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2. Conserving carbon: Evaluating term-limited conservation

programs

Abstract

I develop a structural model of the landowner decision to participate in a voluntary, term-limited

conservation program that constrains the timing of land use change. Allowing for re-enrollment

addresses a key literature gap in the evaluation of climate and conservation policy in forestry and

agricultural sectors. I focus on the policy objective of managing urban sprawl, a growing contributor

to global land use change and greenhouse gas emissions. By accounting for important sources of

stochasticity in landowner decision-making and assuming that program re-enrollment is possible,

I show that term-limited programs can result in meaningful reductions in environmental impacts

through two key mechanisms, (1) by subsidizing agricultural land use (“subsidy effect”) and (2) by

shielding agricultural parcels from spikes in real estate prices (“shield effect”). Parameterizing the

model to agricultural profits and historical real estate prices in Santa Clara County, California, I

show that the cost-minimizing conservation program, as defined by its incentive level and contract

length, varies over time and balances the trade-off between conserving enrolled land for longer

periods and reducing landowner willingness to enroll.

1. Introduction

Land use and land use change activities generate a large portion (11%) of global anthropogenic

greenhouse gas (GHG) emissions, largely through conversion of forests and natural landscapes to

higher carbon-intensity uses (IPCC 2022). Adjusting patterns of land use change is expected to

contribute significantly to future GHG reductions: the first round of country pledges under the

United Nations (U.N.) Paris Agreement indicates that land use, land use change, and forestry ac-

43



tivities would provide 25% of planned GHG reductions leading to 2030 (Grassi et al. 2017). Much

of this mitigation potential is expected to result from preserving high carbon stock landscapes, such

as primary forest, grasslands, and low-intensity agricultural use, from conversion to more inten-

sively managed land uses like commodity row crop production or urban development. Policy that

preserves high carbon landscapes and manages urban and agricultural land expansion is therefore

often discussed or implemented as a complement to climate policy in fossil fuel-intensive sectors.

Yet much of the economics literature has not accounted for the political, administrative, and

logistic realities of policies used to manage GHG emissions from land use and land use change. This

paper addresses an important literature gap by developing a structural model of the landowner

decision to participate in voluntary, term-limited incentive programs that constrain their land use

choice, the primary approach to land sector climate policy used globally to date. In this study

I focus on a particular category of land use change that is a growing contributor to global GHG

emissions, urban sprawl (IPCC 2019).

Urban sprawl is referred to in the literature as low-density, non-contiguous development around

an urban center (Irwin and Bockstael 2002). There is debate in the economic literature about

whether such a development pattern might be socially optimal – after all, dynamic decision making

by landowners may result in large areas around the urban center being held in reserve for future

development even in efficient markets, creating scattered urban development over time (Mill 1981).

However, many studies have identified the presence of spatial spillovers and environmental impacts

that are external to land prices, including congestion, higher costs of delivering public services, loss

of public environmental amenities, and higher GHG emissions compared to denser urban develop-

ment, all of which suggests unmanaged urban expansion can result in socially suboptimal outcomes

(Irwin and Bockstael 2002, Fujita 1976, Wheaton 1982, Mills 1981).

GHG emissions due to urban sprawl occur both at the land conversion event, during which

carbon stocks in trees and soil can be emitted as CO2 to the atmosphere (if combusted, non-CO2

emissions may be emitted as well), and following the conversion event, as any additional emissions

that occur on the developed parcel that would not have occurred if the land had been maintained

in the previous use. As one might imagine, quantifying the amount of additional emissions due

to urban sprawl compared to denser development is complex. For example, if an agricultural

plot is converted to residential use, new emissions will result from electricity, natural gas, vehicle
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miles traveled (VMT) and other residential activities, but these emissions must be compared to a

counterfactual scenario in which that land conversion might occur in some other area which could

result in greater or fewer GHG emissions. Given this complexity, I focus the analysis below simply

on the amount of development avoided on agricultural parcels, and leave the analysis of a more

complete set of social and private costs and benefits of avoided development to future research.

Permanent conservation easements have received significant theoretical and empirical attention

in the environmental, agricultural, and land use economics literature, including with respect to their

impact on urban development patterns, optimal timing of landowner development, and property

values (Plantinga 2007, Towe et al. 2010), evaluation of how landowner and parcel characteristics

influence the decision to enroll (Lynch and Lovell 2003), spatial spillovers in the decision to enroll

(Zipp et al. 2017, Lawley and Yang 2015), the price of conservation as reflected in after-tax donation

values of easements (Parker and Thurman 2019), and the amount of adverse selection (or protection

of parcels at low risk of development) present in such programs (Stoms et al. 2009, Denning et al.

2010).

Term-limited conservation programs have also been evaluated in the literature, but only as

applied to agriculture and forestry management choices. To the best of my knowledge, no paper

has evaluated term-limited programs as a mechanism for managing land use change in general or

urban sprawl in particular, likely because to date no programs have been implemented with this

objective and because incentive levels in existing programs are too low to influence development

rates in areas where residential rents are high. For example, in the United States, the Conservation

Reserve Program (CRP) has been studied extensively as an agri-environmental program that enrolls

landowners in 10-15 year contracts which prohibit intensive crop management or development. In

exchange enrolled landowners receive incentive payments consistent with land rental rates in their

county. Previous research has looked at supply curves for conserved acres using CRP incentive

payments across counties (Plantinga et al. 2001), the performance of the CRP compared to a

program that maximized the number of protected acres for the same budget (Feng et al. 2003),

the effect of CRP enrollment on land values (Taylor et al. 2020), and landowner bidding behavior

during iterations of the CRP that required landowners to indicate their required land rental payment

(Kirwan et al. 2005). In a recent paper, Cramton et al. (2021) used a laboratory experiment to

evaluate how caps on CRP bids impacts landowner enrollment and program efficiency.
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Under the Williamson Act, California has a term-limited conservation program that allows

landowners to encumber their land from development for rolling 10 year commitments in exchange

for receiving a property tax evaluation consistent with agricultural use. Other than occasional case

studies and statistical analysis (Stewart and Duane 2009), to my knowledge there has been no

evaluation of the efficacy of the Williamson Act on avoiding agricultural land conversion.

Others have evaluated the theoretical efficacy of term-limited conservation contracts in the

context of biodiversity protection (Lennox and Armsworth 2011, Juutinen et al. 2014, Dreschler

et al. 2017), soil carbon payments (Gulati and Vercammen 2005), and in generic environmental

protection settings (Glebe 2022, Ando and Chen 2011).

However, few studies to date have structurally motivated the landowner choice to participate

in voluntary conservation programs or evaluated the effect of program design choices on both

landowner behavior and net environmental impacts. Some have argued in passing that term-

limited conservation programs would have limited effect on land use change patterns like urban

development due to the ability for agents to enroll while they wait for the optimal development

time (Parker and Thurman 2018). However, I show below that, by accounting for stochasticity in

real estate markets and assuming that program re-enrollment is possible, term-limited programs

can have meaningful reductions and delays in environmental impacts through two key mechanisms,

by subsidizing agricultural land use and by shielding agricultural parcels from spikes in real estate

prices.

There are several motivations for evaluating term-limited, voluntary conservation programs.

First, conservation programs are a significant budgetary outlay for federal, state, and local gov-

ernments, whether through direct payments to landowners through programs like CRP or local

conservation easement programs that compensate landowners for forfeited development rights, or

through reductions in tax revenue as compensation for donated easements. Conservation easements

comprise one quarter of global conservation finance flows annually (NatureVest 2014). Given the

large public financial commitment to land conservation, evaluating the performance of these pro-

grams and identifying opportunities for increasing cost-effectiveness should be policy priorities.

Second, many studies have identified contract length as a driver of landowner willingness to

enroll. As I will describe in more detail below, the contract length represents the amount of

time during which the enrolled landowner’s land is encumbered. Mitani and Lindhjem (2022)
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performed a meta-analysis of stated and revealed preference research on forest conservation program

participation. They found 26 papers published over 1983-2018 that reported program contract

length or evaluated the role of contract length on landowner enrollment, and show contract length

significantly impacts program participation rates. Counterintuitively, permanent contracts exhibit

higher participation rates than term-limited contracts. They do not provide an economic motivation

for their findings.

Mamine et al. (2020) carried out a similar meta-analysis of survey-based discrete choice experi-

ments applied to landowner’s willingness to accept an agricultural preservation contract. They find

34 studies published between 2006-2019 that evaluate the effect of contract length on landowner

enrollment choice while 117 studies evaluate the effect of incentive levels. While 20 of the 34 studies

find that increasing contract length has a negative effect on enrollment, the remainder find pos-

itive (6 papers) or nonsignificant (5 papers) effects. Similarly, only 69% of reviewed studies find

that increasing incentive levels has a significantly positive effect on enrollment, while 22% find a

significantly negative effect.

Few studies provide a robust analytical motivation for the effect of contract length on landowner

willingness to enroll. In a very informative paper for this exercise, Glebe (2022) derives a landowner’s

optimal sequences of bids in a repeated conservation auction, assuming a winning bid would en-

roll the landowner in a term-limited contract that results in annual operational and opportunity

costs. These costs are assumed to be known by the landowner with certainty, but the landowner is

uncertain about the maximum bid to be accepted in any given auction (cutoff bid). Through this

model, Glebe (2022) shows that longer contract length (as exogenously set by the auctioneer) will

increase the landowner’s optimal bid, to compensate for increasing operational and opportunity

costs. Through numerical analysis, they show that the cost-minimizing contract length for achiev-

ing some target area of enrollment depends on landowners’ perceived uncertainty in the cutoff bid

– for high (low) uncertainty, higher (lower) contract length is more cost-effective, conditional on

the landowner belief that the cutoff bid follows a uniform distribution.

