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A B S T R A C T

Including both explicit and opportunity costs in valuing ecosystem services offers a comprehensive economic 
assessment, but practical applications often focus on explicit costs alone. This study examines the evolution of 
spatial targets and supply dynamics for forest carbon in the Central and Southern Appalachian Region, tran
sitioning from a solely explicit-cost approach to one incorporating weighted opportunity costs. We calculate 
opportunity cost weights by analyzing development pressure at the pixel level, where each pixel's forest con
version rate—estimated as the anticipated shift from forest to urban land use—serves as an index for local 
development pressure. These weights range from zero (no development pressure) to one (full development 
pressure), with higher weights assigned to areas facing greater likelihoods of conversion. This approach provides 
flexibility in estimating opportunity costs based on localized economic pressures. Our findings indicate that 
incorporating opportunity costs significantly affects forest carbon supply dynamics, with higher development 
pressures leading to increased costs and reduced potential for carbon storage. By applying weighted opportunity 
costs, however, the financial burden is moderated, supporting a balance between carbon storage goals and 
economic considerations. These findings suggest that forest conservation programs would benefit from regionally 
adjusted incentives, especially in development-prone areas where high opportunity costs might deter landowners 
from participating. By prioritizing regions with critical carbon storage potential and high conversion risk, con
servation policies could maximize environmental impact and economic efficiency across the Appalachian 
landscape. This approach offers a pathway for conservation policies that support carbon sequestration objectives 
while acknowledging economic trade-offs.

1. Introduction

As urgency to tackle climate change grows, diverse remedies have 
been proposed. One cost-effective solution that has developed in recent 
years involves carbon storage in agriculture and forestry (Terasaki Hart 
et al., 2023; U.S. Department of Agriculture, 2023). In this context, 
carbon storage in forestry specifically has become an important focal 
point since forests have a large and cost-effective carbon storage ca
pacity relative to other carbon storage solutions (Austin et al., 2020; 
Ontl et al., 2020).

Despite the emergence of forest-based carbon initiatives, including 
both carbon offsets and carbon credits (Kaarakka et al., 2023; Zhang, 
2005), there are various methodological, socio-economic, and imple
mentation challenges constraining the further development of forest- 
based carbon storage programs (Pan et al., 2022). These challenges 
have been extensively documented in forest science literature, particu
larly in relation to carbon sequestration methodologies, payment 

schemes, and landowner participation incentives (Engel et al., 2008; 
Lubowski et al., 2006). Carbon offsets refer to actions that compensate 
for emissions by reducing or capturing carbon in one place to balance 
emissions produced elsewhere, whereas carbon credits are tradable 
permits representing a verified quantity of carbon reduction that can be 
bought and sold in compliance or voluntary markets (Hamrick and 
Gallant, 2017).

One fundamental aspect is that conventional market mechanisms 
often overlook the intrinsic value of forest carbon storage, resulting in 
what is commonly referred to as market failure. For example, when 
landowners convert forests to agriculture or urban uses due to higher 
short-term profits, the market fails to account for lost carbon storage 
benefits, incentivizing unsustainable land use. This oversight has 
prompted an increased focus on assessing forest carbon supply through 
payment for ecosystem services (PES) (Frey et al., 2021; Cho et al., 2020; 
Liu et al., 2019), with the potential for expanded use of carbon market 
mechanisms in the future (Tanger et al., 2023; World Bank, 2023; Webb, 
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2021).
Given the recognized challenges of market failure—where the full 

value of forest carbon storage is not reflected in market transactions, 
leading to underinvestment in conservation— it is crucial to understand 
how the economics of forest use and conservation can be accurately 
measured and promoted (Cubbage et al., 2022). Studies in forest eco
nomics have emphasized the role of dynamic cost models in addressing 
these failures, particularly in adapting conservation strategies to region- 
specific conditions (Kline and Alig, 2005; Sohngen and Mendelsohn, 
2003). For example, forest landowners may choose profitable land uses 
like agriculture or development over conservation, as markets fail to 
compensate for the broader climate benefits of carbon storage. Various 
tools and methodologies have been employed in evaluating the benefits 
that forests provide in terms of carbon sequestration. The benefits of 
forest carbon storage and the associated costs of preserving these ben
efits can be illustrated by the concept of return on investment (ROI), a 
metric commonly used to assess the supply relationship of forest carbon 
storage.

