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Efficient and effective climate policies require cost estimates supported by
empirical analysis at multiple spatial scales. Fine-scale spatial analysis of climate
impacts for rural land markets represents a gap in the current climate change
economics literature. In this dissertation I estimate relationships between climate, risk
and parcel-level land values for rural land markets across the state of Oregon. With
these estimates I explore the effect of climate change on the value of private
forestland, the relationship between wildfire risk, climate, and public forest

management, and the effect of natural and human-caused shoreline change along
estuaries and tidal rivers on Oregon’s coastline.
Chapter 1 estimates a parcel-level forest Ricardian price function for
productive timberland across Oregon State. These estimated marginal effect of
climate on forestland value are then linked with future climate projections to analyze
the overall effect and spatial pattern of climate change on private forestland value.
Results indicate climate damages will vary across the state, with warmer and wetter
forests increasing in value and colder, drier forests decreasing in value. This study
presents the first empirical assessment of climate’s effect on individual forestland
parcels in the United States and provides foundational empirical evidence of climate’s
heterogeneous effect on timber land values.
In Chapter 2 I extend the Ricardian Forestry model developed in Chapter 1 to
empirically estimate the effect of climate change and fire risk on private forest land
values in Oregon based on spatial proximity to publicly managed forests. I explore a
policy scenario in which public forests are managed like private forests in order to
mitigate the effects of increasing fire risk under climate change. I find a significant
risk effect of proximity to public forests, but one that varies spatially across the state
based on local precipitation levels. Altering public forest management has positive
benefits for adjacent private forests, but these benefits also vary spatially with
precipitation. My novel dataset allows empirical analysis of this issue, evidence of
which is currently missing from the climate change economics literature. In addition,
this work provides a framework with which to evaluate how changes in public forest
management effect the value of adjacent private forestland. This is an important

policy question in the West, where catastrophic fire seasons are becoming the norm
and limited management budgets must be allocated between often competing
priorities.
In Chapter 3 I exploit the discontinuous risk between shoreline and nearshore
parcels to estimate the implicit price of shoreline for agricultural and rural singlefamily residential land markets on Oregon’s estuaries and tidal rivers. Using this
functional link, I simulate the land market effect of natural and human-caused
shoreline change on land markets adjacent to estuary and near-coastal shorelines in
Tillamook county, Oregon. I find a negative shoreline premium for both agricultural
and single-family residential land markets near estuarine and freshwater coastal
shorelines, but one that is small when considering the total economic effect of
shoreline change on these land markets. This is the first empirical assessment of
estuary restoration on West Coast land markets, providing foundational empirical
evidence for the economic relationship between marine habitat restoration and human
systems. Parcel-level analysis also allows for spatially explicit economic impact
assessment, providing valuable information conspicuously missing from current
restoration policy. This is also the first analysis exploring the relationship between
sea level rise risk and near-coastal land values in Oregon and provides a starting
framework with which to explore these effects on near-coastal land markets.
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1
General introduction
This dissertation examines the effect of environmental change on rural markets for productive
land. This analysis informs climate adaptation and environmental conservation policy for rural
working lands by filling empirical gaps in the existing literature, specifically for fine-scale
spatial analysis of climate impacts on rural productive land. In this dissertation I estimate parcellevel relationships between climate, risk and parcel-level land values for rural land markets
across the state of Oregon. With these estimates I explore the effect of climate change on the
value of private forestland, the relationship between wildfire risk, climate, and public forest
management, and the effect of natural and human-caused shoreline change along estuaries and
tidal rivers on Oregon’s coastline.
In Chapter 1 I extend the Ricardian method, traditionally used in agriculture, to estimate
the parcel-level impacts of climate change on Oregon timber productivity. Market-level analysis
indicates Pacific Northwest forest productivity is, on average, expected to benefit from climate
change. Fine-scale ecological analysis suggests productivity changes will vary greatly within the
region. My results indicate climate damages will vary across the state, with warmer and wetter
forests increasing in value and colder, drier forests decreasing in value. This study presents the
first empirical assessment of climate’s effect on individual forestland parcels in the United States
and provides foundational empirical evidence that fine-scale climate impacts will affect timber
land values heterogeneously.
In Chapter 2 I extend the Ricardian Forestry model developed in Chapter 1 to empirically
estimate the effect of climate change and fire risk on private forest land values in Oregon based
on their spatial proximity to publicly managed forests. I then explore a policy scenario in which
public forests are managed like private forests in order to mitigate the effects of increasing fire
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risk under climate change. I find a significant risk effect of proximity to public forests, but one
that varies spatially across the state based on local precipitation levels. Altering public forest
management has positive benefits for adjacent private forests, but these benefits also vary
spatially with precipitation. My unique dataset allows for novel empirical analysis of this issue,
evidence of which is currently missing from the climate change economics literature. In addition,
this work provides a framework with which to evaluate how changes in public forest
management impact the value of adjacent private forestland. This is an important policy question
in the West, where catastrophic fire seasons are becoming the norm and limited management
budgets must be allocated between competing priorities.
In Chapter 3 I exploit the discontinuous risk between shoreline and nearshore parcels to
estimate the effect of risk on shoreline land values for agricultural and rural single-family
residential land markets along Oregon’s estuaries and tidal rivers. Using this functional link, I
simulate the land market effect of natural and human-caused shoreline change on land markets
adjacent to estuary and near-coastal shorelines in Tillamook county, Oregon. I find a negative
shoreline premium for both agricultural and single-family residential land markets near estuarine
and freshwater coastal shorelines, but one that is small when considering the total economic
effect of shoreline change on these land markets. This work presents several contributions to the
literature. This is the first empirical assessment of estuary restoration on West Coast land
markets, providing foundational evidence for the economic relationship between marine habitat
restoration and human systems. Parcel-level analysis also allows for spatially explicit economic
impact assessment, providing valuable information conspicuously missing from current
restoration policy. This is also the first analysis exploring the relationship between sea level rise
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risk and near-coastal land values in Oregon and provides a starting framework with which to
explore these effects on near-coastal land markets.
As a whole, these manuscripts contribute to the existing body of climate change
economics literature. By constructing a unique parcel-level land value database I am able to
explore the fine-scale effects of shifting climate and risk across rural land markets in the West.
My analysis highlights the need for climate impacts estimated with fine-scale data, as they differ
from similar analysis performed at aggregated spatial scales.
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Chapter 1

Valuing the effects of climate change on forestry: a parcel-level Ricardian
approach

1.1

Introduction

Warming temperatures and increasing rainfall over the next century are expected to increase
domestic timber supply in the United States (for review see Sohngen & Alig 2000). While there
is relatively little research on the sub-regional economic effect, the bioecological literature points
to wider productivity variation than market/macro-level research suggests. Analyzing how this
sub-regional climate variation affects timber productivity is challenging. Forest managers can
adapt to a changing climate but effectively modelling this adaptation behavior is data intensive
(Guo & Costello 2013; Irland et al. 2001). Ignoring adaptation, however, will overstate negative
impacts and understate positive impacts (Mendelsohn, Nordhaus and Shaw 1994). I extend the
Ricardian method, traditionally used in agriculture, to analyze the parcel-level impacts of climate
change on Oregon timber productivity as measured by the real market value of forestland.
Optimal adaptation behavior is implicit in the Ricardian method and thus resolves the issue of
needing to assume specific adaptation behavior (Mendelsohn et al. 1994). This research presents
the first empirical assessment of climate’s effect on parcel-level forestland value in the United
States, providing a foundational piece of empirical evidence currently missing from the climate
change economics literature.
The Ricardian method stems from the theoretical work of 19th century economist David
Ricardo who argues that differences in land prices are driven by differences in the land’s
productive capacity (1821). Spatial variation in climate generates spatial variation in land
productivity which in turn generates spatial variation in land management and ultimately spatial
variation in land value. Landowners are assumed to make profit maximizing adaptation decisions
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in response to current climate, and thus the Ricardian model implicitly assumes land prices are
the capitalized rents from optimal climate adaptation behavior. While common in agriculture, the
lack of large-scale timberland value databases has precluded Ricardian analysis in forestry. I
compile and link a novel parcel-level land value database of private forestland with down-scaled
current and future climate measures to estimate the effect of climate change on timber land value
at the parcel-level.
My primary contribution is to exploit fine-scale variation in climate and land values to
estimate climate impacts on forests in an important timber-producing state in the western United
States. While most Ricardian studies use data aggregated over large regions, Mihiar and Lewis
(2018) find too little variation at an aggregated county-level scale to adequately represent the
climate-land value link in the western United States. Therefore, this study uses parcel-level data
over a single state to exploit the substantial fine-scale variation in climate and land values in a
manner similar to Fezzi and Bateman’s (2015) Ricardian model of agriculture in Great Britain.
Oregon provides a unique setting for Ricardian analysis – large topographic variation generates
the substantial fine-scale heterogeneity in climate necessary to conduct parcel-level Ricardian
analysis within a single state.

1.2

Literature Review

This research fills a gap in the climate change economics literature by empirically estimating
climate’s effect on forest productivity at the parcel level. My methodological approach is the first
parcel-level application of the Ricardian method in a forestry context. Section 1.2.1 reviews the
relevant economic and bioecological forestry literature to build a contextual basis for my
contribution to this area. Section 1.2.2 reviews the Ricardian literature, highlighting model trends
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as they relate to a forestry application. Section 1.2.3 addresses debates surrounding estimating
Ricardian models with panel or cross-sectional data, and Section 1.2.4 addresses various
approaches used to specify climate in Ricardian models.

1.2.1

Climate’s effect on timber productivity

Climate change is expected to significantly impact forest productivity at spatial scales smaller
than previously addressed in economics (Latta et al. 2010). The economic forestry literature
focuses primarily on climate impacts on timber markets, market adaptation behaviors, and the
impact of these changes on carbon storage in forests (Irland et al. 2001; Sohngen & Alig 2000).
However, impacts on landowners are not the same as impacts on markets (Mendelsohn and
Massetti 2018). In addition, timber market studies are limited in how they approach quantifying
adaptation, and model results are sensitive to adaptation assumptions (Sohngen and Alig 2000;
Irland et al. 2001).
Without human intervention, shifting climate patterns will impact species range
suitability and thus productivity (Rehfeldt et al. 2006). At the parcel level, forest managers can
adapt to these changes by planting species better suited to both observed and projected climate
patterns (Guo and Costello 2013; Iverson and McKenzie 2013; Prasad et al. 2013). The private
economic costs and benefits from this assisted migration will likely vary depending on species,
geographical scope, and type of assisted migration. Individual forester adaptation could produce
significant economic value through both assisted migration and altered rotation lengths (Guo and
Costello 2013).
Empirically estimating adaptation behavior is either data intensive or requires some
degree of non-trivial aggregation or abstraction (Guo & Costello 2013; Hashida & Lewis 2019).
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These assumptions abstract away from the true choice set faced by forest managers and are
shown to over-estimate climate change impacts (Mendelsohn et al. 1994). My empirical
approach relaxes the adaptation assumptions and reduces data collection requirements of Guo
and Costello (2013), whose model requires assumptions about adaptation type, timing, and
landowner expectations of future climate to ensure model tractability (Guo and Costello 2013).

1.2.2

Ricardian literature

While common in agriculture, the lack of large-scale timberland value datasets has precluded
Ricardian analysis in forestry. The Ricardian method was introduced as an improvement over
production-function techniques which assume either no adaptation or impose specific adaptation
behavior (Mendelsohn et al. 1994). These assumptions over-estimate climate change’s negative
impacts and under-estimate positive impacts on agricultural productivity (Mendelsohn et al.
1994). The Ricardian method, however, assumes farmers make optimal adaptation decisions thus
eliminating the need for restrictive behavioral assumptions.
Figure 1.1 provides a graphical representation of the differences between climate impacts
estimated with the production-function technique and the Ricardian method. Each curve in the
graph represents the value of a particular land-use (e.g. growing Douglas fir, Ponderosa pine, or
other crops, or removing it from production entirely) as a function of an environmental variable
such as mean yearly temperature. The production-function technique estimates climate’s effects
on land productivity through its effects on net returns to specific land uses – for instance points
A-D’ on the Douglas Fir production function. Estimating climate impacts such as from A-D’ in
Figure 1.1 assumes landowners adapt on the intensive margin, for instance by altering
management operations such as rotation age and herbicide treatments. This assumption ignores
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forest managers ability to adapt on the extensive margin by altering species type, which would be
represented by points A-D in Figure 1.1 (Guo and Costello 2013).
Figure 1.1: Production-function vs. Ricardian Method (adapted
from Mendelsohn et al. 1994)

The Ricardian method, however, estimates climate’s impact on land productivity while
allowing for optimal substitution between productive outputs. As temperature increases from
point A to point D, the Ricardian method assumes landowners will optimally adjust production
along the intensive and extensive margins to maximize profits (as represented by the bold line in
Figure 1.1). The production-function technique would over-estimate climate impacts at point D’
by failing to account for a forester’s adaptation on the extensive margin from growing Douglas
Fir to growing Ponderosa Pine. The Ricardian method also accounts for substitution to
alternative land uses, for instance at point E where development is the only productive land-use.
Failing to include this adaptation option can miss important climate impacts on land value.
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The Ricardian method relies on the assumptions that landowners maximize profits given
a set of exogenous climate attributes, and that land markets are fully functioning such that
landowners can sell their land for the full capitalized value – i.e. the net present value of all
future land rents. Given these assumptions, the market land price capitalizes climate’s impact on
a parcel’s productive capacity. By observing land productivity and climate attributes across a
heterogeneous sample, the marginal effect of climate on land productivity can be estimated
econometrically. Marginal effects are then used to simulate the economic impact of future
climate projections on productivity as measured by the land’s market value.
The original Ricardian method estimates marginal effects by specifying land value as the
dependent variable. In practice, however, annual net returns are used in place of land value due
to unreliable large-scale land value databases (De Salvo, Begalli and Signorello 2014).
Constructing net returns measurements requires assuming input and output prices, and
production costs (Mendelsohn et al. 1994). Previous forestry net returns estimates make
assumptions about harvest rotation period, regeneration costs, and discount rate (see Lubowski
(2002)). Some level of aggregation is necessary for constructing net returns to forestry since
timber yield functions can be estimated regionally but are not observable at a parcel level, and
stumpage prices are only available at aggregated scales. Mihiar and Lewis (2018) construct
aggregated forestry net returns at the U.S. county level by estimating average timber yield
functions for each county-tree species combination and combining with empirical data on
stumpage prices and average regional rotation ages. As noted by Mihiar and Lewis, these
aggregation steps remove the ability to capture fine-scale variation in climate and timber
productivity outcomes that occur within regions such as U.S. counties. This is of particular issue
for Western states where counties are larger on average and cover more heterogeneous climate
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and productivity ranges. Aggregating at the county level abstracts away from fine scale, within
county variation, which could have meaningful repercussions when estimating climate impacts
on forest land values.
In the twenty years since the original Mendelsohn et al. (1994) paper, the Ricardian
method has seen extensive application in agricultural economics. Applications exist for
numerous countries and at a variety of spatial scales (De Salvo et al. 2014). The Ricardian
method has seen one published forestry related application. Onyekuru and Marchant (2016) use a
cross-sectional Ricardian method to estimate the impact of climate change on forest resource
extraction using self-reported data from 400 surveyed households living in forested regions of
rural Nigeria. Due to the nature of resource use in rural Africa, forest resource extraction is not
limited to only harvesting trees. Onyekuru and Marchant’s model is not strictly a “forestry”
Ricardian, as their model does not estimate climate’s impact on solely timber productivity.

1.2.3

Panel versus cross-sectional variation in Ricardian models

Ricardian model estimation, as with any cross-sectional analysis, faces potential omitted variable
bias. Unobserved determinants of land productivity that are correlated with climate could bias
cross-sectional Ricardian estimation (Deschênes & Greenstone 2007). Since land value is the net
present value of all future land rents, there is a direct correlation between unobserved factors
impacting land productivity and the value of that land (Fezzi and Bateman 2015). Critics argue
that unobserved determinants of land productivity, for instance soil quality, bias cross-sectional
Ricardian estimation when applied to agriculture (Deschênes & Greenstone 2007).
One solution to this is to include spatial fixed effects to control for these unobserved
factors (Deschênes & Greenstone 2007). Climate, however, is time-invariant requiring an
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alternative measure in a fixed effects specification. Deschenes and Greenstone (2007) propose
including state-by-year fixed effects to resolve unobserved land productivity bias and use
weather as a proxy for climate. Using weather as a proxy for climate may not be appropriate,
since adaptation responses to weather versus climate are likely different (Massetti & Mendelsohn
2011). Farmers may not alter planting decisions based on one dry year if they expect normal
conditions to return the following year. A drying climate trend would, however, incentivize
farmers to alter management decisions. Data requirements for panel estimation are currently
prohibitive for estimating a forestry Ricardian. Panel estimation requires within-observation
variation, and the longer harvest timelines in forestry (20-60 years for Oregon species) would
necessitate data measured over centuries (Forest Inventory Analysis 2015).
The capitalized value of future development rights represents a potential omitted variable
when applying the Ricardian technique to forestry. Land prices capitalize all future expected
rents from land, including any rents arising future development. Development in forested
landscapes has become increasingly common in recent decades, leading to the term wildlandurban interface (WUI) (Radeloff et al. 2018). Therefore, it is likely that future development rents
are embedded in forest land value data, especially for parcels in close proximity to cities or urban
growth boundaries. Omitting variables that represent future development rents from a Ricardian
function would lead to bias only if those omitted variables are correlated with the climate
variables of interest. Results from Albouy et al. (2016) show that climate has a strong impact on
the value of land for urban development, though there is much less information as to whether the
climate that people prefer for a place to live is systematically correlated with the climate that
drives tree growth. I control for development pressure by restricting my sample to parcels greater
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than 25-acres and controlling for a parcel’s distance to the nearest city. I discuss the intuition
behind both in Section 1.3.1 below.
1.2.4

Model specification

Traditional Ricardian specifications implicitly assume a spatially independent relationship
between climate and agricultural productivity (Polsky 2004). Critics argue that agricultural
productivity is affected by spatial correlation at multiple scales (Polsky and Easterling III 2001;
Polsky 2004). Assuming perfect spatial substitution ignores this correlation (Polsky and
Easterling III 2001). I address any potential spatial correlation in post estimation with clusterrobust standard errors (Cameron and Miller 2015).
Perfect substitutability implies technological advances are available to all producers
regardless of time or space. This issue is quite clear with respect to irrigation (Cline 1996; Polsky
2004). It is likely unreasonable to assume that arid and humid regions will face the same access
to irrigation infrastructure, and thus will face different marginal costs. Assuming, instead, that
infrastructure is perfectly substitutable implies marginal costs are constant (Cline 1996; Polsky
2004). This assumption results in overestimated adaptation benefits (Polsky 2004). Mendelsohn
et al. (1994) support the assumption of perfect substitutability based on the assumption that longrun projections imply zero fixed costs.
While irrigation, specifically, is not an issue for Oregon timber production, the constant
marginal cost assumption should be addressed. Climate may become more suitable for timber
harvesting in areas with less developed infrastructure (e.g., forest service roads or timber mills).
Assuming constant marginal costs implies these regions will face the same marginal costs as
areas with more developed infrastructure. Estimating separate regional (or alternatively grouped)
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models, although impractical for this application given the size of my dataset, is one way to
examine the presence and severity of this issue (Cline 1996).
Another common specification critique addresses the relationship between climate and
crop productivity. Mendelsohn et al.’s (1994) original model, and the vast majority of subsequent
applications, specify a quadratic relationship between climate characteristics (predominantly
temperature and precipitation) and land value. Some recent applications attempt to model more
accurate ecological phenomena by including humidity and wind speed (Zhang et al. 2017),
growing degree days (Polsky 2004; Schlenker, Hanemann and Fisher 2006; Deschênes and
Greenstone 2007; Fisher et al. 2012), or by specifying a nonlinear relationship between
temperature, precipitation, and land value (Fezzi and Bateman 2015). These papers argue that a
model specification which correctly accounts for plant physiology avoids potential omitted
variable bias.
I focus my estimation on timber producing parcels in Oregon to take advantage of the
wide variation in climate and land value across the state’s productive timberland. This rich
variation allows testing of multiple climate specifications to determine the appropriate functional
relationship between climate and timberland value.

1.3

Data

I compile a rich dataset of parcel land values and climate measurements for productive
timberland across Oregon. Summary statistics are presented in Table 1.1 and
Table 1.2 below.
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Table 1.1: Summary statistics for all private forest parcels
Mean
Std. Dev.
Min
Max
N
Real market value
235,407.60 274,151.10 20.00 7,258,754.00 5,984
Yearly total precipitation (mm) 1,615.42
457.26
281.58
4,136.99
5,984
11.15
0.90
5.85
13.30
5,984
Mean yearly temperature (°C)
Acres
44.58
168.75
0.01
10,289.42
5,984
Elevation
667.67
642.13
0
5040.69
5,984
Dist. to city (miles)
3.89
3.10
0
19.03
5,984

Table 1.2: Summary statistics for private parcels > 25 acres
Mean

Std. Dev.

