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A B S T R A C T

This paper provides a utility-theoretic framework for allocating a budget across multiple environmental projects 
with uncertain outcomes. We utilize portfolio theory to derive the price of a risk (i.e., variance) reduction, then 
we estimate willingness to pay for the same risk reduction by analyzing stated preference data using a mean- 
variance specification for utility. The welfare-maximizing budget allocation is determined by equating price 
and willingness to pay. We use our framework to make two points. First, the welfare gains from a diversified 
environmental policy (i.e., one composed of multiple environmental projects) depend on society’s willingness to 
pay for policy risk reduction and the price of a risk reduction determined by the covariance between projects. In 
an application to salmon restoration in Maine, we find that the welfare gains from policy diversification are equal 
to 5 % of society’s willingness to pay for salmon restoration overall. In addition, failing to account for aversion to 
outcome variance may lead to underestimates of willingness to pay for environmental projects and over- 
investment in the riskiest projects. Failing to account for aversion to variance in the number of salmon un
derestimates the welfare associated with salmon restoration by over 80 % and funnels all restoration into the 
watershed where successful restoration is most uncertain.

The adoption of environmental policies imposes costs on society in 
exchange for a social return in the form of a stream of benefits such as 
improved health outcomes or reductions in a pollutant. However, these 
benefits are highly uncertain due to poor understanding of the bio
physical processes connecting environmental policies to outcomes and 
the inherent stochasticity of natural processes (Pindyck, 2007). Further, 
policy implementation implies choosing among several candidate pro
jects each with a different level of risk and return. Examples include 
allocating pollution control across multiple point sources, catch limits 
for multiple fisheries, and habitat restoration across multiple sites. Risk 
aversion implies that the project that generates the highest expected 
return may not always be preferable if it is also relatively risky. Further, 
if the benefits of projects covary, risk can be reduced (i.e., diversified) 
with a policy portfolio whereby multiple projects receive investment 
instead of investing in a single project. This paper develops a novel 
utility-theoretic framework for allocating investments across multiple 
uncertain environmental projects and uses that framework to provide 
the first estimates of welfare gains from risk diversification in environ
mental policy.

Our framework extends and synthesizes two veins of the environ
mental economic literature: the growing body of portfolio theory ap
plications to environmental management and the non-market valuation 
literature on valuing environmental projects with uncertain outcomes. 
Portfolio theory formalizes the notion that overall risk—measured by 
variance—can be reduced by holding multiple uncorrelated assets in a 
portfolio (Markowitz, 1952). In the context of environmental manage
ment, it has been applied to inform forest management (Crowe and 
Parker, 2008), fisheries (), wetland conservation (Ando and Mallory, 
2012; Shah and Ando, 2015; Vinent et al., 2019), and marine spatial 
planning (Halpern et al., 2011) and water management (Leroux and 
Martin, 2016; Leroux et al., 2018; von Eiff and Pommeret, 2021; von Eiff 
et al., 2023; Leroux et al., 2022).1 Most of these applications assume the 
asset composition of the portfolio is static. However, a handful of ap
plications (e.g., Leroux et al., 2022) identify an optimal dynamic port
folio that jointly optimizes the consumption path from a portfolio of 
assets with stochastic returns and the asset composition (weights) of the 
portfolio over time (Merton, 1969, 1971).

Ando et al. (2018) evaluated 26 environmental MPT applications to 
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explore the circumstances under which diversification was an effective 
strategy to mitigate risk. Using curvature of the efficient frontier as the 
primary metric for diversification potential, they showed that diversi
fication is most effective in three cases: (1) when multiple assets are 
negatively correlated across the risk domain; (2) when the two highest 
return assets have similar expected values; and (3) when multiple assets 
carry low risk. While this work identifies the price of risk diversification 
(i.e., the foregone return), it does not estimate the benefits, measured by 
society’s willingness to pay for risk diversification. To determine the 
optimal level of diversification, previous environmental applications 
have either utilized a simple criteria like maximizing the return/risk 
ratio (Halpern et al., 2011), assumed a risk aversion parameter (Vinent 
et al., 2019), or calibrated a risk aversion parameter from data on 
resource management decisions (Leroux and Martin, 2016; Leroux et al., 
2018). We extend this literature by showing how commonly used choice 
experiments can be used to estimate the degree of risk aversion, identify 
a welfare-maximizing portfolio, and estimate the welfare gains from risk 
diversification.

The non-market valuation literature has shown that treating risky 
outcomes as certain within a valuation task can lead to can lead to 
empirical value estimates that do not reflect ex ante welfare change 
under uncertainty since individuals often require a risk premium when 
purchasing risky assets (Johnston et al., 2017).2 A growing number of 
stated preference studies, therefore, present respondents with a proba
bility of policy success (or failure) (e.g., Roberts et al., 2008; Glenk and 
Colombo, 2013; Bartczak et al., 2015; Rolfe and Windle, 2015; Mak
riyannis et al., 2018; Faccioli et al., 2019; Meles et al., 2023). The social 
value of these uncertain environmental policies (measured by society’s 
willingness to pay for them) is driven by society’s preferences for risk 
and reward which govern tradeoffs between the policy’s expected ben
efits and the variance over those benefits (Pindyck, 2014). Of the 
empirical models appearing in the literature, however, most are linear in 
attributes and do not include a measure of the outcome variance, 
implicitly ignoring the risk-return tradeoffs implied by risk aversion.3

An exception is Holzer and McConnell (2017) who specify and esti
mate different models of constant absolute risk aversion (CARA) to es
timate welfare associated with recreational fishing trips. We build on 
Holzer and McConnell’s work by showing how CARA utility functions 
generate risk preferences consistent with mean-variance utility (i.e., 
individuals have preferences for the mean and variance of policy out
comes). We then use our mean-variance utility framework to show that 
failing to account for an individual’s aversion to variance in the policy 
outcomes will often lead to underestimates of the willingness to pay for 
the project and over-investment in the riskiest environmental projects. 
One advantage of our mean-variance approach is that it allows for direct 
estimation of risk preferences from commonly used choice experiments.

