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Abstract 

This study estimates an econometric Ricardian model of the effects of climate on forestry using a 

novel national dataset of county-level net economic returns to forestland. Results show that 

climate change projections to 2050 will increase forest net returns on the middle latitudes of 

eastern U.S. timberland. We quantify the value of extensive margin adaptation to climate change 

by separately estimating climate’s impact on 11 distinct forest types. We find that approximately 

69% of the positive climate change impact on eastern U.S. forestry arises from the value of 

extensive margin adaptation. Climate change impacts in the western U.S. are inconclusive. 

JEL classification: Q23, Q51, Q54, Q57                                                                                       

Keywords: Climate change, Adaptation, Forestry, Econometrics 
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1. Introduction 

Climate change can generate multiple costs and benefits on society through its impacts on 

forestland. By inducing range shifts in wildlife habitat (Staudinger et al. 2013), a warming 

climate is widely expected to generate non-market costs to biological diversity (IPBES 2019) 

that is especially high in forests (Pimm et al. 2014). Climate change can also generate social 

costs and benefits that operate through the market production of timber. Optimization studies of 

timber markets find that climate change can generate benefits to the global forestry sector by 

increasing tree growth productivity (Sohngen and Mendelsohn 1998; Lee and Lyon 2004; 

Sohngen and Tian 2016), where adaptation through timber management is a key component of 

the expected benefits on the timber sector (Massetti and Mendelsohn 2018). Since climate 

change can create an economic value of adaption through altering the planting of different tree 

species (Guo and Costello 2013), then the impacts of a changing climate on timber market 

activity and management incentives can alter the flow and resulting non-market values from 

ecosystem services that change with the composition of the forest stock (Hashida and Lewis 

2019). Therefore, analyzing climate change impacts on the market returns to forestry provides a 

foundation for understanding management incentives and the many costs and benefits that arise 

from impacts on both the market and the non-market ecosystem services that flow from forests. 

Importantly, there are no large-scale empirical economic assessments of climate change impacts 

on the market returns to the forestry sector (Aufhammer 2018). 

 This paper develops the first large-scale Ricardian econometric analysis that estimates the 

effects of climate on a measure of annualized net economic returns to forestry across the 

conterminous United States. The Ricardian method has been developed and widely applied to 

estimate the effects of climate on agricultural land values using cross-sectional data (e.g. 
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Mendelsohn et al. 1994; Schlenker et al. 2005). By empirically relating a region’s climate to the 

land values that arise from private land-use decisions under that climate, the key advantage of 

Ricardian analyses is that they implicitly account for privately optimal adaptation to climate. The 

foundation of our analysis is a novel county-level database of annualized net returns to forestry 

for the lower 48 states that we compiled and estimated from numerous data sources. Unlike U.S. 

agriculture, there is no readily available national database of net economic returns to forestry.  

We bring together three primary data products to develop the full database. First, we 

compile stumpage price data for numerous tree species across dozens of public and private data 

sources across the country from 1998 to 2014. Second, we incorporate recent county-level timber 

establishment cost estimates developed by Nielsen et al. (2014). And finally, we develop and 

estimate highly localized timber growth equations by exploiting a big dataset comprised of 32 

million individual tree observations from the U.S. Forest Service’s Forest Inventory and Analysis 

(FIA) data spanning the conterminous U.S. Our database includes approximately 42,500 

separately estimated timber growth equations that generate timber yields which vary by county, 

species group, and forest type group. Forest type groups are defined by the U.S. Forest Service 

and are combinations of individual tree species groups that typically grow together. The fine-

scale variation in estimated timber growth equations embed all localized climatic factors such as 

direct productivity impacts and landowner’s intensive margin adaptation decisions from 

managing particular tree species. A final average annualized net return to forestry measure is 

then constructed for each county, where net returns are weighted by each county’s observed 

share of timber volume in different forest type groups. Weighting by observed forest type shares 

in a county builds a net return to forestry measure that implicitly accounts for how landowners 
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have adapted to their current climate through their observed choices of which tree species to 

plant.i  

Our application of the Ricardian approach to forestry uses cross sectional variation to 

estimate composite Ricardian functions for the 1,624 eastern and 241 western U.S. counties that 

have private timberland and observable prices. The composite Ricardian functions include 

average measures of the county-level net returns to forestry as the dependent variable. We 

regress average county net returns to forestry on multiple downscaled climate variables as well 

as controls for soil quality on forestland and regional fixed effects. We provide explicit tests for 

interactions between temperature and precipitation variables and we explore robustness to 

alternative specifications of temperature and precipitation as annual or seasonal measures. The 

estimated composite Ricardian models are used to examine the effects of down-scaled climate 

change predictions on the spatial distribution of timberland values across eastern and western 

U.S. counties. Our results find robust positive and statistically significant impacts of climate 

change on 71.4% of eastern forest timberland that lies roughly in the middle latitudes of the 

eastern U.S (approximately 325 million acres of land). Results are either insignificant or 

inconclusive as to whether climate change would raise or lower net returns to forestry in the 

northern, western, and far southern U.S. 

The first contribution of this paper is providing large-scale empirical estimation of the 

effects of climate on net returns to forestry using a national database. Prior economic studies that 

find beneficial climate change impacts on forestry are derived with inter-temporal market 

optimization models that are based on calibrated tree growth productivity and dieback from 

climate change, combined with a set of imposed assumptions regarding the demand for timber 

(e.g. Sohngen and Mendelsohn 1998; Lee and Lyon 2004; Tian and Sohngen 2016; Favero et al. 
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2018). The optimization is based on an assumed time-path of climate change and generates a 

dynamically consistent time-path of optimal management adaptations to a changing climate. 

There is also a rich set of natural science studies that examine climate-induced shifts in the 

geographic range of tree species (e.g. Iverson et al. 2008), and empirical studies of forest 

productivity that find heterogeneous impacts of climate change on the biological growth and 

productivity of alternative species of trees (Latta et al. 2010; Huang et al. 2011; Rehfeldt et al. 

2014; Restaino et al. 2016). Finally, other studies have coupled biophysical simulations of tree 

species range shifts with numerical calculations of land values, finding net costs from climate 

change on the European forestry sector (Hanewinkel et al. 2013). In contrast to these prior 

studies, our empirical approach builds off climate econometrics methods that have been widely 

applied to sectors outside of forestry (e.g. Schlenker and Robert 2009; Hsiang et al. 2013; 

Albouy et al. 2016; Hsiang 2016; Dundas and von Haefen 2020) and is differentiated from 

numerical economic optimization and simulation analyses of forestry through our use of 

statistical theory to test hypotheses about the significance and heterogeneity of climate impacts 

on forestry. Our approach is differentiated from natural science studies by quantifying climate 

impacts on an economic measure of forestland values and accounting for adaptation.  

The second contribution of our analysis is that we develop an approach to estimate the 

share of the composite Ricardian climate change impacts that arise from extensive margin 

adaptation across different forest types. In addition to accounting for productivity effects of 

climate change on tree growth, climate change impacts estimated from the composite Ricardian 

model implicitly account for adaptation by landowners under an assumption of costless extensive 

margin adaptation across alternative forest types (e.g. converting an oak-hickory forest to a 

loblolly pine forest). However, a cost of extensive margin adaptation in the forestry sector is 
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forgoing future growth of existing stands with premature harvest, which implies that adaptation 

will be slowed by replanting decisions that occur once over multiple decade harvest rotation 

cycles (Hashida and Lewis 2019). We explore the extent to which an assumption of costless 

extensive margin adaptations are likely driving the composite Ricardian model results by 

separately estimating Ricardian functions for the 11 major forest type groups in the eastern U.S., 

and computing a climate change impact that assumes no extensive margin adaptation across 

forest types. By using observed growing stock data, each forest type-specific Ricardian function 

implicitly accounts for adaptation along the intensive margin within each forest type (e.g. 

rotation length, site preparation, seeding strategies etc.). By combining separately estimated 

Ricardian functions across forest types, we are then able to examine whether the projected 

changes from the composite eastern Ricardian model could be explained by intensive margin 

changes within each forest type, or whether extensive margin changes across forest types are 

needed to explain the composite model’s climate change impacts. We find strong evidence of 

significant adaptation value along the extensive margin where approximately 69% of the 

estimated positive and significant effects of climate change on net returns in the eastern U.S. 

arise from the value of adaptation on the extensive margin. Much of the value of adaptation 

likely arises from the potential of commercially valuable southern yellow pine species to move 

northward and westward through planting. Therefore, the incentives for extensive margin 

adaptations within forestry are high in the middle latitudes of the eastern U.S. 

Finally, our analysis contributes to broad inquiries into society’s many climate adaptation 

possibilities. While management decisions and adaptation to climate in the timber industry are 

driven by landowners’ incentive to maximize their private economic returns, decisions based on 

private economic returns have consequences for ecosystem services that have public goods 
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characteristics (Hashida et al. 2020). For example, the distribution of tree species directly affects 

the habitat suitability for numerous wildlife species which are specialized to certain forest types 

(Wilcove et al. 1998), and our finding of incentives to increase plantations of southern pine 

species could have strong negative consequences for biodiversity (Haskell et al. 2006). In 

addition, the aggregate stock of land devoted to timber and agriculture is affected by the relative 

net returns to both substitute land uses, which affects the provision of a number of non-market 

ecosystem services (Lubowski et al. 2006; Lawler et al. 2014). Understanding the linkages 

between forest management, climate change, and natural systems is vital for understanding the 

social costs of climate change and for designing optimal land conservation policy in response to 

climate change (Lewis and Polasky 2018). 

2. Theoretical Framework  

This section formalizes the concept of adaptation in forestry and develops the intuition behind 

our empirical strategy that uses a series of cross-sectional regressions of the net economic returns 

to forestry on measures of climate and land quality. The U.S. Forest Service classifies forests 

into forest type groups (F), where each forest type group is comprised of multiple species groups 

(s). For example, the loblolly/shortleaf pine forest type group can include pine species from 

multiple species groups such as loblolly, shortleaf, Virginia, and other pines. We will adopt the 

U.S. Forest Service classification system for our analysis. 

