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A growing body of literature exists on how human population growth and changes 

in climatic factors influence the availability of water (Elliot et al. 2014, Prudhomme et al. 

2014). These studies typically conclude that climate change is expected to have negative 

consequences on water availability, an effect that is magnified or exceeded by continued 

growth in human populations (Vorosmarty et al. 2000, Mcdonald et al. 2010). However, 

there are several deficiencies associated with how these existing studies from the natural 

science literature analyze the interconnectedness of the human-water-climate system. For 

one, the scale of the models that are employed often precludes researchers from 

accounting for the location-specific nature of how water is used. Failing to recognize the 

inherently spatial nature of water use compounds the inability of researchers to analyze 

the role of other spatially-dependent behavioral processes that are associated with 

population growth, and hence water use. The same can be said for the treatment of 

climate change in the existing literature. If the effects of climate change on water use are 

transmitted through intermediate human behavioral processes, ignoring the indirect 

nature of the relationship will not accurately convey the true localized outcomes that may 



 

 

 

be realized. Moreover, there may be policies in place that govern how certain spatial 

processes operate, which again cannot be accounted for without recognition of the fine-

scale spatial aspects of water use.  

In this dissertation, I analyze the effects of population growth, land-use 

regulations, and climate change on localized consumptive water use through the lens of 

land-use change, an inherently spatial process. Intuitively, as a city’s population expands 

and more land is developed at its extensive margin, the total amount of water consumed 

by the residential sector will correspondingly increase. However, I show that the net 

effect of land development on the total amount of water used by the agricultural and 

residential sectors combined depends primarily on three factors: (1) the amount and 

location of rainfed versus irrigated agricultural land within the vicinity of the city, (2) the 

rate of population growth occurring within the city, and (3) the spatial pattern associated 

with where new land development occurs. Somewhat counterintuitively, what I find is 

that under certain conditions more sprawl-like development patterns are associated with 

lower total water use. This result stems from the fact that low-density development 

patterns tend to be associated with increased conversion of irrigated agricultural land. 

Given the fact that irrigated agricultural land requires relatively more intensive water use 

when compared with urban land, lower density urbanization patterns can result in a 

reduction in total water use if the city expands into lands that are predominantly used for 

irrigated agriculture.   

My empirical approach combines fine-scale econometric and simulation methods 

in order to accommodate the spatial heterogeneity associated with land and water use in 

my study area, Oregon’s Willamette Valley. In Chapter 3, I estimate a series of parcel-



 

 

 

level hedonic property value models for land in developed, agricultural, and forest uses 

using a novel panel data set on land values for our study area, Oregon’s Willamette 

Valley. Although the hedonic models are not an end in themselves, several policy 

applications are examined vis-a-vis the estimated property value relationships for each 

land use. First, for developed lands, I explore the effects of Oregon’s comprehensive 

land-use plan, with specific focus on urban growth boundary designation, through the use 

of a variety of panel data estimators. Second, I analyze the relationship between 

agricultural land values and climatic influences, with particular emphasis on the 

interactions between the holding of irrigation rights and the effect of growing-season 

precipitation. The third application of the hedonic models pertains to how forest land 

values are influenced by transportation costs, represented by distance to the nearest 

processing mill, which change over time due to the large number of mill closures during 

my study period, partly in response to the old-growth harvest restrictions imposed by the 

Northwest Forest Plan.  

In Chapter 4, the estimated hedonic relationships are used to predict the values 

associated with land in selected and unselected uses in my land-use change data set, 

which comes from the US Geological Survey’s Land Cover Trends (LCT) project. In a 

similar fashion to Bockstael (1996), I then use the land value predictions as explanatory 

variables in a set of discrete-choice urbanization models. In generating the predicted land 

values with the estimated hedonic relationships, I confront the sample selection issue 

inherent in applying the developed land hedonic model to lands that start in undeveloped 

uses using econometric methods suitable for panel data. I also compare the results 

generated with the coupled hedonic-urbanization approach with those from a reduced-



 

 

 

form model, which is more commonly found throughout the modern land economics 

literature. Additionally, using a Monte Carlo analysis, I illustrate the efficiency of the 

two-stage approach, and demonstrate how this property depends of the frequency of 

observed land development decisions. 

With my fully estimated econometric framework, I construct a spatially-explicit 

landscape simulation model in Chapter 5, which is used to analyze total water use over 

the period 2000-2070. The landscape simulations feature exogenous growth in population 

and income as the predominant drivers of urban land value dynamics. Agricultural water 

use is determined by spatial data on the location of irrigation water rights administered 

through the prior appropriation doctrine. Citywide urban demands are determined by the 

size of the city, demographic characteristics, water prices, pricing structure, and the 

demand for outdoor water use, which is influenced by precipitation. To generate my main 

results, I analyze three sets of scenarios in which I alter: (1) the area upon which land 

development is possible and (2) the city-specific population growth trajectory, and (3) the 

opportunity cost of land development for agricultural landowners. The first scenario set 

relates to the stringency of land-use regulations, which directly affects both the density of 

population growth and the urban composition of the city. Population growth, which is 

featured in the second set of scenarios, has several competing influences on total water 

use, among which are a direct influence on citywide residential water demand, and also 

the indirect effects that come about through the incentives to develop individual land 

parcels. In my third set of scenarios, I hold the land-use regulatory environment constant 

and impose permanent changes in precipitation patterns. Growing season precipitation 



 

 

 

indirectly influences total water use through its direct effect on the opportunity cost of 

land development for the owners of rainfed agricultural land.  

A novel feature of the simulation framework is that population density, which 

enters the developed land hedonic function, is treated as endogenous, as it is a function of 

development patterns and the permitted levels of development under different urban 

containment policies. Additionally, the simulation design is stochastic in that I treat land 

development decisions in a probabilistic fashion, facilitating an analysis of the 

distribution of results, including my main results for total water use, in each of the 

simulated scenarios. My results indicate that under situations that stimulate increased 

land development, the distribution of total water use is characterized by a lower mean if 

there is a sufficient amount of irrigated agricultural land in the vicinity of the city 

boundary, and if population growth is not prohibitively high. Further, the variance of total 

water use is decreasing in population density, as more sprawl-like development outcomes 

have a relatively wider array of potential spatial patterns associated with new land 

development. 

In the broadest sense, my dissertation highlights the interplay between population 

growth, climate change, land-use regulations, and the spatial patterns associated with 

both non-urban water endowments and new land development. The intermediate link that 

land-use change provides between climate change and population growth and water use 

has yet to be acknowledged and given proper treatment in the existing literature. 

Moreover, the connection between land-use change and water use emphasizes the 

inherent spatial heterogeneity in how water is used. Given the ubiquity of policies 

worldwide that impose location-specific constraints on water use, my analysis suggests 



 

 

 

that spatial considerations should be taken into account in subsequent studies that aim to 

analyze localized patterns of water use and how they may evolve in the future.  
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1 Introduction 

A considerable amount of research in the earth and atmospheric sciences has been 

devoted to the question of how climate change, coupled with human population growth, will 

affect the availability of fresh water for human consumption (Vorosmarty et al. 2000, Covich 

2009, Mcdonald et al. 2011, Prudhomme et al. 2014, and Elliot et al. 2014).1 Vorosmarty et al. 

(2000) find that population growth will largely dictate where vulnerability to water stress will 

emerge in the future, a relationship that is also influenced by changes in climate. McDonald et al. 

(2011) generate future projections of water availability for major cities and conclude that 

population growth will be the driving force behind future water shortages. Elliot et al. (2014) 

show that climate change will cause a shortage of water for irrigation purposes as rainfed 

agricultural lands increasingly require the application of water in order to maintain existing 

levels of crop production. Overall, the results of these existing studies suggest that water 

resources will be placed under moderate to severe stress as populations grow, with climate 

change exacerbating the discrepancy between current and future water availability. However, 

without accounting for intermediate changes in human behavior and institutions that influence 

water use, the modeling frameworks used in these analyses are limited in their ability to address 

the question of how population growth and climate change will affect water scarcity.  

In this dissertation I illustrate how population growth and climate change influence water 

consumption by exploiting the fundamental linkage between land use and water use, a 

relationship that is driven by landowner decision-making at spatially disaggregate scales. To 

generate my focal results concerning water use, I employ an empirical strategy based on a set of 

                                                           
1 A recent issue of Proceedings of the National Academy of Sciences devoted a special feature section to research 

articles examining the effects of global climate change in a multi-model impact assessment framework. Nearly all of 

the articles contained therein draw conclusions with regards to how climate change will affect water resources.  
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parcel-level econometric models and landscape simulation modeling techniques to account for 

the fine-scale connections between land use, water use, and external drivers such as population 

growth and climatic change. Importantly, my modeling framework also accommodates the 

institutional factors that govern the spatial pattern of both water endowments and new land 

development. Further, my approach is replicable in that it can be applied to any region in which 

water allocations are tied to the holding of land in a particular use. For the analysis conducted 

here, I focus on Oregon’s Willamette Valley, where the major source of land-use change is urban 

development and agricultural producers are the largest consumers of water.  

 While urbanization is often associated with many of society’s ills, including the loss of 

open space and other environmental amenities, reduced viability of agricultural economies, and 

increased economic segregation (Wu 2008), its implications for water use have received less 

attention. Without accounting for demand-side responses, the findings of previous research (e.g., 

Alcamo et. al 2007, Schewe et. al 2014, Padowski and Gorelick 2014) suggest that as human 

populations grow, cities will expand and the use of water will increase correspondingly, placing 

additional stress on water resources. However, the manner in which water use changes with city 

expansion depends on several competing factors that, in combination, can produce seemingly 

counterintuitive results. First, urban growth, in and of itself, can have an indeterminate effect on 

the total amount of water withdrawn for urban consumptive uses. While previous studies have 

shown that increases in population and income generally lead to increases in water use 

(Olmstead et al. 2007; Mansur and Olmstead 2012; Barbier and Chaudhry 2014), population 

density has been shown to have the opposite effect (Gaudin 2006). As such, the effect of urban 

expansion on total urban water demand depends on whether growth is occurring at the intensive 

or extensive margin. To this point, if cities expand at the extensive margin, some land in 
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undeveloped uses, such as farms and forest, will need to be developed. Once converted, the 

occupants of the newly developed land will require water for domestic residential consumption. 

However, water may have also been applied to the previously undeveloped land for crop 

irrigation or other non-urban purposes. The net effect of land development on total water use 

therefore depends crucially on how density changes and on the water endowments of the 

undeveloped land parcels that are converted.  

In practice, there are numerous examples of legal frameworks found throughout the 

world that create spatial heterogeneity in water endowments, thereby dictating the pattern of 

how, and how much, water is used within a given geographic area. For instance, in much of the 

western United States water allocations are determined by the prior appropriation doctrine, 

which requires potential water users to apply for water rights that, once granted, are bound to a 

particular piece of land. Institutions governing land use also affect the quantity of water 

consumed in a given area, as they directly influence the type of land on which water can be 

consumed. As an example, a key feature of Oregon’s comprehensive land-use planning system is 

the creation of urban growth boundaries (UGBs) that are drawn around each city in the state and 

guide where land can be developed in the near future. Climatic influences can likewise have an 

impact on the amount of water needed to satisfy human consumptive demands. Precipitation, in 

particular, directly affects the viability of using land for rainfed agricultural purposes, and can 

also influence the amount of water that residential consumer use outdoors for purposes such as 

lawn irrigation (Olmstead et. al 2007).  

As previously stated, in this research I use land-use decision-making to link broad 

external drivers, such as population growth, with future patterns of human consumptive water 

use. Much of the recent literature on empirical land-use change modeling takes either: (1) a 
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reduced-form approach where the land-use decision is modeled directly as a function of 

observable plot attributes meant to capture variation in potential economic returns (Irwin and 

Bockstael 2004; Carrion-Flores and Irwin 2004; Newburn and Berck 2006) or (2) an approach 

based on interactions between plot-specific attributes and county-level economic returns (Lewis 

and Plantinga 2007; Lubowski et. al 2008; Lewis and Alig 2013). In contrast, the empirical 

strategy taken here is rooted in the modeling framework introduced by Bockstael (1996). To 

account for spatial heterogeneity in land values, I estimate separate hedonic property value 

(HPV) models for developed, agricultural, and forest lands using a unique panel data set on 

property values for the period 1973 to 2000, which also matches the time frame of my land cover 

data. The use of panel data facilitates identification of the effects of UGBs on developed land 

values. The HPV relationships I estimate are then used to generate plot-level land value 

predictions that are included as explanatory variables in a set of discrete-choice urbanization 

models for plots starting in forest and agricultural uses. In generating the predictions I account 

for the sample selection issue inherent in applying the developed land HPV model to agriculture 

and forest land. Specifically, in the developed land HPV model, the observations upon which the 

estimates are based are, by necessity, already in a developed use, potentially introducing bias 

into the application of these estimates to land in other uses. I econometrically control for this 

potential source of bias using an approach developed by Wooldridge (1996). 

Using the results of the two-stage econometric framework, I conduct a set of landscape 

simulations over the period 2000 to 2070. I employ a similar simulation approach to that found 

in Lewis and Plantinga (2007), but also account for localized changes in land-use regulations, 

with total water use by the agricultural and residential sectors being the primary output of 

interest. For the simulations, I focus on three urban areas that vary in the amounts of irrigated 
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and non-irrigated agricultural land in their surrounding areas. Since my study area is located in 

Oregon, where water withdrawals for agricultural land are governed by the doctrine of prior 

appropriation, land plots that are allowed to withdraw water for irrigation are identified with 

readily available spatial data. I also estimate annual water demand for the residential sector, 

facilitating a comparison of total water use across the simulated scenarios. Given my stated goal 

of linking population growth and climate change to water use via land-use change, there are two 

possible ways in which I can influence the amount of land that is developed in a given 

simulation: (1) altering the area upon which development is possible and (2) augmenting the 

economic incentives associated with land development. I therefore conduct three sets of 

simulations that capture these two levers associated with landscape change, one in which I alter 

the size, and hence density, of each UGB, another that features permanent changes in in growing 

season precipitation, and last, a set of scenarios that use alternative population growth paths to 

drive the value of developing new land.  
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2 Literature Review 

2.1 Hedonic literature 

The first stage of the econometric framework on which this research is based involves 

modeling the land values corresponding to forest, agricultural, and developed uses. The 

relationship between land values and land attributes has been studied since the 19th century, with 

seminal contributions coming from Ricardo and von Thunen. Ricardo’s contribution dealt 

primarily with how heterogeneity in soil quality creates differences in agricultural productivity 

across land parcels, giving rise to differences in land rents, and is now commonly called the 

“Ricardian approach” throughout the modern literature. Von Thunen relied on the notion that 

land rents decline with increasing distance to a centralized marketplace due to transport costs and 

differences in the perishability of different agricultural and forest-based products. These two 

approaches to modeling land as a differentiated commodity set the stage for more sophisticated 

theories of land rent, including Alonso’s (1964) well-known work on modeling urban rents. The 

von Thunen and Ricardo analyses, as well as subsequent contributions to land rent/price theory, 

all imply that the value of land is determined by the characteristics embodied in a given parcel. 

Moreover, theory implies that observed differences in value across parcels can be attributed (at 

least in part) to differences in observable characteristics, which suggests the use of an empirical 

method for quantifying land value heterogeneity.  

Rosen (1974) developed what is seen today as the landmark theoretical contribution on 

how the price of a differentiated good can be deconstructed into the respective prices of its 

constituent characteristics. The empirical application of Rosen’s analysis has come to be known 

as the hedonic valuation method. Although the method has been used by economists since the 

early part of the 1900s, the Rosen analysis is viewed as the first to develop hedonic theory within 

a utility-maximization framework (Taylor 2003). The significant contribution of Rosen’s 
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analysis is the development of a theoretical framework for estimating willingness to pay for the 

constituent attributes of a differentiated good. Assuming that individuals choose the specific 

model of the differentiated good with the bundle of attributes that enables them to maximize 

utility, bid curves can be constructed to measure the marginal willingness to pay for each 

individual characteristic (Freeman 2003). Correspondingly, if firms are producing the models 

that enable them to maximize profits, an offer curve can be developed for each individual firm 

and characteristic. In conjunction, the points of tangency between the individual bid curves and 

firm-specific offer curves constitute the hedonic price function, which can be used to determine 

the effect of each attribute on the equilibrium price of the differentiated good (Rosen 1974). In 

terms of information requirements, empirical implementation of the hedonic method involves 

collecting price and attribute data on the good being studied. By assuming that the market 

equilibrium conditions are satisfied, regressing the price of the product on the levels of the 

observed attributes generates parameter estimates that represent the marginal implicit price of 

each characteristic.2 Since the implicit attribute prices are found through observed market 

behavior, the hedonic method falls into the revealed preference family of non-market valuation 

methods.  

With specific reference to applications involving housing and property values, the 

hedonic modeling framework has been the methodological workhorse of modern empirical 

revealed preference studies in the environmental and resource economics field. Specific 

applications include analyses that consider the effects of air quality (Chay and Greenstone 2005), 

water quality (Leggett and Bockstael 2000, Walsh et. al 2011), proximity to pollution sites 

                                                           
2 Rosen (1974) also suggests the use of a second-stage analysis where the estimated marginal prices are used to 

construct a demand curve. Such an analysis is not undertaken here. 
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(Brasington and Hite 2005), invasive species (Horsch and Lewis 2009), and the provision of 

wetlands (Mahan et. al 2000) and open space (Anderson and West 2006, Borchers and Duke 

2012). Rather than focusing on a specific environmental attribute, in the present study I primarily 

use the hedonic method to generate predictions that capture the effects of underlying parcel 

characteristics on land values, which are then subsequently used as inputs to a set of plot-level 

land-use decision models. As such, the studies most relevant to my particular hedonic application 

are those that involve the types of land featured in my second-stage land-use models, which 

include forest, agricultural, and developed lands.  

Studies pertaining to forested lands include Kennedy et. al (2002), Snyder et. al (2007), 

Snyder et. al (2008), Hussain et. al (2013), and Zhang et. al (2013).  Kennedy et. al (2002) focus 

on timberland values in northern Louisiana, and find that urban proximity and road accessibility 

are important drivers of forest property values. The set of studies by Snyder et. al (2007, 2008) 

examine forest land values in Minnesota, and provide evidence in support of the idea that future 

land development rents are capitalized into the value of lands that are primarily used for timber 

harvests. Hussain et. al (2013) use spatial econometric methods to quantify the effects of 

recreational lease income, specifically for hunting purposes, on Mississippi forest land values, 

also finding development pressures to be a significant determinant of property values. Zhang et. 

al (2013) also use a spatial econometric modeling framework to analyze how various site 

productivity measures affect raw forestland values in the southeastern US, and again, produce 

findings that indicate the importance of future development potential on timberland prices. It can 

be inferred from these analyses that forest land prices are generally driven by observable 

characteristics that fall into two major categories: (1) variables related to development pressures 

and (2) those pertaining to suitability for practices related to timber harvesting. Accordingly, the 
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forest land hedonic specification I develop in Chapter 3 incorporates variables that fit into these 

two broad classifications. 

Agricultural land values have likewise been found to be influenced by factors related to 

agricultural productivity and the presence of capitalized future development rents. Prior studies 

that model agricultural land values at the parcel level include Bastian et. al (2002), Butsic and 

Netusil (2007),  Guiling et. al (2010), Deaton and Vyn (2010), Vyn (2012), Ma and Swinton 

(2012), and Buck et. al (2014). Bastian et. al (2002) illustrate the capitalization effects of 

recreational opportunities and environmental non-use values using property value data on remote 

agricultural lands in Wyoming. The studies by Butsic and Netusil (2007) and Buck et. al (2014) 

estimate the property value premiums associated with irrigation rights (in southern Oregon and 

California, respectively), making them particularly relevant given my focus on water use and the 

availability of parcel-level spatial data on water rights in the Willamette Valley. Guiling et. al 

(2010) focus on the effects of land use and proximity to urban amenities for Oklahoma 

agricultural parcels using a nonlinear function of the nearest city’s population and income 

characteristics. Deaton and Vyn (2010) and Vyn (2012) show how land-use zoning, through a 

restrictive greenbelt policy in Toronto, can reduce the value of agricultural properties located in 

close proximity to urbanized areas by removing the potential for future development and 

increase the value of lands located outside of the greenbelt where development is permitted. Ma 

and Swinton (2012) analyze how environmental amenities affect agricultural land values in 

Michigan, and mainly focus on the differences in marginal implicit prices generated by models 

estimated with sales transaction data versus assessment values.  

An additional and relevant strand of the property valuation literature involves analyses 

that study broader trends in agricultural land values using county-level data. Included among 
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these studies are Mendelson et. al (1994), Plantinga and Miller (2001), Plantinga et. al (2002), 

Schlenker et. al (2005), Livanis et. al (2006), and Deschenes and Greenstone (2007). The study 

by Mendelson et. al (1994) is widely cited as one of the first analyses of the effects of climatic 

factors on agricultural land prices, and suggests that the effects of future climate change would 

likely be beneficial to the US agricultural sector. Plantinga and Miller (2001) measure the 

dynamic effects of population growth on agricultural land values using a specification that 

accounts for nonlinearities and interactions between population, agricultural rents, and urban 

proximity. Plantinga et. al (2002) develop a method rooted in stochastic processes that they use 

to back out the portion of agricultural land values attributable to future development rents for all 

counties in the continental US.3 Livanis et. al (2006) also examine the influence of development-

related effects on agricultural property prices, and attempt to distinguish the effects of 

accessibility on the net returns to agriculture versus the value of capitalized future development 

rents through the use of a system-based econometric framework.4 Building off of the earlier 

work by Mendelson et. al (1994) and others, Schlenker et. al (2005) demonstrate the importance 

of accounting for irrigation as a farm management practice, and find that the effects of climatic 

influences differ between rainfed and irrigated areas. Deschenes and Greenstone (2007) estimate 

the effects of climate change on US agriculture using agricultural profits, as opposed to land 

values, and find that climate change is likely to have a modest positive effect on US agriculture. 

Deschenes and Greenstone (2007) also find the hedonic method to be unreliable for examining 

the potential effects of climate change, as the estimates it generates are subject to a lack of 

                                                           
3 With reference to Oregon, Plantinga et. al (2002) find that development-oriented factors constitute approximately 

10% of agricultural land values. 
4 Livanis et. al (2006) find that the net returns to agriculture in Oregon are only affected by market accessibility to a 

small degree, constituting roughly 6% of agricultural rents. Consequently, the authors primarily attribute the high 

value of agricultural land in Oregon to physical land attributes such as soil fertility and climatic conditions.  
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robustness across alternative specifications and weighting procedures.5 All in all, the existing  

literature on agricultural land values/rents indicates the importance of climatic influences, 

physical parcel characteristics, farm management practices, urban accessibility, and the 

likelihood of future development on agricultural land values, all of which are taken into 

consideration when specifying and estimating the agricultural hedonic model in Chapter 3. 

Although hedonic property valuation techniques have been applied to an assortment of 

land types, the vast majority of the existing literature has dealt with residential properties due to 

the frequency with which residential transactions take place and the wide availability of housing 

sales data. Past research has shown residential land prices to be affected by a host of factors that 

relate to urban and natural amenities, the structural characteristics of property improvements, lot 

size, land-use regulations, and demographic characteristics of the nearest urban area. Although 

the main goal of my developed land hedonic application is to construct a general function that 

can be used to estimate the hypothetical value of converting undeveloped forest and agricultural 

land to a residential use, a secondary aim is to estimate the effects of Oregon’s land-use planning 

system on developed land values. I am particularly interested in the effect of urban growth 

boundaries (UGBs) on the value of developed land, and how this relationship has evolved over 

time.  

The effects of land-use regulations on residential property values have been investigated 

in prior research (Netusil 2005, Ihlanfeldt 2007, Glaeser and Ward 2009, Grout et. al 2011, Zabel 

and Dalton 2011, Kok et. al 2014). In many contexts there are considerable challenges with 

                                                           
5 It is worth noting the debate surrounding the Deschenes and Greenstone (2007) study. In a comment, Fisher et. al 

(2012) find that the positive effects reported by Deschenes and Greenstone (2007) are reversed after correcting for 

the missing data points and likely erroneous climate projections in the original analysis. Deschenes and Greenstone 

(2012) concurrently published a reply to the Fisher et. al (2012) comment in which they acknowledged the errors in 

the original analysis and found that the effects of climate change on agricultural profits are likely to be negative.  
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properly identifying the effect of a land-use policy (e.g. minimum lot size zoning, urban growth 

boundary, resource land designation, etc.) on a parcel’s value, as regulatory assignments and 

property values are likely to be jointly determined, introducing bias into the estimated effects if a 

proper identification strategy is not pursued. Using an instrumental variables approach, Ihlanfeldt 

(2007) finds that land-use restrictions positively influence the price of housing, but decrease 

vacant land values. Results from Glaeser and Ward (2009) suggest that the impacts of land-use 

regulations on property values mainly operate through the alterations to population density 

brought about by regulations, with no direct impact on housing prices. Zabel and Dalton (2011) 

apply a district-level fixed effects estimator to a comprehensive panel data set on minimum lot 

size restrictions, and conclude that zoning constraints not only increase property prices, but that 

the premium can increase over time. A recent paper by Kok et. al (2014) provides evidence 

showing that increased regulatory oversight with regards to new development is associated with 

higher land prices, though their preferred model does not account for the potential endogeneity 

of the stringency of land-use regulations. 

Two of the studies cited above deal directly with the effects of Oregon’s comprehensive 

land use plan, with specific reference to the Portland metro area. Netusil (2005) estimates the 

effects of restrictive environmental overlay zoning ordinances within the Portland urban area. 

The results of Netusil’s (2005) analysis indicate that the effects of zoning, both in sign and 

magnitude, can vary widely within a municipality, and are dependent on property-specific 

locational characteristics and the type of zoning rule in place. Grout et. al (2011) examine the 

influence of the Portland UGB on developed land values using a quasi-experimental regression 

discontinuity design. The Portland UGB is found to have a significant effect on property values 

in certain locations, but not in areas where a large supply of developable land within the UGB 



13 

 

 

still exists. The developed land hedonic model I estimate in Chapter 3 will contribute to the small 

body of existing literature on the effects of Oregon’s land-use planning system on developed 

land values, and to the broader literature on the property value impacts of land-use regulations.  

2.2 Land-use literature6 

Modern empirical analyses of the land-use change can be broadly classified into two 

major categories. Many analyses take a reduced form modeling approach, where the factors that 

would theoretically affect the economic returns to land are directly incorporated as those that 

affect land-use decisions. Using a shares-based econometric model, Plantinga (1996) finds that 

lands with relatively poorer quality agricultural soils are more likely to be used for timber 

production. With a duration model of land conversion, Irwin and Bockstael (2002) find that the 

likelihood of residential conversion is negatively affected by nearby development, and also 

include soil quality, slope, and urban proximity factors in their model specification. Irwin and 

Bockstael (2004), using a similar model, find that land-use clustering requirements directly 

influence urban development patterns and conversion timing, and also create spillover effects on 

neighboring land parcels. Carrion-Flores and Irwin (2004) use a probit model to find that parcel 

attributes, such as soil quality, distance to urban centers, and neighborhood characteristics, have 

significant effects on conversion of agricultural land. Newburn and Berck (2006) employ a 

random parameters logit model and find that sewer system accessibility and lot size regulations 

affect conversion to suburban and rural residential uses, respectively. Towe et. al (2008), also 

using a duration model, show that farmland preservation programs can delay landowner 

decisions to convert land to developed uses. Lewis (2010) develops a two-stage framework for 

                                                           
6 In reviewing the modern literature on empirical land-use change modeling, I focus on studies that are based in the 

contiguous US, but it bears mentioning that a voluminous literature exists on the causes and consequences of land-

use decision-making in other regions of the world. 
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estimating development decisions and the density of the ensuing subdivision, and demonstrates 

that lakeshore amenities and higher soil quality provide an incentive to develop land. In 

application to Oregon, Dempsey and Plantinga (2013) use a difference-in-differences estimator 

to investigate the effectiveness of UGBs at containing land development, finding that most new 

development does occur inside of UGBs. Although the aforementioned analyses tend to employ 

fine-scale data to model land-use changes, the parcel characteristics used as independent 

variables merely serve as proxies for the underlying returns to current and alternative land uses 

that ultimately drive landowner decision-making.  

In a related strand of the land economics literature, researchers have used coarser, but 

more direct, measures of economic returns in determining what drives land-use decisions. Lewis 

and Plantinga (2007) compare the effects of uniform versus spatially-targeted subsidies for 

retaining existing land in and converting new land to forest uses for the purpose of reducing 

wildlife habitat fragmentation. Lubowski et. al (2008) conduct a national-level analysis using a 

nested logit model to examine the effects of various incentive-based policies on transitions 

between six different land classes. Langpap and Wu (2008) include both county-level returns and 

an assortment of parcel characteristics in a multinomial logit model to examine the relative 

performances of permanent habitat set-asides and incentive-based policies in providing habitat 

for a wide array of terrestrial vertebrate species, with results suggesting that the former are likely 

to be more effective in conserving biodiversity. Langpap et. al (2008) use a similar econometric 

models to investigate watershed health, but also include higher-order measures (i.e., variance) of 

the returns to different land uses. Lewis et. al (2011) integrate a random parameters logit model 

of land use with detailed biological models of species habitat to study how various targeting 

strategies influence wildlife habitat provision under an array of conservation budgets. All five of 
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these studies are based on NRI data, with economic returns measured at the level of individual 

counties. Although these analyses are firmly grounded in economic theory, as land conversion is 

modeled to be a direct function of net economic returns to current and alternative uses, parcel-

level heterogeneity in economic returns is only partly accommodated (e.g., through soil quality 

interactions). 

The econometric land-use modeling strategy taken here can be thought of as a merging of 

these more aggregate-scale, multiple-use analyses with the parcel-scale approach utilized in the 

reduced-form modeling efforts. The specific framework that I adopt is rooted in the two-stage 

approach originally proposed in Bockstael (1996). This approach involves estimating parcel-

level developed and agricultural land values for individual land parcels using a set of first-stage 

hedonic models, with the predictions from which used in a second-stage land-use change model. 

A similar, more recent application of this general strategy is found in Wrenn and Irwin (2012), 

where the authors estimate a set of year-specific hedonic property value models, extract the 

component of the price pertaining specifically to the land, and then use the fitted values in a land 

development model, though the returns to undeveloped uses are not explicitly represented. In 

contrast, the first stage of my approach utilizes observations on land values directly, fitting a 

series of parcel-scale hedonic models for land in agricultural, forest, and developed uses. 

Although this approach is somewhat data-intensive and poses several estimation challenges, it 

accommodates the economic factors that drive land-use decisions, while also capturing fine-scale 

heterogeneity in the land parcel characteristics that influence land values. 

2.3 Overview of the Key Institutions Governing Land and Water Use in Oregon 

The two major areas of natural resource policy with which the present study is concerned 

deal specifically with the use of land and water resources. In this section, I provide an overview 
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of the policy environment governing the use of land and water in present-day Oregon. One of the 

most comprehensive statewide legal frameworks governing land use is found in Oregon (Paulsen 

2013). The overarching land-use guidelines in Oregon stem from Senate Bill 100, approved in 

May 1973, which addressed many of the shortcomings of earlier legislation. Its main 

achievement was to create the architecture of the current statewide planning system. Senate Bill 

100 included a list of statewide planning goals covering many aspects of land use, including the 

preservation of agricultural and forest land and urbanization. One of these goals, Goal 14, sought 

“to provide for an orderly and efficient transition from rural to urban land use.” To implement 

Goal 14, a state commission, the Land Conservation and Development Commission (LCDC), 

required cities and counties to designate UGBs and provided a list of factors to consider when 

doing so, such as the need to accommodate projected population increases and satisfy demands 

for housing and employment. Cities and counties then had the task of implementing UGBs, 

subject to approval by the LCDC, a process that took place during the subsequent 10-year period. 

There are provisions within the law for UGBs to expand over time. The requirement is 

that cities maintain, at a minimum, a 20-year supply of developable land within the UGB. When 

this condition is no longer met, additional land is brought inside the UGB, a process that must 

done in a way that respects the statewide planning goals. Specifically, when a UGB is set to 

expand, a typical requirement is that the lands onto which it expands must be contiguous to the 

existing UGB. In terms of which lands are targeted for expansion, a hierarchy of eligible lands is 

established. First, the expansion must focus on lands that are already zoned for rural 

development uses (e.g., land parcels in rural residential and rural commercial zones). Once the 

rural development areas have been exhausted, if further expansion is needed, the UGB can 

spread into areas zoned for exclusive farm use or forest conservation. By making these resource-
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zoned areas the UGB expansion targets of last resort, the spirit of Senate Bill 100 is upheld in the 

face of future development pressures.  

In Oregon, the allocation of water resources is governed by the prior appropriation 

doctrine, a legal framework that has been in place since the early 1900s. Under prior 

appropriation, the state establishes a basin-specific prioritization of who is allowed to withdraw 

water. This legally-defined seniority arrangement is often described by the colloquial phrase 

“first in time, first in right”, which essentially means that water is allocated according to the 

order in which applications are received by the governing state agency.7 When a potential user 

submits an application to withdraw water, the specific use, place of use, point of diversion, 

volume, and rate of withdrawal must all be clearly spelled out. Approval of an application hinges 

on water availability, so that water sources are not overallocated. Further, the proposed use must 

be beneficial, with no waste, which covers irrigation, livestock, and municipal uses, among 

others.  

If the application is approved by OWRD, the applicant is given a water permit, which 

then requires the user to develop any necessary infrastructure (sprinklers, pipes, ditches, etc.) and 

begin using water in accordance with the conditions laid out in the permit. Once this proof of use 

has been verified by the relevant state agency, the water permit is certified and given a priority 

date. The establishment of the priority date, generally the date at which the application was 

submitted, is at the essence of the prior appropriation doctrine. When a given water user is not 

able to satisfy their water needs, all water rights holders with more recent priority dates (often 

termed “junior” users) must discontinue their water withdrawals until the needs of the “senior” 

user have been met. Last, water rights in Oregon also contain a “use it or lose it” provision, 

                                                           
7 In Oregon, the regulatory agency in charge of monitoring, enforcing, and approving water rights is the Oregon 

Water Resources Department (OWRD). 
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meaning that water rights that are not exercised at least once every five years, in exact 

accordance with the terms spelled out in the associated legal documentation, are forfeited.8 Of 

primary relevance to the current analysis is the spatial heterogeneity in agricultural water 

endowments created by adherence to the prior appropriation doctrine. This feature, coupled with 

the forfeiture provision, makes it clear that the precise spatial pattern of land-use change must be 

known in order to gauge its effect on total water use, and demonstrates the need to develop fine-

scale econometric models that can be used to drive the simulated water use patterns. 

                                                           
8 Note that the forfeiture component of Oregon water law generally does not apply to municipalities, who are 

allowed to claim excess water supplies in preparation for future population and economic growth. 
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3 Hedonic Property Value Models 

 In this chapter, I introduce and estimate the hedonic property value (HPV) models that 

will be used as inputs to the econometric land-use decision models, which are covered in Chapter 

4. It is worth reiterating that although this research uses HPV methods, it does so in a way that is 

in contrast to many of the previous applications of hedonic methodology. Specifically, the main 

goal of developing my hedonic models is not to estimate marginal willingness to pay for a 

specific land attribute or policy variable. Instead, and as outlined in the introduction, I use the 

hedonic models to develop predictive equations that can be used to: (1) measure the current-use 

land values for agricultural and forest parcels, and (2) estimate the hypothetical developed land 

values that would accrue to the owners of undeveloped land were they to undertake a conversion 

action. Prior literature does not offer many guidelines on how predictive hedonic equations 

should be developed, particularly in the case of hedonic models that are estimated with panel 

data. Much of the research in this dissertation, as it pertains to hedonic methodology, is therefore 

exploratory in nature. The hedonic equations will be specified as though identification of 

parameter estimates is of foremost concern, and I will proceed under the assumption that a 

properly identified model will produce an effective tool for prediction. 

 Though the hedonic models developed here are not an end in themselves, there are 

specific policy applications related to developed, agricultural, and forest land that I do explore 

with the property value models estimated for each use. For developed land, a policy issue that 

has attracted considerable attention in previous work, both in an outside of my study area, 

concerns how, if at all, land-use regulations influence the value of land. Given Oregon’s 

comprehensive land-use regulatory system, coupled with the fact that I have panel data on land 

values, I am able to shed new light on whether or not urban growth boundary (UGB) designation 
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influences land values, and moreover, how that effect has evolved over time. For agricultural 

land, I investigate how farmland values are affected by the holding of irrigation rights and 

contrast this to the value associated with natural rainfall, providing insight on the relative 

substitutability of irrigation water and precipitation in terms of how they are valued by 

agricultural landowners. Further, with the agricultural hedonic model I contribute to the growing 

literature on the effects of climatic conditions on farmland values, and explore the sensitivity of 

my results to various nonlinear specifications of the precipitation and temperature variables used 

in the model. Last, the hedonic policy application for forest land deals with how the value of 

forest land is affected by transportation costs that forest landowners must incur through the 

increased frequency of timber mill closure during my study time frame. Timber mill closures 

throughout my study timeframe were, in part, driven by the Northwest Forest Plan (NWFP), 

which restricted harvesting on certain public lands in response to concerns regarding the habitat 

of the endangered northern spotted owl. In the forest land hedonic model, I am able to exploit the 

temporal variation in mill shutdowns to provide preliminary evidence as to how the NWFP may 

have influenced the net returns earned by private forest landowners.  

This chapter proceeds as follows. In the next section I give a brief overview of the theory 

that underpins the hedonic property value method. Section 3.2 contains a detailed discussion of 

the parcel-level panel data that I collected on land values in my study area. In Sections 3.3 and 

3.4 I develop the econometric models that will be used in the subsequent empirical analysis. 

Last, Section 3.5 contains estimation results.  

3.1 Theoretical motivation 

 In much of the modern hedonic literature researchers draw on Rosen’s (1974) seminal 

analysis of the hedonic equilibrium to motivate the empirical estimation of the hedonic price 
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function. The basic intuition behind the use of a hedonic modeling framework is that when 

consumers purchase a heterogeneous good, they are essentially purchasing the bundle of 

attributes embodied in the particular “model” they purchase. As a result, the value of a product 

that characterized by attribute heterogeneity may be broken down into the constituent values of 

its associated characteristics. This is typically done by regressing observed prices for the good in 

question on the levels of the characteristics represented by various product models in the first-

stage9 hedonic equation (Freeman 2003). In the case of land, which is a heterogeneous good, a 

hedonic property value model breaks down the price of land into the implicit prices of the 

individual land parcel characteristics. For example, a marginal implicit price for the slope of a 

land parcel could be generated by regressing a set of land prices on the slopes of the individual 

parcels while also controlling for other factors that explain variation in prices. There are 

empirical issues as to how these regression models should be constructed in terms of functional 

form and selection bias, all of which will be addressed below. The purpose of this section, 

however, is to give a brief overview of the theoretical assumptions embedded within the use of 

the empirical hedonic property valuation estimation framework. 

3.1.1 Developed Land Hedonic Theory 

 For residential households, land is a differentiated product that can be described by a set 

of neighborhood (or demographic) (𝐷𝐷) and environmental (𝐻𝐷) attributes. Assume further that 

each land parcel also contains a physical residence in which each household resides that can be 

described by a set of structural housing characteristics (𝐺𝐷). In equilibrium, each household, 

                                                           
9 Note that the vast majority of published hedonic studies only estimate the first stage in Rosen’s (1974) hedonic 

framework. The second stage entails using the marginal implicit price estimates to construct inverse demand curves 

for the individual characteristics. This step is oftentimes not possible given the limited amount of variation in the 

marginal implicit price estimates that come from the first stage estimates and the lack of plausible exclusion 

restrictions that would be needed to properly estimate the inverse demand function (see, for example, Mahan et. al 

2000).  
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𝑖 (𝑖 = 1, … , 𝑁), chooses the land parcel with the set of characteristics that maximizes household 

utility subject to a budget constraint. The equilibrium value of developed land can be described 

by the following equation10: 

(3.1) 𝑃𝑖
𝐷 = 𝑃𝐷(𝐷𝑖

𝐷 , 𝐺𝑖
𝐷 , 𝐻𝑖

𝐷), 

where 𝐷𝑖
𝐷, 𝐺𝑖

𝐷, and 𝐻𝑖
𝐷 represent vectors of neighborhood, structural, and environmental 

characteristics associated with parcel 𝑖.11 The partial derivative of (3.1) with respect to a specific 

land characteristic can be interpreted as the marginal implicit price of that particular 

characteristic. If the land market is in equilibrium, the marginal implicit price of each 

characteristic corresponds to each household’s willingness to pay for an additional unit of the 

characteristic. As an example, if 𝐻2𝑖 represents distance to the nearest city, then 
𝜕𝑃𝐷

𝜕𝐻2𝑖
 would 

represent household 𝑖’s marginal willingness to pay in order to be located one additional unit of 

distance away from the city center.12 Note that equation (3.1) need not be linear, and that 

depending on the appropriate functional form of the hedonic equation, the marginal implicit price 

of a characteristic can depend on its own level and the levels of other attributes pertaining to 

parcel 𝑖. 