To illustrate, we use data from a choice experiment designed to elicit 
preferences for restoring Atlantic salmon habitat in the state of Maine, U. 
S. Atlantic salmon have been an endangered species since 2000. 
Ongoing and future recovery efforts are expensive (NOAA, 2019) and 
subject to a high degree of outcome uncertainty (Mills et al., 2013). We 
present respondents with choices between hypothetical restoration 
scenarios consisting of an estimate for salmon carrying capacity along
side a probability that salmon will utilize the new habitat. Consistent 
with much of the existing empirical literature, we first model the data by 
specifying utility over the expected number of salmon only. We then 
include the implied variance. A likelihood ratio test indicates that the 
model that includes variance fits the data significantly better. We find an 

average WTP of $21.50 to reduce outcome variance by 1000 salmon, 
holding the expected number of salmon constant. The commonly-used 
choice model that ignores variance underestimates the welfare associ
ated with restoration in each of the Maine watersheds we consider by 
over 80 %. This supports the theoretical conclusion of Pindyck (2014), 
which shows that risk aversion implies bias associated with policy an
alyses based on expected return only.

Next, we estimate the expected number of salmon and the associated 
risk (variance) resulting from habitat restoration in six Maine water
sheds by pairing a habitat model with historic annual salmon counts. 
Considering each watershed as a potential restoration asset, we utilize 
MPT to identify the restoration portfolios (i.e., budget allocations across 
the six watersheds) that maximize return for each level of risk. These 
efficient portfolios form a frontier, the slope of which indicates the 
‘price’ of reducing risk. We use results from the choice experiment to 
estimate mean-variance indifference curves, which represent willing
ness to pay for a risk (variance) reduction. We then identify the welfare- 
maximizing restoration portfolio (i.e., the amount of the budget allo
cated to each watershed) by the tangency condition where marginal 
willingness to pay equals the price of reducing risk. We find a welfare 
improvement associated with diversifying restoration across two wa
tersheds (Penobscot and Maine Coastal) compared to concentrating 
solely on the watershed with the highest expected return (Penobscot). 
Specifically, about 5 % of the welfare from salmon restoration ($25.04) 
can be attributed to the value society holds for reducing the riskiness of 
salmon restoration. We also find that a common risk diversification rule- 
of-thumb (i.e., evenly divide the restoration budget across all water
sheds) reduces welfare by nearly 40 %.

1. Policy portfolio based on risk, return, and willingness to pay

A manager is given a fixed budget to implement a policy. A policy is 
an allocation of a fixed budget across multiple projects with uncertain 
returns. Projects might be, for example, various pollution controls at a 
point source or possible sites for wildlife habitat restoration, and a policy 
might be an allocation of pollution control expenditures across point 
sources or an allocation of habitat restoration funds across restoration 
sites. Let N denote the manager’s choice set of projects. The expected 
return of project i ∈ N is μi, and the variance of the return of that project 
is σi

2. The variance reflects the degree of uncertainty in project returns. 
This uncertainty could arise from unexpected changes in economic, 
political, and environmental factors that influence project returns over 
the long term.

Thus, policies are portfolios of projects that a manager chooses to 
invest in. The expected return and risk (variance) of this policy portfolio 
depends on how the budget is allocated, defined as a vector of weights, 
wi that represent the proportion of the fixed budget allocated to project i. 
A project is included in the policy if 0 < wi ≤ 1 and excluded from the 
policy when wi = 0. Our approach is fundamentally static in that the 
weights do not change over time. If economic, political, or environ
mental dynamics are critical for understanding project returns (and if 
the data is available to confidently specify these dynamic processes), a 
dynamic MPT approach can be applied to produce time-varying port
folio weights (e.g., Leroux et al., 2022).

Expected policy return is the weighted sum of the individual project 
returns: μ =

∑
iwiμi. Policy variance is the weighted sum of individual 

project standard deviations and covariances: σ2 =
∑

i(wiσi)
2
+

∑
i
∑

j
(
wiwjCOVij

)
=

∑
i(wiσi)

2
+

∑
i
∑

j
(
wiwjσiσjρij

)
, where COVij is the 

covariance of projects i and j, σi is the standard deviation of the return 
from project i and ρij is the correlation between projects i and j. Hence if 
the returns are less than perfectly correlated (ρij < 1), a portfolio of the 
projects will have a lower variance than either of the projects 
individually.

The covariance between projects implies a tradeoff between risk and 
return. A manager could choose to allocate the entire budget to the 

2 There are several other reasons risk may lead to biased welfare estimates 
including a respondent’s subjective beliefs, an anchoring effect when re
spondents are unsure of the true value they place on environmental amenities, 
and ineffective communication of risks in stated preference questionnaires.

3 de Palma et al. (2008) provides a review of discrete choice models under 
uncertainty.

B. Blachly et al.                                                                                                                                                                                                                                 Ecological Economics 239 (2026) 108750 

2 



project that provides the largest expected return. Alternatively, the 
manager could choose to allocate part of the budget to projects that are 
not perfectly correlated or are negatively correlated with the project 
with the highest expected return. A policy portfolio composed of several 
projects will have a lower return but will also be less risky than a policy 
portfolio composed of the single high-return project. A well-known 
result from the portfolio theory literature is that this risk-return trade
off can be represented by a concave frontier in μi - σi

2 space (Merton, 
1971).

The MPT approach identifies this frontier by finding weights w that 
maximize expected returns, μ, for a given level of risk or minimize risk 
for a given level of expected returns: 

minwTΩw (1) 

subject to the policy budget being fully allocated (
∑

iwi = 1) and 
E[μ]Tw = μ where w is a vector with elements wi, Ω is the covariance 
matrix of project returns, μ is an exogenously determined target return 
for the policy, and E and T are expectation and transpose operators 
respectively. The location and curvature of the policy frontier can be 
found by solving the problem in Eq. (1) for each μ within a discretized 
interval. We represent this policy frontier as μ = Y

(
σ2) where Yʹ > 0 and 

Yʹ́ < 0. Fig. 1 shows a hypothetical frontier. Policies that are to the right 
of this frontier are inefficient in that an alternative budget allocation 
could provide a higher expected return for the same level of risk (or the 
same expected return at a lower level of risk). Policies to the left of this 
frontier are not possible given the risk and return of the individual 
projects. The policy furthest right on the frontier allocates the entire 
budget to the project with the highest expected return. All other port
folios on the frontier are diversified in that they achieve a lower level of 
risk by allocating a portion of the budget to projects that are not 
perfectly correlated or negatively correlated.