Ando and Chen (2011) develop a simple theoretical model of the landowner choice to enroll

in a conservation program that prevents a landowner from earning farming income, and derive

optimal contract length (such that the discounted present value of environmental benefits across

all parcels is maximized, constrained by a conservation budget) through simulation. They find
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a similar tradeoff to what I describe below: longer contract lengths require a higher lump sum

payment to incentivize enrollment. For a given incentive level, increasing contract length will

increase the total environmental benefits delivered for a single enrolled parcel, but total enrollment

will be lower. They do not account for changing trends or non-stationarity in the expected value of

farming or the possibility for alternative land uses, nor do they endogenously account for optimal

timing of landowner enrollment – rather their setting assumes some landowners will optimally

choose enrollment and others will not for all time periods.

To address limitations in this literature, I propose a dynamic programming model structure tai-

lored to representing voluntary, term-limited conservation programs and that can predict program

impacts under various incentive levels and contract lengths over policy-relevant regions. I focus on

the policy case of a term-limited conservation program that pays landowners an incentive for every

enrolled acre-year in exchange for committing to agricultural or non-developed land use. I assume

that individual landowners are able to optimally choose, with respect to total net returns to land

use, when and whether to enroll in the program, as well as when to optimally sell their parcel to a

developer, assuming that real estate prices evolve stochastically over time.

I expand on the model structures in Glebe (2022) and Ando and Chen (2011) in a number of

ways. First, I relax the assumption that enrolled landowners incur fixed annual costs and instead

assume that the opportunity cost of conservation program enrollment occurs as constraint on land

use change – this model setup is of interest for policymakers that seek to preserve agricultural land

in the face of development pressure. I also assume that the opportunity cost is uncertain, consistent

with volatile real estate markets.

I parameterize the agricultural profits and real estate market in this problem to a particular re-

gion of policy interest, Santa Clara County, California. Home to Silicon Valley, Santa Clara boasts

the fifth largest county-level GDP in the United States (BEA 2020). Skyrocketing real estate val-

ues and suburban sprawl, driven by population and economic growth in the technology sector, put

significant development pressure on the County’s agricultural and open space land. Agriculture

contributes $830 million annually to the County’s economy (Santa Clara Valley Agricultural Plan

2018). Over 63,000 acres have been identified as at-risk of development in the next 30 years, or

26% of Santa Clara’s active farmland and rangeland (Batker et al. 2014). County planners and

agricultural and environmental stakeholders are concerned that rapid development will irreversibly
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degrade local rural culture and make remaining agricultural operations more costly through dis-

turbance restrictions, loss of agricultural infrastructure, and congestion (Towe 2010, Parker and

Meretsky 2004, Irwin and Bockstael 2002). In the model developed below, parcel characteristics,

landowner returns to agriculture and developed use, and real estate market trends and volatility

are tailored to Santa Clara County data.

1.1 Economic models of land use change and conservation applications

A variety of economic models have been developed over the last several decades in an attempt

to make predictions about how carbon prices and conservation policy might influence land use

patterns, operating at different geographic scales and to accommodate different policy structures

and spatial and market interactions. I briefly describe the main model structures employed in the

literature and explain how the approach used in this paper is a useful and novel addition to existing

economic land use models.

1.1.1 Partial equilibrium models

Partial equilibrium models covering large geographic areas have been frequently used by U.S.

federal policymakers to evaluate the potential contribution of land use and land use change to

future GHG reductions. For example, the Forest and Agricultural Sector Optimization Model-

GHG (FASOM-GHG), the Global Timber Model (GTM), and the U.S. Agricultural Sector Model

(USMP) have guided high-profile policy deliberations over the past two decades, including the

Waxman-Markey cap-and-trade bill (Murray et al. 2005), the EPA Biogenic CO2 Accounting

Framework (U.S. EPA 2019), and the U.S. Mid-Century Strategy for Deep Decarbonization (White

House 2016). These models optimize over welfare surplus in forestry and agriculture markets and

include a variety of control variables for land use and management choices, including area of land

devoted to commercial forestry or various crop types, timber rotation lengths, and reductions in

GHG emissions due to fertilization, tillage, and other agricultural practices.

In a recent policy application, Hultman et al. (2021) finds that land use, land use change, and

forestry (LULUCF) could sequester a net 1,000 MMT CO2e by 2030, contributing approximately

6% of the GHG reductions needed to reduce U.S. emissions by 51%. This estimate is based on 15

studies published since the year 2000 that use agriculture and forestry partial equilibrium models
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to estimate 106 scenarios of national LULUCF GHG reductions over 5-20 years. A large majority

(78) of these scenarios assume a universal, compulsory price on GHG emissions can be applied

to LULUCF activities, which in the context of these models assumes that every U.S. landowner

would receive an incentive for every ton of CO2e sequestered in soils or biomass and a fee exacted

for every ton of CO2e emitted (Murray et al. 2005, Schneider and McCarl 2002, Schneider and

McCarl 2003, Alig 2010, Haim et al. 2014, Haim et al. 2015, Jackson and Baker 2010, Latta et

al. 2011, Cai et al. 2018, Wade et al. 2021). The remainder of the scenarios (28) account for

the voluntary nature of carbon incentive programs, assuming that landowners will only enroll in

carbon incentive programs if it is profit maximizing (Lewandrowski et al. 2004, Latta et al. 2011,

Dumortier 2013). However, there are several limitations in how voluntary programs are represented

in partial equilibrium models to date; studies have either assumed that reversals (GHGs emitted

due to conservation practice abandonment after the conclusion of the program contract) or breach

of contract is impossible (Lewandrowski et al. 2004, Dumortier 2013) or they assume that reversals

or breach of contract will be taxed at the carbon price, similar to the compulsory setting (Latta et

al. 2011).

None of the studies discussed here account for the political reality that existing programs for

incentivizing GHG reductions in agriculture and forestry sectors are structured as term-limited

conservation programs, and that reversals are not penalized at the conclusion of the contract,

consistent with programs like CRP and EQIP. In the model I present below, individual landowners

across a given region choose whether or not to participate in a term-limited conservation program

over time, and may reverse conservation practices at the conclusion of the contract or re-enroll.

1.1.2 Discrete choice models

Many studies have utilized a discrete choice modeling framework to predict the probability

of land use change given returns to different land uses as well as regional, landowner, and plot-

level characteristics. To represent climate policy, the value of a carbon incentive can be added or

subtracted to the profits derived from each land use or management practice. For example, Lewis

and Plantinga (2007) and Lubowski et al. (2006) train nested logit models of land use change on

historical observations of land use and agricultural, forestry, and residential rental rates. They then

calculate the increase in returns to forestry under a variety of carbon prices and use the estimated
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logit parameters to predict total U.S. forest area and GHG reductions across policy scenarios. Other

studies have used similar methods to evaluate conservation policies as represented by subsidies for

agriculture and forestry (Plantinga and Ahn 2002), to evaluate the additionality of forest carbon

offset policies compared to a business-as-usual case (Mason and Plantinga 2013), to predict the

likelihood of landowner enrollment in conservation programs (Lynch and Lovell 2003, Langpap

2004), and to downscale the discrete choice model predictions to individual parcels, allowing for

spatially-explicit results (Nelson et al. 2008).

Many of these discrete choice studies take an essentially static approach, assuming that landown-

ers make land use choices based on current prices and profits or an infinite future flow of profits

based on current prices, and will convert land uses as soon as the NPV of one exceeds another

(usually conditional on some unobservable shock). In general, the model is cross-sectional, eval-

uating land use change between two historical time steps. De Pinto and Nelson (2009) note that

this approach is likely to suffer from omitted variable bias, since landowners are likely to make

land use decisions on a dynamic basis and so will care about future returns to land use. To ad-

dress this problem, De Pinto and Nelson (2009) incorporate landowner expectations of prices into

the discrete choice model, assuming agricultural prices are generated by a first order autoregressive

process. They find that incorporating dynamics into the discrete choice structure strongly improves

land use change predictions and, on balance, reduces the estimated likelihood of land use change

compared to standard multinomial and mixed logit specifications, perhaps due to the fact that

explicit representation of option value in the economic model better controls for landowner choices

to delay land conversion.

The primary challenge with the discrete choice approach to modeling the effects of carbon pric-

ing or environmental protection programs is that these programs generally do not take the form of

a pure subsidy or increase in market returns to a given land use. Rather, carbon offsets or conser-

vation programs will provide an incentive payment in exchange for some term-limited constraint

on land use or management practices. These types of constraints are not easily represented in the

discrete choice structure, particularly because time, and therefore contract length, is not explicitly

represented in the model. In the methods I outline below, the term-limited constraint on enrolled

landowner behavior can be explicitly represented. As a result, we might expect more pessimistic

estimates of landowner responses to environmental incentives than what is found in the discrete
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choice literature.

1.1.3 Real options, duration models

Land use change is also frequently modeled using a real options approach, recognizing that

landowners have the option to convert an agriculture or forest parcel to developed use which can

be postponed but, once exercised, is irreversible or comes with large sunk costs (Schatzki 2003,

Power and Turvey 2010). The real options framework accounts for the value of this option, and its

dynamics over time, in landowner choices. These methods are particularly useful in representing

stochastic land markets or commodity prices, sources of uncertainty which encourage landowners

to wait to gather more information before making irreversible investments.