3.1.2 Undeveloped Land Hedonic Theory 

For agricultural and timber producers, or the owners of undeveloped land, land is a 

fundamental input to production that, similar to the case of developed land, can be described by a 

set of environmental (𝐻𝑈) characteristics.13 In equilibrium, each producer, 𝑗 (𝑗 = 1, … , 𝑀), 

                                                           
10 The theoretical motivation for the developed land hedonic model is adapted from Freeman (2003).  
11 To avoid the use of unnecessarily cumbersome notation, I assume that each landowner in the city purchases 

exactly one land parcel. 
12 For the partial derivative to have the interpretation of marginal willingness to pay, the presence of a unit-priced 

numeraire good that also influences household utility must also be assumed. 
13 The theoretical motivation for the forest and agricultural hedonic models is adapted from Palmquist (1989). 
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choose the single land plot that maximizes annual profit subject to the appropriate production 

technology constraints. The equilibrium rental value of undeveloped land can thus be written: 

(3.2) 𝑅𝑗
𝑈 = 𝑅𝑈(𝐻𝑗

𝑈), 

where 𝐻𝑗
𝑈 represents the vector of environmental attributes that characterize land parcel 𝑗. 

Similar to the case of developed land, the partial derivatives of equation (3.2) can be interpreted 

as the marginal implicit rent associated with a specific characteristic. For example, if 𝐻1𝑗
𝑈  

represents precipitation, then 
𝜕𝑅𝑗

𝑈

𝜕𝐻1𝑗
𝑈   represents the annual marginal willingness to pay by farmers 

and timber producers to purchase a land parcel located in an area that receives one additional unit 

of precipitation.  

In contrast to the case of developed land, note that the hedonic function for undeveloped 

land is motivated by the rental value of land, as opposed to land prices. This is due to the fact 

that undeveloped landowners can choose to switch uses and develop their land once the value of 

doing so is sufficiently high. As a result, the factors that affect the market price of agricultural 

land, for example, will include some factors that are entirely unrelated to agricultural production. 

The price, as opposed to rent, of agricultural land can therefore be written: 

(3.3) 𝑃𝑗
𝑈 = 𝑃𝑈(𝐻𝑗

𝑈, 𝐷𝑗
𝐷 , 𝐺𝑗

𝐷 , 𝐻𝑗
𝐷). 

Note that the capitalized development factors, 𝐷𝑗
𝐷 , 𝐺𝑗

𝐷 , and 𝐻𝑗
𝐷, will not affect the annual 

rental value associated with keeping the parcel in an agricultural use, as suggested by equation 

(3.2). This is due to the fact that the price of agricultural land is based on two interrelated 

decisions by landowners: (1) the decision to keep their land in agriculture and (2) how much to 

produce, conditional on the being used for agriculture. In the empirical application that follows, 
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the hedonic models that I estimate for agriculture and forest lands are based on equation (3.3). I 

then use the estimated versions of (3.3) to back out an empirical analog to equation (3.2) for 

undeveloped uses, which, as will be emphasized further below, is necessary for the subsequent 

land-use analysis.   

3.2 Property value data 

HPV analyses are often conducted with real estate sales transaction data. My analysis 

takes a different approach in terms of the type of data used to form the dependent variable in the 

HPV functions. Rather than using observed sales data, I construct a panel of real market values 

(RMVs) from assessment databases from various counties in my study area, Oregon’s 

Willamette Valley. According to the Oregon Department of Revenue, RMVs represent 

“…typically the price your property would sell for in a transaction between a willing buyer and a 

willing seller…” In other words, a parcel’s RMV is meant to proxy for the price it would retrieve 

in an arm’s length transaction within the local real estate market. It is worth emphasizing that 

RMVs are not the same as the values upon which property tax assessments are made. They are 

instead derived from sales of comparable land parcels within the local market, and are produced 

on an annual basis by each county’s assessment office. An earlier study by Grout et al. (2011) 

confirm the close correspondence between RMVs and observed sales transactions in the 

Portland, OR land market.  

There are tradeoffs associated with using RMVs as opposed to the sales transactions data 

that are more commonly used in hedonic property valuation studies. On one hand, observed sales 

transaction prices have the obvious benefit of measuring prices that were actually paid within the 

property market being studied. However, sales transactions may not be representative in terms of 

their reflection of the underlying population of properties in the study area. If the properties that 
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are sold differ in some systematic way from those that are not sold, then selection bias is a 

potential problem in hedonic estimates based solely on sold properties. With regards to my land 

use application, another more obvious downside to using sales data is that individual properties 

are not likely to be sold multiple times within my study period. It is important that I have 

temporal variation in land values in order to match the land-use changes I observe in the 

subsequent predictive application of the hedonic models. Further, using repeat sales values 

compounds the potential selection bias attributable to basing estimates solely on sales 

transactions, as properties that are sold multiple times represent an even smaller subset of the 

population of properties in a given area.14 Another major benefit of using the RMV data is that, 

for each parcel, the total property value is broken down into distinct values for improvements 

and land. Since our study focuses on land-use change, the RMV data provides a convenient way 

to differentiate between land and housing values.  

The use of real market values, however, does not come without its own caveats. One 

issue concerns the RMVs being potentially inaccurate in terms of their reflection of a property’s 

true, underlying market price. As a result, the estimated real market value that an assessor 

attributes to a given parcel may suffer from measurement error. This type of bias has been noted 

in the literature. Ma and Swinton (2011) conclude, in an application to farmland values, that 

RMVs may underestimate the marginal price of spatially-dependent environmental factors, 

although their analysis uses a cross-sectional data set.15 An additional potential downside to 

                                                           
14 One workaround to the issue of having a lack of panel variation in hedonic studies proposed by Abbott and 

Klaiber (2011) is to use repeat sales observations within a census block or some other administrative unit that is 

larger than an individual land parcel. Given the wide long time frame that my property value data had to cover, this 

approach was not feasible for my purposes, but it bears mentioning as a strategy to incorporate temporal variation 

into HPV models. 
15 A possible issue with the Ma and Swinton (2011) analysis is that their RMVs are meant to represent only 50% of 

a property’s true market value, and no adjustment (i.e., doubling) is made to account for this prior to imposing a 

logarithmic transformation on the values and estimating the hedonic models. The RMVs used here represent the full 

market value of a piece of property.  
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using RMVs is that, in estimating the hedonic models, one could argue that I am essentially 

conducting a hedonic analysis on property values that were generated through a hedonic analysis 

conducted by the county assessment offices, though it is not clear how, if at all, this would 

impact the estimation results. Even with these potential caveats in mind, the advantage of having 

repeat land value observations for each parcel to facilitate identification of the HPV explanatory 

variables is a compelling reason to use them in the current study. 

Oregon’s Willamette Valley is made up of eleven counties, not all of which lie 

exclusively within the valley’s geographic boundaries. It would be prohibitively time-intensive 

to collect the RMV data for each Willamette Valley county. Thus, I use a four-county subset for 

collecting the necessary property value data. The four counties featured in my parcel data set 

(Benton, Lane, Marion, and Washington) were selected in accordance with two sampling 

objectives. First, they represent the major urban areas within the Willamette Valley (Corvallis, 

Eugene-Springfield, Salem, and Portland Metro). Since urban development is a focal component 

of my analysis, representation of the major urban centers in the study area is a desirable sample 

property. Second, in sampling from these four counties I achieve geographic coverage of the 

Willamette Valley’s latitudinal extent. This feature will help to capture cross-sectional variation 

in explanatory factors related to climatic conditions, topography, and other land attributes.  

The sampling strategy used for collecting the RMV data proceeds as follows. I first stratify the 

comprehensive population of real property accounts in each county according to three broad land 

use categories: developed, agriculture, and forest.  To stratify each county’s population of 

taxlots, I use the property class code, which indicates the highest and best use for each individual 

parcel according to its physical characteristics and any associated zoning restrictions. The 

property class code also represents the land use upon which each parcel’s RMV is based. Several 
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different property class codes comprise each of the three land uses (developed, agriculture, 

forest) that I consider in the analysis. I therefore group the property class codes that are 

representative of each of these uses together and then randomly sample from each land use strata 

and county using Stata.  

The resulting initial samples of taxlots in each use vary in size across the four study area 

counties. Table 3.1 lists the initial and final sample sizes by land use for each county.  For 

Benton County16, the initial sample consists of 700 parcels, 400 of which are classified as 

developed or developable (i.e., vacant) for residential housing and 150 each in agriculture and 

forest. Since it is associated with the smallest urban area represented by the study counties, the 

size of the Benton County sample is smaller than that of any of the other three study counties. 

The initial samples for Lane, Marion, and Washington Counties are proportional to those of 

Benton County in terms of the size of the urban area they represent. Specifically, Washington 

County has the largest sample overall due to its association with the Portland Metro area,17 

followed by Marion County (Salem), Lane County (Eugene-Springfield), and, again, Benton 

County (Corvallis). In each county, the initial sample size for developed parcels is roughly one-

third larger than the combined samples of undeveloped parcels (agriculture and forest).18 The 

number of initial forest and agricultural parcels is equal within each of the four counties, but 

differs across counties. Several rounds of screening, discussed in further detail in Section 3.3, are 

conducted prior to constructing the final samples used in estimating the HPV relationships. 

 

 
                                                           
16 Benton County was the first study county for which the RMV data were collected. Its initial sample sizes were 

determined in a somewhat arbitrary fashion, keeping in mind the amount of time spent on data collection efforts and 

the sample sizes found commonly in prior hedonic studies. 
17 Two other counties, Clackamas and Multnomah, are also associated with the Portland Metro area. 
18 This, again, is a somewhat arbitrary decision that was made initially for Benton County and then applied to 

subsequent study counties in order to maintain a consistent balance across the sample sizes for different land uses. 
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Table 3.1: Parcel sample sizes by county 

 

To construct a panel of RMVs for each county, I begin with the initial samples for the 

year 2000 and work backward through time to collect observations for 1992, 1986, 1980, and 

1973. These years are chosen to correspond to the availability of the Land Cover Trends (LCT) 

data used to estimate the subsequent land-use model. RMVs for 2000 and 2006 are available in 

digital format from county assessment offices. Prior to 2000, RMV data for Lane, Marion, and 

Washington County are kept on microfilm and microfiche. The older RMV data for Benton 

County are maintained in paper format.  

Due to the manner in which my RMV data set is constructed, the number of observed 

taxlots does not remain constant across all time periods. Specifically, the sample size declines 

when collecting data for study years that are further from the year upon which the initial sample 

is drawn. For developed land, this form of attrition can mainly be attributed to parcels being 

subdivided and assigned a new taxlot identification number. As an example, if a taxlot is 

subdivided in 1984, then at least one new parcel that did not previously exist is created. One of 

the newly created parcels may retain the parent parcel’s taxlot identification number. For the 

parcels that do not retain the parent parcel’s taxlot identification number, if they are included in 

my sample, I would only observe them for the years 1986, 1992, and 2000, but not for 1980 or 

County Developed Agriculture Forest Total

Benton 400 150 150 700

Lane 900 350 350 1,600

Marion 1,000 400 400 1,800

Washington 1,100 450 450 2,000

County Developed Agriculture Forest Total

Benton 267 121 129 517

Lane 746 346 257 1,349

Marion 944 388 359 1,691

Washington 980 434 432 1,846

Initial Sample Size

Final Sample Size
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1973. Therefore, the number of parcel observations in more recent years will always be greater 

than that for earlier years. Given that attrition is commonly thought of as a phenomenon in which 

cross-sectional units drop entirely out of a sample, but not at random (e.g., Hausman and Wise 

1979), I refer to the occurrence of parcels being completely unobserved in earlier years as “pure 

attrition.”19  

An additional, but somewhat more subtle form of attrition is also present in my RMV 

data set. Using the previous example, when a parcel is subdivided, the newly created parcel may 

retain the old taxlot identification number corresponding to the parent parcel. Using the acreage 

records in the RMV data, I can thus determine if a parcel was at one point part of a different 

parcel. As a simple example, suppose that a 5-acre parcel is observed in 2000, 1992, and 1986, 

but the same parcel (using its taxlot identification number) is listed as having 25 acres in 1980 

and 1973. It is clear that something occurred on the property that split up the original parcel at 

some point between 1980 and 1986. Since this observed phenomenon is qualitatively equivalent 

to “pure attrition”, it will be treated as such, but will be referred to as “acreage attrition” 

throughout my analysis. Overall, the two forms of attrition result in each initial parcel included 

in my samples to not be observed the same number of times throughout the length of the panel 

timeframe, resulting in an unbalanced panel of parcel-level RMVs.  

The RMV of land is used to form the dependent variable in each of the hedonic equations 

I estimate. Improvement RMV (i.e., the value of dwellings, farm buildings, and other fixed 

capital on a parcel) and parcel acreage are also obtained through the same county assessment 

databases as the RMV data. A number of additional explanatory variables are calculated for the 

                                                           
19 One thing that makes the form of attrition observed here unique is how it pertains to the study’s timeline. Attrition 

is commonly thought to occur when, for example, an initial group of survey respondents becomes smaller over time. 

Here, due to my data collection process, “over time” corresponds to earlier time periods rather than those observed 

further out in the future.  
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sample taxlots using geographic information systems (GIS). Among these variables are various 

measures of distance, such as proximity to the nearest urban center, timber mill, and urban 

growth boundary edge. Topographical heterogeneity is accommodated through variables 

measuring slope and elevation. Other hedonic covariates include soil quality (measured by the 

Land Capability Classification system), river presence, long-term climatic variables 

(temperature, precipitation), demographic characteristics (population density, income), and 

institutional considerations (land ownership, zoning designation, water rights). Appendix Tables 

A.1 and A.2 list the data sources used to obtain the hedonic attribute variables for developed and 

undeveloped land, respectively.   

3.3 Econometric methods 

 A novel feature of my hedonic application is the use of parcel-level real market values in 

a panel setting. The existing hedonic literature offers little guidance on the implications of using 

a data set of this sort to form the dependent variable in the HPV specification. The main purpose 

of my hedonic models, predicting land values across several uses for individual parcels, further 

isolates my analysis from previous applications of hedonic methodology. Since most hedonic 

analyses employ cross-sectional sales transactions data, econometric methods for panel data have 

not been widely employed in the hedonic literature. Although many of the existing cross-

sectional studies include multiple years of transactions data, they cannot be considered true panel 

applications since repeated values on the same parcels are not observed over time. The hedonic 

models estimated for this analysis are therefore unique in term of their application to repeat 

values for a large cross-section of individual land parcels without the use of repeated sales 

observations. 
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3.3.1 Econometric estimators for linear panel data models 

 Random (RE) and fixed (FE) effects are the two basic approaches to estimating a linear 

panel data model. These two estimators differ mainly in their treatment of cross-sectional 

unobserved heterogeneity. To begin, I will first develop a general HPV panel model in order to 

review the properties of the standard panel estimators and motivate the estimators that I 

subsequently use. Assuming that there are 𝑁 parcels in the sample used for estimation, a general 

unbalanced panel model for a single land value observation is represented by the following 

equation: 

(3.4) 𝑣𝑖𝑡 = 𝑥𝑖𝑡
′ 𝛽 + 𝑎𝑖 + 휀𝑖𝑡,  

where 𝑖 indexes parcels (𝑖 = 1, … , 𝑁) and 𝑡 indexes years (𝑡 = 1, … , 𝑇𝑖). The dependent variable, 

𝑣𝑖𝑡, represents a single observation from an 𝑁�̅�-vector20 of land values. On the right-hand side of 

(3.1), 𝑥𝑖𝑡 represents a single row from an 𝑁�̅�-by-𝑘1 matrix of time-varying explanatory 

variables, 𝛽 denotes an associated 𝑘1-vector of parameters to be estimated, 𝑎𝑖 is an observation 

from an 𝑁�̅�-vector of time-invariant parcel-specific intercepts, and 휀𝑖𝑡 represents a single value 

from an 𝑁�̅�-vector of mean-zero idiosyncratic disturbances terms. To highlight the differences 

between the various panel estimators that could potentially be employed, it is useful to 

decompose 𝑎𝑖 into an observable and unobservable component. Specifically, let 𝑎𝑖 = 𝑧𝑖
′𝛿 + 𝑢𝑖, 

where 𝑧𝑖 represents a row from an 𝑁�̅�-by-𝑘2 matrix of time-invariant observable parcel 

characteristics, 𝛿 denotes an associated 𝑘2-vector of parameters, and 𝑢𝑖 is single value from an 

𝑁�̅�-vector of time-invariant unobserved parcel heterogeneity assumed to have mean zero.    

                                                           
20 Note that �̅� =

1

𝑁
∑ 𝑇𝑖

𝑁
𝑖=1 . 
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 The RE estimator operates on the assumption that the sample of land parcels used to 

estimate the model is drawn from a large population of parcels (Greene 2008). Unobserved 

parcel heterogeneity is incorporated through the 𝑢𝑖 terms, which accounts for factors specific to 

individual parcels that are not explicitly included in (3.1). The RE estimator therefore falls into 

the family of generalized least squares (GLS) estimators, as the error term is a composite of the 

time-invariant 𝑢𝑖 and time-varying 휀𝑖𝑡. Viewed this way, it is obvious why the RE estimator is 

sometimes referred to as an error components model (Greene 2008). An advantage of the RE 

estimator is its ability to compute parameter estimates for the observable time-invariant variables 

𝑧𝑖. This feature is particularly noteworthy in the case of my hedonic models, since there are 

many time-invariant factors that have been shown to exert a significant influence on land values 

(e.g., soil quality, various proximity measures). Consistent estimation of 𝛿, however, is 

predicated on the potentially restrictive assumption that both 𝑧𝑖 and 𝑥𝑖𝑡 are not correlated with 

𝑢𝑖. That is, in addition to the standard strict exogeneity assumption that 𝐸[휀𝑖𝑡|𝑧𝑖, 𝑥𝑖𝑡] = 0 it must 

also be assumed that 𝐸[𝑢𝑖|𝑧𝑖, 𝑥𝑖𝑡] = 0, or that the unobserved parcel heterogeneity is orthogonal 

to the model’s explanatory covariates.  

 In contrast, the FE estimator explicitly accounts for parcel heterogeneity by including a 

separately estimated intercept parameter for each parcel. In doing so, the FE estimator combines 

the effects of 𝑧𝑖
′𝛿 and 𝑢𝑖 into an estimated parcel constant 𝑎𝑖. A clear disadvantage to this 

approach is that the observable time-invariant effects 𝑧𝑖
′𝛿 cannot be distinguished from the 

unobservable 𝑢𝑖, and are therefore subsumed into each parcel’s intercept. The main draw to the 

FE estimator is that it imposes much less restrictive assumptions on the nature of the correlation 

between the observed and unobserved components of each parcel’s land value. Specifically, it is 

permitted that 𝐸[𝑢𝑖|𝑧𝑖, 𝑥𝑖𝑡] ≠ 0, as this simply amounts to correlation between the intercept term 
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and other observed factors in the model. Consistent estimation is therefore only based upon the 

assumption that 𝐸[휀𝑖𝑡|𝑧𝑖, 𝑥𝑖𝑡] = 0. One additional point regarding the efficacy of the FE 

estimator concerns the potentially large number of parameters that it requires to be estimated. 

Specifically, an additional 𝑁 − 1 − 𝑘2 parameters must be estimated relative to the number 

required for the RE estimator.21  

It is clear that there are several tradeoffs that must be weighed when making the decision 

of whether to use FE or RE. The benefits of using one estimator over the other depend on the 

nature of the data available to estimate the model and the application to which it is being applied. 

For the current analysis, the ability to compute coefficient estimates for time-invariant variables 

is desirable, as many of the factors that explains land values for different uses, such as 

topography, do not change over time. However, the inclusion of such factors could cause 

substantial bias in the resulting RE estimates if the strict exogeneity assumption does not hold. In 

the case of modeling lad values, basic intuition suggests that the RE strict exogeneity assumption 

is duly restrictive in terms of the narrow relationship it permits between the observed and 

unobserved components of the model. As an example, unobservable factors affecting developed 

land values, such as school quality or aesthetic neighborhood characteristics, are not likely to be 

orthogonal to observed attributes such as distance to the nearest urban center or household 

income. Likewise, for undeveloped, agricultural land, irrigation technologies or fertilizer use are 

not observed, but would likely be correlated with soil quality, an observed factor. However, the 

                                                           
21 This issue can be dealt with by using the within estimator, which is used to generate estimates of 𝛽, directly while 

only computing an average of the parcel intercepts. Let �̅�𝑖. =
1

𝑇𝑖
∑ 𝑥𝑖𝑡

𝑇𝑖
𝑡=1 , �̅�𝑖. =

1

𝑇𝑖
∑ 𝑣𝑖𝑡

𝑇𝑖
𝑡=1 , �̅�𝑖. =

1

𝑇𝑖
∑ 𝑎𝑖

𝑇𝑖
𝑡=1 , and 휀�̅�. =

1

𝑇𝑖
∑ 휀𝑖𝑡

𝑇𝑖
𝑡=1 . Estimating the following model based on temporal differences within individual parcels, (𝑣𝑖𝑡 − �̅�𝑖.) =

(𝑎𝑖 − �̅�𝑖.) + (𝑥𝑖𝑡 − �̅�𝑖.)
′𝛽 + (휀𝑖𝑡 − 휀�̅�.), will produce identical estimates of 𝛽 to those produced with the FE 

estimator, but will conserve an additional 𝑁 − 1 degrees of freedom, assuming that an intercept term is desired. 

However, given the importance of accounting for parcel heterogeneity in my application, use of the within estimator 

directly is not an attractive estimation strategy.   
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fact that my samples of parcel RMVs are drawn from a large population yields intuitive appeal to 

using the RE estimator. Given the lack of a clear choice regarding which estimator should be 

used, I explore two hybrid estimators that are aimed at preserving the benefits of RE and FE 

estimation in a unified framework.  

Several econometric panel estimators have been developed with the joint aim of: (1) 

avoiding the bias induced by violating the RE strict exogeneity assumptions and (2) explicitly 

accommodating the influence of 𝑧𝑖. One such method is correlated random effects (CRE), or 

Mundlak’s approach (Mundlak 1978), which deals with correlation between 𝑢𝑖 and 𝑧𝑖 (or 𝑥𝑖𝑡) by 

including the parcel means of the time-varying observable variables as additional covariates. The 

CRE model for my application may be written as follows: 

(3.5) 𝑣𝑖𝑡 = 𝑥𝑖𝑡
′ 𝛽 + 𝑧𝑖

′𝛿 + �̅�𝑖.
′ 𝛾 + 𝑢𝑖 + 휀𝑖𝑡,  

where �̅�𝑖. represents a row from an 𝑁�̅�-by-𝑘1 matrix of parcel means of the time-varying 

explanatory variables 𝑥𝑖𝑡, 𝛾 denotes the associated 𝑘1-vector of parameters to estimate, and all 

other terms are defined above. The logic behind the CRE estimator is that, by including the 

parcel means in the model, a portion of the unobserved parcel-specific heterogeneity is being 

removed from 𝑢𝑖, allowing for some correlation between the model’s observed and unobserved 

components that would lead to biased coefficient estimates when using the standard RE 

estimator. Specifically, the CRE estimator replaces the standard RE assumption 𝐸[𝑢𝑖|𝑧𝑖, 𝑥𝑖𝑡] = 0 

with the less restrictive 𝐸[𝑢𝑖|𝑧𝑖, 𝑥𝑖𝑡] = �̅�𝑖.
′ 𝛾. Wooldridge (2010) outlines a strategy for estimating 

CRE models with unbalanced panel data, recommending that the parcel means should be 

calculated only for the years that each parcel observation is included in the model. In other 

words, �̅�𝑖. =
1

𝑇𝑖
∑ 𝑥𝑖𝑡

𝑇𝑖
𝑡=1  for each of the 𝑘1 time-varying parcel characteristics. Recent 
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applications of the CRE estimator include Lewis et. al (2011), Sheahan et. al (2013), and Zipp et. 

al (2012).  

 An alternative estimation strategy proposed by Hausman and Taylor (HT; 1981) corrects 

for the endogeneity of time-invariant factors by using the �̅�𝑖. as instrumental variables. In 

application to my hedonic models, the HT estimator is represented by the following model: 

 (3.6) 𝑣𝑖𝑡 = 𝑥1𝑖𝑡
′ 𝛽1 + 𝑥2𝑖𝑡

′ 𝛽2 + 𝑧1𝑖
′ 𝛿1 + 𝑧2𝑖

′ 𝛿2 + 𝑢𝑖 + 휀𝑖𝑡,  

where 𝑥1𝑖𝑡 represents a row from an 𝑁�̅�-by-𝐻1 matrix of time-varying explanatory variables 

with an associated 𝐻1-vector of parameters to be estimated 𝛽1, 𝑥2𝑖𝑡 represents a row from an 𝑁�̅�-

by-𝐻2 matrix of time-varying explanatory variables with an associated 𝐻2-vector of parameters 

to be estimated 𝛽2, 𝑧1𝑖 denotes a row from an 𝑁�̅�-by-𝐺1 matrix of time-invariant explanatory 

variables with an associated 𝐺1-vector of parameters to be estimated 𝛿1, and  𝑧2𝑖 denotes a row 

from an 𝑁�̅�-by-𝐺2 matrix of time-invariant explanatory variables with an associated 𝐺2-vector of 

parameters to be estimated 𝛿2. All other terms are defined above. As it relates to the models 

discussed above, note that 𝐻1 + 𝐻2 = 𝑘1 and 𝐺1 + 𝐺2 = 𝑘2. Use of the HT estimator turns on 

the ability of the researcher to distinguish the variables that are exogenous from those that are 

presumed to be endogenous. Specifically, it is assumed that 𝐸[𝑢𝑖|𝑧1𝑖, 𝑥1𝑖𝑡] = 0, while 

𝐸[𝑢𝑖|𝑧2𝑖, 𝑥2𝑖𝑡] ≠ 0. In specifying a model that will be estimated with the HT method, the 

following order condition must also be satisfied: 𝐻1 ≥ 𝐺2. Given the requirement that the 

researcher explicitly designate certain variables as endogenous, the HT estimator is attractive in 

situations where, a priori, it is known which variables would violate the strict exogeneity 

assumption of the standard RE estimator.   
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 The current analysis features the use of both the CRE and HT estimators to deal with 

unobserved land parcel heterogeneity. Given Oregon’s comprehensive land-use regulatory 

system, I account for the possibility that the constraints imposed on individual land parcels are 

endogenously related to land market outcomes (see, e.g., Quigley and Rosenthal 2005). I am 

chiefly concerned with the effect of UGB designation on the value of developed land parcels. At 

the parcel level, the intuition behind why UGB designation and developed land values are 

endogenously related is straightforward. The area covered by a given municipality’s UGB is 

determined by city planners who, when setting the UGB, would likely target land parcels with 

characteristics that make them suitable for urban-oriented land uses (e.g., commercial retail, 

residential housing, multi-family housing). Many of the attributes that influence the decision of 

whether or not a parcel is included in the UGB would also influence the value of the land in a 

developed use (e.g., proximity to the urban center, connectivity to existing utility networks, 

neighborhood characteristics). Thus, if there are unobserved factors that jointly influence both 

the UGB designation of a parcel and its developed land value, the UGB variable will not be 

properly identified.  

 Ideally, I would account for the effects of UGB designation with a fixed effects model 

that takes advantage of temporal variation through the UGB expansion process. However, I do 

not have sufficient temporal variation in UGB designation via UGB expansions to treat the UGB 

indicator variable as time-varying. Table 3.2 lists how UGBs in the Willamette Valley have 

expanded during my study period of 1973-2000. The vast majority of UGB expansions have 

occurred in the Portland Metro area, with only one small expansion taking place in another major 

urban area (Eugene).  
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Table 3.2: UGB expansions in the Willamette Valley, 1973-2000 

 

To deal with the endogenous UGB designation variable, I instead use the HT estimator 

for the developed land hedonic model. Specifically, I instrument for the time-invariant effect of a 

parcel being included in a UGB using the parcel means of the time-varying covariates included 

in the model. The primary instruments are the parcel means associated with the population 

density and household income of the nearest city. Intuitively, one would expect a negative 

correlation between population density and inclusion of a parcel in the nearest city’s UGB, as, all 

else equal, higher population density suggests more compact development patterns and a 

relatively smaller number of parcels with the nearest city’s UGB. For the nearest city’s 

household income, I would expect a positive correlation with UGB designation at the parcel 

level, assuming land is a normal good. Additional instruments include the parcel means of the 

inverse Mill’s ratio (explained below in further detail), plot improvement values (i.e., the RMV 

of buildings and other infrastructure on a parcel), year dummy variables, and UGB-by-year 

interactions. Listed below in Table 3.3 are the pairwise correlations between the time-invariant 

UGB indicator variable and the parcel means for the continuous time-varying developed land 

hedonic covariates. As expected, household income (and its square) are positively associated 

with UGB designation. The sign of the correlation between population density and the UGB 

variable, however, is counterintuitive, and likewise suggests a positive correlation. The strongest 

City Area (acres) # of expansions

Portland Metro 9,887 95

Other major WV cities⁺ 240 1

Small cities⁺ 4,919 36

Total 15,046 132

Notes: We define a major city as one with a population count of over 

20,000, according to the US Census, as of the year 2000.
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instrument appears to be the inverse Mill’s ratio (IMR) variable, which has the only correlation 

coefficient that is greater than |0.3|.  

Table 3.3: Correlation coefficients for UGB variable and parcel means 

 

 An additional endogeneity concern stems from the variable representing the population 

density of the nearest city. It could be argued that population density is endogenous, as it 

depends on the land development decisions of private landowners, which are themselves made in 

response to land market conditions (e.g., Capozza and Helsley 1989). However, the scale of my 

population density variable, coupled with the other variables that are included in the developed 

hedonic specification, should in large part mitigate any issues in identifying the effect of 

population density on land values. Since I measure population density at the level of individual 

cities, identification of the population density parameter hinges on the absence of correlation 

between unobserved factors that influence land values, for parcels located nearest to a given city, 

that are correlated with population density. The developed hedonic specification, however, 

includes county effects, which reduces the potentially problematic unobserved heterogeneity to 

that which varies across the cities within a given county. Inclusion of the yearly dummy 

variables further reduces the culpable unobservable factors to those that are not related to 

systematic macroeconomic shocks that affect land values in the Willamette Valley as a whole.  

As a result, the only latent factors that could render the population density coefficient estimates 

endogenous are those that vary across cities within a given county, but do not change over time, 

which are likely to be quite small given the statewide nature of Oregon’s comprehensive land-

use plan and the fact that the RMV data is developed at the county level.  

Pop. density (Pop. Density)² HH income (HH income)² IMR Imp. Val.

UGB 0.105 0.112 0.136 0.135 -0.306 0.048
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In modeling the land values for forest and agricultural uses, I do not have as clear of an 

indication as to which of the explanatory variables I include could potentially violate the strict 

exogeneity assumption of the standard RE model. As a result, I use the CRE estimator to 

estimate the hedonic property value functions for land in undeveloped uses, as it does not require 

an explicit recognition of which variables are potentially endogenous.  By including the parcel 

means of the time-varying variables as additional covariates, the use of the CRE estimator will 

(in part) remove unobserved parcel heterogeneity that would otherwise be relegated to the 

model’s error terms. Further, and more importantly, the CRE estimator provides a means to 

generate parameter estimates for time-invariant land characteristics, such as soil quality and 

topography, which are important to account for in modeling the value of undeveloped land.  

3.3.2 Sample selection issue 

 The predictive application of my hedonic application, coupled with the attrition inherent 

in my property value data set, poses a sample selection issue that I deal with in the first stage of 

my econometric framework. The estimated developed land HPV function is used to predict the 

hypothetical value of undeveloped land in a developed use. However, the HPV relationship for 

developed land is necessarily constructed with land value data for parcels that are already 

developed. Since land uses are not randomly assigned across the landscape, a potential selection 

problem emerges when applying the developed HPV model to undeveloped parcels. Specifically, 

if there are unobserved factors that influence both the decision to develop land and the 

subsequent value of that land, the hypothetical developed land value predictions will be affected 

by a form of sample selection bias.  
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To control for this potential source of sample selection bias, I employ a corrective 

procedure originally proposed by Wooldridge (1996) for panel data models.22 Wooldridge’s 

(1996) method is a relatively straightforward extension of Heckman’s (1979) seminal 

contribution. In my case, I only observe the developed land value when the latent net benefits to 

putting land in a developed use are positive. The parameters that are used to compute the 

predicted developed land values for undeveloped lands are therefore conditional on whether the 

parcels used in estimating the developed HPV model are developed, or 𝐸[𝑣𝑖𝑡
𝑑 |𝑠𝑖𝑡

∗ > 0], where 𝑠𝑖𝑡
∗  

represents the latent net benefits to developing land and 𝑣𝑖𝑡
𝑑   represents the observed developed 

land value. To incorporate this selection criteria into my developed hedonic model, I estimate the 

following latent development benefit function: 

(3.7) 𝑠𝑖𝑡
∗ = ℎ𝑖𝑡

′ 𝜋𝑡 + 𝜇𝑖𝑡,  

where 𝑠𝑖𝑡, the binary variable representing whether or not parcel 𝑖 is contained in the developed 

sample at time 𝑡, takes a value of 1 if 𝑠𝑖𝑡
∗ > 0 and is 0 otherwise. In (3.4),ℎ𝑖𝑡 represents the 

factors the influence the allocation of a parcel to a developed use with associated parameters 𝜋𝑡 

and 𝜇𝑖𝑡 is assumed to be normally distributed with unit variance. Assuming that the 𝜇𝑖𝑡 are 

normally distributed facilitates the use of a probit model to estimate (3.4), where: 

𝑃𝑟𝑜𝑏(𝑠𝑖𝑡 = 1|ℎ𝑖𝑡) = 𝛷(ℎ𝑖𝑡
′ 𝜋𝑡), and 𝑃𝑟𝑜𝑏(𝑠𝑖𝑡 = 0|ℎ𝑖𝑡) = 1 − 𝛷(ℎ𝑖𝑡

′ 𝜋𝑡).23 

The first step to implementing Wooldridge’s (1996) selection correction involves 

estimating cross-sectional selection equations to form an inverse Mill’s ratio for each of the 

panel years, denoted for year 𝑡 as 𝜆𝑖𝑡 = 𝜑(ℎ𝑖𝑡
′ 𝜋𝑡)/Φ(ℎ𝑖𝑡

′ 𝜋𝑡). Note that the fitted IMRs will vary 

                                                           
22 For a review of methods that can be used to deal with sample selection issues in panel settings, see Jensen et. al 

(2001).  
23 The terms 𝛷(∙) and 𝜑(∙) represent the cumulative distribution function and probability density function of the 

standard normal distribution, respectively.  
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across both parcels and time since ℎ𝑖𝑡 includes time-varying variables and the distribution of 𝑠𝑖𝑡 

varies across the panel years due to attrition. To this point, note that there are two ways in which 

parcel 𝑖 could be excluded from the developed sample in time 𝑡 (i.e., 𝑠𝑖𝑡 = 0). For one, parcel 𝑖 

could be included in the forest or agricultural parcel sample in time 𝑡, which, by definition, 

would preclude its inclusion in the developed sample. A second way that parcel 𝑖 may not be 

included in the developed sample is due to the attrition inherent in my parcel data set. If parcel 𝑖 

is included in the developed sample for years 𝑡 = 𝑡∗, … , 𝑇, where 𝑇 is the final year of the panel 

time horizon and 𝑡∗ is the first year we observe parcel 𝑖’s developed land value, then for the 

purposes of the sample selection model 𝑠𝑖𝑡 = 0 for 𝑡 < 𝑡∗ and 𝑠𝑖𝑡 = 1 for 𝑡 ≥ 𝑡∗. When parcels 

drop out through the attrition process, I assume they do so because they were in an undeveloped 

use at some point during the 1973-2000 study timeframe, and are therefore treated accordingly in 

the estimation of equation (3.7).  

Once the IMR variables have been formed, they are included in the developed hedonic 

model specification, and, for the purposes of the HT estimator, are treated as part of the 𝑥1𝑖𝑡 

matrix of time-varying exogenous explanatory variables. In the context of my sample selection 

problem, the model of interest, the developed HPV function, is linear, which suggests the use of 

an exclusion restriction, or a variable that is included in ℎ𝑖𝑡 but not in the developed hedonic, in 

order to properly identify the effect of the IMR variable.24 As an exclusion restriction, I use a 

dummy variable that represents whether or not the parcel has an irrigation water right associated 

with it. Intuitively, the legal right to irrigate a parcel of undeveloped land should have a positive 

influence on the retention of land in an agricultural use due to the higher yields, the capability to 

produce high-priced specialty crops, and the increased adaptability to changing weather 

                                                           
24 Without an exclusion restriction, a parameter estimate for the IMR variable is attainable solely because it is a 

nonlinear function of the hedonic explanatory variables.   



42 

 

 

conditions that are associated with irrigation as a crop management practice. However, once 

converted, the value of developed land should no longer be influenced by the irrigation right, 

since it can no longer be used given the forfeiture provision in Oregon’s prior appropriation legal 

framework, providing justification for excluding the irrigation rights variable from the hedonic 

model for developed land. 

3.4 Econometric setup 

 To arrive at the final parcel samples that are used to estimate the final hedonic models 

that are used in the subsequent land use application, the initial samples are screened in several 

ways. Table 3.4 lists the number of parcels in each use that are retained with each additional 

condition imposed on the samples. Note that the initial sample of developed land parcels is larger 

in size compared to both the forest and agriculture samples. The reason for this difference is 

twofold. First, by oversampling from developed properties within a county, the developed land 

sample is more likely to be representative of the various cities that each county contains, 

allowing for relatively more variation to be included in the population density and income 

covariates which are measured at the city level. Second, developed land, in general, has been 

shown to exhibit significantly more variability than land in forest and agricultural uses (e.g., 

Lubowski et. al 2008), increasing the sample size necessary to achieve a representative sample of 

developed parcel values.  

I first restrict the parcel samples drawn from the county assessment data to those that 

have a matching polygon in the taxlot GIS data, which is necessary for collecting many of the 

hedonic explanatory factors. Second, each parcel with an acreage disparity of over 10% between 

the GIS taxlot polygon and the acreage listed in the RMV data is dropped to avoid measurement 

error in the spatial explanatory variables (e.g., elevation, lot size). Third, all parcels that are not 
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Table 3.4: Screening results for hedonic estimation samples 

 

located in the Willamette Valley are dropped in order to avoid mixing parcels from coastal 

Oregon communities with those from my study area.25 Fourth, I remove all parcels that are not 

privately owned. Fifth, I make use-specific adjustments to the samples based on the acreage of 

the parcels they contain. For the sample of developed parcels, I remove any observations with an 

area of less than 1/20th of an acre in order to ensure that the parcels that are included are actually 

used for residential or other urban purposes and are not “slivers” that represent only a fraction of 

a larger taxlot. For agricultural and forest land, I remove all parcels smaller than 10 acres in 

order to focus on parcels that are actually used for commercial agriculture and forestry, as 

opposed to those used for hobby farms or rural residential purposes. Last, for forest and 

agricultural land I limit the sample used for estimation to the parcels that are included in 

exclusive farm use (EFU) and forest conservation (FC) zones.26 I restrict the undeveloped 

samples in this way in order to better approximate the value of land in a strictly undeveloped use, 

as opposed to, for example, a combination of agricultural use and capitalized future development 

                                                           
25 This third round of screening is primarily conducted because Lane County extends beyond the Oregon Coast 

mountain range and into the coastal community of Florence, OR. Presumably, the land market in coastal areas is 

markedly different from that pertaining to the inland Willamette Valley region, and the two should therefore not be 

mixed in the hedonic models. 
26 According to the Oregon Department of Land Conservation and Development, EFU zoning limits “development 

that could conflict with agricultural practices.” FC zoning is the forestry equivalent of EFU.  

Developed Agriculture Forest Total

Initial sample size 3,400 1,350 1,350 6,100

After removing observations with no GIS polygon match 2,937 1,289 1,177 5,403

After removing those with GIS-assessor acreage disparity 2,772 1,056 948 4,776

After removing coastal parcels 2,696 1,054 937 4,687

After removing non-private lands 2,694 1,051 926 4,671

After imposing area restrictions 2,659 641 563 3,863

After imposing zoning restrictions 2,659 586 464 3,709
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rents. After imposing the necessary restrictions on my parcel samples, I am left with 3,709 

parcels, with 2,659, 586, and 464 in developed, agricultural, and forest uses, respectively.  

 Economic intuition and the existing hedonic literature (described in Chapter 2) guide the 

selection of the independent variables that are included in the hedonic specifications for each 

land use. Land values for developed parcels are influenced by the factors that determine the 

relative supply and demand for developed land. A priori, it would be expected that parcels 

located in denser, wealthier areas have higher values. Population density would be expected to 

have a positive influence on developed land values, since it conveys information about 

constraints on land availability (i.e., a higher density would suggest a more restrictive supply). 