1.1. Welfare-maximizing portfolio choice

While MPT can identify the frontier of preferred policy portfolios, it 
cannot identify the welfare-maximizing policy on the frontier. In 
financial applications of MPT, the optimal portfolio is often identified as 
the portfolio where the Capital Market Line (CML) is tangent to the 
efficient frontier. This approach makes it possible to identify a single 
optimal portfolio along the frontier without knowing the underlying 
utility function and risk preferences (Sharpe, 1964). We do not adopt 
this CML approach for two reasons. First, the CML implies the manager 
is willing and able to shift investment from environmental projects to 
risk- free assets, such as a U.S. Treasury bond or investments in 
well-diversified portfolios of assets other than environmental projects. 
This is typically not the case for environmental managers who are 
obligated to spend their budget exclusively on environmental projects. 
Second, the CML approach does not identify welfare-maximizing port
folios and thus cannot be used to identify the welfare benefits of 

diversification.
To identify the welfare-maximizing policy portfolio, we must assume 

that the manager has preferences for the mean and variance of the return 
generated from the policy portfolio. There are many reasons to believe 
that decision makers may be averse to variance. For example, more 
variable wildlife populations may lead to population collapse. Tempo
rary high pollution concentrations can be as important for determining 
health impacts as long-run averages. Furthermore, government agency 
officials may be concerned that variability in wildlife populations or 
pollution levels may anger constituents and potentially lead to loss of 
their job.

We use a mean-variance utility function (Tobin, 1958) that gives the 
manager’s random future real wealth W = μ+ σZ, where Z is a stan
dardized random variable with density fZ(z). The manager has prefer
ences over the risk and expected return of the policy portfolio. If the 
manager is risk averse, these preferences can be represented by upward- 
sloping indifference curves in μi - σi

2 space. To capture these risk pref
erences, the manager’s expected utility is expressed as an indirect utility 
function 

EU(W) = V(μ, σ) =
∫∞

− ∞

U(μ+ σz)fZ(z)dz (2) 

with indifference curves that are upward sloping (Tobin, 1958).4 Pref
erences for the mean and variance of the return generated from the 
policy portfolio is consistent with expected utility theory in three cases: 
1) when the return distribution is normal, 2) when the underlying utility 
function is quadratic, and 3) for small risks.

When the distribution of returns is normal, expected utility is only a 
function of mean and variance. Consider, for example, an absolute risk 
aversion utility function u(x) = 1 − exp( − αx), where x is the return 
from the policy portfolio and α > 0 is the coefficient of absolute risk 

aversion. If x ∼ N
(
μ, σ2), expected utility is E[u] = 1 − exp

[

− αμ + α2σ2

2

]

since the certainty equivalent is μ − ασ2/2.
When the underlying utility function is a quadratic function of the 

return, such as u(x) = x − bx2 with b < 0, taking the expected value 
yields E[u] = E[x] − bE

[
x2].5 The variance of random variable x is σ2 =

E[x − E(x) ]2, which can be rearranged to show that E
[
x2] = σ2 +

(E[x] )2. Substituting that expression for E
[
x2] in the expected utility 

function, and rewriting E[x] as μ yields: 

E[u] = E[x] − bE
[
x2] = μ − b

(
σ2 + μ2) (3) 

Thus, quadratic utility implies that expected utility is solely a func
tion of the mean and variance of x regardless of the distribution of x.

When risks are small, the second order (local) Taylor series 
approximation of the von Neuman Morgenstern (VNM) utility function 
around the expected value is 

u(x) = u(μ)+ uʹ(μ)(x − μ)+ uʹ́ (μ) (x − μ)2

2
(4) 

with expected utility 

E[u(x) ] = u(μ)+ uʹ́ (μ)E(x − μ)2

2
= u(μ)+ uʹ́ (μ) σ2

2
. (5) 

= )

Fig. 1. Optimal policy portfolio w* allocates the budget to equate society’s 
marginal rate of substitution between risk and return and the marginal rate of 
transformation between risk and return.

4 The convexity of the indifference curves holds only if risk is measured in 
terms of standard deviation. In the (σ2,μ)-plane, the indifference curves are still 
upward sloping but may have either curvature.

5 Many objections to the use of quadratic utility such as the implicit 
assumption of increasing absolute risk aversion are predicated on assuming a 
quadratic function of wealth instead of return. See Levy and Markowitz (1979)
for details.
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If the individual is risk averse, uʹ́ (μ) < 0, and expected utility de
creases with variance. Thus, any expected utility function can be 
approximated as a function of mean and variance only. Using data on 
mutual fund returns, Levy and Markowitz (1979) show that these ap
proximations are quite good for a broad class of utility functions. 
Regardless, a second-order approximation may be necessary since it is 
unlikely that resource managers will accurately perceive higher mo
ments of the distribution of project returns or that data will accurately 
reflect their perceptions of these higher moments (Bockstael and Opa
luch, 1983).

Thus, the manager chooses how to allocate the budget to maximize 
her expected utility: 

max
w1 ,w2 ,…,wN

∫∞

− ∞

U(μ+ σz)fZ(z)dz (6) 

subject to the restriction that the resulting policy portfolio must lie on 
the frontier: μ = Y(σ).6 The welfare-maximizing policy portfolio w* =
[
w*

1,w*
2,…,w*

N
]

is defined by the tangency between the policy frontier 
and the mean-variance indifference curve, shown in Fig. 1. At this point 
of tangency, society’s marginal willingness to pay for reducing policy 
risk equals the price of reducing risk (i.e., society’s marginal rate of 
substitution between risk and return equals the marginal rate of trans
formation between risk and return).

1.2. The welfare gains from diversified environmental policies

Fig. 1 illustrates how our mean-variance approach can be used to 
estimate the welfare gains from risk diversification. Because the indif
ference curve at w* lies above the indifference curve with the entire 
budget allocated to the highest-return project (i.e., the portfolio at the 
far right on the frontier in Fig. 1), risk diversification generates welfare 
gains, measured as the difference in welfare implied by these two 
indifference curves. The welfare gains from risk diversification depend 
on the manager’s willingness to pay for a risk reduction captured by the 
slope of the indifference curve. If the manager is not willing to pay for a 
risk reduction, the indifference curves in Fig. 1 would be flat, and the 
point of tangency would be on the far right of the frontier. In such a case 
there would be no welfare gains from risk diversification and the 
welfare-maximizing portfolio would only be composed of the high risk – 
high return project.

