0.219  0.153 −0.006 0.463 0.315  0.121 0.124 0.504 
68 0.86 0.857  0.032 0.808 0.910 0.845  0.029 0.797 0.892 0.914  0.061 0.832 1.000 0.924  0.055 0.851 1.000 
69 −0.08 −0.001 * 0.045 −0.074 0.069 0.019 * 0.046 −0.055 0.093 −0.155  0.157 −0.400 0.080 −0.166  0.141 −0.381 0.061 
70 0.40 0.608 * 0.039 0.548 0.670 0.614 * 0.036 0.555 0.672 0.486  0.116 0.302 0.660 0.528  0.097 0.370 0.678 
71 0.46 0.650 * 0.032 0.599 0.702 0.649 * 0.035 0.591 0.702 0.510  0.102 0.350 0.665 0.560  0.090 0.422 0.702 
72 0.74 0.381 * 0.035 0.325 0.435 0.378 * 0.035 0.320 0.434 0.781  0.082 0.657 0.920 0.720  0.078 0.605 0.849 
73 0.46 0.212 * 0.035 0.156 0.266 0.199 * 0.038 0.138 0.259 0.387  0.201 0.079 0.696 0.240  0.141 0.023 0.474 

Average 0.37 0.359 0.361 0.353 0.345 
Std. Dev. 0.37 0.322 0.322 0.322 0.346 

* Indicates that the true parameter is outside of the 89% credible interval of the posterior sample. 
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Appendix C. MCMC Convergence Diagnostics (ONLINE) 
This appendix documents the convergence behavior of the Bayesian hierarchical 

models reported in Tables 2–5. All models were estimated in Stata 16.1 using bayesmh, 
combining an adaptive random-walk Metropolis–Hastings sampler for the risk-prefer-
ence parameters with Gibbs updates for the conjugate hierarchical variance components. 
Each model was run for 10,000 posterior draws following a 2500-iteration burn-in (12,500 
iterations in total), using a fixed random seed for reproducibility. Observed acceptance 
rates ranged from approximately 0.43 to 0.52. 

Appendix C.1. Diagnostics 

We assess convergence parameter by parameter using three complementary diag-
nostics. First, for each parameter we compute the Monte Carlo standard error (MCSE). 
Because bayesmh computes the MCSE as the posterior standard deviation divided by the 
square root of the effective sample size, the effective sample size (ESS) for each reported 
parameter is recovered as ESS = (SD/MCSE)2. Second, we compute the rank-normalized 
split-𝑅෠  statistic (Vehtari et al. 2021), a modern refinement of the Gelman–Rubin potential 
scale reduction factor (Gelman and Rubin 1992; Brooks and Gelman 1998). Because a sin-
gle chain was run per model, split-𝑅෠ is obtained by dividing each chain into two halves 
and comparing within- and between-half variances, following the single-chain extension 
of Vats and Knudson (2021). Third, we examine trace, autocorrelation, and split-half ker-
nel-density plots for each parameter. 

As reference thresholds we treat an effective sample size of 100 as the minimum for 
a stable posterior mean and 400 as the standard for reliable bulk and tail summaries (Ve-
htari et al. 2021). For the potential scale reduction factor we adopt the conventional con-
vergence criterion of 1.2 (Brooks and Gelman 1998, p. 444), noting 1.1 (Gelman et al. 2013) 
and 1.01 (Vehtari et al. 2021; Vats and Knudson 2021) as progressively stricter benchmarks; 
credible-interval endpoints are the most demanding quantities and benefit from substan-
tially larger effective samples (Kruschke 2015). 

Appendix C.2. Convergence: Split-𝑅෠ 

Table A8 reports, for each model, the maximum split-𝑅෠  across its reported parame-
ters and the number exceeding the conventional criterion of 1.2 (Brooks and Gelman 1998, 
p. 444) and the stricter 1.1 benchmark. 

Table A8. Split-𝑅෠ summary by model. 

Model n Max Split-𝑹෡ # 𝑹෡ > 1.2 # 𝑹෡ > 1.1 

Expected Utility—simulated, correct (Table 2) 33 1.05 0 0 

Expected Utility—simulated, mis-specified (Table 3) 33 1.05 0 0 

Expected Utility—observed (Table 4) 33 1.02 0 0 

Rank-Dependent Utility—observed (Table 5) 79 1.29 3 8 

All three EUT models are converged by any standard: the maximum split-𝑅෠ is 1.05 
or below (1.017 for the observed-data model), so no single parameter approaches even the 
stricter 1.1 benchmark, let alone the 1.2 criterion. This holds for the observed-data model 
(Table 4) whose specification VI contains the lowest-ESS EUT parameters. Under EUT the 
low effective sample sizes therefore reflect slow mixing (high autocorrelation) rather than 
any failure to reach the stationary distribution. 
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The RDU model (Table 5) is an exception. Three parameters exceed the 1.2 criterion 
and eight exceed the stricter 1.1 benchmark; all are r and η demographic coefficients in 
specifications II, IV, and VI, together with the φ and µ coefficients in specification VI. The 
three that exceed 1.2 are the η constant in specification VI (split-𝑅෠= 1.29), r × Black in spec-
ification IV (1.23), and η × Black in specification IV (1.22). 

