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Abstract

This study develops an integrated framework to evaluate the relative effectiveness of alter-
native land use policies that target the management of natural resources in the face of climate
change pressures. This framework is then applied to evaluate the relative performance of three
different land use regulations that protect natural resources and alter current trends of urban-
ization using data from three rapidly urbanizing coastal counties in the southeastern United
States facing growing risks of flooding.

The framework developed in this study is an iterative procedure that integrates a spatially
explicit econometric model of land use change, local ecosystem service delivery, and feedback
mechanisms among land use, ecosystem services, and land values in a dynamic framework.
The study uses landscape simulations to examine how spatial patterns of urbanization and
alternative coastal development policies affect land use decisions, and how these decisions affect
the conservation of critical wetland habitat in the physical landscape and the landscape’s general
capacity to mitigate risks from future flooding.

The results indicate that price instruments based on land value and depending on landscape
composition are mostly not cost–effective strategies. However, other policies can be modestly
effective in altering urban development patterns; such policies may also be effective at reducing
the cost of property repairs after a major flood, raising tax revenues, or delivering a marginally
more equal spatial distribution of damages. The findings also illustrate how natural infrastruc-
ture, such as wetlands, is beneficial to coastal communities in terms of flood control.
Key words: Flood risk, wetland conservation, urban development, land use policy.
JEL codes: Q24, Q28, Q54, Q56, Q57, Q58.



1 Introduction

There are few examples of natural resources or environmental science research analyzing the dy-

namic behavioral implications of land use policy for land development and conservation, particularly

in the face of changing climatic pressures. Moreover, few studies have developed methods to con-

nect the impacts of land use policy with changes in ecosystem services provision resulting from

altered urbanization patterns.1 This study contributes to a growing area of research in land use

and environmental economics by developing a new, comprehensive framework to evaluate the rel-

ative effectiveness of alternative land use policies that target the management of natural resources

in the face of climate change pressures. This framework is then applied to evaluate the relative

performance of three different land use regulations that protect natural resources and alter current

trends of urbanization using data from three rapidly urbanizing coastal counties in the southeastern

United States facing growing risks of flooding.

According to the National Oceanic and Atmospheric Administration, flooding is the costliest

and fastest growing climatic threat in the United States.2 American households residing in coastal

counties (about 39 percent of the nation’s population as of 2010) are increasingly vulnerable to

flood risks as the combination of urbanization, climate change, and the resulting loss of natural

barriers like wetlands, leads to more floods, economic damages, and natural and human losses.

The general understanding in the natural resources literature is that urbanization changes

a basin’s response to precipitation, therefore changing flood frequency characteristics of urban

streams.3 Land development near the coast or in flood plains creates areas that are impermeable

to precipitation, which leads to increased runoff and makes coastal areas more prone to flooding.

Additionally, land development destroys, displaces, or inhibits the formation of naturally occurring

1Irwin (2010) and the chapters by Irwin and Wrenn, Klaiber and Kuminoff, and Plantinga and Lewis in The
Handbook of Land Economics (Wu, 2014) provide a comprehensive review of the land use modeling literature and its
current limitations. In turn, the growing body of literature on the economics of urban sprawl is surveyed in Glaeser
and Kahn (2004) and Nechyba and Walsh (2004).

2Since 1960, the number of floods has increased between 300 and 925% along coastal areas, and climate scientists
warn that sea level rise and changes in storm frequency will make coastal systems even more vulnerable to the
dynamic forces of wind, waves, tides, currents, and storms. In some regions, biophysical changes already impair the
capacity of municipal storm water drainage systems to empty into the ocean. For instance, in places like Norfolk,
VA, Charleston, SC, and Miami, FL, minor floods now occur as frequently as high tides (NOAA, 2018).

3The most common effects of urbanization on stream characteristics are reduced infiltration of precipitation into
the soils and more rapid runoff, which substantially increase runoff volume and flood frequency. See Appendix G for
a thorough discussion of the relationship between impervious surfaces and flooding.
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ecosystems that decrease the landscape’s vulnerability to floods—like wetlands, for instance, which

reduce flooding risks by promoting infiltration or absorption, reducing runoff, attenuating wave

setup, and facilitating sediment accretion (which reduces water depth and wave height).4 Finally,

high–density growth increases the magnitude of economic damages and human costs as more people

move towards vulnerable areas and become exposed to climatic threats.

At the federal level, the National Flood Insurance Program (NFIP) exists to relieve American

households residing in flood-prone areas. The NFIP provides flood coverage to more than 5 million

property owners nationwide and costs taxpayers up to $30 billion per year (Congressional Research

Service, 2018). Yet, the current program does little to encourage mitigation and instead subsi-

dizes development in environmentally sensitive areas. In contrast, a 2017 report by the National

Institute of Building Sciences found that every dollar invested in flood mitigation saves the federal

government $6 in flood insurance payouts (Multihazard Mitigation Council, 2017). This study is

concerned with three mitigation–oriented policies that address urbanization patterns and promote

the types of land cover that ameliorate flooding risks.

At the local level, urban planners have traditionally dealt with flooding using engineering so-

lutions, for example by building water storage and infiltration structures like dams, pumps, and

spillways. To a lesser extent, they have also used prescriptive regulation on land use to limit the

damage to private properties from flooding events. There is a third alternative that is largely un-

explored. Policy makers could consider enacting land use policies that promote certain patterns of

development (e.g., limiting the level, density, and distribution of development) or favor a desired

composition of the natural landscape (e.g., encouraging the conservation of coastal wetlands or

other natural barriers that provide beneficial flood protection service) to actively reduce stormwa-

ter runoff from impervious surfaces. Moreover, local mitigation efforts and policy interventions can

relieve the federal government and taxpayers of flood–related expenses.

This study provides an initial evaluation of the relative effectiveness of three coastal management

strategies that can be deployed to mitigate risks and damages from floods in rapidly growing

coastal areas in South Carolina. The focal areas are the three coastal counties that encompass the

4Land development and new impervious surfaces prevent water, sediments, organic matter and nutrients from
percolating into the soil, therefore inhibiting the formation of wetlands. Additionally, the construction of physical
structures like bulkheads, sea walls, jetties and sandbags pose a physical impediment for wetlands and marshes to
migrate inland, which further impairs the landscape’s capacity to prevent flooding.
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Charleston metropolitan area, which is a region subject to rapid urbanization and rising flooding

threats. Specifically, three questions are posed by this study: (1) which policy is more cost–effective

at reducing future damages; (2) whether there are differences across policy scenarios in the spatial

distribution of damages; and (3) whether these answers differ when considering short–term and

long–term planning horizons.

To answer these questions, the analytical work conducted here builds upon a framework origi-

nally laid out by Bockstael (1996) and later developed and implemented by Newburn et al. (2004,

2006), Irwin (2003), Wrenn and Irwin (2012), Bigelow (2015), and Bigelow et al. (2017). Under

this framework, parameter estimates from an econometric model of land use choice are used to it-

eratively simulate alternative physical landscapes to determine whether expected flooding damages

can be ameliorated through policy mechanisms that alter land values and hence affect decisions to

develop agricultural land for residential uses.

There are five main components in the conceptual model that guides this research: (1) a land

use change model that results in estimated transition probabilities for each parcel in the landscape;

(2) a first–stage hedonic analysis of land value that results in the predicted land values used as

inputs in the aforementioned land use change model; (3) an ecosystem service model of flood

prevention that depends on the land cover composition of the landscape and that influences flood

risks, economic damages from flood events, and how landowners develop expectations over the value

of their parcels; (4) a set of land use policies designed to reduce flood risks by altering landowners’

relative valuation of their land under developed uses; and (5) an iterative simulation procedure

built on a standard Monte Carlo process that allows a dynamic feedback between the other four

components of the system, and results in various alternative future physical landscapes. Figure 1.1

shows the components of the system and how they are related.

This application brings novelty into the literature on multiple ways. First, it offers an im-

provement over previous works as it uses parcel–level transactions data to predict land values

under alternative uses instead of relying on assessed values or values of land rents estimated using

County–level data. Second, by applying econometric methods to a comprehensive set of geospa-

tial variables that characterize the composition of the landscape at the parcel level, the analysis

captures the effect of spatial spillovers that are typical of environmental processes. Thirdly, using

this spatial data, this study represents an original attempt to characterize land use choices at the

3



intensive margin by allowing intensity of development to change endogenously in the models of land

use change. Lastly, this study is the first to look at alternative regulatory instruments for mitigat-

ing flood risk through the coupling of spatially explicit econometric models, a model of ecosystem

services, and landscape simulations that allow the incorporation of feedback mechanisms between

land use, ecosystem services, and land values.

The rest of the paper is organized as follows: section 2 presents theoretical and empirical

frameworks used to study how various land use policies impact urbanization patterns and future

flood damages. The discussion includes a thorough description of a two–stage predictive model,

validated with machine learning methods, developed to project land values under alternative uses,

and a detailed presentation of the estimators used to fit models of land use choice. The results

from estimating the models developed in section 2 are shown and discussed in section 3. Section

4 describes the process followed to simulate future landscapes and defines the alternative land use

policies evaluated in this study. Results from the comparative analysis are also discussed in section

4. Section 5 concludes by summarizing findings and discussing opportunities for future work. The

appendix can be found online following the link speficied in the references section.

2 Economic theory and empirical methods

2.1 Economic theory

The centerpiece of the analysis is an econometric decision model of land conversion.5 The decision–

makers are risk–neutral, forward–looking owners of private land. Landowners in the model respond

to changes in land markets and land attributes that include the capacity of the surrounding land-

scape to provide protective ecosystem services, such as flood mitigation. Specifically, landowners

are responsive to changes in flood risks, which are directly affected by the natural composition of

the surrounding landscape. In this model, landowners also develop expectations and make decisions

over land use based on existing and potential land use policies.

Rational forward–looking landowners in a deterministic environment decide to convert an un-

developed parcel to urban uses if the net present value of the land when developed is greater than

5Typically, models of land use change treat urbanization as a phenomenon that naturally occurs in space and
depends solely on the distribution of existing land uses. In contrast, econometric models of conversion link physical
changes in the landscape to behavioral motives. Thus, urbanization is the aggregation of individual decisions.
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its net present value under current use, net of conversion costs. Here, the net present value of a

parcel is defined as the discounted sum of future benefits derived from it.

This study of land use change is primarily concerned with land that is currently undeveloped

and which may be converted to residential uses. Thus, in the empirical analysis only two types of

land uses are considered: agricultural uses and single–family residential uses.6 Furthermore, it is

assumed that land development is irreversible.

More formally, define V D
it and V U

it as the net present value of parcel i under developed and

undeveloped uses at time t. Further define the net benefit of developing parcel i in time t, d∗it, to

be a latent variable reflecting the difference between these two values, or:

d∗it = V D
it − V U

it . (2.1)

The latent variable, d∗it, is unobserved by researchers but is assumed to be known by the owner

of parcel i. Instead, researchers only observe dit, a binary signal of development that is equal to

one if parcel i is developed in time t and equal to zero otherwise, or:

dit =


1 if V D

it − V U
it > 0,

0 otherwise.

(2.2)

Under the Random Utility Maximization (RUM) framework, values V D
it and V U

it can be ap-

proximated using market prices (which reflect landowners’ valuation of property) by decomposing

values into an observable deterministic component and a random component that is unobserved by

researchers, or:

V j
it = πjit(Xit;βit) + εjit, (2.3)

where V j
it is the land value under use j (and j ∈ {D,U}) and equals a systematic observable

component, πjit, that is assumed to be a linear function of a vector of land attributes and market

conditions that drive land value, Xit, and an unobservable component, εjit. The vector of coefficients

associated with the factors in Xit is βit.

6Commercial development is not considered in this study as suburbanization is generally thought to be led by
residential development (Benson, 2009).
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2.2 Empirical implementation

Land markets are complex systems that cannot be subject to controlled experimentation. How-

ever, combining mechanistic simulation models with statistics to create out–of–sample predictions

offers an appealing opportunity to create counterfactuals and gain understanding of land market

behavior.7 In this study, market data is used to estimate separate predictive hedonic models of

land value and generate proxies for πDit and πUit .

2.2.1 Predictive hedonic models of property value

There are two common empirical approaches to specify the inputs in a model of land use choice at

the parcel level (i.e., πDit and πUit ). First, a land use decision model can be specified directly as a

function of parcel characteristics, which serve as proxies for the underlying returns to different uses

(Lubowski et al., 2008). Alternatively, when certain parcel–level data are not available, researchers

can model the land use change process as an explicit function of the average economic returns to

different uses in the County where each parcel is located (Lewis and Plantinga, 2007; Lewis, 2011).

This study follows a third modeling strategy: a two–stage approach where proxies for land

values are estimated using hedonic price models in a first stage, and then the resulting predicted

values, π̂it
D and π̂it

U , are used in a second stage as the inputs for a model of land use change.8

This two–stage strategy was first proposed by Bockstael (1996) and later implemented by Newburn

et al. (2005, 2006), Wrenn and Irwin (2012), Bigelow (2015), and Bigelow et al. (2017).

This modeling strategy is chosen for several reasons. First, the two–stage approach incorporates

strengths of the other two: it accommodates fine–scale heterogeneity in land characteristics, as does

the method used by Lubowski et al. (2008), while also providing an explicit measure of economic

returns to land, as accomplished by the use of County–level data on land productivity. Second,

to examine benefits and costs of different land use policies in monetary terms, a measure of land

7This is an increasingly popular approach to modeling behavior when experimental methods of science cannot
be used to generate a control group against which to test a hypothesis, or when there is missing data that impedes
meeting the common support condition for hypothesis testing. Recent research has been shown that it is not only
valid but also preferable, under certain conditions, to alternative methods such as the use of randomized control trials
(Antle, 2018).

8The hedonic method is a revealed preference approach for recovering the implied value of the individual attributes
that compose a heterogeneous or differentiated good (Taylor, 2003). The idea is that consumers purchase the bundle
of attributes that make up such good and not the good itself. Thus, it is the variation in the product that gives rise
to variations in product prices. Rosen (1974) showed how regressing product prices on their attributes could reveal
consumers’ willingness to pay for a marginal change in a continuous attribute of a differentiated product.
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value for each parcel is required and provided with this approach. Third, the two–stage approach

facilitates the analysis of simulated scenarios that incorporate price instruments designed to affect

land use decisions. Finally, because sales prices are observed at higher frequencies than land use

changes, there are efficiency gains in using prices as proxies for land values instead of using reduced–

form estimates of land rents in the land use change model (Bigelow, 2015).

While the two–stage approach has many benefits, it creates a problem: that of unobserved

counterfactuals. When using price data, a parcel’s value is only observed when a market transaction

occurs. Moreover, sales prices are only observed at the time of sale and only for one type of land

use. For instance, if an agricultural parcel is sold and converted to an urban use, the price reflects

the value of that parcel in development, or πDit . In this case, πDit is observed but the value of

the land if it had remained undeveloped is not observed (i.e., πUit is not observed). Conversely, if

an undeveloped parcel is sold and is not converted to an urban use, πUit can be inferred from the

observed sales price but the value of the land if it had been developed, πDit , is not observed. Thus,

because only one state of the world is realized, for every parcel that sells, one of the two values,

πDit or πUit , must be estimated and the estimation is made more or less complex depending on the

land uses before and after an observed sale.

To understand how πUit and πDit are inferred from sales prices using the hedonic method, consider

the first of two types of sales that are observed in transaction data: the case of undeveloped parcels

that remain undeveloped after being sold. The second case is that of developed parcels that

remain developed after being sold.9 Under the hedonic framework, land values can be decomposed

into attributes that explain the variation in land prices. These attributes can be classified as

structural characteristics of improvements on the land (e.g., houses and barns and their area);

land characteristics (e.g., quality of soils, slope, and elevation); and geospatial characteristics (e.g.,

distance to major cities or to a particular environmental amenity, and spatial features of surrounding

land, such as flood prevention capacity of the landscape). Hence, the sales price of an undeveloped

(or agricultural) parcel can be expressed as:

PU
jt = PU (SU

jt, L
U
jt, G

U
jt, ν

U
jt),

9While a third case exists, the case of an undeveloped parcel that is developed immediately after being sold, it
is not easily obtained from observed transactions. Fortunately, this study is not concerned with the subdivision of
parcels. Thus, case three is outside the scope of this research.
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where PU
jt , the sales price of an undeveloped parcel, is a function of structural and building char-

acteristics, SU
jt, land characteristics, LU

jt, and geospatial attributes, GU
jt. The term νUjt represents

uncertainty over how the price of agricultural parcels is generated.

Intuitively, the price schedule for undeveloped parcels is likely to depend mostly on biophysical

and location characteristics of the land. Land characteristics that are expected to affect the value of

agricultural land include slope, elevation, and size of the parcel. In turn, geospatial characteristics

that generally impact agricultural land values include distance to processing facilities (i.e., paper

mill facilities), distance to major road networks, percentage of surrounding land that is developed,

percentage of surrounding area devoted to conservation, and whether or not parcels are inside the

100–year inundation plain. These characteristics may or may not vary over time.