2. Estimating mean-variance indifference curves via choice 
experiments

As illustrated in the theoretical model in the previous section, the 
optimal policy portfolio and the welfare gains from risk diversification 
depend on the willingness to pay for a reduction in the variance asso
ciated with a portfolio of environmental projects. We propose using 
choice experiments to incorporate these risk preferences into portfolio 
theory. Choice experiments represent an attractive alternative to stan
dard risk elicitation techniques such as Holt-Laury lottery menus which 
are typically used in the lab and incentivized to “control” for risk atti
tudes when analyzing the game of interest. If risk attitudes are context 
dependent (e.g., people are more willing to take on risk in a comfortable 
setting), the lab scenario may be a poor proxy for the habitat 

conservation decision of interest. While Holt-Laury lottery menus could 
be presented in a stated-preference survey to address concerns about 
context dependency, this raises two additional concerns. First, Holt and 
Laury (2002) compare risk elicitation in revealed and stated preference 
settings and find they diverge for large-stakes. Second, Holt-Laury ex
periments in a survey setting can be difficult to grasp since they force 
respondents to visualize the idea of making a series of choices but only 
having one of them ‘count’. While randomization in a laboratory setting 
is straightforward, it is more challenging in a survey setting.

However, our theoretical model also reveals that standard empirical 
models employed in the choice experiment literature may undervalue 
risk diversification. Split sample studies have demonstrated that choice 
experiment respondents prefer certain outcomes to uncertain outcomes 
with the same expected value (e.g., Faccioli et al., 2019; Roberts et al., 
2008; Rolfe and Windle, 2015). These studies typically present a 
respondent with an outcome, x, alongside π, the probability that x will 
occur. Usually, x and π are separate attributes in the choice experiment, 
with their levels varying independently according to an experimental 
design. Modeling proceeds by specifying a functional form for utility 
based on assumptions about how respondents utilize and respond to the 
risk information (Glenk and Colombo, 2013; Wu et al., 2021). Most 
common is to assume respondents calculate the expected value of each 
alternative, which then enters the utility function linearly (i.e., the 
“mean only” model): 

Ua = β0μa + εa (7) 

where Ua is the utility associated with alternative a, μa = πaxa is the 
expected value of attribute x in alternative a, and β0 is a parameter to be 
estimated representing the marginal utility of an increase in expected 
value. The common “mean only” empirical specification rules out risk 
aversion over attribute levels and implies flat rather than the upward 
sloping indifference curves in mean-variance space needed to generate 
welfare gains from risk diversification (see Fig. 1).

Another approach is to capture ‘direct (dis)utility from risk’ by 
estimating separate coefficients for xa and πa. The direct disutility model 
often performs better in terms of model fit, but it lacks a theoretical 
foundation and thus has limited value for welfare analysis. A more 
limited number of studies have employed models allowing for nonlinear 
probability weighting by estimating the parameters of a weighting 
function (e.g., Roberts et al., 2008; Glenk and Colombo, 2013). How
ever, it is not clear how to proceed with welfare analysis when using a 
probability weighting function (Holzer and McConnell, 2017). Regard
less, neither of these empirical specifications can guarantee the upward 
sloping indifference curves in mean-variance space needed to generate 
welfare gains from risk diversification.

While variance in attribute levels will lower expected utility via the 
concavity of the utility function, linear utility specifications are incon
sistent with risk aversion over income and commodity bundles (Hanoch, 
1977; Holzer and McConnell, 2017). To illustrate, consider a choice 
experiment with standard expected utility framework and for which 
x1 > x2 represent the good and bad outcomes: 

EU = πU(x2)+ (1 − π)U(x1) (8) 

Var[U] = π[U(x2) − EU ]
2
+(1 − π)[U(x1) − EU ]

2 (9) 

While increases in the probability of the good state always increase 
expected utility, the relationship between probability and variance is 
nonmonotonic.7 Thus, controlling for the expected value and probability 
in choice experiments may not capture individual risk preferences if 

6 Research on risk preferences in environmental contexts has shown that 
individuals often behave more in accordance with prospect theory than with 
expected utility theory (Riddel, 2012; Bartczak et al., 2015). In a financial 
setting, Levy and Levy (2004) find that one can employ mean-variance opti
mization to construct portfolios consistent with prospect theory. In an envi
ronmental application, Shah and Ando (2015) utilize downside risk measures to 
construct portfolios more consistent with behavior implied by portfolio theory.

7 The relationship between the probability of the good state, 1-π, and the 
variance in utility is hump-shaped such that increases in the probability in
crease variance when that probability is low but decrease variance when that 
probability is high.
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individuals are averse to variance in the policy outcomes.8

In contrast, a “mean-variance” empirical model would include 
variance as an additional explanatory variable. For example, consider 
the empirical model derived from the quadratic utility in Eq. (3): 

Ua = β1μa + β2
(
σ2

a + μ2
a
)
+ εa (10) 

where σ2
a is the variance of x in alternative a. Risk aversion implies that 

β2 < 0. If β2 = 0, implying risk neutrality, the mean-variance model 
collapses to the mean only model. If choice experiment respondents are 
risk averse, the mean only model in Eq. (7) is misspecified and resultant 
welfare estimates will be biased. To predict the direction of the bias, 
consider 

(
σ2

a + μ2
a
)

as an omitted variable from the mean only model in 
Eq. (7). We expect β2 < 0 (i.e., risk aversion) which suggests the omitted 
variable will lead to an overestimate of welfare. However, positive 
correlation between μa and the omitted variable 

(
σ2

a + μ2
a
)

suggests that 
β0 < β1.9

The effect of omitted variable bias on welfare estimates is an 
empirical question, since it depends on the relative magnitudes of β0 
(from Eq. (7)), β1 and β2 (from Eq. (10)), and σ2

i . Thus, the mean only 
model implies no welfare gains from risk diversification, encourages 
over investing in the most risky projects, and may overestimate the 
welfare from environmental projects if individuals are averse to the 
variance in project returns. To investigate the size of this bias and 
demonstrate the applicability of our mean-variance approach, we now 
turn to an application of our model to habitat restoration.

3. Application: habitat restoration in Maine

In December 2000, Gulf of Maine Atlantic salmon became officially 
listed as an endangered species. As a diadromous species, their lifecycle 
requires migration between fresh and saltwater habitat. The decline of 
Atlantic salmon is generally attributed to the extensive damming of 
Maine rivers, overfishing, climate change, and increased ocean mortal
ity (Limburg and Waldman, 2009).

