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Estimating welfare impacts of climate change using a discrete-choice model of 
land management: An application to western U.S. forestry 

 

1. Introduction 

 There has been significant attention focused on the potential costs of climate change that 

operate through impacts on land use, and especially the use of forests. In currently dry regions, 

climate change generates widespread social costs by increasing wildfire abundance and severity 

(Abatzoglou and Williams, 2016) that in turn generates health costs from smoke-related PM 2.5 

air pollution (Jones and Berrens, 2017). Potential losses in biological diversity may generate 

costs because climate change can induce wildlife to shift their range (Lawler et al., 2009), which 

can be exacerbated by forest landowners adapting to climate through adjustments in the types of 

trees that are planted (Hashida et al., 2020). These non-market climate change costs are in 

contrast to the potential benefits that are expected in the global timber sector through climate 

change-induced productivity increases in tree growth (Lee and Lyon, 2004; Sohngen and 

Mendelsohn, 1998; Sohngen and Tian, 2016). However, recent U.S.-based work has found 

regional heterogeneity in climate impacts on the timber sector, as Mihiar and Lewis (2021) 

estimate positive climate impacts on economic rents only in the middle latitudes of the eastern 

U.S., where valuable southern pine species could expand. In contrast, the western U.S. has a 

much drier growing season than the eastern U.S., and natural science studies expect climate 

change to reduce the post-fire biophysical viability (Davis et al., 2020) and the productivity of 

key commercially valuable timber species like Douglas-fir (Crookston et al., 2010; Restaino et 

al., 2016; Weiskittel et al., 2012). Such productivity declines are expected to induce adaptation in 
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management away from the region's most valuable species of Douglas-fir to less commercially 

valuable trees (Hashida and Lewis, 2019).  

 Empirical measurement of the welfare impacts from climate change has emerged as a 

prominent area of research in the sub-field of climate econometrics (Hsiang, 2016). Cross-

sectional empirical approaches emphasize the regression of an economic variable (e.g., 

agricultural land rent) on measures of climate (e.g., mean temperature) across a geographic 

region large enough to include sufficient variation in both the economic and climate variables. A 

prominent example of the cross-sectional approach is the voluminous set of large-scale 

agricultural Ricardian analyses (e.g., Mendelsohn et al., 1994; Ortiz‐Bobea, 2020; Schlenker et 

al., 2006), a notable approach that accounts for climate adaptation while estimating welfare 

effects of climate change. Panel data alternatives to the cross-sectional approach have regressed 

changes in economic variables (e.g., agricultural land rent) on changes in weather (e.g., short-

term droughts) to identify climate impacts (e.g., Blanc and Schlenker, 2017; Deschênes and 

Greenstone, 2007).  In forestry, the benefits to the global timber sector have been measured from 

numerical market optimization models (e.g., Sohngen and Mendelsohn, 1998) rather than 

empirical methods. The one exception is the cross-sectional forestry Ricardian model of Mihiar 

and Lewis (2021), applied to county-level data across the conterminous U.S. However, while the 

Mihiar and Lewis model gave robust results when estimated on the eastern U.S. (approx. 325 

million acres of timberland across 37 states), results on western U.S. timberlands were 

inconclusive because i) non-federal western timberland is only 1/10th the land area of eastern 

timberland, and ii) there is a significant within-county variation that is averaged out from 

aggregation of data to the geographically larger western counties. Thus, a broader problem is 

developing alternative climate econometric approaches to measure welfare impacts that take 
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advantage of the additional variation in geographically disaggregated data while continuing to 

account for adaptation. 

 The purpose of this paper is to develop a method of using plot-level data on land 

management decisions in response to climate to estimate the welfare impacts of climate change 

on landowners. The method begins by deriving an explicit link between welfare impacts from 

climate change and timberland owners' optimal management choices in response to climate. Our 

approach is applicable to land that is actively managed for producing market goods. We estimate 

a discrete-choice logit model that uses plot-level observations across the actively managed non-

federal forestland from the Pacific states of the western U.S.1, describing which type of forest to 

regenerate or replant on recently harvested land. The optimal choice of which type of forest to 

replant is the forest type that maximizes land value and is revealed by landowner behavior. Since 

the estimated plot-level land value function in the logit model depends on climate and timber 

rents, we can apply conventional approaches to welfare estimation from discrete choice models 

(Small and Rosen, 1981) and generate impacts from changes in climate on the optimized land 

value function that explicitly accounts for adaptation through timber management. Our approach 

of using discrete-choice land management decisions to infer welfare impacts from climate 

change is similar in spirit to Dundas and von Haefen's (2020) study that uses discrete-choice 

decisions of where and when to take recreational fishing trips to infer welfare impacts from 

climate change on outdoor recreation. 

We show that the theoretical foundation for the discrete-choice approach is consistent 

with the foundation for a cross-sectional Ricardian model, and thus the two approaches should 

                                                           
1 We do not include federal forestlands in the western U.S. which produce relatively little timber and are instead 
managed for multiple non-timber uses, including preservation as wilderness. 
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give similar welfare effects when evaluating changes in temperature and precipitation from 

climate change. In addition, we show how the discrete-choice model can be used to explicitly 

estimate the impacts of climate change on the value of individual management choices like 

which tree species to replant after harvest. Our results indicate that timberland owners across the 

Pacific states are expected to lose welfare in response to climate change by approximately 39% 

by 2050. Our results also indicate that for landowners in western Oregon and Washington, where 

Douglas-fir is expected to diminish in productivity, the welfare losses are driven by increasing 

losses in the value of Douglas-fir. The results indicate that, given the current market structure 

that highly values Douglas-fir, landowners may lack profitable adaptation options unless new, 

more climate-resilient species are introduced, or the market is transformed to value other species. 

An additional advantage of our method is the ability to project heterogeneous changes in the 

economic viability of timberlands under future climate change. Our results suggest that, despite 

the climate-induced losses, most forestland in western Oregon and Washington (93%) will 

remain economically viable (i.e., positive land rent) as timberland by the year 2050.   

The first contribution of this analysis is the development of a climate econometrics 

approach that uses highly disaggregated plot-level models of land-use or management decisions 

to estimate welfare impacts from climate change that account for optimal adaptation and range 

shifts that alter the set of management choices available to landowners. Conventional Ricardian 

approaches to welfare estimation from climate change typically rely on aggregated data, such as 

county-average land prices (e.g., Mendelsohn and Massetti, 2017; Schlenker et al., 2006) or land 

rents (e.g., Mihiar and Lewis, 2021; Ortiz‐Bobea, 2020). The reliance on aggregated land price 

or rent data often stems from lacking parcel or plot-level data across a scale large enough to have 

significant climate variation. However, using aggregated economic measures as the dependent 
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variable then requires spatially averaged climate data to construct the set of independent 

variables. An advantage of the discrete-choice land-use modeling approach is the ability to use 

significant within-region climate variation to estimate climate impacts on landowner welfare, 

even in the common situation where plot-level measures of land rent are not available across a 

region large enough to have climate variation.  

The second contribution of this analysis is our finding of significant welfare losses on the 

timber sector resulting from climate change in the Pacific states of the western U.S. Most prior 

studies have found positive impacts of climate change on the global timber sector using 

numerical optimization methods (Sohngen and Mendelsohn 1998; Lee and Lyons 2004; Sohngen 

and Tian 2016) and on timber rents in the middle latitudes of the eastern U.S. using empirical 

methods (Mihiar and Lewis 2021). Importantly, the ability to adapt to climate change is a large 

part of the benefits found in the existing literature. In contrast, Hanewinkel et al. (2012) find 

negative climate impacts on the European timber sector by computing the land value impacts of 

natural science-projected changes in tree species distributions. However, their analysis is 

conducted under the assumption that management does not adapt (Sohngen, 2020). Thus, our 

empirical findings of a negative impact of climate change on the welfare of climate-adapting 

timberland owners for the Pacific states of the U.S. are unique in the literature and an important 

part of developing a broader understanding of the heterogeneity of climate impacts on the 

forestry sector.  

Quantifying the potential reductions in the value of timberland from climate change 

yields important information for analyzing non-market consequences of climate change. The 

reductions in the value of forests for timberland owners could lead to conversion out of forests 

(e.g., Lubowski et al., 2008) and corresponding reductions in ecosystem services (Lawler et al., 
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2014). Less valuable forests are less likely to receive management actions like pre-commercial 

thinning (Amacher et al., 2005), which could help slow the spread and severity of wildfire. 

Understanding the welfare implications of climate change for forest landowners is essential for 

projecting the extent of the change in forest landscapes, complementing the findings in the 

natural science literature. A recent simulation study concludes that climate change and increased 

wildfire activity will drive a substantial shift from coniferous forest to shrubland-hardwood 

forest in the Klamath portion of our study region2 due to hardwood's superior post-fire 

regenerative capacity (Serra-Diaz et al., 2018). Since profit-maximizing adaptation will interact 

with this naturally occurring shift and likely further accelerate landscape change, the projection 

of landscape outcomes could differ considerably if we don't account for these human-natural 

interactions.  