Under a linear specification, the price equation for undeveloped parcel j at time t is:

PU
jt = αU + ϕU

j + τUt + βUS S
U
jt + βULL

U
jt + βUGG

U
jt + νUjt, (2.4)

where αU is an intercept term, ϕU
j captures fixed effects specific to the census tract where parcel j

is located, and τUt is a vector of time dummies that captures year–specific fixed effects. Vector SU
jt

contains building characteristics of barns or farm equipment, vector LU
jt includes land features, and

vector GU
jt includes geospatial attributes such as proximity to markets. In addition, since a portion

of agricultural land sales prices is attributable to expected future returns to land development, GU
jt

may encompass factors that also impact the value of parcels in developed uses, such as density of

development in the parcel’s surrounding area. Finally, νUjt represents the error term.

The estimation of the hedonic function (2.4) may be used to predict the agricultural land

values for all parcels in the landscape. First, predicted values, P̂U
jt , directly serve as the proxy

of agricultural value of land for parcels that are currently undeveloped, or π̂Ujt. In addition, the

estimated coefficients, β̂U , can be used together with complementary information on parcels that

are currently developed to construct P̃U
kt, a proxy of the agricultural value of residential parcels, or

π̂Ukt. Formally, the proxies for πUit are:

1. For parcels that are currently undeveloped, π̂jt
U is predicted from estimating (2.4), or:

P̂U
jt = α̂U + ϕ̂U

j + τ̂Ut + β̂US S
U
jt + β̂ULL

U
jt + β̂UGG

U
jt. (2.5)
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2. For residential parcels, π̂Ukt is constructed by interacting information on the characteristics of

the land related to its agricultural value with coefficient estimates β̂US , β̂UL , and β̂UG , or:

P̃U
kt = α̂U + ϕ̂U

k + τ̂Ut + β̂US S
D
kt + β̂ULL

D
kt + β̂UGG

D
kt, (2.6)

where SD
kt, L

D
kt, and GD

kt are the covariate matrices with information from residential parcels

and β̂US , β̂UL , and β̂UG are coefficients that correspond to those in (2.5). Note that (2.5) is also

applied out–of–sample to undeveloped parcels which have not sold.10

To finalize the first stage of the two–step land use change model, it is necessary to construct

proxy measures of residential land value, πDit , for all developed parcels and all agricultural parcels

in the sample. This is done using sales prices of developed parcels through a natural extension of

the process described above. To dissect the generation of proxy measures of πDit , examine case (2):

the case of developed parcels that remain developed after the sale. Here, sales prices reflect the

developed value of land.

A linear specification of the price function, PD
kt , shows:

PD
kt = αD + ϕD

k + τDt + βDS S
D
kt + βDL L

D
kt + βDGG

D
kt + νDkt, (2.7)

where SD
kt is a vector with structural or building characteristics of developed parcels, such as

residential square footage, number of bedrooms, and number of bathrooms; LD
kt contains land

characteristics, such as parcel size and elevation; and GD
kt represents geospatial characteristics,

such as proximity to major cities and environmental amenities, or urbanization density in the

surrounding neighborhood. Similarly to (2.4), αD is an intercept term; ϕD
k captures block group

fixed effects; βDS , βDL , and βDG are vectors of coefficients corresponding to the covariate matrices

SD
kt, L

D
kt and GD

kt; and νDkt is the error term.

To retrieve π̂kt
D, the hedonic price function in (2.7) is estimated using data from developed

parcels. To get the fitted value of land, the value of buildings on the parcel is netted out by manually

10It is worth noting that the predicted agricultural land values generated from estimating hedonic price models are
not equivalent to predicted agricultural land rents. Predicted land values are greater than predicted agricultural rents
by the amount equivalent to the option value of developing agricultural parcels. Deflating predicted agricultural land
prices by the option value would imply that landowners have no reason for waiting to develop their lands and would
lead to the generation of future urban scenarios that are not consistent with current market expectations. This is an
important consideration, and one that distinguishes this research from previous works.
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setting the value of the corresponding coefficients equal to zero. The resulting estimate, P̂kt
D

, is

used as a proxy of πDkt. In turn, to construct proxies of πDjt for parcels that are in agricultural use,

their information about factors in the covariate matrices SD
kt, L

D
kt, and GD

kt is used together with

the coefficients derived from estimating equation (2.7), or β̂DS , β̂DL , and β̂DG .

The constructed proxies for πDit are:

1. For parcels that are currently in residential uses, π̂kt
D is the predicted value estimated by:

P̂D
kt = α̂D + ϕ̂D

k + τ̂Dt + β̂DS S
D
kt + β̂DL L

D
kt + β̂DGG

D
kt. (2.8)

2. For parcels that are currently in agricultural uses, π̂jt
D is constructed using coefficient esti-

mates β̂S
D

, β̂L
D

, and β̂G
D

together with information on characteristics that determine the

developed value of land, or:

P̃D
jt = α̂D + ϕ̂D

j + τ̂Dt + β̂DS S
U
jt + β̂DL L

U
jt + β̂DGG

U
jt, (2.9)

where SU
jt, L

U
jt, and GU

jt are covariates corresponding to β̂DS , β̂DL , and β̂DG . Again, coefficients

from (2.8) are combined with characteristics of agricultural land to determine its value in

residential use. Naturally, some components of the coefficient vector in (2.8) are not used as

they are unavailable for the sample of undeveloped parcels (e.g., size of residential building).

2.2.2 Choice models of land use: the proportional hazard model

The prediction of alternative land values for each parcel in the sample concludes the first stage of

the land use analysis. In a second stage, these predictions are directly used as inputs of a discrete

binary decision model of land use to approximate πUit and πDit .

For estimation of the land conversion decision model, the RUM framework is employed because

it accommodates incomplete information about private returns (Lewis, 2010).11 As in equation

(2.3), values of a parcel under use j (where j ∈ {D,U}) can be decomposed as:

V j
it = πjit(X

j
it;β

j
t ) + εjit.

11As shown in equation (2.1), landowners in the model convert an agricultural parcel to residential use if develop-
ment yields the greater net present value of the land.
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The covariates vector Xj
it contains variables determining the value of land in use j. Some

characteristics in Xj
it, such as elevation, slope, lot size, and proximity to a major road, will influence

a parcel’s value in both undeveloped and developed states. Other covariates, such as proximity to

agricultural markets and processing facilities, will pertain only to undeveloped parcels. Conversely,

some covariates will only be relevant for residential parcels; these include number and characteristics

of buildings on the lot, or proximity to employment centers and to recreational amenities.

Given a functional form for πjit(·) and an assumed distribution for εjit, a probabilistic model of

parcel development can be formulated as follows:

Pr(dit = 1) = Pr(V D
it > V U

it )

= Pr(πDit (·) + εDit > πUit (·) + εUit).

(2.10)

Rearranging terms and gathering the random components, equation (2.10) becomes:

Pr(dit = 1) = Pr(πDit (·)− πUit (·) > µit). (2.11)

Equation (2.11) formalizes the land use choice problem and its estimation results in a 2×2 matrix

with transition probabilities at time t for each parcel i, mit. The elements in mit correspond to the

probability that a parcel remains undeveloped if its current use is agricultural (1−δ); the probability

that it is developed if originally undeveloped (δ); the probability that it becomes agricultural if

currently developed (γ); and the probability that it remains in residential use if currently developed

(1− γ). Since development is assumed to be irreversible, γ is assumed to be 0, and thus, 1− γ is

equal to 1.

The key for parameterizing the landscape simulations that will be used to compare potential

future policy scenarios is δ, and its econometric estimation is done using familiar binary or multi-

nomial discrete choice procedures where a categorical variable representing land use is a latent

dependent variable hypothesized to depend on the expected net returns from current and alterna-

tive land uses. Depending on how the model is specified and the assumptions about the distribution

of the error term, the model can be estimated using estimators such as conditional or fixed effects

logit (Lewis and Plantinga, 2007), multinomial logit (Newburn et al., 2006), fixed effects linear

probability (Bigelow et al., 2017), pooled logit (Bigelow, 2015), random parameters or mixed logit
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(Lewis et al., 2011), combination of probit and Poisson (Lewis, 2010; Bockstael, 1996), nested logit

(Lubowski et al., 2008), and the proportional hazard or Cox regression estimator (Irwin et al., 2003;

Towe et al., 2008). Ultimately, the choice of estimator largely depends on the structure of the data

and the advantages of different estimators.

An estimator found in the recent literature that seems well suited for the problem at hand is

the proportional hazards or duration model (also referred to as Cox’s regression estimator). In

a proportional hazards model, the duration for which a parcel has been in an undeveloped state

influences the estimated probability of development. Thus, unlike the more common conditional

logit, it allows direct incorporation of temporal considerations into the model of land conversion.

For this reason, in this research, results from a proportional hazard estimation are used to build

the scenario comparison analysis that will be presented in section 5.

The proportional hazard model is part of a wider branch of statistics called survival analysis,

which predicts the amount of time until a certain event occurs, such as death or land use conversion.

In a hazard modeling framework, the distribution of the duration of a parcel in an undeveloped

state is described in terms of hazard function. In the land use change context, a hazard function

shows the conditional probability that a parcel is developed between time t and time t+ ∆t, given

that it has not been developed prior to t. The hazard function is defined at every point in time (t)

and is interpreted as the rate at which development occurs (ht), or:

ht = lim
∆t→0

Pr(T < t+ ∆t|T ≥ t)
∆t

, (2.12)

where T denotes the random variable representing the time spent in a given state. In this case, it

refers to how long a parcel has remained undeveloped.

A hazard function is also the derivative of a survivor function St. A survivor function is the

probability that an event (e.g., development of a parcel) does not occur until after period t, and

it is equivalent to 1 − Pr(T ≤ t), or Pr(T > t), where Pr(T ≤ t) is the probability that the

duration is less than t, or the cumulative distribution function of T , or of how long a parcel remains

undeveloped. The survival function is also related to the cumulative hazard or integrated hazard

function, Λt, which shows the expected number of events (in this case developments) for a given

set of covariates at a particular time and is equal to − lnSt, or equivalently, St = exp(−Λt).
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Various assumptions can be made about the distribution of the impact that factors affecting

St have on ht. In a proportional model, which is perhaps the most widely used formulation in

regression analysis of duration, only the effects of covariates are parameterized, and the hazard

function is left unspecified. The most common assumptions are for the covariates to be associated

exponentially with ht and for the change in risk associated with a change in a particular covariate

to be constant for all time durations T .12 This model is called the Cox proportional hazards model.

Cameron and Trivedi (2005) provide a thorough derivation and discussion of it.

When the proportional hazard assumptions are imposed, (2.12) can be written as:

ht = h0t · exp(X
′
β), (2.13)

where ht is the hazard function (or rate) determined by a set of covariates X; h0t is a baseline

hazard rate (an intercept–like term that describes the risk for parcels with covariates X equal to

zero); and β is a vector of coefficients that measure the impact of covariates. The survival function

accompanying the rate expressed in (2.13) is therefore:

St = exp
(
−
∫ t

0
h0t exp(X

′
β)dt

)
. (2.14)

To estimate the parameters in (2.13), the partial likelihood function of the proportional hazard

rate function, or Lp, is minimized.13 In this study, Lp is the joint product of the probability that

an undeveloped parcel develops at time tj over k time periods:

Lp =
k∏

j=1

∏
m∈Dtj

exp(X
′
β)[∑

l∈Rtj
exp(X ′β)

]dj , (2.15)

where tj={t1, t2, ..., tk} denote observed discrete times where development occurred; Dtj is the set

of parcels that develop at time tj , Rtj is the set of parcels at risk of developing at time tj ; and dj

is the number of parcels that develop at time tj .

12The assumption that changes in risk are constant across T implies that the duration between events of development
does not make a difference in calculating the likelihood that a given parcel develops.

13The proportional hazards assumptions are particularly advantageous because they allow a semi–parametric es-
timation of (2.13) without requiring specification of a form for h0t or having to impose any assumptions about the
distribution of T (Irwin et al., 2003). However, to conduct counterfactual simulations of development probabilities,
it is necessary to recover a baseline hazard estimate. A discussion of the baseline estimation is found in Appendix F.
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The partial log–likelihood corresponding to (2.15) is defined by:

ln(Lp) =
k∑

j=1

[ ∑
m∈Dtj

(X
′
β))− dj ln

( ∑
l∈Rtj

exp(X
′
β)
)]
. (2.16)

The minimization of (2.16) results in estimates of the β coefficients in (2.13).14 These coefficients

are interpreted similarly to how coefficients are interpreted in conventional logistic models, with

the difference that in a logit model coefficients refer to some odds ratio, while here they refer to

the ratio of hazard rates, or the hazard ratio.15 Specifically, a hazard ratio is quantity exp(βk), and

it indicates the relative risk of development associated with a unit change in characteristic Xk. A

value of βk greater than zero, or equivalently a value of exp(βk) greater than one, indicates that

the event hazard increases as the value of the kth covariate increases. Put another way, a value of

exp(βk) above one indicates a covariate that is positively associated with the event probability (i.e.,

the probability of development), and thus negatively associated with the length of time a parcel

remains in an undeveloped state.16

Modified for the context of this study, exp(X
′
β) becomes exp(βDπ

D
it + βUπ

U
it ), where πDit and

πUit are the alternative values of parcel i, and βD and βU are the associated coefficients. In this case,

exp(βD) is expected to be greater than one, and exp(βU ) is anticipated to be less than one. It is

important to note that the hazard rate shown in (2.13) is not a density or a probability, but rather

the marginal percentage change in risk per unit time. However, output from the estimation of a

proportional hazard model can be manipulated to derive probabilities of development. Appendix

F includes a brief explanation of the methods used to obtain the development probabilities from

the hazard model estimates.

14This partial-log likelihood stems from a standard approximation of Pr[Tj = tj |j ∈ Rtj ] that allows for the
specification of a tractable likelihood (Cameron and Trivedi, 2005).

15Hazard ratios differ from relative risks and odds ratios in that the latter are cumulative over an entire study,
using a defined endpoint, while hazard ratios represent instantaneous risk over the study time period, or some subset
thereof. Generally, it is thought that hazard ratios suffer somewhat less from selection bias with respect to the
endpoints chosen and can indicate risks that happen before the endpoint (Hernan, 2010).

16It follows that exp(βk) = 1 means the covariate has no effect on the probability of development, and that
exp(βk) < 1 means the covariate is associated with a reduction in the hazard.
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3 Empirical analysis and results

3.1 Predictive hedonic models of land value

The study area is confined to three coastal counties in South Carolina that surround the Charleston

metropolitan area: Charleston, Berkeley, and Georgetown. These counties are part of what is known

as “the Lowcountry,” a region along the coast of South Carolina that is well known for its historic

legacy, cultural importance, natural environment, and fast–growing economies. Figure 3.1 shows

the study area, including County boundaries, major streams and rivers, and County seats.

Though rich in protective natural capital, counties in the study area face increasing flooding

risks and increasing risks of flooding damage. Figure 3.2 shows the location of flooding events in

the study area since 1996 in relation to the parcels available for analysis. Increased flood risks are

partly due to rising pressures from urbanization and subsequent changes in land cover. Between

2010 and 2016, the urban population increased by 12.9% in Charleston and 17.8% in Berkeley,

outpacing the nation’s overall growth rate of 9.7 percent for the same period. In Georgetown,

urban population growth was much slower, at 2.1%.17 An examination of the most recent national

land cover data indicates that much of the new development is dominated by medium– and high–

intensity growth, although it is accompanied by growth that is more suburban in nature. Table

2.1 summarizes change in land cover composition in the three counties between 2001 and 2011 and

makes clear that forest cover, pasture lands, and woody wetlands are decreasing, likely giving way

to the observed increase in medium– and high–intensity development land uses.

3.1.1 Data

The hedonic price functions used to construct proxies for land values are estimated using repeated

cross–section data of the most recent recorded sales prices made available by tax assessor offices in

the three counties that comprise the study area.18 The data used in the statistical property–value

17For reference, the nation’s urban population increased by 12.1 percent from 2000 to 2010.
18Cross–sectional data is used instead of panel data because the latter requires assuming that deep parameters in

the property market are fixed over time, which is not realistic. In addition, the explanatory variables available for
this application are generally not well suited for exploiting time–variation in the regressors, which is required for
hybrid econometric estimators for panel and pooled panel data. These methods, like the Hausman–Taylor and the
Mundlack estimators, are advantageous for the identification of causal effects in modeling land values (which is not
the objective of using price hedonic functions in this study).
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models can be organized into three general categories: (1) historical sales price data of parcels in

the study area; (2) data on physical structures on land such as number of buildings and their size;

and (3) spatially explicit data on parcel characteristics including physical features of the landscape

(e.g., type of land cover) and proximity measures (e.g., distance to the shoreline). A full list of the

sources of data is presented in the appendix table A.1.