The real options literature has found option value is likely to be a large driver of landowner

decision-making. Schatzki (2003) indicates option value could account for up to 81% of expected

agricultural land asset value in Georgia. Towe et al. (2008) use a duration model to find that

the mere existence of a permanent conservation easement program can delay agricultural land

conversion by an average of six years, by providing an alternative investment option to landowners.

Wrenn et al. (2017) use similar methods to identify the effect of housing prices on the likelihood of

agricultural parcel development, controlling for housing price endogeneity using an instrument of

distant neighborhood characteristics. Vercammen (2019) argues that development value uncertainty

can delay both the decision to develop as well as the decision to enroll in the easement.

The primary limitation of the real options literature is the focus on permanent as opposed

to term-limited conservation programs, which greatly simplifies the modeling approach required

because there is no need to account for the option to re-enroll or reverse land use decisions after

the contract term. I show how the more flexible dynamic programming approach outlined below

can fully account for more complex program structure.

1.1.4 Agent-based models

The fields of geography, urban planning, and land systems science have developed a variety

of spatially-explicit land use change models, such as agent-based models (ABMs), to explain and

predict land use change patterns under various ecological, policy, and economic scenarios (Kim

et al. 2020, Verburg et al. 2019). ABMs are occasionally combined with a cellular automaton
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model but prioritize the representation of individual economic actors (e.g., landowners, developers,

households) through (sometimes heterogeneous) utility and profit functions, modeling agent-to-

agent negotiations to derive emergent properties of regional real estate and land markets (Chen et

al. 2011, Chen et al. 2021, Parker and Filatova 2008, Parker and Meretsky 2004, Filatova 2015,

Magliocca et al. 2015). Given the flexibility to represent individual utility and profit functions,

ABMs are able to represent equilibrium as well as non-equilibrium dynamics, spatially-explicit

results, and spatial spillover effects. However, to date no ABM has represented the potential for

landowners to choose timing of land conversion optimally given beliefs about future land prices –

to the best of my knowledge, ABM studies have exclusively assumed that landowner reservation

prices are calculated from current agricultural rents and that they will sell land to the developer

with the highest bid as soon as the reservation price is exceeded.

In summary, I propose a model structure that can address gaps in the land use model literature

by explicitly representing the landowner choice to participate in a term-limited, voluntary program,

deriving landowner reservation prices from dynamic economic theory and accounting for important

sources of stochasticity and heterogeneity across landowners. Allowing for the possibility to perpet-

ually re-enroll in the conservation program, I derive important differences in total program effects

compared to a one-shot enrollment setting.

2. Analytical Motivation

2.1 Agricultural landowner optimal stopping problem

Here I describe the landowner problem of whether to participate in a term-limited, voluntary

conservation program. Starting with the simplest case, in the absence of the option to participate

in a conservation program, I assume a risk-neutral agricultural landowner must decide when to stop

receiving a constant stream of agricultural profits and sell their parcel to a developer, at which time

they receive a lump sum payment for the parcel value and move away. The developer’s willingness

to pay evolves over time according to a stochastic process. I focus on the stochasticity of land

prices rather than agricultural profits for analytical clarity and due to the noted volatility of land

prices in the literature (2.8 times as volatile as real GDP) (Power and Turvey 2010).

As noted by Capozza and Helsley (1989) and Plantinga et al. (2002), this is a standard optimal
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stopping problem, shown in Equation (1).

V (t) = max
t

Et[

∫ t

0
πAe

−rsds+ P (t)e−rt] (1)

where:

πA = constant agricultural profit

r = risk-free interest rate

P (t) = developer’s willingness to pay for parcel

I assume P (t) is exogenous to the landowner’s decision and follows a geometric Brownian

stochastic process, with p(t) = ln(P (t)) defined as a function of constant positive parameters g

(drift) and σ2 (variance) and standard Wiener process W (t):∗

p(t) = gt+ σW (t). (2)

The solution to this problem is characterized by a constant optimal reserve price P ∗, the price

at or above which the landowner would optimally sell their parcel to the developer, which will be

reached at some uncertain optimal stopping time, t∗ = {min(t : P (t) ≥ P ∗)}, with expectation

Et[t
∗]. Dixit and Pindyck (1994) show that the necessary assumptions for the existence of P ∗ are:

(1) that πA− (r−g)P (t) is monotonically decreasing in P (t), which holds if r ≥ g, and (2) that the

P (t) process exhibits positive persistence of uncertainty, which we have by the normal distribution

and constant variance of W (t) increments.†

I solve for P ∗ explicitly using methods from Capozza and Helsley (1989). First I rewrite the

expectation in Equation (1) as:

Et[
πA
r

+ (P (t)− πA
r
)e−rt]. (3)

Conditioning Equation (3) on P ∗ and initial value P (0), both of which are deterministic, Equa-

tion (3) becomes:

∗A Wiener process is the continuous-time analogue of a random walk, or the sum of infinitesimally small, indepen-
dent, and normally distributed increments. A standard Wiener increment is distributed with mean 0 and variance
equal to the length of the increment: W (t+ s)−W (t) ∼ N(0, s) (Karlin and Taylor 1975).

†Equation (7) indicates an even stricter assumption on parameters r, g, and σ2 is required for the existence of P ∗.
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πA
r

+ (P ∗ − πA
r
)Et[e

−rt∗ |P ∗, P (0)]. (4)

The distribution of t∗ under Brownian motion is known, so the expectation can be written as

(Karlin and Taylor 1975, pg. 364):

Et[e
−rt∗ |P ∗, P (0)] = e−α(ln(P ∗)−ln(P (0))) =

(
P (0)

P ∗

)α

. (5)

where:

α =
(g2 + 2σ2r)

1
2 − g

σ2
.

Now I rewrite Equation (1) as a maximization problem over P ∗ and use the first order condition

to find P ∗ as a function of parameters.

V (P ∗) = max
P ∗

πA
r

+ (P ∗ − πA
r
)

(
P (0)

P ∗

)α

, (6)

P ∗ =
πA
r

α

α− 1
. (7)

For P ∗ to exist, α must be greater than 1 and the interest rate must be larger than the price

growth rate, such that r > g + 1
2σ

2. The landowner will wait until the developer is willing to pay

the value of an infinite stream of agricultural profits (πA
r ) multiplied by a term representing the

additional value that can be accrued by waiting for the price to increase (α/(α−1)). This term, and

therefore P ∗, is increasing in price drift (g) and variance (σ2). Equation (5) shows that, consistent

with intuition, the expected time to reaching P ∗ increases with P ∗.

2.2 Landowner conservation program enrollment choice, one-shot enrollment

In the next two sections I provide novel analysis by incorporating the choice to participate in a

term-limited, voluntary conservation program. If the landowner chooses to enroll in the conservation

contract, they receive a constant incentive value c, but in exchange they are not able to sell their

parcel for the length of the contract J . In the one-shot setting, I assume that the landowner must

decide whether to enroll at t = 0 and can only enroll once. The three choice variables in this
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problem are δ, which determines whether the landowner enrolls or not; t0, which is the optimal

stopping time if the landowner is not enrolled; and t1, which is the optimal stopping time if the

landowner is enrolled. The problem becomes:

V (δ, t0, t1) = max
δ,t0,t1

(1− δ)Et[

∫ t0

0
πAe

−rsds+ P (t0)e
−rt0 ]

+ δEt[

∫ J

0
(πA + c)e−rsds+

∫ t1

J
πAe

−rsds+ P (t1)e
−rt1 ]

s.t. t1 ≥ J, δ ∈ {0, 1}

(8)

If δ = 0, the landowner has chosen to not enroll and the problem is equivalent to Equation (1).

Therefore t∗0 and P ∗
0 are equivalent to t∗ and P ∗ in the previous section.

If the landowner chooses δ = 1, they will be enrolled in the conservation program from t = 0 to

t = J and their optimal parcel sale time t1 will be constrained. Since the only change to problem

structure is the constraint on t1, P
∗
1 remains a single constant value. However, I must account for

the possibility that P ∗
1 could occur prior to the end of the contract, or more specifically, that P (J)

is higher than P ∗
1 .

For this reason, I rewrite the second line of Equation (8) as a function of P (J) and P ∗
1 (Equation

(9)). From the perspective of t = 0, p(J) = ln(P (J)) is a normal random variable with the

distribution N(p(0) + gJ, σ2J), so I take the expectation over regions of the p(J) distribution that

are less than and greater than p∗1 = ln(P ∗
1 ):

πA
r

+
c

r
(1− e−rJ) +

∫ ∞

p∗1

(ep(J) − πA
r
)e−rJ fp(p(J))dp(J)

+

∫ p∗1

−∞
(ep

∗
1 − πA

r
) Et[ e

−r(t1−J) | p∗1, p(J)] e−rJfp(p(J))dp(J)

s.t. t1 ≥ J

(9)

The last term of Equation (9) can be expressed as:
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(∫ ∞

p∗1

ep(J) fp(p(J))dp(J)−
πA
r
(1− Φ(

p∗1 − p(0)− gJ

σ
√
J

)

)
e−rJ =

(∫ ∞

(p∗1−p(0)−gJ)/σ
√
J
ep(0)+gJ+σ

√
Jz ϕ(z)dz − πA

r
(1− Φ(

p∗1 − p(0)− gJ

σ
√
J

))

)
e−rJ =

(
ep(0)+gJ+σ2J

2 (1− Φ(
p∗1 − p(0)− gJ − σ2J

σ
√
J

))− πA
r
(1− Φ(

p∗1 − p(0)− gJ

σ
√
J

))

)
e−rJ (10)

where:

ϕ(·) = standard normal probability density

Φ(·) = standard normal cumulative distribution function

The second line uses a change of variable from p(J) to standard normal variable z. The expected

value of ep(J) is weighted by a value greater than the probability that p(J) ≥ p∗1 to account for the

fact that the expectation is over the region above p∗1.