Recovery efforts focus on increasing abundance of salmon through a 
system of conservation hatcheries and enhancing survivability by 
improving river habitat connectivity and quality via dam removal 
(NOAA, 2019). Due to the multiple pressures facing Atlantic salmon, and 
the poor understanding of ocean mortality drivers, recovery efforts have 
proven challenging and results cannot be guaranteed (Mills et al., 2013). 
At the same time, recovery is expensive. Recovery costs are estimated at 
$24 million annually, of which just $8.6 million is currently funded 
(NOAA, 2019). The combination of recovery expense, budget shortfall, 
and outcome uncertainty provide an ideal context for our analysis of 
preferences for environmental risk and return.

3.1. Ecological data and the portfolio frontier

The first step in deriving the portfolio frontier is to define the 
restoration projects and quantify the return measure. We define projects 
as watersheds in Maine that are currently or were historically utilized by 
Atlantic salmon for spawning habitat. Investing in conservation and/or 
restoration of each watershed will have a return (expected future salmon 
population) and risk (variance of the expected outcome).10 To quantify 
risk and return, we begin with annual counts of salmon in each water
shed, then scale them based on historic habitat extent to generate a 
plausible time series of salmon in each watershed under full restoration. 
From the time series, we obtain the three necessary inputs to derive a 
portfolio frontier - mean and variance for each watershed, as well as the 
covariance between watersheds.

We obtained annual fish counts from the U.S. Atlantic Salmon 
Assessment Committee Annual Report (NOAA, 2020). The counts orig
inate from trapping operations run by state agencies and hydropower 
companies throughout New England rivers. Atlantic salmon counts are 
available for 2010–2019, and the complete time series exists for ten 
rivers. We aggregate counts by watershed (HUC8 level), yielding six 
projects (Fig. 2). The counts provide a reasonable proxy for the effect of 
multiple underlying risks on variation in the population, as well as the 
relationships between the impact of those risks in different watersheds 
(i.e., covariance between projects). However, they do not reflect the 

Fig. 2. Six watersheds in Maine are the potential projects (assets) in our 
restoration portfolio problem. Blue lines indicate the historic range of Atlantic 
salmon in each watershed. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

8 A risk premium (expected value minus the certainty equivalent) is consis
tent with variance as the appropriate measure of risk. However, a risk premium 
captures the WTP for eliminating risk and is therefore of little use when 
investigating changes in risk.

9 Although μ and σ2 are both determined by x and π, the non-monotonic 
relationship between μ and σ2 is such that they can be considered indepen
dent here. The positive correlation between μ and the omitted variable 

(
σ2 +

μ2) arises solely from the mathematical relationship between μ and μ2.

10 By defining return as the expected future salmon population, we implicitly 
assume that the cost of salmon restoration in each watershed is the same. This 
assumption may be accurate for restoration activities like hatchery develop
ment and stocking efforts which are likely similar across watersheds. However, 
this assumption may not hold for dam removal and modification which will 
depend on the unique dam configuration in each watershed. As more dam re
movals take place, estimates of the cost of dam removal in each watershed will 
improve allowing our biological return measure to be converted to a return on 
investment (ROI) that measures the expected future salmon per dollar invested 
in dam removal.
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restoration potential of each watershed.
To reflect restoration potential more closely, we scaled the annual 

counts based on the extent of historic Atlantic salmon habitat in each 
watershed. We utilized salmon habitat data obtained from an extensive 
effort to map the historic range of diadromous fish in Maine (Houston 
et al., 2007). We began the scaling with an estimate for the maximum 
number of Atlantic salmon that could be supported by full restoration of 
historic habitat in the Penobscot watershed (8000) from Blachly et al. 
(2023). We used the mean level for ‘likelihood that salmon will utilize 
newly restored habitat’ from the choice experiment (63 %) to estimate 
an expected salmon count for the Penobscot under complete restoration 
(8, 000× 0.63 = 5,040). Next, we divided by the length of historic 
habitat in the Penobscot to obtain an estimate for ‘expected salmon per 
unit of habitat’. Then, we multiplied by the amount of habitat in each 
watershed to obtain watershed-level expected salmon counts. This 
approach implies the expected salmon per unit habitat in each water
shed is based on the Penobscot watershed; the location of the most well- 
documented river restoration project in Maine.11 Scale factors for each 
watershed were derived by dividing the expected salmon counts by the 
mean values observed in the annual counts. The scale factors were then 
applied to each observation in the original time series.

Expected counts and standard deviations for each watershed in the 
first two columns of Table 2 provide a reasonable estimate of the com
bined effect of multiple sources of uncertainty in salmon populations 
under full restoration. For example, populations post restoration may be 
uncertain due to uncertainty in salmon fishing effort, natural variability 
in spawning habitat or ocean conditions, or the inability to predict 
whether salmon will utilize restored habitat. The Penobscot is a high 
risk, high return watershed while the Sheepscot is a relatively low risk 
watershed.

We used the Portfolio function in MATLAB to perform the optimi
zation in Eq. (1). The resulting frontier identifies allocations (weights) of 
the habitat restoration budget across watersheds that maximize the 
expected number of salmon for each level of risk (variance of the ex
pected outcome).

The frontier is presented in Fig. 3 (top). At one extreme, the high 
risk/return portfolio (point (a)) is achieved by allocating 100 % of the 
restoration budget to the single highest risk/return asset (the Penobscot 
watershed). It is possible to achieve lower variance (i.e., move to the left 
along the frontier) by shifting the restoration budget away from the 
Penobscot. The slope of the frontier indicates the amount of expected 
return that must be foregone to achieve a marginal reduction in vari
ance. In this way, one can think of the frontier as quantifying the price of 
reducing risk, which is dictated by covariance relationships within the 
ecological system. The concave shape of the frontier indicates that the 
price of a risk reduction increases as variance decreases until both risk 
and return are minimized (point (b)) by spreading the restoration budget 
across all six watersheds. If society is extremely risk averse (i.e., will
ingness to pay for reducing risk is very high) welfare will be maximized 
at point (b). On the other hand, if society is risk neutral (i.e., willingness 
to pay for the risk reduction is 0) welfare will be maximized at point (a). 
Between those extremes, some other budget allocation is optimal.

3.2. Preference data and choice modeling

To identify the welfare maximizing point on the frontier in Fig. 3, we 
utilized data from a choice experiment designed to elicit public prefer
ences for ecosystem service tradeoffs provided by dam removals, up
grades, and modifications in Maine. Over the course of three focus 
groups we determined the four most relevant ecosystem service end
points: Atlantic salmon habitat, river herring habitat, hydropower 

production, and recreation. We utilized fish habitat and hydrologic 
models to determine a feasible range for each attribute, chose discrete 
levels within each range, and used those levels to create a D-efficient 
design (Rose and Bliemer, 2009). Full design and implementation details 
can be found in the appendix and Blachly et al. (2023). In this paper we 
focus entirely on the risky attribute—Atlantic salmon.

