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. Introduction

The spatial configuration of land use and land cover has important influences on
populations of birds (Askins 2002, Faaborg 2002) and amphibians (Kolozsvary and and Swihart
1999, deMaynadier and Hunter 2000), the health of riverine systems (Gergel et al. 2002) and
estuaries (Hale et al. 2004), human perceptions of scenic quality (Palmer 2004), and the extent of
urban sprawl (Carrion-Flores and Irwin 2004). Land-use change results in changes in the spatial
pattern of land use, often in ways that diminishes environmental quality. For example, habitat
fragmentation can occur when changes in land use transform a contiguous habitat patch into
disjunct patches. Many species of conservation interest are sensitive to habitat fragmentation,
including birds (Askins 2002, Faaborg 2002), amphibians (Kolozsvary and and Swihart 1999,
Lehtinen et al. 2003), and large mammals (Noss 1994, Costa et al. 2005). Land-use change is the
leading driver of biodiversity loss in terrestrial ecosystems and is expected to remain so in the
future (Millenium Ecosystem Assessment 2005, Sala et al. 2000, Wilcove et al. 2000).

Much of the habitat important for biodiversity conservation occurs on privately-owned
land. One study found that 70% of species listed under the U.S. Endangered Species Act (ESA)
depend on non-federal land, most of which is privately-owned, for the majority of their habitat
(Natural Heritage Data Center Network 1993). In landscapes dominated by private ownership,
landowners lack the incentive to coordinate decisions in order to influence the spatial land-use
pattern and the environmental outcomes that depend on it. Econometric-based landscape

simulation models have been developed to understand the nature and extent of this market failure



problem and to identify and quantify the effects of corrective land-use policies. A landscape
simulation begins with a spatial representation of the landscape, such as a land-use map where
the unit of analysis is a land parcel, and simulates changes in the landscape through the use of
rules applied at the unit scale. An econometric-based simulation model uses rules derived from
econometric estimation. For example, Lewis and Plantinga (2007) estimate an econometric
model that relates observed land-use changes to economic returns to alternatives uses. The
econometric results are then incorporated into a landscape simulation model used to study how
forest fragmentation is affected by incentive-based policies that modify the relative returns to
different uses. Lewis, Plantinga, and Wu (2009) analyze the spatial targeting of incentives to
increase contiguous forest habitat and Lewis et al. (2011) consider the relative efficiency of
voluntary incentive-based policies in achieving biodiversity conservation objectives. The latter
analysis combines an econometric land-use model, landscape simulations, and a biological
model of biodiversity that depends on the spatial pattern of land use.

The development of econometric-based simulations for landscapes dominated by private
ownership presents four basic challenges. The first is to represent variation in the private
economic returns to land at the same scale at which land use varies. Hedonic price studies reveal
that returns to urban land uses vary considerably at fine spatial scales. Housing prices, for
example, are affected by proximity to the central business district, roads, and amenities (Wu,
Adams, and Plantinga 2004), as well as spatial interactions with neighboring parcels (Irwin and
Bockstael 2002). Returns to rural land uses, such as cropland and forests, typically exhibit little
variation at this scale because output and input prices for land-based commodities are relatively
constant over space. Factors that can cause varation in rural land returns include soil quality,

which affects crop and timber yields, and access to markets. Land-use regulations, such as



zoning restrictions, can also have important effects on economic returns (Grout, Jaeger, and
Plantinga 2011).

The second challenge is to model the private information that landowners possess about
the returns to their land. Researchers have incomplete information about private returns because
of unobservable parcel attributes, landowner characteristics such as managerial expertise, and
private non-market benefits (e.g., recreation) associated with particular uses of the land. The
random utility framework is a common way to accommodate the incomplete information. The
returns to land are represented by a deterministic component and a random error observed only
by the landowner. This gives rise to a probabilistic model of land-use change, as in Lubowski,
Plantinga, and Stavins (2006). Lewis et al. (2011) estimate a mixed logit model that includes
random parameters to account for spatial and temporal correlation in land-use decisions. Their
results indicate a significant degree of unobserved heterogeneity in returns to land.

The third challenge is how to best account for land-use intensity. In addition to choosing
the use of their land, landowners must decide on the intensity of use. For example, once the
landowner has chosen to develop her land, she must also decide on how many housing lots to
build per acre or how many floors to add to a commercial building. Likewise, a farmer who
allocates his land to crops must decide which crops to produce and how intensively to cultivate
them. Finally, the forest owner must chose species and rotation length, among other
management decisions. Land-use intensity is, thus, the set of secondary choices faced by a
landowner once the land-use decision has been made. Land-use intensity has important
implications for econometric land-use models because it affects the economic return to the
chosen use. In many previous studies, land-use intensity is implicitly assumed in the

measurement of net returns to each use (e.g., Stavins and Jaffe 1990; Plantinga 1996; Lubowski,



Plantinga, and Stavins 2006).> Lewis, Provencher, and Butsic (2009) and Lewis (2010),
however, model land intensity as a joint decision with land use. Explicit representation of land-
use intensity may be warranted if differences in intensity are important for the landscape-level
processes of interest. For example, in the application presented below, the intensity of
development—measured as the number of shoreline housing lots—has important effects on the
green frog population we study.