Min

Max

N

Real market value
195,693.20 262,124.10 4207 7,258,754.00 1,701
Yearly total precipitation (mm) 1,776.275
448.216
285.91
4,136.99
1,701
Mean yearly temperature (°C)
Acres
Elevation
Dist. to city (miles)

1.3.1

11.02

0.96

6.05

13.30

1,701

126.77
762.75
5.29

300.17
710.98
3.40

25.1
1
0

10,289.42
4664.74
19.03

1,701
1,701
1,701

Land value data

I use parcel-level land value data for eight Oregon counties to estimate my models. Ricardian
models are typically estimated using net returns data or self-reported land value data (see Fezzi
& Bateman 2015, and Schlenker et al. 2006 for exceptions). Neither approach is especially
appealing for my analysis. Constructing net-returns data for timber production requires
aggregation to spatial scales higher than the parcel (e.g. county level as in Lubowski (2002),
Mihiar & Lewis (2018)). Aggregation is necessary because timber yield functions are
unobservable at the parcel level and stumpage prices are regionally aggregated. Self-reported
land value data is used in many agricultural Ricardian analyses but introduces unnecessary
measurement error if an alternative measurement is available (Fezzi & Bateman 2015). However,
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Oregon is characterized by significant within-county variation in climate and forestry land values
thus allowing for parcel-level estimation.
In order to exploit the fine scale variation in climate and land values across Oregon I need
parcel-level land value data. One option is to follow the hedonic literature and use real estate
transaction data. This approach would restrict available observations due to the limited sales of
productive timber parcels in my data.1 I instead use real market value (RMV) data available from
Oregon county assessors. The Oregon Legislature defines RMV as, "the price a property would
sell for in a transaction between a willing buyer and willing seller on January 1, the assessment
date for the tax year" (Oregon Legislative Counsel Committee 2013). RMV is not the same as
assessed value in that it includes data on similar parcel sales. Using RMV as proxy for the true
market price has precedent in the hedonic literature (Bigelow et al. 2017; Grout et al. 2011).
RMV greatly expands the number of observations for analysis while avoiding measurement error
from self-reported land values used in the majority of Ricardian applications (Mooney and
Eisgruber 2001; Bin et al. 2011; Fezzi & Bateman 2015).
I wish to identify the effect of climate change on timber productivity and no other
determinants of land value (for instance capitalized development value). Oregon’s land-use code
restricts development to legally defined urban growth boundaries (UGB) in an effort to preserve
agriculture and forest land (Senate Bill 100 1973). While the legislation allows for adjustments
to the UGB, the restrictions are set up in such a way that land zoned for agricultural and forest
are only incorporated into the UGB as a last resort. Ideally this would mean land value for

1

An extensive dataset of parcel sales obtained from Zillow indicate only 769 forest parcel sales over a ten-year
period from 2005-2015.
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parcels zoned as forest would not capitalize development value (Macpherson 1973). However,
some of the highest valued parcels in my sample are directly adjacent to rural residential
properties in the Willamette Valley, a quickly growing portion of the state where capitalized
development values are likely despite land use laws.
To ensure my sample contains only productive timber parcels with minimal development
pressure I eliminate parcels based on zoning, property class code, and size in a manner similar to
Bigelow (2015). My final sample includes parcels zoned outside the UGB, coded for forest as
the “highest and best use”, and greater than 25 acres in size. The size restriction eliminates small
forest parcels which tend to be located on the wildland-urban interface where land values are
likely to capitalize potential development.2 These smaller parcels may also be managed
differently than large industrial tracts such that their RMV may capitalize more than timber rents.
The average land value for my sample with zoning and size restrictions is approximately
$2,900 per acre. In an analysis of forest management in response to climate, Hashida and Lewis
(2018) directly estimate land rents from timberland parcels by forest type in Oregon using
estimated timber yield curves and timber prices. Their data indicates timberland profitability in
Oregon would justify land values of between $150 and $3,300 per acre.3 Thus, my zoning and
size restrictions appear to give timberland values that reasonably reflect recent timberland
profits.
Tax tables and parcel maps were obtained from Core Logic, the Oregon Department of
Revenue, and individual county assessor websites. The land value data includes RMV data for

2
3

This is further discussed in Section 1.7, model comparisons provided in Appendix Section A2.
Timberland rent data provided to us separately from Yukiko Hashida.
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2015, and a panel of transaction data from 2004-2015. The tax tables and parcel maps were
combined using ArcGIS, R, and Microsoft Access. Parcels were then combined with forest and
climate attribute data in ArcGIS.

1.3.2

Climate data

Historical climate data were obtained from the Parameter-elevation Regressions on Independent
Slopes Model (PRISM) 800m grid 30-year normals for monthly mean temperature and
precipitation (PRISM 2009). PRISM 800m normals (or approximately 0.49 miles x 0.49 miles)
are the finest spatial scale available for historical climate data. Figure 1.2 and Figure 1.3 provide
maps of 30-year normals for yearly mean temperature and total precipitation for the state of
Oregon.
Figure 1.2: 30-year normals mean annual temperature for Oregon
(in ˚Celsius)
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Figure 1.3: 30-year normals total annual precipitation for Oregon
(in mm)

These figures highlight the temperature and precipitation variation across Oregon. The
western edge of the state is characterized by a wet and warm Coastal Range providing much of
the state’s productive timberland. Directly east is the warm but slightly drier Willamette Valley
which is a mix of productive timber parcels and urban areas. East of the Willamette valley is the
cold and wet Cascade Range and the dry and cold eastern portion of the state. While timber
production exists in both of these regions it is more prevalent in the Cascades than on the drier
eastern planes.
For future climate predictions, I use regionally down-scaled climate models from the
University of Idaho, MACA Statistically Downscaled Climate Data for CMIP5 (Abatzoglou
2013). I utilize predicted monthly minimum, maximum, and mean temperature and total
precipitation for 2050 downscaled to 4km (1/24-deg). Climate variables were obtained for two of
the four representative concentration pathways (RCPs), RCP 4.5 and 8.5, from the IPCC’s fifth
Assessment Report (R. K. Pachauri & L. A. Meyer 2014). For RCP 4.5, emissions peak around
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2040 and then decline (R. K. Pachauri and L. A. Meyer 2014). For RCP 8.5 emissions increase
for the remainder of the century (R. K. Pachauri and L. A. Meyer 2014).
I overlay both climate raster datasets, PRISM and MACA, with parcel shape-files and
assign each parcel monthly temperatures and precipitation values using an arithmetic average of
the underlying climate raster. PRSIM temperature data is available as monthly min, mean, and
maximum but MACA data is only available as monthly minimum and maximum values. I
calculated the arithmetic monthly mean for the MACA data used in my model predictions.

1.3.3

Controls

I include controls for a parcel’s acreage, elevation, and distance to nearest city. Acreage
information was calculated in ArcGIS from land use shapefiles provided by CoreLogic (ESRI
2011). Elevation was constructed as a geographical average in ArcGIS using DEM shapefiles for
Oregon from the Oregon Spatial Data Library.4 City location and boundaries were obtained from
the Oregon Department of Transportation and matched to parcels in ArcGIS (ODOT 2017).

1.4

Parcel-level forest Ricardian approach

I estimate the effect of climate change on forestry by specifying a parcel-level Ricardian model.
This model, commonly used in agriculture, relies on the link between observable drivers of
agricultural productivity (for instance climate) and land value to estimate the effect of climate
change on crop productivity. In this section I discuss the theoretical foundation of the Ricardian
model and how I alter the model to fit a forestry application. Since the Ricardian model has

4

https://spatialdata.oregonexplorer.info/geoportal/
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never been applied to a strictly timber land market, I first justify this application by reviewing
the link between land value and forest productivity provided by the Faustmann rotation model.

1.4.1

Faustmann rotation model

The Faustmann rotation model provides the theoretical link between timber productivity and land
value (1849). In the Faustmann model, profit maximizing landowners are incentivized through
perfect land markets to optimize planting and harvesting decisions (Amacher et al. 2009). As a
result, the value of bare timberland equals the net present value of an infinite stream of timber
harvests.
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The Faustmann rotation model assumes a profit-maximizing landowner can choose
rotation age T to maximize the net present value from harvesting:

(1.1)

N P V = pf (T, E)e

rT

c

where:
p: stumpage price5
f(T, E): volume of timber, a function of stand age T and environmental quality E
r: discount rate
c: regeneration cost
After harvesting, the landowner replants at cost c and begins the second rotation period T.
Given the assumption of perfect land markets, the Faustmann formula is equal to the
market equilibrium value of bare forestland (V), which assumes no future changes in p, f(T,E), r,
and c. The price of bare forestland represents an infinite stream of repeated harvests every T
years:

(1.2)

V =

pf (T,E)e rT
(1 e rT )

c

Since tree growth is affected by temperature and precipitation, climate enters the
Faustmann rotation model through the timber volume function: 𝑓(𝑇, 𝐸). In addition to climate,
the volume of timber over time is a function of environmental conditions such as soil quality,

5

Stumpage price represents the price of an uncut tree on the stump. The price received from harvest is therefore the
market price of timber minus the logging cost.
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slope, and elevation (Latta et al. 2010; Rehfeldt et al. 2014). The link between climate and land
value motivates my use of the Ricardian method in a forestry application – timber land value is
directly determined by tree growth, which is a function of climate.

1.4.2

Ricardian model for forestry

The Ricardian model provides the link between climate change, land productivity, and land
value. The Ricardian method assumes profit maximizing landowners, prefect land markets, and
exogenous prices (climate change will not impact prices) such that the change in land value from
a change in exogenous environmental quality E* to E+ can be represented as (Mendelsohn et al.
1994):

(1.3)

V (EA

EB ) = V B

VA

While the traditional Faustmann model for bare land value assumes all future conditions
are static (equation (1.2)), equation (1.3) encompasses all options for adapting to changing
environmental conditions. In forestry, a timberland owner’s choice set contains all management
options including but not limited to: altering rotation length, altering species, mixing species, or
changing to an alternative land use.
Extending Guo and Costello’s (2013) model of fully adaptive forester decision-making
on the extensive margin, I can think of the choice set at each time period t as a decision to
harvest tree species s at age a, and replant with tree species sj, or refrain from harvesting and let
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the stand grow to time t+1. The forester’s profit maximization problem at each time t given the
choice to replant tree species s ∈ S, where S is the set of all species choices, is defined as:

(1.4)

V (a, s, E) = max

8
pfS (a, Et )
>
>
>
>
>
< pfS (a, Et )

c + Vt+1 (1, s1 , Et+1 )
c + Vt+1 (1, s2 , Et+1 )
..
.

>
>
>
pf (a, Et ) c + Vt+1 (1, sS , Et+1 )
>
>
: S
Vt+1 (a + 1, s, Et+1 )

In time period t, the landowner harvesting tree species s of age a will earn net revenue
𝑝𝑓0 (𝑎, 𝐸2 ) − 𝑐, and then replant with species sj which generates an optimized land value function
of 𝑉267 81, 𝑠; , 𝐸267 <. If the landowner refrains from harvesting in period t they earn no explicit net
revenue in that period, but their land value grows from t to t+1 which results in an optimized
land value function of 𝑉267 (𝑎 + 1, 𝑠, 𝐸267 ).
For each land use choice s and time step t, the forester choosing to harvest their land
faces the decision of which species to replant that maximizes the value of equation (1.4),
conditional on current and future climate outcomes which are embedded in the vector of
environmental conditions 𝐸> and 𝐸267 . The solution to (1.4) equals the net present value of all
future rents for optimal choice set 𝑠 ∗ under environment E, i.e. the bare land value. Therefore, in
a competitive market with complete information about current and future environmental
conditions 𝑉(𝑎, 𝑠, 𝐸) represents the bare land’s market value.
Figure 1.4 provides a graphical illustration of the theoretical framework presented here.
The horizontal axis represents a change in environmental quality over time – for instance
temperature increase over time, change in precipitation over time, etcetera. The vertical axis
represents the present value of bare timberland under land use 𝑠 ∈ 𝑆. Curves 𝑓0 and 𝑓0 A are
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production functions for growing tree species 𝑠 and 𝑠A , respectively. As a simple example, I can
think of land use 𝑠 as Douglas fir production and 𝑠A as Ponderosa pine production. Therefore,
given exogenous movement from 𝐸B to 𝐸C resulting from a temperature increase, the landowner
keeping her land in Douglas fir will lose timberland value (effect w/out adaptation). In contrast,
the landowner that adapts to the changing temperature by switching her tree species from
Douglas fir to Ponderosa Pine will lose less land value than the landowner who remains in
Douglas fir (effect w/adaptation).

Figure 1.4: Value estimated from Ricardian hedonic price function
(adapted from Guo and Costello 2013)

The Ricardian method measures climate’s impact on forest productivity as the difference
in land value between point 𝐸B and 𝐸C evaluated at the highest productive use (curve 𝑓0 for 𝐸B
and 𝑓0 A for 𝐸C ). By modeling timberland value using empirically observed land values, the land
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market reveals the shape of the Ricardian land value function. Failing to account for adaptation
will over-estimate climate’s effect on timber production, which is represented as the difference
between points A and B in the figure.

1.4.3

Parcel-level Ricardian specification

Extending the Ricardian framework to forestry, I assume foresters manage their land to
maximize the present value of a stream of net revenue, resulting in the highest and best use of the
land. Management decisions can include: species planted, rotation age, and conversion to
development. I also assume functioning markets for forestland, and a partial equilibrium
framework such that forester decisions do not impact input or output prices (Mendelsohn et al.
1994). The price for bare forestland will equal the net present value of an infinite stream of
future rents. The Ricardian method estimates the effect of climate on land value by specifying
(1.4) as a reduced form hedonic model:

(1.5)

Vi = f (qi , hi )

where 𝑉A is the per acre value for parcel i, 𝑞A is a of vector climate variables, and ℎA is a
vector of exogenous determinants of land value specific to parcel i.
In order to correctly identify the effect of climate change on timber land values q must be
specified correctly. Ricardian models are commonly critiqued for miss-specifying the
relationship between climate and crop productivity by relying too heavily on a linear functional
form. Fezzi and Bateman (2015) explore alternative climate specifications in agricultural
Ricardian estimation by using bioecological models to inform the econometric relationship
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between climate and land value. They find a significant joint effect of increased temperature and
precipitation on agricultural productivity.
Evidence of the bioecological link between climate and timber productivity suggests a
similar need for attention to how I specify climate in my model. Latta et al. (2010) estimate the
bioecological relationship between climate and timber productivity (defined as potential mean
annual increment (PMAI)) as:

(1.6)

P M AI = f (precip, temp, precip2 , temp2 , precip ⇥ temp, CM I)

where temperature and precipitation are measured as monthly mean and total respectively, and
𝑝𝑟𝑒𝑐𝑖𝑝 × 𝑡𝑒𝑚𝑝 is an interaction term similar to Fezzi and Bateman (2015). CMI, or climate
moisture index, is a measure of growing season precipitation in excess of evapotranspiration.
Rehfeldt, et al. (2014) estimate species-specific response to climate inputs for the most valuable
Pacific Northwest timber species, Pinus ponderosa (Ponderosa pine) and Pseudotsuga menziessi
(Douglas fir). They find a significant relationship between timber productivity yearly
precipitation, and both mean and extreme temperatures.
I test eight different climate specifications to explore the importance of climate
specification in a forest Ricardian. These models can be broken into two categories. The first
category of models, or the Base Models, follow the original Ricardian specification where
climate is measured as yearly mean temperature and yearly total precipitation. The second
category of models, the Bioecological Models, follow the bioecological literature by measuring
climate as it impacts timber productivity. For pacific northwest species this means including both
mean and extreme temperature measurements (Latta et al. 2010; Rehfeldt et al. 2006).
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1.4.4

Base model specifications

My first suite of models recreates the traditional agricultural Ricardian framework in a parcellevel format. In this set of models, climate is measured as total yearly precipitation (in
millimeters) and mean yearly temperature (in ˚Celsius). The first of the Base Models recreates
the traditional Ricardian approach where the relationship between climate and land value takes a
quadratic form:

(1.7)

Vi = f (temp, temp2 , precip, precip2 , controls)

where 𝑉A is the land value per acre for parcel i, timber productivity is driven by the overall
average temperature with a non-linear marginal benefit from rising temperatures, and by the
yearly precipitation budget, again with a non-linear marginal benefit.
Fezzi and Bateman (2015) show the importance of controlling for the joint effect of
temperature and precipitation in agricultural crop productivity by including an interaction term
between temperature and precipitation. For instance, if temperatures increase, the interaction
term will capture the effect of an increase in a tree’s water requirements. I test this in a forestry
application by including the interaction of precipitation and temperature in my second Base
Model specification. In this specification, the relationship between climate and land value
depends on both the mean trends of temperature and precipitation as well as the joint effect of
temperature and precipitation on forest productivity.
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1.4.5

Bioecological model specifications

For the second suite of models, I specify temperature as both mean and extreme measures in line
with the bioecological literature on forest productivity (Latta et al. 2010; Rehfeldt et al. 2006).
For the mean measurement, I include mean non-winter temperature to capture the effect of
changes in growing season temperature. For the extreme measurement I include minimum
temperature in the coldest month and maximum temperature in the warmest month. Specifying
minimum, maximum, and mean non-winter temperature captures the impact of changes to mean
and extreme temperatures, which may not have the same effect on timber growth.
I iteratively test these specifications as follows. For the first Bioecological Model I
specify a linear relationship between land value and climate:

(1.8) Vi = f (Y early M in T emp, Y early M ax T emp, N on-W inter M ean T emp,
Y early T otal P recip, Controls)
For the second Bioecological Model I include an interaction term between mean nonwinter temperature and yearly total precipitation. Including an interaction term allows this model
to capture the joint effect of precipitation and temperature on tree growth, for instance the effect
hotter temperatures may have on a tree’s water requirements.
For the third and fourth Bioecological Models I test the non-linearity of temperature first
by including the square of mean non-winter temperature, then the square of minimum and
maximum yearly temperature. For the fifth specification I test the full non-linear specification,
including the interaction term and the quadratic for both mean non-winter temperature and
extreme temperatures.
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For my final specification, I explore if expectations about future climate are capitalized
into land value. There are indications this may be the case in agriculture (see Severen et al.
2018). If land values capitalize future climate expectations then excluding this in my model
would bias impact assessment (Severen et al. 2018). In this model I specify my land value
function as:

Vi = f (Y early M in T emp, Y early M ax T emp, M ean N on

W inter T emp,

Y early T otal P recip, Y early M in T emp2 , Y early M ax T emp2 ,

(1.9)

N on-W inter M ean T emp2 , (N on-W inter M ean T emp ⇥ Y early T otal P recip),
P redicted N on-W inter M ean T emp)

where the predicted temperatures come from predicted future climate measures.

1.5

Results

First, I test the statistical significance within the two nested groups – Base Models and
Bioecological Models. Results from this analysis are presented in the next section, Section 1.5.1.
I then estimate and present results from preferred models in Section 1.5.2. I weight observations
by acres to fully capture the relationship between climate and land value. Without weighting, a
one-acre parcels and one-hundred-acre parcels provide the same number of observations. By
weighting my observations I am adjusting my sample to estimate the relationship between
climate and land value, rather than climate and a parcel of forest.