Higher income levels are also presumed to have a positive effect on developed land values if it is 

assumed that land is a normal good. I measure the effects of population density and median 

household income using data from the US Census pertaining to the nearest city with a population 

of more than 20,000 people (in 2000). Proximity to urban amenities, also assumed to have a 

positive influence on land values, is measured by distance to the nearest city center, again for 

those cities with populations greater than 20,000. Further, I allow for a nonlinear marginal effect 

related to population density, household income, and urban proximity by using a quadratic 

specification for these variables.  

 The effects of land-use regulations on developed land values are captured by a dummy 

variable representing whether a parcel is located inside of a UGB. Being located within a UGB is 

presumed to increase property values since landowners are less restricted in terms of what they 

can do with their land. For example, owning a parcel inside of a UGB may confer the right to 

subdivide a parcel for higher density development, which will increase the economic returns (per 

unit area) to the landowner. To measure the feasibility of future redevelopment, I also include a 
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variable representing the average slope of the parcel, which serves as a measure of the 

construction costs associated with physical alterations on the parcel. I also include yearly 

interaction effects with the time-invariant UGB variable to account for how the land market has 

perceived the dynamic effects of Oregon’s land use planning system since its inception in 1973. 

Last, I also include a variable representing the value of improvements on the parcel, which will 

capture any complementarities between land and building values.  

 Agricultural land values are presumed to be influenced by the standard variables that 

affect agricultural land productivity, including soil quality, long-term weather patterns, and 

topography. Soil quality is measured using the Land Capability Classification (LCC) system, 

which measures the suitability of land for producing common field crops. Weather conditions are 

captured by variables measuring the 30-year mean (over the period 1971-2000) of total 

precipitation and average minimum temperature during the growing season (April-October). 

Topography is measured by the average slope of the parcel. I also include a dummy variable 

representing the irrigation rights administered through Oregon’s version of the prior 

appropriation doctrine. Since water is considered to be a valuable input to agricultural 

production, I also interact the irrigation right dummy variable with total growing season 

precipitation in order to gauge the extent to which irrigation water may serve as a substitute for 

natural rainfall.  

 Similar to agricultural parcels, the market value of forested land is influenced by physical 

land characteristics related to timber production. Slope and elevation represent topographic 

influences, with both expected to have negative effects on and values due to the higher costs 

associated with harvesting from steeper, more remote lands. Soil quality, again measured by 

LCC, is included to account for the higher potential timber yields found on more fertile lands. 



46 

 

 

Post-harvest transportation costs are accounted for by distance to the nearest timber mill, which 

enters the model in a nonlinear, quadratic fashion. Oregon’s Forest Practices Act27 requires that 

fish-bearing streams are given adequate protection from harmful runoff and temperature 

fluctuations through the use of riparian buffers. As such, I include a dummy variable 

representing whether or not a forest parcel contains any major rivers within its boundary, the 

coefficient on which I would expect to be negative since it limits the use of the parcel for timber 

production. I also include a dummy variable that denotes whether the parcel is owned by non-

industrial interests, as industrial landowners are more limited with regards to the types of 

harvesting activities that can be practiced on their land.  

 For undeveloped lands, in addition to the variables that would influence the returns to 

agricultural production and timber harvesting, I also include variables related to capitalized 

future development rents. Two of these development-oriented covariates are population density 

and household income, also included in the developed hedonic specification. Since all of 

undeveloped parcels are located in resource-zoned areas (EFU and FC zones), which by 

definition are located outside of UGBs, I account for the imminence of future development by 

including a variable measuring the distance from each parcel to the nearest UGB edge. Given 

that agricultural parcels tend to be located relatively close to urban areas, the UGB distance 

variable enters linearly in the agricultural HPV model specification. For forest parcels, the UGB 

distance variable enters in quadratic form, since forest lands exhibit more variability in terms of 

how far they are from urban areas.  

 Appendix Table A.2 lists descriptive statistics for the time-varying variables by sample 

year. As expected, developed parcels have considerably higher land values when compared to 

                                                           
27 See http://www.oregon.gov/odf/privateforests/pages/fpakeys.aspx for more detail. 

http://www.oregon.gov/odf/privateforests/pages/fpakeys.aspx
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their forest and agricultural counterparts. The mean land values for all three uses increase 

substantially in 2000 relative to the four other panel years, which likely reflects the housing 

bubble that was beginning to emerge in the early 2000s. To deal with broad trends in land values 

across the study timeframe, I include year dummy variables in the hedonic specifications for all 

three uses. Also of note is the higher mean value and variability in distance to the nearest UGB 

for forest lands relative to agricultural lands, which is why the quadratic UGB distance 

specification is a better fit for the forest HPV model.28 The irrigation rights variable included in 

the agricultural land hedonic model is time-varying, since landowners obtained the water right 

for some parcels over the 1973-2000 time frame, though many parcels that are associated with an 

irrigation right had been so prior to 1973. For forest lands, the mill distance variable exhibits 

considerable variability over the panel time horizon given the number of timber mills that were 

shut down in western Oregon throughout the 1980s and early 1990s due to market forces and the 

effects of the Northwest Forest Plan.29 

 Table A.3 in the appendix contains descriptive statistics for the time-invariant hedonic 

covariates. In addition to the variables discussed above for each use, I also include county 

dummies and an acreage variable in all three hedonic specifications. In terms of parcel area, the 

developed observations are by far the smallest (less than one-half acre on average), with 

agricultural lands being the second largest, and the forest parcels having nearly double the 

average acreage of those used for agriculture. With an average slope ranging from 2 to 3 degrees, 

the developed and agricultural parcels are also quite a bit flatter than the forest parcels, where the 

average slope is about 11.5 degrees. The developed parcels, 90-93% of which are included in a 

                                                           
28 Note that, while it is technically time-varying, the UGB distance variable rarely changes over the 1973-2000 study 

time period. What changes do occur are due to the nearest UGB expanding for a given parcel, which were rare over 

the 1973-2000 period (see Table 3.2). As a result, the UGB distance variable does not change at all for 393 (out of 

464) of the forest parcels and 540 (out of 586) of the agricultural parcels.    
29 For more information on the Northwest Forest Plan, see the recent report by Davis et. al (2011). 
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UGB, range from being very close (less than 1/10th of a mile) to quite far (35 miles) from the 

nearest city center. In terms of climatic conditions, I find much more variability in precipitation 

relative to temperature across the agricultural parcels, an artifact of the data that is reflected in 

the estimation results described below.  

 The appropriate functional form of the HPV model has been considered in prior work 

(e.g., Milton et. al 1984, Cropper et. al 1988, Kuminoff et. al 2010). In the modern hedonic 

literature, Cropper et. al’s (1988) study has been cited widely as a justification to use relatively 

simple, parsimonious functional forms given that they tend to perform best, or result in the 

smallest amount of bias, in the presence of omitted variables. However, Kuminoff et. al (2010) 

suggest that more complicated functional forms (e.g., quadratic Box-Cox) outperform the 

simpler ones when using models featuring spatial fixed effects. Given that it is important to 

account for time-invariant factors in the predictive hedonic application of this research, a fixed 

effects model is not feasible. As a result, I rely on the simpler log-linear functional form, which 

facilitates a semi-elasticity interpretation of the parameter estimates, to estimate all three of the 

hedonic models featured in this analysis. Specifically, the dependent variable in each hedonic 

specification is the natural log of the real per-acre value of land, net of the value of any structures 

or other improvements.30 

3.5 Hedonic estimation results 

 In this section I discuss the results of the hedonic models for urban, forest, and 

agricultural land values. The parameter estimates for the HPV models generally conform to prior 

intuition and expectations. Table 3.5 contains estimation results for the developed land HPV 

function. In addition to the results derived from the HT estimator, I also estimate the developed 

                                                           
30 Prior to estimation, all land values are adjusted for inflation to the year 2000 using the Consumer Price Index. 
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hedonic model using four additional estimators: fixed effects, random effects, correlated random 

effects31, and pooled OLS.32 Across the five sets of developed HPV model parameter estimates, 

the results are qualitatively robust.33 Household income shows a significant positive, quadratic 

relationship with developed land values, resulting in an increase of 2-4% for every $1000 

increase in the nearest city’s average household income.34 Population density also exhibits a 

significant, diminishing positive effect in the HT, RE, and OLS estimates, resulting in a 4-11% 

increase in property values for each additional thousand people per square mile in the nearest 

urban area.35 However, both the level and square of population density are not significant in the  

FE model, while the square is insignificant in the CRE model. An identical land value increase of 

0.1% for every $1000 gain in the value of parcel improvements is present across all five models. 

The coefficient on the inverse Mill’s ratio variable, derived from the sample selection model, is, 

as expected, positive and significant in all of the results, aside from those generated using the 

pooled OLS estimator. In general, the time dummy variables indicate the same broad temporal 

pattern in developed land values across all models, with a sharp increase between 1973 and 

1980, followed by a slight decline through 1992, and another sharp increase in 2000.  

 Aside from UGB designation, the coefficient estimates for the time-invariant variables 

are nearly constant across the five sets of results. The only significant difference concerns how,  

                                                           
31 Per Greene (2008), prior to settling on the final Mundlak device specification for the developed land CRE model, 

I removed the parcel means for the year effects, year-by-UGB effects for all years but 2000, and improvement 

values, which were jointly insignificant (p=0.38). 
32 All results derived from panel estimators are generated using standard errors clustered at the level of individual 

parcels. The pooled OLS results feature White’s (1980) standard errors.  
33 Note that the coefficient estimates for the time-varying variables are identical with the FE and CRE estimators. A 

detailed derivation of this general result applying to all linear CRE models can be found in Wooldridge (2010).   
34 This result is calculated using the mean household income value for the year 2000 of $41,550. Note that, with a 

negative sign on the level of household income and a positive coefficient on its square, the coefficient estimates for 

household income in the OLS model are the opposite of what would be expected, but the marginal effect is still 

positive when calculated from the mean 2000 base value. 
35 Marginal effects for population density in the developed hedonic model are calculated from a base value of 3,650 

people per square mile, which is the mean value observed for the year 2000 in the developed parcel sample.  
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Table 3.5: Developed hedonic estimation results 

 

relative to the other models, the HT model assigns a significantly lower premium for parcels 

located in Washington County and a slightly higher premium for those in Benton County. The 

bid-price gradient with respect to the nearest urban center suggests a 3-4% decline for each 

additional mile of distance, starting from a base mean value for the year 2000 of 4.12 miles. 

Parcel slope, which plays a role in conversion costs and, hence, the economic feasibility of 

redevelopment, causes a 1-2% decline in land values for each additional degree. Per-acre land 

Variables Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Year1980 1.091 0.051*** 1.352 0.085*** 1.323 0.085*** 0.993 0.074*** 0.772 0.142***

Year1986 0.964 0.049*** 1.204 0.085*** 1.173 0.083*** 0.874 0.070*** 0.66 0.126***

Year1992 0.933 0.048*** 1.157 0.085*** 1.121 0.083*** 0.847 0.070*** 0.626 0.121***

Year2000 1.868 0.047*** 1.978 0.080*** 1.943 0.077*** 1.811 0.074*** 1.59 0.119***

Year1980*UGB 0.017 0.043 0.029 0.075 0.03 0.075 0.016 0.073 0.058 0.14

Year1986*UGB -0.198 0.043*** -0.212 0.067*** -0.206 0.066*** -0.19 0.066*** -0.111 0.124

Year1992*UGB -0.26 0.042*** -0.282 0.065*** -0.271 0.065*** -0.247 0.064*** -0.142 0.117

Year2000*UGB -0.444 0.042*** -0.473 0.064*** -0.461 0.063*** -0.42 0.065*** -0.27 0.110**

Pop. density 0.239 0.041*** 0.1 0.069 0.116 0.068* 0.263 0.053*** 0.201 0.061***

Pop. density
2

-0.018 0.006*** 0.006 0.009 0.004 0.009 -0.024 0.007*** -0.022 0.009**

HH income 0.054 0.008*** 0.102 0.013*** 0.1 0.013*** 0.034 0.010*** -0.046 0.011***

HH income
2

-0.0003 0.000*** -0.001 0.000*** -0.001 0.000*** -0.0002 0.0001103 0.001 0.000***

Improvement Value 0.001 0.000*** 0.001 0.000** 0.001 0.000*** 0.001 0.000*** 0.001 0.000***

Inverse Mill's ratio 0.295 0.033*** 0.307 0.064*** 0.301 0.062*** 0.256 0.042*** 0.061 0.039

Dist. city center -0.041 0.008*** -0.035 0.007*** -0.039 0.007*** -0.033 0.005***

Dist. city center
2

0.0004 0.000* 0.0003 0.000 0.0004 0.000* 0.0003 0.000*

Benton County 0.173 0.047*** 0.099 0.046** 0.144 0.043*** 0.096 0.027***

Lane County -0.256 0.037*** -0.348 0.034*** -0.28 0.032*** -0.355 0.022***

Washington County 0.112 0.043*** 0.337 0.044*** 0.205 0.041*** 0.316 0.028***

Parcel acres -0.488 0.019*** -0.492 0.067*** -0.502 0.069*** -0.478 0.035***

Slope -0.019 0.005*** -0.011 0.004** -0.018 0.004*** -0.011 0.003***

UGB 0.918 0.065*** 0.689 0.094*** 0.875 0.099*** 0.725 0.102***

Constant 7.845 0.212*** 6.855 0.323*** 12.672 0.557*** 8.489 0.257*** 10.733 0.274***

Number of parcels 2,659

Number of obs. 8,397

Notes: The dependent variable in the developed land hedonic model is the natural log of the per-acre real market value of 

land (in $2000). Not shown are the estimates for the Mundlak device variables included in the CRE model. *, **, and *** 

denote significance at the 10%, 5%, and 1% levels, respectively.

Hausman-Taylor Fixed Effects Correlated RE Random Effects OLS
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values also decline with the size of the parcel, as indicated by the significant negative coefficient 

on the parcel acreage variable.  

 The UGB parameter estimates suggest that being located inside of a UGB provides a land 

value premium. This premium is highest in the HT results, implying a 60% year 2000 price 

differential between parcels inside and outside of UGBs, where the endogeneity of UGB 

designation is explicitly controlled for through the use of internally-generated instruments.36,37 

The UGB parameter estimates derived from the RE and OLS models, while still significant, are 

lower in magnitude, suggesting an identical 58% premium in 2000, respectively. For the 

correlated random effects model, the UGB effect is the lowest, implying a 26% year 2000 

premium. In addition to the time-invariant UGB effect, an interesting, and somewhat 

counterintuitive, result emerges from the year-by-UGB interaction effects. The interaction 

coefficients suggest that the value of developed land outside of UGBs has risen more rapidly 

than land inside of UGBs over the same time period, a general pattern that emerges in all five 

models.38 Because UGBs limit development to the areas they circumscribe, the supply of 

developed land in outlying rural areas essentially became fixed once the UGBs were adopted in 

1973. As such, if demand for amenity-based rural living (due, for example, to income growth or 

reduced transport costs), then developed land outside of the UGBs has become increasingly 

                                                           
36 Using the pseudo-Hausman specification test outlined in Abbott and Klaiber (2011), the null hypothesis of the 

joint exogeneity of the instruments used in the HT specification is rejected. Though not shown here, an alternative 

specification of the HT model in which the population density, household income, improvement value, inverse 

Mill’s ratio, and year 2000 dummy variables are also treated as endogenous produces estimates, including the 

estimated UGB coefficient, that are similar to those produced with the HT model estimated above, while also 

satisfying the exogeneity condition. 
37 The UGB effect being largest in the HT results runs contrary to what intuition would suggest is the likely source 

of endogeneity of the UGB designation variable. If land parcels with higher values in a developed use are more 

likely to be included in a UGB, it would be expected that a naïve estimate of the UGB premium would be biased 

upward.  
38 As mentioned previously, the UGB legislation was originally passed in 1973, but was not implemented in 

individual cities until the late 1970s. As such, it is as expected that the interaction effect for 1980 is statistically 

indistinguishable from zero, as this variable is likely accounting for nothing beyond what is being measured by the 

time-invariant UGB dummy variable.  



52 

 

 

scarce over time, which may have caused such land to increase in value.39 Note that these 

interaction coefficients do not suggest that developed land located outside of UGBs is worth 

more than land inside, only that it has appreciated in value more quickly between 1980 and 2000.  

All in all, the results of the developed HPV function are fairly consistent across the 

different estimators I have employed. Given the likely endogenous relationship between land 

values and UGB designation, and the fact that the time-invariant attributes account for important 

sources of observable parcel heterogeneity, the HT estimates are my most preferred for the 

developed hedonic model. As such, the estimated HT hedonic function will be used to generate 

the hypothetical developed value predictions for undeveloped lands in the subsequent land-use 

model developed in Chapter 4. Although the HT results constitute the primary hedonic 

relationship that will be used to predict developed land values, alternative predictions using the 

FE and CRE results will also be generated to gauge the sensitivity of the second-stage model 

results.  

 The results from the sample selection models, listed in Table 3.6, also accord with prior 

expectations. Relative to developed parcels, undeveloped lands are steeper and tend to be located 

further away from city centers. The cities to which the developed parcels are closest are denser 

and have higher incomes, relative to those nearest the undeveloped parcels. Most important for 

the sample selection results is the fact that the irrigation rights dummy coefficient is highly 

significant and has the appropriate negative sign in all five of the selection models, indicating 

that having an irrigation right reduces the likelihood that a parcel is in a developed use. It is 

                                                           
39 An alternative explanation for the declining UGB premium is that parcels inside the UGB that were developed 

more recently are worth relatively less than those that were previously developed (else they also would have been 

developed). As a result, this “cohort effect” could drag down the average UGB premium over time are relatively less 

valuable parcels inside the UGBs are developed. 
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important for the exclusion restriction variable to have relevance, or a meaningful effect on the 

selection outcome variable, which is clearly the case for the irrigation rights dummy variable.  

Table 3.6: Sample selection model estimation results 

 

 For the agricultural hedonic model, I use the CRE, RE, and OLS estimators to generate 

the parameter estimates listed in Table 3.7. Since the most salient factors affecting agricultural 

land values do not vary over time, constructing a model with parcel fixed effects is not a feasible 

estimation strategy in this case. The estimation results confirm the importance of many of the 

factors that would be expected to influence farmland values. Parcels that are dominated with 

Variable Estimate Std. Error Estimate Std. Error

Dist. city center -0.12 0.012*** -0.14 0.011***

Dist. city center
2

0.003 0.000*** 0.004 0.000***

Benton County 0.26 0.106** 0.03 0.094

Lane County -0.14 0.078* -0.53 0.073***

Washington County -0.05 0.08 -0.83 0.089***

Pop. density 0.25 0.078*** 0.15 0.064**

HH income -0.01 0.006** 0.03 0.008***

Irrigation right -0.54 0.091*** -0.77 0.078***

Slope -0.04 0.008*** -0.05 0.007***

Constant 0.03 0.371 -0.27 0.378

Number of parcels 3,306 3,513

Variable Estimate Std. Error Estimate Std. Error Estimate Std. Error

Dist. city center -0.17 0.012*** -0.18 0.012*** -0.33 0.016***

Dist. city center
2

0.004 0.000*** 0.005 0.000*** 0.01 0.001***

Benton County -0.09 0.0902 -0.12 0.0871 -0.50 0.116***

Lane County -0.52 0.069*** -0.47 0.068*** 0.25 0.090***

Washington County -0.83 0.083*** -0.98 0.086*** -1.77 0.167***

Pop. density 0.23 0.053*** 0.25 0.047*** 0.34 0.075***

HH income 0.02 0.006*** 0.03 0.006*** 0.08 0.011***

Irrigation right -0.87 0.074*** -0.98 0.074*** -1.65 0.089***

Slope -0.06 0.007*** -0.06 0.007*** -0.11 0.008***

Constant -0.20 0.311 -0.48 0.301 -0.74 0.588

Number of parcels 3,587 3,653 3,709

Notes: The above results pertain to the status of individual land parcels being included in each year's 

sample used for estimating the developed land hedonic model. A binary probit model was estimated 

for each sample year. Parcels were recorded as '1' if they are included in that year's developed land 

sample, and are otherwise recorded as '0'. *, **, and *** denote significance at the 10%, 5%, and 1% 

levels, respectively.

1973 1980

1986 1992 2000
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soils that fall into the top two LCC groups are worth roughly 68-77% more than parcels with 

poor soils (those dominated by an LCC class lower than 4). A dominant LCC of 3 or 4 results in 

a smaller premium, adding an additional 38-44% in value relative to the poorest quality soils. 

The coefficients on average parcel slope have the expected negative sign in all models, 

indicating a 1% reduction in farmland values for each additional degree, but are not statistically 

different from zero, potentially due to correlation with the LCC dummies.  

Table 3.7: Agricultural hedonic model estimation results 

 

 The results also illustrate the general importance of water as a production input. Irrigation 

rights provide a positive effect on farmland values, ranging from 99-130%, depending on which 

estimator is used. Precipitation likewise enhances agricultural land values, by approximately 5-

6% for each additional inch that falls during the April-October growing season. However, the 

Variable Estimate Std. Error Estimate Std. Error Estimate Std. Error

Year1980 0.309 0.092*** 0.004 0.044 -0.059 0.049

Year1986 -0.337 0.088*** -0.619 0.047*** -0.653 0.047***

Year1992 -0.39 0.088*** -0.673 0.055*** -0.673 0.051***

Year2000 1.349 0.084*** 1.15 0.071*** 1.239 0.061***

Parcel acres -0.003 0.000*** -0.004 0.001*** -0.003 0.000***

LCC 1,2 0.53 0.197*** 0.519 0.196*** 0.569 0.121***

LCC 3,4 0.332 0.190* 0.327 0.189* 0.362 0.118***

Irrigation right 0.691 0.301** 0.748 0.308** 0.831 0.194***

Precipitation 0.048 0.020** 0.059 0.020*** 0.052 0.013***

Precip.*irr. right -0.048 0.023** -0.052 0.024** -0.058 0.015***

Minimum temp. 0.029 0.048 0.005 0.05 0.004 0.031

Slope -0.009 0.011 -0.011 0.011 -0.009 0.006

Dist. UGB edge -0.029 0.012** -0.031 0.012*** -0.031 0.007***

Pop. density 0.254 0.043*** 0.337 0.040*** 0.263 0.031***

HH income 0.053 0.009*** 0.024 0.004*** 0.014 0.003***

Constant 4.584 0.520*** 4.218 0.502*** 4.876 0.369***

Number of parcels 586

Number of obs. 2,499

Correlated RE Random Effects OLS

Notes: The dependent variable in the agricultural land hedonic model is the natural log of the 

per-acre real market value of land (in $2000). Not shown are the estimates for the Mundlak 

device variables included in the CRE model. *, **, and *** denote significance at the 10%, 

5%, and 1% levels, respectively.
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effect of precipitation is muted by the holding of an irrigation right, as evidenced by the 

offsetting negative coefficients on the irrigation-precipitation interaction variables. This result is 

not surprising, as it suggests that the use of irrigation water is a viable substitute for natural 

rainfall. Growing season minimum temperature does not have a significant effect on farmland 

values, though the effect is consistently positive across all three sets of results, and suggests an 

effect ranging from 0.4-2.9% for each incremental gain in C°. In previous specifications of the 

agricultural hedonic model, the set of county dummy variables had been included. However, 

including the county dummies, none of which are different from zero at the 5% significance 

level, masks much of the variation in precipitation. As a result, the county dummies are not 

included in the primary agricultural hedonic specification.40  

 Appendix Table A.4 contains estimation results from several other specifications of the 

agricultural hedonic model that accommodate an assortment of nonlinearities in the explanatory 

climatic variables. When quadratic precipitation and temperature effects are included, the results 

suggest that irrigation no longer plays a significant role in determining agricultural land values, 

through either the irrigation right dummy variable or its interaction with precipitation, which is a 

counterintuitive result that likely emerges due to model misspecification. However, if only the 

linear precipitation term is interacted with the irrigation rights dummy variable, the results are 

more plausible, suggesting a significant precipitation effect that increases at a decreasing rate, 

and a significant and intuitive effect related to irrigation rights and how they interact with 

precipitation patterns. Note that, although the quadratic precipitation representation appears to fit 

the data well, the significance is largely driven by a small number of parcels in the wetter areas 

of the Willamette Valley. As a result, and since the primary goal in estimating the agricultural 

                                                           
40 Appendix Table A.4 contains the results derived from alternative specifications of the CRE agricultural hedonic 

model in which the county dummy variables and nonlinear representations of the climatic variables are included.  
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hedonic model is to develop a predictive function that can be broadly applied throughout my 

study area, the hedonic model with the linear precipitation effect is still preferred. Last, using 

both the quadratic and linear representations of the climate variables, I also estimate a model in 

which the levels of precipitation and minimum temperature, as suggested by the recent literature 

(e.g., Fezzi and Bateman 2015), are interacted with one another. Using a linear representation of 

the climate variables, including the precipitation-temperature interaction term renders 

insignificant all of the climatic effects aside from the precipitation-irrigation interaction effect. 

Across all of the models, then, the effect of temperature is not significant, which is likely an 

artifact of the relatively small amount of variation exhibited by that variable in my agricultural 

parcel sample.  

 Factors representing capitalized future development rents also play a significant role in 

influencing farmland values. Population density of the nearest urban area is positively related to 

agricultural land values, leading to an increase of 25-34% for each additional thousand people 

per square mile. Household income of the nearest city also increases the value of agricultural 

land, by 1-5% for each $1000 gain in mean income. The effect of being closer in proximity to the 

nearest UGB edge, which proxies for the imminence of development, also leads to higher land 

values, approximately a 3% increase for each mile reduction in the distance between the parcel 

and the UGB extent. In using the CRE estimator, I also include the parcel mean of household 

income in the model. Per Greene (2008), the effect of the other variables that could be included 

in the Mundlak device (parcel means of year dummies, population density, UGB distance, and 

irrigation rights) were jointly insignificant (p=0.11), and are therefore dropped in the final CRE 

model specification. The results across the three agricultural hedonic models are relatively 

consistent. Since part of the land-use modeling exercise developed in the next chapter 
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necessitates accounting for the portion of farmland values that pertain to capitalized future 

development rents, the correlated random effects model is the preferred estimator, as it more 

carefully identifies the effect of household income on farmland values.  

 For the forest hedonic model, I compare four sets of results, listed in Table 3.8, that are 

derived from the same suite of estimators used in estimating the agricultural hedonic, plus a fixed 

effects model used to capture the significant temporal variation in timber mill closures across the 

panel time frame. In the three models where an estimate can be computed, average slope has a 

negative effect, reducing forest land values by roughly 3% for each additional degree. Average 

elevation, the other topographic variable included in the forest hedonic specification, causes a 

consistent 0.1% decline in forest land value for each additional meter. Having a dominant soil 

class of LCC 1, 2, 3, or 4 has the anticipated positive effect, increasing land values by roughly 

10-11%, though it is not statistically significant. Likewise, the effect of stream buffers instituted 

as a result of Oregon’s Forest Practices Act, causes the presence of rivers to reduce property 

values by 7-8%, but is also insignificant.  

 Parcels that are owned by private, non-industrial entities are worth 51-54% more than 

those under industrial ownership, which makes sense given the additional restrictions on the 

types of forest management activities that can be practiced on industrial lands. Transportation 

costs, in the form of distance to the nearest timber processing mill, also significantly influence  
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Table 3.8: Forest hedonic model estimation results 

 

forest property values. At the average distance in the year 2000 (6.9 miles), a one mile increase 

in the distance to the nearest mill causes a 1-2% decline in property values using the CRE, RE,  

or FE estimates, and a more negligible 0.1% decline with the OLS model results. The effect of 

mill proximity in the fixed effects model, however, is insignificant. Included in the CRE 

specification is a Mundlak device with the parcels means of population density and household 

income of the nearest city and the level and square of mill distance. Again, per Greene (2008), 

the parcel means for the other time-varying variables (time dummies and distance to the nearest 

Variable Estimate Std. Error Estimate Std. Error Estimate Std. Error

Year1980 0.894 0.162*** 0.461 0.069*** 0.347 0.077***

Year1986 0.332 0.166** -0.126 0.072* -0.241 0.072***

Year1992 0.544 0.179*** 0.051 0.081 -0.073 0.074

Year2000 1.556 0.178*** 1.135 0.116*** 1.033 0.116***

Parcel acres -0.0002 0.0002 -0.0002 0.0002 -0.0002 0.0001**

Slope -0.034 0.007*** -0.033 0.007*** -0.032 0.004***

Elevation -0.001 0.000*** -0.001 0.000*** -0.001 0.000***

PNI ownership 0.415 0.066*** 0.423 0.064*** 0.429 0.040***

Dist. UGB edge -0.088 0.037** -0.036 0.035 -0.071 0.021***

Dist. UGB edge
2

0.004 0.002* 0.001 0.002 0.003 0.001***

Benton County -0.384 0.156** -0.505 0.149*** -0.55 0.103***

Lane County 0.006 0.137 -0.091 0.131 -0.098 0.082

Washington County 0.062 0.144 -0.14 0.123 -0.095 0.082

River presence -0.078 0.087 -0.083 0.087 -0.072 0.055

LCC 1,2,3,4 0.099 0.086 0.107 0.086 0.102 0.051**

Dist. mill -0.112 0.051** -0.064 0.037* -0.007 0.024

Dist. mill
2

0.007 0.003** 0.004 0.002* 0.0004 0.001

Pop. density 0.486 0.103*** 0.715 0.068*** 0.759 0.068***

HH income 0.108 0.014*** 0.072 0.008*** 0.062 0.007***

Constant 2.921 0.805*** 2.251 0.422*** 2.427 0.403***

Number of parcels 464

Number of obs. 1,974

Notes: The dependent variable in the forest land hedonic model is the natural log of the per-acre 

real market value of land (in $2000). Not shown are the estimates for the Mundlak device 

variables included in the CRE model. *, **, and *** denote significance at the 10%, 5%, and 1% 

levels, respectively.

CRE RE OLS
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UGB) did not add a significant contribution to the forest hedonic (p=0.61), and were therefore 

dropped from the final specification. 

 As was the case with the agricultural parcels, forest land values are also significantly 

influenced by factors representing future development potential. An increase in the population 

density of the nearest city causes a 50-75% increase in land values for each additional thousand 

people per square mile, depending on which model is used. The nearest city’s household income 

also exhibits a positive relationship with forest land values, resulting in an increase of 6-10% for 

each additional $1000 in income. Last, the imminence of future development is captured by 

distance to the nearest UGB edge, which suggests that, at the average distance in 2000 (6.18 

miles), being located one mile further from the UGB causes a 2-4% decline in land values. In 

sum, the results of the forest hedonic model are qualitatively similar across the three models that 

enable estimation of time-invariant factors. However, as previously noted the CRE model does a 

better job in capturing the variation in the time-varying variables within each individual parcel, 

yet also incorporates variation between parcels in static land characteristics. As a result, and to 

maintain consistency with the estimator used for modeling agricultural land values, the CRE 

results constitute the primary set of estimates that will be used in the land-use application to 

measure forest land values.   
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4 Modeling land development decisions in the Willamette Valley 

 Building off of the hedonic property value models that were estimated in Chapter 3, this 

chapter focuses on modeling land-use decisions by private landowners. Land-use change is 

arguably one of the most fundamental ways in which human actions can alter natural 

ecosystems. In particular, the transition of land from agriculture and forest uses to urban use, or 

urbanization, can have incidental effects on natural ecosystems, including the loss of open space, 

reductions in water quality due to the impermeable surfaces that often accompany an urbanized 

landscape, permanent alterations to biodiversity and wildlife habitat, and a decreased ability to 

combat the effects of global warming through carbon sequestration in plants and soil (Wu 2008). 

According to a recent report, the urban land footprint of the United States increased by roughly 

40 million acres between 1982 and 2007, the vast majority of which coming from the conversion 

of land that was previously used for agricultural and timber production (Nickerson et. al 2011). 

Given its importance in environmental contexts and the fact that it represents the most common 

source of human-induced land-use change in my study area, this chapter is focused on modeling 

the private land development process in Oregon’s Willamette Valley.   

 On privately owned land parcels, land-use decisions are made by comparing the relative 

economic returns associated with the different uses to which a parcel may be put. As noted in 

Chapter 2, in the modern land-use economics literature, there are two commonly used 

econometric approaches to modeling private land-use decisions. One of these approaches 

involves modeling land-use decisions directly as a function of parcel characteristics, which serve 

as proxies for the underlying returns to different uses. Alternatively, other researchers have 

modeled the land-use change process as an explicit function of the average economic returns to 

different uses in the county where each parcel is located. In contrast, my modeling strategy is 
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rooted in the two-stage econometric framework outlined in Bockstael (1996). The first stage 

involves estimating the returns to the various land uses under consideration with a set of hedonic 

property value models, an exercise that was undertaken in Chapter 3. In the second stage, which 

is the focus of this chapter, the estimated hedonic relationships are used to predict the returns to 

selected and unselected uses on a given parcel, which then form the independent variables in a 

set of land-use decision models. This approach incorporates the strengths of the two more 

commonly used approaches, in that it accommodates fine-scale heterogeneity in land parcel 

characteristics yet also provides an explicit measure of economic returns. Along these lines, in 

addition to the results I generate using the two-stage strategy, I also make a comparison with 

those based on a reduced-form representation of the land-use change, where the decisions are 

modeled directly as a function of plot attributes. Further, as was the case with the hedonic land 

value models from Chapter 3, the land-use models that are estimated here are not an end in 

themselves, but form the basis for predicting land development patterns in the landscape 

simulations covered in Chapter 5. 

4.1 Theoretical motivation 

 Prior to the relatively recent development of empirical land-use models that take 

advantage of advances in remote sensing and geographic information systems, the economic 

theory underpinning land-use decision-making is a topic that had been studied extensively in the 

field of urban economics. Of particular relevance to the present study are theoretical 

representations of land-development decisions within a closed city modeling framework (e.g., 

Arnott and Lewis 1979 and Capozza and Helsley 1989). In the closed city model, landowners 

take growth in economic returns as exogenously determined, as it is assumed that, for instance, 
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the population and income growth paths of the city are known with certainty and do not change 

in response to the utility-maximizing location decisions made by households.41  

 Building off of the theoretical motivation for the hedonic models outlined in Section 3.1, 

assume that a risk neutral landowner owns a parcel of agricultural land,42 parcel 𝑗, that he may 

continue to use for the purposes of agricultural production or convert to a developed (or 

residential) use. The decision to convert land is based on comparing the annualized economic 

returns associated with the various uses to which parcel 𝑗 may be put, which in this case is either 

agriculture or development. The returns to keeping land in agriculture are often referred to as the 

opportunity cost of development, as they represent the stream of economic value that is foregone 

when land is converted to a developed use. Assuming that the goal of private landowners is to 

maximize the economic value associated with owning their parcel in perpetuity, the development 

decision faced by the owner of parcel 𝑗 at time 𝑡 is succinctly captured by the following 

optimization problem, as adapted from Capozza and Helsley (1989):  

(4.1) 𝑀𝑎𝑥
𝑡∗

𝑃𝑈(𝐻𝑗
𝑈, 𝑍𝑗

𝐷 , 𝑡∗), where  

(4.2) 𝑃𝑈(𝐻𝑗
𝑈, 𝑍𝑗

𝐷 , 𝑡∗) = ∫ 𝑅𝑗
𝑈(𝐻𝑗

𝑈)𝑒−𝑟(𝑠−𝑡)𝑑𝑠
𝑡∗

𝑡
+ ∫ 𝑅𝑗

𝐷(𝑍𝑗
𝐷 , 𝑠)𝑒−𝑟(𝑠−𝑡)𝑑𝑠

∞

𝑡∗ − 𝐶𝑒−𝑟(𝑡∗−𝑡).  

Equations (4.1) and (4.2) demonstrate that the landowner’s problem regarding the use to which 

his land should be put boils down to selecting the optimal conversion time, 𝑡∗. Taking into 

account the interest rate, 𝑟, the agricultural landowner must decide when the returns associated 

with keeping parcel 𝑖 in agriculture, 𝑅𝑈(𝐻𝑗
𝑈), where 𝐻𝑗

𝑈 represents the environmental factors 

                                                           
41 This contrasts with an open city model, in which utility is held constant, but population and income are allowed to 

vary through interurban migration (e.g., Brueckner 1990). 
42 Note that although this section is motivated with an example based on an owner of agricultural land, it is equally 

applicable to a hypothetical owner of forested land used for timber production. 
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that influence the value of agricultural land (e.g., soil quality, farm management practices), are 

no longer large enough to offset the value that would be gained by developing his land. The 

annualized returns to development are denoted 𝑅𝑖
𝐷(𝑍𝑗

𝐷 , 𝑡), where 𝑍𝑗
𝐷 represents characteristics 

that affect the value of the land if put to a developed use (e.g., zoning and proximity to the urban 

center).43 Conversion costs, 𝐶, represent the one-time expenditure on the capital needed to 

convert land from agriculture to a residential use. In equation (4.2), development is represented 

as an irreversible action on the part of the landowner. Accordingly, once land is converted, the 

annual developed land rents are discounted along an infinite time horizon. Also, in the closed 

city framework it is assumed that landowners have perfect foresight regarding the evolution of 

developed land rents, which may change over time due to population and income growth. 

Assuming perfect foresight facilitates the decomposition of 𝑃𝑈(∙) into the present value of its 

constituent rent-based components given by equation (4.2). 

The first-order condition for the optimal conversion time, 𝑡∗, may be written: 

(4.3) 𝑅𝐷(𝑍𝑗
𝐷 , 𝑡∗) = 𝑅𝑈(𝐻𝑗

𝑈) + 𝑟𝐶. 

Equation (4.3) states that land development is optimal when the gross returns to development are 

exactly offset by the foregone agricultural returns plus that costs of conversion. As a result, the 

following decision rule emerges regarding the timing of development. When 𝑡 < 𝑡∗, 

𝑅𝐷(𝑍𝑗
𝐷, 𝑡∗) < 𝑅𝑈(𝐻𝑗

𝑈) + 𝑟𝐶, and the parcel should remain in agriculture. On the other hand, 

when 𝑡 ≥ 𝑡∗, 𝑅𝐷(𝑍𝑗
𝐷 , 𝑡∗) ≥ 𝑅𝑈(𝐻𝑗

𝑈) + 𝑟𝐶, and development becomes optimal. The second-

order condition that is sufficient to ensure that 𝑡∗ is the conversion date that maximizes land 

                                                           
43 To maintain consistency with the theoretical development of the hedonic price equations described in Section 3.1, 

𝑍𝑗
𝐷 represents a composite of the three vectors that influence the developed value of undeveloped land (𝐷𝑗

𝐷 , 𝐺𝑗
𝐷 , and 

𝐻𝑗
𝐷), and is written in this way to avoid carrying excess notation.  
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values entails that developed land rents are increasing at the time of conversion, or 

𝑑

𝑑𝑡
𝑅𝐷(𝑍𝑗

𝐷 , 𝑡∗) > 0.  

 In the empirical analysis that follows, I estimate two sets of land development models, 

one each for plots starting in agricultural and forest-based uses, respectively. As it relates to 

equation (4.3), the returns to each of the three land uses that I consider, agriculture, forest, and 

urban development, are measured by the estimated hedonic relationships from Chapter 3. It is 

worth noting that the theoretical formulation of land-use decision-making as described above is 

based on annualized rental values rather than the fully capitalized land values that are the outputs 

of the hedonic equations. The fact that I use real market values, which essentially proxy for land 

prices, rather than rents, as the economic drivers that explain land-use decisions constitutes a 

slight departure from the landowner’s decision as laid out in equation (4.3), and necessitates 

some intermediate steps, which are discussed below in further detail, in in order to properly set 

up the predicted values to be used in the land-use application.  

4.2 Econometric model of land development 

4.2.1 Applying the standard econometric land-use framework to land prices 

The plot-level econometric land-use models I estimate focus specifically on the 

conversion of agricultural and forested land to developed uses in the Willamette Valley. For each 

forested plot, I use the estimated hedonic relationships to calculate the value of keeping the land 

in forest use and the hypothetical value that would accrue to the landowner were the plot 

developed. Likewise, for agricultural plots I predict the values associated with remaining in 

agriculture and converting to a developed use using the relevant estimated hedonic relationships. 

In accordance with the theoretical framework outlined in Section 4.1, the econometric land 

development models are motivated by the assumption that landowners choose the land use that 



65 

 

 

will enable them to maximize the value of their land (Capozza and Helsley 1989). To facilitate 

the econometric estimation of optimal conversion timing given by equation (4.3), the 

landowner’s problem may be motivated within a random utility framework (Train 2009), in 

which land values, 𝑉𝑖𝑗𝑡, are decomposed into a deterministic and stochastic component: 

(4.4) 𝑉𝑖𝑗𝑡 =  𝜋𝑖𝑗𝑡 + 휀𝑖𝑗𝑡,    

where 𝜋𝑖𝑗𝑡 represents the observable portion of the value associated with holding parcel 𝑖 in use 𝑗 

at time 𝑡 and 휀𝑖𝑗𝑡 represents an i.i.d. disturbance term meant to capture the unobservable portion 

of land value. In my application the use subscript 𝑗 can take the values 𝑑, 𝑎, or 𝑓, which denote 

developed, agricultural, and forest land uses, respectively. The deterministic component of (4.4), 

𝜋𝑖𝑗𝑡, may be written as 𝛽𝑗′𝑃𝑖𝑗𝑡, where 𝑃𝑖𝑗𝑡 represents the predicted land value for use 𝑗, calculated 

using the relevant hedonic equation, and 𝛽𝑗 denotes the corresponding parameter to be estimated. 

