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Private forest landowners can adapt to climate change by altering their timing and 

intensity of harvests, by changing thinning or fertilizing activities, and by altering the tree 

species growing on their land. The well-being of humans is closely tied to the ecosystem services 

that forests provide as both market and non-market goods and services, including timber, 

recreation and tourism, carbon sequestration, wildlife species habitat, erosion control, and water 

purification. Adaptation by forest landowners to climate change can result in changes in a 

number of ecosystem service provisions. For example, a change in tree species composition and 

age class structure of forests could lead to degradation and loss of habitat for existing wildlife 

species; switching to different tree species could change the carbon sequestration rates; and 

market timber prices could adjust as a dominant tree species is replaced by other species and its 

market supply declines.    

There are many who advocate for a policy intervention in forestry in response to climate 

change, as forests mitigate greenhouse gas emissions as a major carbon sink. The climate 

mitigation policy of carbon pricing uses a forest’s capacity as a carbon sink to help internalize 

the negative externalities resulting from climate change. Since different tree species sequester 



 

 

different amounts of carbon at different rates, carbon prices alter incentives for private forest 

management, potentially resulting in either accelerating adaptation or pushing back. Despite the 

potential consequences of adaptation behaviors on ecosystem services, there has been little 

empirical analysis on how climate change and mitigation policy can affect adaptation behavior. 

Examining how mitigation policies affect adaptation behavior has important policy implications 

when the mitigation policy has the potential to create other externalities such as endangering 

existing wildlife species whose habitat may be altered by changes in forest management resulting 

from both climate change and mitigation policy.  

My dissertation conducts an empirical micro-econometric analysis of private landowners’ 

forest management decisions under climate change in California, Oregon, and Washington. The 

study area consists of diverse climate conditions and some of the most productive forests in the 

world. I address the following primary research questions: (1) How will the forested landscape 

evolve over time as humans adapt to a changing climate?; (2) How will climate mitigation policy 

affect adaptation behaviors?; (3) What is the impact of adaptation on existing wildlife species 

habitat?; and (4) What is the impact of adaptation on natural disturbances such as fire? Chapter 2 

provides the conceptual framework for my approach with an emphasis on commonly used forest 

management practices, followed by an empirical econometric approach grounded in natural 

resource economic theory regarding forest management. In Chapter 3, I estimate a nested-logit 

econometric model for forest management practices while accounting for the simultaneous 

nature of harvest and replanting decisions, as well as the impact of natural disturbance 

occurrence on management decisions. In Chapter 4, the estimated discrete-choice econometric 

model is used as the basis for a dynamic simulation of the time-path of landscape change under 



 

 

both climate change and carbon price scenarios. In the western portion of the Pacific Northwest, 

I find that landowners shift out of their current dominant tree species choice of Douglas-fir to 

other tree species more suitable for the future climate, notably hardwood and ponderosa pine.   

For example, climate change discourages a harvested plot being replanted with Douglas-fir in 

western Oregon and Washington by 20-65 percentage points relative to a no-climate-change 

baseline, resulting in the landscape shifting away from the current Douglas-fir forests towards 

other forest types. My results also indicate that the discrete effect of climate change on the 

probability of that the stock of forest types changes is 6 percentage points for current Douglas-fir 

forests in western Oregon, which indicates that the climate path in the next 90 years will add 6 

percentage points to the probability of the current Douglas-fir forests switching to different forest 

types. The discrete effect on the current stock of hardwood forestland is to reduce the probability 

of switching out of hardwoods by 13 percentage points.   

The results also imply that a carbon price policy would further accelerate such adaptation 

behaviors, where carbon pricing has a larger effect on the adaptation away from Douglas-fir than 

the effects of climate change. For example, the discrete effect of carbon pricing on the 

probability of switching the current Douglas-fir forest to other forest types is an additional 10 

percentage points. The effect of a carbon price on landscape change could necessitate an 

additional policy intervention to counteract the impact on wildlife species from the landscape’s 

more rapidly changing habitat. Chapter 6 discusses the impact on wildlife species that have been 

listed as concerned species by state agencies, with a particular focus on seven “habitat 

specialists” who have narrow habitat preferences associated with particular forest types. I present 



 

 

changes in their habitat across ecoregions
1
, as well as across the entire habitat range and by 

states. The direction and magnitude of change vary considerably across regions. The effect of 

climate change shows that some species gain from climate change (e.g., ringtail), while many 

others lose. The direction and degree of impact of climate change also vary considerably across 

regions. The carbon price intensifies the change by inducing additional habitat change through 

forest management. In Chapter 7, I focus on the effects of climate adaptation on natural 

disturbance with a distinction between the impact of climate change and the impact of the carbon 

price scheme. My finding illustrates the mechanism as to why natural disturbance increases in 

some regions while decreasing in others. I also discuss how the burn severity of wildfires can 

increase under climate change. 

My empirical approach combines fine-scale econometric and simulation methods that use 

recently observed forest management behaviors to estimate a model that serves as the basis for 

projecting changes in forest management. My framework is developed to reflect forest 

landowners’ decision-making as observed in recent years. The econometric estimation accounts 

for the simultaneous nature of various forest management choices and different channels with 

which climate affects the forest landscape both directly through changes in growing conditions 

and indirectly through deliberate modifications of forests. The simulation framework treats 

natural disturbance events as endogenous as landowners’ harvest and replanting decisions affect 

disturbance outcomes, and the possibility of natural disturbance affects management. The 

simulation tracks forest attributes such as stand volume and incremental growth, depending on 

the landowners’ decisions as to the timing and intensity of harvest, as well as replanting choice. 

                                                 
1
 Ecoregions are areas where ecosystems are generally similar. For more details, refer to https://www.epa.gov/eco-

research/ecoregions. Figure E1 in Appendix E shows ecoregions. 

https://www.epa.gov/eco-research/ecoregions
https://www.epa.gov/eco-research/ecoregions


 

 

The simulated growth of the forest stock is a key determinant that affects the landowner’s 

decision as the simulation progresses through time. Another novel feature of the simulation is 

that it allows me to model different policy scenarios because management decisions are explicit 

functions of forest rents. This allows me to differentiate landscape outcomes into separate 

components, such as the impact of climate change and the impact from carbon price policy. 

Private forestland today is formed by deliberate landowners’ decisions in addition to natural 

processes that affect tree species. Management decisions are affected by site conditions, climate, 

market conditions, and policy factors. My simulation approach contributes by incorporating 

interactions between these intertwining factors in a manner that enhances understanding about 

the impact of climate change on forested landscapes. By providing the time paths of landscape 

change with a focus on the policy of carbon pricing (Chapter 5), wildlife species conservation 

(Chapter 6), or natural disturbance occurrence (Chapter 7), my dissertation will offer 

foundational information to policy makers and natural resource managers about the state of 

forest landscape change under climate change and climate mitigation policy.         

In a broad sense, this dissertation uses empirically-driven models to highlight the 

interplay between climate change, landowner adaptation, carbon prices, natural disturbance, and 

the spatially heterogeneous biophysical/climate conditions in the study area. Although previous 

studies have examined each component separately, the role of adaptation behavior as the 

intermediate link that connects climate change and landscape change needs more attention in the 

literature. The methodology developed in this dissertation could also apply to other economic 

analyses of policy outcomes at the intersection of land use, land-use change, ecosystem services, 

climate change, and human well-being to help us better understand the feedback between human 



 

 

behavior, the environment, and long-term sustainability of natural resources. This dissertation 

research contributes by improving our understanding of the consequences of climate change and 

climate policies on adaptation behavior in a manner that provides a foundation for improved 

policy design that balances the needs of people and environmental values.   
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1 INTRODUCTION 

The effect of climate change on natural resources critically depends on how resource 

owners adapt their management to both changes in climate and changes in climate mitigation 

policies. In the case of forests, private owners of forestland can adapt to climate change by 

altering their timing and intensity of harvests, and by altering their planted tree species to better 

suit the changing climate (Guo and Costello, 2013). They may conduct more aggressive thinning 

or fertilizing activities (Alig, 2010), convert to uneven-aged forests, or convert to other land-use 

types. Forestland owners are likely to adapt to the climate mitigation policy of carbon pricing by 

altering their harvest timing and by planting tree species that are more likely to sequester carbon 

at a higher rate (Ekholm, 2016).  

The well-being of humans is closely tied to the natural ecosystem services that arise as 

both market and non-market goods and services. Redistributions of species, for example, are 

likely to drive major changes in the supply of good and other products (Pecl et al., 2017). In 

European forests, for example, it is estimated that an average of 34% of forestlands, currently 

covered with valuable timber trees such as Norway spruce, will be suitable only for 

Mediterranean oak forest vegetation by 2100, resulting in much lower economic returns for 

forest owners and the timber industry (Hanewinkel et al., 2012). In addition to the direct effect of 

climate change on the forests’ growing conditions, adaptation by forestland owners to both 

climate change and climate mitigation policy – an indirect impact of climate change – can result 

in multiple consequences for the many ecosystem services provided by forests. First, changes in 

forest management alter the tree species composition (e.g., softwood to hardwood) and age class 

structure of forests and can, therefore, reduce or degrade habitat for the many threatened wildlife 

species who are habitat specialists. Habitat loss and degradation (including through changes in 
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forest practices) have long been implicated as the primary driver of biodiversity loss (Wilcove et 

al., 1998). As an example from our study region, the State of Oregon’s Conservation Strategy 

(Oregon Department of Fish and Wildlife, 2016) emphasizes conserving specific habitat types 

within broader land uses like a forest. Since many of Oregon’s forest wildlife species of 

conservation concern are specialized to ponderosa pine forests
2
, oak woodlands

3
 and late-

successional conifer forests
4
, then conversion of land from one specific forest type to an 

alternative forest type results in degradation and loss of habitat for those habitat specialists. 

Biologists have raised particular concerns about climate change impacts on biodiversity through 

the pathway of habitat loss and degradation for habitat specialists (Preston et al., 2008). Second, 

it is widely acknowledged that changes in forest management can have large effects on carbon 

sequestration rates from forests (Alvarez et al., 2014; Kline et al., 2016). And finally, market 

equilibrium quantities and prices of timber will be affected by landscape change if, for example, 

adaptation generates a shift from a prominent commercial species (e.g., Douglas-fir on the U.S. 

west coast) to other commercially valued species. Despite many consequences of adaptation 

within forestry, there has been little empirical analysis examining how climate change and 

climate mitigation policy can affect adaptation behavior both independently and jointly, and 

there is minimal research documenting the possibility that the accumulation of landowner 

adaptations can create additional externalities on market and non-market ecosystem service 

provision. 

This dissertation empirically examines adaptation to climate change by private forestland 

owners on the Pacific coast of the United States. Private forest owners are widely acknowledged 

                                                 
2
 Examples are the flammulgated owl, Lewis’ woodpecker and several bats (ODFW 2016). 

3
 Examples are the Columbian white-tailed deer, chipping sparrow, and white breasted nuthatch (ODFW 2016). 

4
 Examples are ringtail, fisher, American marten, red tree vole, marbled murrelet, northern spotted owl, Oregon 

slender salamander, among others (ODFW 2016). 
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to perform an important role in providing ecosystem services for the region.
5
 I use the rich plot-

level data from the USDA Forest Service Forest Inventory and Analysis (FIA) Project to 

empirically link recent observations of forest management choices with the current climate and 

projection of the expected future climate
6
. I focus on the management choices of harvest timing 

and intensity, and the choice of tree species to replant after harvest. The study area has a 

substantial portion of its landscape dedicated to commercial forest production, including some of 

the most productive forests in the world
7
, though its lands are becoming more susceptible to 

natural disturbance.
8
 Climate change not only alters whether natural disturbance occurs (e.g., 

wildfire happens or not) but also the severity of disturbance events.
9
 My approach uses variation 

in both climate and timber management choices and is based on the premise that a landowner 

will optimally adapt to their given climate through a selection of harvest and replanting 

strategies. I estimate a plot-level discrete-choice econometric model of management choices as a 

function of timber prices, yields, site productivity, and measures of climate that correspond to the 

plot. The discrete-choice econometric framework adopts a nesting structure that accounts for the 

simultaneous nature of harvest and replanting choices, as well as natural disturbance events. The 

                                                 
5
 For example, the State of Oregon has designated Conservation Opportunity Areas to indicate places where broad 

conservation goals would best be met, and these areas include significant amounts of private forest 

(http://www.oregonconservationstrategy.org; accessed 9/19/2016).   More specifically, Coho salmon are a listed 

species under the Endangered Species Act, and most of their current and potential habitat is impacted by 

management choices on private forestland (Oregon Department of Fish and Wildlife, 2007). 
6
 I use the term “plots” in the dissertation, but they are actually condition classes of homogeneous vegetation 

conditions as defined in the FIA. Condition classes are assigned to each condition on a plot according to the status, 

owner group, forest type, stand-size class, regeneration status, and stand density.  
7
 30%, 44%, and 45% of non-federal rural land are forest land in CA, OR, and WA, respectively (Source: National 

Resource Inventory 2010). 
8
 For example, from 10-year period of 1984-1994 to more recent period of 2041-2014, acres burned more than 

doubled in the three states (see Figure 2.5 for annual change in historical burned acres). Previous studies conclude 

that by the 2080s, the median annual area burned in the Northwest would quadruple relative to the 1916-2007 period 

to 2 million acres under the A1B climate scenario (Littell et al., 2010). 
9
 Burn severity fluctuates from year to year (see Figure 2.6), however, overall trend is an increase in more severe 

wildfires. For example, share of high burn severity (greater than 75% mortality) and moderate burn severity (greater 

than 25%) increased from 35% to 44% and from 28% to 36% in CA and WA, respectively, from the 10-year period 

of 1984-1994 to the period 2004-2014 (source: Monitoring Trends in Burn Severity).  The share decreased from 

28% to 24% in Oregon.    

http://www.oregonconservationstrategy.org/
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probability of wildfire severity is also estimated with empirical burn severity data at the plot 

level. The analysis provides an empirical structure that directly accounts for the way in which 

optimal replanting choices and risk of disturbance affect the value of forestland in a Faustmann 

framework (Faustmann, 1849).     

The estimated econometric model is used in a dynamic simulation of the time-path of 

landscape change under both climate change and climate policy scenarios (Figure 1.1). Since 

forest replanting only occurs upon harvest, the simulation generates the share of forestland 

harvested and subsequently replanted in repeated 10-year intervals. For example, I simulate 

harvest and replanting in the 2020’s as a function of climate and other economic factors for that 

period, then similarly for the 2030’s, 2040’s, etc. As climate conditions change, the model 

reflects changes in climate variables and choice sets of tree species types that are suited to each 

plot under the scenario. To reflect the renewable characteristics of forest resources, growth in 

timber volume is accounted for with empirically-estimated yield curves. Climate change alters 

the probability of natural disturbance events, as well as the severity of each occurrence. To 

account for climate-induced changes in severity, I further grouped natural disturbance events into 

three major categories of wildfire, disease, and insect damage, and the probabilities of burn 

severity for the wildfire are updated at each time step based on the empirical burn severity 

model. Depending on the outcome and severity, stand volume and age are updated, as described 

in detail in the following section. The severity of wildfire also affects whether the landowner 

decides to replant or not. For example, in a high burn severity case, where more than 75% of 

overstory trees die, he is assumed to replant. Furthermore, since these natural disturbance events 

affect the forest volume and ultimately the land value of the forest, they influence the harvest 

decisions in the next time step. I also simulate a carbon price scenario that pays directly for 
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carbon sequestration on a timber plot. Since different tree species sequester different rates of 

carbon, a carbon price policy directly affects forest management by altering the net economic 

returns to decisions regarding harvest timing and replanting. The empirically-driven simulations 

generate landscape-scale outcomes that represent the fundamental economic decision rules 

inherent in private timber management. I focus in particular on how the landscape’s composition 

of tree species will be affected by both climate change and climate policy, as the composition of 

tree species affects both timber supply and non-market ecosystem services such as wildlife 

habitat. 

Figure 1.1: Overview of empirical methodology 

 

I use my simulation results to answer two questions with policy relevance: (1) How does 

wildlife species’ habitat change as a result of adaptation behaviors and how does a carbon price 

further affect habitat changes within forestry?; and (2) How does landscape change affect natural 

disturbances such as forest fire? The discussion for these two applications will follow the 
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presentation of my main simulation results (Chapter 5) in two separate chapters, Chapter 6 

(Impact on Wildlife Species Habitat) and Chapter 7 (Impact on Natural Disturbance).        

My analysis contributes to at least five sets of relevant literature on climate change and 

land-use modeling. First, my explicit modeling of how human adaptation to climate change 

affects landscape structure is in sharp contrast to the voluminous natural science literature on 

climate and natural resources, which largely ignores human management. Understanding the 

speed of climate change impacts on a forest landscape requires a representation of four key 

mechanisms, including: i) the timing of timber rotation decisions as a function of the current 

state of the forest (i.e., age, existing tree species, etc.), ii) the intensity of harvest (i.e., clear-

cutting, partial cutting that leaves some standing trees, etc.), iii) the tree species with which to 

replant upon harvest, and iv) the risk of natural disturbance facing stands of growing trees.  

Many natural scientists use empirical approaches to show how different tree types are linked to 

climate and how these tree types may respond to changes in climate (Coops and Waring, 2011; 

Hanewinkel et al., 2012; Iverson and McKenzie, 2013; Prasad et al., 2013; Rehfeldt et al., 2014). 

Importantly, this literature does not explicitly consider how tree species will move across the 

landscape, nor does it consider how human management may facilitate movement. Moving from 

the current forest landscape to a new forest landscape in, say, 2100 occurs with gradual dynamic 

adjustments resulting from the above four mechanisms of harvest timing, harvest intensity, 

replanting, and natural disturbance. Thus, a major gap in the literature on climate change and 

natural resources is in understanding the time path of how a landscape can change when it is 

comprised of many individual landowners responding to climate change, market conditions and 

climate policy. 
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Past work in economics has shown that economic profitability has a strong influence on 

how managers have altered tree species in vast swaths of forest in the U.S. southeast (Alig and 

Butler, 2004; Sohngen and Brown, 2006). Natural scientists also emphasize that a key pathway 

for climate change to impact wildlife and ecosystem services is through changes in land cover 

and habitat (Lawler et al., 2014; McGuire et al., 2016; Settele et al., 2015), and so developing an 

understanding of forest management decisions under both climate change and climate policy is 

essential for better understanding the impacts of climate change on ecosystem services.  

Second, my empirical analysis of forestland owners’ adaptation to climate change 

contributes to the integrated assessment model literature that links climate and economic models 

(Hanewinkel et al., 2012; Joyce et al., 2014; Sohngen and Mendelsohn, 1998; Tian et al., 2016). 

McCarl et al. (2000) also used a dynamic model of the US forest sector (FASOM) to investigate 

the potential economic impacts within the forest sector due to alterations in forest growth arising 

from climate change (McCarl et al., 2000). Large-scale integrated assessment models have 

greatly advanced our understanding of how climate change – and carbon pricing – can affect 

timber prices, forest investments, and the distribution of forests. However, this literature assumes 

adaptation behavior in contrast to my approach of empirically estimating adaptation behavior. In 

that respect, my analysis shares similarities with the literature on agriculture and climate change 

that have empirically studied adaptation implicitly through the effects of climate change on land 

prices (Deschênes and Greenstone, 2007; Mendelsohn et al., 1994; Schlenker et al., 2006), and 

explicitly by econometrically modeling the choice of crops to plant as a function of climate (Seo 

and Mendelsohn, 2008). No similar econometric studies of adaptation exist for forestland, 

though Guo and Costello (2013) and Hannah et al. (2011) use numerical dynamic programming 

techniques to examine the value of adaptation and how climate change can optimally affect 



8 

 

 

forest structure in California. My approach is inspired by the theoretical framework advanced by 

Guo and Costello (2013), and I contribute to this earlier work by econometrically estimating 

adaptation behavior with the attendant strength of basing a land-use model off revealed rather 

than assumed decisions (Stavins, 1999). By using revealed behavior, I implicitly accommodate 

landowner unobservables and heterogeneity in objectives across ownership types (e.g., profit 

maximizing timber firms vs. utility maximizing non-industrial forest owners). 

Third, my integration of an econometric model of forest management with a landscape 

simulation model contributes to a similar set of analyses that study changes in broad land uses 

(e.g., agriculture to forest; development of forest into urban; etc.) by explicitly modeling land-

use decisions within forestry, rather than treating forest as simply a composite land-use category.  

Econometric land-use models integrated with landscape simulations have studied, for example, 

broad land use changes in response to carbon payments (Lubowski et al., 2006), how 

conservation payments may affect the spatial structure of broad land-use categories (Lewis and 

Plantinga, 2007), how urban development will respond to changes in local regulatory policies 

(Dempsey and Plantinga, 2013; Newburn and Berck, 2006), and how broad land-use changes can 

affect ecosystem service provision (Lawler et al., 2014). Past econometric land-use models have 

largely not incorporated climate change
10

 and have failed to adequately analyze changes within 

broad land-use types such as forestry. 

Fourth, my explicit empirical modeling of both harvest and replanting decisions within 

forestry expands upon previous studies of the effects of carbon payments on land-use. Previous 

studies within forestry focused on the effect of carbon prices on harvest decisions, as carbon 

prices alter the trade-offs facing forest owners when they make their harvest decisions (Ekholm, 

                                                 
10

 Haim et al., (2011)  is an exception. 
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2016; Guthrie and Kumareswaran, 2008; Latta et al., 2016; Susaeta et al., 2014; van Kooten et 

al., 1995). In contrast, this study explicitly incorporates carbon prices as a factor that also affects 

the tree species replanting choice by differentiating the volume of carbon uptake by each species. 

Previous land-use change studies focused on how carbon payments would affect the total amount 

of the landscape in forest (Lubowski et al. 2006), rather than the tree species composition of the 

landscape.   

Lastly, my analysis contributes to incorporating human dimensions into the analysis of 

natural resource management. For example, one application of my results presented in this 

dissertation examines wildlife species habitat; it illustrates how landowner-driven changes in 

forest composition affect the existing wildlife species that depend on specific forest types. 

Previous literature on climate change and wildlife species uses biophysical simulation models 

(Kline et al., 2016; Preston et al., 2008), considers forest as a composite land-use category 

(Lawler et al., 2009, 2014), or applies to a different country (Ay et al., 2014). My framework 

links climate, private land use decisions, and species habitat with a particular focus on changes 

within the forest. The framework is applied to analyzing the seven selected species that are 

considered to be threatened by state agencies.
11

 As climate change intensifies, reconciling the 

private landowner’s needs with biodiversity conservation will be one of our greatest challenges. 

The results in this dissertation provide useful tools for decision support in this context.  

Primary outputs of this study include the estimated probability of forest types switching, 

the simulated landscape realization of forest composition, changes in wildlife species’ suitable 

forest types, and changes in natural disturbance outcomes in response to a time path of climate 

change and carbon pricing. Each output will be useful for policy analysis in understanding not 

                                                 
11

 I plan to expand the list to include a total of 167 species. 
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only the impact of climate change on forestland and ecosystem services but also the impact of a 

carbon pricing scheme on wildlife species conservation and natural disturbance events.        
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2 ECONOMETRIC FRAMEWORK 

2.1 Aspects of the forest management problem 

Private forest landowners periodically harvest their timber at variable rotation lengths 

(e.g., 30-80 years). Since forest management decisions involve long-term, quasi-irreversible, and 

capital-intensive decisions, they are quite different from an annual crop-choice decision in 

agriculture. The forest management decision may involve option values (Insley, 2002; Plantinga, 

1998; Schatzki, 2003) that induce a decision-making inertia which reflects uncertainty associated 

with the random path of future prices and climate. Replanting new trees follows clear-cutting 

events as required by law in many U.S. states
12

, which leads to a unique simultaneous decision-

making structure and resulting landscape changes that reflect this “stickiness.”   

I exploit observable spatial variation in both climate and recent forest management 

decisions as the basis for the empirical model. Figure 2.1 illustrates a basic empirical link 

between climate on the U.S. west coast and the existing tree species on the landscape, as some 

species dominate warm climates (hardwoods
13

), others dominate dry environments (e.g., 

Ponderosa pine), and yet others dominate wet climates (e.g., Sitka spruce). The data in Figure 2.1 

comes from linking observable locations of existing forest plots in the FIA data to long-run 

climate averages at that plot. However, because forests are stocks, the existing forest represents a 

                                                 
12

 California, Oregon, and Washington all require forest owners to initiate replanting/regenerating following clear-

cutting harvest events within a certain period.  Please refer to the Oregon Forest Practices Act 

(https://www.oregon.gov/ODF/Working/Pages/FPA.aspx), California Forest Practice Act 

(http://calfire.ca.gov/resource_mgt/resource_mgt_forestpractice), and Washington Forest Practice Rule 

(http://apps.leg.wa.gov/wac/default.aspx?cite=222). Note that the California Forest Practice Act requires 

regeneration and Washington Forest Practice Rule requires reforestation, while Oregon Forest Practices Act requires 

replanting. I use the term “replanting” throughout the dissertation, however, they all represent the deliberate 

decisions of landowners, whether through actively choosing tree species to replant or passively letting the new trees 

to regenerate.    
13

 In California, major species in hardwood category include tanoak, California black oak, California laurel, canyon 

live oak, and pacific madrone. In Oregon, they include red alder, bigleaf maple, tanoak, and Oregon white oak. In 

Washington, they are red alder, bigleaf maple, and cottonwood.   
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culmination of a set of adaptations that have been occurring for decades – e.g., a 60-year-old 

Douglas-fir stand resulted from a landowner’s replanting choice 60 years ago. In contrast, my 

formal empirical model is not based on the existing forest stock, but rather on observed 

management choices during the period 2001 to 2014. Observing that in 2005 a landowner 

chooses to replant a timber stand with Ponderosa pine while another landowner chooses to 

replant a timber stand in a different climate with hardwoods reveals how the 2005 climate 

impacted a landowner’s management decisions in 2005. Moreover, since current replanting 

choices lead to future timber harvests several decades into the future, the forest landowner has 

the incentive to examine both the current climate as well as a measure of expected future climate 

several decades into the future. Therefore, I explore linking current forest management decisions 

with separate measures representing current climate and forecasts of future climate.  

A panel approach has been gaining popularity in recent econometric work on climate 

change (Burke and Emerick, 2016; Deschênes and Greenstone, 2007; Schlenker et al., 2006). 

However, similar to Albouy et al.’s (2016) analysis of climate and urban quality of life, I adopt a 

cross-sectional strategy that is more suitable for our forest management problem. Yearly changes 

in weather are unlikely to affect forest landowners’ decisions when the management decisions 

reflect expected outcomes over many decades. Further, low-frequency changes in climate are 

unlikely to inform our estimates since long-run climate changes have been minimal in recent 

years (Albouy et al., 2016). As a practical limitation, due to a methodological change in data 

collection, the FIA is only available since 2001. Therefore, a complete set of panel data does not 

exist.
14

  

                                                 
14

 FIA surveys a fraction of all plots (10%) every year.  Therefore, re-measurements occur every 10 years.  For those 

re-measured, dependent variables reflect data from both measurements over 10 year timeframe. However, a 
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Figure 2.1: Relationship between current distribution of tree species and climate 

 

 

 

 

 

 

 

 

 

 

 

Note: Values after each species name represent average temperature and total precipitation over the sampled plots during the growing 

season in the current climate. 

 

I begin by using the standard Faustmann rotation model to gain general insights about 

landowner decision making. The Faustmann rotation model of timber harvest forms the 

foundation for our empirical analysis and motivates inclusion of key variables in econometric 

estimation. Under the traditional Faustmann model (Conrad, 2010), a price-taking landowner 

selects the periodic rotation age T to maximize the net present value of their land. Guo and 

Costello (2013) extend the basic Faustmann setup by adding the potential to replant an 

alternative tree species upon harvest, which expands the set of control variables to include both 

rotation age and the tree species to replant. An important insight from Guo and Costello is that 

the landowner’s optimal choice of a rotation age is made jointly with their optimal choice of a 

tree species to replant. My econometric framework uses a discrete-choice econometric model to 

capture the discrete-choice nature of the Faustmann framework while jointly estimating the 

harvest decision with the replanting decision.  