1.5.1

Specification tests

Table 1.3 provides a reference for each model including equation number, name, and climate
variable definitions. Table 1.4 presents nested model F-tests where r is the number of linear
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restrictions, df is the degrees of freedom, F(r,df) is the F-stat. In the first column of Table 1.4,
(1.10) ∈ (1.11) indicates a test if Equation (1.10) (Ricardian model) is nested in the Equation
(1.11) (Ricardian with Interaction model). The null hypothesis tested in this specific example is
if 𝛽N in Equation (1.11) equals zero, i.e. if including the interaction between temperature and
precipitation is statistically a better fitting model than the original Ricardian model (equation
1.10).
Table 1.3: Model specification reference table
Model Name

Number

Temperature Specification

Precipitation
Specification

Interaction Term

Base Models
Ricardian

(1.10)

Mean, Mean

Yearly Total,
Yearly Total

-

Ricardian
w/Interaction

(1.11)

Mean, Mean

Yearly Total,
Yearly Total

Temp*Precip

2

2

2

2

Bioecological Models
Linear

(1.12)

Min, Max,
Non-Winter Mean

Yearly Total

-

Interacted

(1.13)

Min, Max,
Non-Winter Mean

Yearly Total

Non-Wint
Temp*Precip

Quadratic Mean

(1.14)

Min, Max,
Non-Winter Mean,
Non-Winter Mean

Yearly Total

Non-Wint
Temp*Precip

2

Quadratic
Extremes

(1.15)

Min, Min , Max, Max ,
Non-Winter Mean

Yearly Total

Non-Wint
Temp*Precip

(1.16)

Min, Min , Max, Max ,
Non-Winter Mean,
Non-Winter Mean

Yearly Total

Non-Wint
Temp*Precip

Min, Max,
Non-Winter Mean,
Expected Min, Exp. Max,
Exp. Non-Winter Mean
(Expected: RCP 4.5 in
2050)

Yearly Total

Non-Wint
Temp*Precip

2

2

2

Full Quadratic

2

2

Forward-Looking

(1.17)
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Table 1.4: Nested model F-tests
Nested models r

df

F(r,df)

prob >F

Base Models
(1.10) ∈ (1.11) 1

1692

2.27

0.1323

1692
1691
1690
1689
1689

87.86
1.53
4.32
2.88
42.42

0.0000***
0.2161
0.0134**
0.0347**
0.0000***

Bioecological Models
(1.12) ∈ (1.13)
(1.13) ∈ (1.14)
(1.13) ∈ (1.15)
(1.13) ∈ (1.16)
(1.13) ∈ (1.17)

1
1
2
3
3

*** p<0.01, ** p<0.05, * p<0.1
I specify the dependent variable as the log of land value per acre and restrict observations
to parcels zoned as forest and with greater than 25 acres. For my first set of nested models, the
Base Models, I test a restricted model (equation 1.10) against an unrestricted model (equation
1.11) where temperature and precipitation are interacted to capture the joint effect of warmer and
wetter climates on forest productivity. These models are specified as follows:

Ricardian Model:
Vi =

(1.10)

0

+

3Y

1Y

earlyM eanT empi +

earlyT otalP recipi +

5 Acresi

+

4Y

2Y

earlyM eanT emp2i +

earlyT otalP recip2i +

6 M eanElevationi

+

7 Dist.toCityi

+ "i

Ricardian Model with Interaction:
Vi =

(1.11)

0

+

3Y

1Y

earlyM eanT empi +

earlyT otalP recipi +

5 (Y

4Y

2Y

earlyM eanT emp2i +

earlyT otalP recip2i +

earlyM eanT empi ⇥ Y earlyT otalP recipi )+

6 Acresi

+

7 M eanElevationi

+

8 Dist.toCityi

+ "i
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I fail to reject the null hypothesis that the interaction of temperature and precipitation is
zero. This finding is counter to both the bioecological literature on the relationship between
climate and forest productivity as well as Fezzi and Bateman’s model of parcel-level agricultural
Ricardian model (2015).
For my second suite of nested models, the Bioecological Models, I first test a restricted
linear model (equation 1.12) against an unrestricted linear model (equation 1.13) with an
interaction between the non-winter mean temperature and yearly total precipitation:

Linear Model:
Vi =

(1.12)
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+
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+ "i

Interacted Model:
Vi =

0

+

1Y
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(1.13)
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+ "i

I reject the null hypothesis that the interaction between non-winter mean temperature and
yearly total precipitation is zero at the 1% level. This is consistent with the bioecological
literature and indicates this climate specification better captures the biological relationship
between climate and land value.
I then test adding the square of non-winter mean temperature and against equation (1.13)
as the restricted model.
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Quadratic Mean Model:
Vi =

0

+

1Y
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(1.14)
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I fail to reject the null hypothesis that the square of non-winter mean temperature equals
zero. I then test the non-linearity of minimum and maximum yearly temperature with equation
(1.13) as the restricted model:

Quadratic Extremes Model:
Vi =

0
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I reject the null hypothesis that the squares of minimum and maximum yearly
temperature are jointly equal zero at the 5% level indicating there may be some non-linearity in
the relationship between extreme temperatures and forest land value.
I then test a fully non-linear model against equation (1.13) as the restricted model:
Full Quadratic Model:
Vi =

(1.16)
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s
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I reject the null hypothesis that the quadratic temperatures are jointly equal zero at the 5%
level further supporting non-linearity in the relationship between temperature and forest land
value.
As a final test, I explore if expectations about future climate are capitalized into land
value. In this model I specify the land value function as:
Forward-Looking Model:
Vi =

0
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(1.17)
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where the predicted temperatures come from RCP 4.5 in 2050. I test this specification against
Equation (1.13) as the restricted model. I reject the null hypothesis that predicted temperatures
are jointly equal to zero at the 1% level.
F-tests indicate the Ricardian Base Model, equation (1.10), the Interacted Bioecological
Model, and equation (1.13), and the Forward-Looking Bioecological Model, equation (1.17),
present the best candidates for estimation. I estimate these models and present results in the
following section.

1.5.2

Estimation results

Table 1.5 presents parameter estimates and marginal effects for the Ricardian Base Model,
equation (1.10). Temperature and precipitation enter the land value function as an inverted-u and
u, respectively, and both have a mean negative impact on land values. Assuming a 5% discount
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rate, an increase of one degree in mean yearly temperature decreases land value by 17.9%, or a
per-acre mean of $20 per year. An increase of 100mm of precipitation decreases land value by
8.11% or a per-acre mean of $9 per year.

Table 1.5: Parameter estimates and marginal effects for Ricardian
Base Model – Equation (1.10)
Mean yearly temp (°C)
Mean yearly temp (°C)
2

Yearly precip (mm)
Yearly precip (mm)
2

Param.
3.583***
(0.377)
-0.174***
(0.0176)

ME
-0.179***
(0.0600)

-0.00246*** 0.000811***
(0.000269) (7.61e-05)
4.20e-07***
(5.44e-08)

Mean yearly temp*Yearly precip
Observations
1,701
1,701
R-squared
0.256
Robust standard errors in
parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: controls excluded from table, see appendix A
The simplicity of this model allows us to explore the shape of the land value function.
Figure 1.5 show this general shape over the range of observed temperature and precipitation in
my data, where the y-axis is the predicted land value per acre from the Ricardian Model (logged)
and the x-axis is total yearly precipitation and mean yearly temperature.
Precipitation increases have an initially negative effect on land values until
approximately 2,500 mm per year when the effect becomes positive. Temperature increases have
an initially positive effect on land values until approximately 11° Celsius when the effect
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becomes negative. Panels (b) and (c) highlight regional means for coastal, Willamette Valley,
and Cascade/eastern Oregon parcels. Parcels in central and eastern Oregon, and parcels in the
Willamette valley fall in the region of my land value function where small temperature increases
will benefit productivity (panel d). Coastal parcels will see productivity decline as temperatures
increase (panel c). With precipitation, all three county groupings fall within the region of the
land value function where precipitation will negatively impact land value.

Figure 1.5: Land value functions for precipitation and temperature
for Base Ricardian Model – Equation (1.10)

Table 1.6 presents parameter estimates and marginal effects for the Interacted
Bioecological Model, equation (1.13). Yearly minimum temperature, maximum temperature, and
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precipitation have a mean negative impact on land values. The model indicates a one degree
increase in temperature (applying this increase to all three temperature covariates) would
increase land value by 37.30%, or a mean of $29.23 per acre per year, assuming a 5% discount
rate. A 100-millimeter increase in precipitation would decrease net present value by 2.48%, or a
mean of $3 per acre per year.

Table 1.6: Parameter estimates and marginal effects for Interacted
Bioecological model – Equation (1.13)
Min. yearly temp (°C)
Max. yearly temp (°C)
Non-winter mean temp (°C)
Yearly precip (mm)
Non-winter mean temp*Yearly precip

Param.
-0.809***
(0.0461)
-1.556***
(0.0586)
2.518***
(0.103)
-0.00152***
(0.000439)
0.000103***
(3.64e-05)

Observations
1,701
R-squared
0.587
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: controls excluded from table, see appendix A

ME
-0.809***
(0.0461)
-1.556***
(0.0586)
2.719***
(0.0877)
-0.000248***
(4.65e-05)

1,701

With the interaction term in this model, marginal effects are more difficult to interpret.
Figure 1.6 provides a graph of the average marginal effect (AME) of precipitation on predicted
land value at varying levels of non-winter mean temperature with 95% confidence intervals. The
AME of precipitation is negative and statistically significant at most non-winter mean
temperatures, however around 14˚ Celsius the effect of additional precipitation on land value is
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statistically zero. Although precipitation has a negative effect on land value, it is smaller than the
positive effect of non-winter mean temperatures and approaches zero as temperatures increase.
The upward sloping trend could indicate a positive relationship between precipitation and land
value at temperatures above 16˚ Celsius, however I do not observe forest parcels in that
temperature range and thus cannot determine that relationship.

Figure 1.6: Average marginal effect of precipitation on predicted
land value over varied non-winter mean temperatures

Table 1.7 presents results for the Forward-Looking Bioecological Model, Equation
(1.17). Expected climate outcomes retain the same sign as their current counterparts – minimum
and maximum predicted temperatures under RCP 4.5 in 2050 have a negative effect on land
value and predicted non-winter mean temperature under RCP 4.5 in 2050 has a positive effect on
land value. These results provide strong evidence that Oregon timberland values capitalize
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climate expectations and are worth further examination, although this falls outside the scope of
this analysis.
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Table 1.7: Parameter estimates and marginal effects for ForwardLooking Bioecological model – Equation (1.17)
Param.

ME

Min yearly temp (˚C)

-0.412*** -0.412***
(0.111)
(0.111)
Max yearly temp (˚C)
-0.987*** -0.987***
(0.123)
(0.123)
Non-winter mean temp (˚C)
1.545***
1.627***
(0.202)
(0.200)
Yearly total precip (mm)
-0.000683 -0.000159***
(0.000438) (4.56e-05)
Non-winter mean temp
4.22e-05
(3.60e-05)
Expected min temp (RCP 4.5)
-0.577*** -0.577***
(0.123)
(0.123)
Expected max temp (RCP 4.5)
-0.694*** -0.694***
(0.132)
(0.132)
Expected Non-winter mean temperature (RCP 4.5) 1.399***
1.399***
(0.223)
(0.223)
2

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: controls excluded from table, see appendix A

1,701
0.626

1,701

In the next section I evaluate the predicted land market effects of climate change using
these three models and compare outcomes with the literature to help determine which model best
estimates climate’s effect on timberland markets.

1.6

Projected Climate impacts on forest land value

I combine estimation results from the previous section with regionally down-scaled climate
prediction models from the University of Idaho, MACA Statistically Downscaled Climate Data
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for CMIP5 (Abatzoglou 2013). I assign predicted monthly minimum, maximum, and mean
temperature and total precipitation for 2050 downscaled to 4km (1/24-deg) to each parcel.
Climate variables were obtained for two of the four representative concentration pathways
(RCPs), RCP 4.5 and 8.5, from the IPCC’s fifth Assessment Report (R. K. Pachauri and L. A.
Meyer 2014). For RCP 4.5, emissions peak around 2040 and decline (R. K. Pachauri and L. A.
Meyer 2014). For RCP 8.5 emissions increase for the remainder of the century (R. K. Pachauri
and L. A. Meyer 2014).
To avoid excessive extrapolation of my Ricardian function beyond the observed climate
range used in estimation, I restrict my analysis to RCP 4.5 climate projections. Figure 1.7
compares current climate conditions to climate outcomes under RCP 4.5 and RCP 8.5 in 2050.
These figures show predictions for RCP 4.5 fall mostly within the observed climate variation in
my sample while predictions for RCP 8.5 fall well outside this range. Referring back to Figure
1.4, I could define observed climate in my data as the range from 𝐸B to 𝐸C . I restrict my analysis
to a climate future that falls within this range because my land value function is best defined
within the range of observed data. Extending prediction ranges is possible but would be best
performed by estimating the Ricardian models with additional observations where current
observed climate falls in the ranges of future predictions. For instance, timberland in California
could be a candidate for this, but land value is not as easily gathered for this region.
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Figure 1.7: Range of climate outcomes under RCP 4.5 and RCP
8.5 in 2050
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Table 1.8 presents summary statistics for current and future climate parameters. This
table shows the range in predicted mean yearly temperature, minimum yearly temperature,
maximum yearly temperature, and non-winter mean temperature under RCP 4.5.
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Table 1.8: Summary statistics for current climate and predicted
climate under RCP 4.5
Mean
Mean yearly temp

Min yearly temp

Max yearly temp
Non-winter mean
temp
Yearly total precip
Observations

Current
RCP 4.5,
2050
Current
RCP 4.5,
2050
Current
RCP 4.5,
2050
Current
RCP 4.5,
2050
Current
RCP 4.5,
2050
1,701

Abs.
%
Change Change

11.02
12.43

1.40

13%

6.08
7.20

1.12

18%

1.69

11%

15.96
17.64
12.64
13.94

1.30

10%

459

26%

1,776
2,235

SD

Min

Max

0.96

6.05

13.30

1.00

6.89

14.17

1.03

-0.86

8.45

0.94

0.58

9.27

1.13

11.71

20.34

1.26

12.77

21.43

0.85

8.92

15.12

0.89

9.51

15.97

448

286

4,137

510

309

4,644

Using parameter estimates from the estimated land value functions, I calculate the
discrete change in land value of Oregon’s productive forestland under RCP 4.5 in 2050. I
estimate this change in land value per acre for the Ricardian Model, equation (1.10) and
Interacted Bioecological Model, equation (1.13), as follows:

(1.18)

Vi = f (P redictedT empi , P redictedP recipi ) f (CurrentT empi , CurrentP recipi )

where 𝑓(∙) is the relevant land value function estimated in Section 1.5.2. For the ForwardLooking Bioecological Model, equation (1.17) I estimate climate impacts as:

(1.19)

Vi =f (P redictedT emp(i,t+1) , P redictedP recip(i,t+1) , P redictedT emp(i,t+2) )
f (CurrentT empi , CurrentP recipi P redictedT emp(i,t+1) )
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where subscripts 𝑡 + 1 and 𝑡 + 2 represent climate predictions for 2050 and 2085, respectively.
Table 1.9 presents predicted land value changes under RCP 4.5.

Table 1.9: Predicted land value changes under RCP 4.5
Ricardian

Interacted

(1.10)

(1.13)

ForwardLooking
(1.17)

$1,237.18

$1,567.11

$1,660.71

(519.39)

(1,428.48)

(1,445.72)

$61.86

$78.36

$83.04

(25.97)

(71.42)

(72.29)

$507.90

$1,313.08

$1,356.86

(687.61)

(857.33)

(856.37)

% change from current:

-58%

-16%

-18%

Change in yearly rent:

-$36.46

-$12.70

-$15.19

1,701

1,701

1,701

Predicted land value/acre, model data

Yearly rent (5% discount)

Predicted land value/acre, RCP 4.5

Observations
Standard deviations in parentheses.

The Ricardian Model predicts, on average, a 58% decrease in the value of productive
timberland in Oregon. This equates to an annualized value of $38 per acre assuming a 5%
discount rate. The Interacted Bioecological Model predicts, on average, a 16% decrease in value
of productive timberland, or an annualized value of $12 per acre assuming a 5% discount rate.
The Forward-Looking Bioecological Model predicts an 18% decrease in land value, or an
annualized value of $15 per acre assuming a 5% discount rate.
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Because temperature and precipitation are measured in different units, I cannot determine
which climate attribute has a larger effect on predicted land values by comparing parameter
estimates. Holding one fixed, however, I can examine the contribution of the non-fixed climate
attribute on predicted land value changes. For the Ricardian Model (equation 1.10), holding
precipitation fixed at current levels and predicting land values based only on predicted
temperature in 2050 decreases land value by 44.00%. In contrast, holding temperature fixed and
predicting land value based on 2050 precipitation predictions decreases land value by 30%.
Repeating this same exercise for the Interacted Bioecological Model (equation 1.13),
temperature predictions results in a 13% land value decrease and precipitation predictions result
in an 8% land value decrease. For both models, temperature changes play a larger role in
decreasing land value than do precipitation changes. However, it appears the joint effect of
precipitation and temperature (as measured through the interaction term) moderates climate’s
impact on land value. This indicates that wetter future climates help protect against increasing
temperatures.
The Bioecological Models (equations (1.13) and (1.17)) specify climate’s relationship
with timber production through both mean and extreme temperatures. These models predict
smaller land value decreases than the Ricardian Base Model (equation 1.10). This is more
intuitive given that the Ricardian function allows for adaptation behavior to mitigate climate
damages, conditional on the land value function correctly specifying the relationship between
climate and timber productivity (Fezzi & Bateman 2015).
While land values are projected to decrease on average, outcomes vary across the state.
For instance, equation (1.17) predicts land value increases for more temperate coastal counties

47
but decreases for inland counties in both the Willamette Valley and the Cascade region/Eastern
Oregon (see Table 1.10).
Table 1.10: Regional changes in land value and climate variables
for RCP 4.5 in 2050, estimated with equation (1.17)
Region
Full sample
Coastal counties
Willamette Valley
Dry/eastern counties

% Change in
Land Value

% Change in
Total Precip

% Change in
Mean Temp

Obs.

-14.96%
8.69%
-25.86%
-16.22%

26.15%
24.47%
29.34%
25.41%

12.71%
12.76%
12.63%
12.56%

1,701
1,054
636
15

These predictions fit with the bioecological literature indicating productivity decreases
for the current timber species in Oregon, specifically that Douglas fir will become less suited to
changing climate patterns (Hashida & Lewis 2019; Latta et al. 2010; Rehfeldt et al. 2006). In
particular, Hashida and Lewis’ econometric model of forest managers adapting to climate change
finds western Oregon landowners are expected to gradually reduce planting Douglas fir in favor
of other species, notably hardwoods and Ponderosa pine. Such a shift in timber species
composition out of Douglas fir – currently the most commercially valuable tree species – is
consistent with my results that climate change will negatively impact the value of Oregon
forestland.

1.7

Robustness checks of econometric model

I assess the robustness of my model by testing alternative data restrictions and one alternative
model specification. In determining acreage restrictions I tested 10-, 30-, 40-, and 100-acre
minimums in addition to the chosen 25-acre minimum. Appendix A1 presents parameter
estimates, marginal effects, and predicted climate impacts for these alternative data restrictions
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on the Ricardian Model and Interacted Bioecological Model (equations (1.10) and (1.13)). As
expected, the smaller 10-acre minimum appears to reflect higher development value
capitalization. The parameter estimate on distance to nearest city is larger for all model
specifications at this restriction.
Between 25 and 40-acre restrictions, parameter estimates and land value effects remain
fairly stable for both model specifications. Restricting the sample to parcels over 25-acres seems
to provide the largest sample size while still eliminating smaller parcels that are susceptible to
development pressure and alternative land use management.
I also test model robustness under a linear dependent variable for the three preferred
models – equations (1.10), (1.13), and (1.17). Appendix A3 provides regression tables comparing
both specifications of the dependent variable. Parameter estimates retain the same sign and
significance for all three models under both dependent variable specifications.
Climate impacts are more sensitive to dependent variable specification.
Table 1.11 compares model predicted land value, land value predicted under RCP 4.5 in
2050, and percentage land value change for both specifications of the dependent variable. The
linear land value specification predicts higher land values under current climate for all three
models and larger percentage losses in land value under RCP 4.5.
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Table 1.11: Comparison of logged vs. linear land value predictions
for Base Ricardian Model, Interacted Bioecological Model, and
Forward-Looking Bioecological Model
Logged Land Value
Model
RCP 4.5 %Change
Predicted
Base Ricardian (1.10)
1,317.92 910.65 -31%
(588.05) (414.67)
Interacted
1,660.84 1,412.34 -15%
Bioecological (1.13)
(1,487.57) (911.45)
Forward-looking
1,660.71 1,356.86 -18%
Bioecological (1.17)
(1,445.72) (856.37)
Observations
1,701
Standard deviations in parenthesis

1.8

Linear Land Value
Model
RCP 4.5 %Change
Predicted
1,566.88 854.34
-45%
(790.37) (621.31)
1,803.17 1,472.75 -18%
(1,572.78) (1,374.39)
1,824.24 1,226.39 -33%
(1,570.98) (2,759.60)
1,701

Discussion

Parcel-level analysis of climate impacts on timberland values allows for a regional approach to
climate impact assessment, in contrast to the literature using large-scale market models (e.g.
Sohngen and Tian 2016). It is difficult for national level models to capture the fine-scale
variation in climate across private timber parcels in the West. Traditional Ricardian models in
agriculture, which are predominantly national in scope, use county-level land value means as the
unit of observations.6 For private timberland in the West, Mihiar and Lewis (2018) find only 110
counties with privately grown Ponderosa pine and 135 counties with privately grown Douglas
fir.

