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widely used, they may fail to capture complex relation-
ships, particularly in situations involving nonlinearity or
interactions among variables. This paper introduces
Bayesian Additive Regression Trees (BART) as a flexible,
nonparametric way to estimate WTIP from CV studies.
Using a simulation study, we demonstrate that BART is
competitive with traditional models under strict data-
generating assumptions. When the underlying data-
generating process is more complex, BART outperforms
traditional models and even other machine-learning
models. Moreover, BART automatically incorporates indi-
vidual heterogeneity into estimation, making it more
informative than traditional nonparametric estimators.
We illustrate the breadth of the model’s benefits with an
empirical application estimating WTP to develop an Inva-
sive Species Rapid Response Fund in the Hawaiian
Islands. We find WTP distributional differences along the
margins of gender, age, and income. We also construct
willingness to pay curves out of Monte Carlo Markov
Chain (MCMC) draws and calculate posterior means and
credible intervals using empirical cumulative distribution
functions (CDFs). We find these WTP to be lower than
those from the probit. Future natural extensions of BART
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2 NOT JUST A RANDOM FOREST

make this method a compelling alternative for estimating
WTP in CV experiments.
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1 | INTRODUCTION

Nonmarket valuation is one of the primary methods used to estimate welfare values for environmen-
tal goods and services in the absence of market data. Stated preference studies represent a large pro-
portion of nonmarket valuation work. Discrete choice experiments are useful when one is interested
in valuing specific attributes of a policy or program. Contingent valuation (CV), on the other hand,
is a binary choice method used when the object of valuation interest is the entire program or policy
instead of its individual attributes. It has been shown to be less cognitively taxing for the respondent
and therefore more likely to be incentive compatible (Carson et al, 2014). A CV task typically
involves responding to a yes/no question such as “Would you pay $A if it meant an environmental
improvement of X would be made?” Each “yes” (“no”) survey response yields information about the
lower (upper) bounds of a person’s willingness-to-pay (WTP) for that environmental improvement,
which can be used to elicit estimates of WTP for a given population.

While the CV is supported by random utility theory, that theory is agnostic on the functional
form the indirect utility should take. Possible estimators for CV data include both parametric and
nonparametric estimators." Estimation frequently begins with a linear probit or logit, sometimes
with covariates of sociodemographic characteristics (Freeman III et al., 2014; Hanemann, 1984).
While the computational burden of these models is low, the functional form and error term assump-
tions implicit in these models are frequently indefensible (Creel & Loomis, 1997; Crooker &
Herriges, 2004). The literature has responded to these weaknesses in two different ways. The first
way is to construct variations on a theme of parametric estimators. Czajkowski et al. (2024), for
example, explore a wide range of parametric estimator assumptions to see which has the best model
fit. Li (1996), on the other hand, relaxes the error distribution assumptions on the parametric esti-
mator while Watanabe and Asano (2009) and Watanabe (2010) construct an estimator free of utility
functional form assumptions. A second, parallel, branch of literature seized upon the weaknesses of
parametric estimators to develop a suite of nonparametric estimators which do not require func-
tional form or error distribution assumptions. The well-known Turnbull (Turnbull, 1976) and
Kristrom (Kristrom, 1990, 1997) models are the most widely used of these. Although these models
relax the assumptions of parametric models, one glaring weakness is that they are incapable of incor-
porating individual heterogeneity in welfare estimates. This is problematic because welfare effect het-
erogeneity has recently been gaining traction, both in the literature and policy (Abman et al., 2025;
Faccioli et al., 2025).

Identifying heterogeneity in welfare estimates is typically accomplished in a few different ways.
One method is to simply include sociodemographic and attitudinal covariates in parametric estima-
tors such as logit or probit. Rulleau et al. (2012), for example, use binary probit to explore preference
heterogeneity in WTP for beach quality. Nahuelhual et al. (2004), on the other hand, use a random

"Parametric estimators impose error distribution and functional form assumptions whereas nonparametric estimators do not.
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parameters logit to examine sociodemographic heterogeneity in CV data. Aldrich et al. (2007) seg-
ment their sample, using cluster analysis and latent class analysis to explore variability in WTP esti-
mates for an endangered falcon and a sturgeon. These studies use parametric estimators; however, so
they require the same distributional and functional form assumptions already discussed. The issue is
more complicated when using nonparametric models since these do not accept covariates. Denstadli
and Veisten (2020) simply split their sample between preference groups and run the same nonpara-
metric estimator on the subsamples. Arafia and Le6n (2005) propose a mixture model composed of
multiple normal distributions to allow the model greater flexibility in accommodating unobserved
heterogeneity in CV data. However, these estimators do not explicitly include sociodemographic or
attitudinal characteristics, limiting opportunities to model systematic heterogeneity.

A nascent branch of literature incorporating sociodemographics into nonparametric estimators
has recently arisen. Zapata and Carpio (2024) develop a nonparametric model to estimate measures
of WTP using double-bounded dichotomous choice data. They incorporate sociodemographics in
their empirical application and conduct a simulation study that considers data with smooth func-
tional forms. Meanwhile, Faccioli and Moeltner (2026) develop a random forest (RF) model whose
ultimate goal is to estimate WTP from single-bounded dichotomous choice (SBDC) data. Their RF
model is also able to incorporate sociodemographic variability and capture nonlinearities in estima-
tion. We contribute to this budding branch of literature by introducing the application of Bayesian
Additive Regression Trees (BART) to CV data. We evaluate our estimator in two ways. First, using a
method similar to Crooker and Herriges (2004), we use simulation studies to demonstrate that
BART is competitive with traditional parametric models under strict data-generating assumptions
but outperforms them when the underlying relationships are complex. Second, we illustrate the
strengths of our method with an empirical application focused on studying respondents” WTP to
develop an Invasive Species Rapid Response Fund in Hawai’i.

The BART model has been used outside of economics to analyze binary outcome data (Hill
et al,, 2020; Linero & Yang, 2018; Tan & Roy, 2019) and is not new to the agricultural and natural
resource economics field (Ramsey et al., 2026; Ramsey & Ghosh, 2025). It has been used extensively
for forecasting in both the energy economics literature (Billio et al, 2024; Madadkhani &
Ikonnikova, 2024; Wong et al, 2022) and macroeconomics (Clark et al., 2023; Marcellino &
Pfarrhofer, 2025). This paper is the first to use the BART model on CV data, and one of only a handful
of studies in the environmental and natural resource economics literature to use machine learning
approaches to calculate welfare estimates. Ramsey and Bergtold (2021) use artificial neural networks
(NN) to calculate marginal effects and WTP estimates using CV data, while Bravo-Moncayo et al.
(2017) use NN to estimate WTP for transit options. As mentioned above, Faccioli and Moeltner
(2026) use RF in the probability prediction stage of welfare estimation from SBDC data. As we show in
the simulation exercise, our model outperforms both RF and NN for all types of simulated data.