Typically, the benefits of forest carbon storage in ROI metric esti
mation for evaluating forest carbon supply are assessed using carbon 
simulators such as Terrestrial Ecosystem Modeling (TEM) and the Forest 
Vegetation Simulator (FVS) (Dixon, 2002; Raich et al., 1991). While 
these approaches operate on distinct assumptions and mechanisms, 
leading to slightly varied benefit measures, their shared objective in 
measurement is presumed. Therefore, the selection of one simulator 
over another is generally not a contentious issue, emphasizing its 
sensitivity as a matter of preference rather than a fundamental dispute. 
This is primarily because each estimator, despite its unique methodo
logical framework, aims to provide reliable estimates of carbon storage 
capabilities.

Conversely, the choice of cost measure in ROI metric estimation for 
evaluating forest carbon supply can differ significantly based on an in
dividual's perspective on the value of ecosystem services related to 
carbon provisioning. Within the framework of PES, some may restrict 
the costs to explicit expenses linked to forgoing returns from forest uses, 
particularly timber harvests (Nikolakis and Innes, 2017), while others 
may expand costs to include both explicit expenses and the opportunity 
cost associated with forgoing potential gains from alternative uses of 
forestry, such as urban development (Liu et al., 2022). The gap between 
these viewpoints is significant, as these expenses can vary greatly across 
different locations and may not be related or even be positively 
correlated.

This disparity reveals that regions with high opportunity costs, such 
as those near urban areas, face different financial pressures than more 
remote areas with limited alternative land-use potential. As a result, 
forest carbon programs need tailored cost measures that reflect local 
economic contexts, since uniform approaches may fail to account for the 
diverse economic trade-offs across regions. By recognizing these varia
tions, policymakers can design PES programs that more effectively 
balance conservation incentives with local economic realities, ulti
mately promoting broader feasibility and adoption of forest carbon 
storage strategies.

Moreover, this divergence in cost perspectives can lead to markedly 
different forest carbon supply relationships (Engel et al., 2008). For 
example, the opportunity cost of urban development, which may far 
exceed the explicit cost of timber harvest, could result in urban devel
opment returns dominating the cost measure (Irwin and Bockstael, 
2007). Conversely, focusing solely on explicit costs would ignore the 
significant urban development pressures in certain areas, leading to 
notable differences in forest carbon supply projections. These distinc
tions underscore the need for carefully tailored approaches that consider 
both types of costs to capture the full spectrum of economic drivers 
impacting forest conservation.

While theoretically, the inclusion of both explicit and opportunity 
costs in valuing ecosystem services for their supply relationship is 
preferable since it provides a more comprehensive assessment of 

economic value, practical applications have primarily limited them
selves to assessing explicit costs only. For example, the Conservation 
Reserve Program (CRP) exemplifies this trend in its approach to 
providing PES to private landowners in exchange for temporarily 
withdrawing environmentally sensitive land from agricultural produc
tion. The determination of payment rates in CRP agreements is exclu
sively based on the land's agricultural productivity, directly tied to 
explicit costs (Claassen et al., 2008). However, this practice explicitly 
excludes the consideration of opportunity costs in computing CRP rental 
rates as a means to balance between encouraging conservation and 
avoiding competition with land renters (Baker and Galik, 2009).

Despite the prevailing use of PES without factoring in opportunity 
costs in conservation practices, the potential to include these costs in 
future PES mechanisms is quite conceivable. This foresight becomes 
critical when evaluating the cost of supplying forest carbon storage in 
areas near metropolitan regions with high demand for real estate 
development, as opposed to costs in remote areas where such demand is 
virtually absent. Specifically, the need for a distinct treatment of the cost 
measure by incorporating opportunity costs between these contrasting 
scenarios is likely to become more apparent. This is especially true if 
there is a substantial demand for forest carbon storage in proximity to 
metropolitan areas as opposed to remote areas – a scenario that seems 
quite plausible.

Including opportunity costs is anticipated to alter the basis of eval
uating forest carbon storage supply based solely on explicit costs. There 
is a growing body of literature that explores these mechanisms. This 
growing research investigates the consequences of integrating oppor
tunity costs and shows how their inclusion results in variations in 
optimal solutions for PES supply when comparing the contrasting cost 
assumptions (Börner et al., 2017). Nevertheless, a drawback in the 
expanding literature is the tendency for modeling to be binary, with 
studies either including or excluding the consideration of opportunity 
cost across the study area. For instance, Cho et al. (2021) explored how 
the cost of conservation investment, with and without inclusion of the 
opportunity cost of protected areas, yields different solutions in a multi- 
objective optimization framework at the county level in the Central and 
Southern Appalachian Region of the United States. While such studies 
comparing optimal spatial conservation targets with and without op
portunity costs offer valuable insights into potential improvements for 
future PES mechanisms, the all-or-nothing approach poses practical 
challenges. Forestland in remote locations face virtually no opportunity 
cost from urban development, while those near metropolitan areas, with 
high potential for urban expansion, require tailored consideration based 
on their urban development pressures.