Land market data for the hedonic analyses was obtained from County tax assessor databases

and County GIS offices. The data in these databases contain information for every parcel in each

County, including lot size, zoning designation, historical transactions data on property sales, and

information on multiple characteristics of the physical structures on the lot, including square footage

of the building, number of rooms, number of bedrooms, and number of bathrooms. Tax assessor

data also contain separate assessed values of land and structures for each parcel.

To complement the data contained in tax assessor databases, County GIS offices from Charleston,

Berkeley, and Georgetown were contacted to provide snapshots of the counties’ most recent parcel

layer and for each time period matching the years of the National Land Cover Database products.

These GIS and NLCD shapefiles were used to create multiple time–invariant variables, as well as

time–varying proxies representing different physical properties of each parcel. Among the time–

invariant variables are various measures of distance, such as distance to flood hazard boundaries,

distance to water bodies offering recreational opportunities (i.e., lakes), distance to the nearest pub-

lic beach access point, distance to downtown Charleston, distance to the shoreline, and distance

to the nearest primary or secondary road. Other variables are percentage cover in and around the

parcel of various habitats, such as crops, forests, and wetlands. Finally, all price data in the tax

assessor datasets (i.e., sales prices and assessed values) were adjusted for inflation and expressed in

2016 USD using the Housing Price Index for the Charleston market.

3.1.2 Sample selection

Considerable effort was devoted to arrive at the final parcel sample used in estimation as each

dataset had to be carefully curated to accurately characterize the use assigned to each parcel in

the study area. The final selection for the land use change model had 53,228 undeveloped parcels

and 129,634 developed parcels. In turn, the sample for the hedonics models had 33,364 parcels for

the developed model, and 6,725 for the undeveloped model.
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A five–step process partly relying on geospatial data availability was followed to select the

parcels used in the empirical analysis. A detailed description of these steps is included in appendix

A. Table 2.2 shows the number of parcels in each County that remain after each restriction in

the construction of the dataset is imposed. Figure 3.3 shows the location of parcels in the sample

relative to parcels that were not included and are categorized by land use. Figure 3.4 provides

supplementary location information. Specifically, panel (a) of figure 3.4 presents the location of

only the parcels included in the final sample and indicates whether they were considered developed

or undeveloped. Panel (b) shows the location of parcels in the sample relative to land cover classes.

As shown by the figure, the landscape of parcels left out of the analysis is dominated by public

lands, wetlands and marshes, and open water.

3.1.3 Model selection

This study’s focus on prediction contrasts with the majority of studies employing hedonic models

in environmental applications.19 To use valid proxies of land value in the model of land use change,

it is important to specify hedonic models with high predictive power. With this focus, three type of

modeling decisions were made: (1) decisions on which dependent variable to use and what functional

form it should take (i.e., whether the hedonic models were to predict sales price or assessed values

and whether these should be absolute or on a per–acre basis, and whether linear, semi–log, or

log–log functional forms should be used); (2) decisions about how to restrict the sample of parcels

used in estimation (i.e., what time restrictions should be applied to the observed transactions data

and how to define outliers in the sample); and (3) decisions on how to specify the models (i.e.,

whether to use a set of variables from tax assessor data commonly available for all counties or a

set of variables specific to each County).

To inform the making of these decisions, a standard machine learning algorithm known as the

k–fold validation technique is employed.20 In this application, k equals 10. Given tax assessor data

19As described in Taylor et al. (2016) and Phaneuf and Requate (2016), the focus tends to be on the estimation
of specific regression coefficients of interest instead of forecast. Appendix B includes a discussion of the accuracy
of prediction attained in the first–stage estimation by analyzing the statistical properties of the generated proxies.

Recall from section 2 that these proxies correspond to π̂D and π̂U .
20The k–fold cross–validation technique is a technique used in statistics to assess how well the results of a model

generalize to an independent data set. In k–fold cross–validation, the original sample is randomly partitioned into k
equal–size subsamples and the partitioning of data is done without replacement so that no observation in the data is
found in two subsets. Of the k subsamples, a single subsample is kept as the validation data for testing the model,
and the remaining k− 1 subsamples are used as training data. The cross–validation process is then repeated k times
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availability, the modeling choices for all three counties were based on the results based on Charleston

data. The output from the 10–fold cross–validation is used to progressively refine baseline hedonic

models for residential and agricultural parcels.21 The baseline models are:

PU
t = αU + ϕU

j + τUt + βUS S
U
jt + βULL

U
jt + βUGG

U
jt + νUjt, (3.1)

PD
t = αD + ϕD

k + τDt + βDS S
D
kt + βDL L

D
kt + βDGG

D
kt + νDkt, (3.2)

where SD
t and SU

t are vectors with structural or building characteristics available from all tax

assessor databases; LD
t and LU

t contain land characteristics available for all parcels in the sample;

and GD
t and GU

t include measures of geospatial features. Variables in SD
t include assessed building

values and age of structures; variables in LD
t and LU

t are area of land, elevation, and whether

parcels are located within a flood plain; and variables in GD
kt and GU

t are measures of proximity to

rivers, mills, markets, roads, beaches, and the coastline, and measures of landscape composition of

the parcel and its surrounding area.

The choice of variables in the post–cross–validation step is made on the basis of several factors,

including the coefficient of determination (or R–square value) and statistical significance of the

explanatory variables.22 To arrive at the final selection of variables, the most complex version

of each model is progressively made more parsimonious and is tested to determine whether extra

predictors or interactions improve the model. Variables that are not significant in specifications

that involve minor modifications are discarded for the final estimation. Below, the specifics of each

hedonic model are discussed, starting with agricultural models.

(i.e., the number of folds) with each of the k subsamples used exactly once as the validation data. The advantages
of this method for model evaluation are well documented, the more salient being that all observations are used for
both training (or refining) and validation, that each observation is used for validation exactly once, and that the k
results from the folds can then be averaged (or otherwise combined) to produce a single estimation. A recent survey
of cross-validation results is Arlot and Celisse (2010).

21The 10–fold cross–validation technique results in 10 sets of predicted errors. Each set is then manipulated to
generate three measures of dispersion summarizing the quality of each estimation: the absolute deviations norm
(commonly referred to as L1); the Euclidean norm (or square root of the sum of squares norm, also known as

√
L2);

and the mean squared error (MSE). Each one of these three statistics offers different advantages when evaluating
the quality of an estimator, as they give proportionally higher or lower penalties to large errors or to predictions
derived from small samples (for example, the

√
L2 measure will penalize large errors more heavily than the L1, and

the MSE will penalize errors based on smaller samples more heavily than the
√
L2). To transparently select the

statistical models that offer the better fit for the sample data, the distributions of L1,
√
L2, and MSE resulting from

the validation process are examined. Appendix B includes figures that illustrate the resulting distributions.
22The final refinement is done outside the 10–fold validation procedure because it is computationally demanding.
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3.1.4 Hedonic models for agricultural properties

For the hedonic model of agricultural land value, an ordinary least squares (OLS) estimator is

employed on parcel data for each County. The OLS regressions include a rich set of explanatory

variables representing three types of factors: those that increase returns to land (net of opportunity

costs), those that decrease investment costs, and those that impact option values. Explicitly, the

regressions use data on structural characteristics contained in tax assessor data, such as parcel size

and assessed value of improvements, together with land and geospatial features. The latter include

raster data of soil quality classes, elevation, proximity to streams and rivers, and land cover types.

I also include other spatial variables such as proximity to employment centers (e.g., the center of

the City of Charleston), main roads, and public access points to recreational beaches. Description

and summary statistics of selected variables are shown in table 2.3.

The estimated model has the following structure:

ln(PU
jt /Acre) = αU + ϕU

j + τUt + βUS S
U
jt + βULL

U
jt + βUGG

U
jt + νUjt, (3.3)

where αU is an intercept term, ϕU
j captures fixed effects specific to the census tract where parcel j

is located, τUt is a vector of time dummies that captures year–specific fixed effects, SU
jt represents

characteristics of structures in the land, LU
jt contains features of the land, GU

jt includes geospatial

variables, and νUjt is the error term.

The structural or building characteristics included in SU
jt are assessed improvement value and

its squared term. All three separate models are estimated using building assessed values as proxies

for improvement characteristics instead of direct structural measures such as number of bedrooms,

bathrooms, etc., because the latter set of variables is missing from Berkeley’s tax assessor data and

for many parcels in Georgetown.23

Variables related to productive capacity, LU
jt, are dummy variables of land capability class

1 through 4,24 elevation, an indicator of whether the parcel is in the 100–year flood plain, and

23There are concerns of measurement error in using assessed values of building characteristics; however, evidence
shows that using assessed values in hedonic equations has negligible impacts for inference and that the use of assessed
values is likely to be affected by only a few variables, such as whether the building has a central air system, a
basement, or five or more rooms (Ihlanfeldt and Matinez-Vazquez, 1985).

24There are seven land capability classes (LCC) identified by the National Resource Conservation Service. Land
capability class 1 describes prime soils for agriculture, while land capability 7 corresponds to poor soils for agriculture.
LCC’s 5 to 7 were left out of the regressions.
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an indicator of whether a river runs through or by the parcel. Finally, geospatial variables in

GU
jt are measures of proximity to features of interest, measures of land cover composition, and a

dummy variable indicating whether or not a parcel is inside the Charleston urban growth boundary.

Proximity measures include distance to a river, to the nearest mill, to Charleston’s city center, to

the nearest primary or secondary road, to the nearest public access point to a recreational beach,

and to the coastline; and the variables describing the physical landscape are the share of the parcel

and its surrounding area covered in wetlands, high–intensity developed surfaces, or pasture/crop

covers. Throughout the empirical work, the aforementioned land cover variables are defined by a

0.25–mile buffer around the parcel’s centroid (just over 125 acres), which therefore includes the

area within the parcel’s boundaries. The boundary choice was based on Bockstael (1996).25

Results from this estimation are presented in table 2.4. Overall, estimation results are in

line with expectations. In general, in a per–acre measure, soil quality tends to have a positive

relationship with price, although the effect is not always significant. However, in the case of

Georgetown County, it is not clear that parcels with good–quality soils tend to sell for higher

prices, as shown by the fluctuation in signs and significance level associated with land capability

class variables—this could be explained by the low variability in these soil quality indicators. Parcels

in lower elevations are associated with lower prices, as are parcels adjacent to a river.

Interestingly, conditional on having a river go through or by the parcel, being closer to a river

was associated with higher prices in Charleston and Georgetown but not in Berkeley—which could

be indicating access to water is seen as an amenity in some places of the study area. This could

be related to the finding that being within the 100–year flood plain is positively related to prices.

Although seemingly counterintuitive, this result is consistent with relevant findings in the recent

literature. In a similar study of land use change in fast–growing area in Maryland, Wrenn and Irwin

(2012) find that being located in a 100–year flood plain decreases the likelihood of development.

The positive result supports the logic that agricultural lands within 100–year flood plains are worth

more under agriculture and thus less likely to develop.26

25In the model selection process, models that separated on–site from off–site measures of landscape composition were
also estimated. Between the final model and those alternative models, there are almost no differences in significance
and sign of landscape composition measures. The buffer measures are used in the final models as they capture
both effects. Future research will explore whether disaggregated measures of land cover on–parcel and out–of–parcel
influence the policy simulations in a meaningful way.

26This may be because floods carry nutrient-rich silt and sediment, and distribute it across the land, making flood
plains fertile areas. Often, they are also flat and have few obstacles impeding agriculture.
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Proximity to a wood–processing facility is important for determining the price of agricultural

parcels only in Charleston County, which tend to be farther from these centers than parcels in

Berkeley or Georgetown. The relationship shows the expected sign, indicating that proximity to

a mill increases the value of agricultural land. Similarly, proximity to important market centers,

as indicated by distance to Charleston’s city center, is generally positively related to land values.

The exception is Georgetown, where every additional mile between an agricultural parcel and

Charleston’s city center increases land value by $1.5 per–acre. This effect translates to less than

$20 for the average parcel, and it is conditional on a parcel being within a specific census tract.

Distance to major roads is positively related to higher land values, suggesting that transporta-

tion costs do not affect agricultural profitability for parcels in the sample, conditional on census

tract fixed effects. However, the relationship is not significant in Berkeley. The reason may be that

an additional mile represents a smaller part of the trip in areas that are more rural.

Proximity to public access points to recreational beaches or to the coastline are not consistently

related to agricultural land values across counties. For instance, in Charleston, proximity to public

beach access points is negatively related to land values but being farther from the coastline shows

a positive relation. In Berkeley and Georgetown the opposite is observed in regard to proximity to

the coastline, while proximity to beach access points has no effect on land values.

The effects of variables measuring landscape composition of a parcel’s area and the area that

surrounds it are intuitive, showing that larger shares of wetland cover in the area surrounding the

parcel are negatively related to land values while larger shares of developed covers are positively

related to land values. The latter effect may be related to landowners’ expectations about future

development options. Surprisingly, larger shares of pasture and crop lands are negatively related

to land values (although the relationship is positive in models where variables measuring in–parcel

composition are separated from variables measuring in–and–surrounding composition). Although

counterintuitive, the negative may suggest pastures and crop covers are signals of less development

interest or opportunity, thus reducing the option value of the land.

Finally, parcels inside Charleston’s urban growth boundary are found to sell for higher prices.

This is likely related to ease of access to public services.
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3.1.5 Hedonic models for residential properties

As in the analysis of agricultural land value, in the analysis of residential land value, three separate

OLS models are estimated on sales price data from each County using a wide range of variables.

These variables are chosen largely based on empirical findings from the hedonics literature and land

use conversion studies. The set of regressors used in the hedonic models of developed land values

include representatives from three categories: zoning laws and other urban development policies

(e.g., clustering regulations, smart growth policies, minimum density limits, and programs that

preserve open space); spatially varying heterogeneous features of parcels (e.g., proximity to urban

centers, soil quality, and lot size); and spatial interactions between neighboring parcels due to the

effects of land use externalities.27

The general residential hedonic model has the following structure:

ln(PD
kt/Acre) = αD + ϕD

k + τDt + βDS S
D
kt + βDL L

D
kt + βDGGkt

D + νDkt, (3.4)

where, αD is an intercept term, ϕD
k captures fixed effects specific to the census block group where

parcel k is located, τDt is a vector of time dummies that captures year–specific fixed effects, SD
kt

represents characteristics of structures in the land, LD
kt contains features of the land, GD

kt includes

geospatial variables, and νDkt is the error term.

Structural or building characteristics in SD
kt are age of the structure and its squared term,

residential square footage in the land and its square, assessed improvement value, and improvement

value squared. Land variables related to land productive capacity contained in LD
kt are dummy

variables indicating whether the parcel is inside the 100–year flood plain, elevation above sea level,

and a dummy indicator of whether a river runs through or by the parcel. Finally, geospatial

variables in GD
kt are distance to Charleston’s city center, to the nearest primary or secondary road,

to the nearest public access point to a recreational beach, to the coastline, and to a river; and the

share of a parcel’s area and the area that surrounds it that is covered in wetlands, high–intensity

development surfaces, pasture or crops, and forests. Definitions and summary statistics for these

variables are shown in table 2.5.

27These results are found in Bockstael (1996), Taylor (2003), Palmquist (2005), Newburn et al. (2006), Wrenn and
Irwin (2012), Bigelow (2015).
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Table 2.6 shows estimation results for the hedonic equations of residential properties. Across

counties, age of residential buildings in the parcel, square footage of the structure, and assessed

value of the structure show a significant quadratic relationship with prices. Younger structures

are associated with higher prices, as are structures with higher assessed values. However, building

size has different effects across counties. In Charleston, it is positively related to price, while the

main effect is not significant in Berkeley, and in Georgetown it is negative. It is possible that in

Georgetown, an increase in the square footage may be signaling lower quality of structures, given

that building assessed values are being held constant.

Parcel elevation is negatively related to sales prices, as is the dummy variable indicating river

presence. An interesting finding is the effect of flood hazards on sales prices. In Charleston County,

being within the 100–year flood plain is negatively and significantly related to sales prices, a result

supported by recent findings in the literature.28 This negative effect contrasts with what is found

with the model of agricultural parcels, indicating that residential land markets may react differently

to flood risks than agricultural land markets, perhaps due to reasons overlooked in this study, such as

relative ease of access to crop insurance as opposed to flood insurance. In Berkeley and Georgetown

counties, the effect of flood hazards is not significant, which could reflect differences in property

markets across rural and more urban landscapes.

In general, proximity effects are negligible in terms of magnitude. However, they also sug-

gest structural differences in land markets across counties. In Charleston County, proximity to

Charleston’s city center, major roads, access points to public beaches, the coastline, and the near-

est river positively affect sales prices. In Berkeley County, almost all these relationships show the

opposite direction. In Georgetown County, the effect of proximity variables resemble those from

Charleston, except for proximity to downtown Charleston.

The effects of landscape composition variables on sales prices are more consistent across counties.