2.1 Net returns to forestry 

Rotational forestry consists of periodic harvests with subsequent replanting. The 

landowner only earns profit at harvest, and the landowner’s value function can be written in 

dynamic programming form as follows (Guo and Costello 2013): 
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𝑉𝑡(𝑎, 𝐹, 𝐶𝑡) = 𝑚𝑎𝑥

{
 
 

 
 
𝑃(𝐹, 𝑡) ∙ 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡) − 𝑅 + 𝜌𝑉𝑡+1(1, 𝐹1, 𝐶𝑡+1)

𝑃(𝐹, 𝑡) ∙ 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡) − 𝑅 + 𝜌𝑉𝑡+1(1, 𝐹2, 𝐶𝑡+1).
.

𝑃(𝐹, 𝑡) ∙ 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡) − 𝑅 + 𝜌𝑉𝑡+1(1, 𝐹𝑆, 𝐶𝑡+1)
𝜌𝑉𝑡+1(𝑎 + 1, 𝐹, 𝐶𝑡+1)

                              (1) 

Where 𝑃(𝐹, 𝑡) is the stumpage price of forest type F at time t, 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡) is the forest type F 

timber volume of age a trees growing in climate conditions 𝐶𝑡, 𝑅 is a replanting cost, and 𝜌 is a 

discount factor. Since tree volume is a function of the weather outcomes that have occurred since 

the tree was planted, the climate variable 𝐶𝑡 represents a long-term average of weather conditions 

that occurred in the years up to year t. At each point in time t, the landowner chooses whether to 

harvest and earn a one-time profit of 𝑃(𝐹, 𝑡) ∙ 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡) − 𝑅, with subsequent replanting 

optimized over the choice of which forest type 𝐹𝑗 to plant. If the landowner chooses not to 

harvest, then their trees grow by 𝑣𝑜𝑙𝐹(𝑎 + 1, 𝐶𝑡+1) − 𝑣𝑜𝑙
𝐹(𝑎, 𝐶𝑡) over the next period. Indexing 

the climate conditions variable by t accounts for the fact that climate may change across time. 

Guo and Costello (2013) use numerical methods to show how climate change can be introduced 

into the forestry land value function in (1) when the timber volume functions for alternative tree 

species are a function of climate, and so the landowners’ optimal replanting choice and harvest 

time depends on landowners’ expectations of climate change. 

Land values are commonly written as the present value of the future stream of annualized 

net returns to land (rents) (e.g. Capozza and Helsely 1989). As such, we write the land value 

function for forestry as: 

𝑉𝑡(𝑎, 𝐹, 𝐶𝑡) = ∑ 𝜌𝑡𝑁𝑅𝑡(𝑎, 𝐹, 𝐶𝑡)
∞
𝑡=0                                      (2) 

where 𝜌 is a discount factor and 𝑁𝑅𝑡(𝑎, 𝐹, 𝐶𝑡) is the annualized net return to land in time t. The 

term 𝑁𝑅𝑡(𝑎, 𝐹, 𝐶𝑡) is equivalent to the concept of cash rents for crops, which is used in 
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agricultural economics (e.g. Ortiz-Bobea 2020). For land that is used for timber, current period 

(t=0) annualized net returns to land 𝑁𝑅0(𝑎, 𝐹, 𝐶0) reflect prices and timber productivity of the 

land’s forest type from the current period only. In contrast, future annualized net returns to land 

𝑁𝑅𝑡(𝑎, 𝐹, 𝐶𝑡) for t>0 depend on a set of expectations that the landowner has about future prices, 

climate change, and the impact that climate change might have on the timber yield functions for 

each forest type, 𝑣𝑜𝑙𝐹(𝑎, 𝐶𝑡). In addition, if the landowner expects to convert their land to 

another use in the future – such as urban development – then future net returns could reflect 

factors that affect rents to other land uses. Since landowner expectations about the future are 

unknown to the researcher, we attempt to learn about the link between climate 𝐶𝑡 and the value 

of forestland 𝑉𝑡 by examining a measure of current period net returns to bare (a=0) forest land: 

𝑁𝑅0 = 𝑔(𝐶0, 𝑥; 𝛽, 𝛾)                                                       (3) 

Where 𝑥 represents a set of non-climate variables (e.g. soils) affecting forest returns, 𝑔() is a 

function that relates climate and non-climate variables to 𝑁𝑅0, 𝛽 is a parameter vector that links 

𝐶0 to 𝑁𝑅0, and 𝛾 is a parameter vector that links 𝑥 to 𝑁𝑅0. We build our empirical approach in 

this paper off estimating the function in (3) as a way to use information that is observable – e.g. 

current timber returns and current climate – and recognize that we do not observe other 

information needed to estimate  𝑉𝑡(𝑎, 𝐹, 𝐶𝑡) – e.g. landowner expectations about future climate 

change effects on forestry. The premise of this paper is that estimating the functional link 

between current climate and current forest returns – represented by 𝛽 – provides useful 

information on the link between future climate and future forest returns. Thus, our approach is 

consistent with the findings of Ortiz-Bobea’s (2020) agricultural Ricardian analysis, which found 

that basing estimation on current rental values rather than capitalized land values (asset prices) 
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avoids the biases that come from the presence of numerous unobserved factors (like 

expectations) that affect land values but not rental values.  

2.2 Ricardian theory 

Consider an alteration of the classic figure (Fig. 1) of the agricultural Ricardian climate 

model from the seminal work of Mendelsohn, Nordhaus, and Shaw (1994). The y-axis of Fig. 1 

includes a measure of current net returns (𝑁𝑅), while the x-axis is a climate variable such as 

temperature. Since 𝑁𝑅 is defined from the optimized land value function in (2), then the curve 

labeled “Forest Type 1” presents net returns reflecting the fact that small changes in climate will 

induce the landowner to make small decisions continuously to maximize the return to having the 

land planted in “Forest Type 1”. We refer to these continuous management decisions as acting on 

the intensive margin. As indicated in equation (1), altering the rotation age is a prominent 

example of an intensive margin decision in forest management. Other intensive margin actions in 

forestry include thinning out the parcel to encourage growth, spraying herbicides, or treating the 

parcel to reduce fire risk, all while continuing to keep the land planted in “Forest Type 1”.  

[Figure 1] 

In addition to small continuous adaptations, there is a set of discrete management choices 

that can be characterized by a threshold that defines the extensive margin. As denoted in the 

solution to (1), an important extensive margin choice in forestry is the decision to switch the type 

of trees growing from “Forest Type 1” to “Forest Type 2” in Fig. 1 (Guo and Costello 2013). For 

example, if climate in Fig. 1 begins at C and changes to C’, then the landowner solving equation 

(1) switches their forest from “Forest Type 1” (with an optimal net return at point a) to “Forest 

Type 2” (with an optimal net return found at point b). If they had remained in “Forest Type 1” 
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with new climate C’, then their net return would have been found at point c. The value of 

extensive margin adaptation in Fig. 1 is the difference between the net returns at point b and the 

net returns at point c, and is contingent on the level of climate (Guo and Costello 2013). The 

main insight from Mendelsohn, Nordhaus, and Shaw (1994) was that regressing cross-sectional 

observations of net returns to land on climate would implicitly capture all continuous and 

discrete adaptations landowners have made to their current climate by tracing out a function akin 

to the upper envelope of net return curves in Fig. 1. For example, the Ricardian model generates 

an estimate of 𝛽 that captures the impact of the discrete change in climate from C to C’ in Fig. 1 

as the difference in net returns from point 𝑎 to point 𝑏.  

A cross-sectional regression of current forestry net returns (𝑁𝑅) on climate (𝐶) can be 

used to estimate a variant of equation (3) in order to obtain parameter vectors 𝛽 and 𝛾: 

𝑁𝑅𝑖 = 𝛽𝑓(𝐶𝑖) + 𝛾𝐱𝑖 + 𝜀𝑖                                                  (4) 

Where 𝑓(𝐶𝑖) is a linear-in-parameters function of climate in county i, 𝐱𝑖 is a vector of non-

climatic independent variables such as soil quality, and 𝜀𝑖 captures unobservable drivers of 𝑁𝑅𝑖. 

Since most counties’ forestland base includes multiple types of forest species, then 𝑁𝑅𝑖 is a 

weighted average of forest net returns across all forest types F and within county i: 𝑁𝑅𝑖 =

∑ 𝑁𝑅𝑖
𝐹 ∙ 𝑠ℎ𝑎𝑟𝑒𝑖

𝐹𝐹𝑖
𝐹=1 , where 𝑠ℎ𝑎𝑟𝑒𝑖

𝐹 is the observed share of county ’'s forestland that is growing 

forest type F. Since 𝑠ℎ𝑎𝑟𝑒𝑖
𝐹 captures all past forest management choices, then it necessarily 

captures past extensive margin adaptations to the region’s climate and local timber market 

conditions. Therefore, estimation of 𝛽 from (4) captures both intensive margin and extensive 

margin adaptations to climate.  
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Extensive margin adaptation in forestry may be sluggish and occur gradually over time. 

Our data indicates that forests are only infrequently disturbed in a manner that would allow 

adaptation on the extensive margin. For example, the observed timber rotation time is between 

approximately 15 to 100 years across the U.S and varies by region and forest-type. In an 

empirically-based simulation of extensive margin adaptation along the U.S. west coast, Hashida 

and Lewis (2019) find that the average probability of replanting an already-harvested plot as 

Douglas-fir in Oregon goes from 50% under the current climate to only 25% under the climate 

change that is expected by 2090. However, due to the infrequent harvest rotation length (~50 

years for Douglas-fir) and gradually changing climate, the probability of observing a plot of 

Douglas-fir at any age is a much higher 41% by 2090. Therefore, given the temporal barriers to 

extensive margin adaptation in forestry, interpreting estimates of 𝛽 as an estimate of the effects 

of climate on net returns to forestry may arguably be too optimistic. We approach this problem 

by estimating the effects of climate on net returns to forestry in a model where 𝑁𝑅𝑖
𝐹 is measured 

as the net returns to forest type F. 