6

The one exception being Fezzi and Bateman’s (2015) parcel-level analysis of climate’s effect on agricultural
productivity in Great Britain.
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Results show measurable differences in climate impacts estimated using within-county
climate variation across Oregon’s private timber parcels. Results indicate that increasing
temperature and precipitation expected under climate change will decrease the value of private
timberland in Oregon, but projections are not consistent across the state. Forty-five percent of
parcels in my sample are predicted to experience an increase in land value, and fifty-five percent
of parcels will experience decreases. Parcels experiencing land value increases are warmer,
wetter, and at a lower elevation than the sample mean. Parcels experiencing land value decreases
are colder, drier, and at higher elevations than the sample mean. I restrict my impact assessment
to a climate change scenario that falls within the range of observed climate across the state. In
order to expand my assessment to more extreme climate scenarios I would need additional
parcel-level data from productive timberland in warmer climates, for instance California. This
type of analysis would require alterations to the model due to the lack of available parcel-level
RMV for California’s timber parcels.
These findings are not entirely consistent with the bioecological research about the
relationship between climate and timber productivity. Latta et al. (2010) estimate productivity
decreases for parcels at elevations below 1000m, and productivity increases for parcels over
1000m. My model projects land value decreases for the region, on average. For parcels below
1000m, I project a 4% decrease in land value for parcels under 500m and an 18% decrease for
parcels between 500m and 1000m. Higher elevation parcels are also projected to decrease in land
value. Parcels between 1000m and 1500m are projected to decrease in land value by 18%, and
parcels above 1500m are projected to decline by 12%. My model does not reflect land value
increases from productivity gains in higher elevation forests as indicated by the Latta et al.
(2010) analysis.
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These results highlight the need for fine-scale empirical analysis in climate change
economics literature. By exploiting fine-scale variation in climate and land value across Oregon I
am able to estimate climate impacts on productive forestland, thus contributing to the body of
literature regarding costs of climate change. This work also builds on the fine-scale timber
productivity literature that until now has focused on modeling climate impacts and with very
little empirical support by providing empirical guidance on the climate-land value relationship
for productive timberland in the West.
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Chapter 2
2.1

Forestland values and the interaction between climate and fire risk

Introduction

Overstocked public forests at higher risk for extreme fire events are a common occurrence across
the Western United States (Dalton et al. 2017). Limited funding and alternative protection
priorities, such as habitat conservation for endangered species, restrict fuel mitigation options on
public forests and are at least partially responsible for their increased fire risk (Konoshima et al.
2008; OFRI 2014). While private timberland owners have more freedom to mitigate fire risk,
modeling research indicates incentives to participate in fuel management vary depending on
perceived fire risk which is in part driven by proximity to public forests (Amacher et al. 2005;
Crowley et al. 2009; Konoshima et al. 2010). Projected climate shifts are expected to bring
longer and more severe wildfire seasons to the region which motivates the need for an empirical
assessment of the relationship between climate, fire risk, and land value (Shirazi et al. 2017).
As disaster probability increases, timber managers shorten rotation ages (Reed 1984).
This relationship acts much in the same way that an increase in the discount rate impacts rotation
age and can therefore be interpreted as a risk premium (Hesseln 2000). Risk and uncertainty are
shown to have significant negative impacts on forest land values (Routledge 1980). Based on the
relationship between rotation age and land value, I would expect the value of private forest
parcels adjacent to known wildfire ignition sources (i.e. public forests) would reflect this risk
premium through lower land values (Amacher et al. 2009; Faustmann 1849). Climate shifts that
increase wildfire frequency and severity should then also be reflected in a parcel’s land value
heterogeneously due to the spatial heterogeneity in both climate and proximity to public forests.
The economic modelling literature shows that fire risk impacts private forest values
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heterogeneously based on spatial proximity to public forests, but this has not been tested
empirically (Busby & Albers 2010; Busby et al. 2012; Prestemon et al. 2013).
Figure 2.1 extends the intuition from the previous chapter to show how land values might
reflect climate’s impact on fire risk, represented by the dashed lines. Fire risk could alter when it
is optimal for a forest manager to adapt to climate change by switching species (point A with no
fire risk, point B with fire risk). Estimating the fire risk premium must account for the adaptive
behavior of land managers. Assuming no adaptation or imposing adaptation timing and choice
restrictions would bias costs estimates. As shown in the previous chapter, climate change has a
heterogeneous effect on parcels across the state of Oregon – for instance that warm and wet
coastal parcels are expected to increase in value where parcels in drier and colder regions of the
state are expected to decrease in value. Some of this variation may be attributable to fire risk,
which I explore in this analysis. Assuming homogeneous risk would therefore bias cost estimates
and motivates the need for a parcel-level analysis.

Figure 2.1: Value estimated from Ricardian hedonic price function
with fire proximity control (adapted from Guo & Costello 2013)
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For this analysis, I extend the Forest Ricardian model developed in Chapter 1 to
empirically estimate the effect of climate change and fire risk on private forest land values in
Oregon by including measurement of a parcel’s fire risk via its proximity to public forests. I then
explore a policy scenario where public forests are managed like private forests in order to
mitigate the effects of increasing fire risk under climate change. My novel dataset allows
empirical analysis of this issue, evidence of which is currently missing from the climate change
economics literature. In addition, this work provides a framework with which to evaluate how
changes in public forest management effect the value of adjacent private forestland. This is an
important policy question in the West, where catastrophic fire seasons are becoming the norm
and limited management budgets must be allocated between often competing priorities. I find a
significant risk effect of proximity to public forests, but one that varies spatially across the state
based on local precipitation levels. Altering public forest management has positive benefits for
adjacent public forests, but these benefits also vary spatially with precipitation.

2.2

Data

Previous fire risk analysis relies on time-varying fire exposure to estimate effects on land values
(Ager et al. 2012; Donovan et al. 2007; Stetler et al. 2010). However, since climate is timeinvariant within the scope of observed land values I must explore how climate and fire risk affect
forest land values with time-invariant risk measurement. For this analysis I construct a
measurement of a parcel’s risk based on the ownership fragmentation surrounding the parcel in a
manner similar to Busby et al. (2012).
I merge the dataset from the previous chapter with spatial information on a parcel’s
distance to public forests. Public forest maps were obtained from the U.S. Forest Service through
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ArcGIS online and matched to my existing database of private forest parcels (ESRI 2011). I add
a measure of each parcel’s distance to the nearest publicly managed forest and a measurement of
forest ownership fragmentation within a one-mile buffer of each parcel. I construct the
ownership fragmentation measurement by calculating the percent of publicly managed forest
within a one-mile buffer of each parcel. Figure 2.2 is a map of this approach showing the
variation in fragmentation measurements within an approximately fifty-five square mile section
of my data. This ownership fragmentation within an area that is relatively homogeneous with
respect to climate helps drive estimation of the relationship between proximity to public forest
and fire risk.
Figure 2.2: Ownership fragmentation construction with one-mile
buffer
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For the remaining dependent variables, I use the same dataset from Chapter 1. Summary
statistics for the full sample are presented in Table 2.1 summarized by adjacency, which I define
as any parcel within one mile of a public forest. On average, adjacent parcels have higher realmarket land value per acre, are colder, wetter, smaller, higher in elevation, and further from
population centers than non-adjacent parcels.
Table 2.1: Summary statistics for private forest parcels greater than
25-acres

RMV Land Value/Acre
Yearly mean temperature (˚C)
Non winter mean temp (˚C)
Yearly total precipitation (mm)
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Ownership fragmentation
(% of 1-mile buffer intersecting public forest)*

Full
2,365.29
(2,910.44)
11.01
(0.95)
12.65
(0.84)
1,762.98
(443.70)
125.45
(293.22)
769.98
(698.01)
5.29
(3.40)
0.07
(0.12)
1,701

Adjacent
2,626.34
(3,116.89)
10.88
(1.05)
12.61
(0.93)
1,785.20
(488.45)
104.56
(126.58)
908.53
(744.71)
5.94
(3.58)
0.13
(0.14)
903

Non-Adjacent
2,069.90
(2,628.40)
11.16
(0.80)
12.70
(0.72)
1,737.84
(385.63)
149.10
(405.22)
613.20
(604.32)
4.54
(3.03)
798

Observations
Standard deviations in parentheses.
* Management fragmentation measurement is zero for non-adjacent parcels by definition.
In order to accurately estimate the effect of proximity to public forests on a private
parcel’s fire risk (as it operates through that parcel’s land value) I need public forest locations to
be exogenous. Figure 2.3 shows a map of Oregon highlighting the private forests, public forests,
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and city limits with a detailed pane of the Willamette Valley. This map highlights the
checkerboard pattern common in private/public forest management across the state. This pattern
arose from the Oregon and California Railroad act which allocated land along the western edge
of Oregon to the federal government for railroad development (Ganoe 1924). While this pattern
supports the possibility of random siting of federal forestland in Oregon, I preprocess my data
using propensity score matching to control for potential endogeneity. This is discussed further in
the next section.
Figure 2.3: Variation in private versus public forest parcels across
Oregon with focus on Willamette Valley
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2.3

Empirical framework

The goal of this analysis is to determine the effect fire risk has on private forest land values, and
how this risk will change as climate conditions induce longer and more destructive fire seasons. I
specify the relationship between climate and forest land value as in equation (1.13) from Chapter
1, where temperature is specified at minimum, maximum, and non-winter means, and
precipitation is specified as total yearly precipitation. For controls in this model I include the
same as from equation (1.13) – mean parcel elevation, total acreage, and distance to nearest city.
Following the forest fire literature, fire risk may capitalize into land values based on
proximity to public forests or adjacent land ownership fragmentation (Busby et al. 2012; Fischer
& Charnley 2013; Konoshima et al. 2010). I specify a parcel’s fire risk as a measure of parcelspecific forest ownership fragmentation. Ownership Fragmentation controls for a parcel’s fire
risk based on its proximity to publicly managed forest and is calculated as the percentage of land
in publicly managed forest within a one-mile buffer of each parcel.7 To estimate how this risk
operates through climate, I interact ownership fragmentation measurement with total yearly
precipitation. This controls for increased fire risk on parcels that are drier and closer to publicly
managed forests. The model is specified as:
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(2.1)
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I test several different treatment distances, results of this are discussed in Appendix A.
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such that the marginal effect of ownership fragmentation on the value of private forestland is:

(2.2)

@Vi /@OwnershipF ragmentationi =

6

+

7 T otalY

earlyP recipi

The coefficient on the interaction between ownership fragmentation and total yearly
precipitation, 𝛽Q , could moderate the effect of fire risk on land value. For instance, if
𝜕𝑉A /𝜕𝑂𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝𝐹𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛A < 0 and 𝛽Q > 0 then increases in precipitation will
moderate the effect of fire risk on a parcel’s bare land value.
As with many spatially explicit land use analyses there is potential for bias from nonrandom siting of publicly managed forests. For instance, if public forests are sited on less
productive parcels then adjacent private forests would likely face similar biophysical conditions
and be less valuable. To control for this, I first preprocess my data using propensity score
matching. This process ensures statistical similarity between treatment and control groups in my
sample and can reduce estimation bias (Rubin 2006). I specify the treatment group as any parcel
within one mile of a public forest, parcels further than a mile from public forests are the control.
I estimate the propensity score using a logistic regression on all private forest parcels
greater than 25 acres.8 The propensity score is the conditional probability of a private forest
being adjacent to a public forest given observed covariates 𝑿A from my un-matched model
(equation (2.1)).

(2.3)

8

P rob(Pi = 1) = F (↵ + ✓Xi )

I retain the 25-acre restriction in this model despite controlling for a parcel’s distance to the nearest city. Smaller
parcels may also be managed differently than large industrial tracts such that their RMV may capitalize more than
timber rents.
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where F is the logistic function. From this regression I get a set of propensity scores which are
used to match treatment and control observations. This trims my dataset to include observations
that are the most closely comparable given observed covariates.
I perform one-to-one nearest neighbor matching without replacement using the
PSMATCH2 algorithm in Stata12 (Leuven & Sianesi 2003; Rubin 2006). I follow Guo and
Fraser (2014) and set the distance between matches as one quarter of the standard deviation of
the estimated propensity score. I test improvement in balance between pre and post matched
samples using a normalized difference in means following Imbens and Wooldridge (2009). The
normalized difference is estimated as:

(2.4)

Xt Xu
p
2
2

t+ u

where 𝑋_2 is the covariate mean for treated parcels, 𝑋_` is the covariate mean for untreated parcels,
𝜎2b is the variance for treated parcels and 𝜎`b the variance for untreated parcels.
Normalized difference in means greater than 0.25 indicate parameters can be sensitive to
specification and bias regression results (Imbens & Wooldridge 2009). Table 2.2 presents means,
standard deviations, and normalized difference in means for untreated and treated observations
pre and post-matching. Before matching, yearly minimum temperature, mean elevation, and
distance to city are outside the accepted range provided by Imbens and Woodlridge (2009),
indicating sample means between treated and untreated covariates are statistically different from
each other. After matching, all covariate means are within an accepted range, indicating the
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matched sample has better balance and is thus less-susceptible to specification error (Imbens &
Wooldridge 2009).
Table 2.2: Normalized difference in means

ln(Land value/acre)
Min yearly temp
Max yearly temp
Non-winter mean temp
Yearly precipitation
Acres
Mean Elevation
Distance to city
Observations

Untreated
7.03
6.31
16.02
12.70
1,737.84
149.10
613.20
4.54
798

SD
(1.02)
(0.89)
(0.91)
(0.72)
(385.63)
(405.22)
(604.32)
(3.03)

Untreated
SD
ln(Land value/acre)
7.10
1.09
Min yearly temp
6.16
1.04
Max yearly temp
15.90
1.02
Non-winter mean temp
12.62
0.83
Yearly precipitation
1,794.58
428.50
Acres
117.45
137.82
Mean Elevation
713.11
721.19
Distance to city
5.06
3.35
Observations
425
Standard deviations in parenthesis.
* Normalized difference in means > 0.25

2.4

Unmatched
Treated
7.30
5.85
15.90
12.61
1,785.20
104.56
908.53
5.94
903

SD
(1.07)
(1.09)
(1.27)
(0.93)
(488.45)
(126.58)
(744.71)
(3.58)

Norm. Diff.
0.18
-0.32
-0.07
-0.08
0.08
-0.10
0.31
0.30

Matched
Treated
7.30
5.85
15.90
12.61
1,780.97
104.77
904.32
5.91
899

SD
1.07
1.09
1.27
0.93
483.77
126.81
741.99
3.55

Norm. Diff.
0.134
-0.203
0.002
-0.004
-0.021
-0.068
0.185
0.173

Results

I estimate equation (2.1) with the matched and unmatched samples, results are presented in Table
2.3. Parameter and marginal effect estimates are fairly consistent across the two samples. Yearly
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minimum, maximum, and non-winter mean temperatures retain significance, sign, and are very
close in magnitude between the two models. Increases in both minimum and maximum
temperatures have a negative effect on per-acre land value. Increases in non-winter mean
temperature has a positive effect on land value. All three parameter estimates have a larger effect
in the matched regression than the unmatched regression. The mean effect of additional
precipitation has a negative effect on land value that is smaller in the matched sample than the
unmatched sample. The marginal effect of precipitation also loses significance at the in the
matched regression.
Table 2.3: Regression results, matched versus unmatched samples
Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Non-winter mean temp*Yearly total precip
Ownership fragmentation (%)
Ownership fragmentation*Yearly total precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant
Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Unmatched
ME
Matched
ME
-0.792***
-0.792***
-0.817***
-0.817***
(0.0419)
(0.0419)
(0.0401)
(0.0401)
-1.515***
-1.515***
-1.554***
-1.554***
(0.0570)
(0.0570)
(0.0605)
(0.0605)
2.480***
2.668***
2.515***
2.749***
(0.0917)
(0.0820)
(0.0938)
(0.0885)
-0.00147*** -0.000249*** -0.00157***
-7.68e-05
(0.000383)
(4.50e-05)
(0.000403)
(5.30e-05)
9.68e-05***
0.000119***
(3.16e-05)
(3.34e-05)
-0.778*
-0.0668
-0.912**
-0.303**
(0.442)
(0.139)
(0.463)
(0.135)
0.000366*
0.000308
(0.000187)
(0.000202)
-3.43e-05*** -3.43e-05*** -0.000856*** -0.000856***
(8.40e-06)
(8.40e-06)
(0.000110)
(0.000110)
-0.000264*** -0.000264*** -0.000236*** -0.000236***
(5.50e-05)
(5.50e-05)
(5.34e-05)
(5.34e-05)
-0.0268***
-0.0268***
-0.0259***
-0.0259***
(0.00531)
(0.00531)
(0.00609)
(0.00609)
5.396***
5.609***
(0.911)
(0.910)
1,701
0.604

1,701

1,324
0.650

1,324
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Smaller parcels at lower elevations are more valuable than bigger and/or higher elevation
parcels. Parcels closer to cities have a higher land value, each mile increase in distance decreases
land value by approximately 3.9%. This may control for fire risk associated with WUI but
estimates on this control suggest it captures more of the effect of development pressure, access to
markets, and other positive effects on land value.
The estimates on Ownership Fragmentation and (Ownership fragmentation*Yearly total
precip) are the main parameters of interest in this model. The marginal effect of fragmentation
indicates that a one percent increase in ownership fragmentation results in a 0.5% decrease in
land value per-acre. The marginal effect has a smaller negative impact on land value than the
parameter estimate on Ownership Fragmentation, indicating precipitation has a mitigating effect
on a parcel’s fire risk.
Figure 2.4 shows a scatter plot of predicted logged land value per acre over varying
percentages of ownership fragmentation. Fitted lines for parcels with fewer than 1,600mm of
precipitation per year (dry) and greater than 1,600mm of precipitation per year (wet) are also
included.9 For wet parcels, increasing ownership fragmentation has very little impact on the
model predicted land value. For dry parcels, however, the effect of increasing ownership
fragmentation has a significant effect on land values which increases as ownership fragmentation
percentages increase (slope of the fitted line). This supports my hypothesis that proximity to
public forests presents a fire risk to parcels and that drier parcels may capitalize this risk more

9

In this instance, “dry” indicates parcels below the sample mean and “wet” indicates parcels above the sample
mean.
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than wetter parcels. This also indicates the presence of spatial heterogeneity in fire risk based on
variation in local climate measurements.
Figure 2.4: Predicted land value per acre by ownership
fragmentation

2.5

Fire risk and climate effects on forest land value

I take parameter estimates from equation (2.1) to predict how the relationship between climate
change and fire risk impact land value. Following the same procedure as in Chapter 1 Section
1.6, I use predicted climate outcomes under RCP 4.5 to estimate this effect. Estimates from this
analysis are presented in Table 2.4. This model predicts a 6% decrease in land value from
climate change.
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Table 2.4: Land value predictions from climate change
Full Sample
Predicted LV/acre, model data

Dry (ppt<1,600)

Estimate

SD

Estimate

SD

1,960.44

(1,713.17)

3,077.24

(2,052.38)

Yearly rents (5% discount)

98.02

Predicted LV/acre, RCP 4.5

1,838.84

153.86
(1,221.82)

2,455.47

Wet (ppt>1,600)
Estimate

1,210.26 (823.94)
60.51

(1,336.68)

1,424.65 (932.70)

% change from current:

-6.20%

-20.21%

17.71%

Change in yearly rents:

-6.08

-31.09

10.72

1,324

532

792

Observations

SD

Standard deviations in parentheses

Results here suggest that failing to account for a parcel’s fire risk may over-state
climate’s effect on forest land value. The variation in impact between wet and dry parcels shown
in Figure 2.3 illustrates why this is likely case, as the Chapter 1 model does not allow for the
mitigating effect of precipitation on the increased fire risk associated with both the spatial pattern
of land ownership and the expected increase in fire risk due to climate change. Table 2.4 also
presents predicted land value changes for dry versus wet parcels, indicating dry parcels will
experience a 20.21% decrease in land value, whereas wet parcels experience a 17.71% increase
in land value after climate change.
To explore this further, Table 2.5 presents land value changes decomposed by climate
measurement. Holding temperature fixed at current levels, land value decreases by 11.42% under
RCP 4.5 precipitation predictions. With precipitation fixed at current levels, changes in
temperature to RCP 4.5 levels results in a 0.52% decrease in land value. Note that these results
do not include the full effect of the interaction term (Yearly total precip * Non-winter mean
temp) and so these percentages will not sum to the predicted percentage changes presented in
Table 2.5. Exploring model predictions in this manner, however, suggests that the model
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presented in Chapter 1 failed to account for the positive effect precipitation has for parcels at
higher risk of wildfire.10

Table 2.5: Decomposed land value change

Predicted LV/acre, model data
Predicted LV/acre if precip at 2050 values
% Change
Predicted LV/acre if temp at 2050 values
% Change
Observations
Standard deviations in parentheses

2.6

Estimate
1,960.44
1,736.48
-11.42%
1,950.29
-0.52%

SD
(1,713.17)
(1,132.02)
(1,758.29)

1,324

Policy simulation

Public forest management is a highly debated topic in the West where wildfires are increasing in
frequency and severity (Radeloff et al. 2018; Shirazi et al. 2017). Public forest managers face
difficult and often legally restricted tradeoffs between conservation and wildfire mitigation. In
addition, decreases in agency funding further restrict their ability to adequately manage fire risk
on public forests. As part of my analysis, I test how land values would be affected by a policy
change allowing public forests to be managed like private forests as a way to mitigate wildfire
risk.