Our BART model possesses many characteristics to recommend it. First, it is a flexible, machine
learning approach that is able to incorporate sociodemographics, flexibly capture nonlinearities, and
estimate inherent variability in WTP using SBDC data. It is not constrained by parametric assump-
tions, offering more flexibility to explore the relationships between response probabilities and
sociodemographic factors than parametric models. Second, as our simulation study reveals, it consis-
tently dominates the other machine learning methods in the literature on both metrics of root mean
squared error (RMSE) and population bias. We attribute this improvement to the regularization
induced by the prior structure, which stabilizes predictions and mitigates the tendency of other non-
parametric approaches to fit idiosyncratic features of the data. Third, because BART is fully Bayes-
ian, it naturally calculates the variability in WTP estimates using Monte Carlo Markov Chain
(MCMC) samples. There is, therefore, no need to rely on asymptotic theory, which is especially valu-
able when sample sizes are small. Fourth, as our empirical application shows, BART is able to deal
with fat tails, flat tails, and non-monotonicities in the data—three problems with which the CV liter-
ature has long wrestled. Finally, the model is ripe for possible extensions, such as using it with
double-bounded dichotomous choice data and putting different priors on specific variables.
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4 | NOT JUST A RANDOM FOREST

2 | BACKGROUND

To motivate our proposed methodology, and to set notation, we begin by reviewing a traditional
probit framework for estimating WTP in CV studies (Haab & McConnell, 2002). We highlight its
strong theoretical basis as well as its limitations. In the following sections, we introduce Bayesian
and non-parametric extensions, culminating in our proposed use of BART.

2.1 | Traditional model

Suppose random variable Y; takes on the value 1 if individual i responds “yes” to the question
“would you choose to support this cause with $A?” and 0 otherwise. x; is defined as a vector of
demographic traits for respondent i and A represents the bid amount presented to the survey
respondent. Researchers often employ the model dictated by Equation (1) below.

Y; ~ Bernoulli(r;)

fb_l(ﬂ,-):xiTﬁ—l—aA,- (1)

Assume that the underlying WTP is generated via WTP =xTy + € where the error terms are
independent and normally distributed with mean 0 and variance ¢*. The above model is strongly
linked to utility theory in that:

P(Y=1)=n=P(WTP>A)=P(x"y+e>A)
:P(e >A—xT}/)

:P(éeﬁ —§A+xT(é}’)> @)

=®(—aA+x"p).

Estimates of WTP can be recovered as WTP = x"y where y = —é. Point estimates for WTP can
be achieved by plugging in the maximum likelihood estimates. Standard errors are often calculated
using the bootstrap method (Creel & Loomis, 1997; Zapata & Carpio, 2024).

2.2 | Bayesian extensions

Traditionally, the probit model is fit using maximum likelihood estimation. However, it can be
argued that Bayesian methods offer several advantages over maximum likelihood estimation, includ-
ing the ability to naturally estimate uncertainty, incorporate prior knowledge, and avoid reliance on
asymptotic approximations for inference. The simplest Bayesian extension is to fit the probit model,
as defined above, with the addition of priors being placed on the unknown parameters.

The data model shown in Equation (1), which provides the likelihood p(Y|a,f), remains
unchanged. To use Bayesian estimation methods, we must also place distributions, reflecting our
prior beliefs, on the unknown parameters. Following Gelman et al. (2008), we first standardize x by
subtracting the means and dividing by two times the standard error of the numeric (non-binary) col-
umns. With all x’s on the same scale, we can assign independent p(8) = N(f]0,2.5) priors for the
coefficients corresponding to demographics and, independently, p(a) = N(«|0,2.5).>

*We also use a more diffuse prior (N(0, 10)) for the intercept term.
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FOLLETT ET AL. 5

Estimation can be done by sampling from the posterior distribution of the parameters. Letting
&= (a, ﬁ)T represent the combined parameter vector, and ¢ represent the standard normal cumula-
tive distribution function (CDF), the joint posterior distribution can be written as:

plaplY) xp(a f) x p(Y|a, §)
1

= exp (—%éjT (2.51)_1§>
(2ﬂ)2det(2.512x2)

n

X Hcp(xiTﬁ—&—aA)y’ (1 —@(xiTﬂ—&-aA)l_y‘).

i=1

This joint posterior distribution is not available in closed form but we can obtain MCMC sam-
ples from p(a, #|Y) using a Gibbs sampler. We can use many different software packages (R, SAS
Python, etc.) to obtain the set {(ﬂ(r), a) }._,» where R is the number of samples taken from the
posterior.

An important advantage of the Bayesian framework is that we can obtain full posterior distribu-
tions of WTP for each individual (or, for a given demographic vector x). Mathematically, the collec-
tion of posterior samples allows us to examine f(WTP(x)|{Y;}.,)=f (—ng\{Yi}?:l) for any
vector x. These individual-level posterior samples can be aggregated across the whole sample to pro-
duce full WTP curve distributions because we effectively have R estimates of WTP(x). This also
allows us to quantify our uncertainty at every point along the curve, which can be a useful way to
present the results because it maintains the ease of interpretation while adding transparency.

Probit regressions are used frequently in literature, though the Bayesian implementation is less com-
mon. They are both simple to implement (Bayesian or frequentist) and based on utility theory. Also, in
the context of Bayesian estimation, neither the distributional assumptions nor the variance of the poste-
rior distribution of WTP depends on asymptotic theory. However, the linear form and the need for the
researcher to choose important inputs increase the chances of model misspecification. Because of these
shortcomings, we turn our attention to nonparametric alternatives, starting with classification trees.