This variation in urban development pressures necessitates a more 
strategic approach to managing forest carbon storage supply, especially 
those located between areas facing minimal and maximum development 
pressure. Given the range of development pressures, forestland that lie 
between minimal and maximum development pressure necessitate a 
distinct approach regarding the consideration of opportunity cost of 
urban development. It is essential, therefore, to adapt the application of 
the cost measure to reflect a spectrum that spans solely from explicit 
costs to a comprehensive inclusion of both explicit and opportunity 
costs, along with variations in between. This refined adjustment in the 
cost analysis framework allows us to better understand and respond to 
the intricate dynamics of forest carbon storage supply amidst urban 
expansion pressures.

Our objective is to examine the evolution of spatial targets and 
supply dynamics for forest carbon in the Central and Southern Appala
chian Region of the United States, transitioning from a focus solely on 
explicit costs to incorporating both explicit and opportunity costs. This 
shift reflects the complexities of development pressures within our cost 
assumptions. In this context, we define opportunity costs as the potential 
returns landowners forgo when forestland is conserved rather than 
converted to urban development, which is the alternative land use 
considered in our model. Our analysis considers a pair of opportunity 
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cost assumptions: full opportunity costs and weighted opportunity costs.
Full opportunity costs assume the highest development pressure 

across all areas, representing the maximum potential economic gains 
from urban development, with a uniform weight of 1 (or 100 %) applied 
across all pixels. This scenario assumes that all forestland faces high 
development pressure, maximizing opportunity costs uniformly across 
the study area. Weighted opportunity costs, in contrast, allow for flex
ibility by adjusting the opportunity cost weight according to the in
tensity of development pressure at each pixel, derived from forest-to- 
urban conversion rates. To calculate these rates, we use the difference 
between urban and forest returns in the forest change model, applying 
each year's estimated difference to the model's parameters while holding 
other variables constant to capture pixel-level development pressure. 
This weighted approach calculates each pixel's weight by comparing its 
conversion rate to a maximum threshold rate determined by the distri
bution of forest conversion rates across the region, enabling us to cap
ture spatial differentiation in development pressures that vary with 
proximity to one or more urban areas. The resulting weights range from 
zero (no development pressure) to one (full development pressure), of
fering a detailed consideration of opportunity costs that aligns with 
varying local economic contexts across different locations.

Our results highlight the crucial importance of incorporating both 
explicit and opportunity costs in optimizing cost efficiency. Conse
quently, this plays a significant role in developing strategies for forest 
carbon supply in the face of diverse development threats. We show that 
an increase or decrease in forest carbon supply is significantly affected 
by three cost assumptions: only explicit costs considered, the inclusion 
of full opportunity costs, and the latter adjusted by varying levels of 
development pressure. By integrating these different assumptions, we 
acknowledge that not all regions face the same economic pressures and 
provide a scalable framework to apply opportunity costs proportionate 
to local development risks.

This weighted approach provides a quantitative foundation for 
adjusting the consideration of opportunity costs, ensuring that our 
assessment of forestland carbon supply accurately reflects the potential 
of urban development. By allowing a flexible and targeted application of 
cost measures to specific degrees of development pressure across 
different forestland areas, we enhance our strategies for managing forest 
carbon. As we refine our methodology using weighted opportunity costs, 
we further explore how these adjustments impact a broader strategy for 
forest carbon management. Understanding the interplay between cost 
assumptions and their effects on forest carbon supply dynamics is crucial 
for optimizing management approaches in response to varying devel
opment pressures.

2. Method

The cost assumptions—using explicit costs alone and combining both 
explicit and opportunity costs—are applied separately in single-variable 
optimization to facilitate optimal spatial targeting of pixels. This 
approach helps derive specific forest carbon supply relationships for 
each scenario. In the weighted opportunity costs approach, weights are 
defined to adjust opportunity costs based on the varying levels of 
development pressure across regions, capturing the expected influence 
of urban development on forestland conversion. By scaling opportunity 
costs according to projected forest conversion rates at the pixel level, the 
model reflects the economic pressures driving land-use decisions more 
accurately, enabling more realistic forest carbon supply estimates.