10

I do not differentiate between precipitation during fire season and yearly precipitation, which may alter these
results. Further analysis of this relationship is outside the scope of this analysis.
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Using my estimated model, I re-predict land values in a landscape with no public forest
adjacency under RCP 4.5 climate predictions. This type of policy would represent a change in
public forest management from one that is intended to maximize habitat conservation to one that
maximizes profit. While unlikely, the estimates presented here represent an upper bound benefit
from altering public forest management. Results from this estimation are presented in Table 2.6.
Table 2.6: Land value change from policy shift under RCP 4.5 in
2050
Full Sample
Estimate
Predicted LV/acre, model data
Yearly rents (5% discount)
Predicted LV/acre w/out policy change:
Yearly rents (5% discount)
Predicted LV/acre after policy change:
Yearly rents (5% discount)

SD

Dry (ppt<1,600)
Estimate

SD

Wet (ppt>1,600)
Estimate

1,960.44 (1,713.17) 3,077.24 (2,052.38) 1,210.26 (823.94)
98.02

153.86

60.51

1,838.84 (1,221.82) 2,455.47 (1,336.68) 1,424.65 (932.70)
91.94

122.77

71.23

1,869.31 (1,241.98) 2,511.21 (1,353.75) 1,438.14 (941.51)
93.47

125.56

71.91

% change from current land value:

-4.65%

-18.39%

18.83%

% change from RCP 4.5 w/out policy change:

1.66%

2.27%

0.95%

1,324

532

792

Observations

SD

Standard deviations in parentheses

These results indicate a positive improvement in land value from altering public forest
management. With public forests managed like private forests, climate change is predicted to
decrease land values by 4.65% rather than 6.20% with no change in management, representing a
1.66% improvement over predicted future land values. But these effects vary based on
precipitation levels. For parcels with fewer than 1,600mm of precipitation per year, the policy
change improves future outcomes by 2.27% over a predicted future with the same fire risk.
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Parcels with greater than 1,600mm of precipitation per year also see an improvement from the
policy change, but it is much smaller at 0.95%.

2.7

Robustness checks of econometric model

Results presented above define treatment as any parcel within one mile of a public forest, and
measure fire risk based on ownership fragmentation within one mile of a parcel. As a robustness
check I estimate the same model with treatment defined as half-mile and two-miles, where
ownership fragmentation is calculated based on half-mile and two-mile buffers, respectively.
Appendix B presents normalized difference in means, parameter estimates, marginal effects, and
predicted climate impacts for these alternative treatment specifications.
Upon initial inspection, neither alternative buffer restriction provides adequate matching
in the pre-processing phase. Both matched samples still have coefficients with normalized
differences in means greater than the 0.25 cutoff. Parameter estimates and marginal effects retain
sign and approximate magnitude across all treatment definitions, indicating my model is robust
to treatment definition. Climate effects, however, are not consistent across treatment definitions.
The half-mile buffer model predicts a 6.78% increase in land value under RCP 4.5 whereas the
two-mile buffer model predicts a 9.79% decrease in land value.

2.8

Discussion

I extend the Forest Ricardian model developed in the previous chapter to include measurement of
a parcel’s fire risk via its proximity to public forests and explore a policy scenario where public
forests are managed like private forests in order to mitigate the effects of increasing fire risk
under climate change. My novel dataset and empirical analysis of this issue represent
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contributions to a body of literature that is predominantly based on theoretical modeling. This is
an important empirical question as catastrophic fire seasons are becoming the norm for
productive timberland in the western United States. This analysis requires parcel-level spatial
data, and my novel dataset provides a unique opportunity for this empirical analysis.
I find a significant risk effect of proximity to public forests, but one that varies spatially
across the state based on local precipitation levels and forest ownership fragmentation. My
policy simulation shows that altering public forest management has positive benefits for adjacent
public forests. These benefits also vary spatially based on precipitation levels, with drier parcels
seeing the largest benefit from alternative public forest management.
One shortcoming of my data is that I am unable to empirically distinguish between public
forest management types due to limited observations. Public forests in Oregon are managed by
federal, state, city, and tribal entities. Management practices and regulations vary across
management types. For instance, more harvesting occurs on state forests than federal forests.
Empirically distinguishing between these management types could further inform spatial
variation in wildfire risk and allow for more nuanced policy analysis. For instance, if federal
forests represent the highest fire risk, I could test the effect of altering federal forest management
to mimic management on state forests. This is a more realistic policy change than the one
presented in this analysis and would be an interesting next-step in this analysis.
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Chapter 3

Shoreline change and risk: estimating the effects of coastal management and
sea level rise on rural land values

3.1

Introduction

Coastal shorelines are a naturally dynamic ecosystem with interesting consequences for adjacent
land markets. The economics literature has shown that the risks and amenities of these dynamic
environments capitalize into adjacent property values (Bin et al. 2011; Gopalakrishnan et al.
2016; Jin et al. 2015). Capitalized risk is the result of flooding, erosion, and sea level rise altering
the productive quality and physical geography of adjacent land. Shorelines can positively
capitalize in adjacent land values if landowners value amenities such as water access, viewsheds,
and recreation accessibility, as a few examples. In addition to their natural dynamics, coastal
shorelines undergo intentional human alterations to mitigate the effects of inherent risks and
strengthen positive amenity values. For instance, sea wall infrastructure and beach nourishment
are common approaches to protecting vulnerable east coast shorelines susceptible to shoreline
retreat (Dundas 2014; Jin et al. 2015). It is well understood that shorelines along the east and gulf
coasts of the United States experience significant natural and human-caused changes and that
these changes capitalized in adjacent land values. Very little empirical evidence exists, however,
for how shoreline dynamics affect West Coast land markets, especially for near-shore habitats
along estuaries and tidally influenced rivers.
The research presented here is motivated by restoration efforts currently underway along
Oregon’s estuaries. The push to restore estuarine habitat for the federally listed Coho salmon is a
major driver of intentional shoreline change in Oregon. This restoration process involves
removing dikes along estuarine and tidal freshwater shorelines in order to restore marsh habitat
critical for Coho (NMFS 2016). When dikes are removed, newly restored tidal flows flood
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adjacent land and remove it from productive use. Inland parcels once separated from tidal
shoreline are now adjacent to open water. Economic theory would suggest land markets will
reflect this transition – flooded land will immediately lose productive value, and as shoreline
adjusts inland the newly shoreline parcels acquire a new set of risks and amenities (Yohe et al.
1995). Understanding how shoreline properties capitalize risk will help inform conservation and
restorations plans that impact coastal estuarine and fresh water shorelines. For example, federal
restoration plans for Coho salmon do not consider land market effects as part of the cost of
habitat restoration (NMFS 2016). This could result in inefficient restoration policy (Polasky et al.
2008).
Sea level rise, although not a coordinated process like habitat restoration, shares the same
outcome and policy implications as intentional shoreline change. These changes are slower and
under less human control but still alter the risk profile present for shoreline and newly shoreline
properties. Knowing the costs associated with this climate impact helps inform policy aimed at
protecting and mitigating against the effects of sea level rise. The empirical framework
developed in this paper lends itself well to also exploring the effects of sea level rise on these
same markets.
These landscapes differ in some important ways from the more frequently studied East
Coast markets. For one, these locations are more sparsely populated and are therefore
characterized by a wider range of land use. There is strong empirical evidence that shoreline
structure capitalizes into housing prices, but less evidence exists for how these values affect rural
agricultural and forest land values (Brown & Pollakowski 1977; Corral & Schling 2017). In
addition, Oregon State land use planning heavily restricts non-essential shoreline alteration under
the Statewide Planning Goals and Guidelines. For instance, Goal 18 limits the use of rip-rap for
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erosion protection to parcels developed prior to 1977 and estuary diking has been illegal since
the 1970’s (Good 2000). While these differences alter potential policy responses to shoreline
change, shoreline structure capitalization by adjacent property markets is theoretically analogous
to East Coast land markets.
For this analysis, I exploit the discontinuous risk between shoreline and nearshore parcels
to estimate the effect of risk on shoreline land values for agricultural and single-family
residential land markets on Oregon’s estuaries and tidal rivers. Using this functional link, I
simulate the land market effect of intentional and unintentional shoreline change on land markets
adjacent to estuary and near-coastal shorelines in Tillamook county, Oregon. I find a negative
shoreline premium for both agricultural and single-family residential land markets near estuarine
and freshwater coastal shorelines. Shoreline change simulations show that while the land market
effects to newly shoreline parcels is significant it represents a small percentage of total shoreline
change costs.
This work presents several contributions to the literature. This is the first empirical
assessment of estuary restoration on West Coast land markets, providing foundational empirical
evidence for the economic relationship between marine habitat restoration and human systems.
Parcel-level analysis also allows for spatially explicit economic impact assessment, providing
valuable information conspicuously missing from current restoration policy. This is also the first
analysis exploring the relationship between sea level rise risk and near-coastal land values in
Oregon and provides a starting framework with which to explore these effects on near-coastal
land markets.
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3.2

Literature Review

This work is motivated by the fact that both intentional and unintentional shoreline change are
prevalent policy issues along Oregon’s estuaries and tidal rivers. Intentional shoreline change
comes from removing or altering protective structures to restore natural marsh habitats that are
important for aquatic species such as the federally listed Oregon Coho salmon (NMFS 2016).
These efforts are targeted, and their efficiency is determined in part by the costs associated with
altering shoreline and the effects these changes will have on adjacent land markets. Unintentional
shoreline change comes from sea level rise and is a foregone result of a changing climate.
Understanding the inevitable costs can help land managers and policy makers with decisions
about how to manage this landscape.
In both scenarios, shoreline change will alter how risk is allocated across adjacent
landscapes. I exploit the discontinuous risk between shoreline and adjacent parcels to estimate
the capitalized value of shoreline risk for agricultural and single-family residential (SFR) parcels.
I then use these estimates to model how land values change as a result of both intentional and
unintentional shoreline change. Understanding how markets are affected by shoreline change
informs policy efficiency for targeted restoration projects and policy approaches to mitigate the
costs of sea level rise (Gopalakrishnan et al. 2016; Polasky et al. 2008).
To evaluate how shoreline change effects land markets I first need to estimate the
capitalized value of shoreline, or the shoreline premium. For Oregon’s estuaries and tidal rivers
this means determining the capitalized value of proximity to estuary and tidal freshwater
shorelines as well as the capitalized value of physical shoreline characteristics, both manmade
and natural. Capitalized shoreline premium can consist of positive amenity values such as
proximity to water, recreation, physical beauty, and protective shoreline structures. Capitalized

74
shoreline premium can also consist of negative risk values such as increased flooding, and
exposure to natural hazards such as tsunamis, sea level rise, and erosion. The analytical approach
for this research is informed by the coastal economics literature on shoreline capitalization and
sea level rise which primarily focuses on the East and Gulf Coasts of the United States (Bin et al.
2011; Dundas 2014; Gopalakrishnan et al. 2016; Jin et al. 2015). I detail this literature in section
3.2.1 below.
Empirically estimating the capitalized value of coastal shorelines and the economic
impact of shoreline management policies poses several challenges. The inherent spatial
correlation between coastal risks and amenities, combined with the fact that shoreline
management policies often impact both characteristics, complicates model identification and can
cause endogeneity (Bin et al. 2008; Gopalakrishnan et al. 2011). I discuss how the literature has
addressed this issue in section 3.2.2. Additionally, homeowner uncertainty regarding future
shoreline conditions and management decisions can cause measurement error and may
complicate willingness to pay estimates (Gopalakrishnan et al. 2011; Landry & Hindsley 2011). I
discuss the literature regarding this issue in section 3.2.3. Finally, ex ante evaluation of shoreline
change capitalization requires modeler decisions regarding amenity/risk bundle transfers to
newly shoreline parcels (Bin et al. 2011; Parsons & Powell 2001; Yohe et al. 1995). This
literature is detailed in section 3.2.4.

3.2.1

Amenity and risk values in coastal land markets

Housing prices positively capitalize proximity to coastal amenities such as beach access and
water views (Bin et al. 2008; Dundas 2014; Landry & Hindsley 2011), as well as the protective
characteristics of certain shoreline structures such as dunes (Dundas 2014), sea walls (Jin et al.
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2015), and beach width (Gopalakrishnan et al. 2011; Landry et al. 2003; Landry & Hindsley
2011). Coastal housing markets also capitalize shoreline habitat such as open coastline, cliff
coast, marsh, scarps, sand dunes, and shells on the beach (Gopalakrishnan et al. 2011; Hamilton
2007; Landry & Hindsley 2011). For my study area, estuarine and tidal freshwater habitats share
many characteristics with previously studied shorelines. There is potential for shoreline parcels
to capitalize proximity to water for recreational activities such as fishing and boating. There are
also extensive protective shoreline structures along these shorelines that could positively
capitalize into adjacent property values (Good 2000). These shorelines also have marsh habitats
with protective qualities which may positively capitalize into adjacent property values (Bell
1997; King & Lester 1995; Shepard et al. 2011).
Amenity capitalization decreases with distance from shoreline. This effect is measured by
interacting beach width with: distance from shoreline (Gopalakrishnan et al. 2011), inverse
distance from shoreline to capture nonlinearity (Landry & Allen 2016), and with discrete
proximity bands to explore threshold effects (Landry & Hindsley 2011). These interaction terms
are also used to disentangle the correlation between access to coastal amenities and exposure to
risk. To focus this analysis on risk, I restrict variation in amenity capitalization by restricting
observations to parcels within one mile of estuarine and tidal freshwater shorelines. This
approach mimics the intuition behind regression discontinuity design and allows for accurate
identification of risk capitalization.
Coastal housing markets also negatively capitalize shoreline proximity due to higher risk
exposure. Erosion (Eberbach & Hoagland 2011; Landry et al. 2003) and flood risk (Bin et al.
2008; Samarasinghe & Sharp 2010) negatively impact housing price. Risk mitigating
characteristics such as elevation or the presence of protective coastline structures have a positive
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effect on housing values (Atreya & Czajkowski 2014; Dundas 2014; Eberbach & Hoagland
2011; Jin et al. 2015). Risk mitigation may have negative impacts on tourism amenities,
Hamilton (2007) find dunes negatively impact average hotel room prices in coastal communities.
This work motivates my hypothesis that changes in flood risk, for instance due to dike removal
restoring tidal influence, will result in real changes in shoreline land values. I control for risk
mitigating characteristics such as elevation, and protective shoreline structure in order to
estimate the effect of being directly adjacent to shoreline has on a parcel’s risk.
Models in this literature are most commonly identified through cross-sectional variation,
with several examples of instrumental variables (see Endogeneity subsection below for more
discussion) (Gopalakrishnan et al. 2011, 2016; Landry & Allen 2016), and one panel model
(Dundas 2014). I discuss this further in the next section.

3.2.2

Endogeneity

If shoreline properties capitalize benefits from shoreline structure, and in turn, if original
placement, maintenance, or removal of a shoreline structure is decided based on the capitalized
benefits it provides, then shoreline structure will be endogenous in a linear regression of housing
prices on shoreline structure (Gopalakrishnan et al. 2011). Instruments are constructed with
geophysical measurements such as distance to continental shelf and presence of scarps
(Gopalakrishnan et al. 2011) and measurements of wave energy, distance to the “depth of
closure” (a measurement of where sediment transport is very minimal), and the ratio of
significant wave height to breaking wave depth (Landry & Allen 2016). Dundas (2014) relies on
quasi-experimental methods to remove endogeneity caused by time-invariant unobservable
drivers of dune replenishment policy.
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It is possible that shoreline structure is correlated with land values in my study area and
this correlation may depend on the parcel’s land-use. There is an issue if shoreline management
decisions are correlated with the capitalized benefit of these decisions:
Property Value = f (Shoreline Structure)
and,

Shoreline Structure = f (Management Decisions)
= f (Costs(Property Value), Benefits(Property Value))
then,

Property Value = f (Costs(Property Value), Benefits(Property Value))

My data does not exhibit sufficient temporal variation in shoreline change to use quasiexperimental estimation techniques which necessitates an alternative approach for handling
potential endogeneity. Instead, I approach this analysis in a similar fashion to a regression
discontinuity design (Hahn et al. 2001). I restrict observations to parcels within one mile of
protected shoreline, both estuarine and riverine, along Oregon’s coast. There is a discontinuous
risk to shoreline parcels (treatment) versus adjacent inland parcels (control). By restricting the
parcels to those that are shoreline and close to shoreline I eliminate variation in unobservables
that can cause identification issues. This restriction also helps identify risk while eliminating
much of the amenity variation that would complicate disentangling the risk/amenity bundle
present in most analysis of this type.
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3.2.3

Uncertainty

Interpreting parameter estimates as marginal willingness to pay (MWTP) estimates can be
complicated by homebuyer expectations for future shoreline management (Landry & Hindsley
2011). In order to interpret risk capitalization estimates from the hedonic price function,
assumptions need to be made with respect to how buyers understand current and future amenity
bundles (Landry et al. 2003; Rinehart & Pompe 1999). For instance, if buyers do not understand
coastal dynamics, or expect current amenity bundles to persist indefinitely, hedonic parameter
estimates for shoreline structure can be interpreted as the MWTP for the existing amenity bundle
(Landry & Hindsley 2011). If individuals expect future increases in risk and/or decreases in
amenity quality, however, marginal willingness to pay (MWTP) estimates will be an upper
bound on true MWTP (Landry & Hindsley 2011).
Intuitively, a parcel’s market price represents the infinite stream of benefits a buyer
expects to gain from their purchase. If an individual expects a riskier future it will be reflected in
their bid function. Functioning land markets, however, imply the gradient of the bid function is
equal across individuals. If expectations for future shoreline conditions vary across individual’s
marginal willingness to pay (MWTP) estimates from hedonic price functions are an upper bound
estimate.
Previous research assumes individual expectations vary considerably and that consumers
expect coastal resources to change over time (Gopalakrishnan et al. 2011; Landry & Hindsley
2011). It is reasonable to assume the same for this analysis. Increased flooding due to sea level
rise, tsunami risk, and local actions to improve salmon habitat are well publicized issues
(Monroe 2017; Shultz 2015; Weisberg & Staff 2017). In addition, many communities are
actively working to mitigate these risks by repairing shoreline protective structures and restoring
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wetland (Brophy 2005; Brophy et al. 2013; Ewald & Brophy 2012). As such, it seems reasonable
to assume individual expectations of future shoreline structure and risk vary across my study
area. Without specific knowledge regarding individual risk perception, the only solution is to be
explicit that estimates are an upper bound on individual’s MWTP for shoreline structure.
Just as landowner expectations impact risk capitalization, extreme hazard events can also
alter how homeowners value risk. Bin and Polasky (2004) find risk premiums for houses in a
floodplain are higher than for those outside the floodplain, and that this price differential is
significantly larger immediately after a hurricane but dissipates over time (Bin & Polasky 2004).
Hallstrom and Smith (2005) show this result also exists in “near miss” communities, where
hurricane damage is minimal but homeowners are provided with new risk information. Flood
risk premiums are also shown to dissipate over time, with significant premium declines occurring
up to nine years after extreme flood events (Atreya & Czajkowski 2014; Bin & Landry 2013).
Landowners on Oregon’s coasts face risk from tsunamis, which are devastating but
infrequent, and winter freshwater flooding events, which are frequent and can cause significant
damage (Stauth 2010). Tsunami zone risk premiums are not well established in the literature. I
found one conference paper and one master’s thesis that include tsunami inundation zone in
hedonic analysis – one in Japan (Murakami & Yamagata 2015) and one in California (Harris
2016). Both regressions found insignificant effects for parcels classified in the tsunami zone. In
addition, FEMA flood insurance does not currently protect against tsunami damage which may
alter buyer risk assessment (Samarasinghe & Sharp 2010; Tsunami Pilot Study Working Group
2006).
Destructive tsunami events are relatively rare along the western continental United States
(Dunbar & Weaver 2008). Given the evidence for hurricane risk premium dissipation, it may be
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reasonable to expect small or nonexistent tsunami risk premium in Oregon’s coastal land
markets, but this is testable (Dunbar & Weaver 2008). The Oregon Department of Geology and
Mineral Industries (DOGAMI) provides tsunami inundation maps based on near and far-shore
tsunami events (DOGAMI 2017). Although FEMA insurance does not cover tsunamis, I expect
local knowledge regarding tsunami risk to have some effect on coastal housing prices. The
literature does not provide evidence for how this risk capitalizes into agricultural, but this is also
testable and I explore both in my analysis.
Estuary shorelines are prone to large and damaging flood events, the frequency and
severity of which are increasing due to climate change and sea level rise (Nicholls 2004;
Ruggiero 2012). This risk likely capitalizes into land values, but how it capitalizes would depend
on several factors – individual perceptions of what constitutes an “extreme” flooding event, how
perceptions shift over time, and possibly land-use type. I include a measurement of FEMA
Special Hazard Flood Area (SFHA) designation to control for variation in a parcel’s risk for
large flooding events.