The fourth challenge arises from the probabilistic nature of the land-use transition rules
derived from econometric analysis (Bockstael 1996). The researcher can determine whether a
particular parcel is more likely to convert than another parcel, but not that any particular parcel
will convert with certainty. Some analysts present maps showing the spatial distribution of the
estimated probabilities (Bockstael 1996; Cropper et al. 2001), while others form deterministic
rules from probabilistic ones (e.g., Chomitz and Gray 1996; Irwin and Bockstael 2002). A
problem with the latter approach is that a given deterministic rule is only one of many possible
rules. Thus, the simulation produces a single landscape that represents only one of what is
typically a very large number of potential landscapes. An alternative is to generate a large
number of different landscapes conforming to the underlying probabilistic rules. However, one
must then summarize this information in a way that effectively conveys the range of potential
outcomes.

This chapter will discuss landscape simulations based on econometric land-use models,
emphasizing ways to overcome the four challenges mentioned above. The next section will
review the related literature. Section 3 will present the basic methodology for econometric

modeling of private land-use decisions and section 4 will describe the use of these models in



landscape simulations. An application of the methods is provided in section 5 and a final section
considers directions for future research.
2. Previous Literature

Numerous studies in the economics literature seek to explain observed land-use decisions
in terms of profit-maximizing behavior. Early studies employed aggregate (typically county-
level) data on land use (Stavins and Jaffe 1990, Plantinga 1996, Hardie and Parks 1997), while
more recent analyses have used plot-level data (Lubowski, Plantinga, and Stavins 2006, Lewis et
al. 2011) and spatially-explicit land-use or land-cover data (Bockstael 1996, Nelson et al. 2001,
Cropper et al. 2001, Irwin and Bockstael 2002, 2004, Carrion-Flores and Irwin 2004). An
advantage of spatial data is that they allow spatial processes to be modeled explicitly. For
example, Bockstael (1996) uses a hedonic function of residential development value to predict
the potential developed value of agricultural parcels. The hedonic function includes measures of
distances to cities, water access, and neighborhood characteristics. The potential development
values are used, along with other controls, in a probit model of land conversion estimated with
spatially-explicit data.

The results of econometric estimation provide a set of rules governing parcel-level
changes in land use. By combining econometric results with a G1S-based landscape
representation, Lewis and Plantinga (2007), Lewis, Plantinga, and Wu (2009), Nelson et al.
(2010), and Lewis et al. (2011) simulate future land-use patterns under alternative biodiversity
conservation policy scenarios. Their simulations account for land conversion into urban use as
well as exchanges between rural uses (e.g., cropland to forest), which have important
implications for species habitat. Many earlier landscape simulation studies focused on

urbanization (e.g., Bockstael 1996, Carrion-Flores and Irwin 2004) or deforestation (e.g., Nelson



et al. 2001). Researchers in other disciplines, notably geography, have also made important
contributions to the development of spatial models of landscape change (Clarke and Gaydos
1998, Guzy et al. 2008, Li and Gar-On Yeah 2000, Wu 1998, 2002, Allen and Lu 2003). A
criticism of the models in the geography literature is that the transition rules represent human
decisions, yet typically are not based on well-specified and empirically-validated models of
human behavior (Wu and Webster 2000).

The literature on systematic conservation planning (SCP) is also concerned with
characterizing future landscapes (Margules and Pressey 2000). In contrast to the simulation
approach discussed above, SCP uses optimization methods to identify sites for conservation. In
the basic formulation of the problem, sites are chosen to maximize species conservation subject
to a constraint on the total area conserved or total conservation budget allotted (e.g., Camm et al.
1996, Church et al. 1996, Csuti et al. 1997, Kirkpatrick 1983, Vane-Wright et al. 1991).
Extensions of the basic optimization problem incorporate land costs (e.g., Ando et al. 1998,
Balmford et al. 2000, Polasky et al. 2001), considerations of compactness or contiguity (e.g.,
Fischer and Church 2003, Onal and Briers 2003), and dynamics (e.g., Costello and Polasky 2004,
Meir et al. 2004, Newburn et al. 2006, Strange et al. 2006). More recent studies in the SCP
literature have analyzed complex spatial patterns that affect species persistence, including habitat
fragmentation and dispersal ability (e.g., Cabeza and Moilanen 2003, Moilanen et al. 2005, Jiang
et al. 2007, Nalle et al. 2004, Nicholson et al. 2006, Polasky et al. 2005, 2008).