Since Atlantic salmon recovery operations are inherently risky, 
presenting outcomes as certain would likely produce biased welfare 
estimates (Johnston et al., 2017). In addition to an attribute describing 
the number of salmon that can be supported by restored habitat, 
therefore, we introduced an additional attribute “likelihood that salmon 
will utilize newly restored habitat” (see Fig. 4). This is in line with the 
most common approach to outcome uncertainty in the literature, where 
a single outcome and its probability vary exogenously as attributes.12 To 
utilize the mean-variance modeling approach, we calculated the 

Fig. 3. Portfolio frontier (top panel) and the composition of each policy port
folio along the frontier (bottom panel). The portfolio that maximizes return 
(point a) represents 100 % allocation to the Penobscot. The portfolio that 
minimizes risk (point b) splits the budget across all six watersheds.

11 Completed in 2016, the Penobscot River Restoration Project involved 
decommissioning and removing two lower mainstem dams in exchange for 
increasing hydro capacity at an upstream dam.

12 However, Makriyannis et al. (2024) find that percentage probabilities may 
not provide useful information to stated preference respondents beyond that 
conveyed by past event frequencies.
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expected value and variance of the salmon outcome implied by each 
choice alternative.

We analyzed the choice experiment data within the standard random 
utility framework. We assume that respondents maximize their utility, 
so the probability that a particular respondent chooses alternative a is: 
Pa = Prob[Ua > Ub∀b ∕= a]. Further, we assume that utility contains 
observable and random components that are additively separable (Ua =

va + εa), and that the random components are independent and identi
cally distributed following an Extreme Value Type I distribution. This 
yields the familiar multinomial logit choice model (McFadden, 1973). 
We utilize two specifications for va (“mean only” and “mean-variance”), 
representing different assumptions about the risk preferences of re
spondents. Our baseline (“mean only”) model replicates the most com
mon approach to modeling uncertain choice experiment outcomes: 

va = βSQ + βsalmπaxsalma + βhydxhyda + βherxhera + βlakexlakea + βcostxcosta

(11) 

It assumes that respondents use the provided information about the 
carrying capacity of newly restored salmon habitat, xsalm, and the like
lihood that salmon will utilize the new habitat, π, to form an expectation 
of the outcome described by alternative a. To simplify comparisons with 
the mean-variance specification, we drop the a subscripts, write the 
expectation as μsalm (= π⋅xsalm), and collapse the remaining k attributes 
into a summation, so that Eq. (11) becomes: U = βsalmμsalm +

∑
kβkxk + ε.

Our mean-variance model requires an assumption about the speci
fication of the underlying utility function. The constant absolute risk 
aversion utility function u(xsalm) = 1 − exp( − αxsalm) requires that xsalm 

be normally distributed. To avoid imposing assumptions about the dis
tribution of xsalm, we follow the quadratic utility specification in Eq. 
(3)13: 

v = βsalmμsalm + βσ2

(
σ2

salm + μ2
salm

)
+
∑

k

βkxk (12) 

where μsalm = π⋅xsalm is the expected outcome of the choice alternative 
and σ2

salm = μsalm⋅(1 − π) is the associated variance of the choice alter
native. We estimate Eqs. (11) and (12) using mixed (random parameter) 
logit to account for the panel structure of the data and allow for indi
vidual taste heterogeneity. All parameters are assumed to follow normal 
distributions, except for βcost, which is held fixed. We perform likelihood 
ratio tests to determine if the models are significantly different in terms 
of fit.

Random parameter logit results for the two utility specifications are 
reported in Table 1. All coefficients are statistically significant and have 
the expected sign. Respondents derive positive utility from increasing 
habitat for Atlantic salmon (row 1) and river herring (row 4), while 
maintaining hydropower capacity (row 3) and avoiding reductions to 
lake shoreline (row 5). Generally, respondents prefer some new program 
to maintaining the status quo (row 6). The mean-variance specification 

Fig. 4. A sample choice set. The salmon and likelihood attributes combine to represent discrete distributions that can be described by a mean μsalm and variance σ2
salm.

13 Quadratic utility u(xsalm) = xsalm − bxsalm
2 implies utility declines when 

xsalm > 1/(2b). As we show in Fig. 6, this is not a major concern for our 
application since the vast majority of the probability density is in the region 
x < 1/(2b).
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(column 2) indicates diminishing marginal utility for salmon along with 
distaste for variance (row 2). Statistically significant standard deviation 
estimates for the random parameters indicate heterogeneous prefer
ences for hydropower, lake shoreline, and maintaining the status quo. 
On the other hand, insignificant standard deviation coefficients suggest 
preferences for river herring are more consistent across the sample. The 
preference heterogeneity for salmon present in column 1 disappears 
when we allow for risk aversion in column 2. One possible explanation is 
omitted variable bias in the mean-only model.

Results suggest that implied outcome variance is a significant driver 
of preferences. A likelihood ratio test confirms that the mean-variance 
specification (column 2) fits the data significantly better than the 
more common mean-only model in column 1 (p-value = 0.00). Several 
studies have measured the disutility associated with outcome variance 
(uncertainty) compared to zero variance (certainty) (e.g., Faccioli et al., 
2019), but to our knowledge model 2 is the first to treat variance as a 
continuous attribute, allowing an estimate of marginal disutility. The 
model implies marginal willingness to pay of $21.50 to decrease the 
variance of restoration outcomes by 1000 salmon, holding the mean 
level of salmon constant.

It is also informative to analyze preferences for the tradeoff between 
risk and expected return (i.e., risk preferences) as indifference curves in 
risk-return space. Fig. 5 shows the indifference curves implied from the 
responses to our choice experiment. The mean-only model in column 1 is 
linear in the risky attribute (salmon), implying risk neutrality and 
yielding flat indifference curves (Fig. 5 – left pane). The mean-only 
model assumes respondents hold no preferences over variance, so util
ity is strictly increasing in expected value, irrespective of variance. In 
contrast, the mean-variance model in column 2 produces upward 

sloping, convex indifference curves (Fig. 5 – right pane), implying risk 
aversion.14 Respondents will accept higher variance in the outcome of 
the restoration policy but only if they are compensated in the form of 
higher expected salmon populations. We turn next to the welfare im
plications of analyzing mean and variance jointly.