3.2.4

Policy analysis of shoreline change

I use shoreline premium estimates from the first stage of my analysis to explore policy costs of
targeted habitat restoration and sea level rise. For these policy simulations I must consider how
to model a property’s amenity/risk bundle after shoreline change occurs. Yohe (1991) provide a
conceptual basis for estimating the effect of shoreline retreat on coastal housing markets from
sea level rise. He notes that the total economic value cannot be calculated simply as the market
value of lost parcels. Instead, Yohe suggest that since some portion of the market value accounts
for the risks and amenities associated with shoreline proximity, total economic value should
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include risk and amenity values that would shift inland and capitalize into newly shoreline
properties (Yohe 1991).
Figure 3.1 provides a graphical depiction of the property value gradient described in
Yohe (1991). The grey bars represent the pre-shoreline-retreat land values with values measured
on the left axis (land value). Each bar represents the land value of a parcel at a distance from
shoreline specified by the x-axis. For instance, the left-most bar is 100 feet from shoreline and
the land value equals $100,000. The next bar is 200 feet from shoreline and before shoreline
retreat is worth $90,000. The solid and dashed lines represent total land value pre and postshoreline retreat, respectively, with values measured on the right axis (total land value). After
shoreline retreat, properties within 100 feet of the old shoreline are flooded. The total economic
cost of shoreline change would equal $100,000 if amenity transfers are ignored. However, if
amenity values are transferred to the adjacent inland parcel (as indicated by the dashed area
above each bar from 200 feet – 500 feet distance to shoreline) the lost economic value is only
$50,000.
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Figure 3.1: Property value gradient with shoreline change (adapted
from Yohe (1991))

Land value post shoreline retreat
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Total land value pre shoreline retreat
Total land value post shoreline retreat

Parsons and Powell (2001) build on Yohe et al. (1995) by formalizing the loss accounting
framework for shoreline retreat. In their model, amenity bundles from flooded land are directly
attributed to the newly shoreline parcel in what they refer to as a “loss accounting” framework.
For my analysis, the risk bundle immediately post shoreline change will likely differ from the
risk bundle capitalized in the previously shoreline property. Focusing on the habitat restoration
example, before a dike removal the shoreline parcel will capitalize a protected shoreline. After
dike removal, the newly shoreline parcel will be adjacent to an unprotected shoreline – either
open water or a marsh habitat depending on the restoration actions taken post dike removal. In
either instance, the shoreline structure of the newly shoreline parcel will be different than that of
the previously diked shoreline.
Figure 3.2 provides an updated graphical depiction of Figure 3.1 for a scenario where the
amenity bundle changes after shoreline retreat (dike removal in this example). In this example,
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the shoreline structure post dike removal has a higher capitalized value than the diked shoreline
such that the total land value post dike removal is higher than pre-dike removal (as indicated by
the dashed line in the graph). Following the process above, the total lost economic value would
equal $100,000 if amenity transfers are ignored. However, if amenity values are transferred, total
economic value increases by $15,000.
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Figure 3.2: Property value gradient after shoreline change when
amenity bundle changes
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The shoreline change present in this analysis differs slightly from previous literature. For
both scenarios, the newly shoreline parcels do not have the same shoreline risk/amenity bundle
as the previously shoreline parcels. I follow the loss accounting framework in Parsons and
Powell (2001) to account for the value of lost productive land and the value of changing
risk/amenity bundles on newly shoreline parcels. The summation of these two changes represent
the total economic cost adjacent land markets as a result of shoreline change. Section 3.6 further
details this process.
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3.3

Empirical framework

I estimate separate hedonic price functions for agricultural and single-family residential (SFR)
land markets along Oregon estuaries and tidal rivers to determine the implicit price of shoreline
structure for estuary adjacent properties. Using this functional link, I then quantify the effect of
two shoreline change scenarios, dike removal and sea level rise, on adjacent land markets in
Tillamook county, Oregon following the loss-accounting framework in Parsons and Powell
(2001).
Hedonic models, first conceptualized by Rosen (1974), have a long tradition in the
natural resource economics literature. These models assume that the price of a good is
determined by the different attributes or amenities it provides. For instance, the price of a house
will reflect both its structural characteristics and the value of neighboring amenities. The gradient
of the hedonic price schedule can be interpreted as the implicit price for a marginal change in the
non-market attribute (Freeman et al. 2014).
Amenity values for land adjacent to an estuary could include positive values from the
natural beauty, recreation accessibility, and protective quality of saltmarsh. Property values could
also capitalize the risk associated with increased flooding, erosion, tsunamis, and sea level rise. I
utilize observed variation in land prices across estuary shorelines to determine the marginal
willingness to pay (MWTP) for proximity to shoreline and shoreline protection. In its simplest
form, the hedonic price function can be specified as (Rosen 1974):

(3.1)

𝑃A = 𝛿𝜼A + 𝛽𝒉A + 𝜀A
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where Pi is the sales price of parcel i, 𝜼A is a vector of non-market goods of interest, hi is a
vector of all other observable parcel characteristics, and e i is an error term. The gradient of the
hedonic price function can be interpreted as the implicit price for a marginal change in the nonmarket attribute:

(3.2)

𝜕𝑃A (𝜼)
=𝛿
𝜕𝜼A
Significant work has gone into testing alternatives to the traditional linear specification.

Cropper, Deck, and McConnell (1988) examine the effect of functional form specification when
variables are omitted or replaced with a proxy. They find that quadratic Box-Cox, linear BoxCox, and quadratic specifications perform best if all housing attributes are observed without
error. If attribute measures are missing or specified with proxies, however, the linear, semi-log,
double-log, and linear Box-Cox perform best. Kuminoff et al. (2010) find contradictory evidence
when spatial fixed effects are used to control for omitted variable bias. In this case, quadratic
Box-Cox specification performed best. Semi-log and double-log quadratic specifications are
most common in the coastal management literature.
Characteristics that impact market prices should be included in the model, to the extent
that they can be measured. Independent variables included in hedonic literature typically fall into
one of three categories: (1) house and lot characteristics, (2) neighborhood characteristics, (3)
locational characteristics (Palmquist 2005). For this analysis I am interested in how land values
change with shoreline change. I remove improvement value (i.e. houses or structures) from
parcel selling prices in order to estimate this effect. I include controls for characteristics that I
expect would affect coastal land value. These are detailed further in Section 3.4.

86
Hedonic price functions rely on the assumption of market equilibrium. Specifying too
small of a market extent limits sample variation, and too broad of a market can introduce bias
(Michaels & Smith 1990). For instance, I expect agricultural parcels and residential parcels
represent independent markets necessitating separate model estimation for each land-use type. In
addition, I control for spatial correlation between land values by including watershed fixed
effects for parcels in the North Coast watershed versus the Central Coast watershed. It is likely
that this fixed effect does not fully capture spatial correlation within these markets, but data
availability limits any smaller categorization.

3.4

Data

3.4.1

Land value
For this study I include all agricultural and single-family residential (SFR) parcels within

one mile of dike-protected shorelines in four Oregon coastal counties: Lincoln, Tillamook,
Douglas, and Coos. Tax tables and parcel maps were obtained from Core Logic, the Oregon
Department of Revenue, and individual county assessor websites.11 Land value data are provided
as a panel of real market values (RMV) and arm’s length transactions from 2005 – 2015. Figure
3.3 presents a map of Tillamook Bay estuary and provides visual representation of the variation
in land use I see across the sample area. Summary statistics are presented in Table 3.1.

11

Purchasing grant: Assessing the Benefits of Natural Infrastructure for Shoreline Stabilization: Ecosystem Service
Valuation for Decision-making in Coastal Communities. 2015-2018. NOAA National Centers for Coastal Ocean
Science. Lead PI: S.J. Dundas (with D.J. Lewis, D.M. Kling, D.T. Cox, P. Ruggiero, C.E. Parrish, & S.D. Hacker).
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Figure 3.3: Land use variation in Tillamook Bay, Oregon
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Table 3.1: Summary statistics
Ag
Continuous Variables
Land value (sale price – improvement value) per acre
Distance to closest city (miles)
Distance to shoreline (miles, max 1 mile)
Mean elevation (feet)
Acres
Sale year
Land Capability Class (LCC)

SFR

82,097 64,924
(286,070) (73,822)
4.92
3.73
(3.75)
(3.41)
0.03
0.06
(0.07)
(0.10)
62.83 114.03
(69.65) (88.88)
33.60
3.38
(42.70) (6.55)
2010
2010
(2.98)
(3.23)
4.38
5.00
(1.03)
(1.19)

Dummy Variables (% of observations)
Protected
(=1 protected)
Rip-rap
(=1 if protected by rip-rap)
Shoreline
(= 1 if adjacent to estuary or river)
SLR
(=1 if parcel is tidal under 1 ft. sea level rise)
FEMA Special Flood Hazar Area (SFHA)
(=1 if parcel within SFHA zone)
Tsunami-local
(=1 if in near-shore tsunami inundation zone)
Watershed - North
(=1 if parcel in North Coast watershed)
Observations

0.37
(0.48)
0.03
(0.17)
0.67
(0.47)
0.06
(0.24)
0.59
(0.49)
0.63
(0.48)
0.40

0.06
(0.24)
0.03
(0.18)
0.33
(0.47)
0.01
(0.10)
0.26
(0.44)
0.31
(0.46)
0.30

(0.49)

(0.46)

202

749
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3.4.2

Shoreline designation

I link the land use and tax value database with spatial data of shoreline structure. I define
“shoreline” by assigning dummy variables to parcels adjacent to an estuary or river shoreline. I
limit river shoreline designation to parcels adjacent to a river and within one mile of a manmade
shoreline protection. This limits the sample to parcels either directly adjacent to estuaries or
coastal rivers. Figure 3.4 overlays estuary and river habitat on the Tillamook Bay land use map
(U.S. Fish and Wildlife Service 2016).
Figure 3.4: River and estuary habitat in Tillamook Bay, Oregon
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3.4.3

Shoreline protection

Each parcel is then matched with the Estuarine Levee Inventory from the Oregon Spatial Data
Library to determine shoreline protection (Mattison 2011). This database includes spatial
locations for six different shoreline protection types: dikes, breached dikes, manmade side-cast,
natural, natural – enhanced, and rip rap. I define parcels within one one-hundredth of a mile of
protection type x as protected.12 Figure 3.5 overlays shoreline protection on the Tillamook Bay
land use map. This figure shows the extensive shoreline management present on Oregon’s
estuaries and coastal rivers. There is considerable variation in the type of protection utilized, and
protected parcels also vary in their land-use. This figure also shows the extent to which shoreline
protection extends into freshwater habitats, further motivating my decision to include both
estuarine and riverine habitat in my analysis.

12

This accounts for spatial anomalies in the GIS data. Visual inspection in Google Earth was used to determine a
distance of one one-hundredth of a mile identifies the most “protected parcels” without inaccurately capturing
unprotected parcels.
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Figure 3.5: Shoreline protection in Tillamook Bay, Oregon

3.4.4

Dependent variable and controls

This analysis requires extensive data collection, cleaning, and decisions on how to model
variables of interest and controls. I detail how variables are defined and the reasoning behind
specification decisions in this subsection.
I specify my dependent variable as parcel land price per acre. I calculate this by removing
improvement value from a parcel’s sale price. Improvement values come from an assessor-
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determined value for any structure present on the parcel.13 This focuses my analysis on how
shoreline characteristics affect the land value removes the need to control for a structure’s effect
on parcel selling price. I specify the dependent variable in linear form for this analysis to make
cost estimation straightforward in the simulation.
To control for potential endogeneity and omitted variable bias, I limit observations to
parcels within one mile of protected shoreline. With this structure there is a discontinuous flood
risk for shoreline parcels versus directly inland parcels, but variation in amenities is greatly
restricted. Following the intuition behind regression discontinuity design, I treat shoreline parcels
as the treatment group, and non-shoreline parcels as the control group. In this sense, distance to
shoreline becomes the ranking variable which differentiates how “close” an observation is to the
treatment. By limiting my data in this way, I also limit variation in access to amenities. This
results in a model that estimates shoreline premium as a parcel’s capitalized risk rather than as a
bundled estimate of risk and amenity.
Because of this restriction as well as the nature of land markets in this region, variation in
observed sales for all protection types is limited. I combine protection types into two groups –
protected and rip-rap – for the SFR model and one group – protected – for the agricultural model.
The protected dummy includes dikes, breached dikes, manmade side-cast, natural, and natural –
enhanced. Parcels can have multiple protection types, but by grouping and limiting measurement
to a yes/no specification a parcel with a shoreline fully protected by a dike and side-cast is
identified in the same way as a parcel with a shoreline partially protected by just a dike. This

13

Parameter estimates from a regression of total value on improvement value were very close to one indicating
assessors, on average, accurately estimate the market price for improvements.
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simplifies variation in actual protection but is necessary for model estimation. More accurate
spatial data would allow for improvement in this measurement.
I control for a parcel’s flood risk in several ways. First, I indicate if a parcel falls within
the FEMA Special Flood Hazard Area, indicating the property owner is required to carry flood
insurance, with a dummy SFHA = 1 if in the SFHA and zero otherwise. Previous literature
indicates parcel sale price can be influenced by flood insurance requirements, as indicated by a
Special Flood Hazard Area (SFHA) FEMA designation (FEMA 2017). In addition, this
designation indicates an increased flood risk that I want to control for. FEMA flood maps were
obtained from the National Flood Insurance Program hazard maps (FEMA 2017).
I also control for a parcel’s tsunami inundation status for a near-shore tsunami as a
dummy Tsunami = 1 if a parcel falls within the inundation zone and zero otherwise. Tsunami
inundation maps were gathered from the Oregon Department of Geology and Mineral Industries
(DOGAMI) spatial data library (Priest et al. 2013). Finally, I include a dummy variable
indicating if the parcel is expected to have tidal influence from one foot of sea level rise. Data for
this variable come from NOAA’s Ocean Service, Coastal Service Center (CSC) (2012). I define
SLR = 1 if the parcel will be tidally influenced under a foot of sea level rise. Previous work
indicates shoreline parcels do capitalize projected sea level rise, and I test this in my model
(Bernstein et al. 2018).
I control for additional factors that could impact land value – distance to closest city,
mean elevation, and for agricultural parcels the land capability class (LCC). City locations come
from the Oregon Department of Transportation (ODOT 2017). Elevation data come from the
Oregon Geospatial Data Library (Oregon Geospatial Enterprise Office 2017). Soil data come
from the National Cooperative Soil Survey (USDA - NRCS 2016). Including distance to the
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nearest city controls for development pressures and proximity to amenities present in cities.
Controlling for mean elevation helps differentiate variation in flood risk between lower and
higher elevation shoreline parcels. LCC controls for the quality of a parcel’s soil for growing
agricultural products. This value varies from I indicating excellent soil to VIII indicating
limitations for commercial and ecological use (USDA - NRCS 2016). I construct a spatial
average for each agricultural parcel indicating the average LCC on that parcel.
Figure 3.6 presents summary tree for key variables of interest in the agricultural market.
The average land value (sale price – improvement value) per acre for all agricultural parcels is
$82,097. Agricultural parcels adjacent to an estuary sell for $30,259 per acre. Parcels adjacent to
a river sell for $30,957 per acre. There are only a handful of observations for protected estuary
adjacent agricultural parcels – four diked parcels and two protected by side-cast – but more
observations for protected parcels adjacent to a river. Diked parcels have the highest average
land value per acre – $39,640 for diked parcels and $69,628 for parcels with breached dikes.
Parcels with natural or natural-enhanced shorelines have an average land value of $17,213 per
acre. Parcels with side-cast have an average land value of $7,872 per acre.
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Figure 3.6: Mean land value (sale price – improvement value) per
acre for agricultural parcels within one mile of protected shoreline

Figure 3.7 presents summary tree for key variables of interest in the SFR market. The
average land price (sale price – improvement value) per acre for all SFR parcels is $64,924. SFR
parcels adjacent to an estuary sell for $112,128. If they are adjacent to a river they sell for
$50,314. Similar to the agricultural market, there are fewer protected parcels adjacent to an
estuary than to rivers, and less overall variation in protection type for this market. For river
parcels, SFR parcels protected by dikes and breached dikes have an average land value of
$38,208 and $33,588 respectively. Parcels protected by side-cast have an average land value of
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$24,500 per acre. Parcels with natural protection have an average land value of $37,056 per acre.
Parcels protected by rip-rap have an average land value of $103,571 per acre.
Figure 3.7: Mean land value (sale price – improvement value) per
acre for single-family residential parcels within one mile of
protected shoreline

The lack of observations for certain protection types limits analysis of the capitalized
value of each protection type individually, but still allows for identification of “protection” as a
grouped measurement. For instance, I have no observations of estuary-adjacent SFR sales of
parcels protected by natural dikes, and only a few observations of parcels protected by dikes and
rip-rap. In order to identify shoreline and protection premiums I group shoreline into one
category and protection type into two categories for the SFR market model – protected and rip-
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rap. This provides sufficient observations for model identification, although with the caveat that
while SFR parcels protected by rip-rap are included, parameter estimates will be imprecise.

3.5

Effect of shoreline risk on coastal land values

I estimate hedonic price functions for both agriculture and single-family residential (SFR) land
markets. I regress shoreline and protection characteristics on the parcel’s land-price per acre. In
order to focus on how land value changes when dikes are removed, I remove any improvement
value from the parcel’s sale price before normalizing by acreage. The improvement value is an
assessor estimated value for any structures present on a property. I restrict observations to
parcels within one mile of protected shoreline. This restriction mimics the choice of bin width in
regression discontinuity design and helps limit variation in amenity access and unobservable
drivers of parcel land value.
Shoreline is specified as a dummy variable indicating if a parcel is adjacent to an estuary
or river shoreline (Shoreline = 1 for adjacent parcels). I also include measurement of a parcel’s
distance to shoreline (Dist. to Shoreline), which is similar to the ranking variable in regression
discontinuity design. Protection is specified as a single dummy for the agricultural market
(Protected = 1 if parcel within 0.01 miles of protection) and as two dummy variables for the SFR
market (Protected = 1 and RipRap = 1 if parcel within 0.01 miles of that protection type).
In order to identify a parcel’s risk arising from proximity to shoreline, I include
additional controls for flood risk. For both markets I control for a parcel’s FEMA Special Flood
Hazard Area designation with a dummy variable (SFHA) that equals one if a parcel falls in the
SFHA zone. This designation indicates that a property owner is required to hold flood insurance
for structures on their land so in addition to indicating a higher flood risk it also indicates an
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insurance requirement that is shown to capitalize into land values (Bin & Landry 2013). I
include a parcel’s mean elevation (Mean Elev.) to control for the difference in risk between a
shoreline parcel at low elevation versus a shoreline parcel at a higher elevation such as a cliff or
bluff.
I include a measurement for sea level rise (SLR) as a dummy variable that equals one if a
parcel will be affected by one foot of sea level rise, and zero otherwise. I interact this term with
mean elevation to control for variation in risk for low-lying parcels that will see SLR inundation
versus those that do not.
I control for development pressure and amenity proximity using distance to the nearest
city (Dist. Closest City). I include a control for a parcel’s size (Acres) to control for the nonlinear market pricing of smaller versus larger parcels. I also include sale year trend (Sale Year)
and a watershed fixed effect (North Coast Watershed) to control for temporal and spatial
unobserved determinants of land value. Model specifications and results are presented below.

3.5.1

Agriculture land market

In addition to the previously mentioned controls, I include a measure of a parcel’s soil quality,
the land capability class, in the agricultural model (LCC). The LCC ranges from I – VIII, with
lower numbers indicating better quality soil. As previously mentioned, there are not enough
observations for agricultural parcels protected by rip-rap to include separately in this analysis so
protection is grouped into one dummy variable, Protection, which equals one if the parcel is
protected by any protection type and zero otherwise. The agricultural hedonic price function is
defined as:
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Predicted per-acre land values are presented in a summary tree highlighting the variables
of interest – full sample, shoreline parcels, and protected parcels. These results are presented in
Figure 3.8 with 95% confidence intervals in parenthesis. Full regression tables can be found in
Appendix C, Table C.1.
Figure 3.8: Predicted land sale price per acre for agricultural
parcels, 95% confidence intervals are in parenthesis

For each portion of the tree, all additional regressors are evaluated at the sample mean.
For instance, protected shoreline parcel estimates are evaluated as in equation (3.4). For nonshoreline parcels, estimates are evaluated as in equation (3.5).
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The model predicts, on average, bare agricultural land is valued at $82,830 per acre. If
shoreline, that land is valued at less than half that amount at $31,003. This represents a 62.57%
decrease in land value due to the risk associated with being shoreline, significant at the 5% level.
The model does not indicate a statistically significant difference between protected and
unprotected parcels (column three in Figure 3.8) as evidenced by the fact that both estimates fall
within the confidence interval of the other.

3.5.2

Single-family residential land market

For the SFR market I include a dummy variable controlling for a parcel’s designation in a nearshore tsunami inundation zone (Tsunami). There is little empirical evidence whether or not
tsunami risk capitalizes into land values, so I take this opportunity to test this. In addition, I
interact this term with mean elevation to control for variation in risk for low-lying parcels that
fall inside the inundation zone versus those that do not. The full hedonic price function
specification is:
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Predicted per-acre land values are presented in a summary tree highlighting the variables
of interest – full sample, shoreline parcels, and protected parcels. These results are presented in
Figure 3.9 with 95% confidence intervals in parenthesis.
Figure 3.9: Predicted land sale price per acre for single family
residential parcels, 95% confidence intervals are in parenthesis

The model predicts, on average, bare SFR land is valued at $54,531 per acre. If shoreline,
the value is $46,244 per acre compared to non-shoreline land value of $59,795 per acre. This
represents a -17.6% shoreline premium, statistically significant at the 5% level. If that shoreline
parcel is protected it sells for $42,929 per acre, versus parcels protected with rip-rap which sell
for $89,594 per acre. Unprotected parcels sell for $45,918 per acre. My model predicts protected
and un-protected parcels are selling for statistically different values than rip-rap, significant at
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the 5% level. Given the small number of rip-rap observations in my sample the predicted land
price for parcel protected by rip-rap should be taken as illustrative only and is included primarily
for the sake of the policy simulation presented in the next section. Full regression tables can be
found in the Appendix C, Table C.2.