3. Econometric models

The results of econometric estimation provide a set of rules governing land-use change in

landscape simulations. In this section, we present a general framework for specifying and

estimating econometric land-use models with parcel-scale data. We also discuss strategies to



address the first three challenges described above—how to represent variation in the private
economic returns to land at the same scale at which land use varies, how to model the private
information that landowners possess about the returns to their land, and how to account for land-
use intensity.

3.1 Model specification

Landowners are assumed to allocate a land parcel of uniform quality to the use that
maximizes the present discounted value of expected net revenues minus conversion costs. It is
convenient to assume landowners form static expectations. That is, landowners consider
currently available information and form an expectation about the future annual return to their
land that is constant (though can be updated as new information becomes available). The
assumption of static expectations yields a simple decision rule under which the use generating
the greatest annualized net revenues net of conversion costs is chosen (Plantinga 1996). The
problem with relaxing this assumption is that the land-use decision then depends on the future
sequence of net returns, and one must apply Bellman’s equation to find the optimal solution.
This complicates the estimation problem considerably, though previous authors have estimated
structural models of dynamic decision making (e.g., Rust 1989, Provencher 1995). An
interesting application of these methods would be to the land-use decision problem.

Assuming static expectations, the landowner compares the annualized net return to
alternative uses and allocates her parcel to the use providing the greatest return. The net return
(NRik) equals the annual net revenues generated from parcel (Rix) less annualized conversion
costs (Cij«t), where i indexes the parcel, k the chosen use, j the initial use, and t the time. In

general, the researcher cannot observe all of the factors that determine net returns to the



landowner, motivating a specification of net returns that includes deterministic and random
components, such as:

1) NRy = Boic + BiixRic + B ixCie + Lije

where (B, Bij: Boj) are parameters specific to the j-to-k transition and 4, is a random error

term.
Lewis et al. (2011) adopt the following specification of net returns, which is a special
case of (1):
@) NRy: = Boi + BiixReiye T Bo i LCCR e + i
where R, is the average net revenue from use k at time t in county c(i) where parcel i is

located and LCC, indicates the productivity, as measured by the Land Capability Class (LCC)

rating, of parcel i. The LCC system assigns a rating of | through VII1 to a land parcel, where

lower numbers indicate higher productivity for agricultural crops. The interaction of R, and

LCC, allows the net revenue for parcel i to deviate from the county average net revenue due to

observable land quality. The effects of annualized conversion costs are assumed to be constant

across parcels and time and are measured implicitly by 4, . Similar specifications are used in

Lubowski et al. (2006) and Lewis and Plantinga (2007).

The three studies mentioned above meet the first modeling challenge—representing
variation in the private economic returns to land at the same scale at which land use varies—
using the interaction of the county average net return and parcel-level land quality. An
alternative approach is to use parcel-level data to estimate separate hedonic price models for the
net returns to each use. These models can incorporate spatial variables, such as distances to

urban centers and features of the surrounding landscape, and be used to predict net returns for the
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unselected land uses in the choice set. In this fashion, Bockstael (1996) estimates a hedonic
price model of the value of land in residential housing. Parcel-level predictions of the value of
land in residential use are then incorporated into a probit model to explain development of
agricultural land. Carrion-Flores and Irwin (2004) and Newburn, Berck, and Merenlender
(2006) enter the determinants of net returns (e.g., slope, elevation, soil characteristics, distances
to cities, zoning, and neighboring land uses) directly into the land-use change model. The
disadvantage of this reduced-form approach is that one loses economic information—
specifically, the relationship between land-use decisions and net returns—that can be used in
simulations of incentive-based policies, such as subsidies for land conversion.

The random utility framework, adopted for all of the econometric land-use models
discussed in this section, addresses the second challenge—modeling the private information that
landowners possess about the returns to their land. In (1), the deterministic component of net

returns, S, + B R + B Ci » 1S @assumed to be common knowledge, whereas the random error
i, 18 observed by the landowner, but not by the researcher. The average net revenues from

crop production in a county, R, , are typically observable, but the researcher is unlikely to
observe deviations from the mean return due to landowner-specific skills, knowledge, and other
individual attributes. These deviations are captured in g, and represent a landowner’s private
information about her returns. In all but one of the studies mentioned above, researchers impose

assumptions on the distribution of ., that yield probit or multinomial logit models. Lewis et

al. (2011) have panel data on land-use change and, thus, can use a more flexible random

parameters specification:

(3) Hiie = 01 @1ciyik T 025 @i + Eijie
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where (&4, @) @) are random variables and (o, 0,;) are parameters. The random

parameters allow for spatial correlation (o, @, ; takes the same value for all parcels within a

i) jk
county) and temporal correlation (o, @,;, takes the same value for a given parcel in all time
periods).’