The rest of the paper is organized as follows. Section 2 develops the theoretical 

foundation for our welfare impacts of climate change on forestry, distinguishing between the 

traditional Ricardian approach and the discrete-choice logit approach based on management 

choices. Section 3 introduces the data and the specific climate specification choices that we 

make. Results are presented in section 4, and concluding thoughts are offered in section 5. 

2. Welfare Impacts of Climate Change on Forestry  

2.1. Theoretical foundation of climate impacts on the land value function 

This section builds off the theoretical framework of Guo and Costello (2013) and the application 

of that framework to a discrete-choice econometric model of forest management from Hashida 

and Lewis (2019). We keep notation mostly consistent with Hashida and Lewis. Suppose that a 

                                                           
2 The Klamath forest landscape is located in northern California and southern Oregon and considered a major carbon 
reservoir and hotspot of botanical biodiversity. 
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forest landowner has harvested their land with the clear-cut method and is now choosing which 

forest type to replant post-harvest on their bare land. The optimized value of the post-harvest 

(ph) land in time t is: 

 𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑡𝑡) = 𝑚𝑚𝑚𝑚𝑚𝑚

⎩
⎨

⎧
𝑉𝑉𝑡𝑡(𝑠𝑠1, 𝑐𝑐𝑡𝑡)
𝑉𝑉𝑡𝑡(𝑠𝑠2,  𝑐𝑐𝑡𝑡)

⋮
𝑉𝑉𝑡𝑡�𝑠𝑠𝐽𝐽, 𝑐𝑐𝑡𝑡�⎭

⎬

⎫
                                         (1)                                 

where 𝐽𝐽 is the discrete number of different forest types that can physically grow on the land, 𝑠𝑠𝑗𝑗 is 

each forest type that can physically grow on the land, and 𝑉𝑉𝑡𝑡�𝑠𝑠𝑗𝑗, 𝑐𝑐𝑡𝑡� is the optimized present 

value of planting (or regenerating) the land with species 𝑠𝑠𝑗𝑗 and which depends on period t 

climate conditions 𝑐𝑐𝑡𝑡. Guo and Costello (2013) distinguish between two types of adaptation to 

climate change in forestry – the intensive margin where landowners make small continuous 

adjustments in management activity and timing, and the extensive margin where landowners 

make discrete changes that alter an entire management regime. Since 𝑉𝑉𝑡𝑡�𝑠𝑠𝑗𝑗, 𝑐𝑐𝑡𝑡� is an optimized 

function, it reflects any intensive margin adjustments that a landowner might undertake with 

respect to managing species 𝑠𝑠𝑗𝑗, e.g., rotation length, seed selection, fuels management, etc. The 

solution to Eq. (1) generates an optimal forest type s to replant, and so 𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑡𝑡) reflects the 

optimal management choice on the extensive margin. Guo and Costello (2013) show that 

adaptation on the intensive margin leads to low economic values of adaptation while adaptation 

on the extensive margin leads to a much larger economic value. 

 Given the setup above, we define welfare impacts of climate change using the optimized 

post-harvest land value function from Eq. (1). In particular, a change from today's climate 𝑐𝑐0 to a 

future climate 𝑐𝑐𝑡𝑡 in t>0 generates a change in post-harvest land value of: 

𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝐶𝐶𝐶𝐶 𝐼𝐼𝑚𝑚𝐼𝐼𝑚𝑚𝑐𝑐𝐶𝐶 = 𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑡𝑡) − 𝑉𝑉0

𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐0)                             (2) 



9 
 

Defining the climate impact on welfare using Eq. (2) accounts for adaptation on both the 

intensive margin (e.g., rotation length) and the extensive margin to generate a counterfactual 

comparison of land value under a climate change scenario relative to land value under a baseline 

with no climate change. Importantly, the forest type that optimizes land value at climate 𝑐𝑐𝑡𝑡 may 

differ from the forest type that optimizes land value at climate 𝑐𝑐0.  

 

2.2. Logit representation of climate impact on land value function 

In this section, we integrate the basic theoretical setup above with a random utility interpretation 

of a discrete-choice logit model. Consider the situation where landowner n solves the replanting 

choice in Eq. (1) but has information about the value of their land that the researcher does not 

possess, e.g., skill in managing forest type s, non-market values from forest type s, expectations 

of the future, etc. In particular, let 𝜀𝜀𝑛𝑛𝑗𝑗𝑡𝑡 be a driver of the land value function that is observable to 

the landowner but not to the researcher. Landowner n's annualized post-harvest value function 

from regenerating forest type sj in time t equals: 

𝑉𝑉𝑛𝑛𝑗𝑗𝑡𝑡
𝑝𝑝ℎ�𝑠𝑠𝑗𝑗 , 𝑐𝑐𝑡𝑡� + 𝜀𝜀𝑛𝑛𝑗𝑗𝑡𝑡 = 𝛼𝛼𝑗𝑗 + 𝛾𝛾 ∙ 𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑡𝑡 + 𝛽𝛽𝑗𝑗 ∙ 𝑐𝑐𝑛𝑛𝑡𝑡 + 𝜃𝜃𝑗𝑗𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑛𝑛 + 𝜀𝜀𝑛𝑛𝑗𝑗𝑡𝑡                  (3) 

where 𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑡𝑡 is the average annualized per-acre land rent for species sj in region r that 

contains plot n. We do not observe plot-level rents and so must instead rely on regional average 

rents. The variable 𝑐𝑐𝑛𝑛𝑡𝑡 represents a vector of downscaled climate variables of historical long-run 

averages evaluated at time t; 𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑛𝑛 is the elevation of plot n. The logit model has the property 

that the scale of utility (or, land value in our case) is irrelevant for the decision-maker's choice 

(Train, 2009), and we use this property to normalize the scale of Eq. (3) as money-metric by 

interpreting 𝛾𝛾 = 1/𝜉𝜉, where 𝜉𝜉 is the scale parameter for type I extreme value distributed 𝜀𝜀𝑛𝑛𝑗𝑗𝑡𝑡 

(Ben-Akiva and Lerman, 1985). Given this interpretation, all other parameters in Eq. (3) are 
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likewise normalized by 𝜉𝜉, and Eq. (3) represents landowner n's land value in forest type sj as a 

deviation from the regional annual rent, 𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑡𝑡, where deviations occur because climate and 

elevation are variable and observable at finer spatial scales (the plot) than the scale with which 

rents are observed (the region). Our inclusion of alternative-specific constants for each forest 

type (𝛼𝛼𝑗𝑗) captures differences in opportunity costs of regenerating the different forest types on 

harvested land. To account for differential climate impacts across forest types, the parameters for 

the climate variables in Eq. (3) – the 𝛽𝛽𝑗𝑗 vector – are specific to each forest type choice j, thus 

revealing the relationship between climate and the replanting choice. One final issue is the 

normalization of the alternative-specific constant (𝛼𝛼𝑗𝑗) and the parameters on the choice-invariant 

variables of climate and elevation (𝛽𝛽𝑗𝑗, 𝜃𝜃𝑗𝑗) to zero for one choice. 

Given the set of assumptions in the preceding paragraph, the probability that landowner n 

chooses forest type sj to regenerate tree growth on their land and solve Eq. (1) becomes: 

𝑃𝑃𝑟𝑟𝑃𝑃𝑃𝑃𝑛𝑛𝑗𝑗𝑡𝑡 = exp(𝑉𝑉𝑛𝑛𝑗𝑗𝑛𝑛)

∑ exp(𝑉𝑉𝑛𝑛𝑗𝑗𝑛𝑛)𝐽𝐽𝑛𝑛𝑛𝑛
𝑗𝑗=1

=
𝑒𝑒𝑒𝑒𝑝𝑝�𝛼𝛼𝑗𝑗+𝛾𝛾∙𝑟𝑟𝑒𝑒𝑛𝑛𝑡𝑡�������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑛𝑛+𝛽𝛽𝑗𝑗∙𝑐𝑐𝑛𝑛𝑛𝑛+𝜃𝜃𝑗𝑗𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑛𝑛�

∑ exp�𝛼𝛼𝑗𝑗+𝛾𝛾∙𝑟𝑟𝑒𝑒𝑛𝑛𝑡𝑡�������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑛𝑛+𝛽𝛽𝑗𝑗∙𝑐𝑐𝑛𝑛𝑛𝑛+𝜃𝜃𝑗𝑗𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑛𝑛�
𝐽𝐽𝑛𝑛𝑛𝑛
𝑗𝑗=1

                         (4) 

A key decision from the researcher is defining the choice set in Eq. (4), where the choice set can 

reflect biophysical constraints by not including tree species that are not viable where plot n is 

located. The choice set in Eq. (4) can vary across plots, reflecting the fact that biophysical 

constraints can be heterogeneous across space. The distributional assumptions of the logit model 

enable the climate impact on welfare from Eq. (2) to be directly estimated from parameters in 