3 | A NON-PARAMETRIC, BAYESIAN APPROACH
3.1 | Classification trees

We will now briefly explain classification trees, the building blocks of our approach, along with their
strengths and weaknesses. In the context of CVs, a classification tree partitions the demographic and
pricing space through binary splits, aiming to create subsamples that are homogeneous in terms of
survey responses (i.e., all “yes” or all “no” within subsamples). The process starts with the full survey
data set, at which point we refer to it as the “root node”. This root node is then split (based on either
a demographic factor or price) into two child nodes. For example, a split may be defined by numeric
bid amount: observations with bid amount < $500 would flow into child node 1 while those with bid
amount >$500 would be diverted to child node 2. This process continues, with child nodes being fur-
ther split into more child nodes, until we reach the terminal nodes, at which point predictions are
given. Splits are determined by optimizing the variable and the split point which maximizes the
reduction in entropy. The algorithm will search over all variables and splitting points within each
variable. More details on the building of classification trees can be found in Therneau et al. (1997).
After the general structure of the tree is built, a new observation can traverse down from the root
node, through the internal nodes, until it arrives at one of the b terminal nodes, where it gets a pre-
diction based on the training observations which live in that node. Unlike traditional linear models,
like the ones described above (frequentist or Bayesian), classification trees automatically incorporate
interactions between variables without requiring the researcher to pre-specify them. Figure 1 shows
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6 NOT JUST A RANDOM FOREST
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FIGURE 1 [Illustration of a tree.

an example of a tree that predicts a binary outcome based on just two covariates, x1,x2. Whenever
more than one covariate is involved in a “branch” of a tree, this represents an interaction. For exam-
ple, we see that x, > — 6 is an important predictor of the binary response; however, this is only true
when x; < —4.1 (the first splitting rule of the tree).

Figure 2 illustrates how the structural differences between trees and linear regression models
result in different predictions, even when applied to the same data (and even when the researcher is
able to correctly identify the presence of interactions). On the left, the probit predictions are a
smooth probit function of x1 and x2 while the classification tree operates by “binning” (splitting,
repeatedly) x1 and x2. This allows for more flexible prediction functions because classification trees
are able to capture multidimensional valleys and other non-monotonic structural relationships.

Mathematically, a single tree can be represented as g(x;| T, M), where T denotes the tree structure
(splitting rules) and M = {;,...,ug} are the predictions at the B terminal nodes. The variables
involved in T are chosen automatically based on minimizing entropy, which contrasts with tradi-
tional regression models such as Model (1).

While trees are flexible and able to fit training datasets to a high degree of precision, this trait
makes them susceptible to overfitting. Ensemble methods, such as random forests (Breiman, 2001),
can be used to combat these issues by combining multiple trees to improve predictions.

3.2 | Ensemble methods

A RF is a widely used ensemble learning method designed to mitigate the overfitting tendencies of
individual classification trees. This method is well liked for its ease of implementation® and also

3There are several R packages that can be used to fit forests (Chen & Guestrin, 2016; Liaw & Wiener, 2002; Wright & Ziegler, 2017), and so
forth.
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FIGURE 2 Predictive patterns—Probit versus classification trees. Illustration of prediction patterns for a logistic
regression (left) and classification tree (right) when the data generating process involves interactions and non-linearities.

because it does not require extensive parameter tuning in order to have competitive predictive per-
formance. As the name would suggest, an RF is a collection of many trees. This method’s strength
lies not in the number of trees in the forest but in the diversity of the trees in the forest. RFs intro-
duce diversity among their trees in two ways. First, the trees are fit on different sets of training data
(bagging—see Breiman (1996)). Specifically, for a training dataset of size n, each tree is grown on a
random sample of n rows, sampled with replacement. Second, the trees are fit on different random
sub-samples of the covariate space. This diversity de-correlates the trees, making for a more robust
predictive model when the trees are considered in aggregate.

BART (Chipman et al.,, 2007, 2010), also a multi-tree-based method, further addresses the short-
comings of single trees by assuming priors on the parameters involved in the tree building and node
predictions. These priors shrink the trees, keeping each one simple and preventing any single tree
from explaining too much variability. This tree characterization is unlike RFs, which construct a
large number of deep trees for optimal performance. A second difference is that RFs construct the
trees independent of each other; BART, on the other hand, constructs the trees sequentially, allowing
the model to share information across trees. A feature of BART—a Bayesian model—is that the
model output is posterior distributions of probabilities while, for random forests, the output by
default will be point estimates. Chipman et al. (2010) demonstrated that BART can outperform other
methods, including RF and neural networks, in out-of-sample prediction problems. An important
feature of BART is that, similar to random forests, it is able to achieve this level of competitive per-
formance with very little tuning involved. In the next section, we detail BART and discuss how pos-
terior distributions from the BART model can be translated to WTP. One practical differentiator
between the models mentioned thus far is the computational expense associated with each of them.
For most reasonably sized datasets, a probit model or classification tree will fit almost instantly.
Other machine learning models such as RFs, neural networks, and BART have more complexity in
their estimation process and can take longer. In the simulation study, we present average run-times
for each of the models tested.
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8 | NOT JUST A RANDOM FOREST

3.3 | BART-based WTP estimates

BART model

As mentioned above, single classification trees are flexible but they are prone to overfitting. BART
addresses this by summing over many shallow trees, each regularized by informative priors. This
Bayesian ensemble approach can yield more stable predictions. In what follows, we describe BART
and its implementation for estimating WTP. Our main contribution lies not only in using BART for
prediction, but in transforming its probability-scaled outputs into meaningful measures of WTP.

Equation (4) describes the BART framework for classification problems. Line 1 describes the dis-
tributional assumptions for the binary response Y;. Line 2 links the inputs—ux; (attributes seen by
individual i) and Aj; (where j[i] is the index pertaining to the cost seen by individual {)—to the prob-
ability that a respondent says “yes.” In line 3, we take g(xi,Aj[iHTt,Mt) to represent a function (the
ith tree) that inputs x, A and outputs a prediction y,,, which is the bth node parameter of the tth tree.
Finally, we take G() to be the function that inputs x,A and sums up the T trees.

Y; ~ Bernoulli(r;)

ﬂi:P(Yi: 1|xixAj[i])) :‘D(G(xi’ Aj[i])) (4)

T
Glxi Aji) = > g (xin Ayg| T M)
t=1

Based on this model, the expected (probit of the) probability that an individual responds “yes” is
equal to the sum of all the terminal node parameters that g() assigns based on values in x,A. In
building the sum-of-trees model, the node parameters from the first tree ({4, ..., g, }) will explain
some proportion of the variability in the responses; ({15, ..., 52, }) will explain a proportion of the
remaining variability, and so on.