A useful property of random utility models is that they define a distribution over—in the
land-use context—the maximum net return from each land parcel. Given the starting use j, and

K possible land-use choices, the maximum net return derived from parcel i in time tis:
* K
(4) Ry, = max {ﬁo;‘k + B Ric + B25Cije + /uijkt}k:l

The assumption that x4, is distributed type | extreme value allows (4) to be re-written:
« 1
(5) Ry = é_(ln [Zk eXp(,Bojk + B Rie + ﬁzjkcijkt):l - 7’) *+Viit
j

where y is Euler’s constant and v, is distributed type | extreme value with location parameter

ijt
equal to zero and scale parameter &; (Ben-Akiva and Lerman 1985). Equation (5) can be used
in landscape simulations to introduce land uses other than those in the original choice set, as long
as one can assume that landowners will accept the maximum net return from their parcel as
compensation for adopting the new use. Lewis et al. (2011) use this approach to model habitat
conservation on private land. In this context, equation (5) defines a distribution over
landowners’ willingness-to-accept conservation payments.

The above discussion assumes that the net returns in (1) are fixed. In most cases,
however, the net return is chosen by the landowner when she selects the land-use intensity. The
appropriate way to model this is the third challenge discussed above. Formally, for parcel i, use

k, and time t, the landowner chooses the intensity m to solve:
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(6) NR;, = mn‘?x { NRikt,m }::1

where My is the number of intensity choices associated with use k. The simplest approach is for
the researcher to assume she knows the solution to (6) (or at least the deterministic component of
the solution). Provided that one can observe the choice of intensity, a more flexible approach is
to model the intensity decision explicitly. A natural extension of the random utility models
discussed above is to model intensity as a nested choice conditional on land use. In this
formulation, the landowner is assumed to simultaneously choose land use and intensity,
conditional on the net returns to each use-intensity combination. Lewis, Provencher, and Butsic
(2009) estimate a probit model of the binary development decision jointly with a count model of
the number of housing lots. They address the sample selection problem inherent to their data,
namely, that the number of housing lots are observed only for developed parcels. Landscape
simulations are normally concerned with the population of land parcels, which argues for the use
of econometric methods that can mitigate sample selection bias.
4. Landscape simulations

The results from the estimation of econometric land-use models translate into a set of
rules governing land-use change. In the case of random utility models, specifically, the

researcher obtains a KxK matrix of land-use transition probabilities for each parcel:
(6) Pijkt =F (X;tBjk>
where X, is a vector of explanatory variables for parcel i in time t (e.g., the net returns to each

of the alternative uses) and fi i« Is the vector of estimated parameters associated with the use j-to-

k transition. The transition matrices are then matched to parcels in a GIS using the variables in

X,.. Figure 26.1 illustrates how this is done for the model specification in (2). One obtains GIS
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layers on land ownership, political boundaries, soil quality, and initial land cover and overlays
them to define distinct parcels on the landscape. Each parcel corresponds to a set of transition
probabilities defined in (6). The land ownership layer is needed to eliminate public land parcels
since the econometric model applies only to private lands. The county and soil quality layers

indicate the values of R, and LCC; to use in applying (6) and the land cover layer indicates
the initial set of estimated parameters to use. If j is the initial land use of the parcel, then the
relevant parameter set is fsjk , k=1,...,K. In asimilar fashion, one can associate a maximum net

return distribution with each parcel in the GIS.
[INSERT FIGURE 26.1 HERE]

Once this matching exercise is complete, Monte Carlo methods are used to simulate
future changes in the landscape. To begin, suppose that parcel i is initially in crop use and,
according to the matched set of transition probabilities for the parcel, will remain in crops with a
70% probability and change to pasture, forest, and urban use, each with a 10% probability. A
random draw from a specified distribution, such as a U(0,1), determines whether the parcel
remain in crops (e.g., if the random draw is between 0 and 0.70), changes to pasture (between
0.70 and 0.80), and so on. This procedure is repeated for every parcel and results in a period t+1
landscape. The transition probabilities are then updated for each parcel on the t+1 landscape.
For example, if parcel i changed to pasture use, then transition probabilities for this parcel must
be computed with a different parameter set. Or, net returns may be different in period t+1 due,
for example, to endogenous price feedbacks. This process is repeated until a landscape
representation is obtained for the future period of interest.

Of course, the simulated landscape is only one of many possible landscapes consistent

with the underlying transition rules. Some earlier authors have used the transition probabilities
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to form a deterministic rule for land-use change (Chomitz and Gray 1996; Irwin and Bockstael
2002). For example, Nelson and Hellerstein (1997) and Nelson et al. (2001) assume that each
parcel will be put to the use with the highest estimated transition probability. This practice,
however, is at odds with the random utility framework underlying the econometric model.
Because of the unobserved component of net returns, the researcher does not have the
information needed to predict changes in land use with certainty. Only probabilistic statements
about land-use changes can be made. To characterize the range of potential outcomes, one can
repeat the process described above many times to generate a large number of future landscapes,
each of which is consistent with the probabilistic transition rules. This, however, raises our
fourth modeling challenge—how does one summarize this information in a way that effectively
conveys the range of potential outcomes?