Eq. (3):  

𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝐶𝐶𝐶𝐶 𝐶𝐶𝑚𝑚𝐼𝐼𝑚𝑚𝑐𝑐𝐶𝐶 =  𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑛𝑛𝑡𝑡) − 𝑉𝑉0

𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑛𝑛0) = 1
𝛾𝛾
�𝐶𝐶𝑟𝑟∑ exp [𝑉𝑉𝑛𝑛𝑗𝑗(𝑠𝑠, 𝑐𝑐𝑛𝑛𝑡𝑡)]−𝐽𝐽𝑛𝑛𝑛𝑛

𝑗𝑗=1

𝐶𝐶𝑟𝑟∑ exp [𝑉𝑉𝑛𝑛𝑗𝑗(𝑠𝑠, 𝑐𝑐𝑛𝑛0)]𝐽𝐽𝑛𝑛0
𝑗𝑗=1 �  (5) 
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Where 𝛾𝛾 identifies the scale-parameter that places Eq. (5) into a money-metric form. Estimating 

climate impacts on landowner welfare from equation (5) accounts for adaptation since it is 

derived from the landowner's optimal extensive margin adaptation choice conditional on climate 

from Eq. (1). An identifying assumption in our logit model is that climate has differential effects 

on different forest types. If climate has an identical effect on the value function for all forest 

types – 𝛽𝛽𝑗𝑗 are identical across forest types – then the climate impact in Eq. (5) would not be 

identified.  

An important feature of climate change is that it can alter the geographic range of tree 

species by altering whether some regions are biophysically viable for particular tree species 

(Crookston et al. 2010). The welfare effect in Eq. (5) accounts for changes in viability across 

time by allowing the number of choices in the management choice set to change across time t. In 

particular, 𝐽𝐽𝑛𝑛𝑡𝑡 > 𝐽𝐽𝑛𝑛0 if more forest types are biophysically viable on plot n in time t than in time 

0, or 𝐽𝐽𝑛𝑛𝑡𝑡 < 𝐽𝐽𝑛𝑛0 if fewer forest types are viable in time t than in time 0. Our logit framework also 

allows us to estimate the economic value of specific forest types available for regeneration in the 

choice set, conditional on climate: 

1
𝛾𝛾
�𝐶𝐶𝑟𝑟∑ exp [𝑉𝑉𝑛𝑛𝑗𝑗(𝑠𝑠, 𝑐𝑐𝑛𝑛𝑡𝑡)]− 𝐶𝐶𝑟𝑟∑ exp [𝑉𝑉𝑛𝑛𝑗𝑗(𝑠𝑠, 𝑐𝑐𝑛𝑛𝑡𝑡)]𝐽𝐽𝑛𝑛𝑛𝑛

𝑗𝑗=1
𝐽𝐽𝑛𝑛𝑛𝑛′
𝑗𝑗=1 � = 𝑒𝑒𝑚𝑚𝐶𝐶𝑣𝑣𝐶𝐶 𝑃𝑃𝑜𝑜𝑠𝑠𝐼𝐼𝐶𝐶𝑐𝑐𝐶𝐶𝐶𝐶𝑠𝑠 𝑠𝑠𝑘𝑘      (6) 

Where 𝐽𝐽𝑛𝑛𝑡𝑡 includes the same forest species as 𝐽𝐽𝑛𝑛𝑡𝑡′  except for 𝑠𝑠𝑘𝑘. A notable feature of Eq. (6) is 

that we can evaluate it at any climate 𝑐𝑐𝑛𝑛𝑡𝑡. For example, one could estimate the value of having 

Douglas-fir available for replanting in climate 𝑐𝑐𝑛𝑛𝑡𝑡 if 𝐽𝐽𝑛𝑛𝑡𝑡′  included Douglas-fir, but 𝐽𝐽𝑛𝑛𝑡𝑡 did not. 

This is practically important in our study region as Douglas-fir is not expected to be 
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biophysically viable later in this century in a portion of the landscape where it is widespread 

today (see Appendix Fig A1)3.  

 

2.3. Ricardian representation of climate impact on land value function 

An alternative approach to estimating climate impacts on the land value function in Eq. (2) is the 

Ricardian method. As applied to the forestry problem, the Ricardian method constructs data 

representing the post-harvest land value function 𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑡𝑡) for bare timberland and estimates a 

cross-sectional regression of land value on measures of climate (Mihiar and Lewis 2021). One 

issue that arises in Ricardian analyses is the scale with which land values are observed. Ricardian 

models require land value data for geographic regions large enough to have a significant 

variation in climate. Given the challenge of obtaining parcel-scale land value data across large 

regions, most agricultural Ricardian models use aggregated measures of land values such as 

county-average land values across the lower 48 U.S. states (Mendelsohn et al. 1994) or eastern 

U.S. states (Schlenker et al., 2006), or county-average cash rents across the eastern U.S. (Ortiz-

Bobea 2020). There are some limited smaller scale applications of parcel-level land values across 

Great Britain (Fezzi and Bateman, 2015). The only Ricardian application to forestry is a U.S. 

national analysis using county-level average annual timber rents as the dependent variable 

(Mihiar and Lewis 2021). We do not observe plot-level data on land values for all three Pacific 

states in our sample, but we do have estimates of timber rents specific to region r and forest type 

𝑠𝑠𝑗𝑗 that are used in the logit analysis above, 𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑟𝑟(𝑛𝑛)𝑠𝑠𝑗𝑗𝑡𝑡. We develop conventional county-level 

average annual timber rents by creating a weighted average of our rent data. In particular, the 

                                                           
3 In particular, Douglas-fir is not expected to be viable in the low elevations of the Puget Sound region of 
Washington and the Willamette Basin of Oregon, and in a large portion of southern Oregon. 
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county weights are constructed using each county's share of growing stock in forest type 𝑠𝑠𝑗𝑗 and 

share of timber land across the seven productivity site classes from the FIA, thereby generating a 

variable  𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑔𝑔 specific to county g. Rather than use Mihiar and Lewis' (2021) county-level 

timber rent data, we construct our own county-average timber rent variable based on the same 

data used in the logit model so that we can more easily compare the climate impacts from the 

two approaches.4 We estimate the following cross-sectional regression:   

log (𝑟𝑟𝐶𝐶𝑟𝑟𝐶𝐶������𝑔𝑔) = 𝛿𝛿0 + 𝛿𝛿1𝑐𝑐𝑔𝑔� + 𝛿𝛿2𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑔𝑔�������+ 𝑣𝑣𝑔𝑔                                           (7) 

Where 𝑐𝑐𝑔𝑔�  includes a vector of climate variables that represent averages on timberland for county 

g, and 𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑔𝑔������� is the average elevation for timberland in county g. Estimation of Eq. (7) generates 

consistent estimates of parameters 𝛿𝛿 under the identifying assumption that 𝑐𝑐𝑔𝑔�  and 𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑔𝑔������� are 

exogenous determinants of rent. Given a set of estimated parameters 𝛿𝛿, we can estimate average 

county-level climate impacts from Eq. (3) as follows: 

𝐸𝐸𝑠𝑠𝐶𝐶. % 𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝐶𝐶𝐶𝐶 𝐼𝐼𝑚𝑚𝐼𝐼𝑚𝑚𝑐𝑐𝐶𝐶 = 100
�𝑉𝑉𝑛𝑛

𝑝𝑝ℎ(𝑠𝑠,𝑐𝑐𝑛𝑛)−𝑉𝑉0
𝑝𝑝ℎ(𝑠𝑠,𝑐𝑐0)�

𝑉𝑉0
𝑝𝑝ℎ(𝑠𝑠,𝑐𝑐0)

= 100 {exp�𝛿𝛿1� (𝑐𝑐𝑡𝑡� − 𝑐𝑐0� )� − 1}                    

(8) 

Estimated climate impacts can differ across counties if i) expected climate changes (𝑐𝑐𝑡𝑡� − 𝑐𝑐0� ) 

differ across counties, and/or if ii) the specification of climate in Eq. (7) is non-linear. We 

evaluate specifying the vector of climate variables with polynomial functions when estimating 

the Ricardian function in Eq. (7). 

 

                                                           
4 Annual rents from Hashida and Lewis (2019) and Mihiar and Lewis (2021) are conceptually identical but were 
estimated at different scales that lead to small differences in magnitude and the counties that have data. While both 
rent measures are based on estimated von Bertalanfy yield parameters, Hashida and Lewis estimated yield functions 
by price region, site class, and forest type at the plot level, while Mihiar and Lewis estimated yield functions by 
county and forest type at the tree level and then aggregated to a per-acre measure. 
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2.4. Comparison between logit and Ricardian approaches 

The Ricardian method and the discrete-choice logit method provide two alternative estimation 

approaches to evaluate the welfare impacts of climate change on forestry in Eq. (2). The two 

approaches have the following differences. First, while both approaches use revealed preferences 

of landowners in terms of the composition of the growing stock, the discrete-choice approach 

only uses replanting decisions for recently harvested land (2001-2014 in our application) to 

estimate parameters used in Eq. (2). In contrast, since the county-average timber rents are 

constructed by weighting with the observed growing stock in different forest types, the Ricardian 

uses the share of timberland of all ages, including plots that were planted many decades ago. 