Building on this approach, the three-stage framework begins by 
constructing a land use model based on historical data. This model 
identifies the relationship between returns and forestland use, focusing 
on the differential between forest and urban returns as the primary 
driver of forest land conversion. This differential reflects the opportunity 
cost of maintaining land as forest rather than converting it to urban use.

In the second stage, projected return data is applied to the model's 
parameters to estimate forest conversion rates at the level of individual 

10 km by 10 km pixels. This allows for forecasting areas most likely to be 
converted to urban use and highlights regions under increased devel
opment pressure. The projected forest conversion rate at the pixel level 
is then used to apply weighted adjustments to opportunity costs, 
ensuring that areas with higher development pressure have appropri
ately scaled opportunity costs in the model.

In the final stage, supply curves for forest carbon storage are 
generated under the three cost assumptions. These curves incorporate 
the weighted opportunity costs based on projected forest conversion 
rates, allowing for an accurate estimation of costs at different levels of 
development pressure. By comparing scenarios with and without these 
weighted opportunity costs, we illustrate their impact on the feasibility 
and efficiency of forest carbon supply.

The following subsections provide a detailed overview of each stage 
of the three-stage model, organized as follows: 2.1. Forest land use model, 
2.2. Forest conversion rate, and 2.3. Forest carbon supply.

2.1. Forest land use model

The estimation of forest conversion rates, used to weight opportunity 
costs in deriving carbon supply curves, is conducted through a pixel- 
level forestland use model. This model assumes that each 100 km2 

(10 km by 10 km) pixel, containing both forestland and non-forestland, 
represents a distinct ownership unit. Each pixel is considered to be 
owned by a private landowner who is risk-neutral, aims to maximize 
utility, and acts as a price-taker in the market. The private landowner is 
hypothesized to maximize returns by determining the degree of forest
land conversion, which can range from none to the full extent of the 
existing forestland, converting it into urban area for development pur
poses over a specified timeframe.

To empirically evaluate this hypothesis, we define the ratio of private 
forest area in the final year of each of the three five-year intervals 
examined (namely, 2001–2006, 2006–2011, and 2011–2016, with the 
periods aligned to coincide with the National Land Cover Database 
(NLCD) cycles) to its area in the initial year of each interval as an in
dicator of forest conversion change. This conversion rate is hypothesized 
to be influenced by the net difference between forest return and urban 
return in the first year of the corresponding period.

To operationalize this pixel-level approach, we identify private forest 
areas by consolidating classifications of evergreen, deciduous, and 
mixed forests from the National Land Cover Database (NLCD), which has 
a resolution of 30 m by 30 m (Dewitz, 2023). This consolidation enables 
us to compute the total forestland within each 10 km by 10 km pixel for 
the NLCD periods. Forestland under permanent protection, which is 
ineligible for inclusion in the forest carbon supply relationship, is 
excluded. This exclusion applies to areas protected by both government 
and non-governmental organizations, as identified in the Protected 
Areas Database of the United States (PAD-US) by the U.S. Geological 
Survey (USGS) Gap Analysis Project (GAP) (2022).

A key variable in the land use model is the historical forest return, 
estimated using the Soil Expectation Value (SEV) method. For esti
mating urban return, we use the annualized median assessed land value 
as a proxy, following a methodology similar to Lubowski et al. (2006)
(see Figs. S1 and S2 in the Supplementary Material for the spatial dis
tributions of historical forest and urban return estimates).

In addition to the primary measure, other variables are included to 
control for external factors that may affect forest conversion rates, 
referred to as “other relevant variables.” These controls help isolate the 
impact of the return disparity, emphasizing the contrast between the 
opportunity cost of not converting forestland to urban use—the most 
beneficial alternative use of the land—and the explicit cost of main
taining it as forestland. The relevant variables include geophysical 
characteristics, such as average slope and elevation, estimated using the 
Zonal Statistics tool in ArcGIS 10.1 (ESRI, 2012) and a Digital Elevation 
Model (DEM) provided by the U.S. Geological Survey (USGS) (2013). 
These geophysical factors are included due to their documented 
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influence on the costs of converting forestland (Nelson and Geoghegan, 
2002).