Though not explicitly modeled, conversion costs are accounted for by estimating an intercept 

parameter as part of 𝜋𝑖𝑗𝑡. 

The probability that land is converted from agriculture (or, equivalently, forest) to 

development can then be written as follows: 

(4.5) 𝑝𝑟(𝑑𝑖𝑡 = 1|𝑃𝑖𝑑𝑡, 𝑃𝑖𝑎𝑡) = 𝑝𝑟(𝛽𝑑′𝑃𝑖𝑑𝑡 − 𝛽𝑎′𝑃𝑖𝑎𝑡 > 휀𝑖𝑎𝑡 − 휀𝑖𝑑𝑡), 

where 𝑑𝑖𝑡 is a binary outcome variable that takes a value of 1 if plot 𝑖 is developed in time 𝑡. In 

terms of implementation, the parameter estimates for equation (4.5) are typically estimated via 

maximum likelihood. The corresponding likelihood function for the estimation sample may be 

written as: 

(4.6) 𝐿(𝛽𝑗|𝑃𝑖𝑗𝑡) = ∏ ∏ {𝐹(𝛽𝑗′𝑃𝑖𝑗𝑡)}
𝑑𝑖𝑡

{1 − 𝐹(𝛽𝑗′𝑃𝑖𝑗𝑡)}
1−𝑑𝑖𝑡𝑇𝑖

𝑡=1
𝑁
𝑖=1 , 
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where 𝑁 denotes the number of land plots in the sample, 𝑇𝑖 accounts for the fact that the plot 

sample may be unbalanced and represents the number of time periods in which plot 𝑖 is included 

in the model, and 𝐹(∙) represents the probability distribution used to model development 

outcomes.   

Note that my land-use models are formulated with predicted hedonic land prices, as 

opposed to the land rents that are more commonly found in existing empirical models that 

include explicit measures of economic returns (e.g., Lewis and Plantinga 2007, Lubowski et. al 

2008). Previous empirical studies have shown that the value of undeveloped land is influenced 

by capitalized future development rents, in addition to the returns to the undeveloped use (e.g., 

Plantinga et. al 2002; see Chapter 2 for additional empirical studies that report this general 

finding). Indeed, results for the forest and agricultural land hedonic models estimated in Chapter 

3 confirm a significant influence of development-oriented factors on undeveloped land values. 

Development rent capitalization poses an issue in using the undeveloped land hedonic models in 

my econometric land use application, since, according to the theoretical setup covered in Section 

4.1, the land use options available to the landowner must be separable from one another in terms 

of the respective economic returns that they yield. The fact that a portion of undeveloped land 

values is attributable to land development suggests that the predicted agricultural and forest land 

values given by the hedonic models generate a biased measure of the opportunity cost of 

development.  

In order to compute a measure of economic value solely corresponding to the relevant 

undeveloped land use, I remove from the hedonic predictions the portion of undeveloped land 

values attributable to capitalized future development rents. This allows me to distinguish the 
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effects of developed and undeveloped land values on development decisions. To see this, note 

that (4.5) may be rewritten as: 

(4.7)  𝑝𝑟(𝑑𝑖𝑡 = 1) = 

𝑝𝑟 (𝛽𝑑′ ∫ 𝑅
𝑡∗

0 𝑖𝑑𝑡
𝑑𝑡 +  𝛽𝑑′ ∫ 𝑅

∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡 − 𝛽𝑎′ ∫ 𝑅
𝑡∗

0 𝑖𝑎𝑡
𝑑𝑡 − 𝛽𝑎′ ∫ 𝑅

∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡 > 휀𝑖𝑎𝑡 − 휀𝑖𝑑𝑡). 

Equation (4.7) makes it clear that both 𝑃𝑖𝑑𝑡 and 𝑃𝑖𝑎𝑡 are functions of ∫ 𝑅
∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡, which 

confounds identification of the effect of undeveloped land values on development decisions. The 

general issue presented by capitalized development rents in the undeveloped land value 

predictions stems from the fact that the value of future development does not belong in a 

measure of the opportunity cost of the landowner’s development decision. Intuitively, with 

capitalized development rents included in the undeveloped land value predictions, the estimates 

of 𝛽𝑎 (or 𝛽𝑓) would be biased towards zero from below, as a portion of the variable meant to 

measure development disincentives is actually capturing the future gains from development. If 

the portion of undeveloped land value attributable to capitalized development rents is large 

enough, it is possible that the estimate for 𝛽𝑎 (or 𝛽𝑓) could be positive, the same sign that would 

be expected for the 𝛽𝑑 estimate. 

To more accurately compartmentalize the incentives and opportunity costs faced by 

private landowners, I set all development-oriented variables to zero when generating predictions 

with the agriculture and forest hedonic equations. Setting the development-oriented factors to 

zero effectively removes the ∫ 𝑅
∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡 component from undeveloped land prices, and replaces 

𝑃𝑖𝑎𝑡 with an augmented measure, �̂�𝑖𝑎𝑡 = ∫ 𝑅
𝑡∗

0 𝑖𝑎𝑡
𝑑𝑡 , in equation (4.5). Since the developed land 

values also include capitalized future development rents, ∫ 𝑅
∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡  is accounted for via 𝑃𝑖𝑑𝑡 in 
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the development decision. The development component of undeveloped land values consists of 

the effects of population density, household income, and distance to the nearest UGB edge.44 In 

setting these factors to zero, I am effectively placing each forest and agricultural land plot at the 

center of an urban area with an income and population of zero. An alternative approach would be 

to set the UGB proximity variable to a value that is high enough to offset the effects of 

population density and income. This latter approach is more complicated, however, since the 

distance needed to compensate for density and income varies across both space and time due to 

heterogeneity in the city-level characteristics that affect capitalized future development rents. 

 By removing ∫ 𝑅
∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡 from 𝑃𝑖𝑎𝑡, I am able to compartmentalize the two sources of 

economic value that could accrue to the owners of undeveloped land, better aligning my 

empirical model with the theoretical setup described in Section 4.1. In terms of the timeframe 

over which the land values are calculated, equation (4.3) states that land development decisions 

are driven by the returns to different uses up to the time of conversion, 𝑡∗. This condition is 

satisfied by the augmented form of undeveloped land values, as the opportunity cost of 

development is no longer affected by the stream of value that would be realized after  𝑡∗. 

Developed land prices, on the other hand, are still a function of the capitalized development rents 

over an infinite time horizon, creating a mismatch in temporal scale between 𝑃𝑖𝑑𝑡 and �̂�𝑖𝑎𝑡. This 

discrepancy affects the interpretation of the estimated developed land value parameter, 𝛽𝑑, in 

(4.5). Since the inclusion of  ∫ 𝑅
∞

𝑡∗
𝑖𝑑𝑡

𝑑𝑡 inflates the economic incentives to develop land, the 

                                                           
44 The year dummy variables are posited to capture temporal fluctuations in crop and timber prices and therefore are 

retained in the augmented undeveloped land value predictions. To the extent that the year dummy variables account 

for effects related to development, the augmented undeveloped land value predictions will be affected accordingly.  
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estimate of 𝛽𝑑 is accordingly scaled downward when fitting the likelihood function given by 

equation (4.6).  

4.2.2 Discussion of possible estimation strategies 

The panel structure of my data on both land use and property values provides significant 

flexibility in how the augmented version of equation (4.5) may be estimated. As a first step, I 

estimate two fixed effects (FE) linear probability models (LPMs) of the decision to convert 

agricultural or forested land to developed use. The plot fixed effects in the LPM control for time-

invariant unobservable factors varying at the level of individual plots that might confound the 

effects of land values on conversion decisions. Despite the appeal of using the FE LPM estimator 

as a means to identify the parameters of interest, it is not suitable for use in a simulation context 

as the transition probabilities predicted by the LPM can fall outside of the unit interval. As a 

result, the FE LPM, and the LPM estimator more generally, is only appropriate in situations 

where generating marginal effects is the primary goal of the researcher. Discrete-choice 

modeling frameworks, such as logit or probit, are more appropriate when a goal of the analysis is 

to generate predicted probabilities, as is the case with the land development models estimated 

here.  

In a discrete-choice context, the assumed distribution of the unobservable components in 

equation (4.4), 휀𝑖𝑗𝑡, determines the type of estimator that will be used. For example, if it is 

assumed that the 휀𝑖𝑗𝑡 follow a Type I extreme value distribution, the difference in two 휀𝑖𝑗𝑡, say 

휀𝑖𝑎𝑡 − 휀𝑖𝑑𝑡, is then distributed logistically, resulting in a pooled logit45 model. The standard 

pooled logit estimator, however, does not take advantage of the longitudinal structure of my data 

                                                           
45 The probabilistic estimators discussed in this section will all be based on a logit estimation framework. Several of 

the models introduced here may also be estimated using a probit model.  
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on land values and development decisions. Ideally, I would be able to translate the identification 

benefits provided by the FE LPM model to a nonlinear, discrete-choice framework, such as logit.  

Though estimable, the fixed effects logit model has several drawbacks that reduces its 

utility in applications that involve modeling land-use change. These issues stem from the well-

known incidental parameters problem (IPP), which results from the (presumably) small number 

of time periods used to estimate the plot fixed effects, and precludes convergence of the 

associated likelihood function (Greene 2008). A side effect of the IPP is that the plots used to fit 

the FE logit parameter estimates must have variation in development decisions, in addition to 

land values, as the minimal sufficient statistic for maximizing the fixed effects logit conditional 

likelihood function, ∑ 𝑑𝑖𝑡
𝑇𝑖
𝑡=1 , will otherwise perfectly predict the development outcome for plots 

that are never developed (Greene 2008). In light of the relative infrequency with which land 

development occurs, a large amount of valuable information will thus be ignored when using the 

FE logit model for my land use application. Further, in estimating the parameters of the FE logit 

model, the parcel fixed effects are not actually estimated, but rather are conditioned out of the 

likelihood function. It is therefore not possible to obtain predicted development probabilities 

with the FE logit estimator, which completely voids its applicability in the landscape simulations 

to which the land-use model results are applied. Although they are clearly not the most 

preferable models for my particular application, a benefit of both the FE logit and LPM models 

is that they allow for correlation between the parcel-specific unobservable components and the 

regressors, and therefore serve as a valuable robustness check.  

 Although the basic pooled logit estimator does not account for the repeat nature of the 

plot-level land-use decisions observed in my land cover data, similar to the linear estimators used 

for the agricultural and forest hedonic models, unobserved plot heterogeneity can, in part, be 
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dealt with by including the plot means of the land value covariates as additional regressors in 

equation (4.5): 

(4.8) 𝑝𝑟(𝑑𝑖𝑡 = 1) = 𝑝𝑟(𝛽𝑑′𝑃𝑖𝑑𝑡 + γ𝑑′�̅�𝑖𝑑. − 𝛽𝑎′�̂�𝑖𝑎𝑡 − γ𝑎′�̅�𝑖𝑎. > 휀𝑖𝑎𝑡 − 휀𝑖𝑑𝑡), 

where �̅�𝑖𝑑. and �̅�𝑖𝑎. denote the plot means of the developed and augmented agricultural land 

values, respectively. In equation (4.8), the land value parameters, 𝛽𝑑 and 𝛽𝑎, are identified by 

removing from the error term any time-invariant influences related to the land values over the 

study time horizon. Since the predicted land values are themselves a function of many plot 

characteristics, such as soil quality, long-term weather patterns, and topography, the plot means 

of these variables would appear to capture much of the unobservable heterogeneity that could 

bias estimation of 𝛽𝑑 and 𝛽𝑎. The model outlined in equation (4.8) will henceforth be referred to 

as a pooled logit-Mundlak device (PLMD) model, given its incorporation of the suggestions 

originally given by Mundlak (1979) in the context of linear error components models. The 

PLMD model is my preferred estimator for the land development models given its probabilistic 

structure, parsimonious specification, and relatively clean method of identification. 

One limitation of the model given by equation (4.8) is that its error structure does not 

accommodate the serial correlation induced by the LCT panel. A random effects logit model46, 

where 휀𝑖𝑗𝑡 = 𝜇𝑖𝑗𝑡 + 𝜔𝑖𝑗, would account for the inherent plot-level dependence in 휀𝑖𝑗𝑡 across 

different time periods. A disadvantage to using the random effects logit model is that, since 

development outcomes are dependent on the joint distribution of the 𝜇𝑖𝑗𝑡 and 𝜔𝑖𝑗, estimation is 

conducted with maximum simulated likelihood (MSL) techniques. MSL estimation can be time-

intensive, but given my goal of using the estimated land-use models in a set of landscape 

                                                           
46 Random effects logit is equivalent to a mixed, or random parameters, logit model where the only random 

parameter is the intercept term.  
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simulations, the additional time that such a model would require to appropriately compute the 

predicted probabilities becomes prohibitively excessive. Since serial correlation can cause bias in 

a binary dependent variable model, however, a set of RE logit models are estimated in order to 

gauge the robustness of the PLMD results. 

An alternative way of specifying the land-use change models is to include the land 

characteristics directly into the model, ignoring the intermediate influence they have on land 

value incentives. This “reduced-form” approach has been used extensively in previous research 

(e.g., Carrion-Flores and Irwin 2004), with parcel attributes proxying for the underlying returns 

to each land use option. One potential downside to the reduced-form specification is that if a 

particular attribute influences the economic returns to multiple uses, identification becomes 

somewhat problematic. For instance, slope exerts a significant negative effect on the values for 

both forest and developed lands. Including a slope variable directly in a binary-choice forest 

development model, however, will only recover the net effect that slope has on development 

decisions, which could be misleading in terms of providing accurate predictions of where 

development is likely to occur in the future. This issue highlights a benefit of the coupled 

hedonic-land use modeling framework developed here, in that the explicit compartmentalization 

of the values for different land uses allows me to more accurately determine how individual land 

characteristics influence land use outcomes. In the results discussed below, I compare estimates 

derived from the reduced-form approach and the two-stage framework on which my analysis is 

focused, a comparison that has not been made in any existing study. 
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4.3 Data used in land-development models 

4.3.1 Land Cover Trends data 

 To measure the dependent variables for the land-development models, I use data from the 

U.S. Geological Survey’s Land Cover Trends (LCT) project. LCT is a federally-funded data 

collection effort that aims to “…document the types and rates, causes, and consequences of land 

cover change from 1973 to 2000 within 84 ecoregions, as defined by the EPA, that span the 

coterminous United States” (USGS 2012). One of the EPA-defined ecoregions for which an LCT 

data set has been constructed is Oregon’s Willamette Valley. Featuring a combination of 

automated interpretation of Landsat imagery, manual data interpretation, and ground-truthing, 

the LCT data provide high-accuracy, spatially-explicit land change data (Loveland 2002). The 

data produced by the LCT project are publicly available47 and roughly pertain to the years 1973, 

1980, 1986, 1992, and 2000, the same years for which I collected the property value data used to 

estimate the hedonic land value models in Chapter 3.  

 As shown in Figure 4.1, the LCT does not provide wall-to-wall coverage of the 

geographic extent of the Willamette Valley. Rather, in the LCT data collection process, each 

ecoregion is overlaid with a grid of 10x10 km blocks48 from which a random sample is then 

chosen to represent the specific areas that are tracked in the LCT project.49 For the Willamette 

Valley ecoregion, the LCT data set consists of 32 10x10 km blocks. Each block is made up of 

60x60m land cover pixels that are individually assigned a land cover category for each LCT 

year.50 The LCT project uses a modified version of the Anderson Level I land cover classes that 

                                                           
47 To obtain the LCT data, visit: www.landcovertrends.usgs.gov. 
48 Note that some ecoregions are overlaid with 20x20 km, rather than 10x10 km, blocks. The Willamette Valley, and 

all other ecoregions in Oregon, feature 10x10 km blocks.  
49 The block-based sampling procedure used by LCT was designed to capture ± 1% of total change within an 85% 

confidence interval for each ecoregion (Loveland 2002). 
50 For the more recent LCT years of 1992 and 2000, the data are also available at a resolution of 30m. To maintain 

consistency across all sample year, I only use the 60m data for my analysis. 
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are categorized as follows: (1) water, (2) developed/urban, (3) mechanically disturbed, (4) 

barren, (5) mining, (6) forest/woodlands, (7) grassland/shrubland, (8) agriculture, (9) wetland, 

(10) non-mechanically disturbed, and (11) ice/snow. The modification to the original Anderson 

Level I classification system stems from the inclusion of the two disturbance categories, (3) and 

(10). Importantly for my analysis, the land cover classification system and data collection 

procedures used for the LCT project were designed to capture the actual land use practiced on 

each pixel (Loveland 2002).  

In this analysis, I am primarily concerned with three specific land uses: development, agriculture, 

and forest. These uses are captured by the developed/urban, forest/woodlands, and agriculture 

LCT land cover classes. However, given my goal of measuring land-use, as opposed to land-

cover, change, I also account for the mechanically disturbed and grassland/shrubland categories 

insofar as they relate to forest harvest and regeneration sequences (Loveland 2002). For example, 

a data pixel may be observed as forest in 1973, mechanically disturbed in 1980, 

grassland/shrubland in 1986, and then back to forest in 1992. In this example, it is obvious that 

the actual forest land use on the plot did not change at all over the 1973-1992 period, though its 

land cover changed three times. Given the predominance of clearcuts on Douglas fir stands in the 

upland areas of the Willamette Valley, accommodating forest land use in this way is necessary, 

and highlights a benefit of the mechanical disturbance category provided in the LCT data.  

Table 4.1 illustrates the aggregate land cover patterns found in the Willamette Valley 

LCT data over the 1973 to 2000 study timeframe. Agriculture and forest are the two predominant 

land cover types, on average accounting for 47% and 38% of the overall land area from 1973-

2000, respectively. Accounting for the mechanically disturbed category, the average area of land 

occupied by forest land use increases to over 40%. Although forests and agricultural land 
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Figure 4.1: Land Cover Trends data for Willamette Valley ecoregion 

 

dominate the Willamette Valley landscape in all study years, between 1973 and 2000 the areas 

they cover decline by 1.39% and 4.18%, respectively. Urban land cover, on the other hand, 

increases by just over 2% in the study timeframe, as population and income growth induced new 

development at the extensive margin of existing urban areas. Although Table 4.1 gives a sense of 

how the Willamette Valley landscape has changed from 1973 to 2000, it does not indicate the 



76 

 

 

types of changes that occurred on a pixel-by-pixel basis, information that is needed to estimate 

the econometric land-use models.  

Table 4.1: Aggregate land cover trends in the Willamette Valley 

 

 To illustrate how land-use changes have materialized at the level of individual plots, 

Table 4.2 lists the temporal pattern of land use transitions for plots that are observed in forest and 

agriculture in 1973, the initial year of the LCT data. The largest source of change for agricultural 

plots stems from urbanization, as roughly 1% of plots that begin each transition period in 

agriculture have been converted to development by the period’s end year. Aside from 

development, a relatively small number of agricultural plots are switched to forest, mechanically 

disturbed, or grassland/shrubland categories in the following time period, with negligible 

changes to any of the other LCT classifications. From this preliminary analysis, it can be 

concluded that the driving force behind the decline in the Willamette Valley’s agricultural land 

base over the 1973-2000 period stems from urbanization pressures. From a geographic 

standpoint, this makes sense given that agricultural land is primarily found on the valley floor, 

which is also where the major urban areas in the Willamette Valley are located. 

Land Cover Category 1973 1980 1986 1992 2000 Average

Water 1.23% 1.31% 1.28% 1.28% 1.31% 1.28%

Developed/urban 7.43% 7.79% 8.39% 8.90% 9.55% 8.41%

Mechanically disturbed 1.28% 1.01% 1.54% 2.75% 4.26% 2.17%

Barren 0.16% 0.18% 0.19% 0.18% 0.19% 0.18%

Mining 0.03% 0.03% 0.03% 0.03% 0.04% 0.03%

Forest/woodlands 39.61% 39.59% 38.58% 36.83% 35.42% 38.01%

Grrassland/shrubland 0.90% 1.14% 1.41% 1.56% 1.29% 1.26%

Agriculture 48.05% 47.71% 47.32% 47.21% 46.66% 47.39%

Wetland 1.31% 1.24% 1.25% 1.25% 1.27% 1.26%

Non-mechanically disturbed 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Snow/ice 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
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Table 4.2: Plot-specific changes in LCT data 

 

 Since land that is actively used for timber harvests may be found in several different land 

cover categories throughout the LCT timeframe, tracking plot-specific land-use change for 

forested lands is a bit more complicated. Table 4.2 includes the changes observed for plots 

starting each transition period in forest, mechanically disturbed, or grassland/shrubland land 

cover categories, all of which are presumed to be in a forest use.51 The forest harvest and 

regeneration process is apparent, as the overwhelming majority of plots that begin a transition 

period in the mechanically disturbed category are switched to forest or grassland in the next 

period. Likewise, transitions out of the forest category are largely attributable to timber 

harvesting, with the majority of plots that change labeled as mechanically disturbed in the next 

period. Grassland plots largely remain in grassland from one transition period to the next, unless 

a sufficient amount of tree regrowth occurs, in which case the land cover is switched to forest. In 

contrast to the land cover changes just described, transitions out of forest land use occur 

relatively less frequently. The two predominant sources of land-use change are due to 

urbanization and the transition of forest land to agriculture. In the first and last transition periods 

(1973-1980 and 1992-2000), forest development is more than twice as common as forest-

agriculture conversion. The two intermediate transition periods (1980-1986 and 1986-1992), 

                                                           
51 Note that plots classified as grassland/shrubland are only included in the table if they were observed as 

mechanically disturbed in the previous year and are in forest for at least one of the remaining three study years. As a 

result, no plots beginning in grassland are included in the summary for the initial transition period of 1973-1980.  

Period Water Dev Mech. Dist. Barren Mining Forest Grass./Shrub. Ag Wetland NM Dist Total

1973-1980 0.13 0.58 0.10 0.01 0.00 0.03 0.01 99.12 0.02 0.00 392,979

1980-1986 0.01 1.07 0.04 0.01 0.00 0.03 0.04 98.80 0.01 0.00 390,176

1986-1992 0.01 0.76 0.12 0.01 0.00 0.10 0.03 98.97 0.00 0.00 387,066

1992-2000 0.03 0.93 0.11 0.02 0.00 0.09 0.03 98.52 0.01 0.00 386,007

1973-1980 0.01 0.21 2.14 0.01 0.00 98.53 1.24 0.09 0.00 0.00 294,308

1980-1986 0.00 0.28 3.46 0.01 0.00 93.76 1.99 0.50 0.00 0.00 296,685

1986-1992 0.03 0.43 6.59 0.00 0.00 89.40 2.59 0.95 0.00 0.00 293,691

1992-2000 0.03 0.57 11.45 0.02 0.00 85.43 2.36 0.14 0.00 0.00 290,719

Plots starting in agriculture at the start of each transition period

Plots starting in forest use at the start of each transition period
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however, indicate that changes from forest to agriculture make up roughly double the amount of 

change due to urban development. Overall, the pattern of land-use change in the Willamette 

Valley observed with the LCT data suggests that urbanization has played a dominant role in how 

human actions have altered the landscape, with a secondary source of change stemming from 

forest-clearing for agricultural purposes.  

4.3.2 Spatial dependence in LCT data 

 The LCT data set provides a wealth of information on land-use change at a spatial scale 

(0.88 acres) that is finer than the scale at which land-use decisions are actually made. Given this 

relatively high resolution, there is likely to be considerable correlation in land use between 

neighboring LCT plots. For econometric purposes, spatial correlation in land use suggests that 

the development decisions on individual land plots, 𝑑𝑖𝑡, are a systematic function of the 

decisions made on neighboring plots, 𝑑𝑘𝑡  ∀ 𝑘 ≠ 𝑖. This poses an estimation problem, since it 

suggests that the unobservable factors that influence land-use decisions are also systematically 

correlated across space. In a linear model, these correlated unobservable effects form a specific 

type of non-spherical disturbances, which affects the standard errors of the parameter estimates. 

Since the land-use models I estimate are nonlinear, however, the effects of spatial correlation are 

more pernicious, potentially resulting in biased coefficient estimates (Brady and Irwin 2011).  

 There are several ways to deal with spatial correlation econometrically, though the 

options become more limited when working in a nonlinear setting. Recent methodological 

advances have enabled researchers to incorporate spatial dependence in discrete dependent 

variable land-use models (e.g., Li et. al 2013). However, the computational challenges associated 

with accommodating spatial dependence in a discrete-choice framework are formidable, 

particularly when working with large data sets such as the LCT data. An alternative strategy for 
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dealing with spatial correlation is sampling, which removes the systematic dependence found in 

the population data (e.g., Carrion-Flores and Irwin 2004). Further, sampling renders unnecessary 

the difficult task of accurately modeling the underlying spatial relationship across plots, which 

would be particularly challenging given the fine scale at which the LCT data are measured.52  

 To deal with spatial dependence in the LCT data, I construct a block-stratified random 

sample of pixels that is used to estimate the econometric land-use models. Given the block-based 

groupings into which the LCT are divided, stratifying by block provides a natural means to 

ensure adequate geographic representation across the Willamette Valley study area. I randomly 

sample 3,000 pixels from each of the 32 blocks available for the Willamette Valley, resulting in a 

baseline sample of 96,000 pixels. In accordance with my focus on urbanization, Table 4.3 

compares the overall and transition period-specific rates of land development in the sample and 

population of data.53 Overall, my sample appears to be representative of the total amount of land 

converted from agriculture and forest to development between 1973 and 2000. For agriculture, 

the percentage of sample plots that are developed nearly exactly coincides with that of the 

population in terms of the total number of plots that are developed, and the amount developed in 

the 1973-1980 and 1980-1986 transition periods. The sample contains a slightly lower amount of 

development in the 1986-1992 change period, which is compensated by relatively more 

development in the final 1992-2000 transition period. For forest lands, the total amount of 

development contained in the sample is virtually the same as that found in the population. 

                                                           
52 For example, with 60m-resolution data, in addition to worrying about spatial dependence across landowners due, 

for example, to information spillovers, one also must deal with the fact that the land management decision unit is 

made up of groups of pixels for which the same land-use decision will likely be made. Since spatial correlation 

amongst pixels within a management unit would be stronger than that for neighboring units, a spatial econometric 

treatment using the LCT data would need to account for this specific type of distance decay. 
53 Note that Table 4.3 only includes plots that are either retained in an undeveloped use (agriculture or forest) or 

developed at some point between 1973 and 2000, hence the smaller number of population observations relative to 

Tables 4.1 and 4.2.  
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Slightly more development is found in the sample for the 1973-1980 and 1992-2000 transition 

periods, while the opposite, more development in the population, occurs in the 1980-1986 and 

1986-1992 change periods. The close correspondence in development between my block-

stratified random sample and the LCT population gives justification to the idea of using the 

sample data as the basis for econometrically estimating (4.5) without biasing the results, while 

also spatial dependence from the plots used to estimate the model.  

 

Table 4.3: Sample and population LCT comparison 

 

4.3.3 Plot characteristics and predicted land values for LCT plots 

 Estimating (4.5) entails predicting the relevant land values for each plot using the 

relevant hedonic relationships estimated in Chapter 3. The hedonic covariates for the LCT plots 

are calculated using the same data sources that were used in estimating the parcel-level hedonic 

models. Appendix Table B.1 contains descriptive statistics for the hedonic covariates that enter 

the urbanization model for my sample agricultural plots, while Table B.2 lists the same for the 

sample forest plots. The sampled LCT agricultural plots are somewhat different from the 

agricultural taxlots. Specifically, they are steeper, and tend to have poorer quality soil on 

Agriculture 

Population

Agriculture 

Sample

Forest 

Population

Forest 

Sample

# of pixels starting in agriculture 389,218 41,840 # of pixels starting in forest 293,164 31,476

Total % of pixels developed 3.32 3.32 Total % of pixels developed 1.13 1.11

% developed 1973-1980 0.59 0.59 % developed 1973-1980 0.19 0.24

% developed 1980-1986 1.07 1.05 % developed 1980-1986 0.14 0.10

% developed 1986-1992 0.75 0.66 % developed 1986-1992 0.39 0.34

% developed 1992-2000 0.92 1.02 % developed 1992-2000 0.41 0.43
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average.54 The LCT plots are also slightly wetter on average, and thus, not surprisingly, are less 

likely to have an irrigation right. For forested land, the percentage of observations in non-

industrial ownership is roughly equivalent between the LCT and taxlot observations. The LCT 

plots are generally steeper and located at lower elevation, and also have higher quality soils, 

relative to the forest taxlots. While there are some differences between the LCT plots and 

hedonic taxlots in terms of the hedonic covariates, they should not be cause for concern, as the 

LCT characteristics are well within the range of data used in estimating the hedonic model. 

 Due to differences in data availability, several adjustments are made when applying the 

estimated hedonic models to the LCT plots. For one, the improvement values that enter the 

developed land hedonic model are not measurable for the LCT plots. I therefore assume an 

improvement value of zero for all of the LCT forest and agricultural plots. Second, by the design 

of my sampling strategy, the hedonic parcels were constrained to those found in Benton, Lane, 

Marion, and Washington Counties. The LCT plots, on the other hand, are not limited in terms of 

the county in which they may be located. In order to apply the county dummy variables that are 

found in the hedonic models, the remainder of the Willamette Valley counties are grouped in 

terms of geographic proximity to the taxlot counties. Table 4.4 contains a breakdown of the 

counties where the LCT plots are found, and the county dummy variable to which each 

corresponds.  

                                                           
54 It is difficult to directly compare soil quality, or any other binary variable, between the taxlots and LCT plots, 

given that they have a discrepancy in area of at least one order of magnitude.  
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Table 4.4: Hedonic-LCT county dummy variable translation 

 

The full predicted land values for the LCT plots are listed in Table 4.5.55 For forested 

lands, the observed forest land values used in the hedonic model are generally higher than the 

predicted values for the LCT forest plots, with the biggest differences observed for 1980 and 

1986. The predicted land values for the LCT agricultural lands are much closer to the raw parcel 

values used to fit the agricultural hedonic model. In 1973, the average predicted value for the 

LCT data exceeds the mean parcel real market value, with the reverse true for 1980, 1986, and 

1992, but the discrepancies in average land value are less than $100/acre in all four years. It is 

not surprising that the observed taxlot real market values typically exceed the predicted LCT 

values, as the RMV data is confined to parcels that are zoned for exclusive farm use and forest 

conservation, designations that are reserved for the most valuable forest and agricultural lands.  

As discussed in Section 4.2, the final adjustment that is made for the LCT land value 

predictions involves removing the development-oriented factors from the agriculture and forest 

land value predictions. For both types of land, a substantial portion of the total value of 

undeveloped land is attributable to capitalized development rents. In 1992, the most recent year 

                                                           
55 The LCT land value predictions are scaled by the average value of the hedonic error term to mitigate any 

predictive bias stemming from the logarithmic form of the hedonic dependent variable. Letting �̃�𝑖𝑗𝑡 equal the raw 

hedonic predicted value for plot 𝑖 in use 𝑗 at time 𝑡, the values that end up being used in the land-use model take the 

form 𝑃𝑖𝑗𝑡 = 𝑒�̃�𝑖𝑗𝑡 ∗ 휀�̅�, where 휀�̅� is the average value of the error term observed in the hedonic model for use 𝑗.  

LCT County Frequency Hedonic County

Benton 70,682 Benton

Clackamas 70,051 Washington

Columbia 10,585 Washington

Douglas 22,653 Lane

Lane 75,921 Lane

Linn 164,075 Marion

Marion 34,780 Marion

Multnomah 11,276 Washington

Polk 86,225 Marion

Washington 26,198 Washington

Yamhill 109,936 Washington
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Table 4.5: LCT land value predictions 

 

of data used in the land-use models, the mean value of agricultural land declines from $800/acre 

to $270/acre after removing the effects of population density, household income, and UGB 

proximity. Similarly, after discarding the development-related components of forest land values, 

the mean 1992 value declines from $620/acre to $30/acre. Given the sizeable portion of 

undeveloped land values ascribable to capitalized development rents, the land-use model 

estimates are affected, in terms of both sign and magnitude, by whether or not these adjustments 

are made. 

4.4 Estimation results 

4.4.1 Discussion of estimates 

 In discussing the land development model estimation results I focus on the marginal 

effects, where possible, of the main variables of interest, the predicted developed and 

undeveloped land values. Prior to estimating the models, I rescale the land value covariates to 

units of $1000/acre, and the marginal effects of a continuous change in these variables on the 

N Mean SD Min Max N Mean SD Min Max

Dev. val. 41,840 16.46 8.44 5.80 98.82 41,592 37.66 19.79 14.04 214.40

Ag. val. full 41,840 1.32 0.27 0.55 2.93 41,592 1.26 0.26 0.48 2.38

Ag. val. aug. 41,840 0.40 0.07 0.18 0.75 41,592 0.54 0.09 0.25 1.02

Dev. val. 31,476 13.51 8.90 5.07 103.20 31,402 31.67 21.12 12.71 222.70

For. val. full 31,476 0.47 0.35 0.05 6.63 31,402 0.54 0.34 0.06 3.35

For. val. aug. 31,476 0.02 0.01 0.00 0.04 31,402 0.04 0.02 0.01 0.10

N Mean SD Min Max N Mean SD Min Max

Dev. val. 41,152 34.47 14.91 13.37 174.60 40,876 35.45 14.58 13.17 160.90

Ag. val. full 41,152 0.76 0.16 0.30 1.56 40,876 0.80 0.18 0.33 1.76

Ag. val. aug. 41,152 0.28 0.05 0.13 0.54 40,876 0.27 0.05 0.12 0.51

Dev. val. 31,371 29.22 16.91 12.42 180.20 31,264 29.48 16.28 12.20 166.60

For. val. full 31,371 0.40 0.33 0.05 4.90 31,264 0.62 0.60 0.06 8.06

For. val. aug. 31,371 0.02 0.01 0.00 0.06 31,264 0.03 0.01 0.00 0.07

1973 1980

1986 1992
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probability of development should thus be interpreted accordingly. Two sets of models are 

estimated, one for LCT plots that begin in forest use and another for those that begin in 

agriculture. The land values that enter the models correspond to the year at the beginning of each 

LCT transition period in order to mitigate endogeneity concerns regarding the simultaneity of 

land market outcomes and land use decisions. For instance, in modeling development decisions 

for the 1973-1980 change period, the land values that enter the model correspond to the year 

1973. To gauge the sensitivity of the results to the inclusion of capitalized development rents in 

the undeveloped land, I estimate each model with both the augmented measure of undeveloped 

land value, �̂�𝑖𝑗𝑡, and the full measure, 𝑃𝑖𝑗𝑡 (for 𝑗 = 𝑎, 𝑓). To reduce the use of excessive 

language, specifications (a) and (b) of a particular model will henceforth refer to specifications 

that feature �̂�𝑖𝑗𝑡 and 𝑃𝑖𝑗𝑡, respectively. 

 The first set of results is derived from the LPM estimator, which is applied both with and 

without the inclusion of plot fixed effects. Table 4.6 contains the full set of estimation results for 

the agriculture-to-development (AD) model. Without including fixed effects, column (1) shows 

that increases in developed land values have an identical 0.001 increase on the likelihood of 

development for agricultural plots, regardless of which version of undeveloped land values enter 

the model. The effects of agricultural land values are positive, yet insignificant, when using 

specification (a) of the pooled LPM, and positive and significant when using version (b) of 

agricultural land values. Column (2) of Table 4.6 contains the LPM results generated after 

including the full set of plot fixed effects in the model. The estimated coefficient on hypothetical 

development values is still highly significant and has the expected positive sign under both 

versions of agricultural land values. However, after including plot fixed effects, the sign on the 

agricultural land value coefficient becomes negative, and the estimate is significant only in 
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specification (a). For forested plots, the pooled LPM results in column (1) of Table 4.7 generally 

conform to expectations. In specifications (a) and (b), the developed land value coefficient has 

the appropriate positive sign, and is statistically significant. The marginal effect of forest land 

values is negative in specification (a) and positive in specification (b), both of which are 

statistically different from zero. In contrast to the AD model, adding plot fixed effects to the 

forest development (FD) pooled LPM does not affect the sign or significance of the results 

(column (2) of Table 4.7).  

Despite their inapplicability to my landscape simulation model, the results from the linear 

land development models highlight two important aspects of my econometric application. First, 

the method I have devised to remove the capitalized development rents from undeveloped land 

values appears to do a satisfactory job in accounting for land value incentives as they relate 

solely to forest and agricultural uses. Disregarding the pooled LPM AD results, the specification 

(a) parameter estimates align closely with the theory and intuition underlying how land 

development decisions are made. Second, the LPM results illustrate the need to account for latent 

heterogeneity across land plots, as the inclusion of fixed effects altered both the sign and 

significance of the agricultural land values in the AD model. This is not surprising, as there could 

be considerable variation in tenure and other landowner characteristics that are not explicitly 

accounted for in the land value variables, but could nonetheless affect development decisions.  
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Table 4.6: ADC model estimation results 

 

 

 

 

Table 4.7: FDC model estimation results 

 

Variable ME SE ME SE ME SE ME SE Coef. SE ME SE ME SE

Dev. value 0.00099 0.00004*** 0.00089 0.00004*** 0.00028 0.00001*** 0.00049 0.00002*** 0.45049 0.03426*** 0.0006 0.00002*** 0.0005064 0.00003***

Ag. value 0.00257 0.00187 -0.02241 0.00172*** -0.00318 0.00163* -0.03573 0.00183*** -63.88909 5.02441*** -0.04682 0.00239*** -0.0385 0.00260***

Dev. value 0.00099 0.00004*** 0.0009 0.00004*** 0.00029 0.00001*** 0.00043 0.00003*** 0.05822 0.00410*** 0.00054 0.00003*** 0.0004087 0.00002***

Ag. value 0.00514 0.00064*** -0.00004 0.00088 -0.00399 0.00064*** -0.01246 0.00075*** -5.93957 0.31313*** -0.02026 0.00112*** -0.0149 0.00110***

Models with capitalized development rents included in ag values

Models with no capitalized development rents

LPM                                   

(1)

FE LPM                            

(2)

Pooled logit                    

(3)

Pooled logit MD           

(4)

FE logit                            

(5)

Pooled logit MD with 

block FE                                    

(6)

CRE logit                             

(7)

Variable ME SE ME SE ME SE ME SE Coef. SE ME SE ME SE

Dev. value 0.00045 0.00003*** 0.00035 0.00003*** 0.0001 0.00001*** 0.00009 0.00001*** 0.04774 0.00611*** 0.00015 0.00002*** 1.01E-04 0.00001***

For. value -0.10481 0.01182*** -0.18750 0.01881*** -0.00728 0.00737 -0.099 0.01507*** -55.0504 8.24248*** -0.16244 0.02397*** -0.1073 0.02130***

Dev. value 0.00037 0.00003*** 0.00015 0.00002*** 0.00009 0.00001*** 0.00004 0.00001*** 0.00728 0.00344** 0.00006 0.00001*** 8.32E-05 0.00006

For. value 0.0024 0.00090*** 0.01435 0.00211*** 0.00034 0.00011*** 0.00152 0.00018*** 3.16336 0.36536*** 0.00243 0.00030*** 0.0029 0.00210

Models with capitalized development rents included in for values

LPM                                   

(1)

FE LPM                            

(2)

Pooled logit                    

(3)

Pooled logit MD           

(4)

FE logit                            

(5)

Pooled logit MD with 

block FE                                    

(6)

CRE logit                             

(7)

Models with no capitalized development rents
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 Column (3) of Table 4.6 contains the marginal effect estimates for the AD pooled logit 

models, where, similar to the pooled LPM estimator, the panel structure of the LCT data is not 

accounted for. In contrast to the pooled LPM results, the estimates across both specification of 

the AD model correspond quite closely to one another, with a positive effect stemming from 

developed land values and the opposite, a negative effect, for agricultural land values. In the case 

of forest land, the results shown in column (3) of Table 4.7 indicate the same general pattern 

found in the LPM models, where developed land values increase the likelihood of development 

and the effect of forest land values depends on which specification is used. In specification (a), 

however, note that although it still carries the appropriate negative sign, the effect of forest land 

values on development outcomes is no longer significant. Given the similarities in how they do 

not accommodate plot-level unobserved heterogeneity in the likelihood of development, it would 

be expected that both the pooled logit and LPM estimators would generate similar results, which 

is not the case. This lack of congruence is likely attributable to the nonlinear nature of the 

logistic CDF, which is particularly pronounced at the lower and upper ends of the probability 

range. Since land development is, in general, a low-probability event, conversion decisions fall 

into the lower tail of the probability distribution. As a result, the logit model can produce 

significantly different marginal effect estimates when compared with the LPM, which forces a 

linear relationship between land values and development decisions.  