Thus, if the share of timberland planted in different types of trees has changed in recent decades, 

then those replanting differences may generate different welfare impacts across the two 

approaches. Second, the two approaches differ in the scale of variation used, as the discrete-

choice approach uses plot-level variation in replanting and climate for estimation while the 

Ricardian approach uses more aggregated variation. Estimation differences may arise in our 

application because the Pacific states of the U.S. have significant within-county variation in 

climate that will not be used in the more aggregated Ricardian approach. Third, the Ricardian 

model estimates drivers of the fully optimized land value from Eq. (1), 𝑉𝑉𝑡𝑡
𝑝𝑝ℎ(𝑠𝑠, 𝑐𝑐𝑡𝑡), while the logit 

model estimates drivers of the value of each possible forest type in the choice set from Eq. (1), 

𝑉𝑉𝑡𝑡�𝑠𝑠𝑗𝑗, 𝑐𝑐𝑡𝑡� for all j=1,2,…J. In our application with a choice set of six forest types, the logit model 

has many more parameters than the Ricardian. 

 

3. Empirical application 

3.1. Data and study region 
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We have plot-level data on forest management for the U.S. Pacific states of Washington, Oregon, 

and California from the USDA Forest Service's Forest Inventory Analysis (FIA) for about 6,800 

non-federal plots (Fig. 1A). The most commercially valuable timberland is found in the states of 

Oregon and Washington, west of the crest of the Cascade mountain range, which comprises 

about 3,200 forested plots in the FIA, and is the focus of our welfare analysis (Fig. 1C). Key for 

our study is that timber harvest and the chosen forest type to regenerate is observable in the FIA 

data, and thus we use the FIA to form the main dependent variable in the discrete-choice model – 

which forest type to replant/regenerate for those plots that were observed to be harvested with a 

clear-cut between 2001 and 2014 (Fig. 1B). The commercially valuable timberland used in the 

welfare analysis is currently dominated by the Douglas-fir forest type (Fig. 1D).  

[FIGURE 1 HERE] 

Rent data specific to each forest type comes from Hashida and Lewis (2019), who estimate 

timber rents using the following steps: i) estimate timber yield equations where growing stock 

volume is a function of stand age using data from the FIA for each plot, where yield functions 

vary by region, forest type, and site class (a measure of land quality); ii) collect timber price data 

from state natural resource agencies, and iii) solve for the Faustmann optimal rotation length to 

determine regional average timber values expressed as annualized rents. We assume a discount 

rate of 5% in the rent calculation. Regional rents are calculated for six forest types, seven site 

productivity classes5, and eighteen price regions across the three states in our study region.6 

Landowners are assumed to select a forest type to replant from the following six types: (i) 

                                                           
5 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.  
6 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 timber prices. 
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Douglas-fir, (ii) Fir/Spruce/Mountain hemlock, (iii) Hemlock/Sitka spruce, (iv) Ponderosa pine, 

(v) Other softwoods, and (vi) Hardwoods7. Therefore, rents are computed for each of these six 

forest types, and descriptive statistics of the rent measures are presented in Table 1. Douglas-fir 

and Sitka spruce are the most valuable forest types in the study region, while other softwoods are 

the least valuable. Table 1 indicates substantial variation in the rent measures.  

[TABLE 1 HERE] 

Timber rents are different across the study region and are highest in the western Oregon 

and Washington region used in our welfare analysis (Table 2). Further, the distribution of rents 

for each forest type is similar across the clear-cut plots used as our discrete-choice estimation 

sample and the welfare analysis sample of all western Oregon and Washington (Table 2). 

[TABLE 2 HERE] 

The climate variables we use are total precipitation and mean temperature during the growing 

season, the maximum temperature in the warmest month (August), and minimum temperature in 

the coldest month (December). These variables have been found to strongly influence the growth 

of trees (Rehfeldt et al., 2014). Current plot-level climate data is based on normal monthly data 

from the Parameter-elevation Regressions on Independent Slopes Model (PRISM) at 800m 

resolution over a 30-year period between 1981 and 2010. The climate projection that we use is 

the U.S. National Center for Atmospheric Research Community Climate System Model (CCSM) 

4. Out of the available scenarios included in the model, we chose the RCP 8.5 scenario, as 

                                                           
7 We also tested the robustness of our estimates by redefining the choice set to three choices, Douglas-fir, hardwood, 
and all the other softwood types combined as one choice (including hemlock/sitka spruce, ponderosa pine, and 
fir/spruce/mountain hemlock), instead of six choices. For the choice set of all the other non Douglas-fir softwoods, 
we calculated the rent by taking an average of rents for hemlock/sitka spruce, ponderosa pine, fir/spruce, and other 
softwood for each plot. The marginal effects and welfare impacts are presented in Appendix Table A4 and Figure 
A6, respectively.  
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current CO2 emission rates are closely tracking this pathway (McKenney et al., 2015; Sanford et 

al., 2014). Under the RCP 8.5 scenario, the majority of premier private forestland in the west 

side of the Cascades is expected to become warmer and drier. Table A1 presents summary 

statistics of current and projected climate variables. 

3.2. Specification of climate in the discrete-choice logit and Ricardian models 

We specify climate in the logit model with the following: 

𝛽𝛽𝑗𝑗 ∙ 𝑐𝑐𝑛𝑛𝑡𝑡 = 𝛽𝛽1𝑗𝑗𝐶𝐶𝑚𝑚𝐶𝐶𝑚𝑚𝑟𝑟 (𝑔𝑔𝑠𝑠) + 𝛽𝛽2𝑗𝑗𝐼𝐼𝑟𝑟𝐶𝐶𝑐𝑐𝐶𝐶𝐼𝐼(𝑔𝑔𝑠𝑠) + 𝛽𝛽3𝑗𝑗𝐶𝐶𝑚𝑚𝐶𝐶𝑟𝑟(𝐷𝐷𝐶𝐶𝑐𝑐) + 𝛽𝛽4𝑗𝑗𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚(𝐴𝐴𝑣𝑣𝑔𝑔) (9)      

where 𝐶𝐶𝑚𝑚𝐶𝐶𝑚𝑚𝑟𝑟 (𝑔𝑔𝑠𝑠)is average temperature in the growing season, 𝐼𝐼𝑟𝑟𝐶𝐶𝑐𝑐𝐶𝐶𝐼𝐼(𝑔𝑔𝑠𝑠) is total 

precipitation in the growing season, 𝐶𝐶𝑚𝑚𝐶𝐶𝑟𝑟(𝐷𝐷𝐶𝐶𝑐𝑐) is minimum temperature in the coldest month, 

and 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚(𝐴𝐴𝑣𝑣𝑔𝑔) is maximum temperature in the hottest month. 8  An important component of 

this specification is that the parameters on each of the four climate variables vary across choices, 

and so with J=6 forest type choices, we estimate 20 climate parameters in the logit model (4 

climate variables × J-1 choices). Climate has a non-linear effect on the forest type choice given 

the non-linear in parameters logit specification in Eq. (4). 

For the Ricardian model, we specify climate with the following polynomial function: 

𝛿𝛿1𝑐𝑐𝑔𝑔� = 𝛿𝛿11𝐶𝐶𝑚𝑚𝐶𝐶𝑚𝑚𝑟𝑟��������� (𝑔𝑔𝑠𝑠) + 𝛿𝛿12𝐶𝐶𝑚𝑚𝐶𝐶𝑚𝑚𝑟𝑟��������� (𝑔𝑔𝑠𝑠)2 + 𝛿𝛿13𝐼𝐼𝑟𝑟𝐶𝐶𝑐𝑐𝑝𝑝𝐼𝐼��������� (𝑔𝑔𝑠𝑠) + 𝛿𝛿14𝐼𝐼𝑟𝑟𝐶𝐶𝑐𝑐𝑝𝑝𝐼𝐼��������� (𝑔𝑔𝑠𝑠)2 +

𝛿𝛿15𝐶𝐶𝑚𝑚𝑝𝑝𝑟𝑟������� (𝐷𝐷𝐶𝐶𝑐𝑐) + 𝛿𝛿16𝐶𝐶𝑚𝑚𝑝𝑝𝑟𝑟������� (𝐷𝐷𝐶𝐶𝑐𝑐)2 + 𝛿𝛿17𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚������� (𝐴𝐴𝑣𝑣𝑔𝑔) + 𝛿𝛿18𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚������� (𝐷𝐷𝐶𝐶𝑐𝑐)2            (10) 

Where the bar over each variable in Eq. (10) represents that these are aggregated to the county 

average, whereas the corresponding variables in Eq. (9) are at the plot level. The Ricardian 

model is a linear-in-parameters model that is much simpler than the logit model with only eight 

climate parameters rather than twenty. A quadratic function for growing season temperature, 

                                                           
8 We tested several specifications including a model with quadratic terms for temperature and precipitation. Our 
final choice for Eq. (9) is based on likelihood ratio tests. 
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precipitation, and minimum and maximum temperatures is common in the Ricardian literature, 

and an optimal climate is revealed when the shape of the quadratic in an inverted-U. A series of 

F-tests supports our specification in Eq. (10).9  

 Our specification of Eq. (9) and (10) includes current values of climate rather than 

forecasted future values. The underlying assumption is that landowners observe the current 

climate around their land and make management decisions in response to it. Thus, our 

assumption for adaptation is that landowners react to climate rather than anticipate climate 

change. While there has been some evidence in support of agricultural land prices now 

capitalizing future climate change (Severen et al., 2018), survey evidence of forest landowners in 

our study region finds that landowners did not account for climate forecasts in making 

management decisions during the time frame of our study (Grotta et al., 2013). If the climate 

changes gradually, then reactive and anticipatory adaptation are likely to lead to similar 

outcomes (Massetti and Mendelsohn, 2018).  