3.3. Welfare implications

To generate welfare estimates for uncertain salmon restoration sce
narios in Fig. 4 we follow Hanemann (1984): 

CS = −
1

βcost

[

ln
∑

n
expv1

n − ln
∑

n
expv0

n

]

(13) 

where CS is the compensating surplus welfare measure and v0
n and v1

n are 
the nth respondent’s indirect utility before and after restoration, 
respectively. For these calculations, we hold levels of the other attributes 
constant between v0 and v1 to focus on the impact of salmon risk and 
return. Results suggest that the mean-only model underestimates the 
average respondent’s welfare associated with uncertain salmon out
comes compared to the mean-variance specification. Columns 3 and 5 in 
Table 2 show that the underestimation of welfare by the mean-only 

Table 1 
Mixed logit results.

Mean only Mean-variance

Means of random parameters

μsalmon 0.149*** 1.285***
(0.421) (0.239)

μ2, σ2
salmon − 0.129***

(0.026)
Hydropower 0.013*** 0.013***

(0.003) (0.003)
Herring 0.068*** 0.085***

(0.021) (0.023)
Lakes − 2.042*** − 3.240***

(0.472) (0.565)
Status Quo − 1.772*** − 1.258***

(0.421) (0.473)

Standard deviations

μsalmon 0.143** 0.061
(0.071) (0.081)

μ2, σ2
salmon 0.001

(0.012)
Hydropower 0.013*** 0.012**

(0.004) (0.005)
Herring 0.013 0.008

(0.030) (0.032)
Lakes 2.400*** 2.587***

(0.541) (0.516)
Status Quo 4.903*** 4.924***

(0.591) (0.600)

Fixed parameters

Cost − 0.006*** − 0.006***
(0.001) (0.001)

LL − 767.3 − 755.2
AIC 1556.6 1536.4
Pseudo-R2 0.3916 0.4012

Notes: N = 1148 observations across 197 individuals. Random parameters follow normal distributions.

14 The mean-variance indifference curve for the absolute risk aversion utility 
function u(x) = k − exp( − αx) is μ = α

2σ2 −
ln(1− k)

α . Thus, the upward sloping 
indifference curves produced from the quadratic utility function are consistent 
with the absolute risk aversion utility function with a positive risk aversion 
coefficient α > 0.
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model occurs in each of the six Maine watersheds and varies from 
$160.99–$25.80 = $135.19 (Androscoggin) to $437.23–$80.24 =
$356.99 (Maine Coastal).

Consider a hypothetical habitat restoration project to support 4000 
additional salmon with an unknown probability of success (Fig. 6 – left 
pane). As probability of success increases from 0 % to 50 %, expected 
value and variance increase. From 50 % to 100 %, however, expected 
value continues to increase while variance decreases. The mean-only 

model (red lines) underestimates welfare compared to the mean- 
variance model (blue lines) across the full range of probabilities, espe
cially at the high end where expected value is high but variance is low. 
As illustrated in our theoretical model, the mean-only model suffers 
from omitted variable bias. Failing to control for changes in salmon 
variance depresses the marginal effect of salmon means resulting in a 
downwardly biased estimate for the coefficient on μsalm. This effect is 
larger than the effect of the negative coefficient on μ2

salm + σ2
salm. When 

Fig. 5. Mean-variance indifference curves derived from responses to our choice experiment using the mean-only model (left) and the mean-variance model (right).

Table 2 
Expected return, risk (SD), and welfare estimates for individual watersheds and the optimal policy portfolio.

Mean only model Mean-variance model

HUC 8 
Watershed

E 
[Salmon]

SD Average welfare 
($/person)

Optimal restoration 
budget allocation

Average welfare 
($/person)

Optimal restoration 
budget allocation

Simple diversification 
budget allocation

Androscoggin 1039 1335 25.80 0 160.99 0 1/6
Kennebec 1881 1563 46.71 0 274.25 0 1/6
Maine Coastal 3231 1187 80.24 0 437.23 0.39 1/6
Penobscot 5040 1679 125.16 1 472.66 0.61 1/6
Saco 1177 1486 29.23 0 174.81 0 1/6
Sheepscot 1243 541 30.87 0 226.70 0 1/6
Portfolio E[Salmon] 5040 4326 2268
Portfolio SD 1679 1109 526
Portfolio 

Welfare
125.16 497.70 363.88

Fig. 6. Average welfare of (left) restoring habitat to support 4000 salmon with increasing probability of success; and (right) restoring habitat expected to support 
4000 salmon holding probability of success at 0.50 while increasing variance via a mean-preserving spread under the mean-only (red lines) and mean-variance (blue 
lines) utility models. Gray shaded areas indicate 95 % confidence intervals. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.)
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respondents are averse to variance, a mean-only model that fails to 
control for that variance will underestimate welfare.

The mean-variance model also implies that it is theoretically possible 
for a scenario with positive expected value to produce negative welfare 
if variance is sufficiently large. Thus, the observed underestimation of 
welfare produced by the mean-only model may dissipate when outcome 
variance is high. Consider another situation where habitat restoration is 
expected to support 4000 additional salmon with increasing variance (i. 
e., a mean-preserving spread) (Fig. 6 – right pane). The mean-only 
model produces a constant welfare estimate regardless of variance, 
while estimates from the mean-variance specification decrease with 
variance due to risk aversion. Results show, however, that the mean- 
only model produces significantly lower welfare estimates even when 
salmon returns are over-dispersed (variance/mean ratio > 1). We 
conclude that the mean-only model will underestimate welfare for all 
reasonably dispersed salmon outcomes.

3.4. Policy portfolio choice and welfare gains from diversification

We utilize our empirical measure of risk preferences (i.e., mean- 
variance indifference curves derived from the choice experiment) to 
identify the welfare-maximizing policy portfolio (Table 2 Columns 4 and 
6). Results indicate that society is willing to sacrifice some expected 
return to achieve lower risk. In particular, welfare is maximized by 
splitting the restoration budget between the Penobscot (61 %) and 
Maine Coastal (39 %) watersheds. The allocation results in expected 
annual salmon of 4326 with a standard deviation of 1109. At this point, 
marginal willingness to pay for reducing risk equals the price of the risk 
reduction dictated by the ecological system (i.e., the tangency condition 
is met) resulting in average welfare per person of $497.70.