Appendix C.3. Effective Sample Sizes by Specification 

Tables A9–A12 summarize the effective sample sizes of the reported (population-
level) parameters within each specification of each model. Here, n is the number of re-
ported parameters in the specification, and the final column counts those with an effective 
sample size below 100. Individual-level parameters (subject-specific r and µ), which mix 
substantially faster, are not included in these counts. 

Table A9. Effective sample size: EUT, simulated data, correct specifications (Table 2). 

Spec N Min Max Avg Params ESS < 100 
I 2 1895 2443 2169 0 
II 7 47 1267 331 2 
III 3 85 1918 854 1 
IV 8 81 780 278 1 
V 4 200 2074 913 0 
VI 9 19 306 106 5 

Table A10. Effective sample size: EUT, simulated dataset VI under mis-specification (Table 3). 

Spec n Min Max Avg Params ESS < 100 
I 2 2001 2305 2153 0 
II 7 48 1515 505 1 
III 3 410 648 541 0 
IV 8 29 942 326 4 
V 4 453 3469 1654 0 
VI 9 19 306 106 5 

Table A11. Effective sample size: EUT, observed choices (Table 4). 

Spec n Min Max Avg Params ESS < 100 
I 2 1640 2090 1865 0 
II 7 187 1639 713 0 
III 3 439 668 580 0 
IV 8 122 968 467 0 
V 4 278 5624 2111 0 
VI 9 17 254 83 6 

Table A12. Effective sample size: RDU, observed choices (Table 5). 

Spec n Min Max Avg Params ESS < 100 
I 4 153 1125 558 0 
II 19 20 546 151 11 
III 5 174 644 452 0 
IV 20 15 260 80 14 
V 8 52 521 232 1 
VI 23 18 202 47 22 
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The pooled specification (I) and the hierarchical specifications without demographic 
structure (III and V) mix well in every model, with effective sample sizes in the hundreds 
to several thousand, and essentially no parameters below 100. Low effective sample sizes 
are confined to the demographic-coefficient blocks of the most heavily parameterized 
specifications (IV and VI), and are markedly more prevalent under RDU (48 of 79 reported 
parameters below 100) than under EUT (6 of 33 in the observed-data model). 

Appendix C.4. Graphical Diagnostics 

The trace, autocorrelation, and split-half density plots are consistent with these sta-
tistics. The individual-level parameters, the noise term µ and its variance, and the ran-
dom-coefficient variances mix well throughout. We observe stationary-noise traces, auto-
correlation decaying to zero within roughly 5–15 lags, and coincident half-chain densities. 
The demographic-mean coefficients of the richest specifications are highly autocorrelated 
in both models, which accounts for their low effective sample sizes, but the two half-chain 
densities coincide for the expected-utility models, matching their split-𝑅෠ of 1.05 or below, 
and separate only for the flagged rank-dependent coefficients, matching their elevated 
split-𝑅෠. In every case the traces are stationary, fluctuating around a stable level without 
drift, and the marginal posteriors are unimodal, so the posterior means and signs are re-
liable. 

A further consideration substantially mitigates the slow mixing of these demo-
graphic coefficients. In the hierarchical specifications the objects of practical interest are 
the individual-level preference parameters: each subject’s r, η, and φ, reconstructed from 
that subject’s demographics, the sampled coefficients, and the subject-specific random ef-
fect. These subject-level parameters mix well even in specification VI, where the popula-
tion coefficients mix most slowly: their autocorrelation decays to roughly 0.3 within ten to 
fifteen lags and their first- and second-half posterior densities essentially coincide. The 
diagnostic figures at the end of this appendix show this pattern using φ parameters in 
specification VI as an example. The population demographic coefficients, by contrast, are 
auxiliary parameters: they parameterize the prior through which the individual estimates 
are inferred, rather than being quantities of direct interest in their own right. Their slow 
mixing reflects the weak identification (trade-off) among them, but because the data pin 
down each subject’s preference, the linear combinations that constitute the individual pa-
rameters are well determined. Convergence of the quantities actually used in practice is 
therefore not in question. In this sense, the distinction between the two is one of interest 
versus non-interest for the question being asked, not a feature of the model itself (Gao et 
al. 2023). 

Appendix C.5. Interpretation and Robustness 

The convergence concern is thus isolated to a small set of demographic-mean coeffi-
cients in the rank-dependent specifications. This localization is consistent with weak iden-
tification, and strong posterior correlation, among the curvature parameter (r) and the 
probability-weighting parameters (η and φ). This is a feature of the RDU model that is 
absent from the EUT model, rather than with any deficiency of the sampler: estimated 
with the identical sampler and settings, all EUT models converge. 