3.3. Estimation of the discrete-choice logit and Ricardian models 

The logit model is estimated using 640 plots that were observed to be clear-cut harvested across 

the Pacific states (Fig. 1B). We focus on the 640 clear-cut plots rather than the 383 plots that 

received a partial-cut harvest for two reasons. First, our welfare analysis focuses on a subset of 

the Pacific states – the most commercially valuable region of western Oregon and western 

Washington (Table 2) where 87% of this area is subject to clear-cut harvest and only 13% is 

partially cut. Second, the most actively managed plots – especially those that are artificially 

                                                           
9 For a comparison of full parameter estimates with different specifications, see Appendix Table A3.  
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regenerated – are the ones where the replanting choice is best described by the theory in Eq. (1), 

and these plots are mostly clear-cut harvested.  

Biological constraints are incorporated with varying choice sets. The choice set on each 

plot is based on "plant viability scores" developed by the USDA Forest Service that reflects the 

likelihood that the climate at a given location would be suitable for each species (Crookston et 

al., 2010).10 Table 1 indicates the probability that a forest type is biologically viable on each plot, 

and hence, in the choice set. Douglas-fir and hardwoods are the forest types with the largest 

range, as they are each biologically viable for 97% of plots. The most commonly chosen forest 

type to replant is Douglas-fir, which is chosen on 57% of the plots where it is biologically viable. 

Douglas-fir is the most commercially valuable and widespread forest type.11 Estimation of 

parameters in Eq. (4) is conducted by maximum likelihood. The alternative specific constant 

along with the climate and elevation parameters of the “other softwood” replanting choice are 

normalized to zero for identification. 

The Ricardian model in Eq. (7) is estimated using 123 counties across the Pacific states 

that have timberland in the FIA data. Notably, the Ricardian model is estimated using lands that 

are both actively managed with clear-cuts and less actively managed with partial cut harvests. 

Estimation is conducted using ordinary least-squares and is weighted by timberland acres. 

Standard errors are robust to arbitrary forms of heteroskedasticity. Since it is built from all non-

federal plots across the Pacific states, the sample used to estimate the Ricardian model has a 

                                                           
10 We obtained viability scores for each species at each plot location under current climate and future climate. The 
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, we 
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. (2010).  
11 Sitka spruce is also highly valuable, but its range is biologically restricted to coastal areas (Fig. 1D). 
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wider geographic range than the discrete-choice logit model (Fig. 1A and B) since not every 

county with timberland has an observed clear-cut harvest in the FIA data.  

 

4. Results 

4.1. Marginal effects of climate 

Estimated marginal effects from the logit replanting model and Ricardian rent model are 

presented in Table 3, while full parameter estimates for both models are in Appendix Table A2 

and A312. The logit model is weighted with the FIA's expansion factor, and the Ricardian model 

is weighted by county timberland acres. The estimated logit parameter on rent (𝛾𝛾) is positive and 

significant from zero (p<0.05), indicating that forest types with a higher economic rent are more 

likely to be chosen. For the logit model, 12 out of 20 climate parameters are significantly 

different from zero (p<0.05), suggesting that the effect of the climate variables on the probability 

of planting/regenerating a specific forest type differs across forest types, which is needed to 

identify climate impacts. Examining average marginal effects on the probability of replanting 

Douglas-fir (Table 3), we see that an increase in growing season temperature (maximum temp in 

August) lowers (raises) the probability of planting Douglas-fir. For the Ricardian model, average 

marginal effects indicate that increases in precipitation raise timber rents while increases in 

minimum December temperatures lower timber rents. Parameters on the quadratic functions in 

the Ricardian model indicate an inverted-U shape for both minimum December and maximum 

August temperature (Appendix Table A3 and Fig. A2). Increases in both the minimum and 

maximum temperature variables raise rents when evaluated at low temperatures and lower rents 

                                                           
12 Our logit model estimates are robust to a different specification of choice sets as shown in comparison of marginal 
effects (Appendix Table A4) between the six choice sets and three choice sets.   
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when evaluated at high temperatures13, while increases in growing season precipitation always 

raise timber rents, but at a diminishing rate (Appendix Fig. A2). Thus, the results of both models 

indicate strong evidence of climate sensitivity to mean timber rents and to the choice of forest 

types to replant.  

The non-linear specification of both the logit and the Ricardian model generates 

heterogeneous marginal effects of climate variables that depend on the value of the climate 

variables in which they are evaluated. Results in Appendix Table A5 provide example marginal 

effects evaluated at climate and elevation variables taken from different locations throughout the 

region used in estimation and illustrate how changes in each climate variable affect the 

replanting probability (for the logit) and the timber rent (for the Ricardian) across sub-regions. 

The non-linearity in the Ricardian model arises from the log-transformed dependent variable 

(rent) and the quadratic specification of the climate independent variables, while the non-

linearity in the logit model arises from the non-linear logit function (Eq. 4) and the fact that each 

climate variable differentially affects land value for each forest type in the choice set.  

[TABLE 3 HERE] 

4.2. Welfare impact of climate change – Comparing the logit and Ricardian models 

We use the estimated logit and Ricardian models to estimate the welfare impacts from projected 

climate change, using the U.S. National Center for Atmospheric Research CCSM 4 model for 

RCP 8.5, downscaled to the FIA plots as developed in Hashida and Lewis (2019). In the region 

where we conduct the welfare analysis (Fig. 1C), the projected climate changes are warmer and 

mostly drier growing seasons (Appendix Table A1; Fig. A3). We evaluate the welfare impacts of 

                                                           
13 Using the estimated quadratic functions, rents are maximized at a minimum December temperature of -2.5 C and 
at a maximum August temperature of 24.4 C. 
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climate change using Eq. (5) and find an overall welfare loss across the plots. For those plots 

with statistically significant welfare impacts (85% of the sample), we find mean losses of 

$30/acre/year (median $29/acre/year) by 205014. Setting the welfare loss to zero for the 15% of 

the sample that has statistically insignificant effects, the mean losses are $25/acre/year by 2050, 

which represents an approximate 39% loss in average rents from the current level.  

At the plot level, there is considerable spatial variation in estimated welfare changes 

(Figure 2; see Figure A4 for distribution within each region). In Figure 2, we see some positive 

impacts of climate change on welfare in the first half of the century along and west of the 

Cascade mountain crest15, but we also observe significant within-county heterogeneity in the 

results, as some counties have plots that are projected to both lose and gain welfare depending on 

where they are within the county. The mountains of the Pacific Northwest create sharp climate 

gradients within relatively small geographic regions, which is a source of within-county 

heterogeneity. The ability to show within-region heterogeneity is an advantage of the logit 

model, especially when applied to areas such as Pacific Northwest, where microclimate 

conditions exist within each region. The maps in Fig. 2 only show the statistically significant 

(p<0.05) estimates (based on Krinsky and Robb (1986) standard errors) – and this flexibility to 

be able to account for parameter uncertainty is one of the advantages of the econometric-based 

analysis compared to numerical analysis. One final note is that we focus on welfare analysis to 

2050 because the mean of the forecasted 2050 climate variables for our welfare analysis region is 

well within the range of the data used to estimate the discrete-choice model (Appendix Table A1 

                                                           
14 Under the alternative three-choice-set specification, the mean losses are $23/acre (median $24/acre) by 2050. See 
Appendix Figure A5 for plot-level spatial distribution of welfare impacts with three-choice-set model. 
15 The plots with positive welfare impact are primarily located in higher elevation. This is consistent with Latta et 
al., (2010), who find that climate change impacts on forest productivity can be positive at high elevations and 
negative at low elevations. 
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and Fig. A3). We show welfare results under the larger climate changes to 2090 in Appendix 

Figures A4 to A6 but caution that the means of the projected climate variables in 2090 are at the 

margin of the range of data used to estimate the model, and thus are largely extrapolations. The 

2090 welfare losses are larger in magnitude than 2050. 