Additionally, the model includes state dummy variables to account 
for regional differences in forestland conversion rates across AL, GA, NC, 
SC, KY, VA, and WV, with TN serving as the reference state. Ecoregion 
dummy variables account for variations in forestland conversion across 
different ecoregions, representing the Central Appalachian Forest and 
Cumberlands/Southern Ridge and Valley ecoregions, with the Southern 
Blue Ridge ecoregion as the reference, based on ecological classification 
by the U.S. Environmental Protection Agency (EPA). Time-period 
dummy variables capture temporal changes in forestland conversion 
for the 2006–2011 and 2011–2016 periods, using 2001–2006 as the 
reference period. Table 1 provides a description of all variables used in 
the model.

2.2. Forest conversion rate

By applying parameters for the difference between urban and forest 
returns from the forest change model, along with projected future 
returns detailed in Table 1, we estimate the anticipated rate of forest 
conversion over a future timeframe extending from 2016 to 2050. This 
period begins with the most recent historical data available and extends 
to 2050, aligning with the global target for achieving carbon neutrality 
as stipulated in the Paris Agreement (UNFCCC, 2024).

To project forestland in 2050, we apply each year's estimated 

difference between forest and urban returns to the corresponding 
parameter in the forest change model, holding all other variables con
stant. We then calculate the forest conversion rate at each pixel by 
subtracting the projected forestland in 2050 from the estimated forest
land in 2016, divided by the estimated forestland in 2016. This pixel- 
level conversion rate represents the likelihood or intensity of forest-to- 
urban conversion over the study period, allowing us to assess develop
ment pressure at each location. This rate is then used as a basis for 
determining the relative weight assigned to opportunity costs in our cost 
estimates, with higher conversion rates corresponding to higher 
weights.

To compute weights for opportunity costs, we used a pair of cost 
scenarios: weighted cost and full cost. In the full cost scenario, oppor
tunity costs are assumed to reflect the maximum potential economic 
return from urban development, and we apply a weight of 1 (or 100 %) 
uniformly across all pixels. This scenario assumes that all forestland 
faces high development pressure, thereby maximizing opportunity costs 
across the entire study area.

In contrast, the weighted cost scenario assigns variable weights 
based on localized development pressures, derived from the previously 
calculated forest conversion rates. Here, each pixel's forest conversion 
rate directly informs the opportunity cost weight by reflecting the in
tensity of development pressure. To establish these weights, we analyze 
the frequency distribution of forest conversion rates to identify a plau
sible maximum conversion rate, which serves as a threshold for signif
icant conversions. A specific percentage of this maximum rate is set as a 
cutoff to exclude outliers and focus on meaningful conversions rather 
than minor fluctuations. For each pixel, the percentage of its forest 
conversion rate relative to this maximum threshold represents the 
weight assigned to opportunity costs. This approach allows us to scale 
opportunity costs in proportion to actual development pressures across 
different locations, assigning higher weights to areas with greater forest- 
to-urban conversion rates and lower weights to areas with minimal 
conversion risk.

These forest conversion estimates are essential for assigning appro
priate weights to opportunity costs when deriving supply curves under 
various cost scenarios in the following stage. Thus, while the full cost 
scenario applies a fixed weight of 1 for all pixels, the weighted cost 
scenario varies opportunity costs across pixels, ensuring that our anal
ysis captures the spatial variability in development pressures and re
flects local economic contexts in opportunity cost estimation.

2.3. Forest carbon supply

The single-objective optimization (Eq. 1) is set up to maximize the 
cost efficiency of forest carbon credits using private forestland area 
eligible for protection (Fi), forest carbon sequestration rate per unit of 
forest area (ci), and cost for protecting forest carbon storage per unit of 
forest are (Ri) at each pixel i along with total target carbon storage to set 
up the optimization as following: 

O = Min
∑n

i=1
RiXi, (1) 

subject to 
∑

CiXi ≤ B 

Ci = ci × Fi,

Xi ∈ [0, 1],

where O is the total target minimum cost for supplying forest carbon 
storage, Ri denotes the projected 2050 costs. The cost data for protecting 
forest carbon storage is applied in three ways: (1) forest returns 
considered as explicit costs only, (2) a combination of forest returns and 

Table 1 
Parameter estimates for all variables used in the forest land use model (n =
7002).