𝑁𝑅𝑖
𝐹 = 𝛽𝐹𝑓(𝐶𝑖

𝐹) + 𝛾𝐹𝑥𝑖 + 𝜖𝑖
𝐹                                           (5) 

By using cross sectional variation in 𝑁𝑅𝑖
𝐹 across counties i for the same forest type F, estimates 

of 𝛽𝐹 capture only intensive margin-adaptations made within forest type F (e.g. rotation age for 

F). Combining estimates of 𝛽𝐹 for all F with the currently observed landscape shares in each 

forest type (𝑠ℎ𝑎𝑟𝑒𝑖
𝐹) provides a lower bound estimate of climate change impacts on forestry 

under an assumption that landowners can adapt on the intensive margin, but that no extensive 

margin adaptation occurs. In contrast, estimating 𝛽 from (4) provides an upper bound estimate of 

climate change impacts on forestry that assumes landowners can freely undertake extensive 

margin adaptation with no constraints. For example, in Figure 1, 𝛽𝐹 = 𝑐 − 𝑎 while 𝛽 = 𝑏 − 𝑎. 
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Our approach builds off insights from an existing literature estimating agricultural-

climate Ricardian models throughout the world, which is reviewed by Mendelsohn and Massetti 

(2017). We assume that climate enters the model exogenously. That is, climate is not correlated 

with some unobservable that directly drives the net returns to forestland. The agricultural-climate 

literature has identified irrigation infrastructure as a problematic omitted variable that has 

spurred numerous panel data applications that identify climate change impacts from weather 

deviations (e.g. see the review by Blanc and Schlenker 2017). However, irrigation is not used for 

timberland. Further supporting the use of cross-sectional analysis is the long-term nature of 

timber management decisions. A key difference between agriculture and timber is the way 

timber managers respond to short run fluctuations in weather versus long run fluctuations. 

Timber harvest decisions are made on much longer time horizons (15-100 year rotations) than 

those in agriculture. The panel solutions advanced in the agricultural-climate literature do not 

apply to a forestry model since the variation of year-to-year weather shocks on timber growth is 

averaged out by the broader climate over the multi-decade period. Another potential omitted 

variable correlated with climate is development pressure (Albouy et al. 2016), which would be 

capitalized in market prices for forestland. However, rather than using land prices for timberland, 

we follow Ortiz-Bobea (2020) and use a “cash rent” concept that is affected by current use 

productivity rather than anticipated future development values. In particular, we construct net 

returns measures directly from stumpage price and estimated tree growth equations, and thus, our 

measure of forestland value is not affected by local development pressures. 
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3. Constructing Net Returns to Forestry Measures 

This analysis features a unique construction of current county-level annualized net 

economic returns to forestland for the conterminous U.S., which comprises the primary 

dependent variable in the forestland Ricardian functions estimated below. Classical forest 

economics argues that forest land values depend on timber growth, stumpage price, replanting 

costs, a discount rate, and the rotation period with which harvest occurs (Faustmann 1849). Our 

aim is to construct a measure of the current annual profitability of U.S. timberland at the county-

level as developed in equation (3). Our measure combines current stumpage prices, replanting 

costs, timber-yield functions estimated from observable data on tree volume and corresponding 

tree age from private land, and observed state-level timber removal ages for different forest 

types. 

3.1 Stumpage price and replanting cost data 

Analysis of forestry returns at the national level has been limited by the lack of a 

centralized data source for stumpage prices, P. We compile a unique national level stumpage 

price data set for the years 1997 – 2014 from numerous sources including state-level departments 

of natural resources, University extension services, the U.S. Forest Service, and private reporting 

services (see Appendix Table A1). All stumpage prices are georeferenced to the county level, 

and the reported species are mapped to species groups defined by the U.S. Forest Service. 

Missing years for each county-species pair are interpolated linearly using the observed values. 

We approximate R from (1) with forest establishment costs estimated by Nielsen et al. (2014) for 

each county in the contiguous U.S. based on enrollment data from the USDA’s National 

Conservation Reserve Program.  
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3.2 Yield functions for tree growth 

Past natural science literature has shown examples of how climate affects the tree growth 

functions for selected species and regions (e.g. Latta et al. 2010; Rehfeldt et al. 2014). Given the 

substantial climate variability across the conterminous U.S., we require tree growth functions 

that differ across fine spatial scales to capture fine-scale climate differences. Using data from 

FIA plots comprising nearly 32 million individual tree observations of growing stock volume 

along with the average stand age for the plot where each tree is located, we estimate 

approximately 42,500 county-species specific timber growth equations at the species group level 

using a permutation of von Bertalanffy’s function for organic growth (von Bertalanffy 1938).  

𝑣𝑜𝑙𝑖
𝑠(𝑎) = 𝛼𝑖𝑠(1 − 𝑒

−𝛽𝑖𝑠𝑎)3                                            (6) 

Where 𝑣𝑜𝑙𝑖
𝑠(𝑎) is the growing stock volume in cubic feet of an individual tree in county i 

belonging to forest species group s at average stand age a.  We estimate 𝛼𝑖𝑠 and 𝛽𝑖𝑠 using 

nonlinear least squares with the Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-Newton 

computational method to minimize the sum of squared deviations of (6).ii Equation (6) is 

estimated using the average stand age in years for the plot where individual trees are located. 

Von Bertalanffy growth functions have been used extensively in natural resource sciences and 

apply generally to any organic life. For example, Van Deusen and Heath (2010) use von 

Bertalanffy functions to estimate growth for the measurement of carbon characteristics on U.S. 

forestland. Since (6) is estimated from observed data in recent years, then 𝑣𝑜𝑙𝑖
𝑠(𝑎) implicitly 

embeds the current climate at location i. Appendix Figure A1 illustrates how two estimated von 

Bertalanffy growth functions for Douglas-fir in two distinct Oregon counties embed differences 

in temperature and precipitation. Our estimated timber growth data covers 47 forest species 
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groups that combine to form 109 different forest type groups. When averaged across all county-

species equations across the United States, we obtained estimated values for 𝛼 and 𝛽 of 28.76 

and 0.0498, respectively. 

3.3 An annualized net returns to forestry measure for one rotation 

With an available price Pis, a per-acre replanting cost Ri, and estimated volume functions 

𝑣𝑜𝑙𝑖
𝑠(𝑎) for each county (i) –species (s) pair, we require a timber removal age (i.e. rotation 

length) to determine a one-rotation forestry profit. We focus on one rotation to get a good 

measure of current profitability of timberland, and we use empirical removal ages derived from 

FIA plots that recorded timber harvesting activities. In particular, we use the state average stand 

age of all recent timber removals recorded in the FIA’s condition table by species group s to 

proxy for rotation length Tis, and then calculate the present value of a one-rotation profit from 

harvesting 𝑣𝑜𝑙𝑖
𝑠(𝑇𝑖𝑠) in Tis years: 

  [𝑃𝑖𝑠̅̅ ̅ ∙ 𝑣𝑜𝑙𝑖
𝑠(𝑇𝑖𝑠) ∙ 𝑇𝐴𝑖𝑠 − 𝑅𝑖]𝜌

𝑇𝑖𝑠 = 𝑃𝑉𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑠                                             (7) 

Where 𝑃𝑖𝑠̅̅ ̅ is the average stumpage price for forest species group s in county i over the period 

1998 to 2014, 𝑣𝑜𝑙𝑖
𝑠(𝑇𝑖𝑠) is the estimated von Bertalanffy volume of timber for an individual tree 

of species s evaluated at age 𝑎 = 𝑇𝑖𝑠, 𝑇𝐴𝑖𝑠 measures trees-per-acre of species group s in county i, 

and 𝑅𝑖 and 𝜌 are replanting cost and discount factors as defined previously. Our measure of 

annualized net returns per acre is the annual payment 𝑁𝑅𝑖
𝑠, in which a landowner would be 

indifferent to receiving 𝑃𝑉𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑠 today or a series of annual payments 𝑁𝑅𝑖
𝑠 for 𝑇𝑖𝑠 years: 

𝑁𝑅𝑖
𝑠 ∑ 𝜌𝑡

𝑇𝑖𝑠
𝑡=1 = 𝑃𝑉𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑠                                                  (8) 
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The final step is to translate per-acre net returns for each species group to a forest type (F) 

average for the county, and to a composite average for each county’s total forestland base. We 

construct county average net returns through two species group-weighted averages: 

𝑁𝑅𝑖 = ∑ 𝑁𝑅𝑖
𝑠 ∙ 𝑠ℎ𝑎𝑟𝑒𝑖

𝑠𝑆𝑖
𝑠=1                                                (9) 

𝑁𝑅𝑖
𝐹 = ∑ 𝑁𝑅𝑖

𝑠 ∙ 𝑠ℎ𝑎𝑟𝑒𝑖,𝐹
𝑠𝑆𝑖

𝑠=1                                               (10) 

Where 𝑁𝑅𝑖 is the composite average net return to forestry for county i, 𝑠ℎ𝑎𝑟𝑒𝑖
𝑠 is the share of 

county i's growing stock volume of timber in forest species s, and 𝑆𝑖 is the total number of 

observed species groups in county i. In equation (10), we construct a measure of net returns for 

each forest type group F in county i, which is a weighted average where 𝑠ℎ𝑎𝑟𝑒𝑖,𝐹
𝑠  represents the 

volume share of county i's land in forest type F that is comprised of species group s. Our 

approach differs from Lubowski et al.’s (2006) construction of a similar measure of 𝑁𝑅𝑖 in that 

i) our volume functions were disaggregated by county i and forest types F, as opposed to 

aggregated functions over broad regions, and ii) we use observed state-average removal ages 𝑇𝑖𝑠 

rather than solving a Faustmann formula. Our final measure of  𝑁𝑅𝑖 is comparable across 

counties and interpreted as the current average annual net return to forestry for an acre of bare 

forestland as defined in equation (3). Table 1 presents descriptive measures of the mean of the 

composite and forest-type specific net returns. The standard deviation of annual precipitation in 

the western U.S. is more than double the standard deviation in the east. Further, eastern U.S. 

annual precipitation ranges from 450mm to 1,900mm, while annual precipitation in the west has 

a much bigger range from 298mm to 3,114mm. 