In this model specification, there are no “coefficients” to place priors on as in the previous
model. However, priors must still be placed on the unknown tree structures and node parameters,
T; and My, respectively. Trees are kept small by specifying a prior probability that a node at depth
d is non-terminal, rather than allowing the tree to grow aiming to minimize entropy, as in RFs. For
some a € (0,1) and f§ € [0, ), the prior probability distribution can be described as:

p(nodeatdepth d is non — terminal) = a(1+d) . (5)

By default, it is common to assume a=0.95 and f=2. As d increases, the probability that it is
non-terminal decreases rapidly. Likewise, the terminal node parameters also receive shrinkage priors.
More details can be found in Chipman et al. (2010).

In the context of our model, the likelihood is given by

P17, M) = [ #(G oo )" (1= (G 410))) ™ ©)

and the corresponding joint prior is

p(T, M) = [p(T)p(M,|T)) = | lﬂn)ﬂp(ubt | Tt)] , (7)

t b

leading to a joint posterior distribution that is proportional to p(y|T, M)p(T, M). An overall Gibbs
and Metropolis-within-Gibbs sampler is used to jointly sample the tree and leaf parameters. We
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FOLLETT ET AL. 9

direct the reader to Chipman et al. (2010) and McCulloch et al. (2018) for details on sampling. R
package BART (Sparapani et al., 2021) performs sampling.

Estimating posterior distribution of WTP

While the BART model defined above has been used extensively in the literature as a predictive
model, our contribution comes from the treatment of the output of the model; specifically, G(x;, A),
the BART predictions of the probit transformation of the probability that a person with traits x;
would say “yes” to a bid of $A. WTP estimates are ultimately obtained through a two-step process.
First, by fitting the predictive model (in our case, BART) on a training set, and second, the transfor-
mation of model predictions to a WTP scale.

Drawing on Parzen (1960)’s finding regarding CDFs of non-negative random variables, expected
WTP can be thought of as the area under the curve defined by the probability of “yes” responses
with respect to $A, the bid amount (illustrated in Figure 3). Let A, be the lowest bound considered,
and A the maximum amount a person would reasonably pay. For an individual with demographics
x, let P(Y = 1|A, x) be the probability of a “yes” response to bid $A.

Once a BART model is trained on survey data, we can use it to estimate probabilities across an
array of bid amounts (Ay,...,Ax), holding constant the demographics of a given individual, ulti-
mately producing a model-based estimate of how that individual’s probability of saying “yes” would
change as bid amount increases.* Then, using model output {®(G(x, 4))):j=0,...K },5 we
approximate

Ak
WTP(x) = J P(Y = 1]A, x;)dA
A

for each individual i. Much like we would see with other nonparametric methods that rely on the
CDF result, this process yields a conservative estimate of WTP, that is, any remaining right-tail mass
beyond this bound is excluded, implying a downward bias.

11A)

Model estimates of P(Y

FIGURE 3 WTP as the area under a curve.

*Additional detail about training can be found in the appendix.
®Assume &(G(x, Ag)) =1 and &(G(x, Ax)) =0.
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10 | NOT JUST A RANDOM FOREST

WTP(x fﬁKP = 1|A x;)dA can be approximated numerically over the grid of bid amounts;
we use quadrature methods,” following the approach of Ramsey and Bergtold (2021). In doing so,
we assume a monotonic, decreasing relationship between the two inputs. In cases of non-
monotonicity within a curve, we use smoothing algorithms to flatten.”

It is important to note that the original dataset is labeled, containing the observed yes/no
responses, whereas the long-form dataset is unlabeled and used solely for prediction. In this long-
form representation, each surveyed individual, along with their demographic characteristics, is
paired with each unique bid amount (A, ..., Ax) (i.e, CV_donate bid). This construction allows
the pre-trained model to generate predicted probabilities across the full range of bid amounts, facili-
tating the estimation of curves as illustrated in Figure 3, for all demographic profiles. The integration
procedure, which uses the raw MCMC samples of the BART model, is used throughout both the
forthcoming simulation study and empirical application to compute expected WTP.

Alternative treatments are available to convert the probabilistic output of the BART model to
WTP. Specifically, Turnbull (Haab & McConnell, 2002), Kristrom (Kristrom, 1990), and the
Kristrom adjustment (Lewis et al.,, 2024) are model-free WTP estimation techniques that can be
applied, given a sequence of bids and corresponding probabilities. In these cases, similar logic
regarding monotonicity holds. An exploration comparing the various second-stage approaches is
beyond the scope of this research.

Estimating WTP variability

In Section 2, we illustrated how we can obtain full posterior distributions of an individual’s WTP
without resorting to asymptotic assumptions. This ability is maintained as we pivot to using BART;
variability in the WTP estimates is introduced through the trees and root node parameters in the
MCMC algorithm. MCMC estimation results in R posterior draws of tree sequences
R R
{Tﬁ” t=1,..., T} and corresponding terminal nodes {Mﬁ’) t=1,..., T} and, therefore
r=1 r=1
{PV(Y=1|4;x):j=1,...,K }1::1 for a given x. Thus, the curves under which we integrate (using
standard quadrature rules) vary from sample to sample across the MCMC chains as we approximate
the integral WTP(") (x) = f::fP(r)(Y =1|A,x)dA forr=1,...,R.

Noting that we typically take R to be a larger number such as 5000 or 10,000, we conceptually
illustrate this in Figure 4 with just 5 MCMC draws and their resulting curves. That is, for any given
demographic vector x, we can obtain posterior distributions of WTP by using the MCMC-implied
variability on the estimated sequence of P")(Y = 1|4, x). Expected WTP is computed by numerically
integrating the predicted probability curve over the bid grid for each posterior draw. It is important
to note that the resulting distributions are not based on asymptotic theory and, in general, do not
make any parametric assumptions. In addition, the variability is estimated based on a single run of
the model; this is in contrast to bootstrapping methods, which require repeated runs of the model on
random samples of the training data.

We consider two ways of displaying the output of the proposed procedure. First, a general over-
view of the sample welghted population’s willingness to pay. For a given sample, we can obtain
{WTP i=1,..., n} . That is, each fixed MCMC sample, 7, yields an entire distribution of
WTP for the sample populatlon. These vectors, along with application of the empirical CDF, can be
used to create R WTP curves (one for each MCMC sample) resulting in a distribution of WTP cur-
ves. The second way to study the output is to consider how WTP is affected by sociodemographic

SWe use the integrate () and approxfun () functions in R.
"We use the pava (pool adjacent violators algorithm) function from the Iso package in R.
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\\
N\ Area = 767.5

™\

\ Area =716.7

P(Y=1[A)

A

FIGURE 4 Predicted probabilities using BART. Illustrating the BART estimator with variability resulting from MCMC.
For a given demographic vector x, five MCMC draws resulting in five areas under the curves.

factors. This requires calculating an estimated WTP as above and taking an exploratory approach to
visualize the relationship between sociodemographic factors and WTP.