 The fixed effects logit model results are listed in column (5) of Tables 4.6 and 4.7. As 

previously mentioned, for several reasons the fixed effects logit model is not usable for my 

application of the land development models. Nevertheless, the estimator provides the most 

general treatment of latent plot heterogeneity in a nonlinear modeling framework, with the caveat 

that estimation is limited to the plots that are actually developed at some point between 1973 and 
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2000. Unlike the results shown for the other estimators, the FE logit results I list represent 

coefficient estimates, as it is not possible to obtain marginal effects in the FE logit modeling 

framework. For the AD model, the FE logit results are significant and have the appropriate signs 

on developed and agricultural land values, regardless of whether specification (a) or (b) is used. 

Likewise, the FD fixed effects logit estimates are qualitatively similar to those from the fixed 

effects LPM. In all, the FE logit results provide further evidence that the land value covariates, 

particularly those used in specification (a), are accurately capturing the incentives and 

opportunity costs that landowners face, after controlling for the confounding effects plot-specific 

unobservable factors. 

 Column (4) of Tables 4.6 and 4.7 list marginal effect estimates from the PLMD models, 

in which unobservable plot-specific factors are accommodated by including the plots means of 

the developed and agricultural values. The AD PLMD estimates are highly significant and have 

the appropriate signs when using both versions of agricultural land values. For the FD model, the 

results are significant and similar to those found in previous models, with opposite signs on 

forest land values depending on whether specification (a) or (b) is used.  I also estimate the 

PLMD model with LCT block dummy variables in order to capture unobserved heterogeneity 

operating at a scale above that of individual land parcels, the results of which are listed in 

column (6) of Tables 4.6 and 4.7. The LCT block grouping provide a convenient means to 

account for latent “neighborhood” effects that are not dealt with through the Mundlak device.56 

Including block effects does not have a sizable effect on the resulting parameter estimates, 

though slight changes do emerge. Focusing on the specification (a) results, in the AD model, the 

                                                           
56 In some LCT blocks, no development occurred on the sample plots, and as a result, plots contained in those blocks 

could not be included in the model with block dummy variables. For the AD model, this results in a loss of 9,677 

plots, or 38,708 individual land transition observations, while for the FD model 11,144 plots (44,576 individual 

observations) are removed.  
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marginal effects of developed and agricultural land values are 0.0005 and   -0.036, respectively, 

without accounting for unobserved block-level influences. After including the block dummy 

variables, these effects of these variables on the likelihood of development change to 0.0006 and 

-0.047, respectively. Without controlling for block effects, in specification (a) of the FD model, 

developed and forest land values are associated with 0.0001 and -0.10 changes in the probability 

of development, respectively. Accounting for neighborhood effects changes the FD developed 

land value marginal effect to 0.0002 and the forest value marginal effect to -0.16. In all cases, 

including the LCT block effects inflates the absolute value of the land value marginal effects, 

though the sign and significance of the estimates do not change. The inflation of the marginal 

effects should be expected, to some extent, given the increased concentration of observations 

with a development outcome in the models that include block dummy variables.  

 Last, I also estimate a set of correlated random effects logit models of the decision to 

develop agricultural and forest lands.57 The CRE logit estimator, in addition to accounting for 

latent plot heterogeneity through the Mundlak device, features an error structure that 

accommodates the serial correlation inherent to the LCT panel data. In discussing the CRE logit 

results, I again focus on the marginal effects from specification (a) of the AD and FD models. 

For agricultural plots, the marginal effect of a change in developed land values on the probability 

of development is 0.0005, the same as that provided by the PLMD model. The marginal effect of 

an increase in agricultural land values is -0.039, which is slightly larger in  absolute value 

                                                           
57 Marginal effects for the random effect logit are programmed in Matlab (as adapted from code used in Lewis and 

Alig (2013)), while all of the other results presented to this point were estimated in Stata. Although Stata permits 

estimation of the random effects logit model, it does not appropriately calculate the associated marginal effects, as it 

automatically sets to zero the plot random effect in making the marginal effect calculations. This is incorrect in the 

case of a nonlinear model, such as logit, since, although the random effects may have a mean of zero, there is no 

reason to expect that the mean of the random effects when evaluated within the logistic CDF would likewise be 

zero. To verify that the Matlab MSL routine is working as intended, I compared the coefficient estimates produced 

in Matlab and Stata for the CRE logit model and found that they are nearly identical. 
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compared to the partial effect from the PLMD model (-0.036). A similar pattern emerges for the 

FD CRE logit model results, where the developed value marginal effect is 0.0001, nearly 

identical to that produced with the PLMD FD model. Again, the partial effect of undeveloped 

land values, in this case those pertaining to forest use, is -0.11, which is slightly larger in 

magnitude compared to the -0.10 produced by the PLMD estimator. In all cases, the marginal 

effects produced by the CRE logit model fall within the 95% confidence interval of the PLMD 

estimates.  The additional parameter generated in the CRE logit model, which relates to the 

standard error of the plot-specific random effect, is statistically significant, suggesting the 

presence of serial correlation in the LCT sample. However, given the similarity in the marginal 

effects produced with the PLMD and CRE logit models, the bias induced by plot-wise serial 

correlation does not appear to be severe.  

In sum, the FD and AD results are robust across the suite of estimators used to fit the 

models, particularly when using specification (a) of the undeveloped land values. The models 

estimated with the undeveloped land values that have been purged of development influences 

provide results that are consistent with the urban economics theory underpinning the empirical 

models, where higher values in a developed use incentivize landowners to convert their land, 

while greater undeveloped land values decrease the likelihood of development. Another general 

finding is that the marginal effect of an increase in developed land values tends to be larger for 

agricultural land compared to forest land. This result is intuitive, as development occurs less 

frequently on forested lands, and therefore larger monetary incentives are required to induce a 

conversion decision. Last, the Mundlak device appears to do an adequate job of controlling for 

plot-level unobservable factors that could bias the parameter estimates. When moving from the 

simple pooled logit model to the PLMD model, the marginal effects, particularly those for 
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undeveloped land values, are starkly different. This discrepancy is due to the presence of time-

invariant latent plot heterogeneity that is relegated to the error term in the pooled logit model, but 

dealt with explicitly in the PLMD model. However, the PLMD estimator still does not account 

for non-sphericalities in the modeled error structure, which can bias the parameter estimates in a 

nonlinear setting. The difference between the PLMD and CRE logit results, however, is minimal, 

suggesting that the additional bias induced by plot-wise serial correlation in the PLMD errors is 

correspondingly small.  

The econometric land development modeling exercise undertaken in this chapter is not an 

end in itself, but rather, the results are used to inform a landscape simulation model that is the 

focus of Chapter 5. In selecting the estimates that are most preferable for the landscape 

simulations, several factors must be weighed, the most important of which are the ability to 

produce land development probabilities and the computational burden associated with using the 

model in a Monte Carlo simulation design. Several of the models estimated in this section 

preclude generating the necessary development probabilities, including both versions of the LPM 

and the FE logit model, thereby ruling those out for use in the landscape simulations. In terms of 

computational feasibility, the CRE logit model is highly resource-demanding due to the fact that 

the development probabilities it produces are dependent on the distribution of the random plot 

effects, in addition to the parameters that are estimated. This fact, coupled with the similarity of 

the CRE logit and PLMD results, makes it impractical to use the CRE logit model in designing 

the landscape simulation model. For the simulations, I must therefore use either the pooled logit 

or PLMD model, as they both produce the requisite development probabilities without posing 

any major issues regarding the excessive use of time and computational resources. Given that the 

wide discrepancy between the pooled logit and PLMD model results, which is suggestive of 
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severe bias in the pooled logit estimates, specification (a) of the PLMD model will be used in 

designing the landscape simulations.  

4.4.2 Bootstrapping routine  

Since the land values that enter the land development models are themselves based on 

fitted econometric relationships, the standard errors on the land value parameter estimates do not 

fully account for the empirical distribution of possible values that could enter the AD and FD 

model specifications. Consequently, the standard errors for the AD and FD estimates are 

artificially low. In order to characterize the true precision of the AD and FD estimates, I conduct 

a bootstrapping routine for the preferred PLMD models, which proceeds in the following steps: 

1. Draw a random sample (with replacement) of parcels that are used in estimating the 

sample selection model. 

2. Estimate the sample selection models with the sample drawn in (1). 

3. Draw a parcel-clustered random sample (with replacement) of developed land parcels 

and estimate the developed land hedonic model, using the sample selection model 

estimates from (2) to form the inverse Mill’s ratio variable. Store the appropriate 

scaling factor needed to adjust the developed land value predictions. 

4. Draw a parcel-clustered random sample (with replacement) of agricultural land parcels 

and estimate the agricultural hedonic model. Store the appropriate scaling factor 

needed to adjust the agricultural land value predictions.  

5. Draw a plot-clustered random sample (with replacement) of agricultural plots from the 

block-clustered sample. Using the estimated hedonic models and scaling factors from 
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(3) and (4) estimate the PLMD AD model. Calculate and store the resulting marginal 

effects.  

6. Draw a parcel-clustered random sample (with replacement) of forest land parcels and 

estimate the forest hedonic model. Store the appropriate scaling factor needed to adjust 

the forest land value predictions.  

7. Draw a plot-clustered random sample (with replacement) of forest plots from the 

block-clustered sample. Using the estimated hedonic models and scaling factors from 

(3) and (6) estimate the PLMD FD model. Calculate and store the marginal effects.  

8. Repeat steps (1)-(8) 100 times.  

The result of the bootstrapping routine is a set of 100 estimated marginal effects and their 

associated standard errors for the AD and FD PLMD models. In generating these ranges of 

estimates, I am able to determine the true significance of the PLMD estimates using the standard 

deviation of the sampling distribution of the marginal effects across all bootstrap replications, 

which is an estimate of the true standard error of the non-bootstrapped PLMD estimates. The 

bootstrapped standard errors from both the AD and FD models are reported next to the baseline 

PLMD standard errors in Tables 4.6 and 4.7. As expected, the additional variation captured by 

the bootstrapping process reduces the precision of the model estimates. However, the marginal 

effects for the main variables of interest remain statistically significant at the 1% level when 

using the bootstrapped standard errors. The bootstrapping exercise illustrates that the land value 

predictions still have a meaningful impact on development outcomes after characterizing the full 

range of uncertainty associated with the estimated hedonic relationships.  
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4.5 Robustness of PLMD results to alternative land value specifications 

 There are a number of ways in which the hedonic models estimated in Chapter 3 can be 

estimated, alterations that could have some effect on the marginal effect estimates derived from 

the AD and FD land development models. In this section, I verify the robustness of the PLMD 

model results to alternative land value predictions from the first-stage models, with specific 

focus on the hedonic relationships for agricultural and developed lands. For the developed land 

hedonic model, where the primary results were generated using the Hausman-Taylor estimator, 

two alternative sets of predictions are considered using: (1) a parcel fixed effects estimator and 

(2) a correlated random effects estimator. The results for each of these alternative developed land 

value specifications are included in of Table 3.5 in Chapter 3. In estimating the alternative AD 

and FD models, the equations used to predict forest and agricultural land values are the same 

CRE specifications used to fit the primary AD and FD models discussed above.  

 Qualitatively, the AD and FD estimation results do not differ from the preferred PLMD 

estimates when using alternative specifications for the developed land hedonic function. As 

indicated in Table 4.8, in all cases, the signs of the marginal effects of interest, those representing 

the levels of the land values, indicate the same intuitive relationship between land values and 

development decisions. The magnitudes of the marginal effects, however, are somewhat different 

under the alternative development value specifications. When using the fixed effects estimator, 

the effect of developed land values in the AD model goes up by roughly 14%, while the absolute 

value of the effect of agricultural land values decreases by 33%. In the FD model, the marginal 

effect of developed land values is reduced by 56%, while the effect of forest land values is 

reduced by 42%. Using the CRE estimator in the AD model, the effect of development values 

declines by 10%, accompanied by a 25% decline in the magnitude of the marginal effect of 
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agricultural land values. For the FD model, the CRE developed value estimates reduce the 

marginal effect of developed land values by 67%, while the effect of forest land values goes up 

by 76%.  

Table 4.8: ADC and FDC results with alternative developed value predictions 

 

 I also gauge the robustness of the AD model results to different specifications of the first-

stage agricultural hedonic model. Specifically, I test sensitivity of the AD results to the inclusion 

of county effects, a quadratic representation of climatic variables, and to both of these changes 

combined. The results of these sensitivity checks are listed below in Table 4.9. The marginal 

effect of agricultural land values is somewhat sensitive to the inclusion of county dummy 

variables, increasing in absolute value by 19% when they are included. Using a quadratic 

representation of the growing season precipitation and minimum temperature variables does not 

have much of an effect on the agricultural value marginal effect, causing a 6% increase in 

magnitude relative to the baseline PLMD results. When combined, the inclusion of both the 

county dummy variables and the squared climate variables the marginal effect of agricultural 

land values increases by roughly 20% in absolute value. Relative to the baseline PLMD results, 

the marginal effect of developed land values is virtually unchanged when using any of the three 

alternative agricultural land value predictive equations. Although the magnitudes of the marginal 

effects differ depending on the developed and agricultural hedonic specifications that are 

Variable ME SE ME SE

Dev. value 0.00056 0.00003*** 0.00044 0.00003***

Ag. value -0.02359 0.00117*** -0.02683 0.00150***

Dev. value 0.00004 0.00001*** 0.00003 0.00001***

For. value -0.0576 0.01023*** -0.02418 0.00836***

FE dev CRE dev

ADC models

FDC models
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employed, the agreement in signs (and significance) across all models is encouraging, and 

indicates that the RMVs used to estimate the first-stage hedonic models are robust predictors of 

the land-use incentives faced by private landowners. 

Table 4.9: ADC results with alternative agricultural value predictions 

 

4.6 Reduced-form land development model  

 The econometric framework pursued here posits that land-use decisions are a function of 

the economic values of different uses, which, in turn, are influenced by land parcel 

characteristics. A virtue of this approach is that it explicitly captures the incentives that drive 

economically-motivated land-use decisions by private landowners. Alternatively, and as has been 

done in previous studies (e.g., Newburn and Berck 2006), land-use decisions can be modeled in a 

reduced-form fashion by directly including the hedonic parcel characteristics as covariates in the 

land development model specifications. Results from the reduced-form AD and FD models are 

included in Appendix Tables B.3 and B.4, respectively. In constructing these reduced-form 

specifications, I have included all explanatory variables that enter the land value predictions for 

the relevant land uses, including the parcel means that enter the Mundlak device in each 

respective CRE hedonic specification. Note that, in contrast to the two-stage approach that uses 

predictions from the first-stage Hausman-Taylor model, no adjustment is made for the potential 

endogeneity of UGB designation on land development outcomes in the reduced-form models.  

Variable ME SE ME SE ME SE

Dev. val. 0.0005 0.00002*** 0.00049 0.00002*** 0.00051 0.00002***

Ag. val. -0.04264 0.00215*** -0.03799 0.00197*** -0.04273 0.00217***

County dummies Nonlinear climate spec.
Co. dummies and 

nonlinear clim. spec. 
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4.6.1 Reduced-form model estimation results 

Results for both the FD and AD models broadly agree with those generated via the 

coupled hedonic-land development approach. For agricultural lands, development is promoted 

within UGBs, an effect that becomes stronger between 1980 and 1986, is weakened in the 

subsequent transition period. Counter to what the developed land hedonic estimates imply, the 

difference in the effectiveness between the most recent transition period (1992-2000) and the 

initial change period (1973-1980) is not distinguishable from zero. Development is more likely 

on lands that are closer to the nearest city center and UGB edge, and discouraged on lands with 

irrigation rights. Note, however, that the soil quality variables have a positive, insignificant effect 

on the likelihood of development, which runs contrary to expectations, since land quality exerts a 

positive influence on agricultural land values. This could be due to the fact that construction 

costs tend to be lower on lands with better soils, an effect that would mitigate the disincentive to 

develop high-valued agricultural land. Precipitation decreases the likelihood of development, 

while minimum temperature has the opposite effect, results that are somewhat counterintuitive, 

though it could be argued that these variables are serving as proxies for the influence of broad 

spatial trends rather than capturing a direct effect of climate conditions on land-use change 

outcomes.  

The effect of slope, the only physical land attribute covariate that is included in both the 

agriculture and developed hedonic models, is negative, and, similar to the effects of soil quality, 

illustrates an important property of the reduced-form modeling approach. The hedonic results 

suggest that slope has a negative effect on both developed and agricultural land values, the 

combination of which is captured in the reduced-form AD model. However, by only looking at 

the reduced-form effect of slope, one cannot deduce this true underlying structural relationship. 
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Slope exerts a negative influence on both agricultural and developed lands, but, on net, the 

detrimental effect to development outweighs the influence on agricultural land. In general, for 

variables that influence the returns to both undeveloped and developed land uses, the reduced-

form approach only captures the net effect on land-use outcomes, masking the underlying 

structural effects on development incentives and opportunity costs.  

The FD reduced-form results likewise suggest a positive effect of UGBs on development 

outcomes for forested lands, with a significant negative interaction effect for the third transition 

period, but no meaningful difference for the second or final LCT change period. 

Counterintuitively, being further away from a UGB edge appears to promote forest land 

conversion, which contradicts the effect of the UGB indicator variable. Expected effects are 

found with respect to the influence of distance to the nearest timber mill, private non-industrial 

ownership, and distance to the nearest city center. The marginal effect of slope, which again 

captures a net influence on both forest and agricultural land values, is negative, suggesting that 

steeper forested lands are less likely to be converted to development.  

In conclusion, the reduced-form land development models produce estimates that are 

mixed in terms of their accordance with economic intuition. Particularly in the case of variables 

such as slope, which influence both developed and undeveloped land values, the reduced-form 

estimates capture only the net influence on land-use decision-making. The additional structure 

added by the coupled hedonic-land use framework makes it clear how such variables influence 

both the incentives and opportunity costs associated with land development decisions. The linear 

first-stage hedonic models also provide added flexibility in handling endogenous covariates, such 

as UGB designation, through the use of the Hausman-Taylor estimator and other instrumental 

variable methods. In the context of the landscape simulations that will be conducted in the 
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following chapter, the two-stage approach offers additional benefits. First, it facilitates an 

analysis of scenarios that influence the monetary incentives associated with land use decisions 

through effects on fine-scale plot-level characteristics, such as a change in climate conditions. 

Second, the spatially-disaggregate land value measures also facilitate the analysis of welfare 

effects related to the scenarios or policies being analyzed, regardless of whether incentives are 

directly influenced by the policy under consideration. For instance, in studying the effects of 

various zoning restrictions, such as the UGB policy in Oregon, the hedonic predictions enable 

one to measure the citywide welfare effect of increasing (or decreasing) the stringency of UGB 

expansion rules. 

4.6.2 Monte Carlo illustration of the efficiency gains in the two-stage framework 

An additional, but more subtle, benefit of using the two-stage econometric framework for 

modeling land-development decisions relates to the efficiency of the marginal effect estimates 

for the first-stage hedonic land characteristics as they relate to land-use outcomes. In the two-

stage framework, since the marginal effects of land characteristics are transmitted through the 

continuous first-stage dependent variable, a wider array of values is used in forming the marginal 

effect for an individual attribute when compared with the reduced-form modeling strategy. Given 

the increased variation upon which the land development results are based, the estimated two-

stage marginal effects of the hedonic covariates should be more efficient compared to their 

reduced-form counterparts.58 Moreover, the efficiency gains would be expected to be more 

pronounced when the second-stage binary dependent variable changes infrequently, further 

reducing the variation upon which the reduced-form estimates are based. This is generally the 

case for land-use outcomes, which, when aggregated across a sufficiently large landscape, the 

                                                           
58 Note that the two-stage model is only more efficient when the first-stage hedonic model contains more than one 

regressor, which makes sense given that the scale of utility (or, land values) is arbitrary in a discrete-choice 

modeling setting (Train 2009).  



100 

 

 

proportion of individual land plots that change uses in a given transition period is relatively 

low.59 I illustrate this property of the coupled hedonic-land use modeling framework using a 

Monte Carlo simulation. In the Monte Carlo design, I alter the percentile associated with the 

first-stage predicted value that is used to determine when a second stage binary event (land 

development, in my particular application) is triggered to test whether the two-stage standard 

errors are relatively more efficient when development occurs less frequently. Seven different 

percentiles (0.1, 1, 2, 5, 10, 30, and 50) are used to formulate when a development decision 

occurs. The following steps are used in conducting the Monte Carlo simulation: 

1. Set up the first-stage univariate linear regression model as 𝑣𝑖 = 𝑏0 + 𝑏1 ∗ 𝑥1𝑖 + 𝑏2 ∗

𝑥2𝑖 + 𝑒𝑖, where 𝑏0 = 1, 𝑏1 = 2, 𝑥1𝑖 and  𝑥2𝑖 represents separate draws from the 𝑈(0,1) 

distribution, and 𝑒𝑖 represents a draw from the 𝑁(0,1) distribution.  

2. Using the parameter values and assumed distributions for the observable and 

unobservable components of the model, generate 10,000 values of 𝑣𝑖 (i.e., 𝑖 = 1, … ,10,000). 

3. Estimate the first-stage linear regression model 𝑣𝑖 = 𝑏0 + 𝑏1 ∗ 𝑥1𝑖 + 𝑏2 ∗ 𝑥2𝑖 + 휀𝑖, and 

store the resulting parameter estimates �̂�0, �̂�1, and �̂�2. 

4. Impose a cutoff percentile for 𝑣𝑖, �̅�, that determines whether or not the second-stage 

event, 𝑑𝑖, is realized. In other words, set 𝑑𝑖 = 1 if 𝑣𝑖 ≤ 𝑣�̅�, and otherwise set 𝑑𝑖 = 0.  

5. Estimate the reduced-form logit model 𝑃𝑟𝑜𝑏(𝑑𝑖 = 1) = 𝑓(𝑎0 + 𝑎1 ∗ 𝑥1𝑖 + 𝑎2 ∗ 𝑥2𝑖), 

and store the estimated average marginal effects of 𝑥1 and 𝑥2, e.g.,  

                                                           
59 For example, in the LCT data used in this study the percentage of agricultural plot that are developed in a given 6-

8 year transition period ranges from 0.59 to 1.07, while the percentage of forest plots that are developed ranges from 

0.14 to 0.41. 
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 𝑀𝐸1(𝑥1) = ∑ (�̂�1 ∗
𝜕𝑓(𝑎0+𝑎1∗𝑥1𝑖+𝑎2∗𝑥2𝑖)

𝜕𝑥1𝑖
)/10,00010,000

𝑖=1 . 

6. Estimate the second-stage model  𝑃𝑟𝑜𝑏(𝑑𝑖 = 1) = 𝑓(𝑐0 + 𝑐1 ∗ 𝑣𝑖) via logit, and store 

the estimated average marginal effects of 𝑥1 and 𝑥2 through their relationship with 𝑣, e.g., 

 𝑀𝐸2(𝑥1) = ∑ (�̂�1 ∗ �̂�1 ∗
𝜕𝑓(𝑐0+𝑐1∗𝑣𝑖)

𝜕𝑣𝑖
)/10,00010,000

𝑖=1 . 

7. Repeat steps (1)-(6) 1,000 times. To compute the standard errors for the reduced-form 

marginal effects, calculate the standard deviation of the 1,000 estimates of 𝑀𝐸1(𝑥1) and 

𝑀𝐸1(𝑥2), and denote them 𝑆𝐸1(𝑥1) and 𝑆𝐸1(𝑥2), respectively. Likewise, for the two-stage 

model, take the standard deviation of the 1,000 estimates of 𝑀𝐸2(𝑥1) and 𝑀𝐸2(𝑥2), and denote 

them 𝑆𝐸2(𝑥1) and 𝑆𝐸2(𝑥2), respectively. 

Table 4.10: Monte Carlo simulation results 

 

The results of the Monte Carlo simulation exercise are listed in Table 4.10. For low 

percentile cutoffs of 0.1%, 1%, 2%, 5%, and 10%, the ratio of the two-stage to the reduced-form 

standard error ranges from 0.58 to 0.63 for the marginal effect of 𝑥1 and 0.62 to 0.68 for the 

marginal effect of 𝑥2. Somewhat surprisingly the ratio does not increase monotonically as the 

percentile that triggers a development outcome is increased. However, when the cutoff percentile 

is raised to 30% and 50%, the increase in the standard error ratio becomes more apparent, rising 

Percentile 

cutoff

Two-stage 

se

 Reduced form 

se
Ratio

Two-stage 

se

 Reduced 

form se
Ratio

0.1 0.001 0.002 0.581 0.002 0.003 0.621

1 0.003 0.004 0.634 0.004 0.006 0.676

2 0.003 0.006 0.609 0.005 0.007 0.665

5 0.004 0.007 0.599 0.006 0.009 0.676

10 0.005 0.009 0.611 0.006 0.010 0.680

30 0.008 0.011 0.728 0.008 0.010 0.859

50 0.009 0.013 0.731 0.009 0.009 0.914

x1 x2
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to 0.73 and 0.73, respectively, for 𝑥1 and 0.86 and 0.91, respectively, for 𝑥2. The results of the 

Monte Carlo exercise make it clear that: (1) the two-stage modeling framework increases the 

efficiency of the marginal effect estimates for the hedonic land characteristics, and (2) the 

efficiency gap between the two-stage and reduced-form estimates widens as the likelihood of 

development is reduced.   
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5 Landscape simulations 

5.1 Introduction 

 This chapter focuses on using the coupled hedonic-land use econometric framework 

developed in Chapters 3 and 4 to assemble a landscape simulation model that is used to conduct 

policy and scenario analysis. Econometric-based landscape simulation models have been utilized 

in previous research to analyze how various policies affect the fine-scale spatial aspects of 

landscape patterns (Lewis and Plantinga 2007, Lewis et. al 2011). The design of my econometric 

framework provides a host of new opportunities to shed light on a host of natural resource policy 

questions. In this chapter, I focus on how external drivers, such as population growth and climate 

change, influence the use of water in an urbanizing area through the lens of land-use policy and 

the land development practices promoted therein. In designing land-use regulations, which are 

put in place to limit urban sprawl and promote economic growth in an environmentally 

sustainable manner, regulators often utilize information on idiosyncratic parcel characteristics, 

such as land quality and proximity to urban and natural amenities. The effects of regulations are 

likewise affected by the economic values associated with different land uses at the level of 

individual land plots. As an example, the Conservation Reserve Program (CRP) of the United 

States pays private agricultural landowners to take their land out of production for a specified 10-

year contract period. In implementing the CRP, regulators solicit bids from private agricultural 

landowners to determine who gets enrolled in the program. Intuitively, these bids are a function 

of the agricultural returns to the land (Parks and Hardie 1995), or the opportunity cost of CRP 

participation. In general, the nature of how land-use regulations apply to individual parcels and 

the resulting impacts that regulations have on landscape patterns are a function of both the fine-

scale physical features of individual land plots, as well as the economic value of different land 

uses. 
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Given that land-use change is arguably the most fundamental way in which human action 

can alter natural ecosystems, regulations that govern the use of land can play a prominent role in 

determining environmental and economic outcomes. In this chapter, I explore the connections 

between land and water use, and how the relationship between the two is influenced by land-use 

policy, population and income growth, and climate change. Existing land-use regulations in the 

Willamette Valley come in the form of urban growth boundaries (UGBs), which spatially 

delineate where land can be developed. Since these boundaries are meant to change over time, 

the rate of UGB expansion influences where land will be developed in the future and, given 

growth in human populations, the population density of the city as a whole. With my landscape 

simulation framework, I examine how different rules that affect the stringency of UGB 

regulations affect water use, and how this connection is influenced by different assumptions 

regarding climatic conditions and demographic growth. Further, in light of recent suggestions 

that the Pacific Northwest region may become a climate refuge, I also analyze the effects of 

different assumptions regarding population growth, which directly influences conversion 

incentives, and thus water use by extension.  

A major theme of the policy simulations conducted in this chapter is that the results hinge 

on knowledge of the underlying spatial pattern of land characteristics. As one example, the 

effects of land-use change on water use depend on which agricultural land plots were using water 

prior to the occurrence of new development. Likewise, the effects of climate change on land use, 

and hence water use by extension, depend on the preexisting climatic conditions of the affected 

land parcels. Last, the effects of population and income growth are directly related to 

hypothetical value of development, which is itself a function of plot-level attributes. The above 

list is not exhaustive, but illustrates the need for the detailed, spatially-explicit two-stage 
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econometric framework on which the landscape simulations conducted in this chapter are built. 

Further, the fact that my modeling approach includes an explicit measure of economic returns 

permits me to examine the welfare effects of the land-use policies under consideration, an 

analysis that has not been undertaken in previous work given the lack of high-resolution 

information on land values.  

5.2 Methods and data 

 I conduct a series of spatially-explicit landscape simulations for three urban areas in the 

Willamette Valley study area, specifically the cities of Eugene, Salem, and Woodburn, to 

measure how population growth, income growth, land-use regulations, and climate change 

influence water use through private land development decisions . To simulate land-use change 

within each of these urban areas, I use the estimated hedonic models from Chapter 3 and the 

pooled logit Mundlak device (PLMD) agriculture- and forest-development models from Chapter 

4. The landscape simulations are conducted over the period 2000-2070 in 10-year increments. As 

the starting point for each city, a baseline land cover map is derived from an adapted version of 

the 2001 National Land Cover Dataset (NLCD).  

5.2.1 Data  

 The 2001 NLCD layer is used to construct a 30x30 km grid around each of the cities for 

which the landscape simulations are conducted, where the center of each 30x30 km area 

corresponds to the center of each city’s urban growth boundary (UGB). Several alterations are 

made to the raw 2001 NLCD layer prior to it being used in the current simulation model.60 First, 

the NLCD data is aggregated to a coarser resolution by overlaying the original 30m NLCD map 

with a 100m grid and finding the land cover type most commonly found within each 100m cell.  

                                                           
60 The adapted version of the NLCD used here was originally developed for a study by Lawler et. al (2014). 
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The spatial area covering the state of Oregon is then clipped from the national NLCD coverage.61 

Last, the NLCD land cover categories contain finer detail when compared to the broader 

development, forest, and agriculture categories used in my analysis. The original NLCD 

categories are cross-walked into a broader land classification system that is more congruent with 

the spatial detail needed for my analysis. The augmented NLCD categories are as follows: (0) 

water, (1) crops, (2) pasture, (3) forest, (4) urban/developed, and (5) range. For the purposes of 

the econometric land development models, NLCD plots in cover categories (1), (2), and (5) are 

considered agricultural lands.  

I primarily chose the cities of Salem, Eugene, and Woodburn to represent a range of ways 

in which agricultural water endowments may be allocated throughout an urbanizing area, and 

how the spatial pattern of non-urban water users may change in response to the urban 

development process. Figure 5.1 illustrates a baseline land cover map and the spatial distribution 

of irrigation water rights for each of the three urban areas used in the simulations. As evidenced 

by Table 5.1, the three cities also vary considerably in their respective demographic and land 

cover characteristics. Woodburn, with a population of just under 20,000, is the least populous 

city with the lowest income ($33,000) of the three I consider. It is also nearly entirely surrounded 

by irrigated agricultural land, which constitutes roughly 70% of the agricultural land in its 

vicinity. Forests represent just 2.6% of the Woodburn simulation area. Eugene62, on the other 

hand, is the largest of the three urban areas and has little irrigated agriculture and a large amount 

of forest land in its surrounding area. With a mean household income of just over $35,000, 

                                                           
61 Though all of the cities considered in the landscape simulations are found in the Willamette Valley, the 30x30 km 

area pertaining to Eugene extends slightly beyond the boundary of the Willamette Valley ecoregion, and thus the 

statewide data is needed to construct the relevant simulation areas.  
62 The urban area representing Eugene also contains the neighboring city of Springfield, OR. According to the 2000 

Census, the populations of the Eugene and Springfield metro areas were 138,807 and 53,408, respectively. 

Throughout the remained of this thesis the combined Eugene-Springfield urban area will be referred to as Eugene in 

order to avoid the use of excessive language.  



107 

 

 

Eugene falls in between the income levels of Salem and Woodburn. Salem63 is nearly as big as 

Eugene, with a population of about 170,000, but has an average household income that is 

roughly 15% higher, and has more, though not as much as Woodburn, of its surrounding area 

devoted to irrigated agriculture, particularly in the areas to the north and northeast of its urban 

extent. Clearly, the cities used to conduct my landscape simulations vary in terms of their 

demographic character as well as the types of land making up their surrounding area.     

Table 5.1: Simulation area land and demographic characteristics 

 

In order to use the estimated econometric land development models for the landscape 

simulations, additional spatial data on the determinants of land values are collected or measured 

using the same data sets listed in Appendix Tables A.1 and A.2. Appendix Tables C.1, C.2, and 

C.3 list descriptive statistics, by land use category, for Salem, Woodburn, and Eugene, 

respectively. Of note is the fact that Woodburn and Salem contain agricultural land that is of a 

higher quality and irrigated more frequently relative to the farmland surrounding Eugene. Private 

forest land in the vicinity of Eugene provides access to nearby timber mills, but is also associated 

with soil and topographic characteristics that are relatively less conducive to timber production 

compared to the forested lands in the Salem and Woodburn simulation areas. Eugene, Salem, and 

                                                           
63 As was the case for Eugene, the urban area representing Salem also includes the adjacent, smaller city of Keizer, 

OR. As of the 2000 Census, the populations of Salem and Keizer were 137,569 and 32,199, respectively. Unless 

otherwise noted, throughout the remainder of this thesis Salem will refer to as the combined Salem-Keizer urban 

area.  

Eugene Salem Woodburn

Income per household ($2000) 35054 40051 33722

Population (UGB) 192215 169768 19557

Population density (people/acre) 5.19 5.20 6.02

% of land in agricultural use 47.50 65.24 75.42

% of land in forest use 24.93 8.18 2.59

% of agricultural land irrigated 21.96 40.37 70.63
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Figure 5.1: Irrigation rights and land cover for simulation areas 

 

 

Woodburn are all found in counties that are represented in the parcel-level panel data set 

discussed in Chapter 3. Specifically, Eugene is located in Lane County, whereas Woodburn and 

Salem are primarily found in Marion County.64 Since the NLCD plots are mainly found in the 

same areas from which the parcel samples were drawn, the characteristics of the simulation plots 

fall within the range of variation used to estimate the hedonic and land development models.  

                                                           
64 A small portion of the Salem area is contained in Polk County.  
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For each city, I use population (Oregon Office of Economic Analysis 2011) and income 

(Woods and Poole 2011) projections to simulate growth in urban land values over time. Table 

5.2 lists the population and income growth forecasts for the three urban areas that are simulated. 

To derive the income projections, I used the Woods and Poole (2011) county-level forecasts, 

which cover the period 2000-2050. The final year of my simulations is 2070, however, and since 

the income projections are themselves nearly linear, I use a linear extrapolation to extend the 

range of the forecasts an additional 20 years. Likewise, the population growth forecasts come 

from the Oregon Office of Economic Analysis (2011), which provide county-level estimates out 

to the year 2040. The county-level population estimates are downscaled to individual UGBs by 

allocating the growth in the county projections to the baseline 2000 Census city-level estimates 

corresponding to each of the simulation areas. Again, since the forecasts for population growth 

are nearly linear, a simple linear extrapolation is used to extend the forecasts to the year 2070.  

In the simulations, population and income growth are treated as exogenous and, thus, are 

not altered as the results of land-use changes that occur within the simulations. However, the 

population growth estimates are not directly used in the developed land value calculations, but 

instead are used to form the population density variable that enters the developed land hedonic 

specification. In contrast to the population level of each city, its density is endogenous, as it 

depends on the land development decisions made by private agricultural and forest landowners. 

To measure city-level population density in the developed land hedonic model, I used the 

population density measures from the U.S. Census of Population (1970, 1980, 1990, and 2000) 
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Table 5.2: Population and income forecasts for simulation areas65 

 

which correspond to each city using the Census “place” definition.66 In contrast, during the 

simulations population density is measured as the ratio of the total population of the city to the 

total area of developed land within the city’s UGB. To verify that the alternative population 

density does not produce a severely biased density calculation, the UGB- and Census-based 

population density measures were compared and found to be close to one another, with the 

constructed UGB-based definition producing density estimates that are slightly lower than the 

Census-based version. However, in all cases, the baseline population density figures for the 

simulations fall well within the range of density values used in estimating the developed hedonic 

parameters.  

5.2.2 Simulation algorithm 

Using the estimated econometric relationships from Chapters 3 and 4, I simulate urban 

development to 2070 in 10-year increments. In order to maintain consistency with the aims of 

Oregon’s land use planning system, I require all new development to occur inside of UGBs on 

                                                           
65 Note that the incomes listed in Table 5.2 pertain to each simulation area as a whole, as opposed to the income 

measures in Table 5.1, which denote the average household income in each city as defined by the US Census.  
66 For more information on how the U.S. Census defines individual places, see: 

https://www.census.gov/geo/reference/gtc/gtc_place.html. 

Year 2000 2010 2020 2030 2040 2050 2060 2070

Income ($1000 USD) 40.7 43.8 46.7 55.2 66.7 75.3 85.2 95

Baseline population 169,768 189,817 214,398 246,746 276,259 304,484 334,674 364,199

Low population 169,768 179,793 192,083 208,257 223,014 237,126 252,221 266,984

High population 169,768 209,866 259,028 323,724 382,750 439,200 499,580 558,630

Year 2000 2010 2020 2030 2040 2050 2060 2070

Income ($1000 USD) 38.0 37.1 39.8 47.2 57.1 64.7 73.2 81.7

Baseline population 19,557 21,634 24,325 27,846 31,061 34,148 37,459 40,688

Low population 19,557 20,596 21,941 23,702 25,309 26,853 28,508 30,123

High population 19,557 23,711 29,093 36,135 42,565 48,739 55,361 61,819

Year 2000 2010 2020 2030 2040 2050 2060 2070

Income ($1000 USD) 34.6 36.8 39.2 46.4 56.1 63.4 71.7 80

Baseline population 192,215 209,050 224,683 243,635 259,728 276,056 288,025 302,949

Low population 192,215 200,633 208,449 217,925 225,972 234,136 240,120 247,582

High population 192,215 225,885 257,151 295,055 327,241 359,897 383,835 413,683

Salem

Woodburn

Eugene
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land that is “developable”, defined as privately-owned land in crops, pasture, forest, or range. 

The landscape simulation algorithm proceeds in the following steps: 

1. Using the estimated hedonic relationships, calculate the land values needed to fit the 

agricultural and forest development models for the year 2000. 

2. For each eligible plot, 𝑖, calculate the probability that the plot will be developed (𝑃�̂�𝑖𝑡) 

during the current 10-year time interval, 𝑡, spanning the years 2000-2010. 

3. Draw a random uniform number from a distribution with supports 0 and 1, denoted 

𝑈𝑖𝑡(0,1), for each plot. If  𝑈𝑖𝑡(0,1) < 𝑃�̂�𝑖𝑡, plot 𝑖’s land use is updated to developed and it 

remains that way throughout the current simulation run. If 𝑈𝑖𝑡(0,1) > 𝑃�̂�𝑖𝑡, the plot stays in its 

baseline undeveloped use and retains its development eligibility into the next transition period..  

4. Expand the UGB if necessary.  

5. Calculate the updated population density measure. 

6. Repeat steps (1)-(5) for each subsequent transition period 2010-2020, 2020-2030, etc. 

7. Repeat steps (1)-(6) 100 times.  

 For each transition period, 𝑡, the predicted development probability, 𝑃�̂�𝑖𝑡, for each 

eligible plot, 𝑖, is scaled up so that it is consistent with a 10-year timestep. Since the LCT-based 

urbanization models are not based on 10-year transition periods, the predicted probabilities used 

in the simulations are adjusted accordingly. The mean LCT transition period length is 6.75 years. 

Denoting the predicted probability of development as 𝑃�̃�𝑖𝑡, the following adjustment is made: 

𝑃�̂�𝑖𝑡 = 1 − (1 − 𝑃�̃�𝑖𝑡)
(

10

6.75
)
. Importantly, in conducting the simulations, I treat land 

development as an irreversible decision, such that if a conversion occurs, meaning that 

𝑈𝑖𝑡(0,1) < 𝑃�̂�𝑖𝑡, plot 𝑖 remains in a developed use for all subsequent transition periods 𝑡′ > 𝑡 in 

the current iteration of the simulation. When a single iteration is completed, all development 
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decisions and the resulting land cover pattern are reset to their initial, baseline conditions. In this 

way, for a given scenario I generate 100 distinct landscape patterns that differ from one another 

due to different sets of random draws from the 𝑈(0,1) distribution.67 

  Note that the year 2000 dummy estimates for all three hedonic models are used 

throughout the simulations. Also, all plot mean (or “Mundlak device”) variables are not updated 

over the course of the simulations. Although it would seem natural, for instance, to update the 

developed value plot mean variable that enters the land development models, doing so would 

violate the use of the Mundlak device as a pseudo-fixed effect, particularly since I have no 

readily justifiable method to use for updating the yearly parameter estimates in the hedonic 

models. Therefore, since I use the year 2000 dummy variables in the simulations, the plot means 

that enter the hedonic models are calculated over the period 1973-2000, and the plot land value 

means used in constructing 𝑃�̂�𝑖𝑡 are formed over the 1980-2000 period. On the other hand, if I 

used the 1992 dummy variable to make the baseline hedonic predictions, the appropriate 

temporal length over which the plot mean variables should be calculated would change to 1973-

1992 for the land development model, but would remain unchanged from 1973-2000 for the 

hedonic models. Initial experimentation revealed that comparable results were generated using 

both the 1992 and 2000 dummy approach. I therefore use the 2000 dummy since it more closely 

aligns with the year in which the simulations are initiated. 