[TABLE 1 HERE] 
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 We contend that the measure of 𝑁𝑅𝑖 in (9) reflects current period net returns to forestry 

as developed in equation (3) and is not influenced by unknown future expectations of climate 

change. Equation (9) assumes that landowners have chosen forest types on their land (reflected 

in 𝑠ℎ𝑎𝑟𝑒𝑖
𝑠) to adapt to the current climate rather than future climate change projections. 

However, if forest landowners are forward looking and anticipate future climate change 

forecasts, then they may already be growing forest types that would perform better under future 

climates than the current climate, which means that regressing 𝑁𝑅𝑖 on current climate would be 

biased (Severen et al. 2018). If the observed county forest type shares are influenced by climate 

change forecasts, then there should be evidence of significant recent switching of forest types by 

landowners.  

To examine whether there has been recent switching of forest types, we compute the 

percentage of FIA plots where the landowner has switched the growing forest type between 

loblolly pine and some other forest type in the eastern U.S., and between Douglas-fir and some 

other forest type in the western U.S. We focus on loblolly pine and Douglas-fir because those are 

the two most common forest types that are planted using what the U.S. Forest Service calls 

“artificial regeneration”. If there has already been significant climate change adaptation 

involving switching forest types, it would most likely occur in these heavily managed species. 

Using repeated measurements of the same FIA plots after the year 2001, we find that of the 

44,154 loblolly pine plots that were most recently measured in the eastern U.S., only 262 (82) 

transitioned into (out of) loblolly pine from (to) another forest type through artificial 

regeneration. In the western U.S., we find that of the 11,088 Douglas-fir plots on private land 

that were most recently measured, only 8 (52) transitioned into (out of) Douglas-fir from (to) 

another forest type through artificial regeneration. Since well under 1% of the current stock of 
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the most commonly planted trees have recently transitioned between other forest types through 

planting, we find little evidence that the current landscape is largely affected by landowners pre-

emptively altering their forests in anticipation of future climate change. Thus, regressing 𝑁𝑅𝑖 on 

current climate measures while omitting climate forecasts is appropriate. 

 3.4 Climate Data 

Measures of historically observed temperature and precipitation were obtained from 

Oregon State University’s PRISM downscaled climate data (Daly 2006) at an 800m spatial 

resolution. Because we are interested in the impact of climate on forestland value, we use the 

long-term average (“normal”) of each location’s weather variable to represent a location’s 

climate. Climate is defined as the average annual temperature and precipitation for the period 

1981-2010 measured in degrees Celsius and millimeters (mm), respectively. 

Predictions of future climate at a 4km spatial resolution are obtained from the University 

of Idaho, MACA Statistically Downscaled Climate Data for CMIP5 (Abatzoglou 2011). The 

results and analysis below are based on predictions from the ensemble mean of 20 Global 

Climate Models under emissions scenario RCP 8.5. Average change in temperature and 

precipitation is defined as the difference between the baseline period (1975-2005) and the future 

period (2020-2050). Following Burke et al.’s (2015) suggestion to incorporate uncertainty in 

climate change model predictions, we estimate changes in U.S. forestland returns across twenty 

alternative global circulation models under RCP 8.5. We present climate change impact results 

across all available GCMs (Appendix Fig. A3), and show that although the impact distributions 

vary, the overall result is robust to choice of GCM. Therefore, we settle on the ensemble mean 

climate change for our main analysis. 
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We derive county-level climate on forestland by using the forest weighted average of 

grid observations within a county. Timberland area weights are recovered from spatially explicit 

forest cover found in the FIA database (Nelson and Vissage 2007). Climate observations that 

occur outside of the observed forest cover are dropped, and the remaining observations (those 

within forested areas) are averaged within a county. All climate data is processed initially at the 

monthly scale allowing construction of annual and seasonal climate measures. We define four 

seasons (winter, spring, summer, and fall) where each is comprised of the mean (sum) over the 

relevant three month period for temperature (precipitation).  

4 Econometric Specifications – Composite and Forest-Type Models  

Western U.S. forests generally occur at higher elevations and in a drier climate 

(especially in the growing season) than eastern U.S. forests, which has led to minimal overlap in 

current forest types across the eastern and western U.S. Therefore, we estimate a composite 

Ricardian model for the eastern U.S. and a separate one for the western U.S.iii This approach 

intentionally precludes adapting to climate change in the western U.S. by planting eastern U.S. 

forest types (e.g. loblolly pine). We also estimate a single nationally-estimated Ricardian for 

interested readers (see Appendix Table A2), though we find the separate eastern and western 

models more reasonable for assessing climate impacts. The composite Ricardian models are 

defined by using the county average net returns to forestry for county i, 𝑁𝑅𝑖, as the dependent 

variable. The econometric function is: 

Composite Ricardian Function: 𝑁𝑅𝑖 = 𝛼 + 𝜷𝑓(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) + 𝜸𝒔𝒐𝒊𝒍𝒊 + 𝜹𝑟 + 𝜀𝑖    (11) 

Where 𝑓(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) is a polynomial function of 30-year averages of mean annual 

temperature and precipitation measures, 𝒔𝒐𝒊𝒍𝒊 is the county share of forestland in land capability 
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class 1-4 (i.e. the best soil quality), 𝜹𝑟 is a vector of regional fixed effects, and 𝜀𝑖 is the model 

unobservable. The function 𝑓(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) also includes interactions between 𝑇𝑒𝑚𝑝𝑖 and 

𝑃𝑃𝑇𝑖. We estimate parameters 𝜷, 𝜸, 𝜹𝑟, and 𝛼 using ordinary least squares with standard errors 

clustered by eco-region. Clustering by eco-regions allows for arbitrary forms of 

heteroscedasticity and spatial correlation across counties but within each eco-region. We use a 

series of F-tests to test for the preferred order for the polynomial function f().We also assess 

robustness to alternative climate measures by substituting seasonal means of temperature and 

precipitation in place of 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖.  

Our identifying assumption is that our climate and soil variables are exogenous. One 

identification critique concerns our use of state-average removal age in computing the dependent 

variable. If there is significant within-state variation in removal age that is correlated with 

climate, then this could create some bias in estimating 𝜷 that arises from measurement error. 

While our use of forest-type specific removal age helps mitigate this measurement error to some 

extent, we cannot completely rule it out. The composite Ricardian function is used to generate 

the following climate change impact: 

Composite Climate Change Impact = ∆𝑁𝑅𝑖 = �̂�𝑓(𝑇𝑒𝑚𝑝𝑖
𝐶 , 𝑃𝑃𝑇𝑖

𝐶) − �̂�𝑓(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖)                  

(12) 

Where 𝑇𝑒𝑚𝑝𝑖
𝐶 and 𝑃𝑃𝑇𝑖

𝐶 represent projected climate changes in 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖, and �̂� 

indicates the estimated parameter vector. The composite climate change impact reflects both 

intensive margin adaptation (e.g. changes in rotation length) and extensive margin adaptation 

(e.g. changes in the forest types replanted). 
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 We also estimate separate forest-type Ricardian functions for the 11 major forest type 

groups in the eastern U.S. A forest-type is a mix of individual tree species, such as loblolly-

shortleaf pine in the southeast, or spruce-fir in the northeast. The forest-type Ricardian functions 

use the county average net returns to forest-type F for county i, 𝑁𝑅𝑖
𝐹as the dependent variable. 

The econometric function is: 

Forest-Type Ricardian Function: 𝑁𝑅𝑖
𝐹 = 𝛼𝑠 + 𝜷𝑭𝑓𝐹(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) + 𝜸

𝑭𝒔𝒐𝒊𝒍𝒊 + 𝜹𝑟
𝐹 + 𝜀𝑖

𝐹  (13) 

Where 𝑓𝐹(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) is specific to forest-type F, thereby allowing us to separately test for 

the appropriate polynomial order for each forest-type. We use data specific to each forest type F 

to separately estimate parameters 𝜷𝑭, 𝜸𝑭, 𝜹𝑟
𝐹, and 𝛼𝐹. The forest-type Ricardian functions are 

used to generate the following climate change impact for each forest type F: 

Forest-Type F Climate Change Impact = �̂�𝑭𝑓𝐹(𝑇𝑒𝑚𝑝𝑖
𝐶 , 𝑃𝑃𝑇𝑖

𝐶) − �̂�𝑭𝑓𝐹(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖)                  

(14) 

Where 𝑇𝑒𝑚𝑝𝑖
𝐶 and 𝑃𝑃𝑇𝑖

𝐶 represent climate changes as defined above. As discussed in Section 2, 

the forest-type climate change impact reflects intensive margin adaptation within each forest type 

(e.g. changes in rotation length), but no extensive margin adaptation across forest types. We then 

use the estimated forest-type climate change impacts to generate an intensive-margin-only 

climate change impact as follows: 

Intensive-Margin-Only Climate Change Impact = ∑ 𝑠ℎ𝑎𝑟𝑒𝑖
𝐹[

𝐹𝑇𝑖
𝐹=1 �̂�𝑭𝑓𝐹(𝑇𝑒𝑚𝑝𝑖

𝐶 , 𝑃𝑃𝑇𝑖
𝐶) −

�̂�𝑭𝑓𝐹(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖)]                    (15) 

The intensive-margin-only climate change impact holds the composition of each county’s forest 

fixed at current levels, where 𝑠ℎ𝑎𝑟𝑒𝑖
𝐹 is defined as the currently observed share of county ’'s 
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forestland in forest-type F. Thus, the climate change impact in (15) differs from the climate 

change impact in (12) in that extensive margin adaptation across forest types is implicit in (12) 

but not in (15). Since landowners would adapt to climate change on the extensive margin only if 

it would raise the value of their land, then the composite climate change impact serves as an 

upper bound climate change impact while the intensive-margin-only climate change impact 

serves as a lower bound climate change impact. 

We omit explicitly modeling net returns as a function of drought or fire risk indices 

because of what Angrist and Pischke (2009) call a bad control problem. Including a variable such 

as fire risk is challenging because fire risk is a direct function of climatic measures like 

precipitation. There is no ceteris paribus nature to a regression function that includes both 

climate and fire risk as separate variables.  However, fire risk is implicitly captured in the forest 

Ricardian function through the observed impact of fire occurrence on average timber growth that 

we use in constructing the dependent variable. 