The fourth term of Equation (9) can be expressed as:

(ep
∗
1 − πA

r
)

∫ p∗1

−∞
e−α(p∗1−p(J))−rJfp(p(J))dp(J) =

(ep
∗
1 − πA

r
)e−αp∗1−rJ

∫ p∗1

−∞
eαp(J)fp(p(J))dp(J) =

(ep
∗
1 − πA

r
)e−αp∗1−rJ

∫ (p∗1−p(0)−gJ)/σ
√
J

−∞
eα(p(0)+gJ+σ

√
Jz)ϕ(z)dz =

(ep
∗
1 − πA

r
) e−α(p∗1−p(0)−gJ−ασ2J

2
)−rJ Φ(

p∗1 − p(0)− gJ − ασ2J

σ
√
J

) (11)

Again, the expected value of e−α(p∗1−p(J)) is weighted by a value less than the probability that

p(J) ≤ p∗1 to account for the fact that the expectation is over the region below p∗1.

With p(J) integrated out of the problem, I write Equation (9) as a function of only p∗1:
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V (p∗1) =
πA
r

+
c

r
(1− e−rJ)

+ e−rJ

(
ep(0)+gJ+σ2J

2 (1− Φ(
p∗1 − p(0)− gJ − σ2J

σ
√
J

))− πA
r
(1− Φ(

p∗1 − p(0)− gJ

σ
√
J

))

)

+ e−α(p∗1−p(0)−gJ−ασ2J
2

)−rJ (ep
∗
1 − πA

r
) Φ(

p∗1 − p(0)− gJ − ασ2J

σ
√
J

)

(12)

I find an expression for p∗1 using the first order condition for maximizing V (p∗1):

dV (P ∗
1 )

dP ∗
1

=
−e−rJ

σ
√
J

(ep(0)+gJ+σ2J
2 ϕ(

p∗1 − p(0)− gJ − σ2J

σ
√
J

)− πA
r
ϕ(

p∗1 − p(0)− gJ

σ
√
J

))

+ e−α(p∗1−p(0)−gJ−ασ2J
2

)−rJ

[
(ep

∗
1 − α(ep

∗
1 − πA

r
))Φ(

p∗1 − p(0)− gJ − ασ2J

σ
√
J

)

+
1

σ
√
J
(ep

∗
1 − πA

r
)ϕ(

p∗1 − p(0)− gJ − ασ2J

σ
√
J

)

]
≡ 0

(13)

Equation (13) simplifies to:

ep
∗
1 = P ∗

1 =
πA
r

α

α− 1
(14)

Therefore, P ∗
1 = P ∗

0 = P ∗, and the conservation program does not affect the landowner’s

optimal reservation price. Inserting Equations (12) and (14) into Equation (8), it is optimal for

the landowner to choose enrollment (δ∗ = 1) if and only if the sum of the conservation incentive

(first term on left hand side) and the expected value of the constrained developer price (term in

square brackets) exceeds the expected value of the unconstrained developer price (right hand side)

(Equation 15):
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c

r
(1− e−rJ)

+

[
e−rJ

(
ep(0)+gJ+σ2J

2 (1− Φ(
ln(πA

r
α

α−1)− p(0)− gJ − σ2J

σ
√
J

))

− πA
r
(1− Φ(

ln(πA
r

α
α−1)− p(0)− gJ

σ
√
J

))

)

+ e−α(ln(
πA
r

α
α−1

)−p(0)−gJ−ασ2J
2

)−rJ (
πA
r

1

α− 1
) Φ(

ln(πA
r

α
α−1)− p(0)− gJ − ασ2J

σ
√
J

)

]

≥ πA
r

1

α− 1
e−α(ln(

πA
r

α
α−1

)−p(0))

(15)

As J approaches 0, left and right hand sides of Equation (15) become equal, indicating the

one-shot conservation program has no value when the contract length is zero.

I use numerical analysis to evaluate the effect of J on landowner willingness to enroll by fixing all

parameters in Equation (15) except contract length (J) and incentive level (c). Brownian motion

parameters g = 0.035 and σ2 = 0.083 are calculated following Pachamove and Fabozzi (2011)

as the average and variance, respectively, of the first differences of a Santa Clara County annual

agricultural parcel price index, described in detail in the Methods section. Given these values and

the constraint on parameter values derived from Equation (7), the discount rate is set to r = 0.087.

As described in more detail in the Methods section, I assume parcel prices can be decomposed into

additively separable temporal (varying at county-level over time) and spatial (varying at parcel-

level) factors. Therefore, initial parcel price p(0) = 12.7 is the 2020 value of the parcel price index

plus the estimated median parcel-specific value across all Santa Clara County agricultural parcels.

The 2020 level price of the parcel is $340,550. Agricultural profit πA is the product of the 2020

California average annual cropland rental rate ($439 per acre, USDA NASS 2022) and the median

developable agricultural parcel size in Santa Clara County, 28 acres.

Figure 1 shows the effect of J and c on expected net present value of the landowner enrollment

payoff. The figure plots the difference between the left and right hand sides of Equation (15), so

any region of the curve that lies above zero indicates that the landowner is willing to enroll for
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Figure 1: Landowner is willing to enroll in term-limited conservation incentive program when
“enrollment payoff” values are positive, indicating net present value of conservative payments and
constrained parcel sale price exceeds unconstrained parcel sale price (see Equation (15)). For a
given conservation incentive level, some intermediate contract length J maximizes expected net
present enrollment value.

those values of c and J . For each c, there is an intermediate J that maximizes the expected net

present value of enrollment, balancing the total conservation incentive (increasing in J) and the

expected net present value of the constrained parcel price (decreasing in J). As c increases, the

maximizing J increases. Importantly for the policy maker, as c increases the maximum value of

J for which the landowner is willing to enroll also increases. For example, at c = $100/acre, the

landowner will not enroll for J higher than 30 years, while at c = $400 per acre contracts up to 85

years would be feasible.

I also evaluate the effect of contract length on the expected time of development. The time at

which a Brownian process reaches fixed value p∗ follows an inverse Gaussian distribution, such that

the conditional expected value of t∗ is:

Et[t
∗|p∗, p(0)] = p∗ − p(0)

g
. (16)

Given the estimated parameters above, the business as usual expected time of development for

a representative undeveloped agricultural parcel in Santa Clara is 2068 (48 years after 2020).

Under a term-limited voluntary conservation program, development time will be J if p(J) exceeds
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p∗, otherwise it will be some expected time after J depending on the value of p(J):

Et[ t
∗ | p∗, p(0), J ] = J × Prob(p(J) ≥ p∗)

+

∫ p∗

−∞

(p∗ − p(J)

g
+ J

)
fp(p(J))dp(J)

= J +

∫ p∗

−∞

(p∗ − p(J)

g

)
ϕ
(p(J)− p(0)− gJ

σ
√
J

)
dp(J).

(17)

Therefore, the expected time of development will be no lower than the contract length (first

term of Equation (17)), but will also provide some expected additional delay beyond J (second

term). Figure 2 shows that the second term is decreasing in J , consistent with the fact that as J

increases, the contract is more likely to be binding in determining optimal development time (it is

more likely that p(J) is higher than p∗).

Figure 2: Expected optimal time of development, net of contract length (J). The term-limited
conservation program delays development beyond the contract length, but the additional delay is
decreasing in J .

2.3 Landowner conservation program enrollment choice, unlimited re-enrollment

Now I assume it is possible for the landowner to re-enroll in the conservation program after

the contract ends. This case is important to evaluate because it is consistent with the reality of

existing term-limited programs (e.g. USDA’s CRP, EQIP, or CSP) and because there are important

differences in optimal landowner and policymaker choices.
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In the re-enrollment setting, the landowner chooses the optimal number of times to enroll in the

program (x), given some exogenous contract length J and incentive level c. Non-enrollment occurs

when x = 0. For simplicity I assume that once the landowner decides to stop re-enrolling they

cannot start again at some later point (this assumption will be relaxed in the numerical analysis

discussed in Section 5). Therefore the landowner problem is:

V (x, t) = max
x,t

x∑
i=1

∫ Ji

J(i−1)
(πA + c)e−rsds + Et[

∫ t

Jx
πAe

−rsds+ P (t)e−rt]

s.t. t ≥ Jx, x ∈ N0

(18)

where x is restricted to the set of nonnegative integer values N0.

It is helpful to rewrite Equation (18) as a quasi-discrete time optimal stopping problem (Equa-

tion (19)), wherein at the end of the xth contract the landowner must choose to either re-enroll in

contract for the x+1th time (the term in braces in Equation (19)) or to stop enrolling and sell their

parcel at the optimal reserve price, which could occur immediately at price P (xJ) if P (xJ) ≥ P ∗(x)

(the second line of Equation (19)), or at some point after xJ if P (xJ) < P ∗(x) (the third line in

Equation (19)). The optimal x∗ occurs when the second term exceeds the first term:

V (P ∗(x), x) = max

[ {πA + c

r
(1− e−rJ) + e−rJV (P ∗(x+ 1), x+ 1)

}
,

P (xJ) 1(P (xJ) > P ∗(x))

+

(
πA
r

+ (P ∗(x)− πA
r
)
(P (xJ)

P ∗(x)

)α)
1(P (xJ) ≤ P ∗(x))

]
,

(19)

where:

1(A) =


0, if A is false

1, if A is true.
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I use the term “quasi-discrete” to acknowledge that discounting still occurs in continuous time

in this problem, but the stochastic variable P (xJ) evolves in discrete time increments of length

J . Price increments are independent and normally distributed, such that eP ((x+1)J) − eP (xJ) ∼

N(gJ, σ2J). Note the change in notation which allows for the land sale reserve price P ∗(x) to

change with x.