Lewis and Plantinga (2007) solve this informational challenge with landscape metrics
that summarize the spatial pattern of land use. The focus of their study is forest fragmentation
and so for each landscape they compute the average forest patch size and the area of core forest
(forest parcels that are completely surrounded by other forest parcels). This defines a
distribution over the landscape metrics. In a similar fashion, Lewis et al. (2011) convert each
landscape into a biodiversity score using a biological model that combines simulated landscapes
with information on species and habitats. They summarize the results by computing the mean
biodiversity score.

An important question that arises in Monte Carlo analysis is how many repetitions are
enough? In the context of our problem, how many landscapes need to be simulated? In most
cases, the number of possible landscapes will be astronomically large. For instance, there are

5x10%" possible ways to arrange three land uses on a 100-parcel landscape. Fortunately, the
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researcher is interested not in describing all possible landscapes, but rather with characterizing
the distribution over the outcome of interest, such as a fragmentation metric or a biodiversity
score. Stability in the outcome distribution is likely to be achieved after a relatively small
number of simulations. The ideal approach would be to implement a convergence rule that
would end the simulations when additional landscapes change the outcome distribution in a
sufficiently small way, though this may not be feasible if multiple computer programs are in use.
In his study of forest fragmentation, Lewis (2005) found that the first three moments of the
distributions defined over five fragmentation indices changed very little once 500 landscapes had
been simulated. As a further test, Lewis generated two samples of 500 landscapes and tested for
differences in the sample moments across the two samples. Of course, these tests need to be
done for each application to ensure the stability of the outcome distributions.

The power of econometric-based landscape simulations lies with their use for

investigating effects of land-use policies on landscape-scale environmental outcomes. If X,
includes measures of net returns, then one can simulate the effects of incentive-based policies
such as subsidies for afforestation or habitat conservation. Lewis et al. (2011) evaluate a suite of
conservation policies, ranging from a simple per-acre subsidy applied uniformly across the
landscape to targeted policies that account for biological characteristics of land parcels. The
authors generate landscapes for each policy scenario, comparing the mean biodiversity score in
each case to the mean score obtained under a reference scenario with no policy.
5. Application

In this section, we present an application of an econometric-based landscape simulation

model based on Lewis et al. (2009) and Lewis (2010). A model of shoreline development along

140 lakes in northern Wisconsin, USA, is described. The model represents both the decision to
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develop and the development intensity, where the unit of observation is a parcel of land. The
model is used in a landscape simulation and coupled with a previously published regression
model of green frog populations expressed as a function of a lake’s development density
(Woodford and Meyer 2003).

5.1 Econometric Specification

A landowner is assumed to make a binary decision to develop shoreline parcel i or leave it
undeveloped. Denoting development by k=1 and the current undeveloped use by k=0,
conversion is optimal if the net value of conversion (NVC) is positive:

(7 NR,, —NR, =NVC, =U(X,)+z >0

where NVC is measured as a reduced-form function of observable parcel attributes Xj; (e.g., soil
quality, distance to town centers, etc.) and an unobservable x4 specific to lake | (e.g., the scenic
beauty of the lake). NVC is an indirect function of the land-use intensity decision upon
conversion to the developed use. Formally, the value of choosing density m (i.e., m housing lots)
is given by:

@) Vi (Xi)+ @ + &

where V,,, is a density-specific function of observable variables X, , ¢, is atime-invariant
density-specific unobservable for development, and &, is an unobservable for developed use in

time t that is independent of density. The optimally chosen density is, then:

©) M (X @) =argmax {V,,, (X,) + @y | o

and the net return to developed use is given by:

(10) NR;, = Vlm* Xi)+o

itm” + gilt
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The net return to developed use is a random variable because it is derived by maximizing over a
set of random variables.

A logical modeling approach would be to estimate an econometric model of expected

land-use intensity Em; as a function of a set of observable variables X, . However, since both
Em, and the net value of conversion NVC, are derived from operations on the same set of
random variables ¢, , there necessarily exists a sample selection problem in estimation of Em,:

the analyst only observes the intensity decision for those parcels converted to the developed use.

We assume that we can represent (9) as a Poisson process, where Em; depends on X, and the
random variable @., where @ reinforces that the optimal density choice in (9) is a random
variable generated by an operation on the set of random variables ¢, .. The probability that

m; =m, m=1,2,...,M; is follows a zero-truncated Poisson distribution:

(11)  Pr[m; =m|X, ] = EXPLEXPOX, + 0, )I[EXP(OX, + o)I”
it it 7 m!(1—exp[-exp(@X; +o,7;)])

where o, = o,y, is a normally distributed random variable with standard deviation o,, implying
that »; is a standard normal random variable, and 6 is a parameter vector.