[FIGURE 2 HERE] 

Figure 3 compares the climate impact results derived from the logit model (left) and the 

results from our Ricardian model computed based on Eq. (8) (right). The logit results are welfare 

changes of representative plots at each county, which are the plots that have the average climate 

conditions and elevation in each county. On average, the results are comparable, although the 

Ricardian results are slightly smaller in magnitude than the logit results. The Ricardian welfare 

loss is an average -$18/acre (-28% of current rent) by 2050, while the average logit welfare loss 

is -$25/acre (-39% of current rent) by 2050. A noticeable difference is that the Ricardian results 

lack the spatial heterogeneity of the logit results. The difference could be attributed to the 

difference in scale, in which the logit model uses plot-level variation while the Ricardian 

approach uses variation at a more aggregated scale. As we mentioned in section 2.d, the study 

area has significant within-county variation in climate that will not be captured in the Ricardian 

approach, which averages climate to the county level. A set of robustness checks (Table A3) 

reveals that our negative welfare impacts from climate change occur in all Ricardian 

specifications examined but that the magnitude of losses is smaller when the rent dependent 

variable is not log-transformed.   

[FIGURE 3 HERE] 

The small difference between the logit and Ricardian welfare impacts could also be due 

to the fact that the Ricardian model is estimated using timberland across the entire three states of 
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the Pacific coast, while the logit model was estimated on the more commercially valuable land 

intensively managed with clear-cut harvest where Douglas-fir is most common.16 Since Douglas-

fir productivity is expected to decline with future climate change (e.g., Rehfeldt et al. 2014; 

Restaino et al. 2016), and since we project that climate change lowers the probability of planting 

Douglas-fir forests in the long run, we might therefore expect a more negative welfare impact 

from the logit model than the Ricardian model. Since the Ricardian dependent variable is 

computed as the average rent across the stock of all timberland, much of which was planted or 

regenerated decades ago arising from both intensive and less-intensive harvest methods, that 

approach puts less weight on the management behavior that has favored the species (Douglas-fir) 

that is projected to decline in productivity and management importance under future climate 

change.  

 

4.3 Projected change in the value of individual forest types by 2050 under climate change  

An important question relevant for climate adaptation is how the overall changes in timberland 

rent are influenced by changes in rental values to the individual forest types. We use the logit 

model to compute the value of individual forest types to landowners using Eq. (6). To examine 

how climate change can alter the value of the most commercially important species Douglas-fir, 

we compute the value of each plot in Douglas-fir at the projected 2050 climate using Eq. (6) and 

divide by the corresponding value of each plot in Douglas-fir evaluated at the current climate 

also using Eq. (6) to generate the percentage change in value of Douglas-fir due to climate 

change. Similar estimates can be constructed for other forest types. Fig. 4 presents the projected 

                                                           
16 Across the entire three states of the Pacific coast, about 55% of plots that were clear-cut harvested were planted 
with Douglas-fir between 2001 and 2014. In contrast, only 27% of the land that was managed with partial-cut 
harvest over the same period and same region was Douglas-fir. 
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percentage change in value of Douglas-fir (left) and hardwoods (right) on each plot arising from 

climate change out to 2050. The results are striking and indicate that Douglas-fir (hardwoods) is 

projected to decline (increase) in value across virtually all plots.17 The projected losses in 

Douglas-fir value are smallest near the Pacific Ocean (left side of the map) and are larger inland. 

The average change in Douglas-fir value is -$23/acre/year, which is close to the overall average 

loss for the study region of -$25/acre/year, emphasizing that the economic losses due to climate 

change are mostly coming through impacts on Douglas-fir and that extensive margin adaptation 

through changing forest types (e.g., to hardwoods) can only partially mitigate those losses. See 

Hashida and Lewis (2019) for a quantitative analysis of a projected time path of how the 

landscape would evolve.  

[FIGURE 4 HERE] 

 

4.4 Temporal change in average economic viability of timberland 

If the welfare impact from climate change is negative and large enough, forestland may no 

longer be economically viable as timberland, where we define economic viability as the potential 

to earn a positive land rent based on timber as the sole ecosystem service with a positive price. 

Of course, significant non-market values (e.g., carbon storage, wildlife habitat) from forests can 

still exist on nonviable timberland. Nevertheless, economic viability as timberland is important 

as a hedge against converting forests to other uses. We define a plot of timberland to be 

economically nonviable if we reject the null hypothesis that the welfare loss is less than the 

current level of the expected timber rent at the 5% level.  

                                                           
17 When examining the percentage changes in Fig. 4, it’s important that Douglas-fir starts from a significantly higher 
level of rent (mean $76/acre/year) than hardwoods (mean $26/acre/year). 
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Figure 5 shows that most plots are expected to sustain economically viable timberland 

under the projected climate path (RCP 8.5) out to 2050, based on our projection with the logit 

model.  By 2050, our projections indicate that about 93 percent of non-federal forestlands will 

remain economically viable as timberland. The southwestern portion of Oregon, known as the 

Klamath region, stands out for having a small cluster of plots projected to be economically 

nonviable, and this region is notable for a projection of a much warmer and drier growing season 

in the climate projections underlying the CCSM 4 model of RCP 8.5. Further, this is the region 

that is expected to see a significant range long-term shift in the biophysical viability of Douglas-

fir (Fig. A1). Our findings that the Klamath region will have some land become economically 

nonviable for timberland is consistent with recent natural science studies, which find that climate 

change and increased wildfire activity will induce a shift from coniferous forest (like Douglas-fir 

timberland) to shrubland-hardwood forest (Serra-Diaz et al., 2018).  

[FIGURE 5 HERE] 

5. Discussion 

This paper develops a method for estimating welfare effects from climate change on landowners 

using a discrete-choice model based on plot-level land management data. A discrete-choice land 

management model provides a theoretically similar welfare effect to what is estimated with the 

more traditional linear Ricardian method explaining average land values as a function of climate. 

In an application to Pacific Northwest timberland, we show that the two approaches find that the 

warmer and drier conditions expected under future climate change will induce average welfare 

losses to landowners. While both approaches give negative welfare impacts from climate change, 

the discrete-choice model provides significantly more heterogeneous impacts and somewhat 

larger welfare losses than the Ricardian model. Model differences are driven by scale differences 
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between the county-level Ricardian and the plot-level discrete-choice models, and by the fact 

that the discrete-choice logit model is estimated on the most intensively managed timberland 

subject to clear-cut harvest while the Ricardian model is estimated from a broader set of 

intensively managed and less intensively managed timberland. We also show how the discrete-

choice approach can be used to estimate climate change impacts on the value of individual forest 

types and whether management is economically viable under future climate change. Results 

indicate that climate change will lower rents in the most commercially valuable region of the 

western U.S. by approximately 39% by the year 2050, and most of those losses arise due to 

reduced rents to the widespread Douglas-fir forest type. 

Several caveats are worth discussing. First, our approach does not account for potential 

endogenous price feedback arising from changes in productivity and timber supply. In our 

projection, we do not model a change in demand-side factors such as an increase in population or 

a change in preference for wood products. Incorporating such general equilibrium effect into the 

projection would be fruitful future research. Second, both models cannot account for new 

management options that do not exist today within the study area. For example, if climate change 

induces landowners to introduce a new exotic tropical plant, that option could not be modeled in 

an analysis based on past management behavior. Third, examining whether landowners make 

management decisions in response to future climate change forecasts could be a useful extension 

to our current approach that assumes landowners make decisions in response to current levels of 

climate. Fourth, incorporating dynamic interactions between the changing climate and the 

growth function of tree species could provide new insights. Our focus in this study is to estimate 

welfare effects using a discrete-choice model and contrast results with a traditional Ricardian 
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approach, but our approach can be extended to accommodate more complex assumptions in 

future work.  

In addition to our methodological contribution, this paper provides new insights into how 

climate change will interact and induce adaptation choices from landowners and what this means 

for welfare impacts. Landowners have transformed U.S. Pacific Northwest forests from mixed 

forest types into conifer-dominated forests, often in monoculture Douglas-fir plantations 

(Kennedy and Spies, 2004; Swanson, 2005). The timber market currently rewards such land-use 

decisions by valuing Douglas-fir timber at a much higher per-unit price than other forest types 

like hardwoods. As a result, natural scientists have argued that current coniferous forests hold a 

considerable "climatic debt" that accrues when species are not adapted to a disturbance regime 

that is changing with a changing climate (Serra-Diaz et al., 2018). Our results show that climate 

change will lower timber values in the most commercially valuable timber region of the western 

U.S. in western Oregon and Washington. We estimate that some of the existing timberland 

regions will not be economically viable as commercial timberland in the long run, and some of 

these regions overlap with areas where Douglas-fir is expected to become biophysically 

unviable. The welfare implication of climate change for private forest landowners is essential for 

projecting the future extent and composition of the forest landscape, and ultimately, the 

numerous market and non-market ecosystem services that it provides.     