3.4 | Simulation study
Setup

To evaluate the quality of BART-based WTP point estimates, we conduct a simulation study across
a variety of data-generating mechanisms. These scenarios vary in complexity and alignment with tra-
ditional modeling assumptions. We include both traditional and Bayesian probit models as baselines.
We also follow other studies in semi-nonparametric estimators of WTP (Ramsey & Bergtold, 2021)
by incorporating a neural network. We use a grid search, along with cross-validation tools, to tune
the neural network’s nodes (varying between 2 and 8) and decay (varying between 0.01 and 0.5).
This is done once within each repetition, so that each run of the neural network is tuned and opti-
mized for prediction.® Thus, averages for the neural network will be an aggregate of prediction per-
formances from NNs of potentially different parameter values. Finally, to benchmark BART against
another tree-based algorithm, we also include a RF. Much like BART, RFs are somewhat robust to
tuning, and we use default settings.’

Each of the aforementioned competing models will be compared to a tuned BART model and an
untuned BART model that is run using default hyperparameters. For the tuned BART model, we use
a grid search, along with cross-validation tools, to tune the number of trees (trying 50, 100, 200) and
k (trying 1, 2, 3). k is a parameter that controls the amount of shrinkage applied to the terminal node
mean parameters; a higher k will shrink the terminal means harder toward an overall mean while a
smaller k will allow individual nodes (and, as a result, trees) to have a larger impact on overall pre-
dictions. This is again done once within each repetition, so each run of the tuned BART is

SThis level of tuning may not be practical for some applied settings.

“However, while the default output of RFs are numbers between 0 and 1, they are not technically probabilities associated with the positive
event. That is, they are not always well-calibrated. Thus, we additionally attempt to calibrate the RF probabilities but find it does not improve
performance. A detailed discussion of probability calibration is beyond the scope of this paper. More details can be found in Niculescu-Mizil
and Caruana (2005), which notes that the quality of calibration of an RF can be context-dependent.
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12 | NOT JUST A RANDOM FOREST

customized to the sample. As with the neural network, note that this allows for differing parameters
across simulation runs, even within the same simulation settings.

For the Bayesian models (BART and Bayesian probit), we follow standard procedures by dis-
carding the first half of each chain as burn-in; the latter half of each chain is used for prediction and
inference (Gelman et al., 2013, pp. 282-283).

We simulate data according to four scenarios, as shown in equation set (8). While the first
(Scenario 1) mimics the underlying assumptions of the probit WTP estimator, we introduce three
additional simulation scenarios that feature more nuanced structures in the model’s systematic com-
ponent. The four simulation scenarios can be written as follows:

Scenariol: WTP; =S, +f, *x1i+ €
Scenario2: WTP;=f,+p; *1(x1;<0.5) + ¢

Scenario3: WTP;,=f,+2x (1Osin(7leixm) +20(xg; — ().5)2 + 10x4 + 5X5i) + € (8)
Scenario4: WTP; =+ B * 215 + o * 29i + f3 * Z3i + 4 * 245 + f5 * 251+

P * 213 * Zo + Py * 215 * 23 + €;.

Scenario 2 involves a simple step-function when the single covariate crosses a threshold. Scenario
3 is modified from the Friedman function (Friedman, 1991), commonly used to test predictive
models in machine learning. The first two scenarios involve a single covariate, x;, while the third
and fourth involve five covariates. The fourth scenario is different in that it involves discretized
covariates, some of which are involved in interactions. That is, each z; is effectively simulated inde-
pendently from a Bernoulli distribution by transforming the original x variable, for exam-
ple, Z1i = I(xli > 05)

In each case, the coefficients are calibrated so that, for average covariate values, the mean WTP
is approximately $100 and ranges between approximately $25 and $150. We let € ~N(0,6%,), and
allow oy to vary. We randomly generate 100 datasets of n+ 500 rows from each scenario, and train
our models on n rows, leaving 500 for test/evaluation. We are interested in evaluating performance
on training sample sizes (1) varying from small to large. For the first three scenarios, each covariate,
Xpi:p=1,...,5, is simulated from beta(a, b) where we fix a=1 and allow b to vary, introducing
asymmetry into the covariates (thus, for scenario 4, the covariates are simulated from a Bernoulli(p)
distribution with p # 0.5).

In real applications, the researcher would likely have multiple covariates (xi,...,xp), but would
not know which of them are truly associated with WTP. Thus, we run the simulation study again,
simulating the data in the exact same manner, but we simulate and serve xi,...,x1o as inputs to train
the models. The purpose of this is to mimic real-world applications, rather than limiting the input to
the relevant covariates involved in simulation. For example, for scenario 1, only one of the 10 input
predictors (10%) actually influence WTP while in scenario 2, only five of the 10 input predictors
(50%) influence WTP. Thus, we introduce the sparsity into the true coefficient vector for the second
set of simulations. Table 1 lists all of the values tested for each parameter. Each unique parameter
combination (3 x 2 x 2 x 2 =24), across four data-generating scenarios (96 total cases), is evaluated
using 100 independent simulation replications. We provide pseudo code describing the data generat-
ing process in more detail in Appendix B.

With machine learning approaches, there are two stages to estimating WTP from CV data. First,
the model is trained on survey data and produces probabilities of a “yes” response when applied to
the test (hold-out) data. Second, those probabilities are translated to the WTP scale. We compare
models at both stages; in each case, using the 500 observation hold-out test sample to calculate per-
formance metrics. That is, the following is all based on data the models have not seen. To illustrate
stage 1 model performance, we calculate the correlation between the true probability that the (simu-
lated) respondent says “yes” and the modeled probability. For stage 2, we measure performance in
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FOLLETT ET AL. 13

TABLE 1 Summary of parameters varied in simulation study.