Increases in the density of crop and forest covers negatively influence sales prices, in spite of the

long list of empirical evidence on the positive relationship between open space and forested covers

and prices of residential lands.29 In a recent study by Phaneuf and Kaliber (2009), the authors find

28Dei-Tutu and Bin (2002) also find that the market value of a house located within a floodplain is significantly
lower than an equivalent house located outside the floodplain.

29The positive relation is found, for example in Donovan and Butry (2010), Netusil et al. (2010), Sander et al.
(2010), and Kong et al. (2007).
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that heterogeneity within open space covers matters for identifying marginal willingness to pay for

open space. The negative effect found here may be related to heterogeneity in open space in the

Lowcountry. It is possible that forest and agricultural lands may be less of an amenity in more

rural counties than in urban spaces—after all, other studies of the amenity effect tend to focus on

highly urban areas.

Higher densities of developed land cover inside a parcel and in the area that surrounds it are

positively related to sales prices—an intuitive effect of urbanization. Finally, there is a heteroge-

neous effect of increases in the density of wetland covers in and around parcels. This variable has a

positive effect on sales prices in Charleston, which can be explained by the biophysical connection

between wetlands and water features—features that tend to be an amenity of interest in urban

areas. However, wetland covers have a negative effect in Berkeley, and are insignificant determi-

nants of price in Georgetown, possibly indicating that wetlands are not perceived as an open space

amenity in more rural places. This outcome is relevant when designing land use policies aimed

at conserving natural infrastructure, as impacts may differ across counties based, for instance, on

whether wetlands are perceived as desirable or undesirable open space.

3.2 Land use change model estimation results

As described in section 2.2, in this model of rational agents in a deterministic environment, landown-

ers decide to convert an agricultural parcel to urban use if the net present value of their land is

greater under residential than agricultural use, net of conversion costs. This is mathematically

shown by:

dit =


1 if

̂
ln(

PD
it

Acre)−
̂

ln(
PU
it

Acre) > 0,

0 otherwise.

(3.5)

Here,
̂

ln(
PD
it

Acre) and
̂

ln(
PU
it

Acre) are the predicted proxies of alternative land values for parcel i in 2016

(which is the last year in tax assessor databases). These proxies were generated by estimating the

hedonic models of land value presented in equations (3.3) and (3.4). The remainder of this section

presents the results from modeling private land use decisions in a context that assumes no change

in the current set of land use policies (i.e., under business–as–usual, or BAU, conditions).

Equation (3.5) is estimated using a proportional hazards model, which was introduced and
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discussed in section 2.2, and results from this estimation are shown in table 2.7. The first column

in table 2.7 corresponds to estimates from the proportional hazards model when only parcels from

Charleston County are considered; the second column applies to the subset of the data with Berkeley

and Georgetown parcels; and the third column shows coefficient estimates when all parcels are

included. Note that this table shows estimated coefficients, which are not directly interpretable.

Overall, the direction of the relationships between land value and development are consistent

with theory, and both variables are statistically significant. First, a 1% increase in the predicted

per–acre developed value of land increases the hazard of development by 0.483% when all parcels

are used for estimation. An alternative interpretation of this coefficient is that a parcel’s expected

hazard rate is 1.62 times higher after a 1% increase in its per–acre developed value, holding its

undeveloped value constant.30

A second result, which is also consistent with theory, is the reduction in the development hazard

rate following a 1% increase in the predicted per–acre agricultural value of a parcel. The effect

is similar for Charleston parcels and for Berkeley and Georgetown parcels, at 0.063% and 0.092%

respectively. When all parcels are included in the estimation, a 1% increase in agricultural value

reduces the risk of development by 0.105%, holding constant the developed value of land.

The results from this original proportional hazard estimation can help develop ex–ante expec-

tations for the results of the policy comparison analysis that will be presented in section 4. The

0.105% reduction in risk from an increase in the agricultural value of land stands out as substan-

tially smaller than the 0.483% increase in risk from an analogous change in the developed value of

land. Theoretically, the absolute magnitude of these coefficients should be equal. However, what

is found is that a 1% increase in the undeveloped price of land does not restrict development to

the same degree that an increase of the same proportion in the developed price of land encourages

development. This gap could reflect the difference in starting alternative values of land, or it could

mask a particular appetite for land conversion in the study area. The difference in magnitude of

coefficients may turn out to be an important factor in determining the relative effectiveness of land

use policies, suggesting that policies reducing developed values may have stronger effects in altering

the urban landscape than policies that increase agricultural values.

30This is so because exp(0.483) = 1.62.
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4 Scenario building and policy comparison

Landscape simulations are a versatile tool for analyzing the effects of policy on patterns of ur-

banization and for predicting changes in the biophysical composition of a geographic area under

baseline and alternative scenarios. Recent studies have adopted this approach to measure the ef-

fects of economic incentives on land conservation and to analyze the impact of habitat restoration

on economic outcomes.31 In this section, simulations are used to investigate the predicted effects of

various land use policies (e.g., policies that discourage development in densely urbanized areas or

that encourage the protection of ecosystems) and evaluate their relative ability to influence spatial

patterns of land use and the landscape’s ability to mitigate flood damages. Specifically, this study

addresses what policies are more cost–effective at reducing future damages, the spatial distribution

of damages associated with various policies, and how these measures differ across time.

4.1 Description of alternative policies

The general conclusion from the literature on growth control policies is that no single instrument

is clearly superior along all the dimensions relevant to policy choice (Goulder and Parry, 2008).

Moreover, administrative efficiency and other details of policy implementation are also important

in determining policy effectiveness.32 Without clear ex–ante expectations about the effects of

urban growth policies, this study considers different forms of price instruments, leaving quantity

instruments as an area of interest for future research.33 Specifically, the scenarios evaluated are:

1. Scenario 1: Business–as–usual, or BAU. This scenario is the baseline to which I compare

scenarios 2, 3, and 4 below, and it assumes no change in the current set of land use policies.34

2. Scenario 2: Tax on development that reduces the value of developable land by 10% (10%

DT). Under this scenario, a tax on development is imposed. The tax is assumed to be large

enough to decrease the developed value of land by 10%. This rate was chosen to match South

Carolina’s property tax rates, which vary between 4 and 10.5 percent. For ease of exposition,

31See for instance Loerzel et al. (2017), Lewis et al. (2011), Lewis (2010), Lewis, Provencher, and Bustic (2009),
Nelson et al. (2008), Newburn et al. (2006).

32These institutional details include managerial coordination, stakeholder participation, and political transparency
(Bengston, Fletcher, and Nelson, 2004).

33A comprehensive discussion on this topic can be found in Villegas, 2018.
34Currently, none of the three counties studied here have land use policies aimed at flood mitigation or adaptation.
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this will be referred to as a 10%DT, even though the tax rate τ is likely to be larger than

10% (because the supply of land for development is likely to be somewhat elastic).35

3. Scenario 3: Tax on developed covers (DCT). This instrument is a heterogeneous impact fee

linked to density of development around a parcel. It is meant to discourage development in

areas that are already highly developed and in that way help preserve the ecological functions

of the landscape. As opposed to the 10% DT, the DCT is not meant to discourage devel-

opment altogether but to discourage adding developed covers to the original landscape. The

tax reduces the developed value of land by a percentage equal to the share of the parcel’s sur-

rounding area (which includes the area within the parcel’s limits) covered by hard surfaces.36

Since the tax disproportionately penalizes development in places with relatively large paved

areas, it may not necessarily obstruct development but instead may induce spatial patterns

of development associated with lower flood risks. Thus, it is possible that under scenario 3,

more development and lower aggregate flood risks occur in tandem.

4. Scenario 4: Subsidy on wetlands preservation (WPS). By inflating the undeveloped value

of land, this scheme encourages owners of agricultural land to conserve natural covers that

are critical for flood prevention.37 Effectively, this subsidy increases the opportunity cost

of developing land; thus, if the demand for land is not perfectly inelastic, such a subsidy

would reduce the number of parcels that get developed. In addition, it is meant to discourage

development in areas with relatively large wetland covers by linking the subsidy to the share

of the parcel’s neighborhood that is covered in wetlands.

35Given the general result that the incidence of the tax will be split between the land owner and the purchaser
(the developer and ultimate buyer), a 10% tax will only result in a 10% decline in the price of land if the supply
of land into development is perfectly inelastic. In that case, the developer will pay the same price for a parcel to
be developed after the tax as before. Alternatively, if the supply of land for development is not perfectly inelastic,
inducing a 10% decrease in the price received for undeveloped (or vacant) land would require the imposition of a tax
that is greater than 10% of the land’s original value. In this case, land developers would also be impacted by the tax
policy and they would pay the difference between the tax and the amount paid by original landowners. The more
inelastic the supply, the closer τ would be to 10%.

36Similarly to the 10%DT, the exact size of a DCT instrument would be determined by the elasticities of land
supply and land demand.

37Since agricultural activities are generally not conducted in wetland areas, the subsidy does not per se raise the
agricultural value of land. Instead, it raises the undeveloped value of land.
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4.2 Procedure for simulating future landscapes

To answer the questions posed in this study, multiple alternative landscapes are generated. The

simulation exercise relies on a comprehensive algorithm that takes as inputs the parameter esti-

mates from econometric models derived from those developed in section 3. There are five steps

in the procedure: (1) a standard Monte Carlo exercise to predict future urban patterns; (2) the

incorporation of land use considerations at the marginal level using historical geospatial data; (3)

adding the various policy rules to the model parameters; (4) iterating over the procedure to gener-

ate landscapes further into the future in time steps of five years; and (5) the creation of confidence

intervals by generating 200 landscapes per scenario.

Under a standard Monte Carlo simulation exercise, the probability that each agricultural parcel

in the sample transitions from agricultural to residential uses, δi, is compared to a random draw from

a standard uniform distribution, ξ.38 If δi is greater than ξ, parcel i is determined to develop within

a period of five years. Because this comparison is applied to each parcel individually, the resulting

generated landscape in time t+ 5 is consistent with the underlying transition probabilities of each

individual parcel. Furthermore, in this study, the simulated landscape in t + 5 is also consistent

with market forces and behavioral motives because the probability that each agricultural parcel in

the sample transitions to residential use within five years, δi, is directly derived using estimated

coefficients from a hazard model that is built over proxies of land value that reflect landowner

preferences and responses to changes in the land market.39

Notice that the physical landscape in t+ 5 may have changed due to modifications to the land

made by landowners who developed between t and t+ 5. For example, the landscape may exhibit

more developed covers and less wetland covers in t + 5 than it did in t. If this is the case, the

physical landscape in t + 5 may have a different capability of preventing floods than it did in t.

Thus, it is important for the purpose of this study that once a future landscape has been simulated,

its physical characteristics are updated to reflect new development choices.

38The average probability of conversion is calculated using the estimated hazard ratios. Specifically, the probability
of development within a 5–year period is one minus the survival probability, or 1− S5 = 1− exp(−Λ5), where Λ5 is
the cumulative hazard at time 5 as discussed in section 2.

39In the past, Bigelow et al. (2017), Bigelow (2015), Lewis et al. (2011), Lewis, Plantinga and Wu (2009), Nelson
et al. (2008), and Lewis and Plantinga (2007) have followed this procedure of characterizing the spatial distribution
of conversion of undeveloped lands with probabilistic transition rules. Other authors have formed deterministic rules
of transition (Irwin and Bockstael, 2002; Nelson et al., 2001; Nelson and Hellerstein, 1997).
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By allowing land use intensity or land cover to change endogenously, this study advances the

literature. To account for the choice of development covers of various intensities in the development

decision, in the second step of the simulation algorithm this study uses land cover data to determine

the extent of changes to the physical composition of the landscape from recent development decisions

and imposes that as an exogenous rule on all new development events. Specifically, spatial packages

in R are used to compute the average share of impervious surface cover, forest cover, wetland cover,

and crop and pasture cover for parcels in the sample that developed in the most recent five years

(i.e., development that occurred between 2011 and 2016) and impose that average on parcels that

are projected to develop.40 This method also addresses a concern posed in the early work of

environmental economists examining land use change that has not yet been resolved: it accounts

for spatial dynamics in the hedonics relationships by directly incorporating updated land cover

variables in the hedonics functions.

To generate future scenarios under each alternative land use policy, the processes described

above are conducted with different parameters for the particular drivers that define each of the

considered policies. For instance, under a 10% tax on development, the simulation uses as an input

a developed value of land that has been reduced by 10%. In turn, under a policy discouraging

developed covers, the predicted developed value of land is reduced by the percentage area of the

parcel covered by developed surfaces. Similarly, under a policy subsidizing wetland conservation,

the predicted agricultural value of land is increased by the percent corresponding to the share of

the parcel covered in wetlands. The result is the generation of four separate scenarios.

The fourth step is to repeat the procedure described above multiple times to generate landscape

at time t+ 25, starting with the recalculation of the predicted land values derived from the original

hedonic estimation.41 Hence, to generate a potential landscape 25 years into the future, the process

is repeated four times and results in the generation of landscapes in t+10, t+15, t+20, and t+25.42

40Previous work typically incorporates this aspect by assuming that land use intensity decisions are reflected by the
net returns to each use (Lubowski, Plantinga, and Stavins, 2006). Under this strategy, if a parcel is developed, it is
assumed to be developed at the maximum density allowed by zoning. Other studies impose periodic fixed exogenous
changes in the return derived from each use to internalize chosen technological improvements (Lawler et al., 2014).

41These predicted values are updated at each time step to reflect changes in the physical landscape. This is done
because, as discussed above, the proportional hazard model does not include time–varying covariates in X, and
because landowners who did not develop their parcels between t and t+ 5 may face different trade–offs at the end of
t+ 5 than they did at the beginning of t.

42Note that the deep parameters determining transition probabilities in each simulation are the coefficients from
the previous proportional hazard model estimation. A brief discussion on how these deep parameters are manipulated
in the simulations to obtain the development probabilities is provided in appendix F.
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A final step is to create some form of confidence intervals around the predicted urban patterns.

Notice that each of the eight generated landscapes is only one of many possible future outcomes,

each varying by the random draw of ξ for each parcel in each time step. To characterize the range

of potential outcomes, it is preferable to repeat the simulation multiple times. Under this view,

multiple feasible landscapes are generated using different random draws from the U[0,1] distribution

to capture both the range of potential landscape patterns and some uncertainty related to how

the model is specified (i.e., uncertainty over how landowners make decisions). In this study, 200

alternative landscapes are generated in t+ 5 and t+ 25 for each policy scenario.43 The distribution

of these 200 scenarios is summarized in the results section. The summary tables report the average

number of parcels expected to develop under each policy and the associated wetland cover change

and developed cover change. Boxplots with the distribution of costs and benefits of each policy are

also presented (figures 4.2 and 4.3, and 4.10 and 4.11). Intuitively, better predictive power would

be associated with less variation in the distribution of simulated measures.

4.3 Results from the landscape simulations

Three policy levers are explored in this analysis, all of them tools that are available to regulators

in South Carolina. To investigate the potential environmental and economic implications of each

of these policies, the 1,600 simulated landscapes are used to compute a distribution of costs and

benefits associated with each scenario in t+ 5 and in t+ 25 and to examine the spatial distribution

of benefits under each scenario. Figure 4.1 summarizes the steps in the comparison process.

In this study, economic costs and benefits reflect, correspondingly, the cost of limiting devel-

opment by restricting land use choices, and subsequent avoided property damages after an event

resembling 2017 Hurricane Irma. Mathematically, the costs of policy j at time T are defined as:

CostjT =
[ T∑
t=1

∑
i

βt(V D
it − V U

it )
]
BAU

−
[ T∑
t=1

∑
i

βt(V D
it − V U

it )
]
j
, (4.1)

where β is the discount factor and βt(V D
it − V U

it ) is the discounted net added value of development

to a parcel that was originally undeveloped. Hence, the cost of implementing policy j is defined as

43Determining the number of repetitions that are sufficient has not yet been resolved in the literature. In a study
of biodiversity and fragmentation, Lewis et al. (2011) generate 500 feasible landscapes. In a similar study of land
subdivision, Wrenn and Irwin (2012) generate 200. In turn, Bigelow et al. (2017) generate 100 rounds.
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the difference in the net developed value added to the landscape at time T between a BAU scenario

and a scenario where policy j is in place.

In turn, benefits of policy j are defined as the difference between the BAU scenario and policy

j scenario in the sum of expected property damages from a 100–year flood. The value of expected

flood damages is calculated by interacting a parcel–specific probability of flooding with an estimate

of the average property damage caused by flooding. Notice that this definition does not include

revenues raised under the policy.44 Formally, the benefits of policy j at time T are:

BenefitjT =
[∑

i

βTFRIi ×Damage
]
BAU

−
[∑

i

βTFRIi ×Damage
]
j

(4.2)

where β is the discount factor, FRIi is a measure of flood risk for parcel i, or the parcel’s flood risk

index (FRI), and Damage is the average property damage associated with a major flood.