5 Results 

5.1 Composite Forest Ricardian Functions for the Eastern and Western U.S. 

Figure 2 shows the spatial distribution of the dependent variable 𝑁𝑅𝑖 and plots its values against 

𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖, and this descriptive data indicates that the function f() is likely to be non-linear 

for both the eastern and western U.S. We test alternative polynomial functions of f() through a 

series of F-tests and by comparing adjusted R2 across alternative polynomial functions. Results 

indicate that a 4th order polynomial for both 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 is preferred for the eastern U.S., 

while a 2nd order polynomial for both 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 is preferred for the western U.S.    
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[FIGURE 2 HERE] 

 Parameter estimates from (11) are presented in Appendix Table A2. Parameters are 

estimated by ordinary least squares with regression functions weighted by timberland area in 

each county. Given the non-linear polynomial functions estimated in Table A2, we examine the 

more intuitive average marginal effects (AME) of 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 in the first two columns of 

Table 2. The AME of 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 are significantly different from zero (5% level) for the 

western model, while only the AME of 𝑇𝑒𝑚𝑝𝑖 is significant for the eastern model. The AME for 

𝑇𝑒𝑚𝑝𝑖 is larger in the east than in the western U.S., while the AME for 𝑃𝑃𝑇𝑖 is much larger (and 

positive) in the drier western U.S.  

[TABLE 2 HERE] 

Figure 3 unpacks the shape of the estimated non-linear marginal effects (ME) across the 

range of the data. For the eastern U.S., the ME of 𝑇𝑒𝑚𝑝𝑖 is positive and statistically significant 

(5% level) for average temperatures between 7C and 19C, but turns sharply negative above 21C. 

The ME of 𝑃𝑃𝑇𝑖 in the east is never statistically significant (5% level). For the western U.S., the 

ME of 𝑇𝑒𝑚𝑝𝑖 is positive at all temperature levels but not significant (5% level), while the ME of 

𝑃𝑃𝑇𝑖 is positive and significantly different from zero (5% level) only in the moderate range of 

current precipitation levels between 760mm/yr and 1470mm/yr.iv A final way to examine the 

composite model is to present contour plots of the estimated eastern and western U.S. composite 

Ricardian models, which indicates that the eastern U.S. Ricardian function is highly non-linear 

with a clear optimal range of  𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 that happens to lie over the current climate of the 

prime loblolly pine growing region of the southeastern United States (Appendix Fig. A2a).   

[FIGURE 3 HERE] 
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 Climate change impacts using the composite Ricardian models are calculated using 

equation (12), where all climate variables are shifted to their projected 2050 levels.v We used the 

Krinsky-Robb method for calculating 95% confidence intervals of the climate change impact for 

each countyvi. Given our findings above about the non-linear shape of our marginal effect 

functions, we separate results into counties where there are statistically significant climate 

change impacts (5% level) and counties where there are not statistically significant impacts. 

Table 3 presents mean impacts by region from the eastern and western U.S. composite models. 

For the east, about 71% of the private timberland acreage is projected to see a statistically 

significant average increase in net returns to forestry of approximately $9.17/acre, while about 

11% of acreage is projected to see a statistically significant decrease in net returns to forestry of 

approximately $7.33/acre. The climate change impacts for the remaining acreage is not 

statistically significant. The acreage weighted average of the positive, negative, and zero climate 

change impacts is an approximately $5.64/acre increase. The land with the positive effects 

correspond with where the ME of temperature is positive and significant (mean temperature from 

7 to 19C), which mostly occurs in the middle latitudes of the eastern U.S. The land with the 

negative effects corresponds to where the ME of temperature is negative and significant (mean 

temperature above 21C). For the western U.S., the composite Ricardian using annual climate 

measures projects statistically significant positive increases in net returns to forestry on about 

12% of the timberland, with the rest being insignificant.  

[TABLE 3 HERE] 

To examine robustness of climate change impacts, we re-estimate (11) using seasonal 

climate measures of 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 (e.g. summer temp, fall temp, etc.) rather than annual 

measures. Parameter estimates from the seasonal composite Ricardian models are presented in 
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Appendix Table A3, while estimated climate change impacts for the eastern U.S. seasonal model 

is presented in Table 3. Notably, the adjusted R2 measures indicate that the seasonal 

representation of climate fits much better than annual climate measures for the western U.S., but 

only slightly better for the eastern U.S. The seasonal composite model generates positive and 

statistically significant (5% level) climate change impacts for about 78% of eastern U.S. 

timberland, with the remainder being insignificant. Thus, the finding that the middle latitudes of 

the eastern U.S. will see positive climate change impacts is strongly robust across specifications 

using alternative climate specifications, while the negative climate change impacts for the far 

southern U.S. from the annual climate specification is not robust when using a seasonal model 

for climate change impacts. The climate change impacts for the west are never significantly 

different from zero for the composite Ricardian model that specifies seasonal climate measures, 

and we have little confidence that western forests will experience significant changes in net 

returns to forestry (5% level). We also find that our climate change impacts are robust to 

including a broader set of soil quality controls, mean elevation on timberland, variables 

representing nearby timber mill capacity, and latitude, see Appendix Tables A5 and A6. Climate 

impacts from the national model are also presented in Appendix Table A5 to show that our 

preferred strategy of separately estimating eastern and western Ricardian functions is robust to 

pooled estimation of a full national model.  

Altogether, our results from the composite Ricardian estimations indicate strong 

robustness in the finding that climate change will have a positive average impact on the net 

returns to forestry in the middle latitudes of the eastern U.S. (current mean temperature between 

approximately 7C and 19C), though the magnitude is sensitive to whether climate is represented 

as a seasonal or annual measure. In contrast, our finding of positive climate change impacts for 



28 
 

the western U.S. is not robust when using annual climate measures compared to seasonal 

measures. A major limitation when doing this analysis in the western U.S. is that there are only 

32 million acres of private timberland in the western U.S. compared to 455 million acres of 

private timberland in the eastern U.S, and these acres are distributed over far fewer counties 

which define our unit of observation for estimation. 

5.2 Forest-Type Ricardian Functions for the Eastern U.S. 

As detailed in section 4, the composite Ricardian climate impacts assume full adaptation 

along the intensive and extensive margins. We evaluate the importance of extensive margin 

adaptation in the climate change impacts by estimating separate forest type Ricardian functions 

to get a lower bound climate change impact estimate that assumes no adaptation on the extensive 

margin. Estimating separate Ricardian functions for each forest type in equation (13) requires 

that we use data from the geographic range where each forest type is currently growing.  Given 

the restricted geographical ranges for the forest-type Ricardian functions, we opt for the simpler 

climate specifications of using annual measures of 𝑇𝑒𝑚𝑝𝑖 and 𝑃𝑃𝑇𝑖 for the eastern U.S. only. 

The lack of robustness and poor fit from the annual climate measures in the western U.S. 

composite model leads us to lack confidence in accurately representing western U.S. forestry 

with simple annual climate measures.  

Parameter estimates for each of eleven eastern forest-type Ricardian models are presented 

in Appendix Table A4, while estimated average marginal effects (AME) for each model are 

presented in Table 2. The forest type that covers the largest acreage is oak-hickory, while the 

smallest is eastern red cedar. The most profitable forest type is loblolly-slash pine (Table 1), 

which is the most commercially valuable of the southern yellow pine species. As in the 
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composite model, we use adjusted R2 to evaluate alternative polynomial functions to specify 

𝑓𝐹(𝑇𝑒𝑚𝑝𝑖, 𝑃𝑃𝑇𝑖) in (13), where the chosen polynomial order is presented in the 7th column of 

Table 2. The AME of 𝑇𝑒𝑚𝑝𝑖 (𝑃𝑃𝑇𝑖) is positive for nine (five) of the eleven eastern forest types. 

Ten of the AMEs of  𝑇𝑒𝑚𝑝𝑖 are significantly different from zero while six of the AMEs of 𝑃𝑃𝑇𝑖 

are significant (5% level).  

Appendix figure A2c presents contour plots for the estimated Ricardian function for 

loblolly-shortleaf pine, the most valuable forest type in the eastern U.S. The contour plots 

indicate a clear range of temperature and precipitation that maximizes the net returns to this 

forest type, which occurs in the area where loblolly-shortleaf is currently most abundant. Fig A2c 

indicates that warming temperatures would generate a sharp increase in net returns to loblolly in 

areas that are currently below 16C, and a sharp decrease in net returns in areas that are currently 

above 19C. It should be noted that the value of 𝑇𝑒𝑚𝑝𝑖 that maximizes net returns to loblolly-

shortleaf is almost the same as the value of 𝑇𝑒𝑚𝑝𝑖 that maximizes the composite Ricardian 

function, highlighting the importance of the loblolly-shortleaf forest type in the composite 

Ricardian.  

Climate change impacts for each forest type (equation 14) are separately presented in 

Table 2, and account for intensive margin adaptation within each forest type. By holding the 

amount and location of each forest type fixed, the forest type climate change impacts do not 

account for extensive margin adaptation. Six of eleven forest-types are projected to see positive 

and significant climate change impacts on their respective net returns by 2050, while the climate 

change impacts for the remaining five are not significantly different from zero.  
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5.3 Value of Extensive Margin Adaptation 

The forest-type Ricardian functions can be combined to determine landscape level 

impacts assuming that the composition of the forest remains fixed, which we refer to as 

intensive-margin only climate change impacts (equation 15). The difference between the 

composite Ricardian climate change impact and the intensive-margin only climate change impact 

is the value of adaptation on the extensive margin and is presented in Table 3. Using the 95% 

confidence interval of climate change impacts from the composite Ricardian, we test whether the 

climate change impacts from the composite model are equal to the intensive-margin only climate 

change impact. Given the robustness checks above, we focus on the impacts with the most 

confidence – the eastern timberland with a significant and positive climate change impact in the 

annual climate model. Table 3 shows value of extensive margin adaptation estimates for counties 

in which those estimates are significantly different from zero (5% level). Results indicate that 

about 67.6% of eastern timberland has a positive value of adaptation on the extensive margin. 