                                                                                                                                                             
temporal variation in replanting choice (i.e., shift in species) is not taken into account since the data is not able to 

provide such information for all the plots.   
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2.2 Theoretical Foundations 

Consider a landowner of bare forestland who is choosing which tree species to plant. The 

landowner’s tree species problem is similar to the classical land-use problem first analyzed in 

Stavins and Jaffe (1990). The landowner’s discrete-choice problem is to choose tree species 𝑠 to 

maximize the value of their land, LV: 

 𝐿𝑉(𝑠, 𝑐) = 𝑚𝑎𝑥{𝑉(𝑠, 𝑐)}𝑠=1
𝑆                                                 (1) 

where S is the discrete number of different tree species that can physically grow on the 

land and 𝑉(𝑠, 𝑐) is the present value of the stream of rents derived from planting the land with 

species s and is conditional on climate conditions c. In a fully general model with multiple 

reversible conversions among tree species, the dynamic programming solution to (1) could be 

quite complex, and would yield both a set of optimal land-use choices along with a sequence of 

optimal land-use conversion times. Alternatively, much of the econometric land-use literature 

imposes static expectations in order to generate an empirically tractable model, whereby 

landowners do not account for future land-use conversion possibilities when choosing a land-use 

in any particular time (e.g., Lubowski et al. 2006; Lewis and Plantinga 2007).
15

 A simple land-

use decision-rule emerges from static expectations – convert a plot of land from use j to k when 

the net return from use k exceeds the net return from use j net of conversion costs (Plantinga, 

1996; Stavins and Jaffe, 1990). Under an assumption of static expectations, 𝑉(𝑠, 𝑐) is defined as 

the present value of the stream of timber harvest net returns from planting species s in perpetuity: 

𝑉(𝑠, 𝑐) = [𝑃𝑠𝑣𝑜𝑙(𝑇, 𝑠, 𝑐) − 𝐻](1 + 𝑒−𝑟𝑇 + 𝑒−2𝑟𝑇 +⋯) =
𝑃𝑠𝑣𝑜𝑙(𝑇,𝑠,𝑐)−𝐻

𝑒𝑟𝑇−1
                (2)                                           

                                                 
15

 See Lubowski (2002 sec. 2.2) for a particularly detailed exposition of the dynamic programming problem for the 

land-use decision under static expectations (Lubowski, 2002). 
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where 𝑃𝑠 is the unit price of the tree species, vol represents timber volume, H represents 

harvest costs, r is the discount rate, and T is the periodic (Faustmann) timber rotation time that 

maximizes 𝑉(𝑠, 𝑐). The Faustmann optimal rotation time T derived from a static expectations 

assumption in (2) is identical to the rotation time solved from the terminal condition of a 

dynamic programming problem when timber prices and growth are constant and there is no 

change in tree species s (Guo and Costello 2013). This representation of the problem does not 

preclude the landowner from switching tree species at some point in the future if price and /or 

climatic conditions change. Rather, a static expectations assumption implies that landowners 

simply do not account for the possibility of further switching the tree species at some future time 

when selecting the tree species to plant today.
16

  

To develop the landowner’s discrete-choice of whether or not to harvest their timber at a 

given time, consider the marginal decision of a landowner who has a stand of tree species s of 

age a, and is deciding whether to harvest their trees or wait and let them grow for another period.  

If they harvest their trees at age a, they receive a one-time net revenue payment of 𝑁𝑅(𝑎, 𝑠, 𝑐) =

𝑃𝑠𝑣𝑜𝑙(𝑎, 𝑠, 𝑐) − 𝐻. If they wait and let their trees grow by an amount equal to ∆𝑣𝑜𝑙(𝑎, 𝑠, 𝑐), then 

the one-time net revenue payment grows by ∆𝑁𝑅(𝑎, 𝑠, 𝑐) = 𝑃𝑆∆𝑣𝑜𝑙(𝑎, 𝑠, 𝑐), which is interpreted 

as the marginal benefit of waiting to cut in a future period. At the margin, Conrad (2010 sec. 4.3) 

shows that the profit-maximizing landowner harvests their timber when the marginal benefit of 

waiting is less than or equal to the marginal cost of waiting to cut:  

∆𝑁𝑅(𝑎, 𝑠, 𝑐) ≤ 𝑟 ∙ 𝑁𝑅(𝑎, 𝑠, 𝑐) + 𝑟 ∙ 𝐿𝑉(𝑠, 𝑐)                                           (3) 

where the marginal cost of waiting comprises the foregone interest payment from 

investing 𝑁𝑅(𝑎, 𝑠, 𝑐) at interest rate r, and the value of bare land optimized by selecting a species 

                                                 
16

 Section 2.3.3 assesses the validation of the static expectation assumption.   
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to replant, 𝐿𝑉(𝑠, 𝑐). Equations (1) and (3) describe conditions for optimal forest management 

choices, and so provide the conceptual basis for a discrete choice econometric model of choosing 

both the tree species s to replant conditional upon harvest (equation 1) and the choice of whether 

to harvest or not (equation 3). Econometric estimation of equations (1) and (3) must consider the 

two management decisions jointly rather than separately, as the optimization in equation (1) is 

embedded in the discrete-choice condition in equation (3). Further, the risk of natural 

disturbances such as fire suggests that the incremental growth of the stand achieved by waiting 

could be negative, and equal to −𝑣𝑜𝑙(𝑎, 𝑠, 𝑐) in the extreme event of complete stand removal. 

2.3 Nested logit model of forest management 

2.3.1 Econometric setup 

I integrate the basic setup above with a random utility interpretation of a Nested Logit 

model. As shown in Figure 2.2, I divide the landowner’s forest management choice set into 

mutually exclusive harvest groups 𝐵𝑘 (𝑘 = 1, … , 𝐾), each containing a post-harvest 

management/disturbance outcome j (𝑗 = 1,… . 𝐽𝑘). Harvest groups consist of clear-cutting a 

stand, partial-cutting a stand, or not cutting and letting the stand grow. Conditional on clear-

cutting, the post-harvest management outcome is choosing the tree species to replant.  

Conditional on partial-cutting, the post-harvest management outcome is choosing the tree species 

to leave and provide seeds for new growth. Conditional on not-cutting, the post-harvest outcome 

is a natural disturbance outcome where the growing stand is either disturbed (fire, pest, etc.) or 

not disturbed and grows to the next period.  
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Figure 2.2: Nested structure of harvest/replanting decisions 

 
Note: Replanting choices 1 through 6 correspond to Douglas-fir, fir/spruce/mountain hemlock, hemlock/sitka spruce, ponderosa pine, other 

softwood, and hardwood, respectively. 

Let landowner i's utility associated with forest management action j in time t equal: 

𝑈𝑖𝑗𝑡 = 𝑉𝑖𝑘𝑡
ℎ + 𝑉𝑖𝑗𝑡

𝑝ℎ + 𝜀𝑖𝑗𝑡                                                    (4) 

where 𝑉𝑖𝑗𝑡
𝑝ℎ

 is unique to post-harvest outcome j, and 𝑉𝑖𝑘𝑡
ℎ  is unique to harvest choice k and 

common to all post-harvest outcomes in 𝐵𝑘, including k. The term 𝜀𝑖𝑗𝑡 is observable to the 

landowner but not the econometrician, and is assumed to be distributed generalized extreme 

value. Following Train’s (2009) decomposition of a nested logit model into two separate logit 

models, we write the probability that landowner i chooses management action j in time t as: 

𝑃𝑟𝑜𝑏𝑖𝑗𝑡 = 𝑃𝑟𝑜𝑏𝑖𝑘𝑡 ∙ 𝑃𝑟𝑜𝑏𝑖𝑗𝑡|𝑘 =
exp(𝑉𝑖𝑘𝑡

ℎ +𝜆𝑘𝐼𝑖𝑘𝑡)

∑ exp(𝑉𝑖𝑘𝑡
ℎ +𝜆𝑘𝐼𝑖𝑘𝑡)

𝐾
𝑘=1

∙
exp(𝑉𝑖𝑗𝑡

𝑝ℎ
/𝜆𝑘)

∑ exp(𝑉
𝑖𝑗𝑡
𝑝ℎ

/𝜆𝑘)
𝐽
𝑗=1

                         (5) 

The term 𝐼𝑖𝑘𝑡 = 𝑙𝑛∑ exp(𝑉𝑖𝑗𝑡
𝑝ℎ/𝜆𝑘)

𝐽
𝑗=1  is known as an inclusive value for nest k, and  𝜆𝑘 

is a parameter to be estimated. The inclusive value for a nest captures the maximum expected 

utility from choosing amongst all alternatives within the nest (Hartman, 1988; Train, 2009).  
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To specify the empirical model, I begin with the lower nest describing the replanting 

choice conditional on the landowner having clear-cut or partial-cut their land. To specify 𝑉𝑖𝑗𝑡
𝑝ℎ

 for 

replanting, I must first recognize that I only observe regional average rental values of forestland 

associated with replanting each tree species rather than specific plot-level land values (Equation 

2). Therefore, I use the variation in climate within each region (details about regions in the next 

section) to infer the relationship between climate and replanting choice, using the revealed 

behaviors of replanting choice. I do this by including interaction terms between rent and climate 

variables in the replanting equation. From equation (1), the landowner aims to select the tree 

species that maximizes the value of their land (equation 2). I specify the nested logit model for 

this nest as: 

𝑉𝑖𝑗𝑡
𝑝ℎ = 𝛽0𝑗

𝑝ℎ + 𝛾𝑝ℎ𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡 + 𝛽1𝑗
𝑝ℎ𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡 ∙ 𝑐𝑖 + 𝛽2𝑗

𝑝ℎ𝑒𝑙𝑒𝑣𝑖                      (6) 

𝑓𝑜𝑟𝑝ℎ ∈ {𝑟𝑒𝑝𝑙𝑎𝑛𝑡|𝑐𝑙𝑒𝑎𝑟𝑐𝑢𝑡, 𝑛𝑎𝑡𝑢𝑟𝑎𝑙𝑙𝑦𝑟𝑒𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒|𝑝𝑎𝑟𝑡𝑖𝑎𝑙𝑐𝑢𝑡} 

 

where 𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡 is the time t average rent for species j in the region r that contains plot i; 

𝑐𝑖 is a vector of observable downscaled long-run climate variables for plot i; and 𝑒𝑙𝑒𝑣𝑖 is the 

elevation of plot i. Average forest rents 𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡  are an annualized measure of land value and 

are calculated for each species, site productivity class
17

, and region
18

, derived from solving for 

the optimal Faustmann rotation. The parameters for the interaction terms are specific to each 

replanting choice, thus providing us the relationship between climate and the value of forestland 

associated with each species replanted. Figure 2.3 graphically illustrates the intuition from this 

approach.  

                                                 
17

 The site productivity class ranges from 1 to 7, where 1 indicates the most productive plot. This is a classification 

of forest land in terms of inherent capacity to grow crops of industrial wood expressed in cubic feet/acre/year.  
18

 There are four sub-regions in Washington, five in Oregon, and nine in California, each corresponding to a price 

region for which state agencies report regional log prices.  
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Figure 2.3: Relationship between climate and value of forestland 

The horizontal axis represents a climate 

measure such as temperature. In Figure 2.3 

(A), climate is represented by a probability 

distribution, or the likelihood of each 

temperature to occur. Although plot i and 

plot j are located in the same region, they 

have different climates, where the 

temperature of plot j is higher than the 

temperature of plot i. Figure 2.3 (B) 

represents the relationship between the 

value of forestland and climate, with the 

vertical axis measuring the value of forest land. For simplicity, we only include two species, 

Douglas-fir and hardwood. If the landowner of plot i is revealed to choose Douglas-fir for 

replanting given their current climate while the landowner of plot j is revealed to choose 

hardwoods, the parameter for the climate-rent interaction term (𝛽1𝑗
𝑝ℎ

) would implicitly pick up 

the effect of local climate on the value of forestland, which is a deviation from the average effect 

of rent on replanting choice (𝛾𝑝ℎ). Thus if the climate distribution shifts from climate 1 to 

climate 2 in Figure 2.3, then my estimated model would predict an increase in probability that 

landowners will plant hardwoods at the expense of planting Douglas-fir. 
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Using the plot-level FIA data, I empirically fit a yield curve for each tree species and site 

productivity classes by region, which were used to compute the Faustmann optimal rotation 

lengths required for the calculation of forest rents 𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡.
19

 A forest owner can select a tree 

species to replant from the following six groups, which represent the predominant species in the 

study region: (1) Douglas-fir, (2) Fir/Spruce/Mountain hemlock, (3) Hemlock/Sitka spruce, (4) 

Ponderosa pine, (5) Other softwoods, and (6) Hardwoods. One of the alternative specific 

constants is set to zero for identification.   

I account for the risk of natural disturbance (e.g., fire, pests, etc.) in estimation through 

the “no-cut” nest, where landowners refrain from cutting their timber in exchange for letting the 

trees grow an additional period. By choosing not to cut, the landowner leaves the stand at risk to 

the binary outcomes of natural disturbance or no disturbance. The natural disturbance event is 

not a deliberate landowner choice as the replanting decision is, but is rather a random event that 

is influenced by landowner management and by Mother Nature. Since resource economic theory 

suggests that fire risk influences the landowner’s harvest decision (see Reed 1984; Amacher et 

al. 2009), I jointly estimate drivers of disturbance and harvest decisions by specifying the nested 

logit model for the lower “no cut” nest as a binary disturbance model: 

𝑉𝑖𝑗𝑡
𝑝ℎ = 𝛽0𝑗

𝑝ℎ + 𝛽1𝑗
𝑝ℎ𝑝𝑟𝑖𝑣𝑖 + 𝛽2𝑗

𝑝ℎ𝑒𝑙𝑒𝑣𝑖 +𝛽3𝑗
𝑝ℎ𝑠𝑝𝑒𝑐𝑖𝑒𝑠𝑖 + 𝛽4𝑗

𝑝ℎ𝑣𝑜𝑙𝑖𝑡 + 𝛽5𝑗
𝑝ℎ𝑐𝑖 + 𝛽6𝑗

𝑝ℎ𝑠𝑡𝑎𝑡𝑒𝑖 + 𝜀𝑖  (7) 

𝑓𝑜𝑟𝑝ℎ ∈ {𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒𝑒𝑣𝑒𝑛𝑡|𝑛𝑜𝑐𝑢𝑡} 

The independent variables that affect the probability of natural disturbance include a 

private ownership dummy (𝑝𝑟𝑖𝑣𝑖), elevation (𝑒𝑙𝑒𝑣𝑖), the current tree species (𝑠𝑝𝑒𝑐𝑖𝑒𝑠𝑖)
20

, the 

                                                 
19

 Please see Section 2.5.3 for more detailed explanation of how rents are constructed. 
20

 Current tree species are based on the forest types recorded in the FIA. They are calculated based on the tree 

species sampled on the condition and based on the live tree stocking value (basal area). 
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current timber volume (𝑣𝑜𝑙𝑖𝑡), a state dummy (𝑠𝑡𝑎𝑡𝑒𝑖), and a vector of climate variables (𝑐𝑖). 

Climate variables such as precipitation directly affect nature’s ability to suppress fires, while 

other climate variables such as minimum winter temperatures can affect the susceptibility of 

certain trees to damage. The parameters for the “no disturbance” outcome are normalized to zero, 

and so the lower nest is a binary model where disturbance is equal to one. 

Now consider the upper nest, whereby the forest landowner makes the harvest decision 

by choosing whether to clear-cut, partial-cut, or not cut their stand of trees. I specify the 

observable components specific to the clear-cut and partial-cut decision as: 

𝑉𝑖𝑘𝑡
ℎ = 𝛼0𝑘 + 𝛼1𝑘𝑃𝑖𝑗𝑡 ∙ 𝑣𝑜𝑙𝑖𝑘(𝑗)𝑡 + 𝜆𝑘𝐼𝑖𝑘𝑡                                            (8) 

𝑓𝑜𝑟ℎ ∈ {𝑐𝑙𝑒𝑎𝑟𝑐𝑢𝑡, 𝑝𝑎𝑟𝑡𝑖𝑎𝑙𝑐𝑢𝑡} 

Moreover, I specify the observable components specific to the decision not to cut and let 

the stand grow as: 

𝑉𝑖𝑘𝑡
ℎ = 𝛼1𝑘𝑃𝑖𝑗𝑡 ∙ Δ𝑣𝑜𝑙𝑖𝑘(𝑗)𝑡 + 𝜆𝑘𝐼𝑖𝑘𝑡                                            (9) 

𝑓𝑜𝑟ℎ ∈ {𝑛𝑜𝑐𝑢𝑡} 

In this specification, I use observable time t timber prices for tree species j from the 

region that contains plot i and multiplied by the observable species j timber volume for 

management choice k as a representation of the one-time revenue that the landowner would 

receive from picking harvest choice k. Note that since clear cutting necessarily entails harvesting 

more volume than partial cutting
21

, that the volume variable is indexed by management choice k.  

                                                 
21

 Partial cut volume is estimated by comparing the measured volumes in 10-year intervals for the re-measured plots 

that have a record of partial cut treatment in the most recent survey. For the other plots, I assigned the percentage of 

partial cut portion of total volume according to the available information such as the treatment code that 
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The inclusive value 𝐼𝑖𝑘𝑡 is specific to timber management choice k, and captures the maximum 

utility from choosing k. For the two harvest alternatives (clear-cut and partial-cut), 𝐼𝑖𝑘𝑡 

approximates the optimized land value associated with picking the tree species to replant (from a 

clear-cut) or leave standing for seeding (from a partial-cut). The 𝐼𝑖𝑘𝑡 term is therefore a direct 

measure of the solution to equation 1. The Faustmann model specifies that the benefit to the 

landowner from not cutting the stand is the change in revenue that could be received by allowing 

the stand to grow an additional period – or, ∆𝑁𝑅(𝑎, 𝑠, 𝑐) in equation 3. I use radial ten-year 

increment data on tree growth for each FIA plot to construct an approximation of plot-specific 

tree growth – Δ𝑣𝑜𝑙𝑖𝑘(𝑗)𝑡 – which when multiplied by 𝑃𝑖𝑗𝑡 provides us with a direct measure of the 

marginal benefit of waiting to cut.
22

 The inclusive value for the “no cut” nest implicitly accounts 

for the risk of disturbance on the harvest decision, although this inclusive value is harder to 

interpret than in the clear-cut and partial cut nests since the outcomes from choosing not to cut 

(natural disturbance or not) are not a direct choice by the landowner.
 23

 With the inclusive value 

from each nest, climate implicitly affects the harvest decision and so this empirical framework 

allows climate to affect adaptation on the extensive margin (choosing which tree species to plant) 

and on the intensive margin (altering the harvest time). The alternative specific constant of “no 

cut” is normalized to zero, which allows me to interpret the alternative specific constants on 

clear-cut and partial-cut as capturing average harvest costs.  

                                                                                                                                                             
distinguishes “less than 20%  removed” or “more than 20% removed”, as well as county average percentage across 

the re-measured partially-cut plots. 
22

 Section 2.5.2 has a detailed description of how tree growth is calculated for each plot. 
23

 The natural disturbance model estimates the statistical likelihood of getting naturally disturbed, given the physical 

plot conditions and recent history of disturbance. Therefore, the inclusive values from the disturbance nest may not 

be justified as the utility gained by optimally choosing the best alternative, nor satisfy the consistency condition for 

utility maximization (Herriges and Kling, 1996). To further examine the consequences of this model specification, I 

used a reduced-form specification for the “no-cut nest”, in which the disturbance equation (7) replaces the 

disturbance IV and its coefficient estimate. The signs in parameters are the same as in the original specification, and 

the magnitudes are similar, which suggests that the effects of the variables contained in the disturbance equation on 

the probability of forest management are not sensitive to explicitly modeling the probability of disturbance. Please 

see the discussion on the parameter estimates under the alternative specifications in Section 3.2. 
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The parameters defining the probabilities of harvest, disturbance, and replanting choices 

are simultaneously estimated with maximum likelihood techniques using original MATLAB 

code. The likelihood function is: 

𝐿𝐿(𝛼, 𝛽, 𝛾, 𝜆) = ∑ ∑ 𝑦𝑖𝑗 𝑙𝑛𝑃𝑟𝑜𝑏𝑖𝑗𝑡𝑗𝑖                                       (10) 

where 𝑦𝑖𝑗 equals one if landowner i chooses management j. I index some variables in the 

model with time t to represent that different plots are observed at different points in time, and so 

different plots have variables measured at different points in time. This is a pooled rather than a 

panel data model. Finally, I weight each plot’s likelihood by the expansion factor assigned in the 

FIA database, where the expansion factor represents the sampling intensity associated with the 

sample plots. 

2.3.2 Discussion of unobservable factors  

My parsimonious harvest equations are based on the Faustmann condition and allow me 

to connect theory with my empirical approach in an intuitive way. Unlike previous agricultural 

studies that have access to detailed production costs through agricultural census data, there is no 

empirical data on forest management costs. I initially considered including the estimated harvest 

costs, or stump-to-truck costs, simulated with the USDA Forest Service’s Fuel Reduction Cost 

Simulator (FRCS) and transportation costs. Harvest costs are the simulated logging costs for 

each plot condition such as slope, elevation, the number of trees, and average volume per tree. 

Transportation costs are expressed in fuel costs per one way trip to the closest mill from each 

plot. These cost variables, however, are not the actual costs incurred by the landowners, but 

merely the estimated costs based on the generic site conditions. Therefore, the inclusion of the 

costs could compromise the precision of estimates. Moreover, my preliminary parameter 

estimates of estimated cost variables showed no statistical significance. Since the alternative 
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specific constants capture the average difference in costs across the harvest options, I decided to 

exclude the Forest Service’s cost measures from my harvest equations.   

Lastly, I consider potential endogeneity issues that could cause parameter estimates to be 

inconsistent. Endogeneity problems arise if any unobservable variables are correlated with the 

included explanatory variables. In my econometric specification, a possible candidate for an 

endogenous unobservable factor is plot-specific levels of infrastructure; e.g. access to a forest 

road that would lower costs. If such unobservable plot conditions are correlated with any of the 

included explanatory variables, my estimates will be inconsistent. It is possible that access to a 

road, which is omitted from my model, is correlated with climate if road builders explicitly 

considered good timber-growing climate when making decisions. Another potential culprit for an 

omitted variable correlated with climate is ownership – private industrial owner or non-industrial 

private owner, which could affect the harvest and replanting decisions and potentially be 

correlated with climate if industrial landowners were more likely to take ownership of prime 

timber-growing conditions.  

To the best that I can, I tested if these omitted variables – access to road and ownership 

types – are correlated with the explanatory variables. Since detailed private owner types are not 

publicly available, I use a proxy to distinguish these different types of ownerships. Previous 

literature found the likelihood that forestlands are managed for commercial timber production is 

negatively correlated with population densities (Wear et al., 1999). Another study supports this 

conclusion that population growth and urban expansion are correlated with reduced forest 

management and investment on private forestlands in western Oregon (Kline et al., 2004). The 

data for population density, however, is available only at the county level. As a proxy for 

population density, I use a satellite image of night-time lights. A previous study found a strong 
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correlation between population density and night-time lights (Sutton, 1997). The data from the 

National Oceanic and Atmospheric Administration (NOAA) contains the lights from cities, 

towns, and other sites with persistent lighting, ranging from 1 to 63.   

I used the distance to road based on GIS analysis
24

 and the satellite image of night-time 

lights and examined if they show significant correlation with the climate variables. Table 2.1 

presents results from correlation analysis and shows that there appears to be no significant 

correlation between explanatory variables and either night-time lights nor distance to roads. This 

suggests that it is unlikely that the unobserved variables road density and ownership are unlikely 

to bias estimates for any climate parameters.         

Table 2.1: Correlation matrix of potential endogenous unobservable factors 

 

Night-time lights Temperature Precipitation Min temp Max temp 

Night-time lights 1 
    

Temperature 0.1547 1 
   

Precipitation -0.0769 -0.1685 1 

  
Min temp 0.1081 0.4944 0.4177 1 

 
Max temp -0.0061 0.5057 -0.2747 -0.018 1 

      

 

Distance to road Temperature Precipitation Min temp Max temp 

Distance to road 1 
    

Temperature 0.0194 1 
   

Precipitation -0.0305 -0.1685 1 
  

Min temp -0.0224 0.4944 0.4177 1 
 

Max temp 0.0336 0.5057 -0.2747 -0.018 1 

 

 

 

 

 

 

 

 

                                                 
24

 I used the USGS National Transportation Dataset that consists of roads, railroads, trails, airports, and other 

features associated with the transport of people or commerce (https://nationalmap.gov/transport.html). 
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Distance to 

road Elevation DF rent Fir rent Hem rent PP rent OS rent HW rent 

Distance to road 1 0.0658 -0.0778 -0.0874 -0.0472 -0.0901 -0.0682 -0.0665 

Elevation 0.0658 1 -0.5359 -0.3787 -0.4811 -0.4062 -0.3895 -0.5703 

DF rent -0.0778 -0.5359 1 0.8893 0.9077 0.829 0.4587 0.8014 

Fir rent -0.0874 -0.3787 0.8893 1 0.7187 0.7782 0.3188 0.5965 

Hem rent -0.0472 -0.4811 0.9077 0.7187 1 0.7048 0.3461 0.7643 

PP rent -0.0901 -0.4062 0.829 0.7782 0.7048 1 0.5435 0.4818 

OS rent -0.0682 -0.3895 0.4587 0.3188 0.3461 0.5435 1 0.3563 

HW rent -0.0665 -0.5703 0.8014 0.5965 0.7643 0.4818 0.3563 1 

 

 

Night-time 
lights Elevation DF rent Fir rent Hem rent PP rent OS rent HW rent 

Night-time lights 1 -0.1864 -0.0003 -0.0369 -0.0033 -0.0268 0.04 0.0849 

Elevation -0.1864 1 -0.5359 -0.3787 -0.4811 -0.4062 -0.3895 -0.5703 

DF rent -0.0003 -0.5359 1 0.8893 0.9077 0.829 0.4587 0.8014 

Fir rent -0.0369 -0.3787 0.8893 1 0.7187 0.7782 0.3188 0.5965 

Hem rent -0.0033 -0.4811 0.9077 0.7187 1 0.7048 0.3461 0.7643 

PP rent -0.0268 -0.4062 0.829 0.7782 0.7048 1 0.5435 0.4818 

OS rent 0.04 -0.3895 0.4587 0.3188 0.3461 0.5435 1 0.3563 

HW rent 0.0849 -0.5703 0.8014 0.5965 0.7643 0.4818 0.3563 1 

 

 

2.3.3 Simple assessment of static expectation assumption 

Each landowner is assumed to choose a tree species that gives him the greatest present 

value of an infinite stream of harvest revenues from planting a single species (equation 1). In 

calculating the present value of land under static expectations, he does not account for any future 

possibilities of switching to different species but rather calculates the value for each species as if 

the same species will be replanted infinitely. This does not preclude the possibility of switching, 

however, because he will revisit the problem at each time he harvests and choose the species of 

the highest value given the conditions (prices and climate) at that time. To validate this 

assumption of static expectations, I calculated the present values for 18 plots with which my 

simulation results show changes in replanting choice, assuming that the landowners both knew 

and accounted for the optimal time to switch into their current present value calculation. I call 

this the climate foresight assumption. For example, if my simulation results showed that a plot 
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switched from Douglas-fir to hardwood in 2090, the present value, in this case, accounts for a 

stream of timber harvest with Douglas-fir until 2090 and a stream of timber harvest with 

hardwood in perpetuity beyond 2090. If the static expectation assumption is reasonable, the 

present value calculated with climate foresight and the present value calculated with an 

assumption that the current tree species will be replanted in perpetuity (static expectations) will 

be close. Given the long time horizon of harvest rotations, the future harvest revenues with any 

new species, if switching occurs, will be heavily discounted when the switching happens in the 

distant future. Intuitively, the discounted stream of net returns from the new tree species would 

be too insignificant to alter the present value calculated with the current species only.  

Using the sample plots to test this hypothesis, the difference between the two sets of 

present values is 7.7% on average. The correlation coefficient of two present values is 0.995, 

which indicates that the variation in explanatory variables is fundamentally unaffected by 

imposing the static expectation assumption rather than a climate foresight assumption. Figure 2.4 

compares the two sets of present values, one with static expectation and another with climate 

foresight into switching species. 