The parameters required to complete the cost–benefit calculations are: a discount factor, a

parcel–specific FRI, and an average cost of property damages from flooding. This study uses a

constant annual discount factor of 0.93, which translates into an annual discount rate of 7% (which

is the historical average real annual return to capital in the stock market). For the parcel–specific

FRI, inundation models were developed to generate a measure of predicted flood risk. These models

are described in appendix G. Finally, for Damage, the 2016 average NFIP payment per claim in

South Carolina is used. In 2016 dollars, this value is $24,776.

4.3.1 Short–term (5 years) comparative analysis

The policies discussed in this section have the potential to alter urbanization patterns in different

ways. Under a baseline scenario, the probability of development δ depends on V̂ D and V̂ U . When

a policy is introduced to model, δ depends on adjusted versions of these values. In the simulation

corresponding to the 10% tax on development scenario (scenario 2), the inputs are original pre-

dicted agricultural value of land resulting from the hedonic estimation discussed in section 4, and

a predicted developed value of land that has been reduced by 10% due to the tax. In short, in this

44This measure of benefit should be interpreted as a lower bound as it (1) ignores changes in ecosystem service
values between BAU and other policy scenarios, and (2) uses 2016 NFIP statistics on total claim payments, which
are much lower than the statistics for the 2017 fiscal year—when Hurricane Irma actually occurred. (NFIP 2017
data are not yet publicly available as some payouts are still being processed—it was a hectic year for NFIP with
Hurricanes Harvey, Irma, and Maria, some of the most significant U.S. flood events in history.) For reference, in
2017, the average national claim payout was $91,735, almost 50% more than in 2016 ($62,247).
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simulation, alternative land values are V̂ U and 0.9 × V̂ D. It follows that under a policy discour-

aging impervious surfaces, the predicted developed value of land that is used as an input in the

simulation is reduced proportionately to the percentage area surrounding the parcel that is covered

by developed surfaces. So that, for a parcel that is 4% covered in hard surfaces, the corresponding

land values are 0.96×V̂ D (instead of V̂ D) and V̂ U . Similarly, under a policy subsidizing wetland

conservation, the predicted agricultural value of land is increased by the percent corresponding to

the share of the parcel covered in wetlands. Hence, simulating conversion of a parcel that is 15%

covered in wetlands uses as inputs 1.15×V̂ U and V̂ D.

In a short–term analysis, the land use decision is simulated only for one time period for each

policy scenario (recall that time steps in this model are five years). Table 4.1 reminds the reader of

summary statistics for key characteristics of undeveloped parcels in the estimation sample to ease

interpretation of estimated coefficients for alternative scenarios. These variables are sales price,

wetland protection subsidy rates, and developed cover tax rates.

Table 4.1 also shows approximations of the average effects on prices from a 1% increase in

certain land covers. As reported in table 4.1, a 1% increase in developed covers increases the value

of agricultural parcels by approximately 1% in all three counties. In turn, a 1% increase in wetland

covers decreases the value of agricultural parcels by 0.4 percent in Berkeley and Georgetown counties

and has no effect in Charleston. Relative to these average effects, the average DCT and WPS rates

are high, suggesting that the imposition of a tax or a subsidy would outweigh the potential effects

on land values from changes in land cover induced by the policies.

Table 4.2 describes the probabilities of development resulting from the simulations, one for each

alternative policy scenario. The probabilities suggest that development decisions are generally non–

responsive to land use controls, which is consistent with previous findings in the land development

literature (Wrenn and Irwin, 2012).45 The average probability of conversion under BAU is 16.2%,

15.8% under a 10%DT, and 8.8% and 15.6% with a DCT and a WPS, respectively.

However, despite the relative non–responsiveness of the simulations to moderate land use con-

trols, all policy instruments are effective at altering development patterns, as revealed by the

projections in table 4.3. Table 4.3 reports the number of parcels predicted to develop within a

45Wrenn and Irwin (2012) find that a development fee of 20% of the land price was predicted to reduce development
by only 2%, and a fee of 40% of the land price by only 3%.
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period of five years under each policy scenario and the corresponding predicted loss of wetland

cover and predicted increment of developed covers. About 17% of parcels are predicted to develop

in five years under a BAU scenario, which is consistent with estimates of population growth in the

study area.46 That percentage is slightly lower (by 0.8 percentage points) with a 10%DT, and it is

distinctively lower under the remaining instruments with the biggest effect being experienced un-

der a DCT. Compared to the BAU scenario, under the DCT and the WPS, predicted development

slows down by approximately 9 and 2 percentage points, respectively.

In terms of additional impacts, not only do the three policies alter development outcomes, they

also have an effect on wetland conservation and the intensity of land development. As shown in

table 4.3, wetland cover loss is actually negative under all scenarios, meaning that wetland cover

in the landscape actually increases in the near future, but only by a trivial amount. This is a

technical artifact of how new land cover composition is mechanically assigned post–development in

the simulation. As a result, land that previously did not have any wetland cover can now exhibit

positive wetland covers.

In terms of developed covers, most alternative future scenarios are characterized by more de-

veloped covers. However, under the DCT scenario, there is a reduction in the overall amount of

developed covers that are added to the landscape. Under this policy, there is an even more dramatic

reduction (relative to the BAU) in high–intensity developed covers, perhaps suggesting that the

policy encourages new growth in the study area to be suburban.

4.3.1.1 Short–term (5 years) benefit–cost comparison

To complete the benefit–cost analysis, each simulated landscapes in t+5 is shocked by a hypothetical

hurricane identical to Hurricane Irma in 2017, which was a 100–year storm. In this context, the

benefits from altering development patterns via land use policies are avoided damages measured

as the difference in NFIP payments between BAU and each policy scenario. Table 4.4 shows the

corresponding savings in NFIP payments associated with each regime relative to the BAU scenario.

Table 4.4 also shows expected costs of implementing policies that restrict development under

different policy scenarios, which in this study are defined as forgone benefits of development due to

land use restrictions, or the present value of the difference between BAU and each policy scenario

46Recall that population growth in the last five years was 13% in Charleston and 17% in Berkeley.
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in added value to converted lands. Using these two measures, a Cost–Benefit Ratio (CBR) is

calculated and is shown in table 4.4 as well. Table 4.4 also presents an “Augmented CBR.” This

ratio accounts for tax revenues raised in scenarios 2 and 3, and for subsidies as a cost in scenario 4.

The measures reported in table 4.4 correspond to the average values of the 200 simulated

scenarios. Table 4.5 shows summary statistics of the distribution of benefits and costs that were

generated with the 200 landscape simulations. Figure 4.2 shows boxplots comparing the distribution

of benefits (i.e., avoided damages) generated in the 200 simulations, and figure 4.3 shows boxplots

comparing the distribution of costs (i.e., foregone added value) generated in the 200 simulations.

A first look at the results in tables 4.4 and 4.5 and figures 4.2 and 4.3 would indicate that no

policy is cost effective. That is, under all policies, costs outweigh benefits. Of the three policies, the

one with the more favorable CRB is the 10%DT. Under this scenario, the CBR is 19.7, indicating

that costs are about 20 times higher than benefits. The DCT instrument performs similarly with

a CBR of 21, while the WPS is the least favorable with a CBR of 29.

In summary, while the policies have modest effects on the pace of development, when the region

experiences a 100–year storm, the expected benefits of implementing mitigation policies are much

smaller their costs. In other words, the avoided damages that stem from preventing general land

conversion, discouraging certain types of land covers, or protecting wetlands cannot offset the loss

in development values. Thus, if the only criterion for choosing a land use policy were the CBR, no

policy would yield the preferred scenario.

Nevertheless, when indicators other than CBR are studied separately, conclusions change in an

important manner. When only policy costs (i.e., forgone benefits of development) are considered, a

10%DT is the preferable policy among the three, as average reduction in value added is 4% rather

than 51% or 12%.47 When only benefits are considered, the preferred policy is evidently the tax

on developed covers, and the second most effective policy at reducing damages is a subsidy on

wetland. Under the DCT scenario, average expected damages from a storm resembling Hurricane

Irma represent about 39.6% savings from the BAU scenario. In turn, savings are 6.6% with a

WPS.48 Finally, when policies are compared in their ability to raise tax revenues, a 10%DT and

the DCT scenarios deliver similarly preferable outcomes. Under a 10%DT, $152,240,261 is raised

47Average added values to the land are $17,078,526 lower under a 10%DT than under the BAU, while the average
loss under a DCT and a WPS regime is $196,590,241 and $45,050,034, respectively.

48The effect observed with the WPS stands out as a rather credible estimate, given recent findings in the literature.
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in taxes, which is about 20% more than the amount raised with a DCT. Of course, under the WPS,

raised revenues are actually negative and would therefore be considered costs. When government

expenditures and revenues are accounted for, the augmented CBR indicates a 10%DT policy is

marginally preferred over a DCT, as the augmented CBR is 0.11 for the 10%DT and 0.38 for the

DCT—suggesting that costs are between one–tenth and two–fifths of benefits.

4.3.1.2 Short–term spatial patterns of development and distribution of damages

Figure 4.4 shows the location and number of parcels predicted to develop in a five–year period

under each regime. It also shows rivers and major highways in the study area.49 As shown in the

figure, differences in patterns of land development are subtle across scenarios at the regional level,

but it is possible to see that the policies induce less dense growth in certain areas.

Overall, it is difficult to identify whether or not development follows a spatial pattern that

reflects conservation around waterways or concentration around important local features, such as

US routes 17, 17A, and 52, and interstate I–26. The main observations are that there is not much

difference between the 10%DT and the BAU and that there is less development under the DCT

than under the WPS. Generally, this is not surprising given the size of the instruments (refer to

table 3.1). However, it is interesting to find that, relative to a 10%DT, a WPS does not reduce

development in Berkeley and Georgetown counties as much as in Charleston County (where the

average size of the subsidy is much lower and is rather close to 10%). This may be related to the

negative association between agricultural land values and density of wetland cover in Berkeley and

Georgetown, as suggested by the hedonic analysis. It could be that the WPS’s negative effect on

agricultural land values is enough for landowners to accelerate development.

In terms of the spatial distribution of expected damages, there are noticeable differences across

policies. Figure 4.5 shows maps with the spatial distribution of damages corresponding to a single

simulation and indicates the Gini coefficient associated with each particular scenario. It also shows

major rivers and roads in the study area. For ease of visual examination, maps of projected flood

damages in three subregions of the study area are provided. Figure 4.6 defines three subregions of

the study area and identifies key local features of the landscape.

49Note that this and the rest of the maps in the figures presented here correspond to one of the 200 simulated
landscapes used to generate the distribution and summary statistics discussed above.

35



As shown in figures 4.7 to 4.9, besides very particular focal areas of increased damage, such as

near the intersection of SC highways 261 and 513 in Georgetown and near Moncks Corner where

route 17A meets US route 52 in central–west Berkeley, expected damages are lower and more

uniformly distributed across the region when a land use policy is in place. Under a 10%DT there

are fewer clusters of parcels with high damage in CW Berkeley and in Georgetown. With the DCT

and the WPS, in addition to the changes observed with the 10%DT, there are fewer clusters of

parcels with high damage in the coast of Charleston. Also there are noticeable reductions near the

Waccamaw National Wildlife Refuge in the Northeast boundary of Georgetown, along the Santee

River on the north edge of the Francis Marion National Forest in Berkeley, along the Cooper River

in CW Berkeley, and near the delta of the Stono River in Charleston.

As a final note on the spatial distribution of damages, there is very little difference across

scenarios in terms of how equally distributed are expected damages: the Gini coefficients of all

scenarios are between 0.44 and 0.47. Essentially, the Gini coefficient is incapable of capturing the

variation in spatial distribution of damages because of the enormity of the study area, but, overall,

it seems that the landscape with a DCT in place is the better of the alternative scenarios in terms

of spatial distribution of damages. The 10%DT and DCT show distributions that are marginally

more unequal than the distribution delivered by the BAU.

4.3.2 Long–term (25 years) comparative analysis

In the long–term analysis, four alternative scenarios were modeled again, except this time the

one–period Monte Carlo simulation described above was repeated four times, so that all generated

landscapes correspond to scenarios 25 years into the future. Tables 4.6 to 4.9 and figures 4.10 to

4.16 summarize the results from this exercise.

Table 4.6 shows the average development probabilities for each time period and for all policy

scenarios. It also shows standard deviations. In general, there is no evident relationship between

policy rules that persists across time periods. Under the BAU, the 10%DT, and the WPS, prob-

abilities of development tend to be decreasing in time. The main difference between scenarios is

that the DCT has larger impacts on land conversion than the other two policies.

Table 4.7 shows the number of parcels predicted to develop, the amount of wetland acres lost,

and the amount of added developed covers under each policy. As revealed in the table, about 70%
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of the parcels in the sample develop within 25 years under the BAU scenario. This projection is

consistent with observed growth trends in the study area. Housing stock in most of the study area

has increased between 75 and 350% since 1990. Interestingly, in a long–term horizon, the policies

have an important effect at slowing down development. The DCT has the strongest effect, reducing

the number of parcels that develop by almost 57%, relative to the BAU. The 10%DT and the WPS

have similar effects, reducing development by 20% and 27%, respectively.

The lower panel of table 4.7 shows how land use policies affect wetland conservation and the

addition of developed surfaces in the long run. Relative to the baseline, wetland loss is higher

under all scenarios. Unsurprisingly, the WPS induces less wetland loss than the other two policies.

Added developed covers are lower under all scenarios relative to the BAU. In addition, it seems

that future development is characterized by low–density urbanization under all scenarios.

4.3.2.1 Long–term (25 years) benefit–cost comparison

Similar to the short–term analysis, in the long–term analysis, each generated urban landscape was

shocked with a storm resembling Hurricane Irma to measure the economic impact of implementing

alternative land use policies. Results for the benefit–cost analysis are summarized in tables 4.8 and

4.9, and illustrated in figures 4.10 and 4.11. Table 4.8 shows average (from the 200 simulations)

property damages caused by a major flooding event, expected avoided damages under different

policy scenarios, average added value to the landscape for each scenario, and expected cost of each

policy in terms of foregone added value. Table 4.9 shows summary statistics for the 200 simulated

measures of costs and benefits, and figures 4.8 and 4.9 illustrate these distributions.

When only benefits are considered, the preferable policy is a DCT. Under this policy, there

is a 49% reduction in damages relative to the BAU. It is important to recognize that the only

component of flood damages being measured is insurance payments: that is, other non-market,

non-insurance measures of economic benefit are neglected. When tax revenues and subsidy costs

are considered, under a 10%DT, the augmented CBR is just 0.3 and the amount of raised tax

revenue is about 20% more than with a DCT.

Considering benefits and tax revenue raised seems to indicate a DCT or a 10%DT can deliver

the preferred outcome 25 years into the future. However, looking only at these measures may be

a misleading strategy for policy design. When considering lost development values, none of the
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policies pass a benefit—cost test. Similarly to the short–term case, findings from a simple cost-

benefit comparison suggest that 25 years into the future, the policies do not effectively address

increased risks of flooding. In the long term, the CBR associated with the DCT is 21 (as in the

five–year case). In turn, the CBR is 30 for the 10%DT and 38 for the WPS. These ratios indicate

that costs are 21 to 37 times benefits, and that the least undesirable policy is a DCT.

4.3.2.2 Long–term spatial patterns of development and distribution of damages

Figure 4.12 illustrates the location and number of predicted developments in the study area 25

years into the future. The maps also show major rivers, streams, and roads. Similarly to the short–

term analysis, there is no clear indication that spatial tendencies in development are altered by the

policies. In general, it seems that development is less dense when a policy is in place, particularly

with the DCT and the WPS (these are the same trends observed in the short–term analysis).

Although illustrative, the maps do not offer any conclusive insights in terms of differential impacts

of the policies on the spatial tendencies of development.

The policies do seem to have different effects in terms of which areas are expected to experience

higher or lower damages. Nevertheless, as with the short–term analysis, there is very little difference

across scenarios in terms of inequality in distribution of expected damages, as indicated by the

Gini coefficients. Figure 4.13 shows the spatial distribution of damages under each policy scenario.

Most noticeable are the reduction in extreme damages with a DCT and the more homogeneous

distributions of damages under the WPS scenario, relative to the BAU. Figures 4.14 to 4.16 show

maps of two subregions where damages differed the most.

4.3.3 Policy implications

Table 4.10 summarizes the short– and long–run benefits and costs of imposing different land use

policies. A first look at the results would indicate a BAU scenario is the preferred alternative.

However, a closer look at the results reveals a more nuanced story. Table 4.11 summarizes pros

and cons of all policies and ranks them in terms of relative capacity to deliver each objective.

An examination of the CBR indicates that the 10%DT is the policy with the lowest CBR, (i.e.,

the least costly at reducing flood damages from a large storm while limiting the amount of foregone

benefits of development) in the short–run. In addition, this policy protects wetland covers. In
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the long–run, the DCT has the lowest CBR as it delivers the largest savings in terms of insurance

payments. It also deters development the most.