I would like to find the optimal stopping value P ∗(xJ) at which point the landowner will stop

re-enrolling (also referred to as the enrollment reserve price hereafter). First I must demonstrate

that such a value exists, which requires that the marginal value of waiting to stop monotonically

decreases as P (xJ) increases (Dixit and Pindyck 1994). Formally, Equation (20) must be decreasing

in p(xJ).

πA + c

r
(1− e−rJ)

+ e−rJ

[ ∫ ∞

p∗(x+1)
ep((x+1)J)fp(p((x+ 1)J))dp((x+ 1)J)

+

∫ p∗(x+1)

−∞
(
πA
r

+ (ep
∗(x+1) − πA

r
)eα(p((x+1)J)−p∗(x+1)))fp(p((x+ 1)J))dp((x+ 1)J)

]

−
[
ep(xJ) 1(p(xJ) > p∗(x)) +

(
πA
r

+ (ep
∗(x) − πA

r
)eα(p(xJ)−p∗(x))

)
1(p(xJ) ≤ p∗(x))

]
(20)

Using similar methods for rewriting Equation (9), I express Equation (20) in a form that allows

for taking the derivative with respect to p(xJ):
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πA + c

r
(1− e−rJ)

+ e−rJ+p(xJ)+gJ+ 1
2
σ2J

(
1− Φ

(p∗(x+ 1)− p(xJ)− gJ − σ2J

σ
√
J

))

+ e−rJ πA
r

Φ
(p∗(x+ 1)− p(xJ)− gJ

σ
√
J

)

+ e−rJ−α(p∗(x+1)−p(xJ)−gJ− 1
2
ασ2J)(ep

∗(x+1) − πA
r
)Φ

(p∗(x+ 1)− p(xJ)− gJ − ασ2J

σ
√
J

)

−
[
ep(xJ) 1(p(xJ) > p∗(x)) +

(
πA
r

+ (ep
∗(x) − πA

r
)eα(p(xJ)−p∗(x))

)
1(p(xJ) ≤ p∗(x))

]

(21)

Using numerical analysis, I find no cases with reasonable parameter values in which the deriva-

tive of Equation (21) with respect to p(xJ) is positive. Therefore, I proceed assuming P ∗(xJ)

exists.

By visual inspection, it is clear there is no optimal contract length for the landowner, an im-

portant distinction from the one-shot enrollment setting. When re-enrollment is possible, value to

the landowner continually increases as J approaches zero, such that the conservation incentive pro-

gram becomes a pure agricultural subsidy without development constraint. Landowner willingness

to enroll is monotonically decreasing in J .

However, as J decreases, any environmental benefits that depend on the amount of conserved

acres and length of conservation period will also decrease, since the landowner has more frequent

opportunities to develop at the end of each contract. Therefore, while there is no optimal J for the

landowner, the conservation program administrator will want to identify the contract length that

optimizes the trade-off between conserving enrolled land for a longer period of time and reducing

landowner willingness to enroll, similar to the trade-off identified in Ando and Chen (2011). The

optimal J is a function of conservation incentive c, since the continuation term in Equation (19) is

monotonically increasing in c.

For the remainder of the analysis I assume that the administrator must choose values for J

and c that both (1) maintain total conservation spending below program budget and (2) maximize
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conservation outcomes (here, the only outcome I assess is expected area of avoided development)

with respect to J and c.

Such an analysis requires predicting the solution to Equation (19), P ∗(xJ), and therefore will-

ingness to enroll over time, for all parcels of interest. Given the difficulty of deriving an analytical

solution to a discrete optimal stopping problem, as well as the need for numerical analysis for any

comparative statics around J and c, I use numerical analysis to identify optimal values of J and c

in Santa Clara County, California.

3. Numerical methods

To undertake the numerical analysis, I make several adjustments to model structure. I dis-

cretize time into annual time steps. Developer offers follow a random walk approximated using a

first order autoregressive model, parameterized using methods discussed below. To enhance the

realism of the model, I relax the assumption that landowners cannot wait to re-enroll between con-

tract periods. This change introduces analytical complexity but is easily assessed using numerical

dynamic programming methods.

The problem therefore becomes a flexible Markov Decision Process (MDP) model in which the

landowner must decide the optimal action a (wait to enroll, enroll, or develop) in each state x,

defined by their current state of enrollment and the developer’s current offer, given the expectation

of future developer offers. The Bellman equation for this problem is shown in Equation (22).

V (x(j, P (t), t)) = V (x) = max
a

E[Ra(x)|qa(x, x′)] + βE[V (x′)|x] (22)

where:
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t = time index, t ∈ {0, 1, ..., T}

j = conservation enrollment index, j ∈ {0, 1, 2, ..., J}; j = 0 indicates

the parcel is not enrolled, j > 1 indicates the parcel has been

enrolled for j time steps

P (t) = developer offer, a continuous variable that follows a random walk

x = x(j, P (t), t) = state at time t, defined by current enrollment status and developer

offer

x′ = x(j′, P (t+ 1), t+ 1) = state at time t+ 1, defined by the next period’s enrollment status

and developer offer

a = action chosen at state x, where a is an element of a set of possible

actions defined at each x, A(x); if j = 0 or j = J (parcel is not

currently enrolled or has reached end of contract),

A(x) = {wait, enroll, develop}; if 0 < j < J (parcel is currently

enrolled), then A(x) = {enroll}

Ra(x) = payoff received from choosing action a at state x; if a = wait,

Ra(x) = πA (agricultural profit); if a = enroll, Ra(x) = πA + c

(agricultural profit plus conservation incentive); if a = develop,

Ra(x) = P (t) (developer offer at state x)

qa(x, x
′) = conditional on choosing action a, probability of transitioning from

state x to x′; a function of developer offer P (t) transition

probabilities as well as deterministic transitions with respect to

time and enrollment status

β = discrete time discount factor

I use data from Santa Clara County to parameterize MDP rewards, transition probabilities, and

developer offers. Given these model fundamentals, the MDP can be solved using value iteration,

starting with an initial guess at the value of being located at state x, V0(x(j, P (t), t), for all x,

choosing the optimal sequence of actions given this guess, and recalculating a new iteration of state

values V1(x(j, P (t), t). Iteration continues until the change in state values for all x fall below some

acceptable error.
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The model is solved for a subset of agricultural parcels in unincorporated Santa Clara County,

CA where at least one additional primary residence could be created through subdivision, as indi-

cated by the County of Santa Clara Zoning Ordinance (2003) (hereafter, developable agricultural

parcels - shown as all parcels with estimated agricultural profits in Figure 3.A). Parcels of interest

were further limited to areas with higher value agricultural production (Figure 3.A), higher risk

of development due to proximity to cities and parcel slope (Figure 3.C), and are not currently

protected by easements or other existing conservation programs, e.g. the Williamson Act (Figure

3.D). Santa Clara County planners used these variables to define the Agricultural Resource Area

(ARA), shown in dark red outline in each panel of Figure 3. Going forward analysis is limited to

ARA parcels, which range in size from less than an acre to over 2,500 acres and are at highest risk

of conversion from agricultural to developed use due to residential expansion surrounding Morgan

Hill and Gilroy.

Figure 3: Developable agricultural parcels in unincorporated Santa Clara County, CA. Agricultural
Resource Area (ARA) outlined in dark red in each panel. Dark gray areas do not meet the definition
of “developable” (at least one additional primary residence can be created through subdivision).

I use the MDP model to find each ARA landowner’s decision to wait, enroll, or develop in

each state, given contract length J , conservation incentive c, and stochastic sequence of developer
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offers P (t). The developer offers are generated for each parcel using a price prediction model that

accounts for both county-wide time-dependent factors and parcel-level characteristics. Given the

landowner’s optimal sequence of actions, I find the probability of the landowner choosing a given

action in each time step between 2020 and 2050. By comparing a business as usual case without

a conservation program (c = 0) to conservation program scenarios with varying J and c, I identify

the values of J and c that achieve the highest area of avoided development while maintaining a

county-wide conservation program budget.

For the remainder of this section I describe how model fundamentals are parameterized using

Santa Clara County data.

3.1 Agricultural profit estimation

I estimate annual agricultural profits for each developable Santa Clara parcel using the USDA

Crop Data Layer (CDL), an annual 30m raster dataset of U.S. crop cover derived from LandSat

satellite imagery, the National Land Cover Dataset (NLCD), and USDA sample plot observations

(USDA NASS 2022). Agricultural profits are estimated by major agricultural land use (mixed

forest, shrubland, grassland/pasture, evergreen forest) and for the most common high value crop

types in Santa Clara County (tomatoes, grapes, cherries, lettuce/greens, corn, walnuts, beans).