Figure 2.4: Present value with static expectation and present value with switching 
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2.4 Modeling forest fire burn severity under climate change 

2.4.1 Motivation 

The uncertainty associated with climate change spans a wide range of outcomes, 

including changes in physiology, ecosystem functioning, hydrology, and fire regimes (Lawler et 

al., 2010). The intensity of fires depends on weather and climate, as well as the composition of 

forestland. Climate change directly affects the severity of each wildfire occurrence, but the 

landowners’ harvest and replanting choice can also impact burn severity via its effect on the state 

and composition of forestland. Broad heterogeneity among western forest landscapes in terms of 

the biophysical environment, past management, the human footprint, and the role of fire and 

future warming creates a significant potential heterogeneity (Schoennagel et al., 2017). A 

previous study concludes that anthropogenic climate change contributed to nearly doubling 

forest fire area during 1984 – 2015 compared to the fire area expected in the absence of climate 

change, and the trend is expected to continue in the future (Abatzoglou and Williams, 2016).  

Incorporating burn severity is essential to modeling the interaction between climate and 

human adaptation because of the endogeneity of disturbance. A wildfire that causes little damage 

and a wildfire that destroys the entire forest have different consequences on forest volume, 

growth parameters, and the age structure of the forest, which in turn affects landowner decision-

making differently. Although each of the modeled disturbance types – insect damage, disease, 

and wildfires – is expected to see changes in intensity, in this dissertation, I focus on forest fire 

burn severity to capture the effect of climate change on the relative size of disturbance. In 

addition to the endogenous relationship between burn severity and forest management decisions, 

another reason for modeling burn severity is the wide availability of empirical spatial burn 

severity data that is conducive to estimation. However, given the relative magnitude of areal 
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extent and the economic cost compared to other disturbances, it would be worthwhile to conduct 

similar severity estimation for insect damage and disease in future research.   

As shown in Figure 2.5, total acres burned in wildfires have increased since 1984. They 

doubled in the most recent decade compared to the 1980’s.  

Figure 2.5: Historical burned acres in three states 

 

Figure 2.6 shows a breakdown of each burn severity for California, Oregon, and 

Washington combined.
25

 While burn severity fluctuates considerably, the overall trend is an 

increasing prevalence of higher severity burns, particularly in California and Washington. 

                                                 
25

 The definition of each burn severity is the following: (1) Unburned to Low: Areas that are either unburned, or 

when visible fire effects occupy a small proportion of the site, on the order of less than 5 percent; (2) Low: Areas 

where more than a small proportion of the site burned. Collectively, all strata are slightly altered from the pre-fire 

state, but in ecosystems with most or all of the strata represented, some individual components may show 

pronounced burn effects.  Intermediate and large overstory trees may exhibit up to 25 percent mortality evidenced 

by crown char or scorch; (3) Moderate: conditions are transitional in magnitude and/or uniformity between the low 

and high characteristics described; and (4) High: Within substrates, litter is totally consumed; duff is typically nearly 
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Figure 2.6: Breakdown of burn severity 

The empirical burn severity data that I used for these figures is generated by the 

Monitoring Trends in Burn Severity (MTBS) database, which is a joint product of the Wildland 

Fire Leadership Council, U.S. Geological Survey, and the USDA Forest Service. It is the main 

data source for the burn severity estimation. I use the data for all the wildfires that occurred 

during 2001 – 2014, to be consistent with the FIA dataset that is used for estimation of the forest 

management model. Table 2.2 and Figure 2.7 show an overall breakdown of severity by each 

state and the spatial distribution, respectively.  

Table 2.2: Summary statistics of historical burn severity 2001-2014
26

 

State 
Unburned to 

Low 
Low Moderate High 

CA 19% 34% 26% 19% 

OR 20% 51% 20% 9% 

WA 18% 45% 23% 14% 

 

                                                                                                                                                             
entirely consumed. Medium and heavy woody debris are at least partially consumed and at least deeply charred with 

mostly ash and charcoal remaining. Overstory trees typically exhibit greater than 75 percent mortality. 
26

 Percentages do not add up to 100% as some of the burned acres exhibit “increased greenness,” which is not 

included in the summary. 
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Figure 2.7: Distribution of burn severity 2001-2014 

 

The majority of wildfires have resulted in unburned to low severity, while about a quarter 

in California and Washington and a fifth in Oregon fall in the moderate category. High burn 

severity occurs in about 20% of burned area in California and around 10% in Oregon and 

Washington. A notable finding in Figure 2.7 is that there have been very few wildfires in the 

west of the Cascades in Oregon and Washington. There is considerable heterogeneity in burn 

severity at a spatially fine scale. Using the MTBS historical burn data, I calculated acres burned 

for each severity, overlaid it on the locations of the FIA plots, and calculated the share of each 

severity class around each plot using the 2 km radius buffers. I selected a 2 km radius to 

Burn Severity

Unburned to low

Low

Moderate

High
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accommodate the “fuzziness” of the FIA plots, in which their coordinates were fuzzed within 1 

mile (1.6 km) of the exact plot location.
27

   

2.4.2 Econometric model of burn severity 

I estimate the severity of wildfire as an ordered logit model: 

𝑆𝑉𝑖 = 𝛽0 + 𝛽1𝑝𝑟𝑖𝑣𝑖 + 𝛽2𝑒𝑙𝑒𝑣𝑖 +𝛽3𝑠𝑝𝑒𝑐𝑖𝑒𝑠𝑖 + 𝛽4𝑣𝑜𝑙𝑖𝑡 + 𝛽5𝑐𝑖 + 𝛽6𝑠𝑡𝑎𝑡𝑒𝑖 + 𝜀𝑖  (11) 

 

where the dependent variable 𝑆𝑉𝑖 is the most dominant burn severity (1: unburned to low, 

2: low, 3: moderate, or 4: high) that has occurred in the last ten years within a 2km radius around 

each plot. It is a severity category that affected the highest share of land around each plot.
28

 The 

same independent variables used in the binary natural disturbance logit equation (7) are used in 

this ordered logit model. The parameters defining the probabilities of burn severity are estimated 

outside of the nested logit framework, as coupling an ordered logit model to the nested logit 

model is computationally challenging and brings up convergence concerns when estimating the 

nested logit model. Estimating burn severity parameters separately means that I am not letting 

the severity affect the land value, although I acknowledge that the reflection of severity on the 

land value would be ideal. Instead, I use the projected probabilities of severity in the simulation 

to adjust the stand volume, age, and incremental growth. The burn severity parameter estimation 

is conducted in STATA. Parameters to be estimated include all the independent variables in 

equation (11) and three additional parameters of “cut points”. In STATA, the probability of 

observing an outcome corresponds to the probability that the estimated linear function, plus error 

terms, is within the range of the cut points estimated for the outcome. Once I estimate the 

                                                 
27

 “Fuzzing” of plot location was implemented by FIA to comply with the Food Security Act of 1985 to ensure the 

privacy of private landowners.  
28

 As an alternative specification, I also conducted ordered logit estimation with expected severity as a dependent 

variable. The results show similar results for the coefficient estimates with statistical significance. They are available 

upon request. 
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parameter coefficients, I use MATLAB to calculate the logit probabilities of each severity 

category for each plot by drawing a random vector of estimated parameters (Krinsky and Robb, 

1986).
29

 The cut points are used to calculate the probability of each severity in the following 

way: 

𝑃𝑟𝑜𝑏(𝑆𝑉 = 1) = 𝑃𝑟𝑜𝑏(𝛽𝑥 + 𝜀 < 𝑐𝑢𝑡1) =
1

1 + exp(−𝑐𝑢𝑡1 + 𝛽𝑥)
 

𝑃𝑟𝑜𝑏(𝑆𝑉 = 2) = 𝑃𝑟𝑜𝑏(𝑐𝑢𝑡1 < 𝛽𝑥 + 𝜀 < 𝑐𝑢𝑡2) =
1

1+exp(−𝑐𝑢𝑡2+𝛽𝑥)
−

1

1+exp(−𝑐𝑢𝑡1+𝛽𝑥)
 (12) 

𝑃𝑟𝑜𝑏(𝑆𝑉 = 3) = 𝑃𝑟𝑜𝑏(𝑐𝑢𝑡2 < 𝛽𝑥 + 𝜀 < 𝑐𝑢𝑡3)

=
1

1 + exp(−𝑐𝑢𝑡3 + 𝛽𝑥)
−

1

1 + exp(−𝑐𝑢𝑡2 + 𝛽𝑥)
 

𝑃𝑟𝑜𝑏(𝑆𝑉 = 4) = 𝑃𝑟𝑜𝑏(𝑐𝑢𝑡3 < 𝛽𝑥 + 𝜀) = 1 −
1

1+exp(−𝑐𝑢𝑡3+𝛽𝑥)
  

These probabilities are recalculated in the simulation at each time step as I update the 

climate variables.  

2.5 Data 

2.5.1 Plot-level characteristics 

The sample used for econometric estimation includes 6,845 privately or state-owned 

forest plots that have been sampled in the USDA FIA.
30

 The study area of Oregon, Washington, 

and California has considerable climate variation and corresponding variation in tree species 

types (Figure 2.8). Douglas-fir dominates the northern part of the region west of the crest of the 

Cascade mountains; ponderosa pine is widely found in the drier region east of the major 

                                                 
29

 A simulated parameter vector is equal to 𝛽𝑠 = �̂� + 𝐶𝑋𝐾
′ ,where �̂� is the estimated parameter vector, C is the KxK 

Cholesky decomposition of the estimated variance-covariance matrix, and 𝑋𝐾 is a K-dimensional vector of draws 

from a standard normal distribution. 
30

 There are 1,049 state-owned plots in the sample, or 15% of total plots.  On state-owned forestlands, almost all 

timber sales are sold through a bidding process.  Dropping the state-owed plots reveals that the estimation results 

show little difference. Please see the parameter estimates under the alternative specifications in Table B1. 
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mountain ranges; hemlock and Sitka spruce are found primarily along the wetter coastal region; 

and hardwoods are widely found throughout the region. The range of Douglas-fir stretches from 

the moist coastal region to the drier eastern side of the Cascades. It's desirable wood 

characteristics helped its adaptation to the extensive range spanning extremes in winter 

temperature and summer precipitation (Watts et al., 2015). This distinct relationship of these six 

species types and climate is the main reason why I used them as separate groups for a 

replanting/regeneration choice. They also satisfy three characteristics required for a discrete 

choice framework: First, the alternatives must be mutually exclusive from the decision maker’s 

perspective. Second, they must be exhaustive. Third, the number of alternatives must be finite 

(Train, 2009).   

Figure 2.8: Current distribution of forest types on U.S. West Coast 

 

Douglas-fir

Fir/Spruce

Hemlock/Sitka Spruce

Ponderosa Pine

Other Softwood

Hardwood
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The FIA is the main data source for plot attributes and includes data captured by 

numerous field crews working under the supervision of the USDA Forest Service.
31

 Using a 

national standard for field measurements for a wide range of site attributes, the FIA has 

numerous advantages over other potential data sources. For example, the National Resources 

Inventory (NRI) lacks most of the site attributes included in the FIA and does not track harvest 

operations. Remote sensing data neither distinguishes different tree species nor detailed site 

characteristics. FIA covers extensive plot-level characteristics that are unique to forestry, such as 

bored radial increment, carbon content, disturbance damage level, etc., which are all essential in 

constructing my independent variables. The key dependent variables for econometric analysis 

include a qualitative indicator of harvest on an FIA plot (clear-cut, partial-cut, no cut), the forest 

type replanted upon harvest
32

, and the presence of a natural disturbance (e.g., fire, insect damage, 

etc.). The plot-level attributes used as independent variables are forest type, per-acre stand 

volume, per-acre incremental volume growth
33

, owner type, stand age, and elevation. Each FIA 

plot is designed to cover 1-acre and is randomly sampled. I assigned each plot to a specific price 

region for different species, as well as the stand-size that it produces.
34

 Therefore, timber prices 

that are used in harvest revenues are species, stand-size, and price region specific. I assume that 

the landowners use the current prices at the time of the harvest when they consider whether to 

harvest or not. For replanting choice, I assume that they use the average prices during 2001 – 

2015 for each tree species. Historical prices are drawn from records available at each of the three 

                                                 
31

 For general background on the FIA data, see http://www.fia.fs.fed.us/.  
32

 Forest type is based on the live tree stocking of tree species sampled on the plot, and derived using a computer 

algorithm by the FIA staff. There are 70 forest types defined in the regional FIA database; I grouped them into six 

major forest groups based on the characteristics with respect to climate.  
33

 More detailed explanation on how incremental volume growth is calculated follows below in the section. 
34

 Stand-size is determined by the predominant diameter class of live trees on the plot, and grouped into three size 

classes: large, medium, and small diameter classes. The stand-size is matched with the size quality when assigning 

the timber price. Since the quality/grade of timber is not available in FIA, I assumed that the stand-size is equivalent 

to the timber grade. 

http://www.fia.fs.fed.us/
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state-level agencies: California State Board of Equalization, Oregon Department of Forestry, and 

Washington State Department of Natural Resources. Since not all forest types can physically 

grow across the entire region, each plot is assigned a choice set. For each tree species category, a 

dummy variable is created and set to 1 if the species can grow on that plot. I used the “plant 

viability scores” developed by the USDA Forest Service that reflect the likelihood that the 

climate at a given location would be suitable for each species in each plot (Crookston et al., 

2010).
35

 Figure A1 show the spatial distribution of choice set for each species included in the 

model, both for current distribution that is used in the econometric estimation and for the future 

change in distribution that is used in the simulation.  

2.5.2 Incremental volume growth 

The incremental growth variables are used to calculate the benefit from waiting in 

econometric estimation for the harvest decision, Δ𝑣𝑜𝑙𝑖𝑘(𝑗)𝑡 in equation (9). They are also used to 

update the stand volume in the landscape simulation. The incremental growths are specific to 

tree species, age, site productivity class, and region. The following steps are used in calculating 

the incremental growth variables. 

1. Using the bored radial ten-year increment for a 10-year period, average diameter, and 

average height all recorded in the FIA, I estimate the per-tree average volume in 10 years 

from today, by applying the equations that translate increment length to volume measures 

specified in the USDA Forest Service’s report (Zhou and Hemstrom, 2010). The 

                                                 
35

 Viability score values near zero indicate a low suitability while those near 1.0 indicate a suitability so high that the 

species is nearly always present in that climate.  Although the score below 0.5 indicates little chance of survival, I 

use the score of 0.3 as a cut-off point whether the species is included in a choice set, to account for the error 

disclosed in Crookston et al. 
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estimated equations vary across species and regions. Expand the per-tree volume to per-

acre by multiplying with the number of trees per acre. 

2. Subtract the current volume recorded in the FIA from the estimated future volume, which 

gives me the estimated incremental volume growth per acre. 

3. Aggregate these volumes per species to each plot. 

4. For those plots that are missing ten-year increment length data from the FIA, I assign the 

growth according to the genetic growth data specific to age, species, and region based on 

Smith et al. (2006). I used the estimated incremental volume growth derived through the 

steps 1-4 for the unharvested plots. For the clear-cut plots, the incremental growths are 

derived from estimated growth curves that are fitted with the functional form: 

𝑉𝑜𝑙𝑢𝑚𝑒 = α{(1 − e^(−β ∗ (Age)))}^3     (13) 

which is known as a Von Bertalanffy growth equation (von Bertalanffy, 1938). The 

growth parameters α and β are species, site productivity class, and region specific. The fitted 

curves are also used to update the incremental growth rates for the unharvested plots as older 

stands have different growth rates, which also vary across species and regions.   

2.5.3 Rent 

The rent, which is specific to species in the region that contains plot, measures the 

annualized land value, 𝑟𝑒𝑛𝑡̅̅ ̅̅ ̅̅ 𝑟(𝑖)𝑗𝑡 in equation (6). It is used in the econometric estimation of 

replanting decisions.  The rent calculation works as the following: 

1. Using the FIA plot-level data of stand volume and age, I estimate the coefficients α and β 

that fit the data to a growth equation specified in (13): Volume = α(1 − exp(−β ∗

AGE))^3. This is done for each site productivity class, species type, and region (West 
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Washington, East Washington, West Oregon, East Oregon, West California, and East 

California). Figure 2.9 below is an example of yield curve for Douglas-fir in western 

Oregon for different site productivity classes. 

Figure 2.9: Example of Douglas-fir yield curve, west Oregon by site productivity class 

 

Note: WOR12_DF, WOR34_DF, and WOR567_DF each indicates Doug-fir in site productivity class 1 and 2, class 3 and 4, and class 5,6, 
and 7, respectively. 

 

2. Once I get the coefficient estimates, I solve for the optimal rotation T to maximize the 

present value of infinite stream of harvest revenue: 

𝑃𝑉 =
𝑃𝐹∗𝑄𝐹(𝑇)

exp(𝑟∗𝑇)−1
      (14) 

where 𝑃𝐹 is timber price,  𝑄𝐹(𝑇) is timber volume at time T, and r is assumed to be 5%.  

3. The optimal rotation T gives me the maximized present value, which is used to calculate 

annual rents, and specified as:  

𝑅𝑒𝑛𝑡 = 𝑟 ∗ 𝑃𝑉      (15) 

2.5.4 Climate variables 

The climate variables observable to the landowners are total precipitation and mean 

temperature during the growing season, the maximum temperature in the warmest month 
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(August), the minimum temperature in the coldest month (December). These variables have been 

found by natural scientists to be some of the most influential variables that affect the growth of 

trees (Rehfeldt et al., 2014). Plot-level climate data are based on normal monthly data from 

Parameter-elevation Regressions on Independent Slopes Model (PRISM) over a 30-year period 

between 1981 and 2010.
36

 Growing season months are those that have growing degree-days 

above 10 degrees Celsius (50F), which are determined at a regional level that represents varying 

climate zones.
37

 Some of the most significant extreme weather events for forest health are 

wildfire, frost, and drought. Frost and drought conditions will be captured by climate variables, 

the minimum temperature in the coldest month and total precipitation, respectively. Since current 

replanting decisions account for harvests many decades into the future, and since there has been 

wide publicity to the presence of climate change, I include an independent variable – expected 

temperature increase – which is the difference between the projected temperature according to 

the most pessimistic climate projection (RCP 8.5) and the current temperature. The climate 

projection that I use is of high spatial resolution (1 km) and easily available to the public
38

 either 

as a downloadable dataset or software that allows the landowner to choose exact coordinates of 

their forest. Given a rotation length typically practiced in the region, I define the expected 

temperature increase as that increase over the next 30 years.
39

 The estimated coefficients for this 

variable represent the effect of expected future temperature increases on the current replanting 

decisions. As I project the replanting decision forward under climate change, this variable is 

                                                 
36

 The PRISM data is developed by the PRISM Climate Group, Oregon State University and provided on an 800m 

grid.   
37

 Regional climate data is from National Oceanic and Atmospheric Administration (NOAA) National Climatic Data 

Center. 
38

 https://adaptwest.databasin.org/pages/adaptwest-climatena 
39

 I also estimated coefficients using the expected temperature increase over the next 70 years. Please see the 

sensitivity results in Table B1. I also discuss alternative specifications more in depth in Chapter 6. 
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updated at each step (i.e., the baseline for the landowners’ forming their expectations about the 

future climate will be based on the realized future climate at that point).  

Table 2.3 and 2.4 presents a summary statistics of the data. A few highlights are the 

following. First, 9.3% (9.7%) of forest plots were clear-cut (partial cut) over the ten-year sample 

period for each plot. Second, on a per-unit basis, Douglas-fir logs were the most commercially 

valuable tree species ($458.50/MBF) while hardwoods are the least valuable ($254.49/MBF). 

Third, Douglas-fir and hemlock/sitka spruce are more commonly harvested by clear-cut west of 

the region’s major mountain ranges, while ponderosa pine is more commonly harvested by 

partial-cut east of the major mountain ranges. Finally, fir/spruce forest types are most commonly 

found in the mountains at high elevation while hardwoods are most commonly found in the 

valleys at a lower elevation.      

Table A1 lists the data sources used to obtain the variables in econometric models and 

simulations.   
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Table 2.3: Mean statistics by species types 

Species type % of total % naturally 

disturbed 

% clear-

cut 

% partial-

cut 

Elevation 

(feet) 

Avg. temp 

(C) 

Total prec. 

(mm) 

Min temp 

Dec. (C) 

Max temp 

Aug. (C) 

Harvest price 

($/MBF) 

Doug-fir 37% 8% 14% 4% 1,710 12.90 773 -0.68 25.64 458.50 

Fir/Spruce 6% 21% 7% 14% 4,578 10.76 579 -4.36 24.91 276.55 

Hemlock/Sitka 7% 4% 15% 2% 1,173 12.68 927 0.34 22.74 455.95 

Ponderosa 

Pine 15% 14% 5% 13% 3,805 12.22 378 -4.48 27.88 351.06 

Other SW 9% 13% 5% 5% 3,286 12.09 281 -2.85 26.64 355.14 

Hardwoods 26% 7% 6% 2% 1,531 14.02 649 1.03 27.97 254.49 

 

Table 2.4: Mean characteristics by disturbance occurrence 

  Clear-cut Partial-cut Naturally disturbed 

Mean characteristics No Yes No Yes No Yes 

Count 6,205 640 6,462 383 6,182 663 

Avg. temp (Degrees C) 12.89 12.56 12.92 11.91 12.92 12.27 

Total precipitation (mm) 606 918 645 469 658 422 

Log prices ($/MBF) 363 427 369 372 - - 

Volume (MBF/acre) 14 27 15 11 15 13 

Clear-cut revenue ($/acre) 5,946 11,827 6,616 4,475 - - 

Incremental gain from waiting ($/acre) 1,353 1,055 1,346 970 - - 
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3 ECONOMETRIC ESTIMATION RESULTS 

3.1 Discussion of estimates 

Parameter estimates are presented in Table 3.1 for the nested logit model, and Table 3.2 

for the burn severity ordered logit model. Marginal effects for key variables are presented in 

Table 3.3. The columns of Table 3.1 show the estimates for (1) the replanting choice on the 

clear-cut plots, (2) choice of species left on the ground when partially cut, (3) natural disturbance 

occurrence, and (4) harvest choice (clear-cut, partial-cut, or no-cut). The first three columns 

indicate lower nest results, while the fourth column for harvest choice is the upper nest.   

For the replanting estimates, the rent variable is species-specific while the rent coefficient 

is set uniform across the six replanting choices. The estimated rent coefficient is positive as 

expected. Climate variables are plot-specific and so are constant across choices. I interact climate 

variables with the choice-specific rent variables and let the parameters for the interaction terms 

vary across choices to reflect species-specific climate relationships. The rent-climate interaction 

variables also account for the effect of each climate variable on the expected utility of replanting 

a species at a more granular spatial scale than the spatial unit at which the rent was calculated. 

As expected, rent and climate interaction terms are highly unique to each species, which 

indicates that species composition is climate dependent. A higher temperature discourages 

replanting Douglas-fir, ceteris paribus, while drier climate encourages it, indicating opposing 

effects from the projected climate change in the west of the Cascades – warmer and drier climate 

in the future. A higher extreme winter temperature discourages replanting Douglas-fir, while a 

higher summer extreme temperature encourages it. These findings could be related to its 

exhibited characteristics of the highest level of drought tolerance originated in climates with cold 

winters and dry summers (Watts et al., 2015).     
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In the natural disturbance nest, results show expected signs. Private plots exhibit lower 

probability of being disturbed compared to the state-owned plots, possibly due to shorter rotation 

lengths that prevent fuel accumulation and also to a more heightened awareness of risks among 

private landowners backed by their objectives to maximize their private wealth. A higher 

elevation leads to a higher likelihood of disturbance; this agrees with findings in Coop and 

Waring that higher elevation sites appear to contain far more species characterized as vulnerable 

than do lower and mid-elevation sites (Coops and Waring, 2011). Among the species types, other 

softwood and hardwood show statistically significant positive results. Precipitation has a 

statistically significant negative effect on natural disturbance occurrence, indicating that a drier 

climate would increase the probability of natural disturbance mainly due to a higher vulnerability 

to insect infestation and disease, as well as a more direct impact from a lower precipitation. 

Higher minimum December temperature mitigates the natural disturbance risk, due to a reduced 

risk of frost damage.   

Upper-nest harvest results are generally as expected and confirm a theoretical prediction 

from the Faustmann equation; higher revenue from current harvest, as well as an increase in the 

expected land value – the maximum utility from each of the lower nests – increase the 

probability of harvest, as they raise the marginal benefit of harvest today. Further, an increase in 

the marginal benefit of waiting to harvest – measured as 𝑃𝑖𝑗∆𝑣𝑜𝑙𝑖
′ - increases the utility of 

choosing the not cutting option. The alternative constants in the upper nest harvest equation are 

negative for the clear-cut and partial cut choices, and represent the average harvest costs for 

those two choices respectively. 

As for the burn severity estimates, Table 3.2 indicates that both precipitation and extreme 

temperatures have significant impacts on the severity of wildfire. A higher elevation is associated 
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with higher severity, and species in wet conditions – Hemlock – are negatively associated with 

severity, while Ponderosa Pine in the drier region is more prone to severe fires. Although stand 

volume in the binary natural disturbance model exhibits a positive effect on natural disturbance 

outcome, it is negatively associated with severity. A denser forest is more likely to be disturbed 

than a newly harvested forest as a risk of catching fire or infestation by insects increases, but a 

denser, older forest also can better endure a destructive wildfire as the trees have thicker bark, 

deeper roots, and fewer branches on lower bole compared to younger forests. Denser forests 

create less dry microclimate, which also helps withstand a wildfire.          

Table 3.3 presents the average marginal effects of a discrete change in a set of the key 

independent variables. Since marginal effects vary across plots, the estimates exhibit regional 

heterogeneity which is presented in Table 3.4 as the average marginal effects in each sub-region.  

A rent increase for a particular tree species has a significant positive effect on choosing the 

species and on the clear-cut probability. This latter result occurs through the inclusive value term 

and reflects that higher expected land value for replanting increases the opportunity cost of 

delaying harvest. Similarly, climate variables affect both replanting and natural disturbance 

probabilities, both of which simultaneously affect harvest probability; for example, a lower 

precipitation increases the natural disturbance probability but also influences replanting choices 

differently across tree species. The clear-cut probability decreases as a result of the simultaneous 

effects of a decline in precipitation on both replanting and natural disturbance probabilities. This 

finding, which is that a higher natural disturbance probability lowers the probability of clear-cut, 

is opposite of the conclusion in Reed (1984). However, the landowners’ behavior in the presence 

of natural disturbance is considerably more complex than suggested by the theoretical model 

considered in the literature (Amacher et al., 2005). Unlike in Reed (1984), natural disturbance 
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events in our data are not limited to wildfire, but also include insect damage and diseases. 

Amacher et al. (2005) conclude that the rotation age could either be shortened or lengthened 

depending on the fire arrival rate as well as the timing and level of intermediate treatments.    

A strong climate impact is that a 3 ºC increase in average temperature results in a large 16 

percentage point decline in the probability of replanting Douglas-fir – with regional marginal 

effects (Table 3.4) indicating that this result is even larger for the primary Douglas-fir growing 

region in western Oregon and Washington. I find evidence that an increase in expected 

temperature (a measure of expected climate change) has significant effects on some current 

forest management decisions. In particular, a 1 °C increase in expected temperature lowers the 

probability of replanting Ponderosa pine and increases the probability of replanting Hardwoods, 

especially in the primary Ponderosa-growing regions of California and the eastern portions of 

Oregon and Washington.   

It is noteworthy to point out that marginal effects alone do not give a full picture of the 

potential landscape shifts under climate change. Replanting does not occur uniformly at once, 

but only after the clear-cut events. Clear-cut events do not happen frequently in each plot (~10% 

probability over ten years), but once over an extended period. The impact of climate change is 

also not identical across plots either, as the sub-regional marginal effects indicate that climate’s 

effects will vary across existing climates. There will also be interactions among climate 

variables, thus simulating the combined effects when all climate variables shift at the same time, 

but in a heterogeneous fashion, will render more realistic results. A landscape simulation that 

follows in the next section will take these factors into considerations.      