3.6

Policy simulation

I next use coefficient estimates from the hedonic price functions to estimate the net effect of two
different shoreline change scenarios on estuary and tidal river parcels in Tillamook county,
Oregon. In both shoreline change scenarios the “real world” process is dynamic. This could
impact what shoreline structure looks like for newly shoreline parcels as well as the timeline it
will take for shoreline structure to take on some kind of “stable” state. For instance, removing a
dike to restore salt marsh habitat would leave newly shoreline parcels initially unprotected and
adjacent to open water as it can take a marsh decades to naturally establish themselves in newly
tidal ecosystems (Boumans et al. 2002). This could be modeled as a transition from high to
low(er)-risk shoreline as marsh restores, the timeline of which could be altered by active marsh
restoration efforts.
With sea level rise, instead of an initially discrete change in shoreline risk, shorelines will
see a gradual transition inland without the same discrete change in risk as with dike removal. As
such, the net effect of sea level rise over time would be drive by a continuously shifting
shoreline, the net effect of which could differ from that of a discrete shoreline change. Given the
limitation in my data, however, I am unable to determine a statistical difference between
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protected and unprotected shoreline and thus cannot estimate this process with the hedonic price
functions.14
Instead, I abstract away from this dynamic process and estimate the net effect of a
discrete shoreline change for both scenarios. This process is two-fold. The first step is to identify
which parcels are affected by the specified shoreline change. This determines which parcels will
lose all productive value after being flooded, and which parcels will become newly shoreline.
The second step requires re-estimating land values for newly shoreline parcels based on their
land value functions and the specific changes made to shoreline structure.

3.6.1

Dike removal for habitat restoration

Fully modeling this process requires data on all dike locations, current estuary habitat maps,
hydrological models to determine where water will go once dikes are removed, and an ecological
model of shoreline change from the time of dike removal until a specified “fully restored”
condition. One option is to use the historical wetland locations to determine where water will go
once dikes are removed. This approach could present several issues. Historical wetland maps do
not account for current land use patterns, which could greatly impede marsh migration. Roads,
for instance, present physical hydrological barriers that could alter the spatial pattern of restored
wetlands. In addition, land subsidence behind dikes is likely to have altered the landscape’s
hydrology, and historical marsh locations may be a poor representation of dike removal
outcomes (Laura Brophy 2003).

14

Gopalakrishnan et al. (2011) provides an elegant framework to model and estimate this dynamic transition where
the benefit to shoreline change (beach nourishment in this instance) is a dynamic process.
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I take a simpler approach for this analysis. I identify all agricultural parcels protected by
dikes in Tillamook county, and all parcels sharing a line boundary with the protected parcel. The
total cost of dike removal will equal the value of flooded parcels plus the change in value to
newly shoreline parcels. I simplify lost-land costs by assuming if a parcel is protected by a dike
its entire value is lost. I then re-calculate the land value for the newly-shoreline parcels by
changing their shoreline characteristics and distance to shoreline. I calculate the land value for
newly-shoreline agricultural parcels as:
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SFR parcels follow a similar approach:
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I also explore the effect on land value if newly shoreline parcels are able to armor with
rip-rap. In this iteration I calculate the predicted value of shoreline change as in Equation (3.8)
but also specify RipRap = 1 for newly shoreline SFR parcels.
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Land value changes for newly shoreline parcels in Tillamook county are presented in
Table 3.2. Per-acre agricultural land values are predicted to decrease by 51.32% and SFR peracre land values by 7.70%. This decrease is a result of the discrete change in risk from dike
removal resulting in an inward shift of the shoreline. If allowed to armor with rip-rap, SFR
parcels see a per-acre land value increase of 32.4% indicating a strong preference for rip-rap
protected shorelines in this market.
Table 3.2: Shoreline change land value estimates for newly
shoreline parcels after dike removal
Agriculture

N = 14

Predicted land value before shoreline change ($/acre)

$55,473
(90,127)

Predicted land value after shoreline change ($/acre)

$27,006
(38,347)

% Change
Single-family residential

-51.32%
N = 15

Predicted land value before shoreline change ($/acre)

$104,735
(21,184)

Predicted land value after shoreline change ($/acre)

$96,669
(17,878)

% Change
Single-family residential if Rip-rap installed

-7.70%
N = 15

Predicted land value after shoreline change if rip-rap installed ($/acre)

$154,979
(17,878)

% Change

+32.4%

Standard deviations in parenthesis.

With these per-acre changes in land value I next calculate total restoration costs if all
dikes adjacent to Tillamook county agricultural parcels are removed. Total restoration costs are
calculated as the total value of land lost to dike removal plus the total change in land value for
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newly shoreline parcels. Simulation estimates for total restoration costs are presented in Table
3.3.
Table 3.3: Simulated restoration costs from removing all dikes on
agricultural parcels in Tillamook County, Oregon
Estimated Costs
(1) Total cost to agricultural market from dike removal
Total land value lost to dike removal
Total change in land value for newly shoreline parcels
(2) Total cost to SFR market from dike removal w/out rip-rap*
Total land value lost to dike removal
Total change in land value for newly shoreline parcels

% Contributed

N

$ (100,300,000.00)

98.91%

37

$ (1,109,927.80)

1.09%

10

-

-

-

$ (40,767.93)

100%

6

$ (101,409,927.80)

$ (40,767.93)

(1 + 2) Total cost to market from dike removal w/out rip-rap

$ (101,450,695.73)

Total land value lost to dike removal

$ (100,300,000.00)

98.87%

37

$ (1,150,695.73)

1.13%

16

-

-

-

Total change in land value for newly shoreline parcels

$ 484,026.19

100%

6

(1 + 3) Total cost to market from dike removal w/rip-rap

$ (100,925,901.61)
99.38%

37

Total change in land value for newly shoreline parcels
(3) Total cost to SFR market from dike removal w/rip-rap*
Total land value lost to dike removal

Total land value lost to dike removal

$ 484,026.19

$ (100,300,000.00)

Total change in land value for newly shoreline parcels
$ (625,901.61)
0.62%
16
* Single-family residential properties were excluded from dike removal as they are unlikely candidates for this kind of
policy. Their contribution to total restoration costs comes only from changes to SFR parcels that are newly shoreline
due to dike removals on forest and agricultural land.

Section (1) in Table 3.3 shows total cost to agricultural market from dike removal,
including the value of lost productive land flooded by dike removal and the change in land value
to newly shoreline parcels. Total cost is estimated at $101,409,000 with just over a percent of
that coming from changes in land value for newly shoreline parcels.
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Section (2) in Table 3.3 shows total cost to SFR market from dike removal. It is unlikely
a policy targeting habitat restoration would remove dikes adjacent to SFR parcels, so the total
cost includes only land value changes to newly shoreline parcels, which my model predicts at
approximately $40,000.
Section (1+2) Table 3.3 shows the total land market cost for dike removal in this
scenario. Based on my assumption that all dikes protecting agricultural parcels are removed, the
total cost of lost productive land is approximately $101,450,000. The total cost of land value
changes to newly shoreline parcels is $1,150,000 or approximately 1.13% of total restoration
costs.
Section (3) explores land market effects if newly-shoreline SFR parcels are allowed to
armor with rip-rap post dike removal. These parcels see a land value increase of $484,000 which
reduces total restoration costs to $100 million, and the proportion of restoration costs from
newly-shoreline land value change drops to just over half a percent (Section (1+3)).

3.6.2

Sea level rise

To analyze the effect of sea level rise on adjacent properties I perform a similar analysis to
Section 3.6.1. In this scenario, however, SFR parcels are also subject to SLR and are thus
included in the total cost estimates. I make similar simplifying assumptions of this analysis as in
the previous simulation. Parcels with SLR = 1 (i.e. parcels that will be shoreline under one foot of
sea level rise) are considered a cost to SLR – they will be flooded and removed from production.
Adjacent parcels are then newly shoreline and their land value is adjusted as in Section 3.6.1,
except in this scenario I also have to reduce mean elevation by one foot. I again explore the
effect of allowing SFR parcels to armor with rip-rap post shoreline change. Estimates from this

108
analysis are presented in Table 3.4. Because SLR will happen slowly over time, newly shoreline
parcels in this scenario will likely have a different shoreline structure than parcels in the dike
removal scenario which we model as being adjacent to unprotected shoreline. As SLR occurs,
barring any physical or ecological barriers, existing marsh habitat will migrate inland and
provide some protective quality to those shorelines. Without a way to differentiate between
natural and manmade protection in the hedonic model I am unable to estimate land value
changes under SLR to mimic this natural protection.
Table 3.4: Simulated costs from one foot of sea level rise on
agricultural and single-family residential parcels in Tillamook
County, Oregon
Estimated Costs % Contributed
(1) Total cost to agricultural land market from SLR
Total land value lost to SLR

N

$ (8,638,757.60)
$ (8,604,500.00)

99.60%

12

Total change in land value for newly shoreline parcels

$ (34,257.60)

0.40%

6

(2) Total cost to SFR land market from SLR w/out rip-rap

$ (2,299,703.70)
$ (2,146,775.00)

93.35%

8

Total change in land value for newly shoreline parcels

$ (152,928.70)

6.65%

13

(1 + 2) Total cost to land market from SLR w/out rip-rap

$ (10,938,461.30)

Total land value lost to SLR

$ (10,751,275.00)

98.29%

20

$ (187,186.30)

1.71%

19

$ (2,146,775.00)

172%

8

$ 896,659.50

-72%

13

$ (10,751,275.00)

107.43%

20

$ 743,730.80

-7.43%

19

Total land value lost to SLR

Total change in land value for newly shoreline parcels
(3) Total cost to SFR land market from SLR w/rip-rap
Total land value lost to SLR
Total change in land value for newly shoreline parcels
(1 + 3) Total cost to land market from SLR w/rip-rap
Total land value lost to SLR
Total change in land value for newly shoreline parcels

$ (1,250,115.50)

$ (10,007,544.20)
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Section (1) in Table 3.4 shows total cost to agricultural market from SLR which includes
the value of lost productive land and the change in land value to newly shoreline parcels. Total
cost is estimated at $8,639,000 with less than half a percent resulting from changes in land value
for newly shoreline parcels.
Section (2) in Table 3.4 shows total cost to SFR market from SLR, which in this scenario
includes both lost land and land value changes to newly shoreline parcels. Total cost is estimated
at $2,300,000, 6.5% of which comes from land value changes on newly shoreline parcels
($153,000).
Section (1+2) Table 3.4 shows the total land market cost for SLR in the scenario where
SFR are left unprotected. The total cost of lost productive land is approximately $11 million. The
total cost of land value changes to newly shoreline parcels is $187,000 or approximately 1.71%
of total SLR costs.
Section (3) explores land market effects if newly-shoreline SFR parcels are allowed to
armor with rip-rap. These parcels see a land value increase of $897,000 which reduces total SLR
costs to $10 million, and the effect of SLR on newly-shoreline land value change becomes
positive (Section (1+3)).

3.7

Discussion

This analysis provides important empirical evidence for the existence of risk premiums on rural
shoreline land markets. I find a negative shoreline premium for both agricultural and singlefamily residential parcels along estuary and tidal river habitats along Oregon’s coastline. Based
on my identification strategy, this negative premium can be attributed to the discontinuous risk
of flooding for shoreline versus near-shore parcels. I also find evidence that SFR parcels
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negatively capitalize near-shore tsunami inundation status, where parcels with this designation
sell for $24,000 less, on average, than similar parcels outside the inundation zone.15
Given the limitations of my data, I am unable to identify the protective quality of
shoreline structures. I keep rip-rap in the SFR analysis to explore the effects of allowing
landowners to armor against shoreline change may have on the cost of these changes. Although
estimates are imprecise, this analysis shows evidence of a positive premium for rip-rap armored
shorelines in both the habitat restoration and SLR shoreline change scenarios.
The simulations performed demonstrate the effects of shifting risk from shoreline parcels
to their adjacent neighbors. The effect this risk has on newly shoreline parcels after dike removal
is a small percentage of the total land market costs from this type of restoration policy. This is a
promising result for current restoration projects, as it indicates that the value of flooded parcels
represents the vast majority of land market costs. Ignoring the shifting risk associated with these
policies will have a small impact on total restoration costs and only including the cost of lost
productive land in decision-making is unlikely to effect restoration efficiency too drastically.
Additional exploration into how shoreline land markets capitalize natural protective
qualities such as marsh habitat would further inform restoration policy. There is ecological
evidence that marsh and grass habitats have protective capabilities against flooding and erosion,
and that their sedimentation characteristics could mitigate against sea level rise. An interesting
extension of the analysis in this paper would explore if and how these characteristics capitalize
into adjacent land markets. This analysis would require more accurate spatial data regarding
habitat and shoreline armoring practices that were not available for this analysis.

15

See Table C.2 in Appendix C.
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The policy cost simulation could also be further refined with hydrologically-informed
shoreline change data. Given limitation in available data, it was necessary to make simplifying
assumptions about which parcels and how much of those parcels were impacted by changes to
shoreline protection. This limits the estimation accuracy of the hedonic price functions and limits
the simulation to a theoretical exercise.
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Appendix A Supplement to Chapter 1
A.1

Full regression tables
Table A.1: Full regression table for Ricardian Model – Equation (1.10)

Mean yearly temp (˚C)
Mean yearly temp2
Yearly total precip (mm)
Yearly total precip2
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant

Param.

ME

3.630***
(0.391)
-0.175***
(0.0180)
-0.00249***
(0.000272)
4.29e-07***
(5.60e-08)
-7.81e-07
(1.29e-05)
0.000267***
(7.72e-05)
-0.0252***
(0.00616)
-8.825***
(2.229)

-0.143**
(0.0573)

Observations
1,701
R-squared
0.278
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.000819***
(7.64e-05)

-7.81e-07
(1.29e-05)
0.000267***
(7.72e-05)
-0.0252***
(0.00616)

1,701
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Table A.2: Full regression table from Ricardian Model w/Interaction – Equation (1.11)

Mean yearly temp (˚C)
Mean yearly temp2
Yearly total precip (mm)
Yearly total precip2
Mean Temp*Precip
Acres
Mean elevation
Dist. to city (miles)
Constant

Param.

ME

3.450***
(0.631)
-0.169***
(0.0250)
-0.00286***
(0.000932)
4.41e-07***
(7.24e-08)
3.20e-05
(6.55e-05)
-2.86e-06
(1.28e-05)
0.000266***
(7.68e-05)
-0.0239***
(0.00622)
-7.547*
(4.125)

-0.137**
(0.0575)

Observations
1,701
R-squared
0.279
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.000802***
(7.36e-05)

-2.86e-06
(1.28e-05)
0.000266***
(7.68e-05)
-0.0239***
(0.00622)

1,701
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Table A.3: Full regression table for Linear Bioecological Model – Equation (1.12)
Param.
Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant

-0.787***
(0.0403)
-1.513***
(0.0568)
2.646***
(0.0802)
-0.000288***
(3.97e-05)
-2.66e-05***
(7.98e-06)
-0.000299***
(5.45e-05)
-0.0290***
(0.00536)
3.318***
(0.533)

Observations
1,701
R-squared
0.600
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A.4: Full regression table for Interacted Bioecological Model – Equation (1.13)
Param.
Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Non-winter mean temp*Yearly total precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.791***
(0.0414)
-1.526***
(0.0570)
2.520***
(0.0941)
-0.00126***
(0.000403)
8.24e-05**
(3.33e-05)
-3.43e-05***
(8.19e-06)
-0.000274***
(5.56e-05)
-0.0266***
(0.00530)
4.999***
(0.947)
1,701
0.603

ME

2.680***
(0.0813)
-0.000234***
(4.29e-05)

1,701
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Table A.5: Full regression table for Quadratic Mean Bioecological Model – Equation (1.14)
Param.
Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Non-winter mean temp2
Yearly total precip (mm)
Non-winter mean temp*Yearly total precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant
Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.791***
(0.0412)
-1.512***
(0.0587)
2.905***
(0.614)
-0.0147
(0.0227)
-0.00102*
(0.000575)
6.32e-05
(4.78e-05)
-3.46e-05***
(8.17e-06)
-0.000257***
(5.65e-05)
-0.0267***
(0.00527)
2.268
(4.353)
1,701
0.603

ME

2.662***
(0.0848)

-0.000240***
(4.50e-05)

1,701
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Table A.6: Full regression table for Quadratic Extremes Bioecological Model – Equation (1.15)

Min yearly temp (˚C)
Min yearly temp2
Max yearly temp (˚C)
Max yearly temp2
Non-winter mean temp (˚C)
Yearly total precip (mm)
Non-winter mean temp*Yearly total precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant
Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Param.

ME

-0.655***
(0.140)
-0.0112
(0.0116)
-1.021***
(0.352)
-0.0144
(0.0104)
2.512***
(0.0965)
-0.000825
(0.000524)
4.67e-05
(4.34e-05)
-3.60e-05***
(8.19e-06)
-0.000230***
(5.68e-05)
-0.0267***
(0.00528)
0.305
(3.362)

-0.787***
(0.0406)

1,701
0.604

-1.471***
(0.0624)

2.603***
(0.0918)
-0.000245***
(4.42e-05)

1,701
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Table A.7: Full regression results for Full Quadratic – Equation (1.16)

Min yearly temp (˚C)
Min yearly temp2
Max yearly temp (˚C)
Max yearly temp2
Non-winter mean temp (˚C)
Non-winter mean temp2
Yearly total precip (mm)
Yearly total precip2
Non-winter mean temp*Yearly total precip
Acres
Mean elevation (ft)
Dist. to city (miles)
Constant

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Param.

ME

-0.561***
(0.204)
-0.0200
(0.0165)
-0.291
(0.653)
-0.0376*
(0.0198)
0.998
(1.281)
0.0609
(0.0476)
-0.000661
(0.000774)
-5.01e-08
(4.71e-08)
5.29e-05
(5.14e-05)
-3.77e-05***
(8.30e-06)
-0.000247***
(5.62e-05)
-0.0274***
(0.00541)
3.482
(5.083)

-0.796***
(0.0417)

1,701
0.606

-1.469***
(0.0691)

2.612***
(0.109)

-0.000199***
(5.94e-05)

1,701
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Table A.8: Full regression table for Forward-Looking Bioecological Model – Equation (1.17)
Param.
Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Non-winter mean temp2
Acres
Mean elevation (ft)
Expected min temp (RCP 4.5)
Expected max temp (RCP 4.5)
Expected Non-winter mean temperature (RCP 4.5)
Distance to nearest city (miles)
Constant
Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.412***
(0.111)
-0.987***
(0.123)
1.545***
(0.202)
-0.000683
(0.000438)
4.22e-05
(3.60e-05)
-4.27e-05***
(8.48e-06)
-0.000315***
(5.60e-05)
-0.577***
(0.123)
-0.694***
(0.132)
1.399***
(0.223)
-0.0280***
(0.00535)
3.245***
(1.026)
1,701
0.626

ME

1.627***
(0.200)
-0.000159***
(4.56e-05)

1,701
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A.2

Data acreage restriction tests

Table A.9: Results from alternative acreage restrictions of Ricardian model – Equation (1.10)
Acres > 10

Mean yearly temp
(˚C)
Mean yearly temp2
Yearly total precip
(mm)
Yearly total precip2
Acres
Mean elevation (ft)
Dist. to city (miles)
Constant

Observations
R-squared

Acres > 25
ME

Param.

ME

Param.

ME

4.151***
(0.438)
-0.200***
(0.0199)

-0.171***
(0.0605)

3.630***
(0.391)
-0.175***
(0.0180)

-0.143**
(0.0573)

3.562***
(0.382)
-0.172***
(0.0177)

-0.148***
(0.0572)

-0.00299***
(0.000305)
5.16e-07***
(6.39e-08)
-1.79e-06
(1.68e-05)
0.000336***
(8.25e-05)
-0.0348***
(0.00672)
-10.78***
(2.541)

-0.00101***
(8.51e-05)

-0.00249***
(0.000272)
4.29e-07***
(5.60e-08)
-7.81e-07
(1.29e-05)
0.000267***
(7.72e-05)
-0.0252***
(0.00616)
-8.825***
(2.229)

-0.000819***
(7.64e-05)

-0.00235***
(0.000262)
4.05e-07***
(5.36e-08)
4.32e-07
(1.21e-05)
0.000246***
(7.62e-05)
-0.0238***
(0.00602)
-8.586***
(2.160)

-0.000777***
(7.45e-05)

2,557

1,701
0.278

1,701

1,569
0.276

1,569

Param.