Concerning step (4) in the simulation algorithm described above, to mimic the regulatory 

environment that governs land use in Oregon, over time, as undeveloped land plots are converted 

to developed uses, I allow the UGBs to expand. To operationalize when a UGB expansion is 

triggered for a given city, I use a preconceived rule concerning the percentage of private land 

                                                           
67 All simulations are based on original Matlab code and, thus, results are based on the Matlab random number 

generator. To facilitate comparability across scenarios, I reset the random number seed at the start of each set of 

simulations for each scenario. 
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within the UGB that is in a developed use. When the percentage of developed land within the 

UGB exceeds the prescribed expansion threshold, additional plots are brought inside the UGB 

until the developed percentage is again below the value given by the expansion rule. UGB 

expansions are conducted in a manner that is consistent with Oregon’s existing land-use planning 

environment. Several criteria are used in determining which lands are brought into the UGB 

when an expansion is needed. First, to avoid spatial discontinuities in a municipality’s 

developable area, the new land plots must be adjacent to the existing UGB edge.68 The second 

expansion criteria concerns rural zoning designations. When an expansion occurs, adjacent lands 

zoned for rural development are brought into the UGB until the expansion rule is satisfied. Rural 

development zoning designations include rural residential, rural service centers, rural industrial, 

and rural commercial. These areas are a natural first target for UGB expansions, as they are 

already influenced by human activity. After imposing the contiguity and zoning expansion 

conditions, the sequence that determines precisely which rural development plots are brought 

inside the UGB is based on the lowest weighted distance to the UGB center and nearest major 

road. If the adjacent rural development areas are exhausted before the prescribed expansion rule 

is satisfied, lands zoned for resource-intensive uses, such as those in exclusive farm use (EFU) or 

forest conservation (FC), are then brought into the UGB until the developed percentage is 

sufficiently low, again following the weighted UGB center-major road proximity prioritization.69 

                                                           
68 Exceptions to this rule, while not common, are nonetheless observed in reality. In western Oregon, the most 

prominent counterexample is found in the Portland Metro UGB, which represents a consortium of twenty five 

Oregon cities. The portion of the Metro UGB representing the cities of Forest Grove and Cornelius is clearly 

separated from the main UGB area, which contains Portland and the remaining cities associated with Metro regional 

government. With a combined population of roughly 1.5 million people (www.oregonmetro.gov), the Portland 

Metro area is clearly an outlier with respect to its population size and the land area it encompasses. Although two of 

the UGBs I consider do, in fact, represent multiple cities, the constituent municipalities in both cases are adjacent to 

one another, so it therefore seems justifiable to prohibit discontinuous UGB expansions.  
69 During the course of the UGB expansion algorithm, additional NLCD plots that are publicly owned or classified 

as water are brought inside the UGB, but do count towards meeting the expansion threshold and are not 

subsequently developable. 

http://www.oregonmetro.gov/
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In this way, the simulations are conducted in the spirit of Oregon’s existing land-use regulatory 

environment, with undisturbed resource lands being reserved as the expansion targets of last 

resort.   

5.2.3 Water use measurement 

With each decadal landscape produced by the landscape simulations, I measure water use 

for the agricultural and residential sectors. To establish a link between land development patterns 

and urban household water use, I use a calibrated aggregate residential water demand function 

constructed from recently reported empirical findings in the water resource economics 

literature.70 Previous studies suggest that urban water demand is driven by the marginal price of 

water, pricing structure (uniform, increasing block rate, etc.), and income, with weather and 

seasonal variation also playing a significant role (Olmstead et al. 2007; Olmstead 2009; 

Olmstead 2010; Bell and Griffin 2011; Mansur and Olmstead 2012). Additionally, aggregate 

water demand should depend on the size of the city, through both the number of residents 

(population) and how they are distributed across the urban landscape (population density) 

(Gaudin 2006).  Table 5.3 lists the calibrated elasticity parameters that I use, as well as their units 

and the studies from which they were derived. These parameter estimates are used to fit a semi-

log citywide water demand function, which facilitates a partial elasticity interpretation for each 

respective coefficient. 

 

                                                           
70 In reality, total urban water demand is also driven by non-residential users, such as those in the industrial and 

commercial sectors. However, within my modeling framework I assume that land development is undertaken for the 

purpose of residential housing construction. This assumption is necessary, as the developed land hedonic model is 

based on residential and multi-family land value observations. As such, accommodating industrial and commercial 

water demand would only affect the baseline demand calculation, and not any changes that occur over the course of 

the simulation. 
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Table 5.3: Coefficients used to calibrate the urban water demand model 

 

The water demand functions were originally developed for a detailed interdisciplinary 

study of water scarcity in the Willamette River Basin (see Jaeger et. al 2014 for more detail).71 

The resulting residential water demand function for city 𝑗 at time 𝑡 is specified as: 

(5.1) 𝑙𝑛(�̅�𝑗𝑡
𝑈) = −(2.93 + 0.611∗𝐼𝐵𝑅𝑗) − 0.6∗𝑝𝑗𝑡

𝑤 + ⋯  

                     … + 𝑙𝑛(𝑃𝑗𝑡) + (0.13 + 0.05∗𝐼𝐵𝑅𝑗)
∗
𝐼𝑗𝑡 − 0.048∗𝐷𝑗𝑡 ,           

where �̅�𝑗𝑡
𝑈 represents mean daily residential water use for the entire city in year 𝑡 and 𝐼𝐵𝑅 is a 

binary variable indicating whether the municipality uses an increasing block rate pricing 

structure. The variables 𝑝𝑗𝑡
𝑤, 𝑃𝑗𝑡, 𝐼𝑗𝑡, and 𝐷𝑗𝑡 represent the residential water price, population, 

mean income, and population density of city 𝑗 at time 𝑡, respectively. In the simulations, the only 

variable assumed to be fixed in equation (5.1) is the 𝐼𝐵𝑅𝑗 pricing structure variable. All other 

water demand variables change in each simulation time step, with most modeled as external 

processes (𝑃𝑗𝑡, 𝑝𝑗𝑡
𝑤, 𝐼𝑗𝑡) and population density (𝐷𝑗𝑡), as mentioned above, determined 

endogenously. Prices change over time at the same rate as average cost, which is modeled as a 

function of the population level. Jaeger et. al (2014) specify the average cost for city 𝑗 at time 𝑡 

as:  

(5.2) 𝐴𝐶𝑗𝑡 = 0.748∗𝑒(11.2−0.885∗ 𝑙𝑛(𝑃𝑗𝑡)+0.091∗ 𝑙𝑛(𝑃𝑗𝑡)
2

−0.003∗ 𝑙𝑛(𝑃𝑗𝑡)
3

).  

                                                           
71 For more detail, see: http://water.oregonstate.edu/ww2100/. 

Variable Description Coefficient Source

Price Long-term price elasticity of demand -0.6 Olmstead 2010

Income (flat rate) Income elasticity for flat rate pricing 0.13 Olmstead et al. 2007

Income (block rate) Income elasticity for increasing block rate pricing 0.18 Olmstead et al. 2007

Population Demand elasticity for total population 1.0 Portland Water Bureau 2010

Density Demand elasticity for population density -0.048 Gaudin 2006

Notes: Coefficient estimates represent the effect of each variable on per-capita residential water demand.
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To incorporate seasonal effects into urban water use, I first scale daily demand �̅�𝑗𝑡
𝑈up to 

total annual water demand, and then decompose the total annual demand into the demand for 

indoor and outdoor uses using the following: 

(5.3) 𝑊𝑗𝑡
𝑈 = 𝑊𝑗𝑡

𝑂 + 𝑊𝑗𝑡
𝐼 = (𝛼∗𝑊𝑗𝑡

𝑈 + (1 − 𝛼)∗𝑊𝑗𝑡
𝑈),  

where 𝑊𝑗𝑡
𝑈, 𝑊𝑗𝑡

𝑂, and 𝑊𝑗𝑡
𝐼  represent total, outdoor, and indoor annual residential water demand in 

for city 𝑗 in year 𝑡, respectively. The parameter 𝛼 represents the share of total annual demand 

derived from outdoor water uses. I approximate 𝛼 using a time-series of monthly water use data 

for Salem, OR, one of the cities featured in the landscape simulations.72 Figure 5.2 plots average 

monthly water use (in acre-feet) in Salem for water delivered by the Salem Public Works 

Department over the period 1994-2013. Also plotted in Figure 5.2 is a horizontal line 

representing mean water use during the months of January, February, March, April, November, 

and December over the same time period. For the purposes of urban water demand, these months 

represent the “wet season”, or the time of the year when water is generally not used outdoors by 

residential households. Previous research has confirmed that indoor water use varies minimally 

across seasons (Mansur and Olmstead 2012). As a result, the area between the monthly water use 

curve and the wet season average approximates the annual total amount of water used outdoors 

by urban consumers. By dividing the annual total quantity of water used outdoors by the total 

area under the monthly water use curve, I can approximate 𝛼, the fraction of total annual water 

consumed for outdoor urban purposes. Using the Salem data, the estimate of 𝛼 is 0.17, which I 

                                                           
72 The monthly water use data were obtained from the Oregon Water Resources Department (OWRD). Similar data 

were not available for the other two simulation cities, Eugene and Woodburn. However, since dry-season 

precipitation patterns are nearly identical on the urban lands in all three cities, it seems reasonable to assume that the 

share of annual water use that is used outdoors is the same in the three cities. The baseline 1971-2000 average, or 

“normal”, precipitation for the developed portions of the Salem, Eugene, and Woodburn UGBs are 13.04, 13.23, and 

13.24 inches, respectively.   
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manipulate to incorporate the effects of precipitation changes on outdoor water use in the 

simulated precipitation scenarios.73 

Figure 5.2: Salem Public Works average monthly water use 

 

 Agricultural water users are identified using GIS data on irrigation water rights from 

OWRD. In the Willamette Valley, agricultural irrigators are generally allowed to withdraw a 

maximum volume (or “duty”) of 2.5 acre-feet (af) per acre of irrigated land (Mattick 2013). In 

the simulations, I assume that water rights are always honored and exercised up to their 

maximum allowable withdrawal volume of 2.5 af/acre. These assumptions may not hold if 

farmers either have their water rights shut off or use an amount of water that is less than what is 

allowable under their water right. However, the purpose of the simulations is to compare how 

total water use could potentially change as the result of land development under different 

scenarios regarding land-use regulations, population and income growth, and climate conditions. 

As such, the simulation results will only be influenced by the assumption that water rights are 

exercised in full if there is a systematic difference in how irrigation water is used across space 

                                                           
73 Note that we are implicitly assuming uniform per-unit land area water use across all outdoor users serviced by the 

Salem Public Works Department, which includes commercial and industrial users in addition to the residential users 

that are the focus of our analysis.  
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within the simulated UGB areas where development is permitted to occur. For example, a given 

scenario may produce a UGB that is slightly larger than that generated in an alternative scenario, 

and if irrigation water use is systematically different in the additional area within the larger 

UGB, the simulation results would be affected accordingly.  

5.3 Scenario descriptions 

In 2000, the initial year of my landscape simulations, privately-owned urban land 

accounted for 79.1%, 78.5%, and 80.2% of the total amount of land within the Salem, Eugene, 

and Woodburn UGBs, respectively. For each city, I construct four different UGB expansion 

scenarios based on expansion thresholds of 60%, 70%, 80%, and 90%, which I henceforth refer 

to as the High Sprawl (HS), Moderate Sprawl (MS), Compact Development (CD), and High 

Density (HD) scenarios, respectively.74 I use the UGB scenarios to illustrate how the density of 

new land development influences the trajectory of water use over our simulated time horizon. By 

imposing a looser rule on how the UGB can expand, the potential effects on total water use are 

ambiguous. On one hand, relaxing the UGB expansion rule promotes excess development, which 

reduces population density, and thereby increases the quantity of water consumed by residential 

households (see equation (5.1)). Low-density development patterns, on the other hand, have the 

effect of displacing irrigated agricultural lands, which, on average, tend to be associated with 

more intensive water use relative to developed lands. The effect of loosening the UGB expansion 

rules on total water use is thus dependent on how much land is developed, exactly which parcels 

are converted, and the resulting population density of the city. 

The second set of scenarios involves the population growth forecasts that are used to 

drive developed land prices in the simulations. To gauge the sensitivity of the simulation results 

                                                           
74 Note that when a UGB’s developed fraction is above a given scenario’s expansion threshold in 2000, the 

simulation begins with an expansion, though no development is allowed to occur until the ensuing transition period. 
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to alternative population projections, I construct separate scenarios that involve either half or a 

doubling of the growth in each city’s population, which I will refer to as the Low Population 

(LP) and High Population (HP) scenarios, respectively. All of the alternative population 

scenarios are conducted using the 70% (moderate sprawl) UGB expansion rule. The alternative 

population projections used for each city are listed in Table 5.2. Given the multitude of ways in 

which the population level and density of a city can influence its water use, a priori, the potential 

effects of the alternative population growth paths on water use are ambiguous. As it relates to 

𝑊𝑈, a change in the population growth forecasts for a given city will have three effects. First, an 

increase (decrease) in population, on its own, will increase (decrease) 𝑊𝑈, as evidenced by the 

positive coefficient on 𝑃75 in (5.1). Second, holding the developed land area constant, an 

increase (decrease) in 𝑃 will also increase (decrease) the density, 𝐷, of the city, which has the 

effect of decreasing (increasing) 𝑊𝑈. And third, population also drives changes in the average 

cost of water delivery, 𝐴𝐶. An increase in 𝐴𝐶 has the effect of increasing the rate of growth in 

the price, 𝑝𝑤, charged to residential consumers, which, intuitively, decreases the quantity of 

water demanded. The prices charged to residential consumers for all scenarios and cities are 

listed in Table 5.4. Adding to this ambiguity, increases (decreases) in 𝐷 via an alteration of the 

population growth path will increase (decrease) developed land values, increasing (decreasing) 

the likelihood of development, which could affect total water use through the displacement or 

retention of irrigated agricultural lands.  

                                                           
75 Henceforth, to avoid unnecessary notation the 𝑗 and 𝑡 subscripts will not be included when discussing the 

variables that enter the urban water demand calculation.  
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Table 5.4: Urban water prices 

 

In addition to the UGB and population scenarios, I also simulate the effects of permanent 

increases or decreases in growing (or “dry”) season precipitation. Specifically, I impose a 

permanent precipitation reduction, or increase, of 2, 4, and 6 inches. Henceforth, the 

precipitation reduction, or dry, scenarios will be referred to as the D1 (2-inch), D2 (4-inch), and 

D3 (6-inch) scenarios, while the precipitation increase, or wet, scenarios will be denoted W1 (2-

inch), W2 (4-inch), and W3 (6-inch). In 2000, for Salem, Eugene, and Woodburn, the mean 

value of total growing season precipitation is 13.04, 13.23, and 13.24 inches, respectively. For 

Salem, as an example, under the D1, D2, and D3 climate scenarios mean total growing season 

precipitation declines to 11.04, 9.04, and 7.04 inches, respectively, and remains at these levels 

for the duration of the simulation. Per the results of the agricultural hedonic model, reducing 

(increasing) the level of growing season precipitation decreases (increases) the opportunity cost 

of land development on non-irrigated land parcels, thereby causing the UGB to expand more 

(less) rapidly, which leads to a larger developable area in each simulation time period. Although 

there is no direct effect on the incentives associated with development on irrigated land plots, the 

Year 2000 2010 2020 2030 2040 2050 2060 2070

Baseline price 2.04 2.02 2.01 1.99 1.97 1.96 1.94 1.93

HP price 2.04 2.01 1.98 1.95 1.92 1.90 1.88 1.86

LP price 2.04 2.03 2.02 2.01 2.00 1.99 1.98 1.98

HD compensating price 2.04 2.06 2.07 2.07 2.11 2.23 2.47 2.75

Year 2000 2010 2020 2030 2040 2050 2060 2070

Baseline price 1.25 1.24 1.24 1.23 1.22 1.22 1.21 1.21

HP price 1.25 1.24 1.22 1.21 1.20 1.19 1.19 1.18

LP price 1.25 1.25 1.24 1.24 1.24 1.23 1.23 1.23

HD compensating price 1.25 1.24 1.24 1.24 1.24 1.24 1.25 1.25

Year 2000 2010 2020 2030 2040 2050 2060 2070

Baseline price 3.28 3.26 3.24 3.22 3.20 3.18 3.17 3.15

HP price 3.28 3.25 3.21 3.17 3.14 3.12 3.10 3.08

LP price 3.28 3.27 3.26 3.25 3.24 3.23 3.21 3.20

HD compensating price 3.28 3.41 3.45 3.49 3.66 4.49 7.72 22.16

Salem

Eugene

Woodburn
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amount of irrigated land plots that are converted is influenced indirectly by the frequency and 

size of UGB expansions, which are both influenced by the opportunity costs of developing non-

irrigated agricultural land. 

5.4 Simulation results 

In discussing the simulation results, I focus on how population density and the spatial 

pattern of land development influence the total amount of water used by the agricultural and 

residential sectors.76 I also provide insight into the extent to which urban water prices would 

need to change in order to bring about an equivalent level of water use as that suggested by the 

simulated landscape patterns. Last, I illustrate how economic welfare, through land values, 

changes across the constructed scenarios, an analysis that exemplifies a strength of the two-stage 

econometric estimation framework on which the landscape simulations are based by allowing me 

to place a monetary value on the changes in water use that come about in each scenario. 

5.4.1 UGB expansion scenarios 

 In the UGB expansion scenarios I vary the developed land percentage threshold that is 

used to trigger an expansion of the area circumscribed by the UGB, which is where all new land 

development must take place. Accordingly, the developed land footprint becomes larger under 

scenarios with relatively more lax UGB expansion policies. As illustrated by the map in Figure 

5.377, for Salem, the initial area of developed land inside of the UGB amounts to 32,652, 32, 652, 

34,137, and 35,584 acres under the HD, CD, MS, and HS scenarios, respectively. In terms of 

percentages, the average developed land area by the end of the simulations in 2070 rises by 20%, 

25%, 29%, and 36% in each of the four respective UGB scenarios. Woodburn (Figure 5.4), has 

the smallest UGB of the three considered, with initial areas of 3,233, 3,250, 3,620, and 3,956 

                                                           
76 Appendix Tables D.1-D.4, E.1-E.4, and F.1-F.4 contains the full set of outputs from all of the simulated scenarios 

for Salem, Woodburn, and Eugene, respectively. 
77 The maps in Figures 5.3, 5.4, and 5.5 illustrate the most common land use and UGB designation found on each 

plot in 2070 when averaged over all 100 simulation replications.  
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acres under the HD, CD, MS, and HS scenarios, respectively. Over time, as the urbanization 

process plays out, the developed footprint of the Woodburn UGB expands by 38% (HD), 54% 

(CD), 59% (MS), and 62% (HS). Last, Eugene (Figure 5.5) has the largest UGB of the three 

simulation areas, in which the initial developed areas are 37,057 acres (HD, CD), 39,062 acres 

(MS), and 40,265 acres (HS). New development, however, is minimal in Eugene, with urban 

land area increases of just 4% (HD), 5% (CD), and 6% (MS, HS) under the alternative UGB 

expansion rules.  

The relative lack of development in Eugene is attributable to several things, the first of 

which is the large amount of forest land in and around its UGB. Since forest lands have 

historically been developed less frequently relative to agricultural lands in the Willamette Valley, 

it is not surprising that development occurs less frequently in Eugene. The minor effect that 

loosening the UGB expansion rule has on the developed land area in Eugene is likewise due to 

the fact that much of the land that is added to its UGB throughout the expansion process is in 

forest use. For example, the maximum percentage of land within the Salem UGB in a forest use 

in any of the UGB scenarios is 7%, and less than 1% for Woodburn, while the minimum forest 

percentage of the Eugene UGB is over 8%.  Additionally, per-acre developed land values in 

Eugene are lower than those in Salem and Woodburn throughout the course of the simulations, 

which, ceteris paribus, reduces the likelihood of agricultural and forest land being converted. On 

average, in any given year or scenario, per-acre developed land values in Eugene are $22,000-

$50,000 lower than those in Salem and Woodburn. 
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Figure 5.3: Salem UGB scenario land-use patterns 
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Figure 5.4: Woodburn UGB scenario land-use patterns 
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Figure 5.5: Eugene UGB scenario land-use patterns 
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Figure 5.6 illustrates the trend in total water use from 2020-2070 under each of the four 

UGB expansion scenarios for each simulation city. Over the same period, Figure 5.7 depicts the 

population density trend for each city-UGB expansion scenario combination. Each plot contains 

a trend line representing mean total water use (or population density) for each simulation year, 

with the shaded background behind each line illustrating the range of total water use (or 

population density) observed across the 100 simulation replications. For the case of Salem 

(Figures 5.6a, 5.7a), in all three scenarios total water use increases over time due to population 

and income growth, which positively influence urban water demand. However, the upward trend 

in total water use is dampened by the imposition of land-use regulations that permit lower-

density development patterns. Relative to the HD scenario, by 2070 growth in total water use is 

3% (384 af) lower in the CD scenario, 19% (2,598 af) lower in the MS scenario, and 45% (6,109 

af) lower under the HS scenario.  

The intuition behind the water use results is that the larger developable area that 

accompanies a looser UGB expansion rule leads to the conversion of a greater number of 

irrigated agricultural plots, which reduces water use by an amount that overcompensates for the 

increase in urban use driven by a lower population density. On average, the total areas of 

irrigated agricultural land developed between 2000 and 2070 for each expansion rule are 2,087 

acres (HD), 2,261 acres (CD), 3,183 acres (MS), and 4,637 acres (HS). Relative to the HS 

scenario, by 2070 mean population density is 19% higher in the HD scenario, 15% higher in the 

CD scenario, and 8% higher in the MS scenario. However, the effects of population density on 

water use are minor, generating less than a 1% difference in mean 2070 urban water demand 

between the HS and HD results. Given the relatively larger area upon which new land 

development is allowed, increasing the laxity of the UGB expansion rule also increases the range 
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of possible total water use results. In 2070, the range of possible total water use outcomes under 

MS (664 af), CD (334 af), and HD (167 af) scenarios are only 60%, 30%, and 15% as large, 

respectively, as that of the HS scenario (1,110 af). Overall, for the case of Salem, allowing for 

relatively more footloose development patterns appears to counteract the positive effects of 

population and income growth on urban water demand.  

Figure 5.6: Total water use, 2020-2070, UGB scenarios 

 

Given its low urban water demand, coupled with the relatively large amount of irrigated 

agricultural land in its vicinity, total water use for Woodburn declines over time under the CD, 

MS, and HS UGB expansion rules, and slightly increases in the HD scenario (Figure 5.6b). 

Urban water use is projected to rise by approximately 1800 af across the four scenarios. This 

increase is actually larger than the baseline urban water demand in Woodburn, but given the 
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large share of its surrounding area in irrigated agriculture, is generally outweighed by the 

countervailing effect of new land development displacing previously irrigated lands. Under the 

CD, MS and HS scenarios, total water use is 470 af, 1135 af,  and 1,804 af lower, respectively,  

relative to the modest 376 af gain in the HD scenario. Reducing the stringency of the UGB 

expansion rule accelerates the decline in total water use, as more permissive expansion policies  

Figure 5.7: Population density, 2020-2070, UGB scnearios 

 

translate to a larger number of irrigated agricultural parcels that are converted. Specifically, the 

average total area of irrigated agricultural land that is developed ranges from 556 acres in the HD 

scenario to 1,295 acres under the HS scenario. It is worth noting that the average total decline in 

water use from 2000 to 2070 under the HS scenario (1,428 af) is greater than the baseline urban 

water demand for Woodburn (1,355 af). Although increasing population density (Figure 5.7b) 
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has a counteracting effect on total water use in scenarios that promote low-density development, 

its effect is again minimal. Similar to the case of Salem, the range of total water use results also 

increases under the scenarios that permit lower-density development patterns. In 2070, the ranges 

of total water use in the MS, CD, and HD scenarios are only 94%, 64%, and 31% that of the high 

sprawl scenario (482 af), respectively.  

 Water use in Eugene (Figure 5.6c) is relatively unaffected by the stringency of the 

imposed land-use controls, which is not surprising given its low projected development pattern, 

coupled with the relatively small amount of irrigated agriculture surrounding its core urban area. 

Over time, changes in Eugene’s total water use are almost entirely derived from growth in urban 

demand. Total water use rises by 14,159 af, 14,166 af, 13, 967 af, and 13,422 af in the HD, CD, 

MS, and HS scenarios, respectively. Note that total water use is actually lower in the HD 

scenario, where no UGB expansions take place, relative to the CD scenario Given that UGB 

expansions rarely occur in the case of Eugene, its population density (Figure 5.7c) exhibits the 

least amount of variation of the three study area cities, with an average discrepancy of 448 

(9.5%) people per square mile between the HD and HS scenarios in 2070. Further, the ranges of 

total water use under the three UGB scenarios actually overlap one another in 2070, suggesting 

that it is possible to achieve the same total water use under the HS and MS scenarios, and MS 

and CD scenarios. Overall, the results of the UGB scenarios for Woodburn and Eugene support 

the notion that population and income growth, on their own, are not sufficient to determine how 

the trajectory of water use will evolve in the future. The spatial pattern of land use plays a 

prominent role in determining future water use, a relationship that is dependent on the likelihood 

of certain lands being developed, whether or not water is applied to the undeveloped land in and 
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around a given urban area, and the hypothetical value of land if it were converted to a developed 

use. 

 In each urban area, across the three UGB expansion scenarios the water prices charged to 

residential consumers are held constant. An alternative way of viewing the UGB expansion 

scenario results is to ask the question: How high of a residential water price would be necessary 

to achieve the same level of water use under the HS scenario, while maintaining the development 

pattern promoted by the HD scenario? Figure 5.8 plots the baseline water price trend and the 

alternative price trajectory needed to offset the CD and HD water use discrepancy for all three 

cities. The alternative price path for Salem lies above the baseline price trend, and reaches a 

maximum difference of 42% in 2070, where the alternative price is $2.74 and the discrepancy in 

total water use between the HD and HS scenarios is largest. The difference between the baseline 

and alternative price paths for Woodburn is quite modest until 2050, where the gap between the 

two price trends widens substantially. By 2070, the price charged to Woodburn water users is 

over $20/ccf, representing a sevenfold increase of the baseline 2070 price. Not surprisingly, for 

Eugene, where UGB expansion rules have minimal effect on the total amount of water used, the 

alternative and baseline price paths are similar, with the largest difference of just $0.05 occurring 

in 2070. Overall, the alternative pricing results suggest that for large cities, the urban price 

increases needed to offset the reduction in water use associated with low-density development 

are relatively modest in absolute terms. For small cities, such as Woodburn, however, the 

necessary price changes can be unrealistically large, suggesting that raising residential prices 

alone is not a viable strategy to achieve significant reductions in water use. 
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Figure 5.8: Baseline and alternative urban water prices, 2000-2070 

 

5.4.2 Alternative Population Scenarios 

 The alternative population scenarios feature a change in the absolute level of decadal 

population growth that is either double or half that of the baseline population projection. All of 

the alternative population scenarios conducted with the 70% UGB expansion rule and, thus, the 

MS scenario results serve as the baseline for comparison. The complete set of alternative 

population scenario results for Salem, Woodburn, and Eugene can be found in Appendix Tables 

D.4, D.5, and D.6, respectively. In terms of the effect of alternative population growth paths on 

development patterns, in Salem the area of developed land in 2070 is, on average, 706 acres 

(1.6%) larger under the HP scenario and 2,061 acres (4.7%) smaller under the LP scenario. The 

average developed footprint of the Woodburn UGB in 2070 becomes 176 acres (3%) larger and 



132 

 

 

357 acres (6%) smaller in the HP and LP scenarios, respectively. In Eugene, where development 

occurs relatively less frequently, the simulated urbanization patterns are less sensitive to changes 

in the population growth path. Under the LP scenario, the average developed area of the 2070 

Eugene UGB is 429 acres (1%) smaller than that of the baseline case, and just over 600 acres 

(1%) larger under the HP scenario.  

The primary driver of the positive relationship between population growth and land 

development is changes in population density, which is positively related to developed land 

values. Figure 5.9 illustrates the pattern and range of population density for each city in the 

alternative population scenarios. Salem becomes substantially denser under the HP scenario, 

with population density plateauing at over 8,000 people per square mile in 2070, nearly 50% 

higher than the baseline density and triple that of its density in 2000. The LP scenario density is 

lower than that of the baseline case, with over a 1,000 persons per square mile (23%) reduction 

by 2070. Woodburn likewise becomes much denser under the HP scenario, under which the 

average discrepancy is at least 2,000 people per acre (roughly a 50% increase) from 2050 

onward. In Woodburn’s LP scenario, the average density is lower than that of the baseline case 

by over 20% from 2050-2070. Population density in Woodburn reaches its peak in 2050 under 

all three population scenarios, and declines thereafter, as land development, driven by income 

growth, outpaces the rate of population growth. The maximum population density in Eugene is 

the lowest of the three cities considered, peaking at approximately 6,500 people per square mile 

under the HP scenario in 2070, 35% higher than the 2070 density in the MS baseline. Average 

density is maximized at just under 4,000 people per square mile when using the LP growth 

trajectory for Eugene, an 18% decrease relative to the MS scenario. For all cities, the HP  
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Figure 5.9: Population density, 2020-2070, alternative population scenarios 

 

scenarios nearly double the range of potential population density results, whereas the LP 

projections cause a slight reduction in the variation of possible density outcomes.  

 As noted above, there are a number of ways in which population growth can affect total 

water use. Urban water demand is affected in three ways, through the population level itself, 

population density, and, via the effects of the average cost of water provision on the prices 

charged to residential consumers. When looking at urban demand in Salem, it is clear that the 

effect of the population level dominates, as demand increases substantially under the HP 

scenario, leading to a 36,156 af average increase between 2000 and 2070, nearly double 18,892 

af gain found in the MS baseline. The total increase of 10,275 af in the LP scenario constitutes 

77% of the urban water demand growth in the MS scenario. Higher growth in population,  
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Figure 5.10: Total water use, 2020-2070, alternative population scenarios 

 

through its effect on population density, also increases the likelihood of developing previously 

irrigated farmland, which reduces total water use. The average total area of irrigated farmland 

developed is 2,565, 3,183, and 3,445 acres under the LP, MS baseline, and HP scenarios, 

respectively. As shown in Figure 5.10a, however, the net effect of greater population growth on 

total water use is positive, as the HP results indicate a gain of 27,544 af, which is 16,609 af more 

than the baseline increase and 23,682 af larger than that found in the LP results.  

 Woodburn, with its relatively small population and high water prices, experiences a 

smaller absolute gain in urban water demand compared to Eugene and Salem. In the LP scenario, 

growth in urban demand increases by just 982 af, which steepens the decline in total water use 
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found in the baseline scenario (Figure 5.10c). This suggests that the amount of irrigated 

agricultural land that is developed, even with the LP population growth projection, is more than 

sufficient to offset the gain in residential demand. In contrast, urban water demand increases by 

3,410 af in the HP scenario, nearly double that of the MS baseline. Increased population growth, 

however, does not increase the amount of irrigated agricultural conversion to such an extent that 

it offsets the relatively larger gain in HP urban demand. As a result, total water use in Woodburn 

actually increases, albeit by a relatively small 590 af, over the course of the HP simulation. In 

terms of uncertainty, the standard deviation of total water use in the HP results is roughly 30% 

higher than the baseline, while the LP standard deviation is approximately 12% lower. The 

results for Woodburn suggest that in small cities with surrounding areas characterized by high 

levels of irrigated agriculture, allowing for moderately permissive land development practices 

can mitigate much of the influence of population growth on urban water demand, even in cases 

where such growth is rapid.  

 The effects of population growth on water use in Eugene derive mainly from changes to 

urban water demand. In total, the simulation results indicate that residential demand increases by 

9,142 af in the LP scenario and 27,397 af in the HP scenario, which compare to an increase of 

15,217 af in the MS baseline. Given the relatively small amount of irrigated agricultural land in 

the area surrounding Eugene, the HP population growth path does not cause a substantial 

increase in the number of irrigated agricultural plots that are converted. The results indicate that, 

on average, 161 additional acres of irrigated agricultural land are converted under the HP 

scenario, while 107 fewer irrigated acres are developed in the LP scenario, relative to the MS 

scenario. As a result of these minor changes to the area of irrigated agricultural land, the effect of 

increased population growth on total water use in Eugene is positive, as illustrated in Figure 
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5.10c. Further, given the relatively small amount of irrigated lands around Eugene that could 

potentially be developed, the results do not vary substantially across the different scenarios. All 

in all, the effects of population growth on water use in Eugene are nearly entirely attributable to 

increased residential use, suggesting that tightening land-use restrictions in urban areas with little 

water-consuming agricultural land in its environs will not produce severe unintended 

consequences regarding the potential for reducing water use through land development practices.  

5.4.3 Climate scenarios 

 In the climate scenarios, I simulate the effects of permanent changes in growing season 

precipitation on water use. Specifically, in each scenario I impose a 2-, 4-, or 6-inch reduction or 

increase in precipitation, amounting to six separate climate scenarios for each city which, again, 

are referred to as D1, D2, and D3, respectively, when precipitation is reduced and W1, W2, and 

W3, respectively, for a corresponding precipitation increase. The precipitation scenarios are 

conducted with the 70% UGB expansion rule, and therefore the MS scenario again serves as the 

baseline to which the results are compared. As discussed in Section 5.2, for each precipitation 

scenario I calculate total water use under two different assumptions regarding how residential 

consumers respond to the change in dry-season rainfall. Specifically, I assume that households 

either: (a) substitute entirely for the change in precipitation with more, or less, outdoor water use 

or (b) keep the level of outdoor water use constant at the amount that was consumed prior to the 

precipitation change. In doing this, I bound the possible ways in which urban outdoor water use 

may be affected by a change in dry-season precipitation. Implicit in this treatment of how rainfall 

affects urban water demand is the assumption that precipitation changes do not influence indoor 

urban water use, which has been shown to have minimal seasonal variation (Mansur and 

Olmstead 2012).  
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Figure 5.11: Salem total water use, 2020-2070, alternative precipitation scenarios 

 

Changes in precipitation patterns affect the opportunity cost of developing rainfed 

agricultural land, with more precipitation being associated with a greater disincentive to convert 

such lands. Figure 1178 illustrates the alternative precipitation scenario total water use results for 

Salem, including the MS baseline. It is evident that the effect of the change in precipitation turns 

on the assumption of how residential households alter their outdoor water use in response to 

changes in precipitation. In the case of Salem, the effects of the D1 scenario can result in either a 

0.4% (40 af) increase or 8% (917 af) decrease in total water use between 2000 and 2070, relative 

to the MS baseline, depending on which assumption is made. The D2 scenario results, not shown 

in Figure 5.11, suggest that if full substitution occurs total water use increases by 0.8% (89 af), 

                                                           
78 To reduce clutter, only the results from the 2-inch and 6-inch precipitation scenarios are illustrated in the figures. 
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whereas no substitution leads to a 16% (1,766 af) decline in water use. The effects of the urban 

substitution assumption become more pronounced under the D3 precipitation shock, resulting in 

either a 1.3% (145 af) increase or 24% (2,580 af) decrease in total water use by 2070, relative to 

the moderate sprawl baseline. Note, however, the fact that the decrease in water use under 

assumption (b) is greater in absolute terms when compared with the increase when applying 

assumption (a). This illustrates the indirect manner through which the precipitation shock can 

influence the development of irrigated agricultural plots, and by extension, total water use, 

highlighting the importance of the spatial pattern of irrigation water endowments in determining 

the net effect of climate change on water consumption. Specifically, the reduction in 

precipitation causes more non-irrigated agricultural plots to be developed, which, in turn, 

produces a relatively larger UGB expansion, making a larger number of irrigated agricultural 

plots eligible for development. Appendix Table D.1 gives an indication of the total number of 

irrigated and non-irrigated agricultural plots that are developed between 2000 and 2070 under the 

precipitation reduction scenarios and the MS baseline. In the D1, D2, and D3 scenarios, relative 

to the MS baseline, the total area of agricultural land converted to development rises by 5% (417 

acres), 10% (821 acres), and 15% (1,204 acres), respectively. Of these total changes in the areas 

of agricultural land developed, 190, 376, and 560 acres were previously irrigated, and were 

converted solely because of the larger UGB expansions induced by the more rapid development 

of non-irrigated plots.    

In contrast, an increase in precipitation creates a disincentive to develop additional 

rainfed agricultural lands, causing the UGB to expand more slowly than it otherwise would. As 

shown in Figure 5.11, relative to the MS scenario, total water use is reduced by 0.4% (41 af), 

0.6% (68 af), or 0.9% (103 af) if it is assumed that the precipitation increases associated with the 
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W1, W2, and W3 scenarios causes urban consumers to reduce their outdoor water use 

proportionately. Alternatively, if a compensating reduction in outdoor water use does not 

accompany the precipitation increases, the relative increases in total water use are 9% (1017 af), 

20% (2,234 af), and 35% (3,812 af) in the W1, W2, and W3 scenarios, respectively. In terms of 

the additional development avoided by an increase in precipitation, the total area of agricultural 

land developed between 2000 and 2070 declines by 5% (423 acres), 10.8% (863 acres), and 

16.5% (1,313 acres), respectively, under the W1-W3 scenarios. Included in these reductions in 

agricultural land conversions are 189, 350, and 532 acres of previously irrigated agricultural 

lands that are impacted through the smaller UGB expansions induced by the positive change in 

growing-season precipitation. Population density is affected minimally by permanent alterations 

in precipitation patterns. The direction of the effects on density are intuitive, however, with 

lower precipitation associated with a lower density. In contrast, an increase in precipitation 

correspondingly increases the population density of the UGB.  

 The effects of reducing precipitation on total water are larger, in a proportional sense, in 

the case of Woodburn (Figure 5.12). Relative to the MS baseline, total water use is lower in the 

D1-D3 scenarios as the modest shift in urban water demand is dominated by the increase in 

water-saving conversions of irrigated agricultural lands. In 2070, total water use declines by 56% 

(422 af), 72% (549 af), and 89% (673 af) under the D1-D3 scenarios if it is assumed that 

households fully compensate for the precipitation reductions with increased outdoor water use. 

Conversely, if no such compensation occurs, the decline in total water use is larger, amounting to 

497, 695, and 888 af, respectively. In terms of their impact on development patterns, the D1-D3 

precipitation reductions induce an additional conversions of 6% (93 acres), 12% (185 acres), and  
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Figure 5.12: Woodburn total water use, 2020-2070, alternative precipitation scenarios 

 

18% (274 acres), respectively, of which 69, 136 and 202 acres were previously irrigated. 

Precipitation increases cause an even further decline in the total amount of water used in 

Woodburn, with the W1-W3 scenarios associated with declines of 379, 501, and 626 af, 

respectively, when households reduce their water use in response to the precipitation change, all 

of which are less than the 759 af reduction found in the MS baseline. In contrast, when such 

reductions are not undertaken, total water use rises relative to the decline found in the MS 

results, with declines of 527 af (W1), 287 af (W2), and 16 (W3) af over the 2000-2070 time 

horizon. Precipitation increases amount to relative decreases in the amount of agricultural 

development of 6% (97 acres), 13% (192 acres), and 19% (286 acres) under the W1, W2, and 

W3 scenarios, respectively. Of the total areas of agricultural land that are developed, there are 73 
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(W1), 142 (W2), and 211 (W3) fewer acres were irrigated, compared to MS baseline. The effects 

of precipitation patterns on population density are more pronounced in the case of Woodburn. In 

the two most extreme precipitation scenarios, the 2070 population density is 289 ppl./sq. mi. 

higher in the W3 scenario, and 228 ppl./sq. mi. lower in the D3 scenario.   