46 

 

 

Table 3.1: Nested Logit econometric parameter estimates 

  

(1) Replanting following 

clear-cut 
(2) Leaving upon partial-cut 

Rent (constant across species) 7.25** -0.21 

  
(3.18) (2.57) 

Doug-fir Rent x temp -5.65*** -4.64** 

  
(1.95) (2.23) 

 
Rent x precipitation -0.01** -0.01 

  
(0.00) (0.01) 

 
Rent x Min temp Dec. 0.00* -0.003* 

  
(0.00) (0.00) 

 
Rent x Max temp Aug. 1.95*** 3.28*** 

  
(0.62) (0.99) 

 
Rent x Expected temp. change -0.01 -0.01 

  
(0.01) (0.01) 

Fir Constant -3.70*** -2.55*** 

  
(0.89) (0.74) 

 
Rent x temp -18.10 -12.30 

  
(13.86) (8.22) 

 
Rent x precipitation -0.03 -0.05 

  
(0.02) (0.03) 

 
Rent x Min temp Dec. 0.00 -0.01* 

  
(0.01) (0.01) 

 
Rent x Max temp Aug. 13.81** 14.98*** 

  
(6.24) (4.80) 

 
Rent x Expected temp. change -0.12* -0.15*** 

  
(0.07) (0.06) 

 
Elevation 11.49*** 7.68*** 

  
(2.08) (1.57) 

Hem Constant -1.41*** -1.93** 

  
(0.44) (0.82) 

 
Rent x temp 5.08** 16.35** 

  
(2.50) (6.64) 

 
Rent x precipitation 0.01*** 0.02** 

  
(0.01) (0.01) 

 
Rent x Min temp Dec. 0.00** 0.00 

  
(0.00) (0.00) 

 
Rent x Max temp Aug. -5.16*** -10.09*** 

  
(1.21) (3.85) 

 
Rent x Expected temp. change -0.01 0.00 

  
(0.01) (0.02) 

 
Elevation 2.54 3.34 

  
(1.85) (2.62) 

Ponderosa Constant -2.71*** -0.77* 

  
(0.67) (0.42) 

 
Rent x temp -0.13 -4.77 

  
(12.85) (5.68) 

 
Rent x precipitation 0.00 -0.05** 

  
(0.04) (0.03) 

 
Rent x Min temp Dec. -0.02 -0.01** 

  
(0.01) (0.00) 

 
Rent x Max temp Aug. 7.53 5.44* 

  
(6.31) (3.19) 

 
Rent x Expected temp. change -0.18** -0.06* 

  
(0.08) (0.03) 

 
Elevation 9.20*** 4.84*** 

  
(1.76) (0.96) 

Other SW Constant -3.91*** -2.80*** 

  
(0.77) (0.68) 

 
Rent x temp 4.63 7.05 

  
(7.77) (5.03) 

 
Rent x precipitation -0.02 -0.04** 

  
(0.02) (0.02) 

 
Rent x Min temp Dec. 0.00 0.00 

  
(0.00) (0.00) 

 
Rent x Max temp Aug. -4.05 -1.82 

  
(3.04) (1.87) 

 
Rent x Expected temp. change 0.02 0.00 
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(0.03) (0.02) 

 
Elevation 8.65*** 5.64*** 

  
(1.97) (1.53) 

Hardwoods Constant -1.15*** -1.48*** 

  
(0.43) (0.57) 

 
Rent x temp -3.28 -10.01 

  
(5.69) (11.84) 

 
Rent x precipitation 0.00 -0.05 

  
(0.01) (0.03) 

 
Rent x Min temp Dec. 0.00 0.01 

  
(0.00) (0.01) 

 
Rent x Max temp Aug. 1.74 4.15 

  
(2.67) (5.03) 

 
Rent x Expected temp. change -0.02 0.03 

  
(0.03) (0.05) 

 
Elevation 1.16 1.82 

  
1.46 (1.54) 

    

(3) Natural disturbance (1=disturbed, 0=not) (4) Harvest 

Constant -2.78*** Clear-cut constant -2.34*** 

 
(0.46) 

 
(0.24) 

Private dummy -0.46*** Clear-cut revenue 10.89*** 

 
(0.08) 

 
(1.24) 

Elevation 2.43*** Partial cut constant -3.07*** 

 
(0.43) 

 
(0.42) 

Fir dummy 0.14 Partial cut revenue 6.21*** 

 
(0.09) 

 
(1.95) 

Hem dummy 0.03 No-cut benefit waiting 10.82*** 

 
(0.16) 

 
(1.05) 

Ponderosa dummy -0.13 Clear-cut IV 0.66*** 

 
(0.08) 

 
(0.15) 

Other SW dummy 0.23*** Partial cut IV 1.50*** 

 
(0.09) 

 
(0.28) 

Hardwood dummy 0.32*** Disturbance IV 11.32*** 

 
(0.09) 

 
(1.63) 

Mean temp. 0.03 
  

 
(0.02) 

  
Precipitation -2.86*** 

  

 
(0.44) 

  
Min. temp Dec. -0.05*** 

  

 
(0.02) 

  
Max. temp Aug. 0.00 

  
 

(0.02) 
  

OR dummy -0.31*** 
  

 
(0.08) 

  
WA dummy -0.23* 

  

 
(0.13) 

  
Stand volume 0.01*** 

  
 

(0.00) 
  

                                    
 

Log-likelihood --5854.16 
 

Note: Standard errors in parentheses 

  



48 

 

 

Table 3.2: Ordered Logit burn severity estimates 

Burn severity (1-4) 

Private dummy -0.13 

 
(0.16) 

Elevation 0.0005*** 

 
(0.00) 

Fir dummy 0.02 

 
(0.24) 

Hem dummy -1.90* 

 
(1.01) 

Ponderosa dummy 0.49*** 

 
(0.16) 

Other SW dummy -0.04 

 
(0.20) 

Hardwood dummy 0.23 

 
(0.17) 

Mean temp. 0.01 

 
(0.04) 

Precipitation -0.0008*** 

 
(0.00) 

Min. temp Dec. 0.09*** 

 
(0.03) 

Max. temp Aug. 0.21*** 

 
(0.03) 

OR dummy 0.00 

 
(0.17) 

WA dummy 0.49* 

 
(0.27) 

Stand volume -0.01** 

 
(0.00) 

cut1 9.38*** 

 
(0.85) 

cut2 10.31*** 

 
(0.85) 

cut3 11.00*** 

 
(0.85) 

Log-likelihood -1981.66 

*** Significant at the 1 percent level.  

** Significant at the 5 percent level. 

* Significant at the 10 percent level. 
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Table 3.3: Average marginal effects 

 
Replanting Doug-fir Replanting Fir Replanting Hem 

Replanting 

Ponderosa 

Replanting Other 

SW 

Replanting 

Hardwoods 
Disturbance Clear-cut 

Change in 

variables 
Avg. ME 

Avg. t 

value 

Avg. 

ME 

Avg. t 

value 
Avg. ME 

Avg. t 

value 
Avg. ME 

Avg. t 

value 

Avg. 

ME 

Avg. t 

value 
Avg. ME 

Avg. t 

value 
Avg. ME 

Avg. t 

value 
Avg. ME 

Avg. t 

value 

Doug-fir rent 

up by $10 
4.0%*** 3.74 -0.5* -1.72 -0.6%** -2.55 -1.1%** -2.51 -0.5%* -1.94 -1.4%*** -2.71 - - 0.6%*** 2.65 

Avg. temp up 

by 3 C 
-15.7%*** -2.73 -1.5% -0.62 13.1%*** 3.09 1.6% 0.42 1.6% 0.78 0.9% 0.30 0.9% 1.31 -2.5% -1.32 

Precip. down 

by 20% 
1.6% 1.37 0.1% 0.52 -1.5%*** -3.35 -0.1% -0.33 0.1% 0.30 -0.2% -0.63 0.6%*** 5.77 -0.4%*** -2.89 

Min. Dec 

temp up by 3C 
-0.7% -0.01 1.5% 0.53 -1.7% -0.68 -2.8% -1.18 1.3% 0.99 2.4% 0.73 -1.3%*** -3.07 -0.7% 0.35 

Max. Aug 

temp up by 3C 
3.6% 0.91 2.5% 1.16 -4.9%*** -3.44 1.0% 0.59 -1.5% -1.63 -0.7% -0.78 0.1% 0.21 0.8% 0.63 

Exp. temp up 
by 1 C 

-0.2% 0.34 -1.7% -0.58 1.0% 0.45 -8.2%* -1.81 6.2% 1.40 3.0% 0.68 - - -2.6% -1.39 

Note: Results reflect the average marginal effects across the entire sample. 
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Table 3.4: Average marginal effects by regions 

Change in variable Regions 
Replanting 

Doug-fir 

Avg. t 

value 

Replanting 

Fir 

Avg. t 

value 

Replanting 

Hem 

Avg. t 

value 

Replanting 

Ponderosa 

Avg. t 

value 

Replanting 

other softwood 

Avg. t 

value 

Replanting 

hardwood 

Avg. t 

value 

Doug-fir rent up 

by $10 CA 
2.9%*** 3.04 -0.2%* -1.71 0.0% -0.89 -1.4%** -2.47 -0.5%* -1.73 -0.9%* -1.90 

  EOR 5.0%*** 4.19 -1.4%*** -3.03 -0.1%* -1.83 -2.2%*** -3.06 -1.0%** -2.36 -0.4%** -2.48 

  EWA 7.1%*** 3.98 -1.4%** -2.43 -0.4%** -2.19 -2.4%*** -2.88 -1.0%** -2.32 -1.9%*** -2.82 

  WOR 3.6%*** 4.07 -0.4% -1.20 -0.9%** -2.54 -0.4%* -1.68 -0.2% -1.53 -1.7%*** -3.06 
  WWA 3.5%*** 3.74 -0.1% -1.22 -1.4%*** -2.81 0.0% -1.44 -0.1% -1.62 -1.9%*** -3.00 

  Average 4.0%*** 3.74 -0.5%* -1.72 -0.6%** -2.55 -1.1%** -2.51 -0.5%* -1.94 -1.4%*** -2.71 

Avg. temp up by 3 

C CA 
-4.2% -1.35 -1.5% -0.89 0.6%* 1.82 2.0% 0.28 2.0% 0.72 1.1% 0.68 

  EOR -1.3% -0.58 -3.8% -1.18 0.2% 1.32 1.5% 0.24 3.1% 0.77 0.2% 0.40 

  EWA -2.8% -1.25 -2.8% -0.99 1.1%* 1.76 2.6% 0.71 2.0% 1.01 -0.2% 0.00 
  WOR -29.8%*** -3.79 -1.0% -0.33 22.6%*** 3.43 2.3% 0.53 1.1% 0.74 4.8% 0.68 

  WWA -30.0%*** -4.33 -0.2% -0.28 31.9%*** 3.23 0.0% 0.55 0.6% 0.46 -2.3% -0.37 

  Average -15.7%*** -2.73 -1.5% -0.62 13.1%*** 3.09 1.6% 0.42 1.6% 0.78 0.9% 0.30 

Precip. down by 

20% CA 
0.1% 0.55 0.1% 0.48 -0.1%*** -2.58 -0.2% -0.18 0.1% 0.20 -0.1% -0.76 

  EOR 0.0% -0.09 0.1% 0.62 0.0%* -1.71 -0.1% -0.48 0.1% 0.42 0.0% -0.76 

  EWA 0.0% 0.43 0.1% 0.70 -0.1%** -2.29 -0.1% -0.49 0.0% 0.43 0.0% -0.31 

  WOR 3.7%** 2.01 0.3% 0.47 -3.2%*** -3.46 -0.1% -0.25 0.0% 0.04 -0.8% -1.13 
  WWA 3.1%** 2.39 0.0% 0.41 -3.1%*** -3.58 0.0% -0.41 0.1% 0.54 -0.1% -0.11 

  Average 1.6% 1.37 0.1% 0.52 -1.5%*** -3.35 -0.1% -0.33 0.1% 0.30 -0.2% -0.63 

Min. Dec temp by 

3 C CA 
0.3% 0.19 1.0% 0.70 -0.1% -0.61 -5.1% -1.33 2.1% 1.06 1.8% 1.29 

  EOR 0.7% 0.39 1.8% 0.72 0.0% -0.17 -5.9% -1.36 3.0% 0.99 0.4% 0.92 

  EWA 0.6% 0.24 1.2% 0.52 -0.1% -0.42 -2.8% -1.11 1.1% 1.00 0.0% 0.03 
  WOR -4.6% -0.46 3.1% 0.43 -1.9% -0.66 -1.3% -0.76 0.6% 0.79 4.0% 0.79 

  WWA 0.7% 0.03 0.4% 0.48 -5.3% -0.77 0.0% -0.34 0.4% 0.88 3.8% 0.40 

  Average -0.7% -0.01 1.5% 0.53 -1.7% -0.68 -2.8% -1.18 1.3% 0.99 2.4% 0.73 

Max. Aug temp up 

by 3 C CA 
0.7% 0.27 0.8% 0.98 -0.3%** -2.32 2.0% 0.80 -2.3% -1.64 -0.9% -1.29 

  EOR -1.0% -0.88 2.7% 1.37 -0.2%** -2.02 2.1% 0.74 -3.3%* -1.85 -0.3% -1.20 
  EWA -0.4% -0.30 2.8% 1.52 -0.8%** -2.49 0.4% 0.26 -1.6%* -1.76 -0.4% -0.32 

  WOR 2.7% 1.32 6.1% 0.97 -6.8%*** -3.46 0.7% 0.44 -0.6% -1.47 -2.1% -1.27 

  WWA 12.8%** 2.28 0.5% 1.05 -13.4%*** -3.76 0.0% 0.12 -0.3% -1.05 0.5% 0.09 

  Average 3.6% 0.91 2.5% 1.16 -4.9%*** -3.44 1.0% 0.59 -1.5% -1.63 -0.7% -0.78 

Exp. Temp up by 

1 C CA 
2.6% 0.81 -1.0% -0.52 0.1% 0.28 -15.7%** -2.00 9.1% 1.52 5.0% 1.48 

  EOR 4.9% 1.50 -3.9% -0.87 0.2% 1.26 -18.6%** -2.05 15.9%* 1.71 1.5% 1.41 

  EWA 5.0% 1.29 -3.9% -1.00 0.6% 1.07 -8.2%* -1.80 6.0% 1.41 0.5% 0.23 
  WOR -6.1% -0.40 -1.6% -0.37 2.1% 0.44 -2.6% -1.10 2.8% 0.94 5.4% 0.60 

  WWA -3.3% -0.22 -0.4% -0.37 1.7% 0.33 0.0% -0.84 1.7% 0.84 0.4% 0.01 

  Average -0.2% 0.34 -1.7% -0.58 1.0% 0.45 -8.2%* -1.81 6.2% 1.40 3.0% 0.68 

Notes: Regions are California, Eastern Oregon, Eastern Washington, Western Oregon, and Western Washington, respectively.  

*** Significant at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level. 
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3.2 Alternative specifications 

There are a number of ways in which the econometric parameter estimation can be 

modeled. In this section, I examine the robustness of my model to multiple alternative 

specifications. Five alternative specifications are considered here: (1) Sample includes privately 

owned plots only (i.e., drop state-owned plots); (2) Use average temperature difference between 

December and August in lieu of minimum temperature and maximum temperature; (3) Use 

natural disturbance equation in lieu of “Disturbance IV” in the harvest model; (4) Use expected 

temperature increase over the next 70 years, instead of 30 years; (5) Add “Distance to the closest 

mill” variable to the replanting model; and (6) Swap climate variables for some plots within each 

county to examine the importance of the FIA’s characteristic of randomly swapping the location 

of some plots within counties.   

A rationale for each specification is provided as follows:  

(1) State-owned plots might operate such that the relationship between management decisions 

and explanatory variables is vastly different; 

(2) Forest landowners might care more about the temperature difference between the coldest 

month and warmest month rather than the absolute extreme temperatures (Rehfeldt et al., 2014);  

(3)  The inclusive values from the disturbance nest may not be justified as the utility gained by 

optimally choosing the best alternative, nor satisfy the consistency condition for utility 

maximization (Herriges and Kling, 1996);  

(4) Forest landowners may consider longer time horizons when they choose species to replant; 

(5) Distance to the closest mill might affect which species to replant; and 

(6) In order to maintain the privacy of owners, up to 20 percent of the private plots’ coordinates 

are swapped with another similar private plot within the same county in FIA. Swapped plots are 



52 

 

 

 

chosen to be similar based on attributes such as forest type and stand-size class. Swapping of 

FIA plots indicates that climate variables that are associated with management decisions might 

be different. To test the robustness of my estimates, I swapped the climate variables for those 

plots that have the same forest species type and stand-size class within each county. To account 

for the upper limit of 20 percent, I draw a uniform random number for each plot and swapping 

occurs when the random number is less than or equal to 0.2.
40

 The absolute differences in climate 

variables due to the swapping are 0.67 ºC for temperature and 111 mm for precipitation on 

average. Notice that this robustness check assumes the most pessimistic scenario of swapping the 

plots at the upper bound of 20 percent, while the FIA swapping only occurs “up to 20 percent”.   

Table 3.5 is a comparison of key marginal effects of my base specification and six 

alternative specifications.
41

 Except for an effect of an increase in temperature on replanting 

Douglas-fir, my estimation results are robust across the suite of estimators used to fit the models. 

Marginal effects of temperature change, however, show similar negative impacts on choosing 

Douglas-fir, and the degree of effects are in the relatively narrow range of -9% to -18%.  

Table 3.5: Comparison of marginal effects on replanting Douglas-fir 

Change in variables Base (1) (2) (3) (4) (5) (6) 

Doug-fir rent up by 
$10 

4.0%*** 
(3.74) 

4.3%*** 
(3.60) 

3.9%*** 
(4.05) 

5.0%*** 
(4.29) 

4.0%*** 
(3.92) 

4.0%*** 
(3.71) 

4.1%*** 
(3.82) 

Avg. temp up by 3 C 
-15.7%*** 

(-2.73) 

-17.8%*** 

(-3.06) 

-9.1%** 

(-2.37) 

-14.8%** 

(-2.52) 

-15.1%** 

(-2.47) 

-17.2%*** 

(-3.02) 

-14.5%** 

(-2.45) 

Precip. down by 20% 
1.6% 
(1.37) 

1.8% 
(1.56) 

1.0% 
(1.26) 

1.4% 
(1.03) 

1.5% 
(1.20) 

1.8% 
(1.55) 

1.8%* 
(1.75) 

Note: Average t value in parenthesis 

 

 

                                                 
40

 I also ran 50 different versions of swapping by randomly choosing the plots to be swapped. Parameter estimates 

and associated p values are presented in Appendix B3 as histograms for a few key parameters: coefficients for rent, 

rent x temperature interaction, and rent x precipitation interaction, all in the replanting nest.  
41

 Table B1 and B2 list full sets of parameter estimates under each alternative specification and other marginal 

effects, respectively. 
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Table 3.6: Comparison of marginal effects on clear-cut 

Change in 

variables 
Base (1) (2) (3) (4) (5) (6) 

Doug-fir rent up 
by $10 

0.6%*** 
(2.65) 

0.6%*** 
(2.42) 

0.5%*** 
(2.85) 

0.6%*** 
(3.16) 

0.6%*** 
(2.87) 

0.6%*** 
(2.72) 

0.6%*** 
(2.76) 

Avg. temp up by 

3 C 

-2.5% 

(-1.32) 

-2.9% 

(-1.51) 

-2.7%** 

(-1.98) 

-2.5% 

(-1.23) 

-2.5% 

(-1.34) 

-2.3% 

(-1.15) 

-3.8%** 

(-2.08) 

Precip. down by 
20% 

-0.4%*** 
(-2.89) 

-0.4%*** 
(-2.73) 

-0.3%*** 
(-3.19) 

-0.3%*** 
(-3.10) 

-0.3%*** 
(-2.81) 

-0.4%*** 
(-2.85) 

-0.2%** 
(-2.37) 

Table 3.7: Comparison of marginal effects on natural disturbance 

Change in 

variables 
Base (1) (2) (3) (4) (5) (6) 

Doug-fir rent up 
by $10 

- - - - - - - 

Avg. temp up by 

3 C 

0.9% 

(1.31) 

1.1%* 

(1.60) 

0.4% 

(0.84) 

0.7% 

(0.79) 

0.7% 

(1.09) 

1.1% 

(1.50) 

1.1% 

(1.55) 

Precip. down by 
20% 

0.6%*** 
(5.77) 

0.6%*** 
(5.25) 

0.6%*** 
(6.35) 

0.6%*** 
(5.96) 

0.6%*** 
(5.79) 

0.6%*** 
(5.85) 

0.6%*** 
(5.77) 

Note: Average t value in parenthesis 
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4 SIMULATION MODEL 

4.1 Method 

This section builds off my econometric estimates in Table 3.1and 3.2 to simulate the 

landscape of forest types under a changing climate and a carbon price policy. Following the 

econometric-based landscape simulation framework developed by Lewis and Plantinga (2007), 

the econometric estimates generate a set of transition rules to be used in a series of spatially 

explicit landscape simulations that produce distributions of the spatial pattern of changes. As 

climate conditions change, the climate variables and tree species choice sets that drive the 

estimated forest management probabilities are changed and then scaled up to simulate the time 

path of the change in the composition of tree species driven by harvest, replanting and natural 

disturbance. Rents are held fixed in my baseline simulation, but in the climate change scenario, 

the interaction terms of rent and climate variables capture the impact of climate change on forest 

management at a spatially downscaled level. Natural disturbance occurrence and its severity are 

endogenous in that it is affected not only by climate directly but also by tree species types chosen 

by landowners as a result of their adaptation behaviors.   

Formally, the simulation exercise works as follows: 

Step 1: For plot 1, draw a random vector of estimated parameters (Krinsky and Robb, 1986) and 

calculate the probabilities of clear-cut, partial-cut, no-cut, natural disturbance, and replanting 

choices. Draw a uniformly distributed random number 𝑟1 between 0 and 1and compare it to the 

clear-cut probability. A clear-cut occurs if 𝑟1 is less than or equal to the estimated clear-cut 

probability for that plot; a partial-cut occurs if 𝑟1 is above the clear-cut probability but less than 

or equal to the sum of the clear-cut and partial-cut probabilities; a no-cut management action 

occurs otherwise. As in Lewis (2010), the simulation procedure accounts for the variation in the 
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estimated parameters and random error terms by using the random draws for the estimated 

parameters and for determining the outcome.   

Step 2: If the plot is not harvested, draw a uniformly distributed random number 𝑟2 between 0 

and 1and compare it to natural disturbance probability. Conditional on a no-cut harvest choice, 

natural disturbance occurs if 𝑟2 is less than or equal to the estimated probability for that plot; 

otherwise, it is not disturbed.   

Step 3: If the plot is clear-cut, draw a uniformly distributed random number 𝑟3 between 0 and 

1and compare it to replanting probability. Conditional on clear-cutting, replanting Douglas-fir 

occurs if 𝑟3 is less than or equal to the estimated probability of replanting Douglas-fir for that 

plot; replanting Fir occurs if 𝑟3 is less than or equal to the sum of the estimated probabilities of 

replanting Douglas-fir and Fir but larger than the estimated probability of replanting Douglas-fir 

etc. Repeat this process until we determine the outcomes for all the replanting choices.  

Step 4: If the plot is partial-cut, draw a uniformly distributed random number 𝑟4 between 0 and 

1and compare it to natural regeneration probability. Conditional on partial-cutting, leaving 

Douglas-fir on the ground occurs if 𝑟4 is less than or equal to the estimated probability of leaving 

Douglas-fir for that plot; leaving Fir occurs if 𝑟4 is less than or equal to the sum of the estimated 

probabilities of leaving Douglas-fir and Fir but larger than the estimated probability of leaving 

Douglas-fir etc. Repeat this process until we determine the outcomes for all the natural 

regeneration choices.   

Step 5: Conditional on a natural disturbance occurrence, first determine a type of natural 

disturbance – disease, wildfire, or insect damage. Draw a uniformly distributed random number 

𝑑1 between 0 and 1 and compare it to the historical share of disease event at county level (e.g., 

xx% of all included types of natural disturbance events (wildfire, insect, and disease) has been in 
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disease historically in the county).
42

 If 𝑑1 is less than or equal to the share of disease, a disease 

occurs. If 𝑑1 is larger than the share of disease but smaller or equal to the sum of the shares of 

wildfire and disease, then a wildfire occurs. If 𝑑1 is larger than the sum of the two, then an insect 

damage occurs.   

Step 6: Conditional on wildfire occurrence, determine the burn severity by drawing a uniformly 

distributed random number 𝑠1 between 0 and 1 and comparing it to burn severity probabilities for 

each severity category. Burn severity is 1 if 𝑠1 is less than or equal to the estimated probability of 

severity 1; severity is 2 if 𝑠1 is less than or equal to the sum of the estimated probabilities of 

severity 1 and severity 2 but larger than the estimated probability of severity 1, etc. If the 

severity is 4 (high), then replanting occurs – follow Step 3 to determine the replanting choice.  

Step 7: Conditional on disease or insect damage, determine the severity levels. The FIA data 

records damage information at the tree level including the specific agents and severity (i.e. how 

much of the tree is affected). I calculate the tree volumes and percentages affected by disease and 

insect damage separately and aggregated to the county level. The county-level severity is applied 

to each plot conditional on being disturbed by disease and insect damage. These severity levels 

will be used to update the stand volume in Step 9. 

Step 8: Step 1-7 are repeated until all simulations (S=1000) have been completed, which means 

that 1000 simulated landscapes are generated for the first time step.     

Step 9: Update forest attributes to be used in the next time step. First, use the yield curve table 

for each plot that has been empirically estimated depending on species type, age, and region 

based on the FIA data. If the outcome is a clear-cut or disturbed with a wildfire of severity 4, the 

incremental growth is the growth of the species from 0-10 years after the time of harvest or 

                                                 
42

 FIA data is used to calculate the historical share of each natural disturbance. 
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disturbance, and next period’s volume will equal the incremental growth. If unharvested or 

undisturbed, then growth continues to follow the empirical yield curve following the current age, 

and the volume is the current volume plus the incremental growth. The incremental growth, 

therefore, reflects the clear-cut/disturbance timing for each plot, so that the plots exhibit growth 

trajectories in accordance with empirically fitted yield curves. The species type is updated 

according to the outcome of replanting. Stand age is also updated so that next period age will be 

ten years old in plots where either clear-cut or wildfire of severity 4 occurred, current age plus 

ten years for undisturbed plots, and weighted average age for plots that are either partially-cut or 

wildfire with severity 1 through 3. Total stand volume is also updated to account for the harvest 

and natural disturbance outcomes. For the plots that are either clear-cut or wildfire with severity 

4, volume in next time step will be just the incremental growth; for the partially cut plots, the 

volume will be current volume less partially-cut volume, plus incremental growth. For the plots 

with wildfire severity 1-3, the volume will be current volume minus the burned volume, plus the 

incremental volume.
43

 Similarly, for the plots that are disturbed by disease or insect damage, 

adjust the stand volume using the empirical severity calculated with the FIA data.        

Step 10: Repeat steps1-9 for all the other plots. 

Step 11: Move to the next time step (e.g., ten-year time step starting in 2020). Update both the 

climate variables and choice set that reflect the climate projections in the time step. Calculate the 

forest rents to reflect any changes in log prices or carbon prices. Repeat steps 1-6 with updated 

information for each plot.   

Step 12: Once I complete the full simulation for 2010-2100 for all the plots, scale the per-acre 

results for each plot up to total acres being clear-cut, naturally disturbed, and each species type 

                                                 
43

 Mortality rates are based on the MTBS definitions of each severity group: 5% for severity 1, 25% for severity 2, 

and 50% for severity 3. It is assumed that 100% of stand volume is burned in severity 4 fire. 
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replanted, using the FIA expansion factors. Take the average over 1000 simulated landscape 

results. For the replanting choice, calculate the percentage of each species replanted and take the 

average across simulated landscapes. Figure 4.1 summarizes the above steps in a simplified 

diagram. 

Figure 4.1: Simulation steps 

 

4.2 Scenario descriptions 

I consider three scenarios in my simulations. For scenario 1, I assume no climate change 

and keep all the climate variables constant at current conditions. This baseline scenario simply 

extends the observed forest management practices from 2001 to 2014 into the future. In scenario 

2, I adapt the RCP 8.5 climate projection. Under this scenario, forest landowners adapt their 

management choices to the new climate in each time step. For scenario 3, while keeping the 

same climate projection as in scenario 2, I add a carbon pricing scheme (discussed below). 
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Differences between scenario 1 and scenario 2 give us the impact of climate change on the 

resulting landscape. Differences between scenario 2 and scenario 3 give us the impact of carbon 

pricing alone, while the difference between scenario 1 and scenario 3 gives us the combined 

impact of climate change and carbon pricing.   