Although the contribution of the forest sector to the broader economy has declined over the 

years, the industry has brought billions of dollars' worth of revenue to the Pacific Northwest 

through logging, contributing to county and state finance through taxes18. The timber industry is 

                                                           
18 In Oregon, for example, the forestry sector contributed 4.7% of total state output, 3% of state employment, and 
3.7% of state GDP in 2016 (Oregon Forest Resources Institute, 2019). Approximately $67 billion in revenues have 
been raised since 1991 by logging timber in the state (Schick et al., 2020). 
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also socially and culturally important in local rural communities. Our results suggest a projected 

social and economic debt arising from a projected imbalance between the existing market and 

climate conditions, which rewards Douglas-fir, and the future climate with lower Douglas-fir 

productivity. Without introducing an equally or more profitable tree species or a transformation 

of timber markets that reward other tree species besides Douglas-fir, there will be little gain from 

extensive margin adaptation across forest types in the timber sector. One active area of 

adaptation research on the intensive margin for Douglas-fir is assisted relocation, where seeds 

are actively moved across climate gradients (St. Clair et al., 2020).  

In western Oregon, at least 40 percent of private forestlands are now owned by investment 

companies such as Weyerhaeuser (Schick et al., 2020). With a large-scale diversified portfolio of 

timberlands, such investment firms manage timberland as financial assets that can be reallocated 

if the holding in one region does not make financial sense. While such companies were a part of 

shifting from natural forests to plantations of Douglas-fir trees in the past, they could become 

primary drivers to abandon these same plantations if the practice loses profitability under a 

warming climate. Our results suggest that climate change will gradually lower the profitability of 

timberlands in the Pacific Northwest because Douglas-fir will become less valuable. The 

econometric-based simulation model of Hashida and Lewis (2019) shows that Douglas-fir will 

most likely be converted to hardwoods. Stands of hardwoods in the Pacific states currently 

receive minimal timber management, and almost all are naturally regenerated rather than planted. 

In contrast, Douglas-fir stands in the highly productive region of western Oregon and 

Washington are mostly planted. If timberland is converted back to a more diverse natural forest 

in the long run, either due to lack of active human management or intentional management 

choice to mitigate climate risk, understanding whether such conversion generates external gains 
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or losses to non-landowners requires expanding our approach to a broader analysis of the non-

market values of goods and services provided by different forest types. Explicit consideration of 

the non-market values of different forest types is beyond the scope of this study, but the question 

warrants a future investigation. The question of how private management adaptation to climate 

change interacts with social non-market values is not limited to our study region or to the 

management of forestland. Climate change could lead to a variety of situations where current 

land use is no longer profitable to manage, and so more land could be left to return to a natural 

state. Examples include repeatedly inundated homes in a floodplain, houses destroyed by 

wildfires in the Wildland-Urban-Interface, or ocean-front property damaged by sea-level rise and 

coastal erosion.     
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Figure 1. FIA Forest Plots Used in Study Region - All Non-federal Plots (A); Non-Federal Clear-
cut Plots Used in Estimation (B); Non-federal Plots Used in Welfare Analysis (C); Current 
Forest Types on Plots Used in Welfare Analysis (D).  
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Figure 2. Plot-level Spatial Distribution of Welfare Impact by 2050 Expressed in $/acre for 
Western Washington and Oregon. Only Statistically Significant Estimates (at 5%) are Included. 

 

   



36 
 

Figure 3. Spatial Distribution of Welfare Impact by 2050: a Representative Plot with Average 
Climate and Elevation at Each County with Logit Model (left) and Ricardian Model (right). 
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Figure 4. Projected Climate Change Impact on Economic Rent for Douglas-fir (left) and 
Hardwoods (right) from Climate Change on Plots Currently Growing Douglas-fir. 
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Figure 5. Temporal Change in Projected Economic Viability of Timberland Due to Climate 
Change: Nonviable by 2050 in the Logit Model (p<0.05). 
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Table 1. Descriptive Statistics of Forest Types Among Sample Plots Subject to Clear-cut 
Harvest and Included in Estimation of Discrete-choice Logit Model. Note: the Means for 
Each Forest Type are Computed Only from Plots Where that Type is Chosen. 

Forest Type Mean 
Rent 

($/acre) 

St Dev 
of Rent 

Min 
Rent 

($/acre) 

Max 
Rent 

($/acre) 

Probability 
in Choice 

Set 

Probability 
Chosen | 

Choice Set 
Douglas-fir $76.58 33.18 $5.21 $129.98 0.97 0.57 

Hemlock/sitka spruce $96.50 63.81 $1.19 $216.54 0.80 0.15 
Hardwoods $24.83 13.85 $0.06 $44.85 0.97 0.15 

Ponderosa pine $10.62 8.13 $2.25 $34.96 0.36 0.25 
Fir/spruce/mt. hemlock $17.88 19.53 $0.01 $92.33 0.64 0.07 

Other softwoods $11.53 7.40 $0.51 $27.77 0.38 0.12 
All forest types (weighted) $59.91 45.21 $0.01 $216.54 - - 
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Table 2. Comparing Mean Rents ($/acre/year) in the Sample Used for Estimation (All Clear-
cut Plots), the Sample Used for Welfare Analysis (All Non-federal Plots in Western Oregon 
and Washington), and All Non-federal Plots Across California, Oregon, and Washington. 
Note: the Means for Each Forest Type are Computed Only from Plots Where that Forest 
Type is Chosen. 

Forest Type Discrete-Choice 
Estimation sample 

(clear-cut plots) 

Welfare sample 
(western OR/WA) 

Full sample 
(CA/OR/WA) 

Douglas-fir $76.58 $74.41 $58.62 
Hemlock/sitka spruce $96.50 $92.52 $85.82 

Hardwoods $24.83 $26.66 $13.39 
Ponderosa pine $10.62 $20.21 $9.45 

Fir/spruce/mt. hemlock $17.88 $23.50 $13.44 
Other softwoods $11.53 $6.04 $9.65 

All forest types (weighted) $59.91 $63.39 $35.35 
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Table 3. Marginal Effects in Logit Replanting and Ricardian Rent Models Evaluated at the Mean 
of Western Oregon and Washington. 

 Logit model, probability of replanting 
Douglas-fir 

Ricardian model of logged mean 
timber rents 

Variable Marginal 
effect SE Marginal 

effect SE 

Rent (in 100$) 0.17** 0.059 NA  
Growing season temp (C°) -0.097** 0.032 0.11 0.07 
Growing season precipitation (in 
100 mm) -.0005 0.007 0.098** 0.013 

Minimum temperature in Dec 0.010 0.016 -0.16** 0.044 
Maximum temperature in Aug 0.053** 0.012 -0.02 0.046 
Elevation (1000 feet) -0.071* 0.034 -0.03** 0.007 
N 640 Plots 123 Counties 

** p<0.01; * p<0.05 

Notes: Average growing season mean temperature=12.95 C°; average growing season precipitation=912 
mm; average minimum temp in Dec= 0.58 C°; average maximum temp in Aug=24.61 C°; average 
elevation=1166 ft.  
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Appendix to “Estimating welfare impacts of climate change using a discrete-
choice model of land management: An application to western U.S. forestry” 

 

 

Figure A1.  Biophysically Viable Plots for Douglas-fir Based on the Plant Viability Scores under Current 
Climate (left), by 2060 (middle), and by 2090 (right). Biophysical Viability is Determined from Crookston 
et al. (2010). Green-colored Plots are Viable in Our Definition of >0.3. 
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Figure A2. Ricardian Model Marginal Effects of Mean Growing Season Temperature (tmean_gs), 
Precipitation (precip_gs), Minimum Temperature in December (min_12), and Maximum Temperature in 
August (max_08) Evaluated at a Range of Values in Current Climate. 
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Figure A3. Current and Projected Future (2050) Distributions of Climate Variables for Estimation Sample 
(clear-cut plots in CA/OR/WA) and Welfare Region (all plots in western OR/WA). 
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Figure A4. Distribution of Welfare Impact by 2050 (top) and by 2090 (bottom) across the Plots: 
Entire Sample (left) and by Regions (right). 
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Figure A5. Plot-level Spatial Distribution of Welfare Impact by 2050 (left) and 2090 (right) 
Expressed in $/acre for Western Washington and Oregon. Only Statistically Significant 
Estimates (at 5%) are Included. 

 

 
Figure A6. Plot-level Spatial Distribution of Welfare Impact by 2050 (left) and 2090 (right) 
Expressed in $/acre for Western Washington and Oregon under the Three-Choice-Set 
Specification. Only Statistically Significant Estimates (at 5%) are Included. 
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Table A1. Descriptive Statistics for Climate Variables and Climate Forecasts. 