 Given the relatively small area of irrigated agricultural land in the environs of Eugene, 

the effects of the precipitation scenarios (Figure 5.13) are largely driven by how urban demand is 

affected. Assuming that households consume more water outdoors after a reduction in 

precipitation, the gain in total water use increases by 2% (268 af), 4% (536 af), and 6% (810 af), 

relative to the MS case, in the D1-D3 scenarios. If no behavioral response is induced by the 

precipitation reductions, the overall increase in total water use for the D1-D3 scenarios amount 

to decreases of 4%, 7%, and 10%, relative to the MS baseline scenario. Total agricultural land 

conversions under the MS scenario (1,551 acres) amount to 91%, 83%, and 77% of those that 

occur in the D1 (1,707 acres), D2 (1,859 acres), and D3 (2,005 acres) scenarios, respectively. Of 

the additional area of land that is developed, irrigated land conversions constitute 552, 606, and 

658 acres for the D1-D3 scenarios, respectively, which are larger than the 501 acres converted in 

the MS baseline. If precipitation in Eugene increases and households reduce their outdoor use 

proportionately, total water use decreases by 2%, 4%, and 6% under the W1-W3 scenarios. In 

contrast, if outdoor water use is unaffected by the precipitation increases, total water use 

increases 4%, 9%, and 16% in the W1, W2, and W3 scenarios, respectively. Increases in 

precipitation reduce the small amount of land development occurring in the vicinity of Eugene, 

with declines of 10% (158 acres), 21% (318 acres), and 30% (471 acres) in the agricultural land 

area relative to the MS baseline case, of which 56, 111, and 165 acres were formerly irrigated.  
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Figure 5.13: Eugene total water use, 2020-2070, alternative precipitation scenarios 

 

Overall, the results from the precipitation scenarios lend support to the notion that, in 

addition to the aggregate level of land development, the future trajectory of water use is also 

dependent on the location of where such land conversions occur. Although changes in 

precipitation only directly influence the opportunity cost of developing non-irrigated agricultural 

land, additional conversions change the rate of UGB expansion, and thus the development 

eligibility of irrigated lands. In terms of changes in water use, results generally suggest relatively 

minor effects when compared to those derived from changes in UGB expansion rules or the 

population growth forecast. In the Pacific Northwest, which includes the Willamette Valley, 

precipitation projections are varied, but most suggest that, in the future, the region will 
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experience recued levels of precipitation during the summer season (Mote et. al 2014). If these 

climate forecasts come to fruition, it would be advisable for local policymakers to account for the 

indirect effect that precipitation changes can have on the displacement of irrigated lands in order 

to maintain an adequate base of productive agricultural land, but also not to overreach when 

imposing consumption-reducing measures on residential users. 

5.5 UGB expansion effects on aggregate land values  

One of the benefits of the two-stage econometric framework on which the simulations are 

built is that it allows for an analysis of the effects on aggregate citywide land values derived each 

of the simulated scenarios. In the context of water use, the land value predictions from the first-

stage hedonic models facilitate estimation of the changes in aggregate land value associated with 

changes in total water use across the UGB expansion scenarios. The UGB expansion scenario 

results suggest that water use is greater when more stringent land-use regulations are imposed. 

The average value of developed land is also higher in the scenarios that promote denser 

development patterns due to population density and urban center proximity effects. Although the 

per-acre value of developed land is reduced with a relatively looser UGB expansion policy, more 

land tends to be developed, increasing the total amount of value derived from developed land 

within the UGB. For each city, I am able to calculate the change in land value per unit of water 

conserved by comparing the high density (HD) and high sprawl (HS) results using the following 

expression: 

(5.4)  
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, 

where 𝑃𝐷 represents the average price per acre of developed land within the UGB, 𝐴𝐷represents 

the developed area of the UGB, and 𝐴𝐹 represents total water use measured in acre-feet, for the 
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HD and HS scenario results. The ratio in (5.4) measures the net change in the total economic 

value of developed land that is either gained (if the ratio is positive) or foregone (if the ratio is 

negative) by conserving an additional acre-foot of water through low-density development. The 

marginal water value estimates for each simulation year are listed below in Table 5.5.   

Table 5.5: Developed property value gained per acre-foot reduction in water use 

 

The estimates from the water valuation exercise vary widely across the three cities 

featured in the landscape simulations. Early in the simulation time horizon, when the city 

expansion process is still in its early stages, the estimates are quite large for all cities, as the land 

value and developed area differences become apparent sooner that the corresponding changes in 

water use. The change in property values per-unit of water decreases at a decreasing rate over 

time, as the gap in water use and total developed area grow at a faster rate than the difference in 

land values between the MS and CD scenarios. Overall, the results suggest that allowing for low-

density development patterns, and hence reducing the total amount of water used within each 

city and its surrounding area, provides a net gain in total welfare. In Salem, the results indicate 

an initial large gain of nearly $440,000/af, which declines to $87,500/af by the end of the 

simulation time horizon. The value per unit of water conserved in Woodburn is initially high as 

well, at approximately $600,000/af, and declines to about $72,000/af in 2070. In contrast, 

Eugene initially loses over $3 mil./af under the HS scenario, which I an artifact of the size of 

Eugene’s UGB coupled with its relatively low developed land values. In 2020, the gain in value 

Year Salem Woodburn Eugene

2010 $439,497 $600,421 -$3,757,983

2020 $278,551 $450,111 $1,110,154

2030 $219,975 $400,753 $541,298

2040 $176,857 $304,928 $355,445

2050 $138,171 $130,844 $258,122

2060 $102,880 $89,216 $198,965

2070 $87,459 $72,407 $160,753
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in the HS scenario becomes apparent, at over $1 million dollars per acre-foot of water, declining 

to $128,000/af by 2070. 

 The above estimates of the change in total developed property values per unit of water 

conserved have several policy implications. In the context of a regulatory cost-benefit analysis of 

the effects of relaxing land development restrictions, the results above provide an estimate of the 

potential benefits of allowing for low-density development practices. Given that loosening land-

use regulations in this way is likely to be accompanied by negative environmental consequences 

(e.g., reduced open space and wildlife habitat), the estimates provide a benchmark against which 

the non-market values associated with prohibiting low-density development could be compared. 

Over time, the results indicate diminishing gains to water conservation through low-density land 

development, illustrating the fact that the value of developing land declines as the urban 

boundary is pushed further out into the surrounding agricultural and forested areas. For Eugene, 

where development occurs at a relatively more infrequent pace, the value of relaxing 

development restrictions is substantially higher than that for Salem or Woodburn. Intuitively, this 

suggests that the costs of imposing a permissive land development policy (i.e., environmental 

benefits) in Eugene would need to be correspondingly large to compensate for the fact that land 

development occurs relatively rarely, even when development restrictions are relaxed.  
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6 Conclusions 

Water availability is expected to decline in the future due to population growth and 

climate change. In this dissertation, I have investigated how water use evolves in an urbanizing 

area as the result of population growth, land-use regulations, and permanent changes in 

precipitation using a combination of parcel-scale econometric and simulation methods. In doing 

so, I explicitly recognize how human behavior, through land-use decisions, mediates the effects 

of external drivers on water use, something that has not been recognized in previous work. 

Population and income growth induce private landowners to develop their land, resulting in more 

water consumption by urban residents. However, the net effect of land-development decisions on 

the total amount of water used for human consumptive purposes depends on the urban area’s 

population density and whether water was previously used on the newly developed lands. My 

results are thus a function of the amount and location of irrigated agricultural land in the vicinity 

of each urban area and the spatial pattern and density of new land development, which is guided 

by land-use regulations. When population growth is high, the effect of increased urban demand 

dominates the countervailing influence of reduced agricultural water use through the 

displacement of irrigated agricultural land. On the other hand, with a constant level of population 

growth, more lax land-use constraints can result in lower total water use by decreasing the 

extensive margin of irrigation, an effect that is particularly pronounced if there is a relatively 

large amount of irrigated agriculture in the vicinity of the urbanizing area.  

My results also suggest that permanent precipitation changes, which alter the incentives 

to keep non-irrigated land in agriculture, can have significant indirect effects on water use 

through the manner in which the urban growth area expands into irrigated lands. The effects of 

precipitation on water use also depend on the assumed behavioral response of residential 

households in terms of how outdoor water use changes in response to the new precipitation level. 
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For example, a decrease in precipitation can cause a reduction in total water use if households do 

not respond with increased outdoor water use, a scenario that could come about if the 

precipitation reduction spurs local policymakers to adopt residential water conservation 

measures. In the event of such drought-like conditions, since a vast amount of water is used for 

irrigated agricultural purposes in certain areas, any potential policy burden imposed on urban 

water users should reflect the fact that a portion of water conservation, if necessary, can be 

achieved through the conversion of irrigated agricultural lands. In general, the results of the 

precipitation scenarios highlight the need for regulators to account for the feedbacks between 

rainfed and irrigated agricultural land conversions with regards to how climate change will affect 

the development incentives faced by private agricultural landowners. Consideration of such 

feedbacks will be important if water regulators aim to construct accurate forecasts of potential 

water use under alternative future climate conditions.  

To highlight the role of the spatial configuration of land use in determining the trajectory 

of water use into the future, I analyzed three different cities that vary in demographic 

characteristics and the pattern of irrigated agricultural land in their surrounding areas. The effects 

of increased land development on water use vary considerably between Eugene and Salem, two 

cities that are similar in size, suggesting that population, in itself, is not an accurate predictor of 

the trajectory of future water use. Likewise, total water use in Woodburn, a small city whose 

environs are mainly characterized by irrigated agricultural land, is likely to decline, or increase 

modestly, over time, as the effects of irrigated conversions largely dominate any gain in urban 

water demand. These results would not have emerged were it not for the modeling approach 

taken in this analysis. Modeling the response of total water use to external drivers such as 

population and income growth and climate change necessitates taking into account the way in 
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which the existing pattern of non-urban water endowments will change in response to future 

urban expansions, a point that has not received formal recognition in existing studies.  

Our results indicate that one way to reduce total water use in a city and its surrounding 

area is to implement policies that promote low-density residential development. As suggested in 

previous literature, however, these extensive-margin reductions in water use could be 

accompanied by a host of negative environmental consequences (Wu 2008, Irwin et. al 2009). 

An alternative way to achieve a decrease in total water use would be to increase urban water 

prices in order to reduce residential water use at the intensive margin. The use of pricing, as 

opposed to land use, to reduce water use is particularly relevant for areas where a relatively large 

share of total water use is attributable to the residential sector. Likewise, the explicit 

representation of land values in my modeling framework demonstrates how the value of each 

additional unit of water conserved through low-density development patterns diminishes over 

time. The results of the water-developed land value welfare analysis provide a benchmark 

against which the value of potential losses of other non-market environmental goods and services 

can be compared in order for policymakers and land-use planners to decide on the appropriate 

density of urban development.  

In a broad sense, this research calls attention to the connection between human behavior, 

through the lens of land-use decision-making, and policies that govern the spatial pattern of how 

water is used. Though I focus on Oregon, where water allocations are regulated by the doctrine 

of prior appropriation, there are many other examples of policies found throughout the world that 

create spatial heterogeneity in water use, and hence interact with land-use change. The eastern 

portion of the United States, and also England and Australia, adhere to some version of the 

riparian doctrine, which grants the ability to use water to those landowners whose land is 
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appurtenant to a water source. South Africa, with its adoption of the National Water Act of 1998, 

has recently moved to a market-based water appropriation system that requires the registration 

and licensing of most water users, among which are irrigators. After the passage of its 2004 

Irrigation Law, Bolivia is also moving towards a more formal legal system that recognizes the 

place-specific nature of irrigation water rights. The above examples, which by no means 

constitute an exhaustive list, illustrate how existing policies create spatial heterogeneity in water 

use, particularly for non-urban users, and therefore impact how other spatially-dependent 

behavioral processes, such as land-use change, would affect total water use in an expanding 

urban area. 

Although this analysis provides new insight on the potential consequences of population 

growth and climate change on water use, there are several limitations that should be mentioned. 

First, I assume that all agricultural landowners with water rights exercise them to their full 

capacity in each simulation year. This may not be true, and if there is a systematic spatial pattern 

associated with how water rights are exercised, the simulated water use results would be affected 

accordingly. Second, I do not allow for the allocation of new water rights over the course of the 

simulation time horizon. My analysis could thus be improved by coupling the framework 

developed here with a dynamic model of the decision to adopt irrigation as a farm management 

practice. Third, as it relates to the numeric values in the simulation results, I equate urban water 

demand with water use. Since much of the water used by residential households is recycled, my 

results will overestimate the actual amount of water that is consumed in an urban area, though 

this would not affect the relative rankings of our scenarios. However, to the extent that urban 

water recycling varies across the cities featured in our scenarios, my results may not be 

comparable along those lines.  
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As it relates to climate change, my analysis is meant to be illustrative of the potential 

landowner responses to permanent precipitation reductions in the Willamette Valley. One 

obvious limitation of our study is that I do not account for the likely temperature changes that 

will occur in the future. I did not have sufficient variation in temperature to precisely estimate its 

effect on agricultural land values, hence the focus on precipitation. Changes in temperature 

would accompany, and possibly interact with, the precipitation changes that I simulate, and could 

also potentially affect the value of irrigation rights. Extending the present analysis in a way that 

incorporates the potential effects of temperature changes is a promising avenue for future 

research. Furthermore, with climate change it is likely that both the agricultural growing season 

and dry season, as it pertains to residential households, will be altered, potentially augmenting 

the seasonality and extent of water use associated with these two sectors. An additional extension 

of my analysis would be to accommodate these potential changes in the timing of water use and 

to link my framework to a representation of the hydrological system that measures the intra-

annual availability of water.  

Last, I do not model the potential crop and timber price feedbacks that would accompany 

the increased conversion of agricultural and forest lands that I simulate. If new lands are brought 

into agricultural production as the result of downward shifts in the supply of available 

agricultural land, the owners of the newly converted agricultural land could conceivably wish to 

obtain irrigation rights, stimulating an increase in the demand for irrigation water. Although it 

seems unlikely that the land-use changes simulated in my model are sizeable enough to 

meaningfully affect regional or global commodity prices, creating a simulation model that 

accounts for the increased scarcity of agricultural and forest land in response to development 
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decisions within a general equilibrium framework would also be a potentially fruitful extension 

of this work. 

Overall, this dissertation provides a new foundation for analyzing the linkages between 

population growth, climate change, land-use policy, and water use. The research conducted here 

also highlights the indirect, localized nature of these relationships, as they are transmitted 

through the intermediate spatially-dependent process of land development. To the best of my 

knowledge, no other studies have investigated, or acknowledged, how fine-scale patterns of land-

use change can influence water use. Given the growing recognition that water is likely to become 

increasingly less available in the future due to human population growth and climate change, it is 

important to look at the offsetting effects that human behavior may have on the scarcity of water. 

This research also adds to the literature on the environmental effects of urbanization, 

emphasizing an additional layer of consideration, namely water use, which should be taken into 

account in the design of land-use regulations. In a broader methodological sense, I have provided 

a replicable empirical framework that can be used to analyze how fine-scale patterns of land-use 

change link broad external drivers, such as population growth and climate change, to the use of 

natural resources.  
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Appendix A  Supplement to Chapter 3 

Table A.1: Data sources for developed hedonic model variables 

 
  

Variable Description Measurement Time-varying? Source

Year =1 if year corresponding to parcel value 

is t, 0 otherwise; t=1973, 1980, 1986, 

1992, 2000

Binary Yes CA

Year x UGB =1 if parcel is in sample and inside of a 

UGB in year t, 0 otherwise

Binary Yes GIS; CA

UGB =1 if parcel is inside of a UGB, 0 

otherwise

Binary No GIS; DLCD

Distance to nearest city = Euclidean distance to nearest city 

center of over 20,000 people

Miles No GIS; GM

Population density of 

nearest city

= population density of nearest city of 

over 20,000 people

Thousands of 

ppl./sq. mile

Yes USCP

Household income of 

nearest city

=household income of nearest city with 

over 20,000 people

$ (in thousands) Yes USCP

Slope =mean slope of parcel Degrees No GIS; USGS

Parcel size = area of parcel Acres No GIS; CA

Improvement value =inflation-adjusted value of parcel 

improvements

$ (in thousands) Yes CA

County =1 if parcel is located in county c, 0 

otherwise; c=Benton, Lane, Marion, 

and Washington

Binary No CA

Notes: Acronyms in the Source column represent County assessor's office (CA), Geographic Information Systems (GIS), 

Google Maps (GM), United States Geological Survey (USGS), Department of Land Conservation and Development (DLCD), 

and United States Census of Population (USCP).
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Table A.2: Data sources for agriculture and forest hedonic model variables 

 

  

Variable Description Measurement Time-varying? Source

Year =1 if year corresponding to parcel value 

is t, 0 otherwise; t=1973, 1980, 1986, 

1992, 2000

Binary Yes CA

High-quality soil =1 if dominant land capability class 

(LCC) on parcel is 1 or 2, 0 otherwise

Binary No GIS; SSURGO

Medium-quality soil =1 if dominant land capability class 

(LCC) on parcel is 3 or 4, 0 otherwise

Binary No GIS; SSURGO

Irrrigation right =1 if parcel has legally defined right to 

use water for irrigation, 0 otherwise

Binary Yes GIS; OWRD

Growing season 

precipitation

=mean historical growing season (April-

October) precipitation

Inches No GIS; PRISM

Growing season 

temperature

=mean historical growing season (April-

October) minimum temperature

⁰C No GIS; PRISM

Slope =mean slope of parcel Degrees No GIS; USGS

Distance to nearest UGB = Euclidean distance to nearest UGB 

edge

Miles Yes GIS; DLCD

Population density of 

nearest city

= population density of nearest city of 

over 20,000 people

Thousands of 

ppl./sq. mile

Yes USCP

Household income of 

nearest city

=household income of nearest city with 

over 20,000 people

$ (in thousands) Yes USCP

Parcel size = area of parcel Acres No GIS; CA

Year =1 if year corresponding to parcel value 

is t, 0 otherwise; t=1973, 1980, 1986, 

1992, 2000

Binary Yes CA

PNI =1 if parcel is under private non-

industrial ownership, 0 otherwise

Binary No GIS; OSFSL

River presence =1 if parcel contains a river, 0 otherwise Binary No GIS; EPA

Elevation =mean elevation of parcel Meters No GIS; USGS

Slope =mean slope of parcel Degrees No GIS; USGS

High-quality forest soil =1 if dominant land capability class 

(LCC) on parcel is 1, 2, 3, or 4, 0 

otherwise

Binary No GIS; SSURGO

Distance to nearest mill =distance to nearest timber processing 

mill

Miles Yes GIS; ODF

Distance to nearest UGB = Euclidean distance to nearest UGB 

edge

Miles Yes GIS; DLCD

Population density of 

nearest city

= population density of nearest city of 

over 20,000 people

Thousands of 

ppl./sq. mile

Yes USCP

Household income of 

nearest city

=household income of nearest city with 

over 20,000 people

$ (in thousands) Yes USCP

Parcel size = area of parcel Acres No GIS; CA

Notes: Acronyms in the Source column represent County assessor's office (CA), Geographic Information Systems (GIS), 

(SSURGO), Oregon Water Resources Department (OWRD), (PRISM), United States Geological Survey (USGS), Department of 

Land Conservation and Development (DLCD), United States Census of Population (USCP), Oregon State Forestry Science Lab 

(OSFSL), Environmental Protection Agency (EPA), and Oregon Department of Forestry (ODF).

Agricultural land

Forested land
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Table A.3: Descriptive statistics for hedonic parcels, time-varying variables 

 

 

 

 

Developed land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 66588.28 57686.61 303.00 446042.20 141908.70 89908.80 208.98 819203.90

Population density 2.00 0.52 0.40 2.85 2.44 0.53 1.05 3.18

Household income ($1000) 43.20 6.12 34.70 58.34 34.36 5.45 27.52 46.03

Improvement value ($1000) 53.91 46.08 0.00 400.25 78.51 63.19 0.00 1129.75

Agricultural land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 1229.76 848.38 39.03 5872.89 1350.61 1492.57 52.87 13720.81

Population density 1.99 0.54 0.40 2.85 2.51 0.56 1.05 3.18

Household income ($1000) 42.32 5.12 34.70 58.34 33.26 4.61 27.52 46.03

Dist. UGB edge 2.14 1.87 0.06 14.81 2.19 1.85 0.06 14.81

Irrigation right 0.46 0.50 0 1 0.45 0.50 0 1

Forest land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 499.54 712.50 77.81 4583.27 853.56 1361.24 30.04 8216.18

Population density 2.12 0.49 0.40 2.85 2.65 0.50 1.05 3.18

Household income ($1000) 41.03 3.94 34.70 58.34 32.38 3.60 27.52 46.03

Dist. UGB edge 6.18 4.30 0.08 26.62 5.99 4.18 0.08 26.62

Dist. mill 5.60 3.40 0.67 21.47 5.40 3.21 0.67 21.47

1973 1980

Developed land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 110680.50 73418.05 163.66 729021.90 109041.10 73850.17 150.23 718134.10

Population density 2.78 0.48 1.69 3.35 3.15 0.53 2.21 4.02

Household income ($1000) 36.46 6.28 29.26 51.08 37.49 6.47 29.64 52.47

Improvement value ($1000) 58.95 61.05 0.00 1209.01 72.21 99.04 0.00 2787.60

Agricultural land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 783.31 794.39 44.62 7071.68 862.27 874.70 39.25 7526.83

Population density 2.74 0.52 1.69 3.35 3.05 0.46 2.21 4.02

Household income ($1000) 34.95 5.30 29.26 51.08 35.77 5.56 29.64 52.47

Dist. UGB edge 2.22 1.95 0.06 15.74 2.23 1.94 0.06 15.74

Irrigation right 0.46 0.50 0 1 0.46 0.50 0 1

Forest land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Land value ($/acre) 590.01 959.71 58.13 5694.85 673.96 879.15 3.23 7645.14

Population density 2.87 0.50 1.69 3.35 3.17 0.42 2.21 3.50

Household income ($1000) 33.53 4.36 29.26 51.08 34.27 4.61 29.64 52.47

Dist. UGB edge 5.97 4.07 0.08 26.62 5.92 3.98 0.08 26.43

Dist. mill 5.62 3.22 0.67 21.47 6.74 3.69 0.67 21.47

1986 1992

Developed land Mean Std. Dev. Min. Max.

Land value ($/acre) 260077.50 160750.30 2400.00 1727333.00

Population density 3.65 0.60 2.57 4.66

Household income ($1000) 41.55 6.86 33.03 55.76

Improvement value ($1000) 96.98 112.57 0.00 2619.54

Agricultural land Mean Std. Dev. Min. Max.

Land value ($/acre) 6276.34 3908.92 67.34 27977.58

Population density 3.57 0.39 2.57 4.66

Household income ($1000) 40.50 6.51 33.03 55.76

Dist. UGB edge 2.19 1.91 0.06 15.74

Irrigation right 0.47 0.50 0 1

Forest land Mean Std. Dev. Min. Max.

Land value ($/acre) 3987.80 3656.23 113.25 20689.43

Population density 3.63 0.27 2.93 3.87

Household income ($1000) 39.26 5.57 33.03 55.76

Dist. UGB edge 5.86 3.91 0.08 26.43

Dist. mill 6.91 3.68 0.67 21.47

2000
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Table A.4: Descriptive statistics for hedonic models, time-invariant variables 

 

 

 

1973 1980 1986 1992 2000

Developed land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Parcel acres 0.46 0.87 0.05 15.09 0.44 0.88 0.05 15.09 0.43 0.85 0.05 15.09 0.44 0.83 0.05 15.09 0.38 0.74 0.05 15.09

Dist. city center 3.99 5.09 0.06 35.50 3.98 4.87 0.06 35.60 4.03 5.00 0.06 35.60 4.03 4.94 0.06 35.60 4.12 4.69 0.06 39.92

Slope 2.11 2.72 0.00 21.36 2.20 2.73 0.00 23.23 2.24 2.72 0.00 23.23 2.30 2.73 0.00 23.23 2.35 2.76 0.00 23.23

UGB 0.90 0.30 0.00 1.00 0.91 0.28 0 1 0.91 0.28 0 1 0.91 0.28 0 1 0.93 0.26 0 1

Benton County 0.17 0.37 0.00 1.00 0.13 0.34 0 1 0.12 0.33 0 1 0.12 0.32 0 1 0.09 0.29 0 1

Lane County 0.21 0.41 0.00 1.00 0.17 0.38 0 1 0.17 0.38 0 1 0.18 0.38 0 1 0.22 0.42 0 1

Washington County 0.27 0.44 0.00 1.00 0.29 0.45 0 1 0.31 0.46 0 1 0.32 0.47 0 1 0.34 0.47 0 1

Agricultural land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Parcel acres 56.23 61.96 10.144 673.857 50.13 56.81 10.04 673.86 49.20 55.08 10.04 673.86 48.53 54.20 10.04 673.86 48.83 53.90 10.04 673.86

LCC 1,2 0.62 0.49 0 1 0.60 0.49 0 1 0.61 0.49 0 1 0.60 0.49 0 1 0.61 0.49 0 1

LCC 3,4 0.36 0.48 0 1 0.37 0.48 0 1 0.36 0.48 0 1 0.36 0.48 0 1 0.36 0.48 0 1

Precipitation 12.99 1.67 10.63 24.09 13.06 1.62 10.63 24.09 13.06 1.63 10.63 24.09 13.07 1.63 10.63 24.09 13.06 1.61 10.63 24.09

Minimum temp. 8.51 0.51 7.25 9.49 8.50 0.51 7.25 9.49 8.50 0.51 7.25 9.49 8.49 0.51 7.25 9.49 8.51 0.51 7.25 9.49

Slope 2.27 2.68 0.09 17.27 2.66 3.07 0.09 17.27 2.66 3.06 0.09 17.27 2.68 3.09 0.09 17.27 2.68 3.06 0.09 17.27

Benton County 0.08 0.27 0 1 0.08 0.27 0 1 0.08 0.27 0 1 0.09 0.29 0 1 0.09 0.28 0 1

Lane County 0.28 0.45 0 1 0.27 0.44 0 1 0.26 0.44 0 1 0.26 0.44 0 1 0.25 0.44 0 1

Washington County 0.38 0.49 0 1 0.40 0.49 0 1 0.41 0.49 0 1 0.41 0.49 0 1 0.42 0.49 0 1

Forest land Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max.

Parcel acres 121.05 186.07 10.07 1881.91 112.30 186.88 10.00 1881.91 108.59 180.80 10.00 1881.91 105.19 176.28 10.00 1881.91 103.18 172.46 10.00 1881.91

Slope 11.92 5.08 2.07 27.02 11.78 5.21 2.07 33.26 11.57 5.17 2.06 33.26 11.50 5.29 1.65 33.26 11.52 5.43 1.65 33.45

Elevation 319.89 166.29 48.31 1016.84 312.79 162.30 48.31 1016.84 311.73 160.61 48.31 1016.84 307.61 158.69 48.31 1016.84 306.67 157.13 48.31 1016.84

PNI ownership 0.52 0.50 0 1 0.55 0.50 0 1 0.56 0.50 0 1 0.58 0.49 0 1 0.59 0.49 0 1

River presence 0.14 0.35 0 1 0.13 0.34 0 1 0.12 0.33 0 1 0.13 0.34 0 1 0.13 0.34 0 1

LCC 1,2,3,4 0.34 0.47 0 1 0.37 0.48 0 1 0.37 0.48 0 1 0.38 0.49 0 1 0.38 0.49 0 1

Benton County 0.08 0.26 0 1 0.07 0.25 0 1 0.07 0.26 0 1 0.08 0.28 0 1 0.08 0.28 0 1

Lane County 0.30 0.46 0 1 0.26 0.44 0 1 0.25 0.43 0 1 0.25 0.43 0 1 0.24 0.43 0 1

Washington County 0.50 0.50 0 1 0.54 0.50 0 1 0.55 0.50 0 1 0.53 0.50 0 1 0.53 0.50 0 1
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Table A.5: Results from alternative specifications of agricultural hedonic model 

 

  

Var Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Year1980 0.306 0.093*** 0.308 0.092*** 0.309 0.092*** 0.31 0.092*** 0.312 0.093*** 0.323 0.092***

Year1986 -0.341 0.088*** -0.337 0.088*** -0.337 0.088*** -0.335 0.088*** -0.333 0.088*** -0.32 0.088***

Year1992 -0.394 0.088*** -0.391 0.088*** -0.39 0.088*** -0.388 0.088*** -0.387 0.088*** -0.371 0.088***

Year2000 1.344 0.085*** 1.35 0.084*** 1.349 0.084*** 1.351 0.083*** 1.353 0.084*** 1.371 0.084***

Parcel acres -0.004 0.001*** -0.003 0.000*** -0.004 0.000*** -0.003 0.000*** -0.003 0.000*** -0.003 0.000***

LCC 1,2 0.5 0.196** 0.546 0.195*** 0.517 0.196*** 0.545 0.195*** 0.54 0.197*** 0.57 0.197***

LCC 3,4 0.31 0.19 0.341 0.188* 0.32 0.189* 0.34 0.188* 0.348 0.191* 0.377 0.191**

Irrigation right 0.707 0.296** 1.45 1.509 0.639 0.299** 0.616 0.298** 0.704 0.313** 0.612 0.289**

Precipitation 0.028 0.024 0.434 0.187** 0.277 0.113** 0.365 0.100*** 0.282 0.188 1.187 0.331***

Precipitation
2

-0.013 0.006** -0.008 0.004** -0.011 0.003*** -0.016 0.004***

Precip*irr. right -0.05 0.023** -0.156 0.204 -0.044 0.023* -0.041 0.023* -0.049 0.024** -0.04 0.023*

Precip
2
*irr. right 0.004 0.007

Minimum temp. 0.016 0.107 -1.327 1.791 -0.973 1.979 -1.34 1.788 0.41 0.308 1.759 2.205

Minimum temp.
2

0.08 0.106 0.057 0.114 0.08 0.105 -0.041 0.117

Precip*min. temp -0.028 0.023 -0.079 0.028***

Slope -0.007 0.012 -0.012 0.011 -0.01 0.012 -0.011 0.011 -0.008 0.011 -0.013 0.011

Dist. UGB edge -0.022 0.013* -0.03 0.012** -0.024 0.013* -0.03 0.012** -0.03 0.012** -0.032 0.012***

Pop. density 0.258 0.044*** 0.252 0.043*** 0.254 0.044*** 0.251 0.043*** 0.251 0.043*** 0.239 0.043***

HH income 0.053 0.009*** 0.053 0.009*** 0.053 0.009*** 0.053 0.009*** 0.053 0.009*** 0.054 0.009***

mean_hhincaux -0.037 0.010*** -0.038 0.010*** -0.037 0.010*** -0.038 0.010*** -0.042 0.010*** -0.043 0.010***

Benton County -0.237 0.133* -0.194 0.135

Lane County -0.044 0.137 -0.067 0.146

Washington County -0.128 0.072* -0.097 0.075

Constant 4.957 1.163*** 7.476 7.751 7.405 8.559 8.038 7.641 1.478 2.517 -10.413 10.804

Quad climate, pre-

min interactionCounty dummies

Quad climate and 

quad pre-irr

Quad climate and 

county dummies

Quad climate and 

lin. pre-irr

Linear climate, pre-

min interaction
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Appendix B  Supplement to Chapter 4 

Table B.1: Descriptive statistics for LCT plots included in ADC model 

 

 

N Mean SD Min Max N Mean SD Min Max

UGB 41,840 0.06 0.24 0 1 41,592 0.06 0.23 0 1

Slope 41,840 3.19 4.13 0 42.83 41,592 3.19 4.13 0 42.83

Minimum temp. 41,840 8.51 0.47 6.10 10.08 41,592 8.51 0.47 6.10 10.08

Precipitation 41,840 13.77 2.20 10.64 27.72 41,592 13.76 2.20 10.64 27.72

LCC 1,2 41,840 0.47 0.50 0 1 41,592 0.47 0.50 0 1

LCC 3,4 41,840 0.46 0.50 0 1 41,592 0.45 0.50 0 1

Dist. city center 41,840 10.62 5.43 0.62 28.16 41,592 10.66 5.43 0.75 28.16

Household income ($1000) 41,840 41.10 4.36 34.70 77.46 41,592 31.97 3.84 27.52 60.24

Population density 41,840 1.97 0.54 0.41 3.02 41,592 2.45 0.53 1.05 3.18

Benton County 41,840 0.09 0.29 0 1 41,592 0.09 0.29 0 1

Lane County 41,840 0.06 0.23 0 1 41,592 0.06 0.23 0 1

Washington County 41,840 0.37 0.48 0 1 41,592 0.37 0.48 0 1

Dist. UGB edge 41,840 2.41 1.81 0 10.79 41,592 2.42 1.81 0 10.79

Irrigation right 41,840 0.19 0.39 0 1 41,592 0.23 0.42 0 1

1973 1980

N Mean SD Min Max N Mean SD Min Max

UGB 41,152 0.05 0.22 0 1 40,876 0.05 0.21 0 1

Slope 41,152 3.17 4.12 0 42.83 40,876 3.16 4.12 0 42.83

Minimum temp. 41,152 8.50 0.47 6.10 10.08 40,876 8.50 0.47 6.10 10.06

Precipitation 41,152 13.75 2.20 10.64 27.72 40,876 13.74 2.20 10.64 27.72

LCC 1,2 41,152 0.47 0.50 0 1 40,876 0.47 0.50 0 1

LCC 3,4 41,152 0.45 0.50 0 1 40,876 0.45 0.50 0 1

Dist. city center 41,152 10.72 5.40 0.81 28.16 40,876 10.74 5.39 0.81 28.16

Household income ($1000) 41,152 33.32 3.79 29.26 66.66 40,876 34.14 3.83 29.64 68.14

Population density 41,152 2.69 0.47 1.69 3.35 40,876 2.93 0.46 2.21 3.59

Benton County 41,152 0.09 0.29 0 1 40,876 0.09 0.29 0 1

Lane County 41,152 0.06 0.24 0 1 40,876 0.06 0.24 0 1

Washington County 41,152 0.36 0.48 0 1 40,876 0.36 0.48 0 1

Dist. UGB edge 41,152 2.43 1.80 0 10.79 40,876 2.43 1.81 0 10.79

Irrigation right 41,152 0.24 0.43 0 1 40,876 0.25 0.43 0 1

1986 1992
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Table B.2: Descriptive statistics for LCT plots included in FDC model 

 

 

  

N Mean SD Min Max N Mean SD Min Max

UGB 31,476 0.05 0.21 0 1 31,402 0.04 0.21 0 1

Slope 31,476 15.15 8.90 0 50.48 31,402 15.17 8.90 0 50.48

Elevation 31,476 229.40 127.40 2.28 758.5 31,402 229.70 127.40 2.28 758.5

Dist. mill 31,476 4.43 1.93 0.03 10.78 31,402 4.44 1.93 0.03 10.78

PNI ownership 31,476 0.61 0.49 0 1 31,402 0.61 0.49 0 1

LCC 1,2,3,4 31,476 0.53 0.50 0 1 31,402 0.53 0.50 0 1

Dist. city center 31,476 13.86 6.76 0.04 28.98 31,402 13.88 6.74 0.04 28.98

Household income ($1000) 31,476 41.57 4.52 34.70 77.46 31,402 32.22 4.21 27.52 60.24

Population density 31,476 2.12 0.54 0.41 3.52 31,402 2.63 0.52 1.05 3.74

Benton County 31,476 0.12 0.33 0 1 31,402 0.12 0.33 0 1

Lane County 31,476 0.26 0.44 0 1 31,402 0.26 0.44 0 1

Washington County 31,476 0.29 0.45 0 1 31,402 0.29 0.45 0 1

Dist. UGB edge 31,476 3.77 2.51 0 11.39 31,402 3.77 2.51 0 11.39

River presence 31,476 0.02 0.13 0 1 31,402 0.02 0.13 0 1

1973 1980

N Mean SD Min Max N Mean SD Min Max

UGB 31,371 0.04 0.20 0 1 31,264 0.04 0.20 0 1

Slope 31,371 15.17 8.90 0 50.48 31,264 15.19 8.90 0 50.48

Elevation 31,371 229.80 127.40 2.28 758.5 31,264 230.10 127.50 2.28 758.5

Dist. mill 31,371 5.01 2.31 0.03 13.31 31,264 6.34 3.22 0.03 16.19

LCT_ac 31,371 0.89 0.00 0.89 0.89 31,264 0.89 0.00 0.89 0.89

PNI ownership 31,371 0.61 0.49 0 1 31,264 0.61 0.49 0 1

LCC 1,2,3,4 31,371 0.53 0.50 0 1 31,264 0.53 0.50 0 1

Dist. city center 31,371 13.88 6.74 0.04 28.98 31,264 13.92 6.72 0.04 28.98

Household income ($1000) 31,371 33.43 4.58 29.26 66.66 31,264 34.12 4.78 29.64 68.14

Population density 31,371 2.86 0.44 1.69 3.83 31,264 3.08 0.41 2.21 3.97

Benton County 31,371 0.12 0.33 0 1 31,264 0.12 0.33 0 1

Lane County 31,371 0.26 0.44 0 1 31,264 0.26 0.44 0 1

Washington County 31,371 0.28 0.45 0 1 31,264 0.28 0.45 0 1

Dist. UGB edge 31,371 3.77 2.51 0 11.39 31,264 3.78 2.51 0 11.39

River presence 31,371 0.02 0.13 0 1 31,264 0.02 0.13 0 1

1986 1992
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Table B.3: ADC reduced form results 

 

  

Variables ME SE

Year1980 -0.018 0.00325***

Year1986 -0.025 0.00279***

Year1992 -0.037 0.00297***

UGB 0.009 0.00098***

Year1980*UGB 0.003 0.00111***

Year1986*UGB -0.003 0.00128**

Year1992*UGB 0.001 0.00148

Slope 0.000 0.00010***

Washington County -0.012 0.00139***

Lane County -0.007 0.00362*

Benton County 0.017 0.00182***

Dist. city center -0.004 0.00032***

Dist. city center
2

0.000 0.00001***

HH income -0.002 0.00054***

HH income
2

0.000 0.00000***

Pop. density 0.033 0.00340***

Pop. density
2

0.000 0.00073

Dist. UGB edge -0.001 0.00024**

Minimum temp. 0.006 0.00097***

Precipitation -0.002 0.00016***

Irrigation right -0.014 0.00296***

Precip.*irr. right 0.000 0.00019

LCC 1,2 0.001 0.00092

LCC 3,4 0.000 0.0009

Number of plots 41,840

Number of observations 165,460
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Table B.4: FDC reduced form results 

 

 

Variable ME SE

Year1980 -0.007 0.00151***

Year1986 -0.009 0.00128***

Year1992 -0.017 0.00242***

UGB 0.003 0.00095***

Year1980*UGB -0.001 0.00115

Year1986*UGB -0.002 0.00103*

Year1992*UGB 0.000 0.00119

Elevation 0.000 0.00000*

Slope 0.000 0.00004***

Washington County 0.002 0.00136

Lane County 0.000 0.0015

Benton County 0.003 0.00164*

Dist. city center -0.001 0.00016***

Dist. city center
2

0.000 0.00001**

HH income -0.001 0.00027**

HH income
2

0.000 0.00000***

Pop. density 0.010 0.00175***

Pop. density
2

0.001 0.00043

Dist. UGB edge 0.001 0.00029***

Dist. UGB edge
2

0.000 0.00003

Dist. mill 0.001 0.00075*

Dist. mill
2

0.000 0.00005

PNI ownership 0.005 0.00178***

River presence -0.001 0.0011

LCC 1,2,3,4 0.000 0.00035

Number of plots 31,476

Number of observations 125,513
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Appendix C  Supplement to Chapter 5 

Table C.1: Descriptive statistics for NLCD agricultural plots 

 

 

Table C.2: Descriptive statistics for NLCD forest plots 

 

Variables N Mean SD Min Max N Mean SD Min Max N Mean SD Min Max

Dist. UGB edge 67,609 2.101 1.367 0 6.3 78,157 1.928 1.263 0 6.204 49,237 2.145 1.81 0 9.195

Household income ($1000) 67,609 40.72 3.377 33.72 45.05 78,157 37.54 5.663 33.72 55.76 49,237 34.65 1.394 33.03 5

Irrigation right 67,609 0.404 0.491 0 1 78,157 0.706 0.455 0 1 49,237 0.22 0.414 0 1,285

LCC 1,2 67,609 0.538 0.499 0 1 78,157 0.773 0.419 0 1 49,237 0.31 0.463 0 24.37

LCC 3,4 67,609 0.427 0.495 0 1 78,157 0.208 0.406 0 1 49,237 0.525 0.499 0 1

Minimum temp. 67,609 8.63 0.251 7.494 9.179 78,157 9.053 0.22 8.247 9.651 49,237 7.84 0.157 6.206 946.4

Precipitation 67,609 13.86 1.385 11.72 17.62 78,157 13.24 0.956 11.39 18.51 49,237 14.17 2.815 11.23 70.87

Slope 67,609 2.677 3.137 0 33.12 78,157 1.874 2.583 0 31.56 49,237 4.029 5.512 0 1,214

Dist. city center 67,609 7.609 2.68 0.399 15.12 78,157 6.213 2.354 0.497 13.92 49,237 7.63 2.333 0.994 39.2

Population density 67,609 3.538 0.703 2.572 4.456 78,157 3.845 0.345 2.676 4.456 49,237 3.517 0.132 3.403 138,807

UGB 67,609 0.0482 0.214 0 1 78,157 0.0175 0.131 0 1 49,237 0.0579 0.234 0 1

Salem Woodburn Eugene

Variables N Mean SD Min Max N Mean SD Min Max N Mean SD Min Max

Dist. UGB edge 8,475 2.062 1.467 0 6.186 2,684 1.638 1.016 0 5.989 25,842 3.232 2.189 0 9.365