The average value of adaptation on the extensive margin is $6.34/acre, which is 69% of the 

composite Ricardian’s positive climate change impact of $9.17/acre. Thus, a sizable proportion 

of the estimated positive Ricardian climate change impact comes from adaptation on the 

extensive margin. Figure 4 presents a map of the estimated value of adaptation on the extensive 

margin that is significantly greater than zero (5% level). Notably, the portion of the U.S. that has 

positive value of extensive margin adaptation lies just to the north of the prime southern 

timberlands comprised of the commercially valuable yellow pine species, particularly loblolly 

pine. Thus, one interpretation of Figure 4 is that it depicts an area where forest landowners will 

likely have an economic incentive to plant yellow pine species as an adaptation strategy to 

climate change. Extensive planting of pine species in the recent past shows that planting is one 
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mechanism through which landowners can alter a forested landscape from hardwoods to pine 

(Sohngen and Brown 2006). The speed of such planting in response to climate change is an open 

question that is not addressed in this analysis.    

6 Discussion 

 This paper estimates large-scale Ricardian functions of the link between the net economic 

returns to forestry and current climate, and uses the estimated functions to quantify the impact of 

climate change on the economic returns to forestry for the United States. Using alternative 

climate specifications, results are robust in indicating that climate change will increase forestry 

returns in the middle latitudes of the eastern United States in areas with current average 

temperatures between approximately 7C and 19C. Approximately 71% of eastern U.S. 

timberland is projected to see positive effects of climate change on the net returns to timber 

production. Estimation results for the northern, western, and far southeastern United States are 

inconclusive and either not significantly different from zero or not robust to alternative 

representations of climate. It is likely that assessing climate impacts in the western states requires 

a finer-scale than the county, as western counties tend to be large with significant within-county 

climate variation. Extending prior plot-level analyses of western forest management under 

climate change (Hashida and Lewis 2019) to evaluate welfare is a potential method that could 

better capture within-county data variation. For the portion of the eastern U.S. that is projected to 

experience positive and statistically significant climate change impacts on net returns to forestry, 

we find that approximately 69% of the projected gains arise from value of climate change 

adaptation on the extensive margin. The extensive margin in this paper comprises the margin 

where different types of forests are replanted or regenerated following harvest. 
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 Our paper has three primary contributions. First, by providing the first empirically 

estimated link between current climate and forestry returns, we fill an important gap in the 

economics literature that uses empirical analysis to quantify costs and benefits of climate change 

on various economic sectors. Our finding of robust, positive, and statistically significant climate 

change impacts in the middle portion of the eastern United States is broadly consistent with past 

literature that uses numerical assessments to examine climate change impacts in forestry 

(Sohngen 2020). However, we also find strong heterogeneity in climate change impacts that is 

consistent with analyses of physical productivity measures (e.g. Latta et al. 2010), with clear 

positive impacts only in moderate current climates of the middle latitudes of the eastern U.S. Our 

ability to test hypotheses and calculate statistical significance regarding the impacts of climate 

change on forestry returns across space differentiates this analysis from prior numerical studies 

of climate change and the forestry sector. Second, we develop a method that allows us to 

disentangle the value of extensive margin adaptation across forest types from our estimate of 

climate change impacts by estimating separate Ricardian functions across individual forest type 

groups (e.g. maple-beech-birch; loblolly-shortleaf pine, etc.) in the eastern U.S. By combining 

our forest-type Ricardian functions with the current share of the landscape in each forest type, we 

construct lower bound climate change impacts on forestry that assume no adaptation on the 

extensive margin. Third, by quantifying the value of extensive margin adaptation differentially 

across regions, we show that the incentive to adapt by switching forest types is strongest in the 

middle latitudes of the eastern U.S. It is likely that much of the value of extensive margin climate 

change adaptation arises from converting hardwoods to commercially valuable pine species that 

would become more productive under a warming climate in the middle latitudes of the eastern 

U.S. Since different forest types provide varying levels of non-timber ecosystem services, and 
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since planted pine forests have been shown to have lower biodiversity than natural hardwoods 

(Haskell et al. 2006), our results suggest regions where land-use changes within forestry – and 

corresponding ecosystem services – are likely to be largest as a result of climate change 

adaptation. 

 The role of extensive margin adaptations in forestry is an important consideration when 

examining our composite results. The composite Ricardian model assumes no constraints or 

hysteresis in adaptation, whereas there are reasons to think that extensive margin adaptations in 

forestry may happen sluggishly. Since forest landowners do not make harvest and replanting 

choices annually, but rather once over several decades, extensive margin adaptation can involve 

significant opportunity costs of forgoing future growth of existing stands and it can take time to 

radically convert a forested landscape from one dominant tree species to another (Hashida and 

Lewis 2019). Therefore, we suggest that our composite Ricardian results be treated as an upper 

bound on the potential gains to U.S. forestry under climate change because the Ricardian 

framework assumes that the full set of optimal adaptation can and will happen by 2050. Our 

results also suggest numerous new research questions. For example, how quickly can extensive 

margin adaptation in forestry occur, and what barriers exist? How do current landowners 

anticipate future climate change and respond? Guo and Costello’s (2013) numerical analysis of 

extensive margin adaptation in forestry assume that landowners anticipate future climate and pre-

emptively adjust the types of trees they grow. However, a study of family foresters in the 

northwestern U.S. found little evidence that landowners are making management decisions in 

response to climate change forecasts (Grotta et al. 2013). And using repeated plot-level data from 

the FIA database, we calculate minimal recently observed switching of forest types since 2001 

that involve the most commonly planted species of loblolly pine and Douglas-fir. 
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Our projected increases to forestry returns from climate change also raise questions about 

extensive margin adaptations across agricultural and forest land uses. For example, the eastern 

United States has long experienced an active margin between agriculture and forestry, and past 

research has shown that increases in net returns to forestry will increase land-use changes from 

agriculture to forestry (e.g. Lubowski et al. 2008). Further, in a Ricardian analysis of agriculture 

in the eastern U.S., Schlenker et al. (2006) found that climate change can result in reductions in 

agricultural returns by 2050. Since agriculture and forestry are substitute land uses in the eastern 

U.S., then climate changes that are more favorable to forestry than agriculture suggest potential 

afforestation, and prior studies have shown that afforestation from agriculture to forestry can 

have potentially large effects on many non-market ecosystem services, from carbon sequestration 

to wildlife habitat (Lawler et al. 2014). Optimal conservation policy under climate change 

compares the dynamics of benefits and costs over time, where both benefits and costs of 

conservation may change over time in response to climate (Lewis and Polasky 2018). By 

showing how climate change can influence private returns to U.S. forestry, the Ricardian model 

in this study provides a foundation to explore numerous questions regarding the interaction 

between climate change, land use, ecosystem services, and conservation policy.   
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Tables 
 

Table 1: Ricardian Estimation Data Summary 

 
Number of 

Counties 

Mean                

Net Return per 

Acre                  

(St. Dev.) 

Mean   

Temperature     

(St. Dev.) 

Range of 

Temperature 

Annual 

Precipitation 

(St. Dev) 

Range of 

Precipitation 

Mean Percentage 

of County Land 

in Best Soil 

Quality Class  

All Forest Types 1,865 30.45 (24.27) 12.86 (4.81) (0.78, 24.33) 1148.67 (315.80) (298, 3114) 59.8 % 

Eastern Forest Types 1,624 29.90 (23.13) 13.76 (4.36) (3.30, 24.33) 1186.52 (222.01) (452, 1900) 64.2 % 

Western Forest Types 241 35.28 (28.08) 6.79 (2.87) (0.78, 17.54) 893.59 (605.15) (298, 3114) 30.4 % 

White-red-jack pine 371 16.76 (25.12) 8.59 (2.94) (3.30, 15.78) 1083.57 (230.47) (587, 1900) 49.7 % 

Spruce-fir 151 22.35 (15.66) 5.97 (1.26) (3.30, 8.75) 951.29 (209.66) (603, 1432) 49.4 % 

Longleaf-slash pine 328 82.11 (35.39) 18.84 (1.71) (15.20, 24.33) 1325.81 (145.20) (1095, 1735) 68.3 % 

Loblolly-shortleaf-pine  878 113.69 (53.56) 16.38 (2.63) (6.13, 23.44) 1295.35 (148.89) (934, 1765) 63.2 % 

Oak-pine 1,207 33.62 (23.37) 14.47 (4.34) (3.30, 23.86) 1234.59 (194.47) (556, 1900) 60.3 % 

Oak-hickory 1,531 14.91 (11.79) 13.85 (4.31) (3.39, 23.86) 1201.28 (203.13) (556, 1900) 64.0 % 

Oak-gum-cypress  825 16.04 (18.19) 16.92 (2.56) (7.52, 23.86) 1303.52 (145.70) (830, 1735) 67.8 % 

Elm-ash-cottonwood 1,349 27.58 (24.67) 13.39 (4.46) (2.83, 23.86) 1167.72 (249.01) (327, 2876) 65.0 % 

Maple-beech-birch 703 11.36 (21.51) 9.93 (2.98) (3.30, 16.46) 1060.93 (204.38) (459, 1678) 61.1 % 

Aspen-birch 338 16.22 (16.38) 6.43 (2.06) (1.33, 11.83) 892.42 (232.05) (384, 1330) 47.8 % 

Eastern redcedar 235 34.46 (31.90) 6.43 (2.83) (5.48, 22.79) 1228.50 (159.09) (589, 1556) 60.6 % 

Douglas-fir 141 48.51 (32.97) 14.75 (2.67) (1.61, 14.11) 1064.84 (701.18) (298, 3114) 32.4 % 

Hemlock-Sitka spruce 42 46.06 (40.60) 7.95 (1.93) (3.92, 11.33) 1669.93 (758.67) (528, 3114) 39.9 % 

Ponderosa pine 139 21.50 (15.84) 7.01 (2.40) (2.62, 14.21) 701.90 (300.83) (358, 1974) 28.5 % 

Lodgepole pine 72 23.12 (22.35) 4.81 (1.97) (0.78, 9.67) 766.51 (280.93) (463, 2566) 27.8 % 