Future climate regimes are derived from the IPCC’s Fifth Assessment Report (AR5). 

Monthly temperature and precipitation output were based on the results from the U.S. National 

Center for Atmospheric Research (NCAR) Community Climate System Model (CCSM) 4, which 

is ranked as one of the best of 41 Global Climate Models (GCM) as to the credibility of 

predicting the future climate according to the models’ abilities to reproduce the observed metrics 

(Rupp et al., 2013). The downscaled data at 1 km resolution was obtained from the ClimateWNA 

model developed by the Center for Forest Conservation Genetics at the University of British 

Columbia (Wang et al., 2012). Out of the scenarios included in the model, I chose the RCP8.5 

scenario, as current CO2 emission rates are closely tracking this pathway (McKenney et al., 

2015; Sanford et al., 2014).
44

 I also simulated the landscape using an alternative climate 

projection of an ensemble of 15 GCMs
45

 instead of using one GCM. The results show the similar 

changes, but the impact is even stronger under the ensemble projection (see Figure C1). 

Figure 4.2 is a descriptive map that highlights an overall projected climate trend of 

temperature and precipitation. The area shown in warm colors of orange and yellow, the majority 

of premier private forestland in the west side of the Cascades, is expected to become warmer and 

                                                 
44

 While IPCC AR4 used socio-economic scenarios, AR5 uses different approach in which alternative future 

scenarios depend on so-called Representative Concentration Pathways (RCPs).  For example, RCP8.5 represents a 

pathway with rising radiative forcing leading to 8.5 W/m2 in 2100.  RCP6.0 and RCP8.5 correspond to CO2 

equivalent concentrations in 2100 of 720-1000 ppm and >1000 ppm, respectively. 
45

 The ensemble is composed of the following GCMs: ACCESS1-0, CCSM4, CESM1-CAM5, CNRM-CM5, 

CSIRO-MK3-6-0, CanESM2, GFDL-CM3, GISS-E2R, HadGEM2-ES, INM-CM4, IPSL-CM5A-MR, MIROC5, 

MPI-ESM-LR, MRI-CGCM3.  Appendix 8.1 compares the ensemble and CCSM 4 projections. 
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drier. Under the RCP 8.5 scenario, the average temperature is expected to increase by 4.35 ºC in 

the study region.
46

 It should be noted that the plots in the cooler color of light green indicated as 

“Wetter and much warmer” are located in already warm and dry areas. Moreover, even though 

they are estimated to be slightly wetter in the future, an extent of increase in precipitation in 

these areas is only 10 mm on average by 2090, only 2% of total precipitation.  

Figure 4.2: Projected temperature and precipitation change by 2090 under RCP 8.5 at each plot
47

 

 

 

I simulate a hypothetical carbon pricing scheme that starts in 2020 and in which 

landowners receive fixed payments for the amount of carbon sequestered in their forests. 

Consistent with contemporary ideas about an increasing carbon price (Nordhaus 2013), I assume 

                                                 
46

 Expected temperature and precipitation change are shown separately in the maps in Figure C2. 
47

  “Much warmer” and “Much drier” indicate 4 degrees Celsius or more increase in temperature and larger than 50 

mm precipitation decrease. Source: AdaptWest Project. 2015. Gridded current and projected climate data for North 

America at 1km resolution, interpolated using the ClimateNA v5.10 software (T. Wang et al., 2015). 

Much drier and much warmer

Much drier and warmer

Drier and much warmer

Drier and warmer

Wetter and warmer

Wetter and much warmer

Much wetter and warmer

Much wetter and much warmer

Change in climate conditions by 2090
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that a carbon price starts at $15/ton in 2020, rises to $50 in 2050, and again to $80 in 2080.
48

 

Given a set carbon price, I calculate the maximum present value of rents from both timber 

revenue and carbon payments by solving for the optimal rotation length, assuming that forest 

owners will maintain a steady-state level of stand volume. In addition to the tree volume yield 

curves that I estimate for calculating the timber rents, I estimate carbon yield curves expressed as 

tons of carbon sequestered as a function of age. The infinite stream of discounted payments from 

the carbon price scheme augments the rents received from forestland. The landowner then 

chooses the rotation length that maximizes total rents. The basic idea is to simulate the effects of 

a carbon price through a forest subsidy that increases the forest rent variables. The landowners 

can benefit from the carbon price as their land value increases with the carbon price. Next 

section discusses the methodology in detail. 

4.3 Calculation of carbon rent 

Following van Kooten et al. (1995), when a carbon price is introduced, the landowners 

maximize the present value of timber and carbon sequestration benefits over all future rotations: 

𝑃𝑉 =
[𝑃𝐹∗𝑄𝐹(𝑇)]−[𝑃𝐶∗(1−𝑠)∗𝑄𝐶(𝑇)]+[𝑃𝐶∗{𝑄𝐶(𝑇)+𝑟 ∫ 𝑄𝐶(𝑡)𝑑𝑡}

𝑇
0 ]

exp(𝑟∗𝑇)−1
   (16) 

where 𝑃𝐶 is carbon price,  𝑠  is the fraction of harvested timber that continues to sequester 

carbon (assumed to be 0.7, based on Smith et al. (2006)), and 𝑄𝐶(𝑇) is carbon sequestered at 

time T. The first term represents the value of timber and the second term represents the cost of 

carbon released at harvest. The last term is the benefit from carbon sequestration. The timber 

price remains constant in the future while carbon prices increase from $15/ton to $50/ton in 

2050, and again from $50/ton to $80/ton in 2080. An alternative specification of the carbon price 

                                                 
48

 As of September 14, 2016, carbon price in California Carbon Allowance Futures is around $13/tonne CO2 

equivalent.   
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trajectory is to assume the annual growth rate of carbon price (Ekholm, 2016), but this approach 

requires a recursive formulation of objective function. I use the original approach with a constant 

price by Van Kooten et al. (1995), which inspired Ekholm (2016), while accounting for 

increasing carbon prices in discrete steps, rather than a continuous manner. As the value of 

carbon to society increases, I find that the optimal lengths of time until trees are harvested 

increase (van Kooten et al., 1995).   

Similar to the yield curves used to calculate the timber rent (see Section 2.5.3), I fit the 

FIA data on tons of carbon in the aboveground part of tree
49

 to Von Bertalanffy growth equation 

to estimate coefficients 𝛼 and 𝛽 for each species, site productivity class, and region:   

𝑄𝐶(𝑡) = α{(1 − e^(−β ∗ (Age)))}^3      (17) 

Using the functional forms for 𝑄𝐶(𝑡), I solve for the optimal rotation that maximizes the 

present value of  both timber and carbon sequestration benefits over time. Figure 4.3 below is an 

example of fitted curves for Douglas-fir in western Oregon by site productivity class.     

Figure 4.3: Sequestered carbon curves by site class, Douglas-fir in western Oregon 

 
Note: WOR = Western Oregon; Numbers after WOR indicate site classes. 

                                                 
49

 It is carbon in the aboveground portion of the tree, excluding foliage, of live trees with a diameter larger than 1 

inch, converted to per acre values. 
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Once the maximum present values are calculated, I multiply them by an interest rate to 

obtain an annualized carbon rent. Figure 4.4 illustrates how carbon rent augments timber rent for 

the highest site productivity class in Western Oregon (except for ponderosa pine, which is based 

on eastern Oregon data) as an example. Note that benefits from carbon payments depend on the 

rate of the carbon uptake depicted in Figure 4.3, which is species, site productivity, and region 

specific.   

Figure 4.4: Rents for highest site productivity class in Western Oregon 

 

Note: DF=Douglas-fir, FIR=fir/spruce, HEM=hemlock/sitka spruce, PP=ponderosa pine, OS=other softwood, and HW=hardwood. Rents for 

ponderosa pine are based on log prices in eastern Oregon since prices are unavailable for western Oregon. 

 

Forest rents reflect a long-term expected benefit from choosing each species, while 

carbon rents reflect the species-specific rates of carbon sequestration represented in the estimated 

carbon yield curves. Therefore, adding the carbon rents to forest rents results in the full rents of 

choosing a particular tree species to replant. Since carbon sequestration rates vary across tree 

species and site classes, the addition of a carbon rent potentially alters the landowner’s optimal 

replanting choice, which in turn will alter the landowner’s harvest choice per equation (3).  

Carbon pricing is implemented by crediting a forest owner for the carbon sequestered due to 

forest growth and taxing for the carbon released at harvest (Ekholm, 2016; van Kooten et al., 
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1995). Figure 4.5 illustrates how I use carbon prices to augment timber revenues, thus affecting 

the ranking of species. Species-specific rents are a function of timber price for the species, 

carbon prices, estimated timber yield of the species, and carbon sequestration rates of the 

species. Timber yield curves and carbon sequestration curves are derived from the FIA data. 

These empirically fitted curves also provide me with the incremental growth data, which will be 

used to measure the benefit from waiting to harvest in the discrete choice of whether or not to 

harvest. The replanting decision affects not only the harvest decision via changes in land values 

(equation 3), but also the natural disturbance outcome as each species is estimated to have 

different probabilities disturbance. Natural disturbance occurrence affects the harvest decision 

since it alters land values.       

Figure 4.5: Relationships between carbon prices and decision-making 

 

The presence of a carbon price also affects harvest decisions since landowners cannot 

claim carbon credits for the trees harvested. Therefore, landowners have to pay the penalty for 
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the carbon emitted to the atmosphere at the time of clear cutting.
50

 At the time of harvest, he 

receives the timber revenue minus the external cost of the carbon that is released (van Kooten et 

al., 1995). Similarly, the benefits from delaying harvest – the opportunity cost of harvesting – 

should also incorporate an incremental revenue gain from a carbon payment over the period of 

delay, in addition to the increase in timber revenue. This incremental revenue gain from a carbon 

payment is equal to the carbon price multiplied by the incremental carbon sequestration.  

 

  

                                                 
50

 I assume that 30% of carbon stored in trees is emitted at harvest, based on Smith et al. (2005). 
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5 SIMULATION RESULTS 

5.1 Climate change scenario 

For each scenario, I calculate the average share of the total private forestland area 

comprised of each tree species type. Figure 5.1 presents my projection of each tree species’ 

landscape share in California, Oregon, and Washington for “No Climate Change” scenario and 

“With Climate Change” scenario.    

Figure 5.1: Time path of each species' total landscape share under "Baseline" scenario with no 

climate change (left) and "Climate change" scenario (right) 

 
Note: DF=Douglas-fir, FIR=fir/spruce, HEM=hemlock/sitka spruce, PP=ponderosa pine, OS=other softwood, and HW=hardwood. 
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Examining the two scenarios provides three conclusions. First, climate change induces a 

reduction in the share of the private forest landscape in Douglas-fir in all states. Second, climate 

change induces an increase in the share of the private forest landscape in ponderosa pine (for 

California) and hardwoods (all states). Third, the extent of landscape change is fairly subtle even 

under the most pessimistic climate change scenario of RCP 8.5 that this analysis is based on. 

This last point becomes more obvious when we compare the landscape change (right figures in 

Figure 5.1) to Figure 5.2, which presents changes in shares of each species replanted with 

climate change.  

Examining replanted plots only shows what the landowners chose to replant conditional 

on clear-cut. Compared to the landscape change that includes both replanted and non-replanted 

plots, landowners dramatically increase the replanting of hardwood species at the expense of 

Douglas-fir in Oregon and Washington in particular – a region that is mostly predicted to 

become warmer and drier under the climate scenario we use.
51

 The divergence between changes 

in the share of the landscape’s tree species and changes in the share of the landscape’s replanted 

species is primarily due to the dynamics of forest management – replanting occurs gradually on a 

fraction of the landscape during any given ten-year period as the forest is harvested. For 

example, clear-cut harvests occur on approximately 10% of the plots over ten years, and so 

replacement of a landscape’s tree species is gradual.   

 

 

                                                 
51

 Changes in replanting choices for some species exhibit sudden ups and downs over time in Figure 5.2. This is due 

to discrete changes in choice sets assigned to each plot, which are derived from the plant viability scores that depend 

on projected future climate (See Section 2.5.1 for more details).     
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Figure 5.2: Time path of each species' shares Replanted under "Climate change" scenario 

 

Maps in Figure 5.3 examine changes in 

Douglas-fir in the two scenarios to illustrate the 

impacts of climate change on the landscape 

share of the species (left) and the share of the 

species being replanted (right).
52

 The changes 

are expressed in percentage-point differences 

in total Douglas-fir shares between the baseline 

scenario and the climate change scenario. The 

impact of climate change on Douglas-fir is 

especially strong in the premier forest land in 

western Oregon and Washington. My 

simulation results are consistent with the 

findings from previous natural science 

literature that predict Douglas-fir habitat to 

shift eastward from the coast to the interior 

(Rehfeldt et al., 2014; Weiskittel et al., 2012). 

  

                                                 
52

 Figure D1 shows statistical significance with t values for each projected replanting probability for Douglas-fir and 

hardwood.   
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Figure 5.3: Effects of climate change by 2100: Difference in Douglas-fir's total shares (left) and 

shares replanted (right) with and without climate change 

 

Figure 5.4 examines changes in hardwood forests in the two scenarios to illustrate the 

impacts of climate change on the landscape share of the species (left) and the share of the species 

being replanted (right). Climate change favors replanting hardwoods the most, followed by 

ponderosa pine and other softwood species.
53

 The shift from Douglas-fir to hardwoods is more 

pronounced when we look at the most favored species choice for replanting (the one with the 

highest estimated replanting probability), which is presented in Figure 5.5.  

                                                 
53

 Please see Figure D2-D5 for spatial distribution of other species besides Douglas-fir and hardwood. Figure D7 

presents the percentage point change in share of each species by 2100 under the climate change scenario. 
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Figure 5.4: Effects of climate change by 2100: Difference in hardwood's total share (left) and 

shares replanted (right) with and without climate change 

 

Figure 5.5: Most favored species for replanting today (left) and in 2090 (right) 
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5.2 Carbon pricing scenario 

I simulate changes in the forest landscape under both climate change and the temporally 

increasing carbon price scenario described above. An important finding is that including the 

carbon price encourages the adaptation behavior of switching out of Douglas-fir, as shown in 

Figure 5.6 (compare to Figure 5.1 for the landscape change and Figure 5.2 for the replanting 

change). Although carbon sequestration uptake for Douglas-fir is higher than hardwoods for old 

timber stands, the difference for younger stand ages (30-40 years) is negligible for high site class 

plots (i.e., the class of 1 and 2) and higher for hardwoods than Douglas-fir for lower site class 

plots (i.e., the class of 6 and 7). Since I model private forest owners who follow fixed rotations 

where stands do not achieve old-growth status, owners of hardwood stands receive higher carbon 

rents than owners of Douglas-fir stands for many medium to low site productivity class plots 

when they optimize their rotation based on the combined timber and carbon rents (i.e., total 

rents).
54

 For example, with a $50/ton carbon price, the carbon rent is higher for hardwoods than 

Douglas-fir for 75% of total plots with medium to low site productivity class of 4, 5, 6, and 7, 

while only 28% with higher site productivity class (i.e., 1,2, and 3) receive a higher rent from 

hardwood than Douglas-fir. This differential effect of carbon prices on Douglas-fir and 

hardwoods is due to the biophysical growth characteristics of the species and contributes to the 

acceleration of shifting forest planting away from Douglas-fir toward hardwood species.   

  

                                                 
54

 Appendix D6 presents two example carbon yield curves for Douglas-fir and hardwoods to elaborate this 

argument.    
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Figure 5.6: Carbon price scenario, change in total share (left) and replanted share (right) 

 

 

Under the carbon price scenario, the total rental values for hardwoods in 2090 are higher 

than those for Douglas-fir in about 22% of the plots in western Oregon and western Washington, 

with the difference in rents being about $13/acre on average. Thus the carbon price induces a 

clear shift from the rental values in 2010 when only 4% of the plots had higher hardwood rental 

values. The average rent premium of Douglas-fir over hardwoods in western Oregon and 
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Washington shrinks from 140% in 2010 to less than 50% in 2090, which reflects how a carbon 

price incentivizes hardwood planting over planting Douglas fir.   

Figure 5.7 and Figure 5.8 present the impact of the carbon price scenario on the share of 

the landscape in Douglas-fir and hardwoods (left), and the combined impact of climate change 

and carbon price (right) on the share of the landscape in Douglas-fir and hardwoods, 

respectively. The left map compares the total share in the climate change scenario with that in 

the climate change/carbon price scenario. The carbon price scheme reduces the landscape’s share 

in Douglas-fir and increases the landscape’s share in hardwoods. The right map compares the 

total share in our baseline scenario (no climate change) and climate change/carbon price scenario 

and shows that the shift from Douglas-fir to hardwoods is larger when examining the joint 

impacts of both climate change and the carbon price scheme together. 

Figure 5.7: Impact on Douglas-fir of carbon price (left) and combined impact of climate change 

and carbon price (right) 
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Figure 5.8: Impact on hardwoods of carbon price (left) and combined impact of climate change 

and carbon price (right) 

 

The carbon price simulation results imply that this specific climate mitigation policy – a 

temporally increasing carbon price – encourages the same adaptation incentives that climate 

change provides for forest landowners, especially the conversion from Douglas-fir to hardwoods 

in the western portion of the Pacific Northwest. The value of the full econometric-simulation 

framework of forest management is that heterogeneous regional impacts can be examined. The 

results demonstrate the potential for integrating economic and ecological models to analyze the 

impact of adaptation behavior on ecosystem services. By internalizing one externality with a 

carbon price mechanism, we may exacerbate another externality by reducing habitat for some 

species (e.g., the red tree vole that is a habitat specialist of western Oregon Douglas-fir forests).  

This externality is especially relevant if the speed of tree species shift is too fast for the wildlife 

species to migrate to more suitable locations, which speaks to the importance of modeling the 

dynamic path of how adaptation behavior may alter landscapes. Section 6 introduces specific 
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metrics of wildlife habitat into the simulation model and is a first step towards developing a 

complete biodiversity analysis to translate my landscape simulations into ecological metrics to 

examine the speed of shifts. The framework presented in this dissertation would be a useful tool 

in designing efficient spatial targeting strategies for assisting migrations for the endangered 

wildlife species.      

5.3 Probability of changes in dominant species 

The results presented in the previous sections are based on the average aggregated 

landscape acres affected across 1,000 simulated landscapes. For example, I calculated the 

acreage in each species type for each simulated landscape and took an average of them for each 

plot. The Monte Carlo simulation process was used to translate a probability of each event (e.g., 

replanting Douglas-fir at 54% probability) to a discrete outcome (e.g., choosing Douglas-fir to 

replant) by comparing a randomly drawn number and a probability for each event. Each 

simulated landscape initially has a probability associated with each outcome before being 

converted to the discrete outcome.  

However, the probabilities themselves provide useful information that can help 

understand small probability outcomes rather than means. An example would be to see the 

probability of the current dominant species in a region being replaced by some other tree species 

by 2100. The landscape change in the previous two sections was presented as a discrete change 

(e.g., forest type shifts from Douglas-fir to hardwood) determined by acreage planted in each 

type at each county, but the probability measures can provide evidence as to the level of certainty 

of such change (i.e., how likely are the forest types going to change?). To do this, I compared 

1,000 landscapes in 2010 (today) and in 2100 and calculated the percentages of species 

switching for each plot. Figure 5.9 illustrates the methodology with a simple example. Plot A is 
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currently Douglas-fir (forest type 1). By 2100, simulated landscapes 1 through 3 remain in 

Douglas-fir, but the plot switches to hardwood (forest type 6) in the 4
th

 simulated landscape, 

resulting in a 25% chance of switching in this example. Similarly, plot B, C, and D each has a 

50%, 50%, and 75% chance of switching, respectively. 

Figure 5.9: Illustration of probability of switching 

Plot Current Landscapes    Simulated landscapes in 2100    % of switching 

A 1 1 1 1   1 1 1 6   0.25 

B 4 4 4 4   4 5 4 6   0.5 

C 3 3 3 3   6 6 3 3   0.5 

D 2 2 2 2   2 4 5 5   0.75 

 

Figure 5.10 illustrates the degree of certainty in switching the dominant species at each 

plot (upper) and at each county (bottom), for the climate change (left) and climate change/carbon 

price scenario (right). The probability of switching indicates the extent of adaptation behaviors in 

the form of replanting different tree species to cope with a changing climate. We can interpret 

the probability of switching as the measurement of how likely we are going to have the projected 

landscape change (e.g., 35% chance that a county A is going to transition from Douglas-fir to 

hardwood). The higher probabilities of switching are more concentrated in the west side of the 

Cascades, particularly along the coast. The climate change/carbon price scheme further increases 

the probability of switching, and I take the difference in these two scenarios in the next 

subsection.   
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Figure 5.10: Probability of dominant species switching, climate change scenario (left) and 

climate change/carbon price scenario (right) 

 

5.4 Discrete effect of climate path on switching 

Switching a plot’s tree species from its current form is attributable to adaptation 

behaviors due to the future climate change but also to adaptation behavior in response to current 

conditions – climate, market prices, biophysical conditions, etc. A landscape with many existing 

forest types will always have non-zero probabilities of switching to other species simply because 

many different forest types are potentially profitable to grow. The existing forest represents a 

culmination of a set of adaptations that have been occurring for decades, sometimes dating back 

to 100 years ago or more. However, my estimated probabilities of replanting are based on the 

recent replanting decisions in the last ten years. Therefore, the estimated replanting probabilities 
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already reflect the recent adaptation behaviors whether in response to recent climate, timber 

price, or any other observed and unobserved factors that drive my estimated probabilities. 

Consequently, future forest types could be different even without changes in future climate. It is 

for this reason, therefore, that the probability shown in the Figure 5.10 is not due solely to 

adaptation to the future climate change. To tease out the effect of future climate on the changes 

in the probability of switching species, we need to separate the change in probability due to 

future climate from the change in probability due to adaptation that has happened in the baseline 

with an absence of climate change. My “baseline scenario” gives us the probability of switching 

in the absence of climate change. Therefore, the difference in probabilities between my “baseline 

scenario” and “climate change scenario” gives us the discrete effect of a 90-year climate path on 

the probability of adaptation. The discrete effect of the climate path reflects the combined effects 

of simultaneous changes in climate variables over a 90 year period on all relevant timber 

management decisions and natural outcomes (harvest, replanting, natural disturbance), which are 

also heterogeneous across plots. This is the major difference from the marginal effects that I 

discussed in section 3.1, in which each marginal effect only reflects a small change in each 

climate variable over a ten-year period while holding everything else constant.  

One way to think about the discrete effect of climate path is the following (see Figure 

5.11). I am interested in the effect of climate change on adaptation. I hold everything else (e.g., 

timber price) that could affect the replanting decisions constant. By subtracting the probabilities 

of switching in my baseline scenario, I am also accounting for non-climatic factors that could 

have affected their recent replanting decisions. The difference in probabilities is the discrete 

effect of future climate change on switching forest types. 
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Figure 5.11: Illustration of forest stocks in each scenario 

 

Figure 5.12 explores the spatial distribution of the discrete effect of climate change at the 

plot level (top) and the county level (bottom); the left two maps show the discrete change due to 

climate change, and the right two maps illustrate the discrete change due to carbon prices. In 

other words, the left two maps present the difference in probabilities of switching between my 

“baseline scenario” and “climate change scenario,” while the right maps present the difference 

between “climate change scenario” and “climate change/carbon price scenario.” The changes are 

quite diverse especially in the west of the Cascades, ranging from a large decline in the 

probability of 64% to an increase up to 74%. It shows that the climate change reduces the 

probability of switching to a different tree species (negative numbers in Fig. 5.12) on average 

parts of western Oregon and Washington, as well as counties with higher elevations in the Sierra 

Nevada, California. In contrast, climate change increases the probability of switching to a 

different tree species (positive numbers in Fig. 5.12) in large swaths of the landscape including 

most of the forests in the eastern part of the Pacific Northwest. 

Simulation of one plot

Clear-cut and 

replanting decision 
made in the last ten 

years
Climate change 

scenario

Future climate change

Base case scenario

No climate change
Current market 

condition, climate, 
and other factors
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Figure 5.12: Discrete effect of climate change on probability of adaptation - effect of climate 

change (left) and effect of carbon price (right) 

 

To better understand the heterogeneity of the results across plots, I grouped the discrete 

effect of climate change and carbon price separately by region and initial forest type (Table 5.1). 

It shows that results depend on initial forest type; for example, if a landowner in western Oregon 

has a Douglas-fir forest, the discrete effect of climate change on switching his forest to a 

different species than Douglas-fir is 6 percentage points, and conversely, the probability that he 

keeps his forest in Douglas-fir is 6 percentage points lower. If the same landowner instead has 

hardwood forest growing on his plot, climate change reduces the probability of switching out of 

hardwoods by 12.7 percentage points because the current forest type is already better adapted to 

the future climate than the other tree species options.      
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Table 5.1: Discrete effect by region and initial forest type 

 
Initial forest 

type 
Count 

Average discrete effect of 

climate change 

Average discrete effect of 

carbon price 

 1 189 5.0% 7.1% 

 2 97 2.1% 4.4% 

West California 3 9 -1.3% 0.7% 

 4 255 -1.0% 2.8% 

 5 274 -1.3% 4.6% 

 6 660 -0.9% 1.9% 

 1 42 7.3% 7.7% 

 2 55 4.9% 7.6% 

East California 3 1 7.6% 21.0% 

 4 120 -4.3% 0.6% 

 5 17 5.3% 11.2% 

 6 158 -1.9% 3.3% 

 
Initial forest 

type 
Count 

Average discrete effect of 

climate change 

Average discrete effect of 

carbon price 

 1 1012 6.1% 9.9% 

 2 35 -7.6% 5.0% 

West Oregon 3 115 -3.6% 2.7% 

 4 36 -7.1% 4.0% 

 5 9 -6.9% 1.5% 

 6 409 -12.7% -2.8% 

 1 92 6.5% 3.8% 

 2 84 3.2% 3.5% 

East Oregon 3 1 1.2% 2.3% 

 4 289 1.6% 2.9% 

 5 263 3.5% 2.7% 

 6 40 4.9% 2.1% 

 
Initial forest 

type 
Count 

Average discrete effect of 

climate change 

Average discrete effect of 

carbon price 

 1 791 0.8% 10.5% 

 2 51 -6.3% 9.5% 

West Washington 3 342 -3.1% 5.1% 

 4 0 NA NA 

 5 11 -9.6% -1.5% 

 6 394 -13.3% -3.9% 

 1 382 5.1% 3.0% 

 2 96 2.5% 3.5% 

East Washington 3 29 3.6% 2.5% 

 4 339 6.8% 3.7% 

 5 62 3.5% 1.3% 

 6 86 4.5% 1.0% 

Note: Initial forest type indicates 1: Douglas-fir, 2: fir/sitka spruce, 3: hemlock/spruce, 4: ponderosa pine, 5: other softwood, and 6: hardwood. 

As shown in Table 5.1, the discrete effect of climate change and carbon prices varies 

across initial forest types. They also vary across the species types that the plots are switching to. 

The initial forest type matters as the incentive or disincentive from climate change on switching 

species depends on the suitability of the current species to changes in climate. The final species 

type is the results of the landowner’s response to such incentives and disincentives, whether he 

decides to stick to his current species or he decides to switch to a different species. To examine 

the variation of discrete effects across the final species type, I calculate the discrete effects of 
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climate change and carbon prices on switching to each species type using the following method. 

Among the simulated 1,000 landscapes in each scenario, I calculate the probability that plots 

switch from the current forest type to each of the six possible final forest types. For example, in 

the following simplified version of just four simulated landscapes, plot A’s initial forest type was 

Douglas-fir, and 50% of the simulated landscapes include this plot switching to a different 

species, half of which is to ponderosa pine and another half to hardwood. Then the probability of 

switching to ponderosa pine is 25%. I do the same calculation for my baseline and climate 

change/carbon price scenario too. Then I subtract the species-specific probabilities of switching 

under the baseline scenario from the corresponding probabilities under the climate change 

scenario to get the discrete effect of climate change. Similarly, I subtract the climate change 

scenario from the probabilities under the carbon price scenario to obtain the discrete effect of 

carbon prices.     