When other indicators of performance are explored, it is found that no policy dominates across

all criteria. For example, a 10%DT outperforms the DCT in terms of raising tax revenues but it

delivers lower savings in NFIP payments than the other two policies.50 Also, the DCT and the

WPS can deliver more equal spatial distribution of damages than the 10%DT. However, all policies

were associated with lower Gini coefficients, relative to the baseline. Finally, a WPS outperforms

the other policies in terms of encouraging dense development, which may have more desirable

implications for the environment (Bertraud and Richardson, 2004; Kenworthy, 2003).

In terms of urbanization patterns, findings show that the policies tend to slow down development

in Charleston, both in the short and the long run. Yet, there is no evident difference across scenarios

in terms of the spatial tendencies of development. In terms of spatial distribution of expected

damages, expected damages are lower and more uniformly distributed across the region when a

land use policy is in place. With the DCT and the WPS, in addition to the changes observed with

the 10%DT, there are fewer clusters of parcels with high levels of damage on the coast of Charleston.

Also, there are noticeable reductions of damages near the Waccamaw National Wildlife Refuge on

the northeast boundary of Georgetown, along the Santee River on the north edge of the Francis

Marion National Forest in Berkeley, along the Cooper River in central–west Berkeley, and near the

delta of the Stono River in Charleston. In the long run, there are noticeable reductions in extreme

damages with a DCT. In turn, with a WPS, damages seem to be more homogeneously distributed.

The results presented here may have interesting implications for designing future national flood

mitigation incentives, such as those supported by the NFIP’s Community Rating System (CRS), or

future local land use policy. The CRS is a voluntary incentive program that offers flood insurance

premium discounts to provide an incentive for communities to implement flood protection activities

that exceed the minimum NFIP requirements. The type of activities studied in this study (i.e., land

use regulation via price instruments) would be classified as 530 activities: those that further the

flood protection goals of the CRS. Interestingly, “Flood Protective” activities as currently defined

50It was found that in the 10%DT raises about 20% more tax revenue than a DCT. In turn, a DCT is associated
with savings that are between 4 and 10 times the size of those delivered by the 10%DT and the WPS. In the short
run, a DCT generated savings equal to 39.6% of the damages experienced under the BAU. In the long run, there was
a 49% reduction in payments relative to the BAU scenario. A WPS also reduces NFIP payments in both timelines,
but to a lower degree than the DCT.
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in the CRS do not include modifications to the natural landscape or natural structure restoration.

Flood protective activities only include building or restoring levees and dams; however, as shown

above, extending the CRS definition of 530 activities to include land use regulation via price

instruments could lead to important savings in insurance costs.

The State of South Carolina has been a pioneer in addressing shoreline change and other

coastal hazard management issues.51 In South Carolina, land use planning authority, which includes

comprehensive planning, zoning, and adoption of building codes, is delegated to local communities

by the Planning Enabling Act of 1994. The Act establishes the baseline requirements for adoption

of various ordinances and rules, which can include price controls of the type studied here. However,

in spite of a comprehensive list of regulatory powers explicit in the state’s legislation, no County

in South Carolina has established prescriptive regulation of the type proposed here.

In terms of price controls, only three municipalities within the study area (Mount Pleasant,

the City of Charleston, and the City of Summerville in Berkeley County) collect impact fees. No

local jurisdiction collects fees specifically tailored to address flood control projects, let alone flood

control projects that target natural infrastructures, such as buffer areas of wetlands. In Mount

Pleasant, impact fees for developing a single family home sum to $3,850, most of which goes to

the water and sewer utility. In Summerville, impact fees for one house are just under $1,400. If

expected property damages after a flooding are taken to be to $24,776, this type of revenue seems

insufficient to cover the cost of flooding.

As a short–run solution, local governments can frame a 10% tax on development as a develop-

ment impact fee. In the eyes of developers, impact fees and development taxes are an expense that

lowers the profitability of a project. However, the results presented here suggest that impact fees

do not slow down development significantly, and that it could be cost–effective for County planners

to implement or ramp up existing fees.52

Policy makers can also use impact fees to design long–term flood mitigation plans. Addressing

the threat of climate change and increased flood risks in the long run will likely require policy makers

to take a different approach to planning urban growth. In the long run, short–term mitigation efforts

51Appendix H includes a detailed discussion on the state’s legislative timeline and reasons why the impact of coastal
policies has been limited.

52As mentioned earlier, development outcomes are relatively insensitive to price–based policy. In the case of Florida,
which among the states that most heavily relies on impact fees for financing new capital improvements, the imposition
of impact fees in the late 1970’s was followed by decades of the state’s highest growth.

40



will likely not suffice to prevent losses. Instead, to address losses 25 or more years into the future,

policy makers will have to take a more preventative stance when designing land use regulations.

At least, this is what results from the 25–year simulation exercise indicate (for instance, a 10%DT

is the preferable policy in the short term, but a DCT has the lowest CBR in the long term).

Combining the economic principles of impact fees with the standing legal mechanisms available to

local governments may result in novel policy instruments that induce developers to provide flood

prevention services by preserving additional wetland habitat.

The results of this study can also offer local managers valuable insights on how to design and

evaluate schemes aimed at protecting local coastal resources and reducing flood risks. In South

Carolina, wetlands account for an important share of the surface area of the state. Yet, current

coastal zone management agencies in the state are not well prepared to address wetland protection,

particularly as they face pressure from sea level rise, rapid population growth, and fast development

of waterfront properties. Currently, there is no state–specific program recommending particular

strategies for coastal management or for regulating wetlands in South Carolina. Thus, federal rules

continue to provide the only real legal protection for wetlands, and the federal government remains

the practical manager of critical wetland areas. However, the most recent County Comprehensive

Plans for counties in the study area acknowledge the impact on wetlands from urbanization and

climate change, and are not shy in calling for strengthening land use strategies, fiscal tools, and

public–private partnerships to promote development in areas where impacts on wetlands can be

mitigated. The Berkeley Plan recommends the use of subsidies for developers that engage in

wetland-friendly practices, exactly the type of policy studied here.

Finally, there are interesting implications for effective future urban and climate policy. In

the baseline scenario, about 16% of parcels are predicted to develop in 5 years and 70% in 25

years, and results from this study indicate that future development in the Charleston metropoli-

tan area is of the suburban type. There is evidence that cities that follow unstructured urban

expansion development patterns are less resilient to climate events and have higher emissions of

greenhouse gases—which further accelerates climate change (Bertraud and Richardson, 2004; Ken-

worthy, 2003). Thus, based on the findings shown here, future policies aimed at mitigating the

effects of climate change should consider urbanization trends when designing land use policies.
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5 Conclusion

The purpose of this study is to develop and apply an integrative analysis using spatial simulation,

economic models, and models of ecosystem services provision that can provide an initial evalua-

tion of the relative effectiveness of three market–based land use policies in their ability to alter

development outcomes, protect natural infrastructure, and reduce flood damages among coastal

properties in the Charleston metropolitan area. The findings from this work illustrate how various

land use policies are beneficial in terms of slowing down development and enabling the region to

save on property repairs, either through promoting the conservation of wetlands, which provide

flood mitigation services, preventing the imposition of additional impervious surfaces, which lead

to increased run–off and inhibit the infiltration of excess water, or through the imposition of a tax

on new development that can enhance local government’s capacity to raise revenues (revenues that

can be tied to flood risk mitigation efforts).

The results indicate that price instruments based on land value and that vary by landscape

composition are mostly not a cost–effective strategy for addressing increased risks of flooding in

the study area. However, when examining various outcomes that policy makers may have an

interest in, these instruments can be modestly effective at altering urban development patterns,

enabling the region to reach economic savings on property damages when a flood occurs, raising tax

revenues, or delivering a marginally more equal spatial distribution of damages. The findings from

this work also provide supportive evidence to research illustrating how natural infrastructures, such

as coastal wetlands, are beneficial to coastal communities in terms of flood damage reduction.53

More specifically, the findings presented here imply that policy makers face interesting trade–

offs in designing forward–looking land use policy aimed at mitigating flood damages, and that they

can take better advantage of the economic benefits different policies offer by differentiating between

fiscal, environmental, and social objectives, and between short–term and long–term objectives. In

general, no policy dominates across all criteria. However, the framework and analysis established

here serve as a strong starting ground for research trying to answer the questions of how plan-

ners can choose among policies, and what is the optimal policy for meeting community–centered,

environmental, and fiscal goals—given a level of creativity and assertiveness that is feasible.

53See Loerzel et al.,( 2017), Walls et al., (2017), Narayan et al., (2016), Boutwell and Westra, (2015).
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Among the three policies, a tax on development that would reduce the value of developable

land by 10% is the most cost–effective approach to reducing flood damages from a storm while

limiting the amount of forgone benefits of development. Such a policy is associated with lower

costs in terms of lost development value and moderate savings in terms of flood damages, and it

delivers positive tax revenues (which can be tied to flood–preventive investments). In addition, it

protects wetland covers in the short run. However, such a tax is not the most effective policy for

reducing damages, deterring urban growth, or equalizing damages across the region. Alternatively,

a heterogeneous tax based on developed cover surfaces discourages development, delivers a more

equal spatial distribution of damages, and is the most effective at reducing damages. Yet, it is

associated with high costs in terms of losses in development value. Finally, a subsidy on wetland

covers delivers outcomes that are generally between those associated with the 10%DT and the

DCT, with the main difference being its high cost to local governments.

5.1 Limitations and future research

The analysis shown here is innovative and provides new insights on the potential impact of land use

policy on flood prevention by examining highly disaggregated data on localized relationships that

account for spatial determinants of the land development process. However, there are limitations,

as well as opportunities for future research.

In terms of the framework employed, there are a few key considerations. First, this is not an

optimization exercise, in that it does not address the economic efficiency of alternative development

patterns. In addition, the analysis is built on a partial equilibrium model and therefore does not

capture price feedbacks or development spillovers to other locations, both effects that would likely

affect the modeled system via population and income shifts following the imposition of these policies

and the occurrence of large storms. Second, the selected storm event used as a basis for developing

flood risks and determining damages (i.e., Hurricane Irma) is unique. Thus, the analysis in this

study is not representative of all possible storms and does not identify the general impact of

landscape features on coastal communities. It is not expected that property damages in the short–

and long– term scenarios will respond similarly under other storm events. There are variabilities in

surge reduction potential of landscape features and their geomorphological and biological dynamics

are complex. Moreover, this study is completely agnostic to the impact that climate change.
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Third, the analysis conducted here also abstracts away from the effect price instruments have

on development decisions at the intensive margin. Recognizing that the share of developed surfaces

covering land is endogenous, and that landowners can be strategic about their choice to intensify

density of development in order to modify the tax rate they receive, ignoring the intensive margin

is an important limitation of this framework. Finally, the non–flooding externality costs associated

with land development are not estimated, nor is a welfare analysis conducted—thus, this work

is silent on the potential policy incidence on different income groups or populations residing in

locations with different environmental sensitivities.

There are a number of possible extensions to the current modeling framework. First, in the

hedonic analysis, variables measuring land cover composition of the landscape can be separated to

measure composition in the parcel and around the parcel. Land cover inside a parcel contributes

to its value differently than landcover in the area that surrounds it.

Second, the construction of variables measuring developed covers can be improved. The defini-

tion used in this study included areas covered in land classes LC21, LC22, LC23, and LC24 in the

National Land Cover Database. For most of these land classes, impervious surfaces constitute only

a small share of the total cover. For instance, open–space developed covers (LC21) include areas

where less than 20% of the total area is covered by impervious surfaces. An index variable can be

used to improve the measure of impervious surface cover.

Third, while continuous–time proportional hazard models offer many benefits, they have some

limitations. They do not adapt readily to contexts where time is measured discretely. Thus, a

technical improvement to the estimation may involve using a discrete–time proportional hazard

model, as opposed to a continuous–time model. Future models can also explore enriching the

explanatory variable set with spatial fixed effects.

Fourth, the mechanism used to update land cover composition of parcels post–development

can be strengthened by formally modeling density of development in the conversion decision. This

can be done by incorporating a hurdle model into the framework. With the current method,

strange results that are not possible to explain with the data at hand may arise—like the predicted

increment in wetlands post–development.

Fifth, the empirical framework developed here is sufficiently flexible to be used in the study of

other types of policies, including modifications to the price policies explored here, and quantity–
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based policies such as density controls. Lastly, coupling the modeling of future urban landscapes

with simulated alternative storm scenarios and a model of flood risk that is more strongly based

on ecological and geological knowledge could help derive more realistic conclusions on the impact

of landscape features on flood vulnerability. This would also improve the methods for measuring

the externalities associated with intensive land development and removal of wetlands, and the link

between flood risks and property values.
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Tables and Figures

Table 3.1: Land cover by selected habitat and year.

Charleston
Land Cover 2001 2006 2011 %∆
Developed, Open Space 4.77 5.19 4.85 1.63
Developed, Low Intensity 3.91 4.60 4.11 5.24
Developed, Medium Int. 1.39 1.83 1.80 29.49
Developed, High Int. 0.60 0.68 0.78 29.34
Forest 17.91 19.33 16.97 -5.24
Shrub/Scrub 6.18 6.99 6.53 5.65
Pasture/Hay/Crops 5.04 5.74 5.05 0.35
Woody Wetlands 22.46 23.37 22.50 0.19
Emergent Wetlands 22.47 23.37 22.51 0.19

Berkeley
Land Cover 2001 2006 2011 % ∆
Developed, Open Space 3.06 3.15 3.22 5.35
Developed, Low Intensity 1.81 2.06 2.11 16.59
Developed, Medium Int. 0.49 0.68 0.74 52.39
Developed, High Int. 0.18 0.22 0.27 47.38
Forest 30.41 29.10 27.91 -8.21
Shrub/Scrub 7.45 7.91 8.97 20.50
Pasture/Hay/Crops 7.23 7.77 7.39 2.20
Woody Wetlands 34.44 34.45 33.95 -1.45
Emergent Wetlands 4.40 4.37 4.48 1.66

Georgetown
Land Cover 2001 2006 2011 % ∆
Developed, Open Space 2.70 2.97 2.79 3.13
Developed, Low Intensity 1.00 1.08 1.12 11.84
Developed, Medium Int. 0.25 0.35 0.35 41.52
Developed, High Int. 0.07 0.09 0.10 44.54
Forest 29.29 28.51 27.10 -7.48
Shrub/Scrub 8.75 11.15 10.70 22.28
Pasture/Hay/Crops 6.09 7.43 5.95 -2.30
Woody Wetlands 30.17 32.11 29.72 -1.50
Emergent Wetlands 12.10 11.99 12.47 3.10

Notes: Table 3.1 shows percent coverage per county per year.
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Table 3.2: Selection of sample for estimation.

Charleston Berkeley Georgetown All Model in which
data is used

Number of parcels in Tax Assessor database 181,729 90,684 43,517 315,930

Parcels in zones considered for analysis 133,461 84,284 42,634

Residential parcels with GIS variables 77,729 68,515 19,560

Residential parcels transacted since 2010 27,079 18,700 4,792

Transacted since 2010 with building data 4,049 6,510 1,341 11,900 Land use change

Transacted since 2010 (preferred price range) 16,300 12,315 3,627 32,239 Hedonic developed

Undeveloped parcels with GIS variables 15,680 20,648 16,891 53,219 Land use change

Undeveloped parcels transacted since 2000* 7,313 8,680 7,566

Transacted since 2000* (preferred price range) 2,041 2,366 1,959 6,366 Hedonic undeveloped

* Excludes transactions that occurred in 2006, 2007, 2008 and 2009.