Fir-spruce-mountain hemlock 119 12.93 (23.18) 5.76 (2.20) (0.78, 10.86) 812.38 (424.80) (400, 2876) 29.1 % 

Other western softwoods 26 3.63 (5.54) 5.74 (2.42) (1.72, 10.60) 647.81 (224.42) (408, 1455) 22.4 % 
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Table 2: Forest Group Type Ricardian Model Result Summary 
 

Average 

Marginal 
Effect of 

Temp 

Change       
(std. error) 

Average 

Marginal 
Effect of 

Precip 

Change 
(std.error) 

Climate Change 

Impact 
($ / acre) 

Percentage 

of Acres in 
Significantly 

Positive 

Region 

Percentage 

of Acres in 
Significantly 

Negative 

Region 

Total Acres    

(millions) 

Poly-

nomial 
Order   

(Temp / 

Precip) 

Spatial Fixed Effect 

Eastern U.S. Ricardian 3.75*** 

(0.231) 

-0.0007 

(0.0049) 

5.64 

 (2.61, 8.66) 
71.4 % 10.6 % 454.6 4th / 4th Subregion 

Western U.S. Ricardian 2.13* 

(1.24) 

0.023*** 

(0.0089) 

3.53 

(-7.45, 14.50) 
12.1 % 0 % 32.1 2nd / 2nd None 

White-red-jack pine 4.34*** 

(0.808) 

-0.0548*** 

(0.0112) 

5.57 

(1.18, 9.96) 
70.4 % 0 % 7.8 2nd / 2nd None 

Spruce-fir -2.35** 

(1.128) 

0.0208*** 

(0.0070) 

-7.81 

(-21.39, 5.78) 
0 % 42.0 % 10.0 2nd / 2nd None 

Longleaf-slash pine 16.32*** 

(1.894) 

0.0281 

(0.0185) 

14.06 

(3.76, 24.35) 
76.3 % 4.6 % 11.7 2nd / 2nd Subregion 

Loblolly-shortleaf-pine  4.85*** 

(1.295) 

-0.0610*** 

(0.0201) 

-3.83 

(-11.95, 4.29) 
20.7 % 48.3 % 54.1 2nd / 1st Region 

Oak-pine 2.09*** 

(0.315) 

0.0079* 

(0.0047) 

5.32 

(-2.31, 7.63) 
46.9 % 6.0 % 41.1 4th / 2nd Region 

Oak-hickory 1.18*** 

(0.139) 

0.0052** 

(0.0021) 

2.15 

(0.68, 3.61) 
82.4 % 3.2 % 177.8 4th / 2nd Region 

Oak-gum-cypress  1.01*** 

(0.315) 

-0.011** 

(0.0046) 

1.63 

(-0.54, 3.80) 
10.5 % 0 % 38.1 1st / 1st None 

Elm-ash-cottonwood 2.24*** 

(0.303) 

0.021*** 

(0.0057) 

5.26 

(3.29, 7.23) 
78.3 % 0.7 % 36.3 2nd / 2nd Subregion 

Maple-beech-birch 3.40*** 

(0.586) 

-0.013 

(0.0090) 

4.03 

(0.44, 7.62) 
58.2 % 0 % 59.0 2nd / 2nd Subregion 

Aspen-birch -1.29* 

(0.767) 

-0.012 

(0.0087) 

-3.48 

(-12.47, 5.51) 
0 % 13.6 % 12.4 2nd / 2nd Region 

Eastern Redcedar 5.80*** 

(1.253) 

-0.0145 

(0.0260) 

9.07 

(2.28, 15.85) 
86.9 % 0 % 2.3 2nd / 2nd Region 
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Table 3: Climate Change Impacts and the Value of Extensive Margin Adaptation 

 Eastern Composite         

(Annual Climate) 

Western Composite      

(Annual Climate) 

Eastern Composite     

(Seasonal Climate) 

 Counties Acres % 

Share 

of 
Acres 

Mean 

Impact 

Counties Acres % 

Share 

of 
Acres 

Mean 

Impact 

Counties Acres % 
Share 
of 
Acres 

Mean 
Impact 

Significant 

Positive 

Impact 1,737 324.5 71.4 9.17 40 3.9 12.1 6.10 1,876 355.4 78.2 17.03 

Significant 

Negative 

Impact 154 48.3 10.6 -7.33 0 - - - 0 - - - 

Impact Not 

Significantly 

Diff. from 

Zero 

290 81.8 18.0 - 222 28.2 87.9 - 305 137.7 30.3 - 

Significant 

Positive 

Adaptation 

Value 

1,568 307.3 67.6 6.34* 40 2.9 9.0 10.89* 1,616 316.9 69.7 16.21* 

Notes: Confidence intervals based on 5,000 Krinsky-Robb draws. Acres measured in millions. Mean impact 

is the acreage weighted climate change impact measured in annualized dollars per acre. *Mean impact in the 

last row is mean adaptation value in the counties where adaptation value is positive and significant. 
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Figures 

 

Figure 1: Ricardian Value Function 
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Figure 2: Spatial and Numerical Distribution of Composite Net Return to Forestry 

 

 

 

Note: price data not available for IA, KS, NV, NJ, ND, and WV. 
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 Figure 3. Estimated Marginal Effect of Average Annual Temperature and Total Annual 

Precipitation 

 

 

Notes: Dashed horizontal line is set to zero, and dashed vertical line is set to the mean variable value over 

spatial extent. Error bounds calculated using cluster robust standard errors where the cluster is defined by 

ecoregion. 
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Figure 4: Adaptation Value Mapped over Confidence Region 
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Massachusetts University of Massachusetts Extension 

Michigan Michigan Department of Natural Resources 

Minnesota Minnesota Department of Natural Resources 

Mississippi Mississippi State University Extension 

Missouri Missouri Department of Conservation  

Montana U.S. Forest Service Northern Region 

Nebraska Nebraska Forest Service 

Nevada No Data 

New Hampshire New Hampshire Department of Revenue 

New Jersey No Data 

New Mexico U.S. Forest Service Southwestern Region 

New York New York Department of Environmental Conservation 

North Carolina Timber Mart-South 

North Dakota No Data 

Ohio Ohio State University Extension 

Oklahoma Data extrapolated from Texas price data 

Oregon Oregon Department of Forestry 

Pennsylvania Penn State Extension 

Rhode Island University of Massachusetts Extension 

South Carolina Timber Mart-South 

South Dakota U.S. Forest Service Rocky Mountain Region 

Tennessee Timber Mart-South 

Texas Timber Mart-South 

Utah U.S. Forest Service Intermountain Region 

Vermont Vermont Department of Forests 

Virginia Timber Mart-South 

Washington Washington State Department of Revenue 

West Virginia No Data 

Wisconsin Wisconsin Department of Natural Resources 

Wyoming U.S. Forest Service Intermountain Region  
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Table A2: Parameter Estimates for Composite Forest Ricardian Models  

(Annual Aggregate of Climate) 

 Eastern Composite Western Composite National Composite 

Mean Temperature -11.10 

(8.45) 

3.98 

(6.35) 

15.81** 

(7.12) 

2nd Order Temp 0.387 

(0.911) 

0.119 

(0.557) 

-2.63*** 

(0.990) 

3rd Order Temp 0.0471  

(0.0644) 

 0.193*** 

(0.0570) 

4th Order Temp -2.02e-03 

(1.25e-03) 

 -4.38s-03*** 

(1.14e-03) 

Annual Precipitation -0.115 

(0.682) 

0.0485 

(0.0290) 

0.019* 

(0.101) 

2nd Order Precip 1.63e-04 

(8.87e-04) 

4.52e-07 

(7.99e-06) 

-2.38e-04** 

(1.11e-04) 

3rd Order Precip -9.98e-08 

(4.97e-07) 

 1.24e-07** 

(5.19e-08) 

4th Order Precip 1.92e-11 

(1.00e-11) 

 -2.04e-11** 

(8.27e-12) 

Temp-Precip 

Interaction 

1.59e-03 

(1.94e-03) 

-3.89e-03 

(4.24e-03) 

-2.17e-03* 

(1.21e-03) 

Constant 57.30 

(185.0) 

-37.92* 

(20.10) 

-70.30** 

(32.80) 

    

Soil Quality Yes Yes Yes 

Spatial FE Subregion None None 

Observations 1,624 241 1,865 

Adjusted R-squared 0.392 0.248 0.345 

Residual SE 9548 

(df = 1610) 

10200 

(df = 234) 

9870 

(df = 1854) 

F Statistic 81.57*** 

(df = 13; 1610) 

14.21*** 

(df = 6; 234) 

99.31*** 

(df = 10; 1854) 

    

*p<0.1; **p<0.05; ***p<0.01 

 

Notes: The dependent variable in each model is the per-acre average net returns to forestry in a county. 

Parameters are estimated by ordinary least squares, weighted by timberland acreage, and with standard 

errors clustered by eco-region. 
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Table A3: Parameter Estimates for Composite Forest Ricardian Models (Seasonal Aggregate 

of Climate) 

 Eastern Composite Western Composite 

Winter Temperature 6.98** (3.12) 0.725 (9.48) 

2nd Order Winter Temp  0.519* (0.276) - 

Winter Precipitation 0.0711 (0.0398) -0.0243 (0.0873) 

Winter Temp-Precip Interaction -5.16e-03 (3.46e-03) 0.0217* (0.0104) 

Spring Temperature 0.812 (7.36) 11.10 (12.63) 

2nd Order Spring Temp 1.57 (0.611) - 

Spring Precipitation -0.153 (0.105) -0.070 (0.163) 

Spring Temp-Precip Interaction 8.35e-03 (9.23e-03) -8.19e-04 (0.0104) 

Summer Temperature -61.49** (26.30) 4.38 (16.24) 

2nd Order Summer Temp 1.57** (0.611) - 

Summer Precipitation 0.209 (0.163) 0.10 (0.969) 

Summer Temp-Precip Interaction -9.73e-03 (7.05e-03) -7.18e-03 (0.0557) 

Fall Temperature 23.01 (18.60) -12.0 (11.18) 

2nd Order Fall Temp -1.25 (0.796) - 

Fall Precipitation -0.253* (0.119) 0.549 (0.343) 

Fall Temp-Precip Interaction 0.0176** (7.05e-03) -0.0529 (0.0311) 

Constant 537.7** (224.0) -6.59 (141.49) 

   

Soil Quality Yes Yes 

Spatial FE Subregion Subregion 

Observations 1,624 241 

Adjusted R-squared 0.425 0.467 

Residual SE 9349 (df = 1603) 8585 (df = 224) 

F Statistic 59.12*** (df = 20; 1603) 14.15*** (df = 16; 224) 

 *p<0.1; **p<0.05; ***p<0.01 
Notes: The dependent variable in each model is the per-acre average net returns to forestry in a county. 