Given the large variety of California crop types, CDL user accuracy (the likelihood that a

pixel’s designated crop type matches ground observation) in this region can be low, ranging from

25% for sweet corn to 90% for walnuts, with a total area-weighted user accuracy of 63% in Santa

Clara County (USDA NASS 2022). To reduce the impact of annual, pixel-level uncertainty, I

use 10 years of CDL data and aggregate pixel data to the parcel level. I create a composite

raster layer of the maximum agricultural profit earned in each pixel between 2010 and 2020. Each

developable parcel’s assumed future agricultural profits is the sum of composite layer profit values

for all intersecting pixels. This method assumes that future agricultural rents will be the maximum

potential agricultural value as reflected by recent historical land use.

Agricultural profits are estimated from several sources. Pixels designated as mixed forest,

shrubland, grassland/pasture, evergreen forest, winter wheat, alfalfa, hay, oat, lettuce, and greens

are assumed to have profits of $13 per acre, which is the average California pastureland rent for

2020 (USDA NASS 2020). Santa Clara County forested areas are likely to earn lower annual rents
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on average, based on estimates from the County of Santa Clara 2020 Crop Report (SCC 2020),

however I assume landowners have the option to remove tree cover and lease land as pasture. Cost

studies find lettuce and greens may generate negative returns, so I make a similar assumption for

this crop type (Tourte et al. 2019).

For major high value crops, I estimate per acre revenue from per acre yields and unit prices

reported in SCC 2020 and per acre operational costs from crop-specific cost studies produced by

the University of California Davis. All cost estimates are inflated to 2020 dollars. I ignore capital

and overhead costs, assuming these are sunk for agricultural landowners. Remaining crop types

cover 0.01% of Santa Clara developable land on average over 2010-2020 and are assigned profits of

$439 per acre, the average 2020 California cropland rent (USDA NASS 2020).

3.2 Developer offer estimation

My goal is to estimate the expectation of future developer offers that an agricultural parcel

owner would reasonably expect, for any future time step, given historical parcel sale observations.

To do this, I use an autoregressive econometric model, drawing on the economic literature for

deriving unbiased real estate price indices. Since I will use the model to predict future developer

offers for individual parcels, in addition to estimating a historical price index, I also seek high model

prediction accuracy conditional on hedonic parcel characteristics.

The primary dataset used in this section is proprietary CoreLogic data encompassing all sales

of developable agricultural parcels in Santa Clara County from 1985 to 2020, including observed

price and and a parcel identifier, assessor’s parcel number (APN). Additional geospatial data made

available by the Santa Clara County Department of Planning and Development and Open Space

Authority were used to allocate parcel hedonic variables to the CoreLogic observations, including:

parcel size; zoning designation; number of allowable primary residences; parcel slope; distance

to amenities like major road types and public open space; the portion of parcel protected by

permanent easement; level of farmland quality as measured by the California Farmland Mapping

and Monitoring Program; and dummy variables indicating whether or not the parcel is enrolled

in the Williamson Act program; location in urban service area, urban growth boundary, or urban

sphere of influence; flood zone; and high or very high fire risk.

To motivate the econometric model, I assume that if the landowner of parcel i were to receive
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a developer offer in any time step t, it would be a multiplicative function of parcel characteristics

Xi and time varying component Zt:

Pit =
∏
j

X
αj

ij

∏
t

Zβt
t eϵit (23)

where:

Pit = developer offer for parcel i at time t

Xij = hedonic characteristic j of parcel i

Zt = time-varying fixed effect (annual time dummy)

ϵit = normally distributed error term, independent over time and space, such that

ϵit ∼ N(0, σ2
ϵ )

α, β, σ2
ϵ = parameters to be estimated

Equation (23) admits a log-linear function which, lacking a complete panel, I estimate using

pooled ordinary least squares, representing the time-varying component Zt with annual time dummy

variables (Equation (24)):

pit = β0 +
∑
j

αjXij +

2020∑
t=1986

βtZt + ϵit (24)

The intercept of the log-linear model (β0) is the county quality-adjusted parcel price index

for 1985, where parcel quality is measured by hedonic variables Xij . Summing β0 with each year

dummy parameter (β1986, ..., β2020) provides the county index for the historical time frame, referred

to hereafter as It for all t. Hedonic parameter estimates α̂j are assumed to stay constant over time

and are saved for estimating future parcel prices.

One would expect volatility in the historical county price index It for a number of reasons.

Developer willingness to pay for a unit of parcel quality, as measured by parcel-level covariates Xij ,

may change as new information arrives in the market about the per unit value, for example about

residential homeowner willingness to pay for being located in Santa Clara County. The developer

population may also change, with opinions about parcel value shifting as individuals enter and exit

the market. While these market drivers are also likely to impact hedonic parameters, I simplify the

model by assuming that the only time-vary component of parcel prices is the county-wide index
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value. This reduces the number of assumptions needed for forecasting future parcel prices.

To enable forecasting, county index estimates are fit to a first order autoregressive model:

∆It = ρ∆It−1 +
∑
k

γk∆Ckt + ut (25)

where:

∆It = first difference of index It

Ckt = county-wide covariate: population, personal income (income from wages,

government benefits, dividends and interest, business ownership, measured by place

of residence), and construction cost index

ut = normally distributed error term, independent over time, such that ut ∼ N(0, σ2
u)

ρ, γk, σ
2
u = parameters to be estimated

Including county-wide covariates (population, personal income, and construction costs) in Equa-

tion (25) necessitates assumptions about future values for these variables when creating expecta-

tions of future parcel prices. Therefore, economic and population growth scenarios are required.

The results reported below focus on a scenario in which county population, personal income, and

construction costs grow at a constant annual rate equal to the average annual growth from 1985 to

2020.

Since individual parcels are infrequently traded, there is a structural bias towards negative serial

correlation between proximate estimates of It, especially for indices created over small regions. That

is, there are unobservable characteristics of parcels sold in one time step that may be captured in

time dummies and that, since they are unlikely to appear in nearby time steps, result in spurious

negative serial correlation between index values. This would bias ρ̂ away from zero and create

noisier forecasts, a key application for the index estimates here.

To address this issue, I follow methods from Case and Shiller (1989) and Kuo (1996), who

recommend a bootstrap approach to estimating Equation (25) parameters. For each iteration, the

historical parcel sales data is randomly divided into two samples. Equation (24) is estimated for

each sample and Equation (25) is estimated using one set of index results for the left hand side and

the other for the lagged index values.

I also want to ensure that Equation (24) admits an unbiased estimate of developer willingness
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to pay. Fisher, Geltner, and Pollajowski (FGP 2007) note that a naive regression of Equation (24)

will result in a biased estimate of mean buyer willingness to pay, since sales are only observed when

buyer willingness to pay exceeds seller willingness to accept. For this reason, I use FGP (2007)

methods to isolate buyer-side parameters, using a two-stage Heckman procedure to control for

the likelihood that any given transaction would be observed on the market. This is an important

consideration, since 1,118 out of 5,314 total developable agricultural parcels in Santa Clara County

have not been transacted since 1985.

In the real estate economics literature, controlling for likelihood of sale in a hedonic price model

generates a “constant liquidity index.” Real estate markets are characterized by variable liquidity

over time, or changes in the ease of selling an asset reflected through variables like number of days

on the market or number of transactions. A constant liquidity index controls for the fact that it is

more difficult to sell a property during a down market and therefore reflect that the true value of

a property may be lower than the transactions observed on the market (FGP 2007).

The constant liquidity index can also be interpreted as a buyer willingness to pay index. This

is because controlling for the probability of sale is, by definition, controlling for the probability

that the buyer willingness to pay exceeds the seller willingness to accept. The first stage probit

results of the Heckman procedure can therefore be used to identify price parameters specific to

buyer and seller populations. FGP (2007) and Fisher, Gatlaff, Geltner, and Haurin (2003) describe

the procedure to derive the buyer parameters from the two stage Heckman regression parameters,

which requires adding together the variable liquidity index parameters estimated from the sample

selection-controlled second stage Heckman regression and a term that is a function of the coefficients

on time dummies in the first stage probit regression, which removes the effect of market liquidity

from the index.

Buyer-side parameter estimates for Equation (24) are shown in Figure 4 and parameter estimates

for Equation (25) are reported in Table 1. The variables with the largest positive influence on parcel

price include being located in an urban service area, which indicates that the parcel is sufficiently

close to one of Santa Clara’s cities to receive waste removal, water, sewer, and other municipal

services. Being located in a “design review” special district, which indicates proximity to visual

and environmental amenities protected by the County zoning ordinance, is associated with an

increase in parcel value. Conversely, being located in zones with large minimum lot sizes (5, 20,
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and 40 acres) is associated with lower parcel values, likely because these zoning designations reduce

the total number of primary residences that could be created through subdivision.

Figure 4: Buyer-side, sample selection-corrected parameter estimates (α̂j) for log-linear parcel price
model (Equation (24)). Average model R2 = 0.30. “Zoning, Design Review” is a dummy variable
for parcels located in a special district requiring review of the impact of any development on
local visual and environmental amenities. “Zoning, Scenic Roads” is a dummy variable for parcels
subject to special development and sign regulations protecting the visual character of scenic roads.
“Zoning, X Acres” refers to parcel zone’s minimum lot size restriction. “Zoning, Base Zone X”
refers to parcel base zone, which defines allowable uses; “A” = “Exclusive Agriculture”, “AR” =
“Agricultural Ranchlands”, “HS” = “Hillside”, “RR” = “Rural Residential”.