Parameter Values

n 250, 500, 1250
c 7,15

Sparsity TRUE, FALSE
b 1,3

Note: Parameters include sample size (n), error variance (c%,), sparsity of the true model, and shape parameter(b) for covariate asymmetry.

two ways: (1) via the RMSE between the true WTP and the model-estimated WTP and (2) by
calculating the average absolute bias between the true mean WTP of the test sample and the model-
implied mean WTP. (1) reflects how accurately a model recovers individual-level WTP, which incor-
porates both bias and precision, while (2) measures the presence of systematic issues with the
implied mean WTP, which is central to the practical implementation of CV studies. To illustrate
practical significance, we divide both RMSE and bias by the true mean WTP of the distribution to
provide a relative error term. In both cases, we use paired t-tests to summarize the statistical signifi-
cance of the differences in model performance.'®

Simulation results

The simulation study provides valuable insights into the performance of our BART model compared
with other nonparametric machine learning models and the traditional probit model in estimating
WTP from SBDC data. We measure the predictive accuracy of our models in three ways: correlation
between true and predicted probabilities, RMSE, and population bias. In each of the three
Figures 5-7, the top set of facets illustrates results when the data are simulated with smaller error
variance; the bottom when the error variance is larger. Within each set of facets, the top row shows
results when the data are not sparse; the bottom when the data are sparse. Each column represents
data generated according to the functions described in scenarios 1-4 above: Linear, Friedman, Step,
and Binary. Each facet shows results as the sample size increases from left to right.

Figure 5 displays the average correlation between the true probabilities and the predicted proba-
bilities from each of the models. In the linear scenario, probit is a clear winner with almost perfect
correlation in some cases, though BART is not far behind and is always within 0.05. Because BART
does not impose a fixed functional form on P(Y =1|A, x), linear relationships can be considered a
special case of its functional capabilities. Further, for more complex data-generating-scenarios,
BART often has a higher correlation.

Figure 6 displays calculated RMSE values for each model.'' This measure captures how well a
model recovers individual-level WTP values; a lower value is better. Here we can see that when the
(linear) assumptions of the probit model hold, the probit model performs well relative to more com-
plex machine learning approaches while maintaining a substantially lower computational cost. The
machine learning models typically achieve RMSE values within 0.5% of the probit model, but their
additional complexity and computational demands make them less appealing when the data is well-
behaved. This reinforces the idea that when the true relationship aligns with the probit model’s
assumptions, its efficiency and interpretability make it a strong default choice. However, when the
functional form of P(Y =1|A, x) (probability of a yes) deviates from the restrictive form dictated by
the probit model—such as when the underlying WTP functional form follows nonlinear,
nonmonotonic, or discontinuous patterns, or when interactions are introduced—the machine learn-
ing models demonstrate clear advantages in terms of RMSE, particularly as training sample sizes
increase. While the probit model sees some improvement when moving from small to moderate

'°Code to generate simulation study can be found at https://github.com/LendieFollett/Not-Just-A-Random-Forest.
""Results shown for symmetric covariates; asymmetry scenarios can be found in appendix.
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sample sizes, its strict parametric form limits its adaptability in general. In contrast, BART and NN
continue to improve with larger datasets, learning the underlying structure of the data more effec-
tively. Across different data-generating processes, BART (tuned and default) and NN tend to emerge
as the most accurate models in terms of RMSE, with BART performing particularly well in sparse
settings where the relevant predictors are not “known” or pre-specified. BART provides strong pre-
dictive accuracy without the need for tuning, a critical step for the NN. This suggests that in more
complex or poorly understood WTP estimation problems, BART is a robust choice.

Figure 7 illustrates the average absolute bias between the true mean WTP of the test sample and
the model-implied mean WTP for each model. With the exception of RFs, all models exhibit bias
that diminishes toward zero as the sample size increases. Both the probit and Bayesian probit models
perform particularly well in terms of bias when their underlying assumptions are met, reflecting the
advantages of correctly specified parametric structure. However, when covariates are asymmetric,
those same models exhibit noticeably larger bias, as shown in the appendix, highlighting their sensi-
tivity to distributional assumptions. In contrast, BART and the other semi-nonparametric
approaches display consistently small negative bias across all four data generation scenarios. We
expect this type of behavior given the quadrature-based second stage of WTP estimation, which
yields conservative estimates by construction.

Across the simulation scenarios that were examined, we have seen little evidence that tuning the
BART algorithm results in significant gains in predictive accuracy. This is consistent with
the already-documented trait of the BART model: default BART settings tend to perform well. Still,
the authors hesitate to recommend skipping tuning in real-world applications for which the true
nature of the data-generating process is unknown.

To examine whether the differences between BART and probit shown in Figures 6 and 7 are statis-
tically significant, we perform paired two-sided t-tests within each simulation scenario. The results of
those tests are shown in Table 2. Panel (a) displays results of those tests for bias. While probit is
favored in 61 scenarios, only 14 (22%) of those were statistically significant. Panel (b) shows the results
of those same tests in terms of RMSE. BART is favored in 70 out of the 96 scenarios and 57 (59%) of
those were by a statistically significant margin. The upshot is that while there is a tradeoff between bias
and RMSE between the two models, the significance of increased bias attached to BART is less than
the gains in predictive accuracy observed in RMSE. This suggests that BART strikes a favorable balance
between accuracy and bias in more complex or less well-understood settings.

Lastly, we explore differences in computational time between models. While BART and other
machine learning models are able to learn complex patterns found in data, they do so at the cost of
computational time. This is especially true for Bayesian methods which rely on MCMC. How pro-
hibitive the computational cost is will depend on the size of the data and complexity of the model.
Table 3 shows the average run times of the various models for each training sample size considered.
For NN models, this time includes the time it takes to tune over the number of nodes and decay. As
expected, the Bayesian methods take considerably longer. However, the observed run times (20.85 s,
at the longest, on average) are unlikely to be problematic for a typical researcher.

3.5 | Empirical application
Data

The empirical application relies on CV data and sociodemographic information collected as part of a
larger survey which also included a discrete choice experiment. Our study site is Waikamoi Preserve

FIGURE 5 Average correlation between true probability of saying “yes” and model-estimated probabilities. Shown for
varying sample sizes (x-axis) and sparsity of coefficient vectors (vertical facets) and data generating scenarios (horizontal
facets). Shown with error variance 6 =7 (top) and 6 = 15 (bottom). This is shown only for symmetric covariates; the results
for asymmetrically-distributed covariates are similar and shown in the appendix.
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located on the Hawaiian island of Maui. The Nature Conservancy (TNC) manages the Waikamoi
Preserve as the largest privately owned nature preserve in the state. Waikamoi Preserve’s vast
‘Ohi‘a-dominant forest is the last stronghold of 63 species of rare plants and 10 species of birds, five
of them endangered. Since 2014, Rapid ‘Ohi‘a Death (ROD) has threatened ‘chi‘a trees, which is
also a keystone species in other native Hawaiian wet forest ecosystems. ROD is mainly spread by
humans through their gear. Once a tree shows symptoms of ROD, it usually dies within a few weeks.