Parameters are estimated by ordinary least squares, weighted by timberland acreage, and with standard 

errors clustered by eco-region. 
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Table A4: Parameter Estimates for Forest Group Type Ricardian Models (Eastern Forest Group Types)                                                                                                                                                                                                                        

 White-red-
jack pine 

Spruce-fir Longleaf-
slash pine 

Loblolly-
shortleaf 

Oak-pine Oak-hickory Oak-gum-
cypress 

Elm-ash-
cottonwood 

Maple-
beech-birch 

Aspen-birch Eastern 
Redcedar 

Mean Temp 8.17*  
(4.67) 

-7.01 
 (9.55) 

121.6*** 
(20.5) 

67.78*** 
(12.80) 

-31.08** 
 (12.20) 

17.88*** 
(4.92) 

-3.32 (2.55) 6.88*** 
(0.962) 

-2.81 
 (2.70) 

-16.81 
(10.54) 

0.349 
(9.41) 

2nd Order 
Temp 

0.413*  
(0.228) 

1.99** 
(0.825) 

-4.25***  
(0.53) 

-2.07*** 
(0.379) 

2.74*  
(1.59) 

-2.03*** 
(0.610) 

- -0.277*** 
(0.0383) 

0.374*** 
(0.0945) 

0.971 
 (0.657) 

-0.585** 
(0.278) 

3rd Order 
Temp 

- - - - -0.0733 
(0.0841) 

0.106*** 
(0.0310) 

- - - - - 

4th Order 
Temp 

- - - - 4.17e-05 
(1.56e-03) 

-2.08e-03*** 
(5.60e-04) 

- - - - - 

Annual 
Precip 

-0.216*** 
(0.0674) 

0.192*** 
 (0.0659) 

-0.0687 
(0.329) 

-0.123 
 (0.126) 

0.0472 
(0.0348) 

4.43e-03 
(0.0127) 

-0.0673* 
(0.0378) 

-0.0164 
 (0.0217) 

0.0337 
(0.0439) 

-0.0148 
(0.0406) 

0.0392 
(0.183) 

2nd Order 
Precip 

1.14e-04** 
(4.09e-05) 

-2.70e-05 
(4.04e-05) 

-2.57e-04*** 
(7.84e-05) 

- -3.16e-05** 
(1.86e-05) 

-2.93e-06 
(5.48e-06) 

- 2.30e-06 
(8.13e-06) 

-1.68e-05 
(1.94e-05) 

-2.74e-05 
(1.90e-05) 

-1.33e-04 
(1.09e-04) 

3rd Order 
Precip 

- - - - - - - - - - - 

4th Order 
Precip 

- - - - - - - - - - - 

Temp-Precip 
Interaction 

-0.0101** 
(4.55e-03) 

-0.0201*** 
(5.69e-03) 

0.0413**  
(0.0171) 

3.77e-03 
(7.29e-03) 

2.69e-03** 
(1.35e-03) 

5.64e-04 
(4.92e-04) 

3.32e-03* 
(2.01e-03) 

2.38e-03*** 
(8.41e-04) 

-1.13e-03 
(2.09e-03) 

3.42e-03* 
(2.77e-03) 

0.0185** 
(9.18e-03) 

Constant 107.8*** 
(26.1) 

-56.9 
 (37.5) 

1206.2*** 
(369.4) 

-394.4** 
(160.5) 

66.0**  
(31.3) 

-65.7*** 
(12.8) 

89.0* (47.9) -52.1*** 
(13.0) 

-16.0 
(27.9) 

52.0 
(41.9) 

-27.0 
(61.4) 

            

Soil Quality Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Spatial FE None None Subregion Region Region Region None Subregion Subregion Region Region 

White’s SE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 371 151 328 878 1,207 1,531 825 1,349 703 338 235 

Adjusted R-
squared 

0.196 0.595 0.330 0.046 0.273 0.181 0.040 0.266 0.169 0.222 0.084 

Residual SE 2490 
(df = 364) 

2220  
(df = 144) 

4992  
(df = 320) 

13690 
(df = 871) 

3316 
 (df = 1197) 

2741 
(df = 1521) 

2213 
 (df = 820) 

2778 
 (df = 1337) 

3199 
 (df = 693) 

2785 
 (df = 330) 

2572 
 (df = 226) 

F Statistic 16.07***  
(df = 6; 
 364) 

37.72***  
(df = 6; 
 144) 

23.99*** 
 (df = 7; 

 320) 

8.09***  
(df = 6; 
 871) 

51.41*** 
 (df = 9; 
1197) 

38.64*** 
(df = 9; 
 1521) 

9.57*** 
 (df = 4; 

 820) 

45.51*** 
(df = 11; 

1337) 

16.90*** 
 (df = 9; 

 693) 

14.74*** 
(df = 7; 
 330) 

3.69 
(df = 8; 
 226) 

*p<0.1; **p<0.05; ***p<0.01 

Notes: The dependent variable in each model is the per-acre average net returns to specific forest types in a county. Parameters are estimated by 

ordinary least squares, weighted by timberland acreage, and with standard errors robust to heteroskedasticity. 
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Table A5. Assessing robustness with alternative Ricardian specifications 

 
Average Marginal Effects 

Climate Change 

Impact 

 Mean Temperature Precipitation $ / acre 

Preferred Model 
3.75*** 

(0.244) 

-0.0007 

(0.0048) 

5.64 

(2.61, 8.66) 

Preferred Model Plus 

Forestland Elevation 4.14*** 

(0.295) 

0.0002 

(0.0048) 

5.40 

(2.21, 8.58) 

Preferred Model Plus 

Mill Capacity 3.74*** 

(0.244) 

-0.0016 

(0.0048) 

4.80 

(1.92, 7.69) 

Preferred Model Plus 

Number of Mills in 

County 

3.81*** 

(0.244) 

-0.0024 

(0.0048) 

4.99 

(2.04, 7.93) 

Massetti et. al. Soil 

Variables Plus Our 

Best Soil Class 

3.59*** 

(0.318) 

0.0031 

(0.0052) 

4.44 

(1.07, 7.81) 

National Composite 

Model 2.64*** 

(0.186) 

-0.0068** 

(0.0031) 

3.37 

(0.27, 6.47) 

Notes: Rows 1-5 present results from the eastern U.S. composite model. Additional soil variables 

obtained from Massetti, Mendelsohn, and Conaboyashi (2016). Mill capacity and number of mills derived 

from Forisk North American Forest Industry Capacity Database Update (2020). Elevation calculated from 

FIA plot level data as the county-level mean elevation on forestland. 
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Table A6. Assessing robustness with alternative Ricardian specifications in 

the seasonal model 

 
Seasonal Eastern Model  

(w/o Latitude Control) 

Seasonal Eastern Model  

(w/ Latitude Control) 

Average Marginal 

Effect of Fall 

Temperature 

-9.69*** 

(3.338) 

-7.78** 

(3.370) 

Average Marginal 

Effect of Winter 

Temperature 

8.76*** 

(2.040) 

6.51*** 

(2.130) 

Average Marginal 

Effect of Spring 

Temperature 

-3.57 

(3.001) 

-8.81*** 

(3.338) 

Average Marginal 

Effect of Summer 

Temperature 

10.22*** 

(2.559) 

13.51*** 

(2.715) 

Average Marginal 

Effect of Latitude - 
-4.39*** 

(1.242) 

Climate Change 

Impact ($/acre) 20.29 

(6.73, 33.85) 

13.97 

(-0.55, 28.50) 

Notes: Latitude calculated from FIA plot level data as the county-level mean latitude on 

forestland. 
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Figure A1 – Example estimated von Bertalanffy timber growth functions for two Oregon 

counties for Douglas-fir

 

Notes: estimated von Bertalanffy parameters embed the dry climate in Crook county (𝛼 = 63.8, 

𝛽 = 0.0138) and the wet climate in Douglas county (𝛼 = 156.4, 𝛽 = 0.0180). 
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Figure A2 – Estimated contour plots for composite Ricardian functions 
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Figure A3 – Climate change impact across alternative Global Climate Models RCP 8.5 
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Grouped Footnotes 

 
i For example, the southern U.S. net return measures are heavily influenced by the large share of softwoods in the 

current forest base, and past research has shown that current southern softwood abundance has been driven by 

landowner plantings (Sohngen and Brown 2006). 
ii We estimate (6) only if a) we have at least 30 observations of s in i, b) the function converges, and c) if the 

estimated 𝛽𝑖𝑠 ≤ 0.25 for a reasonable growth path. If any of these three criteria fail, then we use estimates of (6) at 

the state level rather than the county level.  
iii The east is defined using U.S. Forest Service sub-regions Northeast, North Central, Southeast, and South Central. 

The west is defined using U.S. Forest Service sub-regions Rocky Mountain North and South, and Pacific Coast 

North and South. 
iv Approximately one-quarter of western counties are in the range where the ME of precipitation is statistically 

significant. 
v While some counties were not included in estimation due to missing price data, we include all counties with 

forestland in the climate impacts analysis given the more complete coverage of climate data. 
vi The Krinsky-Robb method simulates a parameter vector as 𝛽𝑠 = �̂� + 𝐶′𝑥𝑘, where �̂� is the estimated parameter 

vector from the econometric model, 𝐶 is the KxK Cholesky decomposition of the estimated econometric variance-

covariance matrix, and 𝑥𝑘 is a K-dimensional vector of draws from a standard normal distribution. 