Figure 5.13: Illustration of probability of switching by final species 

Plot Current Landscapes    
Simulated landscapes in 

2100    
% to 
DF 

% to 
FIR 

% to 
HEM 

% to 
PP 

% to 
OS 

% to 
HW 

A 1 1 1 1   1 4 1 6   0 0 0 0.25 0 0.25 

B 4 4 4 4   4 5 4 6   0 0 0 0 0.25 0.25 

C 3 3 3 3   6 6 3 3   0 0 0 0 0 0.5 

D 2 2 2 2   2 4 1 5   0.25 0 0 0.25 0.25 0 

 

Recall that the simulation results presented in Section 5.1 and 5.2 are based on the 

discrete outcomes that are translated from the probabilistic estimation of decision making. The 

landscape change is based on the plot-level acreage in each species averaged across the 1,000 

simulated landscapes, each of which is the result of a discrete outcome of events. The results that 

I am going to present next are based on the distribution of the probabilities associated with each 

landscape outcome (i.e., switching to specific species) across all 1,000 simulated landscapes. The 
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discrete effect of the climate path on switching to a different species indicates the magnitude of 

adaptation on the replanting choice. While my simulation results in the previous sections 

illustrate the most likely landscape based on the simulation results, the magnitude of adaptation 

complements the results by explaining the likelihood of the realization of a landscape, as well as 

providing more specific estimates of discrete effects of climate change on switching to each 

species. Figure 5.14 presents the discrete effect of climate change on probabilities of forest plots 

switching to new species types. Each column represents the simulated change in probability by 

each final species type. For example, the future climate path reduces the probability of non-

Douglas-fir forest switching to Douglas-fir forest in 2100 in red-colored counties, while it 

increases the probability in blue-colored counties in higher elevation.        

Figure 5.14: Discrete effect of climate change on switching to each species, by plots (top) and by 

county (bottom)  
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Table 5.2: Discrete effect of a 90-year climate change path across the final species types 

 
Switch to DF Switch to FIR Switch to HEM Switch to PP Switch to OS Switch to HW 

West California -1.8% 1.0% -0.3% 1.4% -0.8% 0.5% 

East California -2.6% 0.7% 0.0% 2.3% -0.9% 0.0% 

West Oregon -4.5% 1.5% -3.7% 1.9% 0.7% 3.9% 

East Oregon -0.6% 2.9% 0.3% 0.6% -1.3% 1.2% 

West Washington -4.9% 0.2% -3.1% 0.0% 0.8% 3.1% 

East Washington 0.5% 1.7% 0.5% 0.7% 0.2% 1.5% 

  

Figure 5.15 reports the change in probabilities of switching to each species due to carbon 

prices, followed by the regional breakdown of discrete effects. 

Figure 5.15: Discrete effect of a 90-year path of carbon prices on switching to each species, by 

plot (top) and by county (bottom) 
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Table 5.3: Discrete effect of carbon prices by region 

 
Switch to DF Switch to FIR Switch to HEM Switch to PP Switch to OS Switch to HW 

West California -0.3% 0.5% 0.0% 1.8% 0.1% 1.3% 

East California -0.2% 0.1% 0.0% 3.3% 0.4% 0.4% 

West Oregon -1.7% 0.6% -0.3% 1.2% -0.1% 6.2% 

East Oregon -0.1% 0.1% -0.1% 0.6% 1.3% 1.2% 

West Washington -2.4% -0.1% -1.0% 0.0% 2.3% 6.7% 

East Washington 0.1% -0.5% -0.2% -0.2% 2.1% 1.6% 

Figure 5.14 depicts the magnitude of the climate change effect on switching to each 

species at the landscape level. The trend is an overall decline in the probability of replanting 

Douglas-fir and hemlock/sitka spruce forests, while the likelihood of switching to ponderosa 

pine and hardwood increases in general. The average percentage-point difference by region 

shown in Table 5.2 (discrete effect of climate change path) confirms the trend, but the numbers 

may seem rather small. It is important, however, to remember that this is the landscape-level 

change, which includes both replanted and non-replanted plots. A change in replanting choice 

happens much more drastically, but it takes time until such change is reflected in the landscape 

due to the long rotation lengths in this region. 

Figure 5.15 illustrates that the carbon price scheme encourages hardwoods in becoming 

the most likely main species of the forest landscape. Table 5.3 indicates that the positive effect 

from a carbon price is most prominent in western Oregon (6.2 percentage point increase) and 

Washington (6.7 percentage point increase).   
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6 IMPACT ON WILDLIFE SPECIES HABITAT 

6.1 Motivation 

Climate change and land-use change are widely considered to be two primary causes of 

ecosystem change and biodiversity loss. Biodiversity is characterized by species richness – the 

number of different plant and animal species that spend all or part of their lifecycle in a 

particular area (Washington Department of Fish & Wildlife, 2015). Changes in biodiversity are 

intensified if human influence causes loss of wildlife species habitat, which leads to loss of 

species diversity. Climate change is expected to be the dominant driver of biodiversity loss 

through shifts in species distributions, changes to existing ecological communities, and altered 

ecosystem functions (Pachauri et al., 2015). Private landowners and public decision-makers 

adapt to both climatic and ecological effects, as well as new policies aimed at mitigating 

damages from such changes. However, to date, most published research has focused on the 

effects of either land use or climate change, not the interactions between them. Moreover, 

although habitat loss through conversion, fragmentation, and degradation is identified by state 

agencies as the main conservation challenge, there is little attention to human-induced changes 

within forestry due to adaptation to climate change, and their resulting impact on wildlife species 

habitat. 

My results indicate a gradual shift in forest composition away from the currently 

dominant coniferous forest to non-coniferous forest in the northwestern portion of my study 

region. Although landscape change takes time given the long time horizon of harvest and 

replanting practice, its speed and rate of change are highly heterogeneous across space. Many of 

the affected forests correspond to the existing habitat of wildlife species that have been identified 
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as either threatened or concerned by state agencies. Of particular note are the species that have 

been adapted to specific forest types, or “habitat specialists,” such as the marbled murrelet and 

red tree vole. However, it is difficult to understand the impact of climate-driven forest change on 

these species’ habitat unless we combine their current habitat and the projected changes in the 

forested landscape. This section examines the geographic locations and magnitude of suitable 

forest type change (both loss and gain) associated with different wildlife species.  

In this section, I present the application of my landscape change projection to analyzing 

the impact on current wildlife species habitat. My focus is on species that use a limited number 

of forest types, i.e., habitat specialists to at least some degree. To identify the habitat specialists 

and link the forest composition change to their habitat range, I collaborated with Dr. John C. 

Withey, an ecologist at the Evergreen State College. As an expert in wildlife biology, Dr. Withey 

plays a primary role in this research by identifying suitable habitat for each species, thus linking 

the habitat to my FIA forest types, as well as in identifying the geographical range of these 

habitats, thus associating each FIA plots with the habitat range. My simulation results account 

for individual forest land-use decisions at the plot level based on observed forest management 

decisions and plot-level characteristics. They portray the future landscape as a result of deliberate 

human adaptation actions happening at the plot level as well as the direct effect of climate 

change. This plot-level change in forest composition is used to evaluate the effects of projected 

changes to forests on multiple wildlife species native to the U.S. west coast.  

6.2 Method 

We created a list of wildlife species of potential conservation concern that occur in 

California, Oregon, and Washington from state wildlife agency lists (California Department of 
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Fish and Wildlife, 2005; Oregon Department of Fish and Wildlife, 2016; Washington 

Department of Fish & Wildlife, 2016). The Oregon Department of Fish and Wildlife identifies 

294 species as Oregon’s “species of greatest conservation need.” The species are defined as 

having small or declining populations, are at-risk, and are of management concern (Oregon 

Department of Fish and Wildlife, 2016). The Washington Department of Fish and Wildlife 

catalogs a list of species considered to be priorities for conservation and management that 

consists of 268 species (Washington Department of Fish & Wildlife, 2015). Similarly, the 

California Department of Fish and Wildlife designates 154 animals as the state and federally 

listed endangered and threatened animals (California Department of Fish and Wildlife, 2005).  

We obtained species range maps and distribution models from the U.S. Geological 

Survey National Gap Analysis Program (U.S. Geological Survey, 2017). GAP uses known 

species-habitat associations and geographic range information to assess the distribution and 

conservation status of hundreds of wildlife species in the U.S. (Boykin et al., 2010; Scott et al., 

1993). We also obtained the GAP land cover layer which uses the NatureServe ecological system 

classification. Ecological systems represent “recurring groups of biological communities that are 

found in similar physical environments and are influenced by similar dynamic ecological 

processes, such as fire or flooding” (Comer et al., 2003).
55

 We assume that species’ geographic 

ranges and habitat associations will remain static despite the potential of climate change to alter 

both, which is the same assumption used in a previous national-scale study projecting broad 

land-use changes on habitat (Lawler et al., 2014). 

                                                 
55

 Descriptions of ecological systems and data layers are available online (www.natureserve.org). 
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GAP provides geographic range information as a list of hydrologic unit code (HUC) 

watersheds that are part of a species’ range.
56

 If the GAP species distribution model
57

 showed a 

species occupying additional HUC watersheds we included those in our overall species range 

layer in ArcGIS analysis. Our final species range is expressed in a raster layer with values for 

occupied 30-meter pixels of 1 for the winter season, 2 for permanent residents, and 3 for the 

breeding season. We used this range layer to select all of the FIA plots within that layer for use 

in a given species’ habitat change calculation.  

In order to determine which FIA forest types should be considered suitable breeding 

habitat for a given species, we used three sources of species-specific habitat use information. The 

first was the state wildlife agency reports that we used to build our list of potential species. The 

second was the NatureServe online database, which includes information under each species on 

habitat associations.
58

 The third was a de novo spatial analysis using the “Tabulate Area” tool in 

ArcGIS. We used a species’ GAP distribution model and the GAP land cover raster to calculate 

the total area of each GAP land cover class that overlapped lands considered as a species’ 

breeding or permanent resident.  

At the end of this process, we have two sets of data: each FIA plot is assigned a binary 

value of 0 or 1 depending on whether they are located within each species’ habitat range, and a 

binary value assigned to each FIA forest type for each species that indicates suitable breeding 

habitat. We calculate the percentage of habitat available to each species in our list, based on a 

number of different summary statistics of the entire species range and ecological systems. We 

                                                 
56

 GAP defines a species range as a coarse representation of the total areal extent of a species or the geographic 

limits within which a species can be found (Morrison and Hall, 2002). 
57

 GAP defines a species distribution as the spatial arrangement of environments suitable for occupation by a 

species.  
58

 Data is available from http://explorer.natureserve.org/index.htm. 
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produce the summary statistics for each scenario of baseline, climate change, and carbon pricing. 

Out of the entire list of concerned species, we narrowed it down to 167 species that are habitat 

specialists in forestland with species-specific habitat use data available. In this dissertation, I will 

focus on seven species that we identified as habitat specialists: flammulated owl (Psiloscops 

flammeolus), Lewis’s woodpecker (Melanerpes lewis), white-breasted nuthatch (Sitta 

carolinensis aculeate), ringtail (Bassariscus astutus), fisher (Martes pennanti), marbled murrelet 

(Brachyramphus marmoratus), and northern spotted owl (Strix occidentalis caurina).
59

 The 

flammulated owl has a strong preference for ponderosa pine and Jeffrey pine throughout its 

range. They prefer mature growth of more than 100 years old with an open canopy and avoid 

dense young stands. Lewis’s woodpecker is closely associated with old-growth ponderosa pine 

forest. White-breasted nuthatch is most frequent in open woodlands of mature trees, primarily 

oak or pine trees. Ringtail typically prefers desert scrub, chaparral, pine-oak and conifer 

woodland. Fisher’s habitat occurs only at mid to lower elevation in mature conifer and mixed 

conifer/hardwood forests characterized by dense canopies and abundant large trees (Powell and 

Zielinski, 1994). Breeding habitat for marbled murrelet and northern spotted owl is an old-

growth coniferous forest. Table 6.1 summarizes habitat – FIA forest type matrix in which 1 

indicates habitat. Figure 6.1 presents FIA plots that are included in the species’ habitat range 

expressed in green color. I calculated the median percentage of suitable forest types across the 

FIA plots within the range at each spatial scale: the entire habitat range, Level I and Level III 

ecoregions
60

, and state
61

. The results are presented in the next section.  

                                                 
59

 Figure E2 in Appendix E has photos of each species for reference. 
60

 Ecoregions are areas where ecosystems are generally similar. Level I ecoregions and Level III ecoregions classify 

12 ecoregions and 105 ecoregions, respectively, in the continental U.S. For more information, refer to 

https://www.epa.gov/eco-research/ecoregions. Figure E1 in Appendix E has maps of Level III ecoregions. 
61

 I only present results at entire habitat range and ecoregions in this section. For the state-level results, please see 

Figure E3 in Appendix E.  

https://www.epa.gov/eco-research/ecoregions
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Figure 6.1: FIA plots included in species habitat range 
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Table 6.1: Association of species habitat and FIA forest types 

 Douglas-fir Fir/Spruce Hemlock Ponderosa Other 

softwood 
Hardwood 

Marbled Murrelet 1 1 1 0 1 0 

Flammulated Owl 1 0 0 1 1 0 

Northern Spotted Owl 1 1 1 0 1 0 

White-breasted Nuthatch 1 1 0 1 0 1 

Lewis’s Woodpecker 1 0 0 1 0 1 

Ringtail 0 1 0 1 1 1 

Fisher 1 1 1 0 1 0 

It is worth mentioning that some species such as white-breasted nuthatch and Lewis’s 

woodpecker can use both coniferous and hardwood forest types as habitat. Combined with their 

relatively wide habitat range, they are better equipped to cope with climate change, which is 

shown in my results presented in the next section. On the other hand, species that depend on the 

coniferous forest, Douglas-fir in particular, such as marbled murrelet and fisher, have more 

potential to be negatively impacted by the landowners’ adaptation behaviors of switching away 

from Douglas-fir. An important constraint to this analysis is that it does not consider changes on 

public lands. In the case of old-growth specialists, they are not expected to use younger forests 

on private lands, regardless of the species being planted. Another caveat is that we are projecting 

Northern Spotted Owl 
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change in suitable forest types, not in species habitat. Projection of change in habitat requires 

incorporating stand age into the model as many species depend on old-growth forests. An 

improvement to this study, therefore, would be to include plot-level age information, which is 

one of the forested landscape outcomes from my simulation results.     

6.3 Results 

6.3.1 Time paths of suitable forest type change 

Forestland suitable for each of the seven wildlife species would all decline in all three 

scenarios. Figure 6.2 shows the time path of total suitable forest type percentage in climate 

change scenario. For example, 97% of the ringtail’s current habitat range shown in Figure 6.2 is 

in their suitable forest type shown in Table 6.1. As forest types change as landowners adapt to 

climate change, a share of the forest in their suitable type declines to 87% by 2100. 

Figure 6.2: Suitable forest type change under climate change scenario 
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Because Lewis’s woodpecker and 

white-breasted nuthatch can use both Douglas-

fir and hardwood forests, their suitable forest 

is not expected to decline as much as other 

species. If we look at changes at the ecoregion 

level, we observe considerable spatial 
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variation; some regions see a gain in suitable forest type instead of a loss, and the degree of loss 

is highly heterogeneous across ecoregions (Figure 6.3).
62

 For example, although overall suitable 

forest type of Lewis’s woodpecker only declines less than 10% over the next 100 years, a decline 

in the Blue Mountains ecoregion is close to 30%. Changes at the ecoregion level are subtle for 

the white-breasted nuthatch. For the fisher, there is a substantial regional variation in the 

direction of change, in which half of the regions gain and the other half lose at various degrees. 

northern spotted owls gain their suitable forest type in the Klamath Mountains/California North 

Coast Range and Columbia Plateau
63

 while losing in most of their main habitat areas. Note that 

the regions that gain suitable forest type are already within the species’ habitat range today, so it 

does not mean that they shift from non-habitat to habitat over time. Rather, it means that the 

regions will have more suitable forest types that encourage the breeding of the species. 

Figure 6.3: Suitable forest type change at ecoregion level 

                                                 
62

 Legend presents each ecoregion in order represented in line graph from top to bottom. I excluded ecoregions that 

only have less than 20 FIA plots associated as the species’ suitable habitat. 
63

 Caution is warranted as there are only 40 FIA plots included as northern spotted owls’ habitat in the Columbia 

Plateau. Table E1 in Appendix E lists number of FIA plots included as habitat for each ecoregion and species. 
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Looking at the combined effect, Figure 6.4 shows the average suitable forest type change 

in percentage terms over 100 years across seven species, where the orange color indicates loss 

and the green colors indicate gains (darker shade of green indicates higher percentage change). 
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Brown bars and blue bars indicate the number of species that lost suitable type and gained it, 

respectively. With only seven species included, it is not yet indicative of a loss of biodiversity, 

but as we add other 160 species to the study in future publications, we will be able to locate the 

regions of highest biodiversity concern.  

Figure 6.4: Average suitable forest type change across seven species under climate change 

scenario 

 
 

 

6.3.2 Effect of climate change 

Time paths of suitable forest type under climate change reflect the impact of changes in 

recent adaptation behavior due to current climate and timber prices, as well as future climate 

change. Therefore, the suitable forest type might have been on a decreasing path anyway 

irrespective of changes in future climate. To tease out the effect of future climate change, I took 

the difference in suitable type percentages between my climate change scenario and the baseline. 

Figure 6.5 illustrates that except for ringtail (and white-breasted nuthatch, albeit in a much 
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smaller degree), climate change has a negative influence on suitable forest type. Although the 

suitable forest type for ringtail declines the in climate change scenario, the effect of climate 

change is positive for the species due to their dependence on non-Douglas-fir forest types, which 

are expected to expand with climate change. As expected, species specializing in Douglas-fir 

forests that are not able to substitute with either Ponderosa Pine or hardwood (i.e., marbled 

murrelets, fisher, and northern spotted owls) suffer a larger loss in their suitable forest types due 

to climate change in the future. Another point worth mentioning is that the change is often not 

linear; the rate of decrease in suitable forest type is modest in the first few decades followed by a 

more drastic decrease in the latter half of 100-year period. This point is particularly relevant to 

the conservation policy that requires understanding the timing and magnitude of habitat change, 

in addition to the final state of the landscape. Such information would be helpful, for example, 

when determining the efficient spatial-temporal conservation plan within a limited budget.      

Figure 6.5: Effect of climate change on species’ suitable forest type 
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 Figure 6.6 breaks down the effects in each Level III ecoregion. As landowners shift to 

other softwoods besides Douglas-fir and hemlock, as well as ponderosa pine and hardwood, 

ringtail benefits from this landowner adaptation. The overall effect of climate change on marbled 

murrelet’s suitable forest type is negative. Although shares of their suitable forest type in the 
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Klamath Mountains/California High North Coast Range and the Central California Foothills and 

Coastal Mountains both increased under climate change for marbled murrelet, Figure 6.6 

indicates that in the absence of climate change, the gain would have been even larger. For fisher, 

the results imply that the species’ suitable forest might shift eastward within its current habitat 

range. The suitable forest type in their current major habitat, Klamath Mountains/California High 

North Coast Range and Coast Range, shrinks while their suitable forest in Eastern Cascades 

Slopes and Foothills increases. The effects on flammulated owl habitat are mixed, although the 

overall long-run trend is a slow decline. White-breasted nuthatch gains slightly from climate 

change relative to the baseline in most of the regions. Lastly, northern spotted owls lose their 

suitable forest type in their major habitat regions, Eastern Cascades Slopes, Foothills and 

Klamath Mountains/California High North Coast Range, and Coast Range.   

Figure 6.6: Effect of climate change in each ecoregion 
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Finally, Figure 6.7 illustrates which ecoregion will be most affected by climate change 

for the seven selected species. I calculated, for each ecoregion, the average value of absolute 

effects from climate change (i.e., the difference between climate change scenario and baseline) 

across species. Darker shades of brown indicate larger effects of climate change on the species’ 
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suitable forest types on average. Bar graphs represent the number of species with positive effects 

(green) and the number of species with negative effects (brown). 

Figure 6.7: Regional summary of climate change effect 

 

   

6.3.3 Effect of carbon prices 

Now I present the results examining the impacts of the carbon price scenario on suitable 

forest types, as measured by the difference in the percentage of suitable forest types between my 

carbon price scenario and climate change scenario. When we add a carbon price scheme to the 

climate change scenario, how much additional suitable forest type will be lost (gained)? The 

combined effects of climate change and carbon price, therefore, will be the sum of these two 
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effects. I will start with looking at the entire habitat range first, followed by the regional 

variations of carbon price effect on each species’ suitable forest type.  

Figure 6.8 presents the combined effect of climate change and carbon prices (“CC + CP”) 

and the effect of climate change (“CC”) at the entire habitat range. The difference is the effect of 

carbon prices. It is clear that the carbon price further accelerates the change that occurs with 

climate change except for the white-breasted nuthatch (the effect of the carbon price for nuthatch 

is very small). The carbon price impacts marbled murrelet and northern spotted owls more 

significantly than climate change alone. On the other hand, the impact from carbon prices on 

ringtail, although reinforcing the positive effect from climate change, is very small.  

Figure 6.8: Combined effect of climate change and carbon price by the habitat range 
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When we look at the regional breakdown of the carbon price effect (Figure 6.9)
64

, 

however, there is a considerable variation across regions. For some ecoregions such as the 

Cascades for marbled murrelet and northern spotted owl as well as the Coast Range for 

flammulated owl, the impact of the carbon price on change in suitable forest types is larger than 

that of climate change. We also observe that the effect of carbon prices is sometimes intensified 

at the regional level, even though the carbon price might not have much effect at the entire 

habitat range level (e.g., ringtail). 

                                                 
64

 Figure 6.9 shows the effect of carbon prices only, not the combined effect of climate change and carbon prices. 
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Figure 6.9: Effect of carbon price in each ecoregion 
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The carbon price could either benefit or hurt specific species in each ecoregion. Figure 

6.10 highlights the regions with the largest effect from carbon prices calculated as the average of 

absolute values of carbon price effect (i.e., the difference between carbon price scenario and 

climate change scenario) on each species by 2100.  

Figure 6.10: Regional summary of carbon price effect   

 

Darker shades of brown represent larger effects. 

Bar graphs indicate the number of species with a 

negative effect (brown) and positive effect (green).  

Carbon price seems to have larger effects in 

Washington and Oregon than in California, and 

especially in the west and along the Cascades. 
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7 IMPACT ON NATURAL DISTURBANCE 

In the previous sections, I focused on the landscape results of changes in the forest 

replanting choice. Climate change alters the ranking of species for replanting, which then 

changes timing and intensity of harvest. However, climate change also affects the occurrence of 

natural disturbance directly, which affects the marginal benefit of waiting to harvest and so also 

influences the harvest decision. The natural disturbance outcome is modeled as endogenous in 

the landscape simulations as the landowners’ harvest and replanting decisions determine the 

probability of disturbance events in the future, and in turn, are a direct function of the probability 

of disturbance. Although this simultaneous nature of the management decision-making is an 

underlying feature of the dissertation, I have not yet emphasized how natural disturbance – 

occurrence and severity – change as the climate changes and the landowners adapt accordingly. 

In this section, I shift my focus to this important part of my model and discuss the impact of the 

landowners’ adaptation behavior on natural disturbance events, as well as the effect of carbon 

prices on the disturbance outcome. Key questions addressed here are: 1) Will natural disturbance 

occurrence increase with climate change when forest landowners adapt their forest management 

behaviors?; and 2) How will the carbon price scenario affect the outcome of natural disturbance?   

7.1 Climate change impact 

To understand the mechanisms in which natural disturbance outcomes are influenced by 

climate, it is helpful to remember that forestland is changing not only because of the direct effect 

of climate (e.g., becoming drier) but also because the landowners are actively changing their 

harvest timing, intensity, and replanting choices (e.g., clear-cut now and switch to ponderosa 
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pine). These direct and indirect effects of climate change affect the modeled natural disturbance 

outcomes.   

Change in climate affects the landowners’ replanting choice as it alters the relative 

preference of tree species – relationship expressed in the equation (1) – as certain species are 

more resilient to future climate. The change in the replanting choice consequently alters the long-

term land value of a plot, which then impacts the harvest decision (equation 3). This point is a 

major departure from the previous literature that assumes there are no means for mitigating 

natural disturbance hazards through landowner actions, except for shortening the rotation age 

(Amacher et al., 2009). Through the active adaptation behavior of replanting adjustments, the 

landowners have another lever besides rotation decisions with which to cope with climate 

change. For example, the marginal effect of lower precipitation on choosing to clear-cut is -0.6% 

if I only change precipitation in the natural disturbance nest while holding constant the 

precipitation effect on the replanting choice (i.e., the precipitation variable is held fixed in the 

replanting nest); but the marginal effect of lower precipitation is -0.3% if I allow the 

precipitation variable to change in both the natural disturbance and in the replanting nests. This 

implies that by allowing landowners to choose the best alternative forest type to mitigate the 

adverse effect of climate change, we also account for the change in cost and benefits of 

harvesting due to their replanting decisions. In this precipitation example, an increase in natural 

disturbance due to lower precipitation causes a loss in the land value, thus decreasing the 

marginal benefit of harvest, which discourages clear-cut. However, being able to capture the 

improved land value by switching to a better-suited forest type encourages clear-cutting earlier, 

and my model shows a lower disincentive for clear-cut arising from the reduction in 

precipitation. This is the benefit of using the nested logit framework that allows multiple 
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decisions and events in the lower nest (replanting, natural disturbance) to feed into the decisions 

at the upper nest (harvest).
65

     

Figure 7.1 shows the difference in the percentage change in acres naturally disturbed by 

2100 between the baseline scenario and the climate change scenario. For example, if the area 

affected by natural disturbance increases by 30% in the climate change scenario, while the 

increase is by 15% in the baseline scenario, the net change will be +15%.   

Figure 7.1: Effects of climate change on natural disturbance: Difference in percentage change in 

acres affected by natural disturbance with and without climate change 

 

The map in Figure 7.1 indicates that climate change increases natural disturbance 

primarily in the west of the Cascades. The previous section illustrated the main shift in replanting 

choice in this region – a shift from Douglas-fir to hardwood. Hardwoods are estimated to have a 

                                                 
65

 The presence of natural disturbance also adds a risk factor to an opportunity cost of harvest in the form of higher 

discount rate (Amacher et al., 2009; Reed, 1984), leading to a shorter rotation. Although this theoretical argument 

could be numerically tested as in Reed (1984), empirically incorporating such risk of fire arrival is not feasible and 

outside of the scope of this dissertation.     

Effects of climate change on natural disturbance:
Difference in occurrence with and without climate change
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higher probability of natural disturbance than Douglas-fir, which indicates that the shift from 

Douglas-fir to hardwood would increase the probability of disturbance. Furthermore, climate 

variables, precipitation in particular, have significant effects on natural disturbance events. 

Recall that the region is expected to become drier on average by 2100 (Figure 4.1), which 

implies that the probability of natural disturbance occurrence will be higher, ceteris paribus. 

 Figure 7.2 summarizes how climate change affects clear-cut decisions relative to the 

baseline scenario. It shows the difference in percentage change in clear-cut acreage between now 

and the future. Since clear-cut acreage fluctuates across time-steps, I took an average across a 

30-year time horizon. Therefore, the percentage change in clear-cut in each scenario is the 

change in acreage clear-cut on average across 2070-2090 compared to the average acreage clear-

cut in 2010-2040.  

Figure 7.2: Climate change effects on clear-cut - Difference in clear-cut choice with and without 

climate change 

 

For example, if acres clear-cut decreased 

by 19% during that time in a climate change 

scenario while it increased by 4% in baseline, 

the percentage difference shown on the map is -

23%. With climate change, clear-cut harvest 

decreases in the west side of the Cascades, which 

explains partly why natural disturbance events 

increase in the same area. 

Climate change effects on clear cut
Difference in clear cut choice with and without climate change

-71% - -50%

-49% - 0%

1% - 15%

16% - 50%

51% - 86%

No change/too few plots
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7.2 Carbon price impact 

When the carbon price path is introduced, it affects forest management through multiple 

channels: 1) an increase in species-specific rents as an additional carbon payment; 2) a penalty in 

emitting carbon at the time of clear-cutting; and 3) an additional benefit from waiting for 

incremental carbon sequestration. The first channel affects the replanting decision, and the rest 

affect the harvest decision. The carbon price does not affect the natural disturbance nest directly, 

but rather indirectly through changes in replanting and harvest behaviors, which have 

consequences on the probability of natural disturbance in future time steps. This is because each 

tree species type has a varying degree of susceptibility to natural disturbance as indicated in the 

species-specific parameter estimates in the natural disturbance estimation, as well as the fact that 

unharvested plots are more prone to natural disturbance risks.   