Using Monte Carlo analysis, I draw many realizations of the county index error term ut for

all forecasted years, given estimated σ̂2
u. With the resulting iterations of future county index

paths (Figure 5), I discretize the space of possible future index values into bins for each time step

and calculate the probability of transitioning from one price bin to another. The expected index

values within each bin, summed with each parcel’s hedonic value as estimated from Equation (24),
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Table 1: County index autoregressive parameter estimates, Equation (25)

Parameter Bootstrap
Average

2.5th pc 97.5th pc

ρ (∆It−1) -0.103 -0.410 0.163

γPI (∆CPI ,
Personal income)

2.00 1.09 2.98

γP (∆CP ,
Population)

-1.36 -9.45 9.95

γC (∆CC ,
Constr. costs)

-3.15 -9.64 -0.347

σ2
u 0.136 0.066 0.433

are used as the rewards to choosing development (Rdevelop(x)) and the estimated index transition

probabilities serve as qa(x, x
′) in the MDP model.

Figure 5: County-wide agricultural parcel price index (estimated 1985-2020, in red), and forecasted
future price indices, assuming constant future growth in county population, personal income, and
construction costs (forecast 2021-2060, in gray).

Some of the model assumptions used here are usefully relaxed in the real estate economics lit-

erature, but since the focus of this exercise is to evaluate the likelihood of landowner participation
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in conservation programs, I do not pursue more elaborate analysis of real estate market structure.

For example, a number of past studies find that real estate prices follow a random walk, identified

through autoregressive models on differenced prices (Case and Shiller 1989, Kuo 1996, Plazzi et

al. 2011) while others demonstrate the presence of more complex market cycles, including regime

switching (Crawford and Fratantoni 2003, Gu 2002, Ghysels et al. 2013). While I assume hedonic

parameters are constant over time to simplify forecasting, similar to FGP (2007) and other ap-

plications in conservation literature (Cho et al. 2014), other studies have relaxed this assumption

(Wallace 1996, Ghysels et al. 2013, Glumac et al. 2019), for example separately estimating Equa-

tion (24) in each time step (Murphy 2018). Other studies have been able to exploit complete panels,

for example using real estate investment trust data that provide asset value estimates in every time

step, to use a Kalman Filter approach to jointly estimate Equations (24) and (25) (Brown et al.

1997, Guirguis et al. 2005). Applying these methods in my setting would provide a useful sensi-

tivity but would require evaluating tradeoffs between spatial and temporal error variance. Finally,

while I assume homoskedasticity in estimating parcel price parameters, through Breusch-Pagan

analysis I find that parcel size significantly affects estimated error variance. Future refinements to

this analysis could account for higher price uncertainty for larger parcels.

3.3 Calculating county-wide expected development

This analysis seeks to inform conservation program design choices. A simple measure that

county planners could use to compare choices of J and c is expected area of development across all

eligible parcels, with a programmatic objective of minimizing expected developed area for a given

budget. Using parcel-level MDP solutions, I calculate expected county-wide developed area, from

the perspective of t = 2020, for a chosen policy evaluation year t̄:

E[Dt̄] =
∑
s

{∑
i

(∑
ki

t̄∑
t

1(aikist = develop) p(ki)

)
Aci

}
p(s) (26)

where:
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E[·] = expectation over realizations of county price index It, indexed by s, and

parcel-shocks, indexed by ki for all parcels i, for all t = 2020, ..., t̄

Dt̄ = cumulative area of developable agricultural land sold to developer

between t = 2020 and t̄

1(aikist = develop) = 1 if it is optimal for landowner i to accept developer offer at time t, given

county index realization s and parcel shock realization ki, 0 otherwise

p(ki) = probability that parcel shock realization ki occurs

p(s) = probability that county index realization s occurs

Aci = size of parcel i in acres

Equation (26) can be interpreted as each parcel’s cumulative probability of development (the

term within the round brackets), conditional on a given county index realization, weighted by each

parcel’s area and summed over all parcels. This value (the term in the braces) is then summed

over the probabilities of all possible county index realizations (experienced simultaneously by all

parcels). The equation can be rearranged for ease of calculation such that the MDP model solves

for each parcel’s cumulative probability of development separately, over all possible county index

realizations, then parcel results are weighted by parcel area and summed:

E[Dt̄] =
∑
i

Aci
∑
s

∑
ki

t̄∑
t

1(aikist = develop) p(ki) p(s) (27)

4. Results

All results reported here assume a future scenario in which annual county population, personal

income, and construction costs increase at the same average annual rate over 2050-2080 as observed

1985-2020.

4.1 Business as usual development in Santa Clara

In the absence of a conservation program, the model predicts high likelihood of development

for most parcels in the Santa Clara County ARA region: over 72,000 acres out of 153,000 total

ARA developable acres have a greater than 50% probability of developing before 2050 (Figure 6.A).

Using Equation (27), the expected area of development in the ARA increases from 22% to 33%
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to 43% of developable ARA area in 2030, 2040, and 2050, respectively. The areas with highest

development risk are found within Gilroy and Morgan Hill spheres of influence, or areas closest

to existing urban and suburban development (Figure 6.B). Visual and environmental amenities

protected by “design review” and “scenic road” zoning provisions also drive higher predicted real

estate values and therefore development risk.

Figure 6: Probability and drivers of development in the Santa Clara County Agricultural Resource
Area (ARA), business as usual scenario.

To evaluate the performance of the MDP and price prediction models, I compare the business as

usual results to an independent, qualitative study of open space development risk in the San Fran-

cisco Bay region carried out by the Greenbelt Alliance (GBA 2017). The GBA analysis primarily

focuses on spatially-varying drivers of development risk, including city and county general plans

and zoning ordinances, urban service areas, spheres of influence, proximity to roads, land slope, and

environmental, habitat, and agricultural protection policies. They also use information on planned

development projects from county websites, news, and local interviews. They then attribute qual-

itative “development pressure factors” to the range of possible values for each variable assessed,

and use the union of all spatial layers to identify regions that are (1) high risk (urban development

likely within 10 years), (2) medium risk (urban development likely from 10 to 30 years) and (3) low

risk (development unlikely within 30 years).

Overlaying this study’s business as usual development predictions for all of Santa Clara County

with the GBA risk assessment, the findings are largely consistent. Table 2 shows that, for example,

out of the 28,874 acres identified as “high risk” in the GBA analysis, this study finds that expected
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development reaches 39.4% of that area by 2050. Conversely, only 8.5% of the area identified as

“low risk” is predicted to be developed by 2050 in this analysis. The modeling approach used here

therefore broadly aligns with analysis that benefited from even more detailed data on project-level

announced and planned development in the region.

Table 2: Greenbelt Alliance comparison

GBA analysis This study, expected developed area

(% of GBA acres)

Risk
categories

Santa Clara
acres

2030 2040 2050

High risk 28,874 8.0 21.4 39.4

Medium risk 105,895 4.7 13.3 29.5

Low risk 571,836 0.5 2.0 8.5

4.2 Conservation program effect on a single parcel

As shown in Equation (19), landowner behavior in the conservation program re-enrollment

setting simplifies to two reservation prices, one the developer offer price at which they will stop

enrolling in the conservation program (enrollment reserve price, p∗(xJ) in log form) and the other

the developer offer price at which they will sell their parcel to the developer (sale reserve price,

p∗(x) in log form). Solving for landowner reserve prices using numerical analysis provides several

findings (Figure 7). For this exercise, I report results for a single parcel with annual agricultural

profits of approximately $150,000 and the median parcel-specific (hedonic) component of developed

land value across all ARA parcels. The numerical analysis throughout this section operates on 5

year time steps.

First, p∗(x) is substantially larger than p∗(xJ) for all scenarios assessed, suggesting that landown-

ers will stop enrolling in the conservation program even if market prices are substantially lower than

their ultimate sale reserve price. The difference between p∗(x) and p∗(xJ) depends on, in addition

to other problem parameters, the landowner’s discount rate and their beliefs about future real

estate prices.
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Second, the reserve price series p∗(x) is essentially constant across contract length J for all

time steps, consistent with the single-shot enrollment setting - that is, the length of the contract

does not influence the landowner’s sale reserve price. However, p∗(x) increases as the conservation

incentive c increases, a departure from the single-shot enrollment setting. When the landowner

can only enroll once, the value of the conservation program is not accounted for in the landowner’s

value of the property (Equation (7)). However, when repeated enrollment is possible, the landowner

increases their reservation price to reflect the ability to permanently increase agricultural land rents.

Across scenarios assessed here, for each increase in c of $100 per enrolled acre, the landowner’s sale

reserve price (in levels) increases between 3% and 9%. The rate of increase in reserve price for a

given increase in incentive level is higher for shorter contracts, which provide more flexibility and

therefore value to the landowner.

Third, the enrollment reserve price p∗(xJ) does not follow the same patterns as the sale reserve

price. First, the enrollment reserve price is not estimated for time steps in which the landowner is

certain to be enrolled (there are no states for that time step in which waiting to enroll is optimal)

(Figure 7). This is more prevalent for scenarios with higher enrollment incentives, as well as

scenarios where the contract length is equal to the temporal resolution of the model and therefore

not a constraint on development (here, 5 years).

Enrollment reserve price is influenced by both contract length and incentive level. For every

5-year increase in contract length, enrollment reserve price decreases between 5 and 25% (in levels),

for two reasons. First, holding incentive level constant, increasing contract length decreases the

value of the conservation program to the landowner and therefore reduces the sale reserve price.

Second, a longer contract length increases the probability that the sale reserve price is reached at

some point during the contract. Both effects increase the range of states over which it is optimal

to wait rather than enroll.