ME

Param.

ME

3.243***
(0.377)
-0.157***
(0.0177)

-0.133**
(0.0575)

2.239***
(0.320)
-0.111***
(0.0158)

-0.121**
(0.0557)

-1.79e-06
(1.68e-05)
0.000336***
(8.25e-05)
-0.0348***
(0.00672)

2,557
0.301
Acres > 40

Mean yearly temp
(˚C)
Mean yearly temp2

Acres > 30

Param.

Yearly total precip
(mm)

-0.00200***
(0.000247)
Yearly total precip2
3.43e-07***
(4.93e-08)
Acres
2.18e-06
(1.03e-05)
Mean elevation (ft)
0.000186**
(7.58e-05)
Dist. to city (miles)
-0.0189***
(0.00590)
Constant
-7.386***
(2.096)
Observations
1,063
R-squared
0.263
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-7.81e-07
(1.29e-05)
0.000267***
(7.72e-05)
-0.0252***
(0.00616)

Acres > 100

-0.000646***
(7.16e-05)

2.18e-06
(1.03e-05)
0.000186**
(7.58e-05)
-0.0189***
(0.00590)

1,063

-0.00105***
(0.000215)
1.73e-07***
(3.91e-08)
3.90e-06
(6.31e-06)
-9.78e-06
(6.50e-05)
-0.00454
(0.00491)
-3.201**
(1.627)
525
0.241

-0.000346***
(6.76e-05)

3.90e-06
(6.31e-06)
-9.78e-06
(6.50e-05)
-0.00454
(0.00491)

525

4.32e-07
(1.21e-05)
0.000246***
(7.62e-05)
-0.0238***
(0.00602)
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Table A.10: Land value change estimates under RCP 4.5 at alternative acreage restrictions for
Ricardian model

Predicted land value/acre, model data
Annualized value
Predicted land value/acre, RCP 4.5
Annualized value
% Change
Observations
Standard deviations in parentheses.

Acres > 10
1,764.87
(1,032.88)
88.24

Acres > 25
1,324.10
(620.09)
66.21

Acres > 30
1,249.30
(552.94)
62.47

Acres > 40
1,081.01
(356.22)
54.05

Acres > 100
783.47
(150.50)
39.17

697.34
(2,221.94)
34.87
-60%
2,557

572.39
(909.47)
28.62
-57%
1,701

549.07
(791.62)
27.45
-56%
1,569

503.35
(354.71)
25.17
-53%
1,063

454.95
(173.23)
22.75
-42%
525
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Table A.11: Results from alternative acreage restrictions of Interacted Bioecological Model
Acres > 10
Param.

Acres > 25
ME

Min yearly temp (˚C)

-0.871***
-0.871***
(0.0415)
(0.0415)
Max yearly temp (˚C)
-1.703***
-1.703***
(0.0563)
(0.0563)
Non-winter mean temp (˚C)
2.822***
2.969***
(0.0943)
(0.0795)
Yearly total precip (mm)
-0.00124*** -0.000285***
(0.000421)
(4.59e-05)
Non-winter temp*Precip
7.66e-05**
(3.49e-05)
Acres
-3.91e-05*** -3.91e-05***
(9.37e-06)
(9.37e-06)
Mean elevation (ft)
-0.000295*** -0.000295***
(5.67e-05)
(5.67e-05)
Dist. to city (miles)
-0.0325***
-0.0325***
(0.00542)
(0.00542)
Constant
4.715***
(0.985)
Observations
R-squared

2,557
0.616

2,557

Acres > 40
Param.
Min yearly temp (˚C)

Param.

Acres > 30
ME

-0.791***
-0.791***
(0.0414)
(0.0414)
-1.526***
-1.526***
(0.0570)
(0.0570)
2.520***
2.680***
(0.0941)
(0.0813)
-0.00126*** -0.000234***
(0.000403)
(4.29e-05)
8.24e-05**
(3.33e-05)
-3.43e-05*** -3.43e-05***
(8.19e-06)
(8.19e-06)
-0.000274*** -0.000274***
(5.56e-05)
(5.56e-05)
-0.0266***
-0.0266***
(0.00530)
(0.00530)
4.999***
(0.947)
1,701
0.594

1,701

Acres > 100
ME

-0.716***
-0.716***
(0.0434)
(0.0434)
Max yearly temp (˚C)
-1.376***
-1.376***
(0.0626)
(0.0626)
Non-winter mean temp (˚C)
2.293***
2.415***
(0.103)
(0.0901)
Yearly total precip (mm)
-0.000982** -0.000216***
(0.000396)
(4.13e-05)
Non-winter temp*Precip
6.19e-05*
(3.28e-05)
Acres
-2.61e-05*** -2.61e-05***
(7.66e-06)
(7.66e-06)
Mean elevation (ft)
-0.000276*** -0.000276***
(5.68e-05)
(5.68e-05)
Dist. to city (miles)
-0.0233***
-0.0233***
(0.00536)
(0.00536)
Constant
4.894***
(0.953)
Observations
1,063
1,063
R-squared
0.577
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Param.

ME

-0.548***
-0.548***
(0.0504)
(0.0504)
-0.995***
-0.995***
(0.0799)
(0.0799)
1.593***
1.733***
(0.131)
(0.118)
-0.00101*** -0.000165***
(0.000356)
(3.93e-05)
6.86e-05**
(2.92e-05)
-1.28e-05*
-1.28e-05*
(6.84e-06)
(6.84e-06)
-0.000299*** -0.000299***
(5.26e-05)
(5.26e-05)
-0.0144***
-0.0144***
(0.00526)
(0.00526)
6.373***
(0.927)
525
525
0.472

Param.

ME

-0.780***
-0.780***
(0.0415)
(0.0415)
-1.486***
-1.486***
(0.0578)
(0.0578)
2.452***
2.611***
(0.0966)
(0.0828)
-0.00124*** -0.000231***
(0.000401)
(4.23e-05)
8.13e-05**
(3.32e-05)
-3.17e-05*** -3.17e-05***
(7.96e-06)
(7.96e-06)
-0.000279*** -0.000279***
(5.55e-05)
(5.55e-05)
-0.0262***
-0.0262***
(0.00525)
(0.00525)
5.126***
(0.946)
1,569
0.597

1,569
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Table A.12: Land value change estimates under RCP 4.5 at alternative acreage restrictions for
Interacted Bioecological Model

Predicted land value/acre, model data
Annualized value
Predicted land value/acre, RCP 4.5
Annualized value
% Change
Observations
Standard deviations in parentheses.

Acres > 10
2,492.08
(2,358.84)
124.60

Acres > 25
1,681.32
(1,537.00)
84.07

Acres > 30
1,536.56
(1,357.29)
76.83

Acres > 40
1,288.84
(1,044.86)
64.44

Acres > 100
807.70
(354.10)
40.39

2,232.93
(2,165.25)
111.65
-10%
2557

1,541.92
(1,448.90)
77.10
-8%
1701

1,408.55
(1,278.42)
70.43
-8%
1569

1,182.23
(981.22)
59.11
-8%
1063

753.95
(341.79)
37.70
-7%
525

132
A.3

Comparison of logged versus linear dependent variable

Table A.13: Comparison of logged vs. linear dependent variable for Base Ricardian Model –
Equation (1.10)

Mean yearly temp (˚C)

Mean yearly temp2

Log(LV)

ME

Linear LV

ME

Adj. ME from
Logged LV

3.768***

-0.149**

6,088***

-241.2**

-352.43

(0.389)

(0.0587)

(869.1)

(115.0)

-0.182***

-293.5***

(0.0179)
Yearly total precip (mm)

Yearly total precip

2

(39.57)

-0.00260***

-0.000850***

-5.395***

-1.759***

(0.000275)

(7.47e-05)

(0.707)

(0.190)

4.50e-07***

0.000936***

(5.69e-08)

(0.000142)

Acres

-3.17e-05***
(1.04e-05)

(1.04e-05)

(0.0250)

(0.0250)

Mean elevation (ft)

0.000206***

0.000206***

0.541***

0.541***

(7.63e-05)

(7.63e-05)

(0.148)

(0.148)

Constant

-3.17e-05***

-0.0867***

-9.484***

-23,599***

(2.216)

(5,122)

Observations

1,701

R-squared

0.270

1,701

1,701
0.181

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: Adjusted ME from logged land value calculated as (Logged ME * mean land value).

-0.0867***

1,701

-2.01

-0.08

0.47
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Table A.14: Comparison of logged vs. linear dependent variable for Interacted Bioecological
Model – Equation (1.13)

Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp
(˚C)
Yearly total precip (mm)
Non-wint temp*Precip
Acres
Mean elevation (ft)

Constant

Observations
R-squared

Adj. ME from
Logged LV

Log(LV)

ME

Linear LV

ME

-0.789***
(0.0438)
-1.561***
(0.0564)

-0.789***
(0.0438)
-1.561***
(0.0564)

-1,408***
(98.95)
-3,425***
(153.7)

-1,408***
(98.95)
-3,425***
(153.7)

-1,866.22

2.520***

2.724***

5,891***

5,729***

6,443.05

(0.0978)
-0.00155***
(0.000419)
0.000105***
(3.46e-05)
-6.83e-05***
(4.88e-06)
-0.000336***
(5.35e-05)

(0.0820)
-0.000243***
(4.36e-05)

(277.4)
0.251
(0.921)
-0.0833
(0.0778)
-0.157***
(0.0130)
-0.399***
(0.114)

(227.4)
-0.783***
(0.100)

-0.58

-6.83e-05***
(4.88e-06)
-0.000336***
(5.35e-05)

5.465***
(0.963)
1,701
0.594

-0.157***
(0.0130)
-0.399***
(0.114)

-7,836***
(2,033)
1,701

1,701
0.471

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: Adjusted ME from logged land value calculated as (Logged ME * mean land value).

1,701

-3,692.22

-0.16
-0.80
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Table A.15: Comparison of logged vs. linear dependent variable for Forward-Looking
Bioecological Model – Equation (1.17)
Adj. ME
from Logged
LV

Log(LV)

ME

Linear LV

ME

-0.508***
(0.105)
-1.126***
(0.121)
1.698***
(0.194)
-0.00106**
(0.000482)
7.22e-05*
(3.94e-05)
-7.80e-05***
(5.35e-06)
-0.000374***
(5.49e-05)
-0.464***
(0.116)
-0.584***
(0.133)

-0.508***
(0.105)
-1.126***
(0.121)
1.838***
(0.197)
-0.000162***
(4.87e-05)

-727.5***
(238.7)
-2,428***
(276.5)
3,889***
(437.4)
-0.677***
(0.110)

-1201.57

-7.80e-05***
(5.35e-06)
-0.000374***
(5.49e-05)
-0.464***
(0.116)
-0.584***
(0.133)

-727.5***
(238.7)
-2,428***
(276.5)
4,193***
(440.1)
1.263
(1.045)
-0.156*
(0.0873)
-0.176***
(0.0140)
-0.457***
(0.121)
-969.1***
(241.1)
-1,247***
(286.2)

-0.176***
(0.0140)
-0.457***
(0.121)
-969.1***
(241.1)
-1,247***
(286.2)

-0.18

Pred. non-winter mean temp RCP
4.5 (˚C)

1.225***

1.225***

2,375***

2,375***

(0.225)
3.670***
(1.079)

(0.225)

(468.2)
-10,644***
(2,277)

(468.2)

Constant

1,701
0.616

1,701

1,701
0.481

1,701

Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Non-wint temp*Precip
Acres
Mean elevation (ft)
Pred. min temp RCP 4.5 (˚C)
Pred. max temp RCP 4.5 (˚C)

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note: Adjusted ME from logged land value calculated as (Logged ME * mean land value).

-2663.32
4347.41
-0.38

-0.89
-1097.50
-1381.33
2897.48
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Appendix B Supplement to Chapter 2
Table B.1: Normalized difference comparison for ½ mile buffer robustness test
Unmatched

Matched

Untreated

SD

Treated

SD

Norm. Diff.

Untreated

SD

Treated

SD

Norm. Diff.

ln(Land value/acre)

6.69

(0.75)

7.28

(1.09)

-0.44*

6.74

(0.81)

7.29

(1.08)

-0.41*

Min yearly temp

6.56

(0.61)

5.96

(1.06)

0.49*

6.53

(0.66)

6.00

(0.98)

0.45*

Max yearly temp

16.05

(0.76)

15.94

(1.18)

0.08

16.00

(0.79)

15.97

(1.15)

0.03

Non-winter mean temp

12.68

(0.57)

12.65

(0.89)

0.03

12.66

(0.60)

12.68

(0.85)

-0.02

Yearly precipitation

1,772.65 (328.98) 1,760.83 (465.42)

0.02

1,781.73 (332.89) 1,749.40 (443.69)

0.06

Acres

185.31

(615.73)

112.17

(141.99)

0.12

140.89

(163.90)

109.26

(129.63)

0.15

Mean Elevation

451.76

(422.71)

840.62

(726.90)

-0.46*

479.61

(466.78)

805.99

(673.85)

-0.34*

Distance to city

3.97

(2.51)

5.58

(3.51)

-0.37*

4.01

(2.50)

5.40

(3.26)

-0.34*

Observations

309

Standard deviations in parenthesis.
* Normalized difference in means > 0.25

1,392

228

1,357
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Table B.2: Regression results for ½ mile buffer robustness test

Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Yearly total precip*Non-winter mean
temp
Ownership Fragmentation - 1/2 mile
buffer
Ownership Fragmentation*Yearly total
precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Unmatched

ME

Matched

ME

-0.795***
(0.0414)
-1.520***
(0.0568)
2.497***
(0.0889)
-0.00141***
(0.000368)

-0.795***
(0.0414)
-1.520***
(0.0568)
2.676***
(0.0816)
-0.000243***
(4.34e-05)

-0.838***
(0.0536)
-1.628***
(0.0715)
2.628***
(0.121)
-0.00188***
(0.000480)

-0.838***
(0.0536)
-1.628***
(0.0715)
2.913***
(0.110)
-3.11e-06
(6.44e-05)

9.24e-05***
(3.07e-05)
-1.047**
(0.515)
0.000499**
(0.000229)
-3.49e-05***
(8.26e-06)
-0.000268***
(5.49e-05)
-0.0264***
(0.00526)
5.269***
(0.885)
1,701
0.605

0.000146***
(4.04e-05)
-0.0769
(0.148)

-1.367**
(0.604)

-0.290*
(0.167)

-3.49e-05***
(8.26e-06)
-0.000268***
(5.49e-05)
-0.0264***
(0.00526)

0.000552*
(0.000286)
-0.00128***
(0.000194)
-0.000235***
(7.06e-05)
-0.0191***
(0.00705)
5.465***
(1.031)

-0.00128***
(0.000194)
-0.000235***
(7.06e-05)
-0.0191***
(0.00705)

1,701

749
0.625

749
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Table B.3: Land value changes for ½ mile buffer robustness test

Predicted land value/acre, model data
Yearly rents (5% discount)
Predicted land value/acre, RCP 4.5
% change from current:
Change in yearly rents:
Observations
Standard deviations in parentheses

Estimate
1,974.19
98.71
2,108.02
6.78%
6.69
749

SD
(1,743.37)
(1,440.09)
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Table B.4: Normalized difference comparison for 2-mile buffer robustness test
Unmatched

Matched

Untreated

SD

Treated

SD

Norm. Diff.

Untreated

SD

Treated

SD

Norm. Diff.

ln(Land value/acre)

6.69

(0.75)

7.28

(1.09)

-0.44*

6.74

(0.81)

7.29

(1.08)

-0.41*

Min yearly temp

6.56

(0.61)

5.96

(1.06)

0.49*

6.53

(0.66)

6.00

(0.98)

0.45*

Max yearly temp

16.05

(0.76)

15.94

(1.18)

0.08

16.00

(0.79)

15.97

(1.15)

0.03

Non-winter mean temp

12.68

(0.57)

12.65

(0.89)

0.03

12.66

(0.60)

12.68

(0.85)

-0.02

0.02

1,781.73

Yearly precipitation

1,772.65 (328.98) 1,760.83 (465.42)

(332.89) 1,749.40 (443.69)

0.06

Acres

185.31

(615.73) 112.17 (141.99)

0.12

140.89

(163.90)

109.26

(129.63)

0.15

Mean Elevation

451.76

(422.71) 840.62 (726.90)

-0.46*

479.61

(466.78)

805.99

(673.85)

-0.40*

Distance to city

3.97

-0.37*

4.01

(2.50)

5.40

(3.26)

-0.34*

Observations

309

(2.51)

* Normalized difference in means > 0.25

5.58
1,392

(3.51)

228

1,357
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Table B.5: Regression results for 2-mile buffer robustness test

Min yearly temp (˚C)
Max yearly temp (˚C)
Non-winter mean temp (˚C)
Yearly total precip (mm)
Yearly total precip*Non-winter mean
temp
Ownership Fragmentation - 2 mile
buffer
Ownership Fragmentation*Yearly total
precip
Acres
Mean elevation (ft)
Distance to nearest city (miles)
Constant

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Unmatched

ME

Matched

ME

-0.789***
(0.0428)
-1.517***
(0.0579)
2.484***
(0.0983)
-0.00143***
(0.000416)

-0.789***
(0.0428)
-1.517***
(0.0579)
2.666***
(0.0830)
-0.000248***
(4.69e-05)

-0.821***
(0.0393)
-1.490***
(0.0533)
2.399***
(0.0940)
-0.00174***
(0.000443)

-0.821***
(0.0393)
-1.490***
(0.0533)
2.650***
(0.0772)
-0.000107**
(5.32e-05)

9.39e-05***

0.000130***

(3.37e-05)

(3.48e-05)

-0.289

-0.00262

-0.655*

-0.230*

(0.389)

(0.147)

(0.373)

(0.125)

0.000148
(0.000148)
-3.34e-05***
(8.59e-06)
-0.000268***
(5.51e-05)
-0.0270***
(0.00541)
5.340***
(0.974)
1,701
0.603

0.000220
-3.34e-05***
(8.59e-06)
-0.000268***
(5.51e-05)
-0.0270***
(0.00541)

1,701

(0.000157)
-0.000929***
(8.90e-05)
-0.000229***
(5.03e-05)
-0.0211***
(0.00538)
6.114***
(1.010)
1,585
0.657

-0.000929***
(8.90e-05)
-0.000229***
(5.03e-05)
-0.0211***
(0.00538)

1,585
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Table B.6: Land value change for 2-mile buffer robustness test

Predicted land value/acre, model data
Yearly rents (5% discount)
Predicted land value/acre, RCP 4.5
% change from current:
Change in yearly rents:
Observations
Standard deviations in parentheses

Estimate
1,920.69
96.03
1,732.59
-9.79%
-9.41
1,585

SD
(1,681.87)
(1,133.41)
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Appendix C Supplement to Chapter 3
C.1

Full regression tables
Table C.1: Regression results for agricultural parcels, equation (3.3)
Interaction

Protected, all categories (= 1 if parcel protected)
Shoreline (= 1 if parcel adjacent to estuary or river)
Distance to closest city (miles)
Distance to shoreline (miles)
SLR 1ft (=1 if parcel tidal under 1ft of sea level rise)
Mean elevation (feet)
SLR*Mean elevation
FEMA Special Flood Hazar Area (SFHA)
Acres
Sale year
Watershed - North (=1 if parcel in North Coast watershed)
Weighted land capability class (1-8)
Constant

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

474.2
(27,844)
9,395
(67,447)
-10,963***
(3,944)
1.309e+06
(809,565)
-64,902
(45,121)
-343.9
(253.9)
437.2
(551.1)
-66,792
(40,891)
-234.9
(201.7)
-2,289
(5,578)
-125,433**
(53,146)
-19,196
(27,351)
4.892e+06
(1.122e+07)
202
0.222

ME

-37,433*
(20,850)
-317.9
(254.3)
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Table C.2: Regression results for single-family residential parcels, equation (3.6)
Param
-12,424
(12,600)
Rip-rap (=1 if protected by rip-rap)
45,177
(37,367)
Shoreline (= 1 if adj to river or estuary)
-3,030
(6,660)
Dist. to closest city (miles)
-1,013
(746.5)
Distance to shoreline (miles)
79,404***
(28,749)
SLR*Mean elevation
220.8
(260.2)
SLR (=1 if tidally influenced under 1ft sea level rise)
-23,683
(17,272)
Tsunami (=1 if parcel in near-shore inundation zone)
33,361**
(16,303)
SLR*Tsunami
-510.6**
(233.2)
FEMA Special Flood Hazar Area (SFHA)
-4,852
(9,048)
Acres
-1,450***
(391.6)
Mean elevation (feet)
-44.24*
(24.85)
Sale year
-3,900***
(852.2)
North Coast watershed
39,282***
(6,995)
Constant
7.900e+06***
(1.715e+06)

ME

Protected (=1 if protected by manmade structure)

Observations
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

749
0.178

1,496
(20,924)
-24,867*
(13,780)

-201.4**
(80.55)

749