Figure 7.3 shows the difference in percentage changes over 90 years in naturally 

disturbed acreage between the carbon price scenario and climate change scenario. For example, 

if the acres disturbed increased by 39% under climate change while it increased by only 17% in 

the carbon price scenario, the difference shown on the map is -22%. Figure 7.3 shows that the 

carbon price mitigates natural disturbance as expressed in reduction of such occurrence in many 

parts of the study region. As carbon prices alter the rankings of tree species for replanting, they 

create new incentives to switch to other species that generates higher rents, which encourages 

clear-cutting and starting a new rotation of forest with the new species. Figure 7.4, which depicts 

the percentage-point difference of change in clear-cut acres (same as in Figure 7.2) between the 

carbon price scenario and the climate change scenario, illustrates this point: the carbon price 

increases clear-cut acreage in most of the study region.  
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Figure 7.3: Effects of carbon price on natural disturbance - Difference in percentage change in 

acres affected by natural disturbance with and without carbon prices 

 

Figure 7.4: Carbon price effects on clear-cut - Difference in clear-cut choice with and without 

carbon price 

 

As mentioned earlier, one of the contributions of this research is to model carbon prices 

jointly in the replanting decision as well as the harvest decision. Previous literature has focused 

Effects of carbon price on natural disturbance:
Difference in occurrence with and without carbon price

-45% - -25%

-24% - -10%

-9% - 0%

1% - 10%

No change/too few plots

Carbon price effects on clear cut
Difference in clear cut choice with and without carbon price

0% - 25%

26% - 50%

51% - 100%
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No change/too few plots
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on the impact of carbon prices in harvest choice and generally concluded that they lengthen 

rotations (Guthrie and Kumareswaran, 2008; Susaeta et al., 2014; van Kooten et al., 1995). To 

better illustrate the difference between the findings in the previous literature and this study, I 

simulated the carbon price scenario with the carbon price affecting only the harvest decision 

through changes in the marginal benefit and cost of harvest, but not the replanting decision. In 

other words, carbon payments are not added to the species-specific timber rents that the 

landowner is considering when optimally choosing the forest type to replant.  

Figure 7.5 shows the results; in line with the findings in previous studies, clear-cut 

harvest declines as a carbon price is introduced if the landowner is not allowed to adapt through 

replanting different forest types. The starkly different results shown in Figure 7.4 and Figure 7.5 

are due to our methodological differences: I account for the simultaneous effect of carbon prices 

on replanting decisions and the harvest decision. 

Figure 7.5: Carbon price effects on clear-cut - Effects reflected only on harvest choice (no 

adaptation through replanting to different forest types) 

 

Carbon price effects on clear cut (effects reflected on harvest choice only)
Difference in clear cut choice with and without carbon price

-29% - -15%

-14% - -5%

-4% - 0%
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7.3 Burn severity 

Although the overall natural disturbance probability increases with climate change in my 

projection, wildfire events are projected to be nonexistent if they were historically absent in the 

county. This is because I use the historical share of each natural disturbance occurrence to 

determine the breakdown of projected natural disturbance events: disease, insect damage, or 

wildfire.
66

 Therefore, even if natural disturbance might be expected to increase in the simulation, 

if none of the past natural disturbance events were wildfires, I cannot project a sudden onset of 

wildfire occurrence. However, the impact of the future climate is reflected on changes in the 

severity of wildfire, which is expected to increase as climate change intensifies. Therefore, even 

though the binary occurrence of wildfires is constrained by empirical data (i.e., I am assuming 

that, if wildfire didn’t happen in the past 10 years in a county, it wouldn't happen there in the 

future), the model uses the severity of burns to capture the impact of climate change on wildfires. 

 Figure 7.6 summarizes the current share of severity in the bars, 1 (unburned to low) 

through 4 (highest) in each county today (left) and in 2090 (right). The darkest green color is the 

least severe (severity 1) and the orange color is the highest severity (severity 4). Background 

colors represent the degree of burned acreage with the lightest color indicating the smallest 

acreage and the darkest color indicating the largest acreage.
67

 Note that burn severity is 

conditional on wildfire events (i.e., if there is no fire, there is no way to assign a burn severity).  

                                                 
66

 An alternative approach would be to model each type of natural disturbances separately so that the probability of 

occurrence could be updated with the projected climate variables. This approach, however, would require 30 more 

parameters to be estimated, thus risking convergence in estimating the nested logit model.   
67

 The white-colored counties are those that have no historical wildfires recorded in the FIA. Note that MTBS burn 

severity map (Figure 2.7) shows some historical fires in these counties, but it includes every wildfires including on 

the federally owned forest land.  
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Figure 7.6: Share of wildfire burn severity today (left) and in 2090 (right) 

 

Results indicate that wildfires are getting more severe under the modeled climate change 

scenario in this dissertation, especially in the interior regions where the climate is expected to be 

much warmer and continues to be dry. Figure 7.8 is a regional breakdown of changes in severity. 

My econometric estimation for burn severity (Table 3.2) indicates that lower precipitation, 

higher minimum temperature and maximum temperature, and less dense stand volume all result 

in more severe wildfires. Figure 7.7 presents average stand volume per acre in 2100 by county, 

overlaid with plots that are expected to be drier. Denser forests in the western Cascades mitigate 

risks from severe burns, while drier and less dense forest conditions in eastern Washington, as 

well as in eastern California to some extent, leads to a more dramatic increase in high severity 
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burns. In southwestern Oregon, an increase in high severity burns is more noticeable compared 

to a more subdued rate of increase in the rest of the western Oregon (Figure 7.8).      

Figure 7.7: Per-acre stand volume (Scribner thousand board feet) in 2100 and plots that will be 

drier 
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Figure 7.8: Regional trend of burn severity by acres burned 
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8 CONCLUSIONS 

The purpose of this dissertation is to develop a dynamic micro-econometric framework 

for simulating changes in the forested landscape due to climate change and to examine the 

interaction between climate change, climate mitigation policy and private adaptation behaviors.  

I developed a plot-level discrete-choice econometric model of a forest landowner’s harvesting 

and replanting decisions based on revealed management behavior over the period 2001 to 2014.  

The econometric nesting structure accounts for the simultaneous nature of multiple management 

decisions and distinguishes between replanting and natural regeneration associated with clear-cut 

and partial-cut harvest, as well as the effect of climate change on natural disturbance events. The 

nested logit framework also allows me to use the inclusive value as a proxy for land value within 

the harvest nests, thus directly accounting for the way in which optimal replanting choices affect 

bare-land value in a Faustmann harvest model. I use the estimated econometric model of forest 

management as a set of rules to drive a dynamic landscape simulation that scales up plot-level 

management decisions to landscape-scale outcomes in a manner that accounts for the growth of 

the natural resource and the key economic incentives driving forest management.  

A baseline landscape simulation with no climate change or a carbon price, a simulation 

with climate change, and a simulation with both climate change and a carbon price allow me to 

analyze the spatially heterogeneous effects of climate change and climate mitigation policy on 

the potential realized landscape-scale outcomes of private adaptation behavior. The results have 

five primary implications. 

First, due to the dynamics of forest management decisions, changes in the share of the 

landscape allocated to different tree species occur gradually while changes in the share of the 

replanted landscape occur much more quickly. This finding emerges from simultaneously 
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modeling forest landowners’ harvest and replanting decisions. A private forested landscape does 

not change quickly, but in response to the periodic rotation decisions and subsequent replanting 

decisions of landowners as a function of heterogeneous climate, prices, and site characteristics. 

My analysis estimates this relationship by using revealed behavior in the most recent time 

period. Estimates of the speed of landscape change under climate change are useful for 

conservation planning that requires an understanding of the threats of habitat loss such as the 

reductions in a currently abundant tree species like Douglas-fir.  

Second, probably the most important land-use change that arises from our simulations is 

a clear shift from Douglas-fir to other tree species, particularly hardwoods, under both climate 

change and a carbon price scenario. The simulated shift out of Douglas-fir – particularly in 

western Oregon and Washington – suggests that there could be a significant impact on the 

market price of Douglas-fir due to a supply reduction in this commercially important timber 

species. Explicitly incorporating a price increase in Douglas-fir resulting from the supply-

induced market feedback would be an important extension of our work and would “push back” 

on landowners adapting away from Douglas-fir. Therefore, my results showing a reduction in 

Douglas-fir could be viewed as an upper bound. However, since the impact on market price 

materializes at the time of harvest rather than replanting, a long-run decline in Douglas-fir type 

might not have an immediate impact on the market price. For example, my simulation results 

suggest that clear-cut volume of Douglas-fir increases on average between 2030 and 2080 

followed by a decline in 2090, as the landowners clear-cut Douglas-fir to replant different forest 

types.   

The compositional shift away from Douglas-fir also indicates that we should likely 

expect future habitat losses for wildlife species that are specialized to Douglas-fir habitats, like 
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the ESA-candidate species, red tree vole. Although using a limited sample of just seven species, 

my dissertation shows that wildlife species see both increases and decreases in their potential 

forest habitat depending on their level of dependence on specific forest types. Future extensions 

will expand my analysis to include a much larger sample of wildlife species.       

Third, my scenario that simulates the effect of a temporally-increasing carbon price 

indicates that a carbon price accelerates the adaptation towards hardwood forests due to increases 

in the carbon rents that arise from relatively high sequestration rates of hardwood at young stand 

ages. Furthermore, my results indicate that the effects of carbon pricing on the extensive margin 

adaptation away from Douglas-fir can outweigh the adaptation impact from climate change. This 

result – possible because of my joint modeling of climate change and climate change mitigation 

policy – implies that a carbon price aimed at internalizing one externality may generate a second 

externality by more quickly leading to shifts in habitat that arise from extensive margin 

adaptations. The social optimality of providing a carbon price to landowners is thus questionable, 

and future research should examine the possibility of combining a carbon price with further 

policy incentives aimed at reducing negative habitat externalities resulting from private 

adaptation to a carbon price. Policy makers would enhance social benefits in a forested landscape 

by coordinating mitigation policy and conservation policy.   

Fourth, there is considerable spatial variation in the direction of extensive margin 

adaptations through replanting choices. For example, “other” softwoods expand in the west while 

shrinking in the southern border of Oregon and northern California. Fir, spruce, and mountain 

hemlock species shift northward and to higher elevation in our simulations. These findings are 

consistent with findings from the natural science literature (Crookston et al., 2010; Rehfeldt et 

al., 2014; Weiskittel et al., 2012), but the dynamic nature of the empirically-driven simulation 
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allows me to uniquely simulate the magnitude, timing, and speed of landscape change that are 

not examined in related literature.  

Lastly, my dissertation highlights the benefit of an empirical approach that combines 

econometric estimation and landscape simulations while accounting for the simultaneous 

management decisions and the renewable nature of forest resources. The flexible model structure 

allows for interactions among key management decisions and also enables me to decompose the 

results into separate causes, such as the effects of climate change and the effects of carbon prices. 

The value of this capability – allowing for the interactions and the decomposition of the results 

into separate causes – is apparent in my discussion of natural disturbance (Chapter 7), where 

climate change and carbon prices alter natural disturbance occurrence through multiple channels. 

The results indicate that, in the west side of the Cascades, climate change increases the 

disturbance events directly but also indirectly by discouraging clear-cutting the forest. As carbon 

prices alter the rankings of tree species for replanting, they create new incentives to switch to 

other species that generates higher rents, which encourages clear-cutting. This mitigates natural 

disturbance risks.  

My methodology can be applied to other decision-making analyses that consist of several 

joint decisions; for example, a decision about land use (e.g., crop choice in agriculture) and the 

intensity of the land use (e.g., volume of production and fertilizer application). As researchers 

urge that food production must be increased without losing more biodiversity and converting 

additional natural areas to cultivation (Crist et al., 2017), more sustainable form of intensification 

of food production needs to be studied. My methodology can be applied to a problem associated 

with an intensification of the existing land-use practice (e.g., deterioration in water quality due to 

increase in run-off from intense farm production), rather than a discrete change in land use.         



125 

 

 

 

There are many areas in which future research could provide improvements to my 

modeling framework. First, a useful extension would account for the feedback effect of natural 

disturbance on replanting decisions. For example, landowners who have experienced a fire might 

be more likely to replant different species that are known to be fire resistant. Second, the 

assumption that only unharvested plots are susceptible to natural disturbances can be relaxed
68

.  

Third, it would be useful to include non-forest land uses such as pasture land for the plots that 

are unable to grow any tree species in the future (i.e., no choice set is assigned).
69

 Fourth, the tree 

species choice set could be modified so that landowners can choose mixed-species, instead of 

single species. Fifth, landowners likely have heterogeneous preference and opinions about the 

future climate. A possible extension would be to use the random coefficient logit model (Train, 

1998) and randomize the climate parameter estimates. In this way, the climate coefficients are 

allowed to vary across landowners. Last, a fruitful improvement would be to model timber prices 

endogenously to account for aggregate supply shifts, rather than holding prices constant. 

However, a challenge to endogenizing timber prices is finding tree-species specific estimates of 

price elasticity of demand. I have yet to find such estimates, and so adapting current methods of 

endogenizing timber prices in land-use models (e.g., Lubowski et al. 2006; Lawler et al. 2014) 

would require the use of aggregated elasticity estimates with the assumption that price elasticity 

of demand is constant across different tree species. Another relevant consideration to the market 

adjustment would be a possible regional migration of production (McCarl et al., 2000), in which 

                                                 
68

 In the FIA data, disturbance events occurred in 2.5% of the sampled plots that have been clear-cut, while the rate 

of occurrence is 10% for unharvested plots. When I focus only on the partial-cut plots, however, the occurrence rate 

is 15%. This is partly because the partial-cut is usually practiced in the eastern side of the Cascades, which is more 

susceptible to wildfires.     
69

 There are 138 plots that are not assigned any tree species in their choice sets by 2090. This is based on the plant 

viability score described in section 2.5.1, which defines tree species that are likely to survive in predicted climate 

conditions at each plot.    
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timber output reductions in one region are matched by increases in production in neighboring 

regions.   
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10 APPENDIX 

Appendix A Supplement to Chapter 2    

Table A1: Data sources for variables 

Data used in estimation     

Variable Description Measurement Source 

Clear-cut 1 if clearcut, 0 if not Binary FIA 

Partial-cut 1 if patrial cut, 0 if not Binary FIA 
Disturbed 1 if damage from either fire, insect, disease, or drought, 0 if not Binary FIA 

Species_fir 1 if dominant tree species type is Fir/Spruce, 0 otherwise.  Binary FIA 

Species_hem 1 if dominant tree species type is Hemlock/Sitka Spruce, 0 
otherwise.  

Binary FIA 

Species_pp 1 if dominant tree species type is Ponderosa Pine, 0 otherwise.  Binary FIA 

Species_os 1 if dominant tree species type is Other Softwood, 0 otherwise.  Binary FIA 
Species_hw 1 if dominant tree species type is Hardwood, 0 otherwise.  Binary FIA 

Private 1 if private ownership, 0 if state-owned Binary FIA 

Elevation Elevation Feet FIA 
Stand volume Per acre volume calculated by dividing the total volume by the 

acreage. 

MBF/acre FIA 

Choice_df 1 if Douglas-fir can grow in the plot. Binary Forest Service 
Choice_fir 1 if Fir/Spruce can grow in the plot. Binary Forest Service 

Choice_hem 1 if Hemlock/Sitka Spruce can grow in the plot. Binary Forest Service 

Choice_pp 1 if Ponderosa Pine can grow in the plot. Binary Forest Service 
Choice_os 1 if Other Softwood can grow in the plot. Binary Forest Service 

Choice_hw 1 if Hardwood can grow in the plot. Binary Forest Service 
Rent Annualized rent for each species, region, and site class. It is 

derived from solving for the optimal Faustmann rotation. 

$/acre FIA; ODF; CSBE; 

WSDNR 

Clear-cut revenue Timber price multiplied by the total stand volume. $/acre FIA; ODF; CSBE; 
WSDNR 

Partial-cut revenue Timber price multiplied by the partial stand volume. $/acre FIA; ODF; CSBE; 

WSDNR 
Benefit from waiting Timber price multiplied by the incremental volume growth. $/acre FIA; ODF; CSBE; 

WSDNR 

Burn severity Wildfire burn severity in scale of 1 (unburned to low), 2 (low), 

3 (moderate), and 4 (high). 

Categorical MTBS 

Current mean 

temperature 

Mean monthly temperature during growing season. Degrees Celsius PRISM 

Current total 

precipitation 

Total monthly precipitation during growing season. mm PRISM 

Current minimum 
temperature in Dec. 

Monthly 30-year normal minimum December temperature.  Degrees Celsius PRISM 

Current maximum 

temperature in Aug. 

Monthly 30-year normal maximum August temperature. Degrees Celsius PRISM 

Expected temperature 

change 

Projected temperature change in the next 30 years Degrees Celsius PRISM; NCAR 

Data used in simulation     

Variable Description Measurement Source 

Projected mean 
temperature 

Projected mean monthly temperature during growing season. Degrees Celsius NCAR 

Projected total 
precipitation 

Projected total monthly precipitation during growing season. mm NCAR 

Projected minimum 

temperature in Dec. 

Projected monthly 30-year normal minimum December 

temperature.  

Degrees Celsius NCAR 

Projected maximum 

temperature in Aug. 

Projected monthly 30-year normal maximum August 

temperature. 

Degrees Celsius NCAR 

Type of natural 
disturbance 

Historical share of disease, wildfire, and insect damage. Percentage FIA 

Severity of 

disturbance 

Historical severity of disease and insect damage. Percentage FIA 

Incremental volume 

growth 

10-year incremental growth MBF/acre FIA 

Note: Acronyms in the Source column represent Forest Inventory Analysis (FIA), Oregon Department of Forestry (ODF), California State Board 
of Equalization (CSBE), Washington State Department of Natural Resources (WSDNR), USGS/Forest Service Monitoring Trends in Burn 

Severity (MTBS), Oregon State University Parameter-elevation Regressions on Independent Slopes Model (PRISM), and U.S. National Center 

for Atmospheric Research (NCAR). 
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Figure A1: Spatial locations of choice sets, current (left) and in 2090 (right) 

Douglas-fir (top) and Fir/Spruce (bottom) 
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Hemlock/Sitka Spruce (top) and Ponderosa Pine (bottom) 
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Other softwood (top) and hardwood (bottom) 
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Appendix B Supplement to Chapter 3    

Table B1: Econometric estimates with alternative specifications 

Econometric Parameter Estimates (standard errors in parentheses) – Privately owned plots only 

    

Replanting following 

clear-cut 

Leaving upon 

partial-cut 

Natural disturbance (1=disturbed, 

0=not) 
Harvest 

Rent (constant across species) 8.60** -6.33* Constant -3.11*** Clear-cut constant -2.34*** 

    (3.53) (3.77)   (0.46)   (0.27) 

Doug-fir Rent x temp -6.24*** -8.09** Elevation 2.02*** Clear-cut revenue 12.77*** 

    (2.12) (3.73)   (0.42)   (1.48) 

  Rent x precipitation -0.01** -0.02* Fir dummy 0.22** Partial cut constant -3.00*** 

    (0.00) (0.01)   (0.10)   (0.38) 

  Rent x Min temp Dec. -0.003** -0.003 Hem dummy -0.10 Partial cut revenue 7.22*** 

    (0.00) (0.00)   (0.21)   (2.32) 

  Rent x Max temp Aug. 1.65** 5.55*** Ponderosa dummy -0.07 No-cut benefit waiting 10.72*** 

    (0.64) (1.71)   (0.09)   (1.11) 

  

Rent x Expected temp. 

change 
-0.01 0.03 Other SW dummy 0.37*** 

Clear-cut IV 
0.64*** 

    (0.01) (0.02)   (0.10)   (0.15) 

Fir Constant -3.82*** -2.71*** Hardwood dummy 0.41*** Partial cut IV 1.28*** 

    (0.96) (0.83)   (0.09)   (0.26) 

  Rent x temp -18.27 -11.01 Mean temp. 0.05* Disturbance IV 11.17*** 

    (14.84) (9.17)   (0.03)   (1.81) 

  Rent x precipitation -0.02 -0.04 Precipitation -2.96***     

    (0.03) (0.04)   (0.49)     

  Rent x Min temp Dec. 0.00 -0.01* Min. temp Dec. -0.06***     

    (0.01) (0.01)   (0.02)     

  Rent x Max temp Aug. 13.92** 16.71*** Max. temp Aug. -0.01     

    (6.65) (5.43)   (0.02)     

  
Rent x Expected temp. 
change 

-0.14* -0.16*** OR dummy -0.29*** 
  

  

    (0.07) (0.06)   (0.09)     

  Elevation 10.42*** 7.75*** WA dummy -0.19     

    (1.94) (1.60)   (0.14)     

Hem Constant -1.47*** -2.17** Stand volume 0.01***     

    (0.49) (0.99)   (0.00)     

  Rent x temp 6.40** 21.15**         

    (2.71) (8.88)         

  Rent x precipitation 0.02*** 0.02         

    (0.01) (0.02)         

  Rent x Min temp Dec. 0.00** 0.00         

    (0.00) (0.01)         

  Rent x Max temp Aug. -6.35*** -11.68**         

    (1.34) (5.46)         

  

Rent x Expected temp. 

change 
-0.01 0.02 

  
  

    

    (0.01) (0.03)         

  Elevation 2.85* 4.34         

    (1.70) (2.74)         

Ponderosa Constant -2.55*** -0.92**         

    (0.69) (0.45)         

  Rent x temp 0.77 -2.69         

    (13.79) (6.53)         

  Rent x precipitation 0.01 -0.05         

    (0.04) (0.03)         

  Rent x Min temp Dec. -0.02* -0.01**         

    (0.01) (0.01)         

  Rent x Max temp Aug. 6.49 5.68         

    (6.64) (3.70)         
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Rent x Expected temp. 

change 
-0.18** -0.04 

  
  

    

    (0.08) (0.03)         

  Elevation 7.70*** 4.88***         

    (1.57) (0.95)         

Other SW Constant -3.46*** -2.68***         

    (0.75) (0.73)         

  Rent x temp 3.39 10.61*         

    (7.77) (5.81)         

  Rent x precipitation -0.02 -0.06**         

    (0.02) (0.03)         

  Rent x Min temp Dec. 0.00 0.00         

    (0.01) (0.00)         

  Rent x Max temp Aug. -4.36 -2.38         

    (3.03) (2.12)         

  

Rent x Expected temp. 

change 
0.02 0.02 

  
  

    

    (0.03) (0.02)         

  Elevation 6.28*** 5.20***         

    (1.75) (1.53)         

Hardwoods Constant -1.13** -1.64***         

    (0.45) (0.62)         

  Rent x temp -3.70 -7.37         

    (5.97) (12.18)         

  Rent x precipitation 0.00 -0.03         

    (0.01) (0.03)         

  Rent x Min temp Dec. 0.00 0.01         

    (0.00) (0.01)         

  Rent x Max temp Aug. 0.91 4.98         

    (2.71) (5.07)         

  
Rent x Expected temp. 
change 

-0.02 0.03 
  

  
    

    (0.03) (0.05)         

  Elevation 0.85 2.19         

    (1.31) (1.54)         

  Log-likelihood -5093.4           
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Econometric Parameter Estimates (standard errors in parentheses) – Use average temperature difference between 

December and August in lieu of minimum and maximum temperature 

    
Replanting following 

clear-cut 
Leaving upon 

partial-cut 
Natural disturbance (1=disturbed, 

0=not) 
Harvest 

Rent (constant across species) 8.18** 2.32 Constant -3.18*** Clear-cut constant -2.35*** 

    (3.39) (2.79)   (0.35)   (0.23) 

Doug-fir Rent x temp -5.56*** -5.25*** Private dummy -0.48*** Clear-cut revenue 10.72*** 

    (1.88) (1.94)   (0.08)   (1.22) 

  Rent x precipitation -0.01** -0.01* Elevation 2.77*** Partial cut constant -2.87*** 

    (0.00) (0.01)   (0.42)   (0.38) 

  

Rent x temp 

difference 
2.92*** 6.240*** Fir dummy 0.13 

Partial cut revenue 
5.42*** 

    (0.76) (1.79)   (0.09)   (1.94) 

  
Rent x Expected 
temp. change 

-0.02* -0.03** Hem dummy 0.04 
No-cut benefit waiting 

10.95*** 

    (0.01) (0.01)   (0.16)   (1.06) 

Fir Constant -4.22*** -3.64*** Ponderosa dummy -0.14* Clear-cut IV 0.65*** 

    (0.88) (0.79)   (0.08)   (0.15) 

  Rent x temp -3.24 -1.75 Other SW dummy 0.25*** Partial cut IV 1.36*** 

    (6.41) (4.46)   (0.09)   (0.25) 

  Rent x precipitation -0.01 -0.05** Hardwood dummy 0.31*** Disturbance IV 10.93*** 

    (0.02) (0.02)   (0.09)   (1.51) 

  

Rent x temp 

difference 
10.24 14.37** Mean temp. 0.02 

  
  

    (7.91) (7.02)   (0.02)     

  

Rent x Expected 

temp. change 
-0.12* -0.12** Precipitation -3.05*** 

  
  

    (0.07) (0.06)   (0.43)     

  Elevation 12.26*** 9.86*** Temp difference 0.04***     

    (2.09) (1.73)   (0.01)     

Hem Constant -1.94*** -3.11*** OR dummy -0.25***     

    (0.43) (0.92)   (0.08)     

  Rent x temp -2.55 2.01 WA dummy -0.12     

    (2.04) (2.83)   (0.10)     

  Rent x precipitation 0.00 0.00 Stand volume 0.01***     

    (0.00) (0.01)   (0.00)     

  
Rent x temp 
difference 

-1.74* -3.99*     
  

  

    (0.97) (2.10)         

  

Rent x Expected 

temp. change 
0.00 0.01 

  
  

  
  

    (0.01) (0.02)         

  Elevation 3.30* 5.64**         

    (1.79) (2.64)         

Ponderosa Constant -3.08*** -1.06**         

    (0.67) (0.43)         

  Rent x temp -0.19 -5.31         

    (5.63) (3.66)         

  Rent x precipitation -0.02 -0.06***         

    (0.03) (0.02)         

  

Rent x temp 

difference 
7.90 8.79* 

  
  

  
  

    (7.78) (5.25)         

  
Rent x Expected 
temp. change 

-0.13* -0.05 
  

  
  

  

    (0.07) (0.04)         

  Elevation 10.18*** 5.52***         

    (1.80) (1.01)         

Other SW Constant -3.85*** -3.05**         

    (0.76) (0.70)         

  Rent x temp -1.32 6.63**         

    (4.45) (3.01)         
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  Rent x precipitation 0.00 -0.04**         

    (0.02) (0.02)         

  

Rent x temp 

difference 
-4.45 -3.50* 

  
  

  
  

    (3.24) (2.06)         

  

Rent x Expected 

temp. change 
0.02 -0.01 

  
  

  
  

    (0.03) (0.02)         

  Elevation 8.55*** 6.14***         

    (1.94) (1.59)         

Hardwoods Constant -1.20*** -1.38**         

    (0.42) (0.56)         

  Rent x temp -4.37 -0.09         

    (3.34) (4.76)         

  Rent x precipitation 0.00 -0.03         

    (0.01) (0.02)         

  
Rent x temp 
difference 

2.83 0.22 
  

  
  

  

    (2.94) (5.46)         

  

Rent x Expected 

temp. change 
-0.02 -0.01 

  
  

  
  

    (0.03) (0.05)         

  Elevation 1.32 1.46         

    1.42 (1.58)         

  Log-likelihood -5880.09           
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Econometric Parameter Estimates (standard errors in parentheses) – Drop “Disturbance IV” variable in 

natural disturbance nest 

    

Replanting following 
clear-cut 

Leaving upon 
partial-cut 

Natural disturbance (1=disturbed, 
0=not) 

Harvest 

Rent (constant across species) 7.57*** -0.49 Constant -2.15*** Clear-cut constant -5.88*** 