Similar to sale reserve price, enrollment reserve price is increasing in incentive level. For each

$100 increase in c, enrollment reserve price increases between 8% and 25% (in levels), more rapidly

than sale reserve price. By increasing the sale reserve price, higher incentive levels increase the

range of developer offers over which it is optimal to enroll, pushing up enrollment reserve price.

For states where the landowner is not enrolled and where the developer offer is less than p∗(xJ),

the landowner will choose to enroll and will be enrolled for the length of the contract J . For
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Figure 7: Representative landowner reservation prices for sale of parcel to developer (p∗(x)) and for
conservation program enrollment (p∗(xJ)). Contract length J varies in panels from left to right (5
years to 25 years) and conservation incentive c varies from top to bottom ($100-$600 per enrolled
acre).

example, a 5 year contract allows the representative parcel in this analysis to develop whenever the

developer offer exceeds p∗(x) (Figure 8). That is, the conservation incentive acts as an agricultural

subsidy, and it will always be optimal to either enroll or develop in each (5 year) time step. As

the contract length extends to greater than one time step (10 years and above), the landowner will

only enroll if the developer offer is less than p∗(xJ), which is a function of both J and c. Finally,

for instances where the landowner is not enrolled but the developer offer is between p∗(xJ) and

p∗(x), the landowner will wait to decide whether to sell or re-enroll at a later point. For example,

see the conservation program scenario where c = $100 and J = 20 years (Figure 9). The landowner

will not enroll in 2020 because the developer offer exceeds p∗(xJ), but there are some states where

the developer offer has decreased below p∗(xJ) in 2025 and 2030, increasing the probability of

enrollment in those years.

To estimate the expected area of development for each parcel, the metric of interest is cu-

mulative probability of development for each time step (Figure 9). It is instructive to attribute
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Figure 8: Probability that representative landowner is enrolled in the conservation program, 2020-
2050. Contract length J is shown by panel (5 years to 30 years, left to right).

cumulative development results to two drivers: first, the incentive c increases the value of agricul-

tural land use, and through the ability to re-enroll, increases p∗(x) and delays the expected time to

development. This so-called “subsidy effect” is isolated in the 5-year contract scenarios (Figure 9),

where increasing the subsidy decreases the cumulative development probability for all time steps

but there is no lasting conservation protection.

Second, extending the term of the contract ensures the landowner cannot choose to develop

even if there is a transitory surge in the developer offer higher than p∗(x). This so-called “shield

effect” can be seen by comparing the same incentive level across increasing contract lengths in

Figure 9. Conditional on the landowner being willing to enroll, a longer contract length will shield

parcels from price spikes in the real estate market over longer periods, delaying the expected time

of development (Table 3). As a result, for sufficiently high incentive levels (e.g. c = $800), a long

contract period (e.g. J = 30 years) can significantly reduce cumulative probability of development

(equivalently, increase expected time of development) from the business as usual scenario. However,

if the incentive is too low (e.g., c = $100, J = 30 years), the landowner will not enroll and the

program will have no effect on timing of development (Table 3).
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Figure 9: Cumulative probability of development for representative landowner, 2020-2050. Contract
length J is shown by panel (5 years to 30 years, left to right).

Table 3: Single parcel expected time of development

Contract length, J

Incentive, c 5 years 10 years 20 years 30 years

Business as
usual

2050

$100 2050 2055 2051 2050

$200 2051 2057 2059 2062

$400 2057 2064 2062 2064

$600 2061 2066 2071 2070

$800 2063 2069 2071 2072

4.3 Agricultural Resource Area conservation program effect

Given spatial heterogeneity in agricultural profits and real estate values, a given conservation

program will have a wide variety of impacts on development across parcels (Figure 10). The program

administrator will be interested in total conservation program performance in a given region.

I assume the Santa Clara County program administrator’s objective is to minimize the expected

area of development within the ARA for a given budget level. The budget-constrained development-

minimizing program will manage the trade-off between attracting landowner enrollment (which

increases as J decreases and as c increases) and protecting enrolled acres from development (which
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Figure 10: Cumulative probability of development in 2050 for Agricultural Resource Area (ARA)
parcels. Contract length J is shown left to right (20 years, 30 years, and permanent easement) and
incentive level is shown top to bottom ($100, $400, and $800 per enrolled acre).

increases as J increases). As the county budget increases, the program is able to protect more

acres by increasing the per acre enrollment incentive (c), which also allows for increasing contract

length J without impacting enrollment rates. Evaluating a range of annual county budgets ($10-30
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million), this study predicts upwards of 40,000 acres of development could be avoided by 2050

compared to the business as usual scenario, on an expected value basis (Figure 11).

Figure 11 makes clear that the development-minimizing conservation program is not consistent

across time steps. For example, in 2030, the 20-year contract length achieves the most avoided

development for all incentive levels, whereas in 2040 the 30-year contract performs best. Since

many parcels are predicted to enroll in 2020, the performance of each contract length declines

following the end of the first enrollment cycle, and so by 2050 the 30-year contract falls behind

both the permanent easement program and the 20-year contract.

Using these results, the program administrator would choose their preferred evaluation year

and budget level, which would allow them to identify the contract length J that delivers the

maximum avoided development for that year, and the incentive level c that ensures the budget

constraint is met. For example, having chosen a budget of $20 million and evaluation year of 2050,

the administrator would use results in Figure 11 to choose a contract length of 20 years and an

incentive of slightly greater than $200 per acre.

5. Discussion and Conclusion

This study highlights important structural differences between a single-shot enrollment con-

servation program and a program in which re-enrollment is possible. First, re-enrollment allows

for the conservation incentive to be capitalized into agricultural land value and therefore increases

the landowner’s reserve price at which they are willing to sell to a developer. The effect of the

incentive on reserve price depends on contract length, with longer contracts resulting in stronger

protection but lower capitalization effect. Second, unlike the single-shot enrollment setting, under

the re-enrollment setting there is no optimal contract length from the perspective of the landowner

because as contract length approaches zero the conservation program approaches a pure agricul-

tural subsidy without constraint on land use change. However, program administrators will want to

identify the conservation program, defined by a contract length and incentive level, that minimizes

expected area of development for a given budget. The choice of optimal conservation program

depends strongly on the evaluation year, particularly when evaluating a small region where the

contract length can cause large swings in the amount of protection provided year to year.
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Figure 11: Conservation program performance by average annual budget. “Avoided development
(acres)” is the difference in cumulative development between conservation program scenarios and
business as usual for all ARA parcels, in 2030, 2040, and 2050. “Average annual budget ($)” is
the average annual total program expenditure for all enrolled parcels between 2020 and 2030, 2040,
and 2050. Incentive levels ($/acre-year) are shown in annotations for the leading contract length
in each panel.
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This study demonstrates that term-limited conservation programs may be able to reduce devel-

opment rates by (1) subsidizing agricultural use and (2) “shielding” parcel from unanticipated real

estate price shocks. However, unmanaged, long term market trends can drive suboptimal develop-

ment as contracts end. Therefore, the term-limited program should be viewed as only one tool in

the arsenal for managing land conservation. Options for long-term protection include changes to

zoning ordinances, although any changes to allowable land uses may reduce land value and therefore

agricultural landowner welfare.

There are a number of future avenues for research building on the results of this study. As with

many dynamic and predictive models, it’s difficult to validate model structure and to test historical

predictions, due to limited time series availability. In this application, it is rare to find programs

that implement a variety of contract lengths and incentive levels that would allow for testing the

comparative statics described above. Future research could identify empirical settings that allow

for testing key model predictions.

In estimating program effects over larger regions, the methods would need to account for the

impacts of constraining agricultural land supply on real estate markets. Accounting for real estate

market complexities is not trivial, markets are highly regionalized, and both locating and charac-

terizing regional supply and demand elasticities can be confounded by business cycles. This work

would also usefully account for regional preferences for alternative residential development options

like urban in-fill.

The results presented here focus on a single scenario, where average county-wide parcel value

grows constantly at the historical rate observed from 1985 to 2020. Scenario analysis should be

employed to evaluate program performance over a broader range of possible futures.

Here I focused on a single measure of program benefit, expected area of development. Program

performance should be evaluated across a suite of benefits, including avoided greenhouse gas emis-

sions, avoided water runoff, and other development impacts. Accounting more fully for program

benefits would allow for designing a conservation program that increases social welfare rather than

simply minimizing programmatic costs.

There are many complications in landowner decision making for which this study’s model struc-

ture does not account. In addition to landowner risk neutrality, I assume the landowner’s objective

is only influenced by agricultural profits and land asset value, while many landowners value non-
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market amenities like open space and family tradition that are not fully priced into land markets.

Hedonic valuation methods could therefore usefully be paired with this modeling approach. Fur-

thermore, landowners are likely to be influenced by demographic and generational dynamics, with

agricultural parcel sales more likely when a parent passes. Lacking data on parcel ownership age

or landowner age distribution, it is difficult to predict about how this structural omission would

impact results.

The modeling approach demonstrated in this study could be usefully applied in any setting

where we seek to predict voluntary landowner decisions over a limited term, given some stochastic

component. In particular, this approach could be used in evaluating the effect of voluntary carbon

offset and conservation programs on net greenhouse gas emissions, a literature which currently

abstracts many of the nuances of both realistic policy and landowner decision-making. Structural

representation of landowner decisions to participate in term-limited programs can help determine

the true costs of attracting enrollment as well as the effects of limited contract length on environ-

mental gains and reversals over time.
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