To account for the sample selection problem discussed above, we assume that the net
value of conversion depends on the unobservable ¢, that is correlated with y,, specifically:
(12)  NVC,=U(X,)+ 1 =X, + 14 + &y
In sum, the binary decision to develop is determined by (12), which features i) spatial correlation

in the unobservables induced by the presence of a common unobservable (y;) for all parcels on

lake I, and ii) an unobservable (&, ) that is correlated with the unobservables in the land-use
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intensity decision (y,). If we make the assumption that ¢, is a standard normal, then the
conditional probability of development (d, =1) is given by,

(13)  Pr(d, =1|X;, 1) = P(5X; + 1)

And, if we assume that &,,, and y; are joint standard normal with correlation coefficient p, then
using the properties of the joint normal distribution (Greene 2012), we obtain:

(14)  Pr(d, =1[X, . 1,7,) = D([6X, + 14+ pr ]I 1- p*)

Conditioning the probability in (14) only on observables Xj: requires integrating out x; and ; :

(15)  Pr(d, =1X,) = [ [PrIm; = m|X,, 7, 1Pr(d, =1[X, , 44, 7)16(7)d (14 )d 7 44
where ¢ is the standard normal density function. Thus, the probability of the observed behavior
(d,,m,) on parcel i at time t s,

Pr(d;, m; |Xit) = J‘J‘[(l_dit) +d, Pr[m; =m |Xit P2, =D (0 X + 4 + py 1/

(16)
V1= p2)18(r ) (u)dyd 1

Of particular importance in this model is the lack of statistical independence across parcel

decisions, as y, captures parcel specific and time-invariant unobservables while y; captures lake

specific and time-invariant unobservables. Thus, this specification includes both temporal and
spatial correlation in the unobservables.
Lewis et al. (2009) estimate (16) by maximum simulated likelihood, where D, denotes the

full set of development and intensity decisions on lake I. Conditional on a draw of , and g, , the
probability of Dy is,
(17)  Pr(D)= Hth[(l_dit) +d; Pr[m; =M |Xit Y IP((2d;, 1) (X, + 44 +p7i]/\/1_p2 )]

Taking R sets of draws of y, and g, , the simulated approximation to the likelihood function is,
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(18) Pr™(D,) = R*li Pr(D/)

The econometric model is applied to legally subdividable lakeshore parcels across 140 lakes in
Vilas County, a popular vacation destination in northern Wisconsin. The panel data were
derived from a number of sources, including a GIS parcel database, the Wisconsin Department of
Natural Resources (WI DNR), USDA soil surveys, and town governments in Vilas County. The
GIS parcel database was constructed from county tax parcel data and historic plat maps, and
consists of complete spatial coverage of all parcel boundaries in 4 year intervals from 1974
through 1998. The set of independent variables used to estimate (18) consists of parcel
characteristics (size, soil restrictions, distance to town, zoning), lake characteristics (water
clarity, lake size and depth, shoreline open-space), and time-period dummy variables. There were
335 individual subdivisions that occurred between 1974 and 1998 on a landscape that began with
1,310 legally subdividable shoreline parcels. The lakeshore development process was dominated
by fairly small developments, as 82% of recorded subdivisions generated less than six new
parcels each. More details on the model, in addition to estimation results and treatment of
potentially endogenous variables are found in Lewis et al. (2009).
5.2 Simulation Model and Results

In this sub-section, we illustrate two important simulation issues. First, we show how to
include both categorical land-use change and land-use intensity measures within a landscape
simulation. Second, we demonstrate how an econometric land-use model can be coupled with an
ecological model as a solution to the problem of summarizing information from a large number
of simulated landscapes. We draw on Lewis’s (2010) simulation study of shoreline land
development in northern Wisconsin. The econometric model in this chapter treats the net returns

to land as a reduced form expression of a set of soil characteristics, lake characteristics (water
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clarity, lake size, etc.), and a zoning policy variable indicating the minimum shoreline frontage

for new residential lots. Output from the econometric model includes parcel-specific estimates

of the probability of subdivision (a Probit model) and the expected number of new lots upon
subdivision (a Poisson model). Importantly, the Poisson model of the expected number of lots
can also be used to estimate the probability of each possible choice of density (one new lot, two
new lots, etc.).

The development and intensity probabilities are functions of the set of independent
variables, enabling Lewis (2010) to use the model to simulate the landscape effects of changes to
shoreline zoning policies. The use of a joint model of categorical land-use change and land-use
intensity raises the challenge of using two probability models (with correlation across the
models) for the simulation. The following steps were used in the simulation:

1. Following the Krinsky and Robb method (1986), draw a parameter vector from the
econometrically-estimated distribution to calculate the estimated Probit and Poisson
probabilities for each parcel.?