    (2.70) (2.92)   (0.50)   (0.17) 

Doug-fir Rent x temp -5.46*** -5.37** Private dummy -0.60*** Clear-cut revenue 5.32*** 

    (1.90) (2.66)   (0.09)   (1.06) 

  Rent x precipitation -0.02*** -0.01 Elevation 1.78*** Partial cut constant -6.37*** 

    (0.00) (0.01)   (0.41)   (0.38) 

  Rent x Min temp Dec. 0.00*** -0.004** Fir dummy 0.37*** Partial cut revenue 0.62 

    (0.00) (0.00)   (0.13)   (2.05) 

  Rent x Max temp Aug. 1.86*** 3.72*** Hem dummy 0.12 No-cut benefit waiting 10.24*** 

    (0.67) (1.17)   (0.13)   (1.05) 

  

Rent x Expected temp. 

change 
-9.60 -7.77 Ponderosa dummy -0.21** 

Clear-cut IV 
0.65*** 

    (7.38) (10.98)   (0.10)   (0.11) 

Fir Constant -3.16*** -2.44*** Other SW dummy 0.16 Partial cut IV 1.29*** 

    (0.84) (0.75)   (0.12)   (0.24) 

  Rent x temp -33.00** -16.91** Hardwood dummy 0.36***     

    (14.10) (8.06)   (0.09)     

  Rent x precipitation -0.06** -0.06* Mean temp. 0.02     

    (0.03) (0.03)   (0.03)     

  Rent x Min temp Dec. 0.01 -0.01 Precipitation -3.00***     

    (0.01) (0.01)   (0.41)     

  Rent x Max temp Aug. 17.13*** 14.01*** Min. temp Dec. -0.08***     

    (6.37) (4.42)   (0.02)     

  

Rent x Expected temp. 

change 
-43.89 -85.46* Max. temp Aug. 0.00 

  
  

    (62.34) (48.61)   (0.02)     

  Elevation 9.62*** 7.19*** OR dummy -0.41***     

    (1.88) (1.59)   (0.11)     

Hem Constant -1.42*** -2.20*** WA dummy -0.36**     

    (0.42) (0.85)   (0.16)     

  Rent x temp 5.01** 17.48** Stand volume 0.00     

    (2.51) (7.14)   (0.00)     

  Rent x precipitation 0.01 0.02         

    (0.01) (0.01)         

  Rent x Min temp Dec. 0.00*** -0.01         

    (0.00) (0.01)         

  Rent x Max temp Aug. -5.15*** -10.50**         

    (1.22) (4.08)         

  
Rent x Expected temp. 
change 

-5.75 1.77 
  

  
    

    (8.36) (22.81)         

  Elevation 2.59 4.17         

    (1.81) (2.70)         

Ponderosa Constant -2.31*** -0.42         

    (0.64) (0.42)         
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  Rent x temp -5.16 -6.05         

    (11.82) (5.73)         

  Rent x precipitation -0.02 -0.05*         

    (0.03) (0.03)         

  Rent x Min temp Dec. -0.01 -0.01**         

    (0.01) (0.00)         

  Rent x Max temp Aug. 3.86 5.69*         

    (5.78) (3.20)         

  

Rent x Expected temp. 

change 
-67.48 -50.39 

  
  

    

    (62.22) (31.85)         

  Elevation 7.75*** 3.96***         

    (1.56) (0.96)         

Other SW Constant -3.61*** -2.73***         

    (0.71) (0.66)         

  Rent x temp 10.06 6.82         

    (7.85) (5.18)         

  Rent x precipitation -0.03 -0.05**         

    (0.02) (0.02)         

  Rent x Min temp Dec. 0.00 0.00         

    (0.00) (0.00)         

  Rent x Max temp Aug. -5.40* -1.57         

    (3.14) (1.95)         

  

Rent x Expected temp. 

change 
-2.08 0.67 

  
  

    

    (30.96) (19.47)         

  Elevation 7.77*** 5.47***         

    (1.76) (1.51)         

Hardwoods Constant -1.07** -1.55***         

    (0.43) (0.57)         

  Rent x temp -3.36 -7.10         

    (5.81) (12.47)         

  Rent x precipitation -0.03* -0.05         

    (0.01) (0.03)         

  Rent x Min temp Dec. -0.01 0.00         

    (0.00) (0.01)         

  Rent x Max temp Aug. 1.78 5.01         

    (2.74) (5.15)         

  
Rent x Expected temp. 
change 

-12.65 1.26 
  

  
    

    (24.47) (59.67)         

  Elevation 0.78 2.06         

    (1.43) (1.51)         

  Log-likelihood -5863.88           
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Econometric Parameter Estimates (standard errors in parentheses) – Expected temperature increase over the next 70 

years instead of 30 years 

  

  
Replanting following 

clear-cut 
Leaving upon 

partial-cut 
Natural disturbance (1=disturbed, 0=not) Harvest 

Rent (constant across species) 8.06*** 1.48 Constant -2.78*** Clear-cut constant -2.36*** 

  
  (2.95) (2.95)   (0.46)   (0.23) 

Doug-fir 
Rent x temp -5.68*** -5.14** Private dummy -0.46*** Clear-cut revenue 10.83*** 

  
  (1.82) (2.34)   (0.08)   (1.24) 

  
Rent x precipitation -0.01** -0.01 Elevation 2.34*** Partial cut constant -3.01*** 

  
  (0.00) (0.01)   (0.42)   (0.38) 

  
Rent x Min temp Dec. 0.00** -0.004** Fir dummy 0.15 Partial cut revenue 6.02*** 

  
  (0.00) (0.00)   (0.09)   (1.96) 

  
Rent x Max temp Aug. 1.99*** 3.40*** Hem dummy 0.03 No-cut benefit waiting 10.75*** 

  
  (0.60) (1.01)   (0.16)   (1.05) 

  

Rent x Expected temp. 

change 
-7.98* -7.92 

Ponderosa dummy 
-0.12 

Clear-cut IV 
0.68*** 

  
  (4.69) (6.43)   (0.08)   (0.13) 

Fir 
Constant -3.66*** -2.95*** Other SW dummy 0.24*** Partial cut IV 1.45*** 

  
  (0.87) (0.72)   (0.09)   (0.26) 

  
Rent x temp -31.71** -14.38* Hardwood dummy 0.32*** Disturbance IV 11.30*** 

  
  (14.92) (8.50)   (0.09)   (1.65) 

  
Rent x precipitation -0.05 -0.05 Mean temp. 0.03     

  
  (0.03) (0.03)   (0.02)     

  
Rent x Min temp Dec. 0.01 -0.01 Precipitation -2.87***     

  
  (0.01) (0.01)   (0.44)     

  
Rent x Max temp Aug. 19.05*** 17.43*** Min. temp Dec. -0.05***     

  
  (6.59) (5.25)   (0.02)     

  

Rent x Expected temp. 

change 
-41.69 -80.62** 

Max. temp Aug. 
0.01 

  
  

  
  (39.71) (35.38)   (0.02)     

  
Elevation 11.01*** 8.39*** OR dummy -0.31***     

  
  (2.01) (1.54)   (0.08)     

Hem 
Constant -1.35*** -1.84** WA dummy -0.23*     

  
  (0.42) (0.81)   (0.13)     

  
Rent x temp 4.75* 16.09** Stand volume 0.01***     

  
  (2.51) (7.07)   (0.00)     

  
Rent x precipitation 0.01*** 0.02*         

  
  (0.01) (0.01)         

  
Rent x Min temp Dec. 0.00** -0.01         

  
  (0.00) (0.01)         

  
Rent x Max temp Aug. -5.12*** -10.46***         

  
  (1.19) (3.96)         

  
Rent x Expected temp. 
change 

-5.66 -1.60 
  

  
    

  
  (5.06) (11.73)         

  
Elevation 2.09 2.89         

  
  (1.83) (2.69)         

Ponderosa 
Constant -2.97*** -0.81**         

  
  (0.65) (0.41)         
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Rent x temp -2.96 -4.18         

  
  (12.76) (6.04)         

  
Rent x precipitation -0.01 -0.05*         

  
  (0.04) (0.03)         

  
Rent x Min temp Dec. -0.01 -0.01**         

  
  (0.01) (0.01)         

  
Rent x Max temp Aug. 6.35 8.60**         

  
  (6.35) (3.62)         

  

Rent x Expected temp. 

change 
-59.24 -57.55** 

  
  

    

  
  (42.44) (23.35)         

  
Elevation 9.40*** 4.97***         

  
  (1.68) (0.95)         

Other SW 
Constant -3.90*** -2.85***         

  
  (0.75) (0.68)         

  
Rent x temp 6.98 6.54         

  
  (8.12) (5.30)         

  
Rent x precipitation -0.01 -0.04**         

  
  (0.02) (0.02)         

  
Rent x Min temp Dec. 0.00 0.00         

  
  (0.00) (0.00)         

  
Rent x Max temp Aug. -3.87 -1.72         

  
  (2.97) (1.90)         

  

Rent x Expected temp. 

change 
-6.18 -3.73 

  
  

    

  
  (18.09) (10.44)         

  
Elevation 8.69*** 5.75***         

  
  (1.90) (1.53)         

Hardwoods 
Constant -1.14 -1.49***         

  
  (0.43) (0.56)         

  
Rent x temp -4.10 -6.51         

  
  (5.91) (11.72)         

  
Rent x precipitation -0.01 -0.04         

  
  (0.01) (0.03)         

  
Rent x Min temp Dec. 0.00 0.01         

  
  (0.00) (0.01)         

  
Rent x Max temp Aug. 2.00 3.12         

  
  (2.61) (4.84)         

  
Rent x Expected temp. 
change 

-10.91 3.81 
  

  
    

  
  (13.37) (27.16)         

  
Elevation 1.01 1.89         

  
  1.44 (1.53)         

  
Log-likelihood -5856.91           
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Econometric Parameter Estimates (standard errors in parentheses) – Add “Distance to the closest 

mill” variable to the replanting decisions following clear-cut event 
  Replanting following 

clear-cut 
Leaving upon 

partial-cut 
Natural disturbance (1=disturbed, 

0=not) 
Harvest 

Rent (constant across species) 6.78** -0.50 Constant -2.82*** Clear-cut constant -2.34*** 

  (3.06) (2.54)  (0.46)  (0.24) 

Doug-fir Rent x temp -5.54*** -4.47** Private 
dummy 

-0.46*** Clear-cut revenue 10.84*** 

  (1.90) (2.18)  (0.08)  (1.24) 

 Rent x precipitation -0.01** 0.00 Elevation 2.48*** Partial cut constant -3.09*** 
  (0.00) (0.00)  (0.42)  (0.42) 

 Rent x Min temp Dec. -0.002* -0.003* Fir dummy 0.14 Partial cut revenue 6.39*** 

  (0.00) (0.00)  (0.09)  (1.92) 
 Rent x Max temp Aug. 2.01*** 3.26*** Hem dummy 0.03 No-cut benefit 

waiting 

10.91*** 

  (0.62) (0.97)  (0.16)  (1.06) 
 Rent x Expected temp. 

change 

-0.01 -0.01 Ponderosa 

dummy 

-0.13 Clear-cut IV 0.66*** 

  (0.01) (0.01)  (0.08)  (0.15) 

Fir Constant -3.66*** -2.54*** Other SW 

dummy 

0.23** Partial cut IV 1.51*** 

  (0.92) (0.74)  (0.09)  (0.28) 
 Rent x temp -12.39 -12.87 Hardwood 

dummy 

0.32*** Disturbance IV 11.27*** 

  (13.59) (8.21)  (0.09)  (1.62) 
 Rent x precipitation -0.02 -0.05 Mean temp. 0.04   

  (0.02) (0.03)  (0.02)   
 Rent x Min temp Dec. 0.00 -0.01* Precipitation -2.83***   

  (0.01) (0.01)  (0.44)   

 Rent x Max temp Aug. 11.81* 15.41*** Min. temp 
Dec. 

-0.05***   

  (6.18) (4.82)  (0.02)   

 Rent x Expected temp. 
change 

-0.13* -0.16*** Max. temp 
Aug. 

0.00   

  (0.07) (0.06)  (0.02)   

 Elevation 11.80*** 7.67*** OR dummy -0.30***   
  (2.12) (1.57)  (0.08)   

 Distance to the closest mill -0.01 - WA dummy -0.23*   

  (0.02) -  (0.13)   
Hem Constant -1.18** -1.94** Stand volume 0.01***   

  (0.49) (0.82)  (0.00)   

 Rent x temp 5.72** 16.50**     

  (2.50) (6.67)     
 Rent x precipitation 0.02*** 0.02**     

  (0.01) (0.01)     

 Rent x Min temp Dec. -0.004** 0.00     
  (0.00) (0.01)     

 Rent x Max temp Aug. -5.44*** -9.94***     

  (1.23) (3.83)     
 Rent x Expected temp. 

change 

-0.01 0.00     

  (0.01) (0.02)     

 Elevation 3.35* 3.44     

  (1.87) (2.61)     
 Distance to the closest mill -0.03 -     

  (0.02) -     

Ponderosa Constant -2.43*** -0.77*     

  (0.72) (0.42)     

 Rent x temp 7.14 -4.13     

  (13.57) (5.66)     
 Rent x precipitation 0.01 -0.05**     

  (0.04) (0.03)     

 Rent x Min temp Dec. -0.02* -0.01**     
  (0.01) (0.00)     

 Rent x Max temp Aug. 3.80 5.31*     

  (6.50) (3.18)     
 Rent x Expected temp. 

change 

-0.18** -0.06*     

  (0.08) (0.03)     
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 Elevation 9.61*** 4.85***     

  (1.79) (0.96)     
 Distance to the closest mill -0.02 -     

  (0.01) -     

Other SW Constant -4.23*** -2.83***     
  (0.83) (0.68)     

 Rent x temp 6.42 7.33     

  (7.89) (5.05)     
 Rent x precipitation -0.02 -0.04**     

  (0.02) (0.02)     

 Rent x Min temp Dec. 0.00 0.00     
  (0.00) (0.00)     

 Rent x Max temp Aug. -4.24 -1.88     

  (3.15) (1.87)     
 Rent x Expected temp. 

change 

0.01 0.00     

  (0.03) (0.02)     
 Elevation 8.54*** 5.72***     

  (1.99) (1.53)     

 Distance to the closest mill 0.01 -     

  (0.01) -     

Hardwoods Constant -0.96** -1.45**     

  (0.49) (0.57)     
 Rent x temp -2.88 -6.91     

  (5.67) (11.53)     

 Rent x precipitation 0.00 -0.04     
  (0.01) (0.03)     

 Rent x Min temp Dec. 0.00 0.01     
  (0.00) (0.01)     

 Rent x Max temp Aug. 1.45 3.16     

  (2.68) (4.97)     
 Rent x Expected temp. 

change 

-0.02 0.02     

  (0.03) (0.05)     
 Elevation 1.56 1.76     

  1.46 (1.54)     

 Distance to the closest mill -0.01 -     
  0.01 -     

 Log-likelihood -5851.8      
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Econometric Parameter Estimates (standard errors in parentheses) – Swap climate variables  
  Replanting following 

clear-cut 

Leaving upon 

partial-cut 

Natural disturbance (1=disturbed, 

0=not) 

Harvest 

Rent (constant across species) 9.06*** -2.14 Constant -2.75*** Clear-cut constant -2.39*** 

  (3.41) (2.40)  (0.39)  (0.24) 

Doug-fir Rent x temp -6.93*** -2.94 Private dummy -0.44*** Clear-cut revenue 10.69*** 
  (2.09) (1.95)  (0.08)  (1.25) 

 Rent x precipitation -0.01*** 0.00 Elevation 2.42*** Partial cut constant -3.20*** 

  (0.00) (0.00)  (0.39)  (0.44) 
 Rent x Min temp Dec. 0.00 -0.002 Fir dummy 0.17** Partial cut revenue 6.06*** 

  (0.00) (0.00)  (0.09)  (1.97) 

 Rent x Max temp 
Aug. 

1.90*** 2.67*** Hem dummy 0.03 No-cut benefit 
waiting 

10.58*** 

  (0.60) (0.89)  (0.16)  (1.05) 

 Rent x Expected 
temp. change 

-0.01 0.00 Ponderosa dummy -0.11 Clear-cut IV 0.67*** 

  (0.01) (0.01)  (0.08)  (0.16) 

Fir Constant -3.52*** -2.67*** Other SW dummy 0.26*** Partial cut IV 1.59*** 
  (0.88) (0.73)  (0.09)  (0.31) 

 Rent x temp -20.13 -12.77* Hardwood dummy 0.32*** Disturbance IV 10.98*** 

  (12.81) (7.75)  (0.09)  (1.54) 
 Rent x precipitation -0.02 -0.02 Mean temp. 0.04   

  (0.02) (0.03)  (0.03)   

 Rent x Min temp Dec. 0.00 -0.01** Precipitation -3.08***   
  (0.01) (0.01)  (0.45)   

 Rent x Max temp 

Aug. 

13.28** 11.38*** Min. temp Dec. -0.05***   

  (6.12) (4.36)  (0.02)   

 Rent x Expected 

temp. change 

-0.11 -0.09* Max. temp Aug. 0.00   

  (0.07) (0.05)  (0.02)   

 Elevation 10.66*** 7.40*** OR dummy -0.30***   

  (2.04) (1.55)  (0.09)   
Hem Constant -1.51*** -1.93** WA dummy -0.21*   

  (0.43) (0.84)  (0.12)   

 Rent x temp 3.11 18.11*** Stand volume 0.01***   
  (2.42) (6.36)  (0.00)   

 Rent x precipitation 0.01** 0.03***     

  (0.00) (0.01)     
 Rent x Min temp Dec. 0.00 -0.01*     

  (0.00) (0.01)     

 Rent x Max temp 
Aug. 

-4.97*** -8.84***     

  (1.13) (3.31)     

 Rent x Expected 
temp. change 

-0.01 -0.02     

  (0.01) (0.02)     

 Elevation 3.45** 3.22     
  (1.66) (2.50)     

Ponderosa Constant -2.70*** -0.62     

  (0.64) (0.40)     
 Rent x temp -2.80 -3.40     

  (12.56) (5.48)     

 Rent x precipitation -0.01 -0.05*     
  (0.04) (0.03)     

 Rent x Min temp Dec. -0.01 -0.01**     

  (0.01) (0.00)     

 Rent x Max temp 

Aug. 

6.51 6.02*     

  (6.49) (3.19)     
 Rent x Expected 

temp. change 

-0.15** -0.07**     

  (0.08) (0.03)     
 Elevation 9.03*** 4.41***     

  (1.68) (0.89)     

Other SW Constant -4.12*** -2.83***     
  (0.76) (0.64)     

 Rent x temp 2.35 5.84     

  (9.20) (5.29)     
 Rent x precipitation 0.00 -0.05**     



147 

 

 

 

  (0.02) (0.02)     

 Rent x Min temp Dec. 0.00 0.00     
  (0.00) (0.00)     

 Rent x Max temp 

Aug. 

-1.64 0.39     

  (4.11) (2.09)     

 Rent x Expected 

temp. change 

-0.01 -0.01     

  (0.03) (0.02)     

 Elevation 8.46*** 5.08***     

  (1.95) (1.43)     
Hardwoods Constant -1.22*** -1.42**     

  (0.41) (0.55)     

 Rent x temp -6.42 -10.57     
  (5.70) (11.99)     

 Rent x precipitation -0.01 -0.06*     

  (0.01) (0.03)     
 Rent x Min temp Dec. 0.00 0.02*     

  (0.00) (0.01)     

 Rent x Max temp 

Aug. 

1.52 3.44     

  (2.57) (4.97)     

 Rent x Expected 
temp. change 

0.00 0.06     

  (0.02) (0.05)     

 Elevation 1.39 1.73     
  (1.28) (1.46)     

 Log-likelihood -5854.59      

*** Significant at the 1 percent level.  
** Significant at the 5 percent level. 

* Significant at the 10 percent level. 

Note: Parameter estimates for “Rent x Expected temp. change” are larger in magnitude than those in other runs because of different 
scaling factors used for the variable.  
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Table B2: Other marginal effects of alternative specifications 

Alternative specification (1) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Private plots only ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 
$10 

-0.5% -1.48 -0.6%** -2.38 -1.2%** -2.42 -0.5%* -1.83 -1.5*** -2.64 

Avg. temp up by 3 C -1.0% -0.47 15.1%*** 3.51 1.8% 0.46 1.5% 0.73 0.5% 0.20 

Precip. down by 20% 0.1% 0.37 -1.5%*** -3.02 0.0% -0.11 0.1% 0.28 -0.4% -0.86 

                      

Alternative specification (2) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Use temperature 

difference 
ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 

$10 
-0.5* -1.84 -0.7%*** -2.91 -1.0%*** -2.75 -0.4%** -1.98 -1.4%*** -2.94 

Avg. temp up by 3 C 0.6% 0.42 2.2% 1.29 1.4% 0.76 0.5% 0.67 4.3% 0.92 

Precip. down by 20% 0.0% 0.08 -0.5%** -2.17 0.0% 0.10 -0.1% -0.42 -0.4% -0.95 

                      

Alternative specification (3) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Use natural 

disturbance equation in 

lieu of Disturbance IV 

ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 

$10 
-0.7%* -1.84 -0.6%*** -2.58 -1.5%*** -2.86 -0.6%** -2.06 -1.7%*** -2.92 

Avg. temp up by 3 C -2.6% -1.39 12.7%*** 3.10 0.3% 0.07 3.4% 1.39 1.0% 0.36 

Precip. down by 20% 0.2% 0.67 -1.4%*** -3.30 -0.1% -0.47 0.0% 0.08 -0.1% -0.51 

                      

Alternative specification (4) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Use expected 
temperature over next 

70 years 

ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 

$10 
-0.5%* -1.70 -0.6%*** -2.62 -1.1%*** -2.68 -0.4%** -2.03 -1.4%*** -2.80 

Avg. temp up by 3 C -2.5% -1.15 12.9%*** 2.96 1.2% 0.30 2.6% 1.05 0.9% 0.35 

Precip. down by 20% 0.2% 0.76 -1.5%*** -3.23 -0.1% -0.25 0.0% -0.02 -0.2% -0.58 
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Alternative specification (5) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Add distance to the 
closest mill 

ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 

$10 
-0.5% -1.59 -0.6%** -2.44 -1.0%** -2.34 -0.5%* -1.81 -1.4%*** -2.65 

Avg. temp up by 3 C -1.3% -0.48 13.5%*** 3.12 3.3% 0.74 1.5% 0.68 0.2% 0.05 

Precip. down by 20% 0.1% 0.46 -1.6%*** -3.09 -0.2% -0.53 0.1% 0.37 -0.2% -0.47 

                      

Alternative specification (6) Replanting Fir Replanting Hem Replanting Ponderosa Replanting Other SW Replanting Hardwoods 

Swap climate variables ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value ME Avg. t value 

Doug-fir rent up by 

$10 
-0.6%* -1.75 -0.6%*** -2.57 -1.1%** -2.49 -0.4%* -1.93 -1.4%*** -2.77 

Avg. temp up by 3 C -1.5% -0.54 11.7%*** 2.82 1.2% 0.34 1.8% 0.79 1.2% 0.43 

Precip. down by 20% 0.0% 0.07 -1.4%*** -3.30 0.0% -0.18 -0.1% -0.50 -0.3% -0.71 
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Figure B1: Variations in parameter estimates and p values across randomized swapping 
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Appendix C Supplement to Chapter 4    

Figure C1: Simulation results with Ensemble of 15 GCMs. Effects of climate change by 2100: 

Difference in Douglas-fir total shares (left) and shares replanted (right)  

 

 

Table C1: Comparison of climate projection under CCSM 4 and Ensemble 

CCSM 4 
  2010 2020 2030 2040 2050 2060 2070 2080 2090 

Temp_gs (C) 12.86 13.44 14.02 14.61 15.20 15.70 16.21 16.71 17.21 

Prec_gs (mm) 635.01 631.25 627.48 630.35 633.22 633.58 633.94 634.3 623.99 
Min12 (C) -1.17 -0.68 -0.18 0.41 1.01 1.51 2.02 2.53 3.26 

Max08 (C) 26.41 27.31 28.22 29.03 29.84 30.55 31.25 31.95 32.66 

15 GCM Ensemble 

 
2010 2020 2030 2040 2050 2060 2070 2080 2090 

Temp_gs (C) 12.86 13.43 14.00 14.65 15.30 15.83 16.36 16.89 17.42 

Prec_gs (mm) 635.01 631.20 627.40 631.48 635.56 638.35 641.13 643.92 646.70 

Min12 (C) -1.17 -0.64 -0.11 0.51 1.13 1.64 2.14 2.65 3.16 
Max08 (C) 26.41 27.31 28.21 29.09 29.98 30.71 31.44 32.17 32.89 
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Figure C2: Mean temperature and precipitation change by 2090 

 

Source: AdaptWest Project. 2015 
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Source: AdaptWest Project. 2015. 
Gridded current and projected climate data for North America 

at 1km resolution, interpolated using the ClimateNA v5.10 software (T. Wang et al., 2015).

Mean temperature and total precipitation change by 2090
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Appendix D Supplement to Chapter 5    

 

Figure D1: T values for replanting probabilities for Douglas-fir and hardwood in 2070 and 2090 

(count in parentheses) 

 

Note: t values are calculated as the mean replanting probability across simulated landscapes (i.e. 1000 landscapes) divided by the standard 
deviation for each plot.  
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Figure D2: Effects of climate change by 2100: Difference in fir/spruce total shares (left) and 

shares replanted (right) with and without climate change 

 

Figure D3: Effects of climate change by 2100: Difference in hemlock/sitka spruce total shares 

(left) and shares replanted (right) with and without climate change 
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Figure D4: Effects of climate change by 2100: Difference in ponderosa pine total shares (left) 

and shares replanted (right) with and without climate change 

 

Figure D5: Effects of climate change by 2100: Difference in other softwood total shares (left) 

and shares replanted (right) with and without climate change 
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Figure D6: Examples of carbon yield curves: Douglas-fir and hardwood for the highest site 

productivity plots (left) and the lowest site productivity plots (right) in western Oregon 

 

Figure D7: Percentage point change in share of each species by 2100 (climate change scenario) 
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Appendix E Supplement to Chapter 6 

 

   Figure E1: Level III Ecoregions – WA and OR (top) and CA (bottom) 
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Figure E2: Selected seven wildlife species 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: Oregon Conservation Strategy (http://www.oregonconservationstrategy.org/) 

 

Ringtail 

 

Marbled Murrelet 

 Fisher 

 

Lewis’s Woodpecker 

 Flammulated Owl 

 

White-breasted Nuthatch 

 
Northern Spotted Owls 

 

http://www.oregonconservationstrategy.org/


160 

 

 

 

Figure E3: Time paths of suitable forest type by state 
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Figure E4: Effect of climate change by state 
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Figure E5: Effect of carbon prices by state 
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Table E1: Number of FIA plots included as habitat in each Level III Ecoregion 

Ecoregion Ringtail Marbled 

Murrelet 

Fisher Lewis’s 

Woodpecker 

Flammulated 

Owl 

White-

breasted 

Nuthatch 

Northern 

Spotted Owls 

1: Coast Range 609 1686 769 715 114 871 1757 

2: Puget Lowland  373    55 410 

3: Willamette Valley 24 69 128 161  238 249 

4: Cascades 214 177 570 377 350 636 867 

5: Sierra Nevada 243  325 354 331 351  

6: Central California 

Foothills and Coastal 

Mountains 

375  154 377 47 274 197 

7: Central California 
Valley 

3 31  4  3  

8: Southern 

California Mountains 
17   16 4 16  

9: Eastern Cascades 
Slopes and Foothills 

131  603 654 618 640 543 

10: Columbia 

Plateau 
  92 106 77 109 40 

11: Blue Mountains   228 317 410 417 77 

13: Central Basin 

and Range 
  2 5 5 3  

14: Mojave Basin 

and Range 
1   1  1  

15: Northern Rockies   477 524 500 524 8 

77: North Cascades  183 54 78 47 79 278 

78: Klamath 

Mountains/California 
High North Coast 

Range 

594 127 598 595 550 597 598 

80: Northern Basin 
and Range 

  2 23 11 13  

81: Sonoran Basin 

and Range 
2   2  2  

85: Southern 

California/Northern 

Baja Coast 

1   2  2  

 

 

 

 

 

 

 