For the affected RDU coefficients (split-𝑅෠  ≤ 1.29), 10,000 draws have not fully re-
solved the posterior tails. The posterior means and signs are nonetheless stable across the 
chain halves, so it is the width of the credible intervals, not the location of these coefficients, 
that is imprecisely estimated. For the quantities of practical interest, the individual-level 
parameters and every EUT estimate, the Gelman–Rubin ratios remain below threshold, 
and the first- and second-half densities overlap, so the modest sampling efficiency there 
costs precision rather than validity (as in Gao et al. 2023). 
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Figure A1. Diagnostic plots of demographic coefficients of φ in RDU specification VI. 
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Figure A2. Diagnostic plots of individual φ of subjects 1, 20, 40 and 73 in RDU specification VI. 

Notes 
1. That is, of course, the standard probabilistic foundation laid out in any modern treatment of Bayesian statistics; see Gelman et 

al. (2013, Chapter 5) or Kruschke (2015, Chapter 9). The substantive point is that exchangeability is not just a convenience: it is 
the assumption that justifies the entire pooling apparatus. 

2. Hierarchical Bayesian inference of individual preferences has a long tradition in marketing, going back to Rossi and Allenby 
(1993) and Allenby and Rossi (1999), and has been used to estimate Cumulative Prospect Theory parameters by Nilsson et al. 
(2011) and to estimate risk preferences for individual behavioral welfare evaluation by Gao et al. (2023). 

3. While we choose to model 𝜎௥ଶ as homogeneous across different demographic groups here, a potential extension is to also allow 
this parameter to vary with observables. 

4. Several cautions are worth bearing in mind, and we follow Harrison and Rutström (2009) and the wider Bayesian methodolog-
ical literature in treating Bayes factors with some care. First, the inferential task here is evaluation, not selection in the nihilistic 
sense of rejecting a model for all purposes. “Consistency with the data” can mean in-sample prediction, out-of-sample predic-
tion, or prediction conditional on theoretical priors, and the various criteria need not agree; until they do, no single metric 
should be used dogmatically. Second, hypothesis tests that depend on a specific structural form, such as the normative welfare 
evaluation in Harrison and Ng (2016) and Gao et al. (2023), which requires a utility function to compute certainty equivalents, 
cannot be allowed to depend on a horse race that might eliminate utility-based models in favor of something atheoretical. This 
is what Leamer (1978, Chapter 6) called a causally-constrained specification search: the prior that a utility function is in place is 
part of the inference, not a parameter for the data to overturn. Third, Bayes factors are sensitive to the priors assumed for each 
model. Following Vanpaemel (2010), we view that sensitivity as appropriate behavior for a Bayesian comparison, not a defect. 
Fourth, computing marginal likelihoods for large hierarchical models is genuinely difficult, and we follow Gronau et al. (2017) 
in being cautious about the numerical reliability of the Bayes factor estimates themselves, particularly when bridge sampling 
or related techniques would be needed for full precision. Throughout, then, Bayes factors are one summary of how well the 
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alternative amounts of conditioning describe the observed choices in our sample under the priors we have assumed. They are 
useful for that purpose, but not a verdict. 

5. We do not allow demographic differences to enter the prior for 𝜇௜ for three reasons. First, 𝜇௜ is a nuisance parameter that 
captures the noisiness of decision making in this specific binary-choice task, not a preference. Second, we have no a priori reason 
to expect this decision noise to differ systematically across demographic groups in our subject pool. Third, allowing demo-
graphic structure in 𝜇௜ would substantially complicate the parameter space without correspondingly clear identification ben-
efits. 

6. We choose 89% deliberately, following McElreath (2020, p. 56), to avoid confusion with popular levels of statistical significance 
in non-Bayesian analyses. 

7. A natural question to ask is whether one really needs covariates in the hyper-parameters at all. Post-stratification of the esti-
mated individual-level distribution from the experimental sub-sample, by the demographic margins of the wider population, 
would deliver a population-level distribution of risk preferences without requiring any conditioning at the prior stage. For 
some inferential purposes, most obviously, computing a population-weighted mean or quantile of risk aversion for a cost–
benefit exercise, that may be all one needs, and the comparison with the unconditional hierarchical estimates we reported sug-
gests that it would often be close to adequate in practice. For other purposes it is not enough. If the analyst wants an individual-
level posterior for a particular non-experimental respondent, to predict her insurance-purchase decision or to evaluate the wel-
fare consequences of a policy for someone with her observed characteristics, post-stratification has nothing to say, because it 
operates only on the marginal distribution and discards the joint information linking covariates to parameters. Conditional 
exchangeability does the job that post-stratification cannot, precisely because it places the demographic structure inside the 
model rather than alongside it. 
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