2. Standard normal random draws are multiplied by the corresponding standard deviations from
step (1) to generate a draw from the estimated random parameter distributions.

3. A complete time path (t=1....T) of development is estimated for each lake.

e Draw a U ~ [0,1] random number r; for each parcel, where development occurs if ry is
less than or equal to the estimated subdivision probability; otherwise, the parcel is
assumed to remain in its current state.

e If developed, use the estimated Poisson probability, Pr[m =m], of the number of new lots

m as follows: Draw a U ~ [0,1] random number r,; one new lot is created if r,< Pr[m =1],
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two new lots are created if Prim =1] <r,< Pr[m"=2], and so forth until m" is equal to the
maximum number of lots allowable under zoning.
e Repeat these two steps until t=T.
4. Steps (1)-(3) are repeated to produce a large number of simulated landscapes.

This simulation procedure accounts for variation in the estimated model parameters and
the random error terms. Further, since step one uses the covariance matrix of parameters from
the joint estimation of the Probit and Poisson models, the simulation accounts for the estimated
unobserved correlation between land development and land intensity and implicitly addresses the
sample selection problem discussed above.

Each simulated landscape is evaluated in terms of habitat for green frog populations. The
coupled economic-ecological model exploits the predictions from the econometric model of
landscape pattern, which are then used as input to the ecological model. Lewis (2010) predicts
shoreline development across each of 140 lakes, and shoreline development density is used to
predict the population of green frogs. The green frog population model is a regression model
developed by Woodford and Meyer (2003) that includes shoreline development density as an
independent variable.* Notably, the Woodford and Meyer (2003) model was estimated with
green frog data from lakes in our study region in northern Wisconsin. The spatial scale of the
model is a lake (i.e., each lake is a habitat patch), which nicely fits the scale of Lewis’ (2010)
simulations, which provide lake-level estimates of development density. Since development
density is the driver of green frog populations, this model also illustrates the value of modeling a
land-use intensity choice rather than just land-use categories.

Figure 26.2 illustrates a twenty-year forecast from the econometric model as an empirical

distribution of the number of lots on a select lake in northern Wisconsin. As expected,
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elimination of the zoning policy increases the likelihood of a larger number of lots being built.
The coupling of the econometric model with the ecological model is performed by using the
predicted shoreline development density for each simulation as an input into the ecological
model to generate a predicted probability of extinction for green frogs.® Figure 26.2 illustrates
how relaxing the zoning constraint along the lakes translates in a greater probability of extinction
for green frog populations. The results in Figure 26.2 draw on a large number of probabilistic
landscape simulations, each of which is consistent with the underlying econometric models.
Thus, the results are represented in terms of empirical distributions of development densities and
extinction probabilities. By modifying an independent variable in the econometric model, we
see how these empirical distributions change as a function of a policy change.
[INSERT FIGURE 26.2 HERE]
6. Future Research

In landscapes dominated by private ownership, landowners lack the incentive to
coordinate decisions in order to influence the spatial land-use pattern and the environmental
outcomes that depend on it. Econometric-based landscape simulation models have been
developed to understand the nature and extent of this market failure problem and to identify and
quantify the effects of corrective land-use policies. In this chapter, we have discussed—and
suggested solutions to—four challenges that arise with econometric-based landscape
simulations: 1) representing variation in the private economic returns to land at the same scale at
which land use varies, 2) modeling the private information that landowners possess about the
returns to their land, 3) accounting for land-use intensity as part of the land-use decision process,
and 4) recognizing the probabilistic nature of the land-use transition rules derived from

econometric analysis.
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Further challenges remain, including what we term the “salt-and-pepper” effect. To
illustrate this, we present a simulated future landscape for the area surrounding Madison,
Wisconsin (Figure 26.3). The simulation was done using land-use transition probabilities of the
form in (6) applied to 30-meter pixels.® The existing urban areas are the large black shapes and
most of the small black dots are projected future urban land. Clearly, the degree to which future
urban land is scattered across the landscape is unrealistic. One would expect most future urban
land to be added near existing urban areas and along transportation corridors. One of the reasons
for this result is the decision-making scale. We assumed in this simulation that a land-use
decision is made at the scale of each pixel on the landscape, which produces implausibly small
areas (dots) of urban land. But, what is the right decision-making scale? This is a question
critical to land-use modeling’, but not one that can be easily answered in practice. One approach
would be to assume that ownership determines the scale at which land-use decisions are made.
That is, each landowner could be assumed to allocate her parcel to a single use. But, clearly
there are many exceptions to this, as in the case of a diversified farm with land in crops, pasture,
and forests. In the case of rented land, the use—and, particularly, the intensity—decision may be
made by somebody other than the owner. And, finally, ownership can involve complicated legal
arrangements that make it difficult to establish the actual owner of a particular parcel of land. In
their simulation analysis, Lewis and Plantinga (2007) defined decision-making units in terms of
contiguous blocks of land allocated to single uses. This mitigated the salt-and-pepper effect, but
likely had other shortcomings.