Table 3.3: Summary statistics: data used for hedonic price model of agricultural land.+

Charleston Berkeley Georgetown
# obs 2,401 2,366 1,959

Price and structural characteristics
Sales price Recorded sales price 251,881/100,797 114,961/58,954 79,329/40,000

(in 2016 dollars) [92/18,631,992] [253/17,850,267] [309/3,610,360]

Assessed building value Value assessed by tax 7,799 /0 39,296/0 2,277/0
office (in 2016 dollars) [0/2,034,337] [0/6,364,654] [0/183,359]

Land characteristics
Parcel size (acres) Size of lot in acres 2.6/0.5 0.9/0.3 3.1/0.5

[0.01/1,808.7] [0.01/9.9] [0.009/1,500]

LCC1 (=1) Land capability class 0.003/0 0.05/0 0.003/0
1: Good soil [0/0.94] [0/1] [0/1]

LCC2 (=1) Land capability class 0.14 /0 0.6/0.9 0.3/0
2: Good soil [0/1] [0/1] [0/1]

LCC3 (=1) Land capability class 0.43/0.2 0.1/0 0.2/0
3: Poor soil [0/1] [0/1] [0/1]

LCC4 (=1) Land capability class 0.08/0 0.2/0 0.3/0
4: Poor soil [0/1] [0/1] [0/1]

Geospatial characteristics
Elevation (m) Elevation of the parcel 3.2/2.7 12.3/10.4 5.05/5.1

(meters above sea level) [1.06/13.7] [0.5/28.6] [0/18.6]

Within 100–year If within the 100–year 0.7/1 0.2/0 0.4/0
flood plain (=1) flood plain [0/1] [0/1] [0/1]

Continued on next page
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Table 3.3 (continued).
Charleston Berkeley Georgetown

# obs 2,401 2,366 1,959

River (=1) If a river pases through 0.08/0 0.08/0 0.05/0
or by the parcel [0/1] [0/1] [0/1]

Dist. to river (mi) Euclidean distance 0.16/0.1 0.19/0.17 0.17/0.13
to nearest river [0/1.32] [0/1.34] [0/1.06]

Distance to Euclidean distance to 15.9/16.4 7.9/7.2 10.8/10.9
paper mill (mi) the nearest paper mill [3.33/26.7] [0.18/16.6] [0.1/19.9]

Distance to Euclidean distance 11.8/12.1 20.7/19.4 62.3/63.1
Charleston (mi) to Charleston city center [0.12/25] [4.6/38.5] [42.2/76.7]

Dist. to road (mi) Euclidean distance to nearest 1.9/1.1 0.94/0.7 0.95/0.65
primary or secondary road [0.004/5.09] [0.005/5.2] [0.004/4.3]

Dist. to beach Euclidean distance to nearest 6.4/5 22.5/22.4 7.8/3.3
public access point (mi) beach public access point [0.001/18.8] [5.9/41.6] [0.008/28.9]

Dist. to coastline (mi) Euclidean distance 3.45/2.2 13.4/12.9 4.6/1.9
to coastline [0/12.9] [0/32.3] [0/22.9]

Geospatial characteristics (continued)

Wetland cover Share of area w/in 0.25 mi. 22.9/15.9 15.9/4.6 18.4/10
covered by wetlands in 2011 [0/100] [0/100] [0/100]

Developed cover∗ Share of area w/in 0.25 mi. 33.4/19.66 51.1/58.9 44/41.8
in developed surfaces in 2011 [0/100] [0/100] [0/100]

Pasture/crop cover Share of area w/in 0.25 mi. 6.55/0 3.7/0 3.8/0
in crops or pasture in 2011 [0/100] [0/96.6] [0/89.4]

Statistics outside brackets represent mean/median; and inside brackets [min/max].
+ Only properties in the hedonic analysis.
∗ Includes, open space, low–, medium–, and high–intensity development.
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Table 3.4: Hedonic models of agricultural land.

Dependent variable: ln(Price
Acre ) in 2016 dollars

Charleston Berkeley Georgetown

Constant 12.363∗∗∗ 10.425∗∗∗ -5.531
(0.373) (1.183) (5.367)

Building value 0.0001∗∗∗ 0.00001∗∗∗ 0.00003∗∗∗

(0.00002) (0.000001) (0.000003)

Building valueˆ2 -0.017e−10∗∗∗ -0.021e−9∗∗∗ -0.088e−9∗∗∗

(0.004e−10) (0.005e−8) (0.004e−8)

LCC1 (=1) -0.336 0.269 0.405
(0.649) (0.375) (0.310)

LCC2 (=1) 0.067 0.424 -0.206∗

(0.078) (0.363) (0.116)

LCC3(=1) -0.011 0.209 -0.037
(0.058) (0.368) (0.118)

LCC4 (=1) 0.380∗∗∗ 0.533 -0.040
(0.093) (0.373) (0.116)

Elevation (m) -0.013 -0.003 -0.089∗∗∗

(0.020) (0.011) (0.014)

100-year flood plain 0.780∗∗∗ 0.181∗∗ 0.273∗∗∗

(0.079) (0.080) (0.058)
River (=1) -0.953∗∗∗ -0.199∗ -0.598∗∗∗

(0.127) (0.117) (0.141)

Dist. to river (mi) -0.575∗∗∗ 1.263∗∗∗ -0.790∗

(0.171) (0.330) (0.430)

Dist. to riverˆ2 (mi) X -1.235∗∗∗ 0.800
(0.383) (0.741)

Dist. to mill (mi) -0.046∗∗ X X
(0.024)

Dist. to Charleston (mi) -0.056 -0.181∗∗ 0.403∗∗

(0.041) (0.083) (0.175)

Dist. to Charlestonˆ2 (mi) 0.004∗∗∗ 0.003 -0.002∗

(0.002) (0.002) (0.001)

Dist. to road (mi) 0.309∗∗∗ 0.055 0.268∗∗

(0.026) (0.114) (0.116)

Continued on next page
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Table 3.4 (continued).
Charleston Berkeley Georgetown

Dist. to roadˆ2 (mi) X 0.013 -0.054
(0.030) (0.043)

Dist. to beach (mi) -0.172∗∗∗ 0.239∗∗∗ -0.027
(0.023) (0.091) (0.079)

Dist. to beachˆ2 (mi) X -0.006∗∗∗ 0.008∗∗∗

(0.002) (0.002)

Dist. to coastline (mi) 0.075∗∗∗ X -0.110
(0.028) (0.079)

Dist. to coastlineˆ2(mi) X X -0.006∗∗

(0.004)

Wetland cover within 0.002 -0.004∗∗∗ -0.004∗∗∗

a 0.25-mile radius area (0.001) (0.002) (0.001)

Developed cover within 0.010∗∗∗ 0.007∗∗∗ 0.006∗∗∗

a 0.25-mile radius area∗ (0.001) (0.001) (0.001)

Pasture/crop cover within -0.008∗∗∗ -0.015∗∗∗ -0.003
a 0.25-mile radius area (0.002) (0.002) (0.003)

UGB (=1) 0.592∗∗∗ X X
(0.104)

Year fixed effects YES YES YES
Tract fixed effects YES YES YES

Observations 2,041 2,366 1,959
R2 0.591 0.723 0.741
Adjusted R2 0.584 0.715 0.734
Residual Std. Error 1.06 0.94 0.91

(df = 2008) (df = 2294) (df = 1910)
F Statistic 90.6∗∗∗ 84.5∗∗∗ 113.7∗∗∗

(df = 32; 2008) (df = 71; 2294) (df = 48; 1910)

∗Includes open space-, low-, medium-, and high-intensity development.
Significance codes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
The errors in parenthesis are robust standard errors.
An “X”in place of coefficients means the variable was left out as indicated
by results of the 10–fold cross validation.
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Table 3.5: Summary statistics: data used for hedonic price model of residential land.+

Charleston Berkeley Georgetown
# obs 16,300 12,315 3,627

Price and structural characteristics
Sales price Recorded sales price 394,095/261,323 192,020/152,503 282,856/222,395

(in 2016 dollars) [4,457/18,555,786] [7,884/21,618,412] [5,572/3,929,196]

Age Age of the building 36/28 13/9 24/18
in years [1/307] [0/301] [0/279]

SQFT Building size (sq ft) 21,148/1,959 2,062/1,914 2,236/2,050
[300/12,630] [480/9,430] [250/40,320]

Assessed building value Value assessed by tax 247,874/179,510 147,548/118,728 178,625/152,718
office (in 2016 dollars) [-7,761/5,676,500] [1,025/11,648,387] [198/2,096,923]

Land characteristics
Acreage Size of lot in acres 0.43/0.24 0.3/0.2 0.61/0.32

[0.004/221] [0.01/9.9] [0.01/197.7]

Elevation (m) Elevation of the parcel 3.2/2.7 12.3/10.4 5.05/5.1
(meters above sea level) [1.06/13.7] [0.5/28.6] [0/18.6]

Geospatial characteristics
Within 100–year If within the 100–year 0.53/1 0.14/0 0.3/0
flood plain (=1) flood plain [0/1] [0/1] [0/1]

Geospatial characteristics (continued)
River (=1) If a river pases through 0.03/0 0.03/0 0.04/0

or by the parcel [0/1] [0/1] [0/1]

Distance to Euclidean distance 6.9/6.1 18.73/19.329 65/66
Charleston (mi) to Charleston city center [0.05/30.1] [4.54/38.6] [42.7/76.7]

Continued on next page

59



Table 3.5 (continued).
Charleston Berkeley Georgetown

# obs 16,300 12,315 3,627

Dist. to road (mi) Euclidean dist. to nearest 0.86/0.46 1/0.9 0.77/0.56
primary or secondary road [0.002/7.2] [0.005/4.6] [0.002/4.02]

Dist. to beach Eucl. dist. to nearest 6.5/5.9 21.1/22.2 4.4/2.2
access point (mi) beach public access point [0.0002/18.8] [5.9/41.9] [0.0004/29.8]

Distance to Eucl. dist. to nearest 0.00008/0 4.2/2.73 0.45/0
evacuation route (mi) hurricane evacuation route [0/0.06] [0/21.1] [0/10.37]

Dist. to coastline (mi) Euclidean distance 3.1/2.4 12.1/12.9 2.4/1.6
to coastline [0/12.9] [0/32.5] [0/22.5]

Dist. to river (mi) Euclidean distance 0.16/0.1 0.19/0.17 0.17/0.13
to nearest river [0/1.32] [0/1.34] [0/1.06]

Dist. to Eucl. dist. to nearest 25.7/25 8.5/6.1
lake (mi) recreational lake [8.9/10.1] [2.2/32.2]

Wetland cover % Area w/in 0.25 mi. 11.7/0 12.2/0 11.8/3
in wetlands (2011) [0/100] [0/100] [0/100]

Geospatial characteristics (continued)
Developed cover∗ % Area w/in 0.25 mi. 66.4/78.8 64.3/78.5 62.3/68

developed (2011) [0/100] [0/100] [0/100]
–open space mean/med 22/1 23/10 35/26
–low intensity mean/med 32/12 35/2 27/8
–medium intensity mean/med 8/0 9/0 3/0
–high intensity mean/med 1/0 0.4/0 0.1/0

Pasture/crop cover % Area w/in 0.25 mi. 1.5/0 1.4/0 0.9/0
in pasture/crop (2011) [0/100] [0/100] [0/83]

Continued on next page
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Table 3.5 (continued).
Charleston Berkeley Georgetown

# obs 16,300 12,315 3,627

Forest cover % Area w/in 0.25 mi. 11.7/1.4 10.6/0 16.4/10
in forest (2011) [0/100] [0/100] [0/100]

Statistics outside brackets represent mean/median; and inside brackets [min/max].
+ Only properties in the hedonic analysis.
∗ Includes, open space, low–, medium–, and high–intensity development.
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Table 3.6: Hedonic models of residential land.

Dependent variable: ln(Price
Acre ) in 2016 dollars

Charleston Berkeley Georgetown

Constant 16.773∗∗∗ 13.222∗∗∗ -11.735∗∗

(0.205) (0.414) (6.119)

Age -0.032∗∗∗ -0.059∗∗∗ -0.032∗∗∗

(0.001) (0.003) (0.003)

Ageˆ2 0.0003∗∗∗ 0.001∗∗∗ 0.0003∗∗∗

(0.00001) (0.0001) (0.00005)

SQFT 0.0002∗∗∗ -0.00001 -0.0002∗∗∗

(0.00003) (0.00003) (0.00003)

SQFTˆ2 -0.003e−5∗∗∗ 0.006e−6∗ 0.003e−6∗∗∗

(0.003e−6) (0.003e−6) (0.007e−7)

Building value 0.00001∗∗∗ 0.003e−4∗∗∗ 0.003e−3∗∗∗

(0.006e−4) (0.006e−5) (0.002e−4)

Building valueˆ2 -0.006e−11∗∗∗ -0.026e−12 -0.001e−9∗∗∗

(0.001e−11) (0.005e−11) (0.002e−10)

100-year flood plain (=1) -0.069∗∗∗ 0.029 -0.0012
(0.013) (0.024) (0.033)

Elevation (m) -0.022∗∗∗ 0.001 -0.106∗∗∗

(0.006) (0.003) (0.010)

River (=1) -0.401∗∗∗ -0.230∗∗∗ -0.292∗∗∗

(0.037) (0.034) (0.069)

Dist. to Charleston (mi) -0.166∗∗∗ 0.078∗∗ 0.576∗∗∗

(0.027) (0.033) (0.178)

Dist. to Charlestonˆ2 (mi) 0.005∗∗∗ -0.011∗∗∗ -0.004∗∗∗

(0.001) (0.001) (0.001)

Dist. to road (mi) -0.062∗∗∗ 0.141∗∗∗ -0.08
(0.027) (0.031) (0.057)

Dist. to roadˆ2(mi) 0.008 -0.027∗∗ 0.03
(0.007) (0.010) (0.020)

Dist. to beach (mi) -0.126∗∗∗ 0.012 -0.061
(0.036) (0.049) (0.046)

Dist. to beachˆ2 (mi) 0.003 0.007∗∗∗ 0.010∗∗∗

(0.003) (0.001) (0.002)

Continued on next page
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Table 3.6 (continued).
Charleston Berkeley Georgetown

Dist. to coastline (mi) -0.107∗∗ -0.155∗∗∗

(0.043) X (0.042)

Dist. to coastlineˆ2 (mi) 0.009∗∗ -0.006∗

(0.004) X (0.003)
Dist. to river (mi) -0.327∗∗ -0.263

(0.132) X (0.222)

Dist. to riverˆ2 (mi) 0.446∗ X 0.822∗∗

(0.231) (0.395)

Wetland cover within 0.002∗∗∗ -0.002∗∗∗ -0.001
a 0.25-mile radius area (0.0005) (0.0003) (0.001)

Developed cover within 0.003∗∗∗ 0.001∗∗∗ 0.004∗∗∗

a 0.25-mile radius area∗ (0.0004) (0.0003) (0.001)

Pasture/crop cover within -0.005∗∗∗ -0.020∗∗∗ -0.005
a 0.25-mile radius area (0.001) (0.001) (0.003)

Forest cover within -0.002∗∗∗ -0.002∗∗∗ -0.003∗∗

a 0.25-mile radius area (0.0005) (0.0002) (0.001)

Year fixed effects YES YES YES
Tract fixed effects YES YES YES
Block group fixed effects YES NO NO

Observations 16,300 12,315 3,627
R2 0.765 0.695 0.709
Adjusted R2 0.763 0.694 0.705
Residual Std. Error 0.516 0.453 0.575

(df = 16125) (df = 12248) (df = 3582)
F Statistic 301.9∗∗∗ 423.4∗∗∗ 198.2∗∗∗

(df = 174; 16125) (df = 66; 12248) (df = 44; 3582)

∗Includes open space-, low-, medium-, and high-intensity development.
Significance codes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
The errors in parenthesis are robust standard errors.
An “X”in place of coefficients means the variable was left out as indicated
by results of the 10–fold cross validation.
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Table 3.7: Land use change model - proportional hazards.

Dependent variable: hazard rate

Charleston Berkeley and All
parcels Georgetown parcelŝ

ln( PD

Acre ) 0.236∗∗∗ 0.637∗∗∗ 0.483∗∗∗

(0.012) (0.019) (0.011)

̂
ln( PU

Acre ) −0.063∗∗∗ −0.092∗∗∗ −0.105∗∗∗

(0.002) (0.002) (0.002)

Observations 19,729 45,390 65,119
R2 0.009 0.072 0.049
Log Likelihood -39,575 -81,764 -129,158
Wald Test (df = 2) 170.4∗∗∗ 2,884.4∗∗∗ 2,952.1∗∗∗

LR Test (df = 2) 170.1∗∗∗ 3,402.4∗∗∗ 3,301.2∗∗∗

Score (Logrank) Test (df = 2) 170.4∗∗∗ 3,017.7∗∗∗ 3,018.8∗∗∗

Significance codes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
The errors in parenthesis are robust standard errors.
The first column in table 3.5 corresponds to estimates from the proportional
hazards model when only parcels from Charleston county are considered, the
second column applies to the subset of the data with Berkeley and Georgetown
parcels, and the third column shows coefficient estimates when all are included.

4
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Table 4.1: Summary statistics of selected characteristics for undeveloped parcels used to model
land use change.