In contrast, the flat indifference curves implied by the mean-only 
model suggest zero willingness to pay to reduce risk, which results in 
100 % of the restoration budget allocated to the Penobscot. Thus, 
omitting variance when estimating welfare for uncertain restoration 
policies has two effects: 1) it underestimates welfare associated with 
restoration in each watershed and 2) it redirects the restoration budget 
to the riskiest watershed. Comparing the optimal portfolio based on the 
mean-variance welfare estimates ($497.70) and the optimal portfolio for 
the mean-only welfare estimates ($125.16) provides an estimate of the 
overall bias that results from both of these effects.

The portfolio choice results indicate that social welfare is improved 
by shifting restoration away from the watershed with the highest ex
pected return (Penobscot) to the watershed with lower risk (Maine 
Coastal). Because salmon returns to the two watersheds are not perfectly 
correlated, splitting the restoration budget results in lower overall risk 
than could be achieved from investing in either individually. The wel
fare gains from a diversified salmon restoration policy are found by 
comparing the mean-variance welfare estimates for the optimal port
folio ($497.70) and the Penobscot-only portfolio ($472.66). Specifically, 
about 5 % of the welfare from salmon restoration ($25.04 = $497.70– 
$472.66) can be attributed to the value society holds for reducing the 
riskiness of salmon restoration.

The low value of risk diversification may be due to our application to 
salmon restoration. Because salmon spend most of their lives in the 
ocean, environmental variation that affects populations in one water
shed will likely affect them all. The result is a high covariance in salmon 
populations across watersheds. To investigate the implications of this 
aspect of salmon lifecycles, we lower each element in the covariance 
matrix by 50 % and calculate new optimal portfolio weights. The uni
form reduction in covariances would mimic a case where more envi
ronmental shocks take place in the rivers and less in the ocean. The 
results, provided in the appendix, suggest less but more valuable 
diversification. The lower covariance reduces the standard deviation 
associated with the portfolio weights in Table 2. Given the risk prefer
ences implied from the indifference curve, the resulting optimal port
folio places slightly more of the budget in the Penobscot and increases 

the portfolio welfare from $497.70 to $512.36. The welfare gains from a 
diversified salmon restoration policy increase to $39.70 (nearly 8 % of 
the welfare from salmon restoration). Because of the shared risks of 
anadromous species, we expect the value of diversification to be higher 
in other applications to habitat restoration.

Our welfare maximizing portfolio can also be used to estimate the 
welfare losses from employing a common diversification rule of thumb. 
Simple diversification evenly divides the budget across all assets to 
avoid the risk associated with investing in a single asset. A simple 
diversification strategy may also be adopted to promote equity if tax
payers oppose having federal conservation dollars focused on a single 
area. This simple diversification point rarely lies on the efficient frontier, 
resulting in efficiency losses often measured as the decrease in expected 
benefits for a given level of risk (Ando and Mallory, 2012). Table 2
shows the welfare losses when employing this simple diversification 
strategy. When the budget is evenly divided across all six watersheds 
(portfolio weights equal 1/6), the risk is much lower than the optimal 
portfolio. However, this lower risk comes at the expense of lower ex
pected return resulting in a lower average welfare per person of 
$363.88. Welfare is 37 % lower when using this simple diversification 
strategy. In our salmon restoration example, no diversification (i.e., 
investing only in the Penobscot) results in higher welfare than simple 
diversification cautioning against conservation strategies that overly 
diversify risk.

4. Conclusions

Environmental policy with limited budgets often requires choosing 
between many environmental projects. We present a framework for 
determining the welfare-maximizing funding allocation when the out
comes of these environmental projects are uncertain. We use the 
framework to show how welfare gains from a diversified environmental 
policy depend on society’s willingness to pay for reducing risk and the 
price of risk reduction, determined by the covariance between projects. 
To estimate the willingness to pay, we propose a mean-variance utility 
approach to analyze stated preference data that accounts for aversion to 
outcome variability and leverages a popular choice experiment format.

In an application to salmon restoration in Maine, we show that 
optimal diversification increases welfare by 5 % relative to no diversi
fication. However, a commonly used diversification rule-of-thumb re
sults in excessive diversification which lowers welfare by 37 %. While 
we present an application of our model to habitat restoration, our gen
eral approach can be used to identify welfare-maximizing budget allo
cations in other settings such as uncertain pollution control across 
multiple point sources and catch limits for multiple fisheries.

This study demonstrates the usefulness of a mean-variance model for 
choice experiment applications to risky environmental projects. Our 
mean-variance approach, which simplifies risky decisions to functions of 
the mean and variance only, may be especially useful for public land 
managers and non-profit managers who do not know the utility func
tions of their constituents. In these settings, mean-variance approxi
mations can provide investment strategies that almost maximize 
expected utility (Levy and Markowitz, 1979). However, our results are 
subject to several caveats which provide a roadmap for future work. 
First, the data we utilized did not come from a choice experiment 
designed for mean-variance analysis, necessitating strong assumptions 
about how respondents inferred variance from the simplified risk in
formation provided. Future work should study the credibility of this 
assumption beyond our test of model fit. This could be done by building 
variance into the experimental design, and split-samples could be used 
to test the relative effectiveness of different methods for conveying 
variance as both an implied and explicit attribute. Possible approaches 
for building variance explicitly into the experimental design have been 
explored in transportation (Li et al., 2010), flood risk (Makriyannis et al., 
2018), and species conservation (Gerling et al., 2024) contexts.

In addition, we note issues that arose from applying portfolio theory 
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in a restoration setting. Unlike traditional finance applications where 
the returns to individual assets are exogenous, restoration implies 
endogeneity (Loreau et al., 2021). That is, allocation of restoration ac
tivity (dam removal) to a particular asset (watershed) changes the ex
pected return (number of salmon) to that asset. In contrast, existing 
applications to large-scale conservation (e.g., Ando and Mallory, 2012; 
Vinent et al., 2019) are more akin to the finance case, where the port
folio return from conservation equals the current return weighted by the 
portfolio allocation. We chose to utilize the fully restored watersheds as 
our return measure, implying that any allocation of restoration would 
yield the fully restored expected outcome. More work is needed to 
incorporate ecological production functions for each asset into the risk- 
return optimization, reflecting the fact that individual asset returns are a 
function of portfolio weights. Finally, the welfare gains from diversifi
cation warrant further research, particularly to develop theory and 
generate evidence in a variety of settings.
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