[INSERT FIGURE 26.3 HERE]
The salt-and-pepper effect can occur, as well, if the econometric land-use model fails to

account for important spatial processes. For example, urban development is often more likely to
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occur near roads. Ignoring this dependency in the econometric model will carry through to
landscape simulations and likely produce a scattered pattern of future urbanization. The remedy
IS to estimate spatially-explicit econometric models of land use, which we regard to be the most
important next step in the development of econometric-based landscape simulations. The earlier
work in this chapter focused on the linkage between the spatial pattern of land use at the
landscape scale and ecological outcomes, but has not emphasized the spatial relationships that
affect land-use decisions. To represent these spatial processes, one needs high-quality spatial
data to use in the estimation of econometric land-use models. These data are increasingly
available, but their use gives rise to a number of additional econometric challenges. We
conclude this chapter by emphasizing the importance of economic theory in guiding the
development of spatial econometric models to be used for landscape simulations. Readers are
referred to Brady and Irwin (2011) for a more complete discussion.

There are surely important spatial processes that affect land-use decisions, but what are
they exactly? Why is urban development more likely to occur near to existing urban land, if it is
(one can imagine negative externalities pushing development farther away)? If a person’s land
borders a farm, are they more likely to choose an agricultural use and, if so, why? These are
examples of theoretical questions that should motivate the specification of spatial econometric
models. One finds theoretically grounded spatial land-use models in Irwin and Bockstael (2002)
and Lewis et al. (2011). Irwin and Bockstael (2002) conjecture that residential development
creates a negative spatial externality that affects land-use decisions on neighboring land parcels.
Their empirical analysis is motivated by and finds support for the underlying theory. Lewis et al.
(2011) model the growth in organic dairy farms in Wisconsin, accounting for a positive spatial

externality that reduces the fixed costs of learning. In these studies, the underlying theory makes
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clear that neighboring land uses are determined endogenously, requiring the use of instrumental
variables as in Irwin (2002) or panel data methods as in Lewis et al. (2011). The combination of
economic theory and appropriate econometric procedures is critical if intent is to use the
econometric results in a landscape simulation. In this case, the underlying spatial process is

identified explicitly and, thus, can be reproduced in the simulation.
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Figure 26.1. Matching land-use transition matrices to parcels in a GIS
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Figure 26.2. Coupling a Landscape Simulation with an Ecological Model for a Select Lake
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Figure 26.3. The Salt-and-Pepper Effect (urban land is shown in black)
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! Lubowski, Plantinga, and Stavins (2006), for example, construct net returns to forest by
assuming that landowners choose the existing mix of forest species in their county and follow the
Faustmann rule in determining the rotation length.

2 Many econometric challenges arise with the estimation of econometric land-use models,
particularly when spatial processes are an important feature of land-use decisions. See Brady
and Irwin (2011) for discussion of these issues.

% A simulated parameter vector is equal to y, =y+C'A, , where  is the estimated parameter

vector, C is the KxK Cholesky decomposition of the estimated variance-covariance matrix, and

A Is a K-dimensional vector of draws from a standard normal distribution.

* The regression model from Woodford and Meyer (2003) is very simple and is estimated as
E(Frogs | Lots) = 2.537 — 1.189x%Lots, where Frogs is the number of Frogs per 100 m shoreline
and Lots is the number of developed lots per 100 m shoreline. This function is slightly revised
from the original published version that was sent directly to us by James Woodford. See the
original paper Woodford and Meyer (2003) for additional information. The Lots variable is
generated during each iteration of the simulation and plugged into this function to get a Frogs
measure. More complex ecological models can be coupled to the economic model provided that
the ecological outcomes of interest can be related to the predicted landscapes. See Lewis et al.
(2011) for an example involving a larger set of species.

® Rather than use the expected number of green frogs, we use the properties of the simple
regression function to generate extinction probabilities. The regression function from Woodford
and Meyer has an estimated mean number of green frogs per 100m of E(Frogs | Lots) = 2.537 -

1.189x%Lots. Also, using the sum of squared residuals, the model has an estimate of 6=1.48. The
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probability of extinction is calculated at each simulation iteration by plugging the predicted Lots
into the regression function, and using the cumulative normal distribution function with mean
E(Frogs | Lots) and 6=1.48 to find the probability that less than zero frogs occur on each lake.

® In particular, each KxK set of transition probabilities varies only by soil quality and county.

" In addition to affecting simulated landscape patterns, as demonstrated in Figure 3, the decision-

making scale can have important influences on land-use decisions if scale economies are present.