ROD has not yet been detected in Waikamoi Preserve. However, because of the speed with which
it kills and the growing risk at the time, TNC was interested in developing a system to identify and
eradicate ROD-infected trees as quickly as possible.'* Accomplishing these tasks is costly. For exam-
ple, identification might involve the use of a drone to fly patterns over Waikamoi Preserve to identify
potentially infected ‘Ohi‘a trees. Once identified, infected trees are very expensive to remove because
the terrain in Waikamoi Preserve is mountainous. Extirpation must be accomplished using a combi-
nation of helicopters and hiking.

To fund the system described above, TNC considered the creation of an Invasive Species Rapid
Response Fund. Since this fund did not exist at the time of the survey, we developed a CV question
to test how much the public would be willing to pay for it. Respondents were told that the fund
would be used to detect and quickly mitigate incipient invasive species, including ROD. The CV
question was a single-shot donation developed using the best practices presented in Johnston et al.
(2017) and adapted from the work of Richardson and Lewis (2022). In it, respondents were asked if
they would donate a fixed amount to help TNC develop an Invasive Species Rapid Response Fund.
Bid amounts presented include: $25, $50, $100, $250, $500, $750, $1000, $1500, $2000."> We gath-
ered sociodemographic information at the end of the survey. Table 4 contains the proportion and
number of respondents who said yes to each bid amount.

We took several steps to address incentive compatibility and reduce hypothetical bias. First,
respondents were presented with an oath at the beginning of the survey in which they were required
to pledge to give “thoughtful and honest” responses to all questions in the survey in order to con-
tinue (Jacquemet et al., 2017). Second, the CV task itself included a provision point mechanism (Poe
et al., 2002), whose purpose is to attenuate inflated hypothetical “yes” bids. In it, respondents were
told the fund would not be established if $50,000 was not raised. Finally, following the CV task, we
asked two follow-up questions. First, respondents were asked how certain they were in their
responses (Blomquist et al., 2009; Penn & Hu, 2023). Second, respondents who rejected the bid
amount were asked to select their reason for doing so. Based on these, we were able to classify
respondents into those who said no out of protest and those who said no because they thought the
program would not be consequential.

Some respondents may answer “no” to a CV question because they are “protesting” an aspect of
the valuation exercise. Table 5 shows the proportion of each bid rejection by justification. Those who
rejected the bid were asked why they rejected the bid. Those who indicated I doubt that the Invasive
Species Rapid Response Fund’s work would succeed in protecting the species and biodiversity in
Waikamoi from invasive species and diseases or I do not think there is a real risk of invasive species or

FIGURE 6 Average RMSE. Average RMSE for varying sample sizes (x-axis) and symmetry of covariate distributions
(vertical facets) and data generating scenarios (horizontal facets). Shown with error variance ¢ =7 (top) and 6 =15 (bottom).
This is shown only for symmetric covariates; the results for asymmetrically-distributed covariates are similar and shown in the
appendix.

12t the onset of the study, ROD had only been found on the islands of Hawai’i and Kauai’i. In July 2019, 5 trees were detected on Maui,
subsequently destroyed and since then there have been no additional positive ROD detections on the island—cite https://cms.ctahr.hawaii.edu/
rod/.

3The bid amounts of $750, $1500 and $2000 were added after the pretest.
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TABLE 2 Counts of simulation scenarios by f-test significance and direction of advantage.
(a) Bias
BART Probit Sum
Not significant 31.00 47.00 78.00
Significant 4.00 14.00 18.00
Sum 35.00 61.00 96.00
(b) RMSE
BART Probit Sum
Not significant 13.00 13.00 26.00
Significant 57.00 13.00 70.00
Sum 70.00 26.00 96.00
TABLE 3 Average run times of various models over sample sizes (in seconds).
n Bart NN rf Probit Bprobit
250 5.92 0.46 0.17 0.01 0.98
500 2091 0.80 0.36 0.01 3.44
1000 15.54 1.35 0.76 0.01 6.06
1500 20.85 2.14 1.13 0.02 5.44
TABLE 4 Frequency of survey responses to the contingent valuation question.
Bid % yes n
$25 48% 115
$50 41% 111
$100 46% 119
$250 39% 114
$500 39% 122
$750 31% 118
$1000 34% 117
$1500 28% 120
$2000 32% 114

Note: Full sample.

diseases were classified as protest responses. Those who left similar comments in the “other” space
were also classified as protesters and omitted from analysis. We also restricted the sample in another
way. To assess whether they found the survey consequential, respondents were asked on a 3-point
likert scale from “not at all” to “fully” to what extent do you believe TNC will pay attention to people’s

preferences, as expressed in this study, as they make their decisions about future hiking programs?

Responses from those who answered “not at all” were classified as inconsequential and omitted from

the analysis.

FIGURE 7 Average absolute bias. Average absolute bias in terms of estimating mean WTP for varying sample sizes (x-
axis) and symmetry of covariate distributions (vertical facets) and data generating scenarios (horizontal facets). Shown with
error variance 6 =7 (top) and o = 15 (bottom). This is shown only for symmetric covariates; the results for asymmetrically-

distributed covariates are similar and shown in the appendix.
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We conducted the survey during the summer of 2020 using Qualtrics’ panel of respondents. We
finished the survey collection period with 1050 responses. We removed from the estimation sample
protest votes and those who believed the survey to not be consequential. Of the 54 respondents
removed, 33% of them were female and 40% were younger than 35 years of age. An equal proportion
(30%) were aged 35-54 and greater than 55 years of age. 63% of the excluded sample is employed
while 9% are retired. 52% have at least a bachelor’s degree while 26% achieved a graduate degree.
15% of the excluded sample earns less than $25,0000 per year; 42% earns between $25,000 and
$74,999 per year, and 39% earns over $75,000 year. The restricted sample contains 996 observations.
Slightly more than half of these respondents are female (52%). We have a roughly uniform distribu-
tion of ages: 31% are 34 or under; 34% are between 35 and 54; and 35% of the restricted sample is
55 and over. 58% of respondents are employed and 21% are retired. 57% hold a bachelor’s degree or
higher, while 25% hold a graduate degree. 14% of this restricted sample earn less than $25,000 per
year; 39% earn between $25,000 and $74,999 per year, and 45% earn greater than $75,000 per year.
Figure 8 illustrates our data. They suffer from non-monotonicity (Haab & McConnell, 2002), fat tails
(Lewis et al., 2024), and flat tails (Lewis et al., 2024). Together, these artifacts of the data lead to large
WTP standard errors and imprecise WTP estimation when using traditional estimators.