Dist. mill 8,475 8.517 3.037 1.647 14.37 2,684 6.392 2.503 1.019 11.71 25,842 2.704 1.468 0.0235 7.301

Household income ($1000) 8,475 40.65 2.802 33.72 45.05 2,684 40.8 6.256 33.72 55.76 25,842 34.24 1.396 33.03 35.85

LCC 1,2,3,4 8,475 0.679 0.467 0 1 2,684 0.675 0.469 0 1 25,842 0.478 0.5 0 1

Elevation 8,475 157.9 55.99 37 341.1 2,684 127.7 73.42 17.11 337.9 25,842 311.7 143.3 97.67 949.7

Slope 8,475 11.04 5.15 0 32.82 2,684 9.689 5.856 0 34.57 25,842 12.94 6.276 0 46.31

Dist. city center 8,475 7.159 1.919 1.646 12.97 2,684 7.108 3.245 1.202 13.89 25,842 7.51 2.493 0.133 13.54

PNI ownership 8,475 0.971 0.168 0 1 2,684 0.969 0.174 0 1 25,842 0.654 0.476 0 1

Population density 8,475 3.412 0.666 2.572 4.456 2,684 3.667 0.265 2.929 4.456 25,842 3.556 0.132 3.403 3.671

River presence 8,475 0.00519 0.0719 0 1 2,684 0.0253 0.157 0 1 25,842 0.0145 0.12 0 1

UGB 8,475 0.0872 0.282 0 1 2,684 0.0313 0.174 0 1 25,842 0.0653 0.247 0 1

Salem Woodburn Eugene
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Appendix D  Salem simulation results 

Table D.1: Salem UGB scenario results 

 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 63,226 64,039 65,066 66,417 69,085 74,284 80,379 85,779

Total area of private developed land inside UGB (acres) 35,585 36,047 36,638 37,408 38,928 41,913 45,383 48,427

Total area of private forest land (acres) 51,546 51,524 51,522 51,518 51,513 51,504 51,495 20,876

Total area of private agricultural land (acres) 411,208 410,339 409,302 407,856 404,928 399,140 392,358 156,594

Total area of private irrigated agricultural land (acres) 166,012 165,400 164,722 163,815 162,273 159,910 157,202 62,678

Population density (thousands of people per square mile) 3.50 3.42 3.81 4.31 4.73 5.01 5.11 5.14

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,420 165,733 164,813 163,250 160,855 158,110 155,448

Total water withdrawals for urban residential consumers (af/yr) 13,284 15,084 17,177 20,205 23,198 26,016 29,156 32,300

Total water withdrawals for agiculture and urban (af/yr) 180,325 181,503 182,910 185,018 186,448 186,871 187,266 187,748

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 62.81 86.35 102.75 130.91 165.00 180.63 212.35

Total area of UGB (acres) 51,102 51,605 52,257 53,256 55,572 59,878 63,802 67,149

Total area of private developed land inside UGB (acres) 34,137 34,450 34,843 35,450 36,687 39,312 41,892 44,122

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,737 166,487 166,148 165,668 164,656 162,644 160,520 158,778

Total area of private irrigated agricultural land (acres) 67,315 67,145 66,934 66,650 66,171 65,467 64,777 64,132

Population density (thousands of people per square mile) 3.50 3.56 3.99 4.54 4.99 5.31 5.45 5.57

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,510 165,912 165,209 163,989 162,145 160,431 158,717

Total water withdrawals for urban residential consumers (af/yr) 13,284 15,054 17,138 20,153 23,133 25,936 29,059 32,169

Total water withdrawals for agiculture and urban (af/yr) 180,325 181,670 183,229 185,535 187,320 188,363 189,762 191,260

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 52.30 66.08 80.15 90.06 104.04 116.70 136.50

Year

60% UGB expansion threshold (high sprawl)

70% UGB expansion threshold (moderate sprawl)

Total area of UGB (acres) 43,346 43,346 43,751 44,874 46,426 49,255 51,878 53,825

Total area of private developed land inside UGB (acres) 32,652 32,883 33,291 34,128 35,322 37,561 39,556 40,863

Total area of private forest land (acres) 20,901 20,896 20,895 20,895 20,893 20,892 20,890 20,887

Total area of private agricultural land (acres) 166,737 166,512 166,185 165,728 164,772 162,999 161,404 160,322

Total area of private irrigated agricultural land (acres) 67,315 67,155 66,942 66,664 66,219 65,667 65,296 65,053

Population density (thousands of people per square mile) 3.50 3.72 4.18 4.75 5.18 5.52 5.71 5.90

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,641 166,108 165,414 164,301 162,921 161,994 161,387

Total water withdrawals for urban residential consumers (af/yr) 13,284 15,022 17,102 20,112 23,096 25,895 29,003 32,088

Total water withdrawals for agiculture and urban (af/yr) 180,325 181,663 183,210 185,526 187,397 188,815 190,996 193,474

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 50.90 67.56 75.25 78.84 69.00 61.51 71.52

Total area of UGB (acres) 43,346 43,346 43,346 43,346 43,346 43,346 44,647 45,757

Total area of private developed land inside UGB (acres) 32,652 32,883 33,210 33,666 34,613 36,350 38,194 39,160

Total area of private forest land (acres) 20,901 20,896 20,895 20,894 20,893 20,892 20,890 20,888

Total area of private agricultural land (acres) 166,736 166,510 166,184 165,729 164,783 163,047 161,617 160,819

Total area of private irrigated agricultural land (acres) 67,314 67,155 66,941 66,664 66,224 65,687 65,365 65,228

Population density (thousands of people per square mile) 3.50 3.72 4.18 4.76 5.26 5.63 5.90 6.11

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,641 166,108 165,415 164,315 162,972 162,168 161,824

Total water withdrawals for urban residential consumers (af/yr) 13,284 15,022 17,102 20,110 23,081 25,870 28,957 32,034

Total water withdrawals for agiculture and urban (af/yr) 180,325 181,663 183,210 185,525 187,396 188,841 191,125 193,858

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 50.90 67.56 75.08 80.05 69.97 52.94 36.94

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

90% UGB expansion threshold (high density)

80% UGB expansion threshold (compact development)
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Table D.2: Salem population scenario results 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 51,102 51,604 52,399 53,839 56,923 61,533 65,310 68,209

Total area of private developed land inside UGB (acres) 34,137 34,449 34,932 35,763 37,497 40,384 42,902 44,827

Total area of private forest land (acres) 20,901 20,893 20,892 20,891 20,889 20,886 20,882 20,879

Total area of private agricultural land (acres) 166,736 166,485 166,076 165,415 164,014 161,739 159,747 158,189

Total area of private irrigated agricultural land (acres) 67,314 67,145 66,889 66,497 65,866 65,128 64,473 63,870

Population density (thousands of people per square mile) 3.50 3.94 4.82 5.93 6.85 7.50 7.92 8.34

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,616 165,976 164,998 163,419 161,574 159,936 158,428

Total water withdrawals for urban residential consumers (af/yr) 13,284 16,633 20,689 26,424 32,050 37,449 43,451 49,441

Total water withdrawals for agiculture and urban (af/yr) 180,325 183,249 186,665 191,422 195,469 199,023 203,388 207,869

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 52.30 70.58 81.16 84.62 93.88 112.24 142.88

Total area of UGB (acres) 51,102 51,604 52,193 52,985 54,733 57,923 61,340 64,052

Total area of private developed land inside UGB (acres) 34,137 34,449 34,803 35,293 36,221 38,098 40,257 42,060

Total area of private forest land (acres) 20,901 20,893 20,893 20,892 20,890 20,888 20,886 20,883

Total area of private agricultural land (acres) 166,736 166,485 166,180 165,790 165,045 163,564 161,843 160,386

Total area of private irrigated agricultural land (acres) 67,314 67,145 66,957 66,725 66,364 65,818 65,247 64,749

Population density (thousands of people per square mile) 3.50 3.37 3.57 3.83 4.05 4.19 4.24 4.25

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,616 166,146 165,567 164,664 163,298 161,872 160,628

Total water withdrawals for urban residential consumers (af/yr) 13,284 14,264 15,366 17,026 18,692 20,210 21,891 23,559

Total water withdrawals for agiculture and urban (af/yr) 180,325 180,880 181,512 182,594 183,356 183,508 183,763 184,187

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 52.30 65.45 73.29 87.16 103.18 108.13 110.21

Year

High population (HP)

Low population (LP)
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Table D.3: Salem precipitation reduction scenario results 

 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 51,102 51,669 52,398 53,533 55,970 60,387 64,465 67,905

Total area of private developed land inside UGB (acres) 34,137 34,488 34,931 35,596 36,920 39,638 42,339 44,625

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,737 166,454 166,078 165,551 164,463 162,362 160,181 158,361

Total area of private irrigated agricultural land (acres) 67,315 67,121 66,889 66,579 66,073 65,349 64,635 63,942

Population density (thousands of people per square mile) 3.50 3.56 3.98 4.52 4.97 5.28 5.41 5.51

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,557 165,975 165,201 163,936 162,127 160,340 158,608

Total water withdrawals for urban residential consumers (af/yr) 13,635 15,451 17,593 20,690 23,753 26,634 29,845 33,042

Total water withdrawals for agiculture and urban (af/yr) 180,675 182,007 183,568 185,892 187,688 188,761 190,185 191,650

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 55.61 69.35 80.46 86.67 100.88 108.97 134.41

Total area of UGB (acres) 51,102 51,728 52,547 53,792 56,358 60,871 65,087 68,652

Total area of private developed land inside UGB (acres) 34,137 34,522 35,023 35,738 37,156 39,952 42,754 45,121

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,737 166,421 166,006 165,436 164,273 162,096 159,860 157,957

Total area of private irrigated agricultural land (acres) 67,315 67,100 66,844 66,513 65,979 65,240 64,500 63,756

Population density (thousands of people per square mile) 3.50 3.56 3.98 4.51 4.95 5.25 5.36 5.45

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,502 165,863 165,036 163,700 161,854 160,003 158,143

Total water withdrawals for urban residential consumers (af/yr) 13,985 15,848 18,046 21,225 24,368 27,327 30,623 33,907

Total water withdrawals for agiculture and urban (af/yr) 181,026 182,350 183,910 186,261 188,068 189,181 190,627 192,050

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 57.68 71.79 80.16 90.34 99.08 111.64 134.14

Year

2 inch precipitation reduction (D1)

4 inch precipitation reduction (D2)

Total area of UGB (acres) 51,102 51,783 52,686 54,038 56,735 61,322 65,671 69,348

Total area of private developed land inside UGB (acres) 34,137 34,556 35,109 35,870 37,386 40,244 43,140 45,587

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,737 166,390 165,939 165,328 164,097 161,854 159,561 157,574

Total area of private irrigated agricultural land (acres) 67,315 67,078 66,801 66,452 65,892 65,139 64,368 63,573

Population density (thousands of people per square mile) 3.50 3.56 3.97 4.50 4.93 5.22 5.33 5.41

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,448 165,756 164,882 163,482 161,602 159,673 157,685

Total water withdrawals for urban residential consumers (af/yr) 14,336 16,245 18,499 21,759 24,983 28,020 31,402 34,771

Total water withdrawals for agiculture and urban (af/yr) 181,376 182,693 184,255 186,641 188,465 189,622 191,074 192,456

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 61.76 76.92 81.45 92.53 99.01 120.77 149.71

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation reduction (D3)
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Table D.4: Salem precipitation increase scenario results 

 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 51,102 51,543 52,121 52,999 55,154 59,318 63,149 66,331

Total area of private developed land inside UGB (acres) 34,137 34,415 34,760 35,301 36,450 38,959 41,460 43,582

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,736 166,515 166,216 165,784 164,850 162,933 160,871 159,200

Total area of private irrigated agricultural land (acres) 67,314 67,166 66,979 66,721 66,270 65,589 64,921 64,321

Population density (thousands of people per square mile) 3.50 3.56 3.99 4.55 5.01 5.35 5.50 5.63

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,669 166,203 165,557 164,431 162,728 161,058 159,557

Total water withdrawals for urban residential consumers (af/yr) 12,934 14,657 16,687 19,622 22,523 25,250 28,287 31,312

Total water withdrawals for agiculture and urban (af/yr) 179,974 181,325 182,890 185,180 186,954 187,978 189,346 190,868

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 50.64 65.73 73.09 87.85 100.08 113.68 132.01

Total area of UGB (acres) 51,102 51,485 51,976 52,759 54,719 58,619 62,427 65,527

Total area of private developed land inside UGB (acres) 34,137 34,379 34,674 35,154 36,214 38,527 40,978 43,046

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,736 166,546 166,284 165,902 165,052 163,242 161,246 159,640

Total area of private irrigated agricultural land (acres) 67,314 67,187 67,024 66,793 66,376 65,721 65,073 64,516

Population density (thousands of people per square mile) 3.50 3.56 3.99 4.56 5.03 5.38 5.56 5.69

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,722 166,314 165,738 164,694 163,056 161,436 160,044

Total water withdrawals for urban residential consumers (af/yr) 12,584 14,260 16,234 19,088 21,908 24,558 27,506 30,446

Total water withdrawals for agiculture and urban (af/yr) 179,624 180,981 182,549 184,826 186,602 187,614 188,942 190,491

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 46.22 64.58 70.96 85.44 101.00 107.13 121.46

Year

2 inch precipitation increase (W1)

4 inch precipitation increase (W2)

Total area of UGB (acres) 51,102 51,430 51,851 52,528 54,224 57,910 61,708 64,655

Total area of private developed land inside UGB (acres) 34,137 34,345 34,597 35,011 35,964 38,089 40,501 42,465

Total area of private forest land (acres) 20,901 20,893 20,893 20,891 20,890 20,887 20,884 20,880

Total area of private agricultural land (acres) 166,736 166,576 166,351 166,015 165,254 163,571 161,644 160,090

Total area of private irrigated agricultural land (acres) 67,314 67,207 67,068 66,864 66,484 65,862 65,231 64,707

Population density (thousands of people per square mile) 3.50 3.56 4.00 4.57 5.05 5.42 5.63 5.76

Total water withdrawals for agricultural irrigation (af/yr) 167,041 166,773 166,425 165,915 164,965 163,410 161,833 160,523

Total water withdrawals for urban residential consumers (af/yr) 12,233 13,862 15,781 18,555 21,294 23,866 26,726 29,582

Total water withdrawals for agiculture and urban (af/yr) 179,274 180,635 182,206 184,470 186,259 187,277 188,559 190,105

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 41.76 60.33 66.92 86.74 104.90 100.86 107.53

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation increase (W3)
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Appendix E  Woodburn simulation results 

Table E.1: Woodburn UGB scenario results 

 

 

  

Variable 2000 2010 2020 2030 2040 2050 2060 2070

Total area of UGB (acres) 6,656 6,794 6,952 7,170 7,581 8,459 9,642 10,932

Total area of private developed land inside UGB (acres) 3,956 4,033 4,126 4,253 4,494 5,008 5,676 6,403

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,617

Total area of private agricultural land (acres) 192,751 192,700 192,644 192,566 192,392 191,998 191,468 190,876

Total area of private irrigated agricultural land (acres) 136,149 136,107 136,061 135,997 135,867 135,607 135,266 134,854

Population density (thousands of people per square mile) 3.83 3.50 3.86 4.32 4.67 4.86 4.79 4.59

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,335 338,221 338,061 337,735 337,086 336,232 335,203

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,506 1,707 1,996 2,282 2,553 2,857 3,163

Total water withdrawals for agiculture and urban (af/yr) 339,795 339,840 339,928 340,057 340,017 339,639 339,089 338,367

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 28.42 38.70 44.10 59.70 72.80 97.18 101.40

Total area of UGB (acres) 5,211 5,297 5,415 5,584 5,924 6,666 7,527 8,319

Total area of private developed land inside UGB (acres) 3,620 3,681 3,762 3,879 4,112 4,621 5,206 5,747

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,751 192,713 192,665 192,595 192,436 192,084 191,671 191,247

Total area of private irrigated agricultural land (acres) 136,149 136,119 136,079 136,024 135,908 135,685 135,421 135,127

Population density (thousands of people per square mile) 3.83 3.82 4.23 4.74 5.13 5.32 5.19 5.00

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,364 338,266 338,128 337,837 337,280 336,619 335,886

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,499 1,700 1,988 2,272 2,543 2,846 3,150

Total water withdrawals for agiculture and urban (af/yr) 339,795 339,864 339,966 340,116 340,110 339,822 339,465 339,036

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 22.78 31.59 40.63 53.04 59.61 77.21 83.02

Year

60% UGB expansion threshold (high sprawl)

70% UGB expansion threshold (moderate sprawl)

Total area of UGB (acres) 4,069 4,174 4,308 4,468 4,791 5,358 5,900 6,334

Total area of private developed land inside UGB (acres) 3,250 3,332 3,435 3,563 3,806 4,255 4,680 5,022

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,619 6,618

Total area of private agricultural land (acres) 192,751 192,722 192,676 192,609 192,462 192,156 191,866 191,604

Total area of private irrigated agricultural land (acres) 136,149 136,126 136,089 136,037 135,934 135,754 135,582 135,400

Population density (thousands of people per square mile) 3.83 4.26 4.67 5.19 5.58 5.74 5.64 5.56

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,382 338,289 338,161 337,902 337,452 337,024 336,566

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,492 1,692 1,979 2,263 2,533 2,835 3,134

Total water withdrawals for agiculture and urban (af/yr) 339,795 339,874 339,981 340,140 340,165 339,985 339,859 339,701

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 19.11 30.46 35.29 44.68 43.09 43.76 57.56

Total area of UGB (acres) 4,035 4,035 4,035 4,035 4,035 4,437 4,799 5,001

Total area of private developed land inside UGB (acres) 3,233 3,262 3,308 3,374 3,520 3,981 4,289 4,471

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,619 6,618

Total area of private agricultural land (acres) 192,749 192,721 192,675 192,608 192,462 192,184 191,980 191,855

Total area of private irrigated agricultural land (acres) 136,148 136,125 136,088 136,036 135,934 135,776 135,670 135,592

Population density (thousands of people per square mile) 3.83 4.28 4.77 5.39 5.89 6.21 6.02 6.07

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,382 338,290 338,161 337,906 337,511 337,245 337,050

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,491 1,690 1,975 2,257 2,524 2,826 3,121

Total water withdrawals for agiculture and urban (af/yr) 339,795 339,874 339,980 340,136 340,163 340,034 340,071 340,171

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 19.03 30.08 35.23 41.71 32.41 25.95 31.56

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

90% UGB expansion threshold (high density)

80% UGB expansion threshold (compact development)
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Table E.2: Woodburn population scenario results 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 5,211 5,297 5,434 5,654 6,062 6,929 7,729 8,580

Total area of private developed land inside UGB (acres) 3,620 3,681 3,776 3,927 4,207 4,798 5,347 5,922

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,749 192,712 192,655 192,562 192,353 191,966 191,563 191,096

Total area of private irrigated agricultural land (acres) 136,148 136,118 136,071 135,998 135,847 135,605 135,345 135,020

Population density (thousands of people per square mile) 3.83 4.19 5.06 6.13 6.94 7.41 7.38 7.40

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,364 338,249 338,066 337,689 337,083 336,432 335,620

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,641 2,028 2,570 3,101 3,615 4,191 4,765

Total water withdrawals for agiculture and urban (af/yr) 339,795 340,005 340,277 340,636 340,790 340,698 340,623 340,385

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 22.78 33.02 45.65 58.84 66.06 86.50 107.96

Total area of UGB (acres) 5,211 5,297 5,406 5,546 5,820 6,358 7,134 7,792

Total area of private developed land inside UGB (acres) 3,620 3,681 3,756 3,852 4,040 4,410 4,937 5,390

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,619 6,618

Total area of private agricultural land (acres) 192,749 192,712 192,667 192,609 192,488 192,219 191,871 191,530

Total area of private irrigated agricultural land (acres) 136,148 136,118 136,082 136,035 135,947 135,774 135,556 135,326

Population density (thousands of people per square mile) 3.83 3.64 3.81 4.04 4.21 4.25 4.14 3.90

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,364 338,274 338,159 337,938 337,505 336,961 336,386

Total water withdrawals for urban residential consumers (af/yr) 1,355 1,429 1,536 1,696 1,857 2,005 2,170 2,337

Total water withdrawals for agiculture and urban (af/yr) 339,795 339,793 339,810 339,854 339,795 339,510 339,131 338,722

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 22.78 30.42 37.06 45.34 56.70 67.63 73.90

Year

High population (HP)

Low population (LP)
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Table E.3: Woodburn precipitation reduction scenario results 

 

 

  

Variable 2000 2010 2020 2030 2040 2050 2060 2070

Total area of UGB (acres) 5,211 5,310 5,443 5,629 5,979 6,784 7,651 8,475

Total area of private developed land inside UGB (acres) 3,620 3,690 3,781 3,909 4,149 4,700 5,292 5,853

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,751 192,708 192,653 192,575 192,401 192,032 191,606 191,154

Total area of private irrigated agricultural land (acres) 136,149 136,115 136,070 136,009 135,881 135,647 135,372 135,058

Population density (thousands of people per square mile) 3.83 3.82 4.22 4.71 5.09 5.27 5.10 4.92

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,354 338,242 338,089 337,771 337,185 336,496 335,714

Total water withdrawals for urban residential consumers (af/yr) 1,165 1,289 1,462 1,709 1,954 2,187 2,449 2,710

Total water withdrawals for agiculture and urban (af/yr) 339,605 339,643 339,704 339,798 339,725 339,372 338,945 338,424

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 23.77 32.73 42.01 58.12 63.56 80.94 94.34

Total area of UGB (acres) 5,211 5,323 5,466 5,670 6,036 6,894 7,771 8,644

Total area of private developed land inside UGB (acres) 3,620 3,699 3,798 3,938 4,189 4,774 5,376 5,964

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,751 192,703 192,642 192,556 192,368 191,984 191,543 191,062

Total area of private irrigated agricultural land (acres) 136,149 136,110 136,061 135,993 135,856 135,612 135,325 134,991

Population density (thousands of people per square mile) 3.83 3.82 4.21 4.69 5.05 5.22 5.02 4.84

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,344 338,220 338,050 337,708 337,099 336,380 335,545

Total water withdrawals for urban residential consumers (af/yr) 1,194 1,322 1,499 1,753 2,004 2,243 2,513 2,781

Total water withdrawals for agiculture and urban (af/yr) 339,634 339,665 339,719 339,803 339,712 339,342 338,892 338,326

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 26.16 37.16 45.79 60.59 65.03 81.98 100.16

Year

2 inch precipitation reduction (low precip)

4 inch precipitation reduction (medium precip)

Total area of UGB (acres) 5,211 5,337 5,495 5,712 6,103 6,994 7,887 8,810

Total area of private developed land inside UGB (acres) 3,620 3,708 3,817 3,967 4,235 4,842 5,455 6,073

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,751 192,697 192,631 192,536 192,336 191,938 191,482 190,973

Total area of private irrigated agricultural land (acres) 136,149 136,106 136,052 135,978 135,832 135,579 135,280 134,925

Population density (thousands of people per square mile) 3.83 3.82 4.20 4.67 5.01 5.16 4.95 4.77

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,331 338,197 338,012 337,648 337,014 336,268 335,380

Total water withdrawals for urban residential consumers (af/yr) 1,224 1,354 1,536 1,796 2,055 2,300 2,577 2,852

Total water withdrawals for agiculture and urban (af/yr) 339,664 339,686 339,733 339,808 339,703 339,314 338,845 338,231

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 27.47 38.14 49.48 63.59 67.98 88.27 101.44

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation reduction (high precip)



177 

 

 

Table E.4: Woodburn precipitation increase scenario results 

 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 5,211 5,283 5,388 5,534 5,860 6,540 7,392 8,154

Total area of private developed land inside UGB (acres) 3,620 3,671 3,743 3,844 4,067 4,535 5,114 5,634

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,749 192,717 192,675 192,613 192,470 192,136 191,739 191,343

Total area of private irrigated agricultural land (acres) 136,148 136,122 136,088 136,039 135,934 135,722 135,471 135,199

Population density (thousands of people per square mile) 3.83 3.82 4.24 4.76 5.17 5.37 5.29 5.09

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,376 338,290 338,167 337,905 337,376 336,748 336,068

Total water withdrawals for urban residential consumers (af/yr) 1,320 1,461 1,655 1,935 2,212 2,475 2,770 3,066

Total water withdrawals for agiculture and urban (af/yr) 339,760 339,836 339,945 340,103 340,117 339,852 339,517 339,134

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 21.06 28.96 35.44 49.27 57.45 70.95 78.26

Total area of UGB (acres) 5,211 5,270 5,361 5,486 5,779 6,413 7,260 7,967

Total area of private developed land inside UGB (acres) 3,620 3,662 3,724 3,811 4,012 4,448 5,024 5,509

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,749 192,722 192,686 192,633 192,505 192,193 191,809 191,438

Total area of private irrigated agricultural land (acres) 136,148 136,126 136,096 136,054 135,962 135,763 135,522 135,269

Population density (thousands of people per square mile) 3.83 3.82 4.25 4.79 5.22 5.45 5.39 5.18

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,385 338,311 338,206 337,974 337,478 336,875 336,242

Total water withdrawals for urban residential consumers (af/yr) 1,285 1,422 1,611 1,883 2,152 2,408 2,693 2,982

Total water withdrawals for agiculture and urban (af/yr) 339,725 339,807 339,922 340,090 340,126 339,885 339,568 339,223

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 18.77 28.53 36.01 46.33 57.76 68.00 75.41

Year

2 inch precipitation increase (W1)

4 inch precipitation increase (W2)

Total area of UGB (acres) 5,211 5,257 5,335 5,443 5,699 6,287 7,111 7,790

Total area of private developed land inside UGB (acres) 3,620 3,653 3,707 3,781 3,958 4,362 4,922 5,389

Total area of private forest land (acres) 6,619 6,619 6,619 6,619 6,619 6,619 6,618 6,618

Total area of private agricultural land (acres) 192,749 192,727 192,697 192,652 192,540 192,252 191,882 191,532

Total area of private irrigated agricultural land (acres) 136,148 136,130 136,105 136,070 135,989 135,805 135,575 135,337

Population density (thousands of people per square mile) 3.83 3.82 4.26 4.81 5.26 5.52 5.50 5.29

Total water withdrawals for agricultural irrigation (af/yr) 338,440 338,394 338,333 338,244 338,042 337,583 337,008 336,413

Total water withdrawals for urban residential consumers (af/yr) 1,249 1,383 1,567 1,831 2,093 2,340 2,617 2,897

Total water withdrawals for agiculture and urban (af/yr) 339,690 339,777 339,900 340,075 340,135 339,923 339,625 339,310

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 16.75 26.82 33.60 42.21 56.14 64.68 66.88

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation increase (W3)
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Appendix F  Eugene simulation results 

Table F.1: Eugene UGB scenario results 

 

 

  

Variable 2000 2010 2020 2030 2040 2050 2060 2070

Total area of UGB (acres) 74,136 74,325 74,507 74,741 75,131 75,786 76,909 78,477

Total area of private developed land inside UGB (acres) 40,266 40,363 40,465 40,589 40,799 41,152 41,749 42,608

Total area of private forest land (acres) 63,732 63,722 63,711 63,700 63,684 63,663 63,635 63,601

Total area of private agricultural land (acres) 121,428 121,353 121,272 121,176 121,017 120,726 120,240 119,528

Total area of private irrigated agricultural land (acres) 26,665 26,625 26,583 26,533 26,457 26,337 26,159 25,927

Population density (thousands of people per square mile) 3.52 3.34 3.58 3.87 4.11 4.35 4.50 4.67

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,908 65,804 65,680 65,488 65,188 64,743 64,165

Total water withdrawals for urban residential consumers (af/yr) 18,086 20,009 21,745 24,299 26,801 29,120 31,072 33,351

Total water withdrawals for agiculture and urban (af/yr) 84,093 85,916 87,549 89,978 92,289 94,308 95,815 97,515

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 24.40 30.45 44.27 57.54 74.28 88.60 99.25

Total area of UGB (acres) 61,522 61,635 61,774 61,956 62,536 63,270 64,158 65,404

Total area of private developed land inside UGB (acres) 39,062 39,138 39,228 39,338 39,559 39,964 40,519 41,304

Total area of private forest land (acres) 63,732 63,724 63,716 63,707 63,694 63,677 63,654 63,625

Total area of private agricultural land (acres) 121,428 121,378 121,324 121,257 121,139 120,904 120,496 119,877

Total area of private irrigated agricultural land (acres) 26,665 26,643 26,621 26,592 26,545 26,464 26,337 26,165

Population density (thousands of people per square mile) 3.52 3.44 3.69 3.99 4.24 4.48 4.63 4.81

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,954 65,898 65,827 65,707 65,505 65,190 64,758

Total water withdrawals for urban residential consumers (af/yr) 18,086 19,981 21,714 24,264 26,762 29,079 31,028 33,303

Total water withdrawals for agiculture and urban (af/yr) 84,093 85,935 87,612 90,091 92,470 94,584 96,218 98,060

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 16.35 23.23 32.46 39.42 47.74 67.15 82.49

Year

60% UGB expansion threshold (high sprawl)

70% UGB expansion threshold (moderate sprawl)

Total area of UGB (acres) 48,779 48,779 48,779 48,779 48,779 48,779 49,563 51,050

Total area of private developed land inside UGB (acres) 37,057 37,098 37,147 37,207 37,316 37,537 38,164 38,962

Total area of private forest land (acres) 63,732 63,725 63,718 63,711 63,701 63,685 63,664 63,637

Total area of private agricultural land (acres) 121,428 121,393 121,351 121,299 121,200 120,994 120,626 120,062

Total area of private irrigated agricultural land (acres) 26,665 26,650 26,634 26,612 26,576 26,512 26,411 26,280

Population density (thousands of people per square mile) 3.52 3.61 3.88 4.20 4.47 4.74 4.91 5.08

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,971 65,930 65,876 65,785 65,626 65,372 65,045

Total water withdrawals for urban residential consumers (af/yr) 18,086 19,933 21,661 24,204 26,695 29,002 30,941 33,214

Total water withdrawals for agiculture and urban (af/yr) 84,093 85,905 87,591 90,081 92,480 94,628 96,314 98,259

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 13.07 20.72 28.27 34.01 36.14 42.66 57.28

Total area of UGB (acres) 48,779 48,779 48,779 48,779 48,779 48,779 48,779 48,779

Total area of private developed land inside UGB (acres) 37,057 37,098 37,147 37,207 37,316 37,537 37,927 38,512

Total area of private forest land (acres) 63,731 63,725 63,718 63,711 63,700 63,685 63,664 63,637

Total area of private agricultural land (acres) 121,427 121,392 121,350 121,298 121,199 120,993 120,625 120,066

Total area of private irrigated agricultural land (acres) 26,664 26,650 26,633 26,612 26,576 26,512 26,410 26,281

Population density (thousands of people per square mile) 3.52 3.61 3.88 4.20 4.47 4.74 4.91 5.11

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,971 65,930 65,876 65,785 65,626 65,372 65,048

Total water withdrawals for urban residential consumers (af/yr) 18,086 19,933 21,661 24,204 26,695 29,002 30,941 33,204

Total water withdrawals for agiculture and urban (af/yr) 84,093 85,905 87,591 90,081 92,480 94,628 96,314 98,252

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 13.07 20.72 28.27 34.01 36.14 42.66 56.73

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

90% UGB expansion threshold (high density)

80% UGB expansion threshold (compact development)
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Table F.2: Eugene population scenario results 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 61,521 61,635 61,786 62,016 62,734 63,581 64,805 66,356

Total area of private developed land inside UGB (acres) 39,062 39,137 39,236 39,368 39,652 40,157 40,930 41,906

Total area of private forest land (acres) 63,731 63,723 63,715 63,705 63,691 63,670 63,642 63,605

Total area of private agricultural land (acres) 121,427 121,377 121,318 121,239 121,085 120,755 120,175 119,331

Total area of private irrigated agricultural land (acres) 26,664 26,643 26,618 26,584 26,522 26,409 26,233 26,003

Population density (thousands of people per square mile) 3.52 3.71 4.22 4.83 5.34 5.83 6.15 6.50

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,954 65,892 65,805 65,651 65,369 64,928 64,354

Total water withdrawals for urban residential consumers (af/yr) 18,086 21,581 24,836 29,364 33,697 37,892 41,339 45,482

Total water withdrawals for agiculture and urban (af/yr) 84,093 87,535 90,728 95,170 99,348 103,261 106,267 109,836

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 16.35 23.98 35.50 44.63 54.85 72.76 81.63

Total area of UGB (acres) 61,521 61,635 61,766 61,928 62,412 63,078 63,763 64,716

Total area of private developed land inside UGB (acres) 39,062 39,137 39,223 39,323 39,511 39,843 40,271 40,874

Total area of private forest land (acres) 63,731 63,723 63,716 63,707 63,696 63,680 63,660 63,636

Total area of private agricultural land (acres) 121,427 121,377 121,326 121,265 121,165 120,978 120,674 120,224

Total area of private irrigated agricultural land (acres) 26,664 26,643 26,622 26,596 26,556 26,493 26,399 26,271

Population density (thousands of people per square mile) 3.52 3.30 3.42 3.57 3.69 3.81 3.87 3.95

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,954 65,901 65,837 65,737 65,578 65,344 65,024

Total water withdrawals for urban residential consumers (af/yr) 18,086 19,181 20,154 21,716 23,299 24,679 25,883 27,228

Total water withdrawals for agiculture and urban (af/yr) 84,093 85,135 86,054 87,552 89,035 90,257 91,227 92,252

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 16.35 22.72 31.35 37.65 45.49 59.94 71.32

Year

High population (HP)

Low population (LP)

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.
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Table F.3: Eugene precipitation reduction scenario results 

 

 

  

Variable 2000 2010 2020 2030 2040 2050 2060 2070

Total area of UGB (acres) 61,522 61,647 61,804 62,020 62,658 63,394 64,359 65,668

Total area of private developed land inside UGB (acres) 39,062 39,146 39,247 39,369 39,615 40,042 40,645 41,472

Total area of private forest land (acres) 63,732 63,724 63,716 63,707 63,694 63,677 63,654 63,625

Total area of private agricultural land (acres) 121,428 121,372 121,311 121,237 121,106 120,844 120,395 119,722

Total area of private irrigated agricultural land (acres) 26,665 26,640 26,615 26,583 26,531 26,440 26,300 26,112

Population density (thousands of people per square mile) 3.52 3.44 3.69 3.99 4.24 4.48 4.62 4.79

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,947 65,884 65,804 65,673 65,446 65,096 64,625

Total water withdrawals for urban residential consumers (af/yr) 18,556 20,500 22,279 24,896 27,459 29,837 31,838 34,174

Total water withdrawals for agiculture and urban (af/yr) 84,563 86,447 88,162 90,700 93,132 95,283 96,934 98,798

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 18.49 26.09 35.51 42.92 51.84 70.44 77.70

Total area of UGB (acres) 61,522 61,660 61,833 62,100 62,770 63,514 64,551 65,927

Total area of private developed land inside UGB (acres) 39,062 39,154 39,265 39,403 39,672 40,117 40,767 41,638

Total area of private forest land (acres) 63,732 63,724 63,716 63,707 63,694 63,677 63,654 63,624

Total area of private agricultural land (acres) 121,428 121,366 121,299 121,217 121,071 120,782 120,292 119,569

Total area of private irrigated agricultural land (acres) 26,665 26,637 26,609 26,573 26,515 26,414 26,262 26,058

Population density (thousands of people per square mile) 3.52 3.44 3.68 3.98 4.23 4.47 4.62 4.78

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,939 65,869 65,779 65,633 65,382 65,000 64,492

Total water withdrawals for urban residential consumers (af/yr) 19,026 21,020 22,843 25,527 28,156 30,594 32,647 35,045

Total water withdrawals for agiculture and urban (af/yr) 85,033 86,959 88,712 91,306 93,789 95,976 97,647 99,536

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 19.83 28.99 38.42 45.15 55.95 73.91 79.76

Year

2 inch precipitation reduction (low precip)

4 inch precipitation reduction (medium precip)

Total area of UGB (acres) 61,522 61,672 61,859 62,196 62,872 63,634 64,749 66,172

Total area of private developed land inside UGB (acres) 39,062 39,162 39,282 39,439 39,726 40,190 40,895 41,791

Total area of private forest land (acres) 63,732 63,724 63,716 63,707 63,694 63,677 63,654 63,624

Total area of private agricultural land (acres) 121,428 121,360 121,287 121,196 121,037 120,723 120,192 119,422

Total area of private irrigated agricultural land (acres) 26,665 26,635 26,604 26,564 26,500 26,391 26,224 26,007

Population density (thousands of people per square mile) 3.52 3.44 3.68 3.98 4.23 4.47 4.61 4.76

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,933 65,855 65,756 65,596 65,323 64,906 64,364

Total water withdrawals for urban residential consumers (af/yr) 19,496 21,539 23,408 26,158 28,853 31,352 33,457 35,916

Total water withdrawals for agiculture and urban (af/yr) 85,503 87,472 89,263 91,914 94,449 96,675 98,363 100,280

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 20.53 29.49 40.48 47.78 59.37 76.57 80.78

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation reduction (high precip)
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Table F.4: Eugene precipitation increase scenario results 

 

 

  

2000 2010 2020 2030 2040 2050 2060 2070

Variable

Total area of UGB (acres) 61,521 61,623 61,742 61,900 62,383 63,129 63,944 65,109

Total area of private developed land inside UGB (acres) 39,062 39,129 39,207 39,306 39,501 39,874 40,385 41,119

Total area of private forest land (acres) 63,731 63,723 63,715 63,706 63,694 63,677 63,653 63,624

Total area of private agricultural land (acres) 121,427 121,383 121,336 121,277 121,172 120,963 120,597 120,034

Total area of private irrigated agricultural land (acres) 26,664 26,646 26,626 26,601 26,559 26,488 26,376 26,220

Population density (thousands of people per square mile) 3.52 3.44 3.69 3.99 4.24 4.49 4.64 4.82

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,960 65,912 65,849 65,745 65,566 65,287 64,896

Total water withdrawals for urban residential consumers (af/yr) 17,615 19,461 21,149 23,633 26,066 28,321 30,219 32,432

Total water withdrawals for agiculture and urban (af/yr) 83,623 85,422 87,061 89,482 91,810 93,887 95,506 97,328

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 15.79 20.89 29.82 36.37 44.76 60.95 74.71

Total area of UGB (acres) 61,521 61,611 61,713 61,852 62,201 62,968 63,728 64,801

Total area of private developed land inside UGB (acres) 39,062 39,121 39,189 39,277 39,440 39,778 40,249 40,927

Total area of private forest land (acres) 63,731 63,723 63,715 63,706 63,694 63,677 63,653 63,624

Total area of private agricultural land (acres) 121,427 121,389 121,348 121,298 121,206 121,023 120,699 120,194

Total area of private irrigated agricultural land (acres) 26,664 26,648 26,631 26,611 26,575 26,513 26,415 26,275

Population density (thousands of people per square mile) 3.52 3.44 3.69 3.99 4.25 4.49 4.65 4.84

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,966 65,925 65,874 65,783 65,629 65,384 65,034

Total water withdrawals for urban residential consumers (af/yr) 17,145 18,942 20,585 23,002 25,369 27,563 29,409 31,561

Total water withdrawals for agiculture and urban (af/yr) 83,153 84,908 86,509 88,875 91,152 93,192 94,793 96,596

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 13.53 19.75 28.15 33.86 42.78 56.37 72.34

Year

2 inch precipitation increase (W1)

4 inch precipitation increase (W2)

Total area of UGB (acres) 61,521 61,602 61,687 61,807 62,059 62,796 63,533 64,501

Total area of private developed land inside UGB (acres) 39,062 39,115 39,172 39,249 39,387 39,685 40,128 40,734

Total area of private forest land (acres) 63,731 63,723 63,715 63,706 63,694 63,677 63,653 63,624

Total area of private agricultural land (acres) 121,427 121,395 121,360 121,318 121,239 121,079 120,796 120,347

Total area of private irrigated agricultural land (acres) 26,664 26,651 26,637 26,620 26,589 26,536 26,451 26,329

Population density (thousands of people per square mile) 3.52 3.44 3.69 3.99 4.25 4.50 4.66 4.85

Total water withdrawals for agricultural irrigation (af/yr) 66,007 65,973 65,939 65,897 65,819 65,686 65,474 65,168

Total water withdrawals for urban residential consumers (af/yr) 16,675 18,423 20,020 22,370 24,672 26,806 28,600 30,691

Total water withdrawals for agiculture and urban (af/yr) 82,682 84,395 85,959 88,267 90,491 92,492 94,074 95,860

Standard deviation of total water withdrawals for agriculture and urban (af/yr) 0 13.46 18.83 25.42 31.85 37.83 51.92 72.86

Notes: Unless otherwise noted, the values the above represent the mean value value derived by averaging across 100 model simulations.

6 inch precipitation increase (W3)
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