Charleston Berkeley Georgetown

Recorded sales price∗ 216,142/11,905 137,567/5 149,753/3,231
(in 2016 dollars) [0/2,186,066] [0/27,680,376] [0/33,022,142]

Area 7.18/0.6 1.4/0.7 10.4/0.7
(in acres) [0.00/14,525] [0.00/9.99] [0.003/7,541]

Developed Cover 61.4/96 39/7.6 33.5/7.9
Tax (%)∗∗ [0/100] [0/100] [0/100]

Wetland Protection 11.4/0 20.3/0 18.9/0
Subsidy (%) [0/100] [0/100] [0/100]

# obs 15,680 20,648 16,891
Elasticities from tables 3.4 and 3.6
Mean effect of DC on Ag prices+ 1∗∗∗ 0.7∗∗∗ 0.6∗∗∗

Mean effect of WC on Ag prices+ 0.2 -0.4∗∗∗ -0.4∗∗∗

Mean effect of DC on Res prices++ 0.3∗∗∗ 0.1∗∗∗ 0.4∗∗∗

Mean effect of WC on Res prices++ 0.2∗∗∗ -0.2∗∗∗ -0.1

Statistics outside brackets represent mean/median; and inside brackets [min/max].
∗ The sample for the land use change model includes more parcels than the hedonic
model, some of them had not sold as of 2016 and some sold for unusual prices.
∗∗ Tax is based on developed covers development (LC21–to–LC24 in the NLCD).
+Expected percentage change in Price/Acre for a 1% increase in land cover class.
It is the transformation of the estimates from the hedonic model on agricultural land
++Expected percentage change in Price/Acre for a 1% increase in land cover class.
It is the transformation of the estimates from the hedonic model on residential land
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Table 4.2: Short–term (5 years): development probabilities under alternative policies.

BAU 10%DT DCT WPS

mean/med 0.162/0.151 0.158/0.148 0.088/0.067 0.156/0.145
[min/max ] [0.0028/0.57 ] [0.0053/0.55 ] [0.00001/0.56 ] [0.005/0.599 ]
std. dev. 0.087 0.083 0.088 0.0870

∆δ̂ 0.004 0.074 0.006

∆δ̂ represents the percentage point difference from BAU.
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Table 4.3: Short–term (5 years): number of parcels predicted to develop under different policy
regimes.

Number of parcels predicted to develop

Undeveloped parcels BAU 10%DT DCT WPS
at starting point scenario scenario scenario scenario

Charleston 15,680
3,097

(19.8%)
2,983
(19%)

1,018
(6.5%)

2,430
(15.5%)

Berkeley 20,648
4,602

(22.3%)
4,312

(20.9%)
2,553

(12.4%)
4,355

(21.1%)

Georgetown 16,891
1,642

(9.7%)
1,595

(9.4%)
995

(5.9%)
1,501

(8.9%)

Total 53,219
9,340

(17.6%)
8,890

(16.7%)
4,566

(8.6%)
8,286

(15.6%)
% relative to BAU −4.8% −51.1% −11.3%

Wetland cover loss (acres) −4, 336 −1, 917 −5, 258 −1, 083
% relative to BAU −55.8% +21.3% −75%

Developed cover added (acres)∗ 37,106 27,138 −5, 482 28,079
% relative to BAU −26.9% −114.8% −24.3%

Intensive development added (acres)+ 344 216 -405 291
% relative to BAU −37.2% −217.7% −15.4%

Shares in parenthesis are percentages of land cover change relative to total area.
∗ Includes, open space, low–, medium–, and high–intensity development (i.e., land
cover classes 21 to 24).
+ Includes high–intensity development only (i.e., LC class 24).
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Table 4.4: Short–term (5 years): expected benefits and costs under different policy scenarios.

BAU 10%DT DCT WPS

Expected damages and savings

Average NFIP payments 23,399,384 22,531,926 14,132,178 21,851,824

Avoided payments 867,458 9,267,206 1,547,560

Savings as percent of BAU damages 3.7% 39.6% 6.61%

Expected added value from development

Added value to the land 386,376,257 369,297,731 189,786,016 341,326,223

Foregone added value 17,078,526 196,590,241 45,050,034

Foregone value as percent of baseline 4% 50.9% 11.7%

Cost–Benefit Ratio 19.7 21.2 29.1

Raised revenue 152,240,261 127,812,019 −207,553,252

Augmented CBR 0.11 0.38 163.23
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Table 4.5: Short–term (5 years): summary statistics of benefits and costs under different scenarios.

BAU 10% DT DCT WPS

Min 22,338,461 21,766,575 13,813,227 21,046,542

1st Qu. 23,177,191 22,331,142 13,984,228 21,626,114

Expected Median 23,431,304 22,536,802 14,171,685 21,956,014
NFIP
payments Mean 23,399,384 22,531,926 14,132,178 21,851,824

3rd Qu. 23,623,131 22,765,829 14,295,537 22,077,027

Max. 24,181,598 23,122,886 14,303,487 22,358,467

Min 373,504,670 357,259,889 183,035,663 329,948,613

1st Qu. 383,965,640 366,760,371 188,151,307 339,135,892

Expected Median 386,513,022 369,474,795 189,675,560 341,537,113
sales
revenues Mean 386,376,257 369,297,731 189,786,016 341,326,223

3rd Qu. 388,924,683 371,708,974 191,356,415 343,948,774

Max. 395,094,776 378,014,789 196,315,458 349,325,421
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Table 4.6: Long–term (25 years): development probabilities for different periods under alternative
policies.

BAU 10%DT DCT WPS

0-to-5–year 0.162 0.158 0.088 0.157
(0.087) (0.083) (0.089) (0.087)

5-to-10–year 0.157 0.151 0.081 0.148
(0.083) (0.08) (0.085) (0.083)

10-to-15–year 0.148 0.144 0.075 0.141
(0.08) (0.078) (0.082) (0.08)

15-to-20–year 0.136 0.138 0.07 0.135
(0.078) (0.076) (0.079) (0.078)

20-to-25–year 0.126 0.133 0.065 0.13
(0.071) (0.074) (0.077) (0.076)

Results shown in the table are average probabilities.
Numbers in parenthesis are standard deviations.
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Table 4.7: Long–term (25 years): number of parcels predicted to develop under different policy
regimes.

Number of parcels predicted to develop

Undeveloped parcels BAU 10%DT DCT WPS
at starting point scenario scenario scenario scenario

Charleston 15,680
12,439

(79.3%)
9,751

(62.2%)
3,476

(22.2%)
7,699
(49%)

Berkeley 20,648
17,331
(85%)

13,780
(66.7%)

8,641
(41.8%)

13,693
(66.3%)

Georgetown 16,891
7,693

(45.5%)
6,269
(37%)

4,010
(23.7%)

6,072
(36%)

Total 53,219
37,463

(70.4%)
29,800
(56%)

16,127
(30.3%)

27,464
(51.6%)

% relative to BAU −20.5% −57% −26.7%

Wetland cover loss (acres) 847 2,947 3,053 2,644
% relative to BAU 248% 260% 212%

Developed cover added (acres)∗ 25,536 17.676 2,776 20,668
% relative to BAU −30.8% −89% −19%

Intensive development cover added (acres)+ 140 −7 −307 32
% relative to BAU −105% −319% −77%

Shares in parenthesis represent percentage of land cover change relative to total area.
∗ Includes, open space, low–, medium–, and high–intensity development (i.e., land
cover classes 21 to 24).
+ Includes high–intensity development only (i.e., LC class 24).

71



Table 4.8: Long–term (25 years): expected benefits and costs under different policy scenarios.

BAU 10%DT DCT WPS

Expected damages and savings

Average NFIP payments 51,548,920 46,327,071 26,384,454 45,787,556

Avoided payments 5,221,849 25,164,466 5,761,364

Savings as percent of BAU damages 10% 48.8% 11.2%

Expected added value from development

Added value to the land 958,338,082 803,808,551 428,620,585 741,964,796

Foregone added value 154,529,531 529,717,497 216,373,286

Foregone value as percent of baseline 16% 55.3% 22.6%

Cost–Benefit ratio 29.6 21 37.6

Raised revenue 508,577,985 410,877,451 −694,682,671

Augmented CBR 0.3 1.2 158.1
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Table 4.9: Long–term (25 years): summary statistics of benefits and costs under different policy
scenarios.

BAU 10% DT DCT WPS

Min 17,188,241 15,486,068 8,845,862 15,131,485

1st Qu. 17,295,507 15,635,003 8,889,447 15,420,510

Expected Median 51,272,633 45,963,663 26,353,737 45,238,199
NFIP
payments Mean 51,548,920 46,327,071 26,384,454 45,787,556

3rd Qu. 85,798,322 77,032,257 43,881,914 76,289,790

Max. 86,556,430 77,801,487 44,092,780 76,894,036

Min 948,470,267 795,633,202 423,040,580 734,144,657

1st Qu. 955,480,457 801,504,189 427,273,367 739,879,162

Expected Median 958,409,902 803,486,438 428,490,534 742,323,898
added
value Mean 958,338,082 803,808,551 428,620,585 741,964,796

3rd Qu. 960,806,679 805,822,750 429,954,540 744,246,801

Max. 969,123,393 812,132,317 435,674,925 750,521,124
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Table 4.10: Expected damages and savings under different policy scenarios at two different points
in time.

10%DT DCT WPS

5–year
% of parcels developed relative to BAU −2.9% −39.4.3% −8.6%
∆ wetland cover relative to BAU −55.8% 21.3% −75%
∆ general development relative to BAU+ −26.9% −114.8% −24.3%
∆ impervious surface relative to BAU −37.2% −217.7% −15.4%

Savings in NFIP payments 867,458 9,267,206 1,547,560
Savings as % of BAU 3.7% 39.6% 6.6%

Cost–Benefit ratio 19.7 21.2 29.1
Raised revenue 152,240,261 127,812,019 −207,553,252
Augmented CBR 0.1 0.4 163.2

Gini coefficient of damage distribution∗ 0.473 0.44 0.47

25–year
% of parcels developed relative to BAU −18.5 −47.9 −21.1
∆ wetland cover relative to BAU 248% 260% 212%
∆ general development relative to BAU −31% −89% −19%
∆ impervious surface relative to BAU −105% −319% −77%

Savings in NFIP payments 5,221,849 25,164,466 5,761,364
Savings as % of BAU 10.1% 48.8% 11.2%

Cost–Benefit ratio 29.6 21.1 37.6
Raised revenue 508,577,985 410,877,451 −694,682,671
Augmented CBR 0.3 1.2 158

Gini coefficient of damage distribution+ 0.61 0.6 0.59
∗ Gini for BAU is 0.46 5years into the future, and 0.64 25 years ahead.
+ Gini for BAU is 0.64 25 years ahead.
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Table 4.11: Summary of advantages and disadvantages of policies and their ranking.

10%DT DCT WPS

5–year
Reduces insurance payments yes YES Yes
Raises tax revenues Yes yes no
Avoids losses in added developed value no NO No
Slows down urbanization yes YES Yes
Protects/restores wetlands yes no Yes
Encourages dense development no No yes
More equal spatial distribution of damages No yes no

25–year
Reduces insurance payments yes YES Yes
Raises tax revenues Yes yes no
Avoids losses in added developed value no NO No
Slows down urbanization yes YES Yes
Protects/restores wetlands No NO no
Encourages dense development yes Yes YES
More equal spatial distribution of damages yes Yes YES

This table ranks policies based on relative performance. Capitalization
of “yes”and “no”indicates capacity, so that a YES is stronger than Yes.
In turn, both have larger impacts than a policy that delivers yes.
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Figure 1.1: Analytical framework. The results from separate hedonic models of land value inform a model of land
use change that is used in Monte Carlo simulation to generate future landscapes. Future landscapes may exhibit
changes in land cover composition (∆LC) which in turn influence land values and flood risk indicators (∆ FR)
and economic damages from flood events (∆$). Changes in flood risk indicators are determined using an ecological
function that takes as inputs ∆LC. Land use decisions by landowners are influenced by land use policies through
their effect on land values.
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Figure 3.1: The study area.
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Figure 3.2: Location of flash floods, floods, and coastal flooding incidents (1996–2016).
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Figure 3.3: Location of selected parcels that are included in the final sample relative to parcels not
included in the sample. Parcels that were excluded were zoned commercial, industrial, public, or
were in mixed uses.
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(a) Location of selected parcels that are included in the final
sample. Parcels in orange represent residential parcels, parcels
in green are agricultural. White regions are composed by public
lands, parcels under commercial, industrial, or mixed uses, or
parcels dedicated to conservation.

(b) Selected parcels by land use type relative to land
cover.

Figure 3.4: Parcel selection, land uses, and land covers.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.1: Steps for comparing alternative land use policies in their ability to mitigate risks and
damages from major floods. Panel (a) shows the original state of the landscape. Panel (b) shows the
starting point for policy comparison: the generated alternative future landscapes. Panel (c) shows
step 2: the system is shocked with a flood in the short term. Panel (d) shows step 3: alternative
landscapes and their propensity to flood. Panel (e) shows step 4: estimated costs and benefits.
Panel (f) shows steps 2 to 4 when the system is shocked with a storm in the long run. Panel (g)
shows step 5: the final cost-benefit comparison between policies and across time. Panel (h) shows
the final analysis of differences in spatial distribution of damages between policies and across time.
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Figure 4.2: Short–term (5 years) benefits comparison: expected savings in NFIP payments using
estimates of average NFIP claim in South Carolina ($2016). The average saving across all simula-
tions is indicated by the dotted gray line. In the boxplot, the thick middle line corresponds to the
median, and the edges of the box to the first and third quartiles; whiskers are the inner fence (1.5
times the interquartile range above the upper quartile and below the lower quartile), and the dots
are outliers.
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Figure 4.3: Short–term (5 years) costs comparison: foregone added value to the landscape (in
$2016). The average foregone added value across all simulations is indicated by the dotted gray
line. In the boxplot, the thick middle line corresponds to the median, and the edges of the box to
the first and third quartiles; whiskers are the inner fence (1.5 times the interquartile range above
the upper quartile and below the lower quartile), and the dots are outliers.

83



(a) Business as usual scenario.

(b) 10% tax on development.

(c) Tax on developed covers.

(d) Subsidy on wetland covers.

Figure 4.4: Short–term (5 years): maps of predicted development under various policy regimes.
The number of developed parcels under each scenario are in parenthesis. Gray lines are major
roads and blue lines are streams and rivers.
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(a) Business as usual scenario. (b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.5: Short–term (5 years): maps of expected damages from a major flood under various
policy regimes 5 years into the future. Maps show the Gini coefficient associated with each scenario.
Gray lines are major roads and blue lines are streams and rivers.
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(a) Region with key features. (b) Southern coast Charleston.

(c) Central and West Berkeley. (d) Georgetown proper.

Figure 4.6: Selected regions of study area where impacts from policies differ the most.
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(a) Business as usual scenario. (b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.7: Short–term (5 years): maps of expected damages from a major flood under various
policy regimes in the South Charleston subregion. Gray lines are major roads and blue lines are
streams and rivers.
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(a) Business as usual scenario.

(b) 10% tax on development.

(c) Tax on developed covers.
(d) Subsidy on wetland covers.

Figure 4.8: Short–term (5 years): maps of expected damages from a major flood under various
policy regimes in the Central Berkeley subregion. Gray lines are major roads and blue lines are
streams and rivers.
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(a) Business as usual scenario.
(b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.9: Short–term (5 years): maps of expected damages from a major flood under various
policy regimes in a subregion of Georgetown. Gray lines are major roads and blue lines are streams
and rivers.
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Figure 4.10: Long–term (25 years) benefits comparison: expected savings in NFIP payments using
estimates of average NFIP claim in South Carolina ($2016). The average saving across all simula-
tions is indicated by the dotted gray line. In the boxplot, the thick middle line corresponds to the
median, and the edges of the box to the first and third quartiles; whiskers are the inner fence (1.5
times the interquartile range above the upper quartile and below the lower quartile), and the dots
are outliers.
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Figure 4.11: Long–term (25 years) costs comparison: foregone added value to the landscape (in
$2016). The average foregone added value across all simulations is indicated by the dotted gray
line. In the boxplot, the thick middle line corresponds to the median, and the edges of the box to
the first and third quartiles; whiskers are the inner fence (1.5 times the interquartile range above
the upper quartile and below the lower quartile), and the dots are outliers.
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(a) Business as usual scenario.
(b) 10% tax on development.

(c) Tax on developed covers.

(d) Subsidy on wetland covers.

Figure 4.12: Long–term (25 years): maps of predicted development under various policy regimes.
The number of developed parcels under each scenario are in parenthesis. Gray lines are major roads
and blue lines are streams and rivers.
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(a) Business as usual scenario.
(b) 10% tax on development.

(c) Tax on developed covers.
(d) Subsidy on wetland covers.

Figure 4.13: Long–term (25 years): maps of expected damages from a major flood under various
policy regimes 25 years into the future. Maps show the Gini coefficient associated with each
scenario. Gray lines are major roads and blue lines are streams and rivers.
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(a) Business as usual scenario. (b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.14: Long–term (25 years): maps of expected damages from a major flood under various
policy regimes in the South Charleston subregion. Gray lines are major roads and blue lines are
streams and rivers.
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(a) Business as usual scenario.
(b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.15: Long–term (25 years): maps of expected damages from a major flood under various
policy regimes in the Central Berkeley subregion. Gray lines are major roads and blue lines are
streams and rivers.
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(a) Business as usual scenario. (b) 10% tax on development.

(c) Tax on developed covers. (d) Subsidy on wetland covers.

Figure 4.16: Long–term (25 years): maps of expected damages from a major flood under various
policy regimes in a subregion of Georgetown. Gray lines are major roads and blue lines are streams
and rivers.
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