Current Climate (Estimation Sample – clear-cut plots in CA/OR/WA)  
Mean Std dev Min Max 

Mean temp growing season (C) 12.56 1.46 7.43 17.27 
Total precip growing season (mm) 918.68 539.56 28.36 3286.84 
Min temp growing season (C) -0.12 2.42 -9.57 5.12 
Max temp growing season (C) 25.18 2.67 18.44 34.64      

Forecasted 2050 Climate (Welfare sample - western OR/WA)  
Mean Std dev Min Max 

Mean temp growing season (C) 15.12 1.37 9.83 19.39 
Total precip growing season (mm) 909.96 524.75 138.44 3735.75 
Min temp growing season (C) 2.73 1.47 -3.31 8.82 
Max temp growing season (C) 27.57 2.84 17.95 36.59      

Forecasted 2090 Climate (Welfare sample - western OR/WA)  
Mean Std dev Min Max 

Mean temp growing season (C) 17.06 1.42 11.97 21.37 
Total precip growing season (mm) 901.53 525.98 127.4 3774.55 
Min temp growing season (C) 4.92 1.46 -1.31 10.72 
Max temp growing season (C) 30.23 3.1 19.95 39.79 
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Table A2. Logit Parameter Estimates (the “Other Softwoods” Forest Type is the Reference Choice). 
  

Coefficient 
estimate 

Standard 
error  

Rent 0.0074* 0.0027 
DOUGLAS-
FIR 

Elevation -0.0007* 0.0002 
 

Mean temp in growing season -0.1499 0.2367  
Total precip in growing season 0.0029* 0.0011  
Min temp in Dec -0.2532* 0.1117  
Max temp in Aug 0.2127* 0.1088  
Alt Spec Const -3.0499 3.2125 

FIR-SPRUCE Elevation 0.0007* 0.0003  
Mean temp in growing season -0.0025 0.3253  
Total precip in growing season 0.0031* 0.0014  
Min temp in Dec -0.3133 0.2086  
Max temp in Aug 0.3143* 0.1549  
Alt Spec Const -13.3347* 4.4020 

HEMLOCK-
SITKA 

Elevation -0.0003 0.0004 
 

Mean temp in growing season 0.5093 0.3366  
Total precip in growing season 0.0040* 0.0012  
Min temp in Dec -0.3899* 0.1708  
Max temp in Aug -0.5162* 0.1401  
Alt Spec Const 2.8411 4.1564 

HARDWOODS Elevation -0.0006* 0.0003  
Mean temp in growing season 0.2785 0.3048  
Total precip in growing season 0.0034* 0.0011  
Min temp in Dec -0.3505* 0.1301  
Max temp in Aug 0.1522 0.1205  
Alt Spec Const -8.5057* 3.9529 

PONDEROSA 
PINE 

Elevation 0.0006* 0.0002 
 

Mean temp in growing season 0.3019 0.2414  
Total precip in growing season 0.0024 0.0013  
Min temp in Dec -0.3854* 0.1338  
Max temp in Aug 0.3141* 0.1376  
Alt Spec Const -16.1959* 3.8480 

LOG-
LIKELIHOOD 

 -578.43  

N (PLOTS)  641  
 

Note: *p<0.05 
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Table A3. Ricardian Model Parameter Estimates with Different Specifications. Our Preferred 
Specification that Our Results are Based on is Model 2. The Dependent Variable is Annual County 
Average Timber Rents, in Logged Form for Model 1 and Model 2 and in Level Form for Model 3 and 
Model 4.  
 

Model 1 Model 2 Model 3 Model 4 
Dependent Variable log(Rent) log(Rent) Rent Rent      

Mean temp growing season (C°) 0.41 -0.37 -3.09 -12.37  
(0.33) (0.27) (8.29) (7.92) 

Mean temp squared -0.03* 0.02 -0.15 0.47  
(0.01) (0.01) (0.36) (0.39) 

Precipitation (100s mm) 0.18* 0.15* 5.34* 4.49*  
(0.04) (0.04) (1.08) (1.31) 

Precipitation squared -7.20E-05* -2.94E-05 -2.04E-03* -1.29E-03*  
(2.09E-05) (1.70E-05) (5.07E-04) (5.73E-04) 

Elevation (100s feet) -0.05* -0.03* -1.45* -0.92*  
(0.01) (0.01) (0.25) (0.22) 

Min temp in Dec (C°) 
 

-0.13* 
 

-1.76   
(0.04) 

 
(1.06) 

Min temp in Dec squared 
 

-0.03* 
 

-0.40*   
(0.01) 

 
(0.17) 

Max temp in Aug (C°) 
 

1.97* 
 

16.05   
(0.38) 

 
(16.82) 

Max temp in Aug squared 
 

-0.04* 
 

-0.37   
(0.01) 

 
(0.30) 

Constant 3.10 -18.91* 110.80* -45.89  
(2.05) (5.27) (54.04) (232.82)      

N 123 123 123 123 
R^2 0.65 0.85 0.67 0.74 
Per-Acre Climate Impact by 2050 -$35.45 -$18.36 -$15.99 -$7.07 
Per-Acre Climate Impact by 2090  -$52.06 -$46.30 -$31.19 -$18.76 

 

*p<0.05 

Notes: Standard errors are robust to heteroskedasticity; estimation is weighted by acres of timberland in 
each county; per-acre climate impacts are weighted by forest acreage and county estimates that are not 
statistically significant (p<0.05) are assumed to be zero. 
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Table A4. Marginal Effects in Logit Replanting Model Evaluated at the Mean of Western Oregon and 
Washington, a Comparison of Six Choice Sets (left) and Three Choice Sets (right). 

 Logit model, probability of 
replanting Douglas-fir – 6 choices 

Logit model, probability of 
replanting Douglas-fir – 3 choices 

Variable Marginal 
effect SE Marginal 

effect SE 

Rent (in 100$) 0.17* 0.059 0.14* 0.065 
Growing season temp (C°) -0.097* 0.032 -0.11* 0.03 
Growing season precipitation (in 
100 mm) -.0005 0.007 -0.0049 0.0065 

Minimum temperature in Dec 0.010 0.016 0.003 0.016 
Maximum temperature in Aug 0.053* 0.012 0.047* 0.012 
Elevation (1000 feet) -0.071* 0.034 -0.151* 0.03 
N 640 Plots 640 Plots 

*p<0.05 
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Table A5. Marginal Effects Evaluated at Different Initial Values of Climate Variables Across the Region (Standard Errors in Parentheses). 
  

Current climate Ricardian marginal effects on timber rent Logit marginal effects on probability of 
replanting Doug-fir 

 

Location Elev 
(ft) 

Mean 
temp 
GS (C) 

Total 
Precip 

GS (100 
mm) 

Min 
Temp 

Dec (C) 

Max 
Temp 

Aug (C) 

Mean 
temp 
GS (C) 

Total 
Precip 

GS (100 
mm) 

Min 
Temp 

Dec (C) 

Max 
Temp 

Aug (C) 

Mean 
temp 
GS (C) 

Total 
Precip 

GS (100 
mm) 

Min 
Temp 

Dec (C) 

Max 
Temp 

Aug (C) 

Prob Plant 
Doug-fir 

Wash. Cascades 1168 12.75 802 -1 23.23 0.10 0.105* -0.08* 0.09 -0.12* -0.006 0.016 0.09* 0.56 
      (0.07) (0.015) (0.03) (0.06) (0.04) (0.009) (0.02) (0.02)  

Wash. Coast 359 14.14 614 1.13 22.97 0.15 0.116* -0.19* 0.11 -0.11* 0.001 0.009 0.09* 0.47 
      (0.09) (0.02) (0.05) (0.06) (0.04) (0.012) (0.021) (0.02)  

Oregon Cascades 1447 12.12 1089 0.06 25.19 0.08 0.088* -0.13* -0.07 -0.08* -0.002 0.012 0.04* 0.73       
(0.06) (0.011) (0.04) (0.04) (0.03) (0.006) (0.015) (0.01) 

 

Oregon Coast 901 11.33 1820 2.91 23.45 0.05 0.045* -0.28* 0.07 -0.11* -0.014* 0.021 0.08* 0.72 
      (0.05) (0.028) (0.07) (0.06) (0.03) (0.007) (0.016) (0.02)  

Oregon South 1898 15.93 270 0.17 30.57 0.22 0.136* -0.14* -0.50* -0.08* 0.017 0.003 0.01 0.40 
      (0.13) (0.030) (0.04) (0.06) (0.03) (0.014) (0.019) (0.02)  

Calif. Coast 1680 15.03 681 2.93 27.29 0.18 0.113* -0.28* -0.22* -0.08* 0.022 -0.01 0.03 0.50 
      (0.11) (0.018) (0.07) (0.03) (0.04) (0.014) (0.02) (0.02)  

Calif. Sierras 5366 12.69 388 -4.36 28.52 0.10 0.129* 0.09* -0.34* -0.01 0.001 0.003 -0.003 0.04 
      (0.07) (0.026) (0.02) (0.04) (0.01) (0.003) (0.01) (0.005)  
*p<0.05 

Notes: “Prob Plant Doug-fir” indicates the probability of replanting Douglas-fir under the current climate.  

 