TABLE 5 Reasons for a “No” response to the contingent valuation question.

%

Reason responding
I cannot afford to donate anything 66%
I cannot afford to donate that much, but I would pay a different amount (please specify) 13%

I doubt that the Invasive Species Rapid Response Fund’s work would succeed in protecting the species and 2%
biodiversity in Waikamoi from invasive species and diseases

I do not think there is a real risk of invasive species or diseases 1%
There are too many other good causes that need my donations more urgently 12%
Other 6%

05
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Q
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FIGURE 8 Percentage of yes-responses to the contingent valuation question. By bid amount, with and without protest
and inconsequential responses.
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Estimation results

For illustration, and because the results of our simulation study favor BART, we discuss WTP estimates
from that model here, along with results from the Bayesian Probit for comparison. To estimate the BART
model, we run 10,000 iterations, discarding the first 5000. We use default tuning parameters. In the second
stage, we again use quadrature on the predicted probabilities to estimate WTP. To estimate the Probit
model, we use the rstanarm package in R (Goodrich et al., 2024). Specifically, we run 4 chains of 5000
iterations of the MCMC algorithm, taking the final 1000 iterations from each, resulting in R = 4,000 itera-
tions available for inference. In traditional CV applications, WTP is recovered via Equation (2), by
taking the negative ratio of the appropriate coefficients. While this works well in situations where
the data is well-behaved, it is not uncommon for irrational WTP values to result from this method.
For our empirical data, we find that over half of individual-level WTP values are estimated to be neg-
ative using the traditional procedure. This motivates us to treat the probabilistic output from the
probit model the same way we treat the BART output. We use quadrature to estimate the area under
the curve, and, thus, WTP values. This constrains estimates to stay within rational bounds.

Figure 9 presents WTP estimates from the BART model and traditional probit model, illustrating
the impact of demographics, but also revealing the effect of the modeling approach itself on the
resulting estimates. Both BART and probit estimate a negative relationship between age and WTP
and a positive relationship between household income and WTP, which is consistent with what we

Not Conservative Conservative
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-+ Probit
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FIGURE 9 WTP curves. Estimated WTP based on probit (dashed) and BART (solid) across levels of age (x-axis) and
household income (color). Shown separately for all combinations of political ideology and gender.
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FIGURE 10 WTP envelopes. WTP curves for BART (black) and Bayesian probit (gray) with 90% credible intervals. Left
panel shows willingness to pay curves resulting from individual MCMC iterations while the right panel summarizes at each
probability threshold.

would expect. But BART picks up more nuance in these relationships. For age, BART suggests a
slight increase in WTP between roughly ages 20 and 30 before the expected decline begins. Probit,
constrained by linearity unless additional polynomial terms are specified, simply models a steady
downward trajectory, effectively implying that individuals in their 20s have the highest WTP. We see
the same kind of contrast with household income. Both models show higher WTP with higher
income, but BART identifies a noticeably stronger income effect for males than for females (some-
thing probit cannot detect without an interaction being pre-specified by the researcher).

The most interesting disagreements between the two models appear in the tails of the covariates;
in the youngest and oldest respondents and in the lowest- and highest-income households. In these
regions, BART’s flexibility allows it to capture nonlinearities and interactions that probit misses,
highlighting how model choice can influence the resulting WTP estimates, especially where the
underlying relationships are more complex.

Another powerful benefit of our BART model is its ability to quantify uncertainty. One way to
illustrate this ability is shown in Figure 10, which shows what we call our WTP envelope. Using
empirical CDFs, we calculate a WTP curve for each MCMC iteration r=1,...,5,000. These curves
are illustrated in the left panel of Figure 10. Then, at each unique probability threshold, we calculate
not only the posterior median, but also the 5% and 95% quantiles (90% credible interval); these qua-
ntiles are summarized in the right panel. Suppose we are interested in the price at which 50% of
respondents would be willing to pay for this fund. Our best estimate of this price is $587, but there is
a 90% posterior probability that this number lies between $490 and $687. This can be compared to
the Bayesian probit-based curve, for which the best WTP estimate is $638 ($562, $720). BART sug-
gests an average WTP that is $51, or 8%, smaller. This particular curve could be of great interest to,
for example, a nonprofit organization attempting to calculate how much revenue they might collect
at a given donation amount. BART is able to make WTP projections without imposing distributional
assumptions on the functional form. These WTP projections are lower than those implied by the
probit model. As demonstrated in the simulation study, when probit assumptions are violated, these
models can be sensitive to functional form misspecification.

4 | CONCLUSION

In this study, we introduce the BART model to estimate WTP using CV data. Using a simulation
exercise, we show how BART compares with well-known parametric models such as probit when
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the data-generating process is simple. When the data-generation process becomes more complicated,
BART performs more consistently, compared not only to probit but to other non-parametric models
such as RFs and NNs. Using a proposed invasive species mitigation fund in Hawai‘i as an empirical
example, we show that BART generates reasonable individual-level WTP estimates with individual-
level precision unavailable from traditional parametric estimators. Moreover, BART automatically
produces heterogeneity in estimates based on a full suite of sociodemographic and attitudinal
covariates. The ability to capture such heterogeneity may be useful when conducting benefit—cost
and distributional analyses.

Our proposed methodology comes with limitations. First, we rely on smoothing to ensure that
the probability of acceptance decreases with increasing bid amount. This is an intervention
that parametric models would not require. Second, BART does require slightly more computing time
than a simpler tree-based method such as RFs. In addition, the second-stage WTP computations are
slightly more involved when applied to MCMC samples rather than point estimates.

Our model paves the way for a number of different extensions. One such extension involves
quantifying individual-level error variability. While our proposed method quantifies parameter and
demographic-based variability, we do not fully quantify random individual-level error variability. Sec-
ond, we quantify systematic variability in WTP attributable to demographic differences but we are
unable to identify error variability on the WTP scale without imposing constraints. One could con-
struct a semi-parametric BART model by enforcing linearity on the bid input. Obtaining good esti-
mates of not only WTP, but all sources of the error variability of WTP, would allow researchers to
more realistically represent the entire distribution of WTP of a sample.

Opverall, the results of this study show promise for a new set of estimators that can estimate WTP
with more precision. Unlike traditional approaches, nonparametric models follow a data-driven
approach by not requiring the researcher to pre-specify key functional forms relating WTP to demo-
graphics. As computational resources become increasingly available, and Bayesian methodology
becomes more accessible, methods like BART offer a practical alternative for estimating WTP.
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