Variable Parameter 
Estimates 
(Std Error)

Constant − 0.017* 
(0.002)

Economic variable
Forest return relative to urban return ($/ha) (× 0.0001) 0.104* 

(0.016)
Geophysical variables

Average elevation (meter) (× 0.0001) − 0.066* 
(0.024)

Average slope (degree) (× 0.001) 0.156 
(0.115)

Cumberlands and Southern Ridge and Valley ecoregion 
(binary)

− 0.002* 
(0.001)

Central Appalachian Forest ecoregion (binary) − 0.001 
(0.001)

Alabama (binary) 0.003 
(0.002)

Georgia (binary) − 0.003 
(0.002)

North Carolina (binary) 0.002 
(0.001)

South Carolina (binary) 0.002 
(0.004)

Kentucky (binary) − 0.002* 
(0.001)

Virginia (binary) − 0.001 
(0.001)

West Virginia (binary) − 0.004* 
(0.001)

Time variables
2006–2011 period (binary) 0.024*

(0.001)
2011–2016 period (binary) 0.032*

(0.001)
F-test statistic 56.260*
Adjusted R-square 0.107

Note: * denotes significance at the 5 % level or better. Dependent variable is the 
natural log of change in forest share (Ratio of forested area in the last year to 
forested area in the first year of the period (i.e., 2001–2006, 2006–2011 and 
2011–2016).
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urban returns, and (3) a combination of forest returns and weighted 
urban returns. The weighting in the third approach is based on the forest 
conversion percentage relative to the maximum rate, as discussed in the 
previous subsection. These costs are annualized with a 5 % discount rate 
for pixel i across n pixels. Xi is the decision variable for pixel i, Ci rep
resents the pixel-specific total forest carbon storage, calculated by 
multiplying ci by Fi, and B is the total target forest carbon storage supply, 
which varies in increments of 5 %, ranging from 5 % to 100 % of the total 
forest carbon storage in eligible private forestland within the study area 
in 2016. The decision variable Xi is a continuous number between 0 and 
1, where 0 signifies no investment in the pixel and 1 indicates invest
ment needed to protect all eligible private forestland in the pixel. This 
optimization procedure identifies total target minimum costs (O) at 
different total target storage (B) thresholds.

The USDA Forest Inventory and Analysis (FIA) forest carbon dataset, 
analyzed by Wilson et al. (2013), provides the data on the forest carbon 
sequestration rate per unit of forest area (ci), used to calculate the pixel- 
specific total forest carbon storage (Ci) (Refer to Fig. S3 in the Supple
mentary Material for total carbon storage per hectare). This dataset 
quantifies the carbon stock in tonnes per hectare, with a resolution of 
250 m, and focuses on carbon equivalents rather than carbon dioxide 
equivalents, in line with the EPA's 2005 conversion standard where one 
carbon equivalent is deemed to be 3.67 units of carbon dioxide equiv
alent. This approach enables a targeted analysis of carbon metrics. Our 
comprehensive evaluation of forest carbon, based on data from the na
tional forest inventory, covers carbon present in live trees both above 
and below the ground, the remains of fallen trees, the surface of the 
forest floor, the soil's organic carbon, standing but dead trees, and the 
undergrowth, including both its terrestrial and subterranean elements. 
In mapping the total carbon stocks at a pixel level throughout the 
contiguous U.S., the USDA-FIA method applies a nearest neighbor 
imputation technique, as described by Wilson et al. (2013), effectively 
addressing gaps in the data by using values from the nearest available 
data points in the dataset.

This optimization is methodically conducted 20 times at varying 
total target storage (B) thresholds for each cost assumption. In each 
iteration, the overall target for carbon storage is adjusted, serving as a 
pivotal constraint. Within this focused optimization framework, the 
objective is to minimize the total costs associated with attaining pre
determined forest carbon storage levels. Consequently, we identify the 
most efficient allocations for pixels, treating each as an individual de
cision unit, and ascertain their specific contributions to forest carbon 
supply by systematically increasing the total carbon storage goal. Using 
the optimal solutions, we map out the spatial distribution of pixels 
designated for forest carbon supply under different budget scenarios for 
each of the three ROI metric versions. We then plot the annual aggregate 
forest carbon storage from optimally selected pixels on the x-axis against 
the annual cost per tonne of forest carbon storage on the y-axis for every 
budget scenario and under each of the three cost assumptions. By linking 
these data points across different budget scenarios, we construct a 
detailed supply curve for forest carbon storage corresponding to each of 
the three cost scenarios.

3. Empirical results

3.1. Forest conversion rate

Table 1's pixel-level forest change model parameter estimates show a 
moderate fit with an adjusted R2 value of 0.107, indicating the model 
explains approximately 10.7 % of the variance in forest area change over 
time. The model's validity is highlighted by a significant F-statistic 
(56.260). Notably, the coefficient for this parameter indicates that an 
annual increase of $1 per hectare in forest returns relative to urban 
returns contributes to an average increase of 0.00104 % in forestland 
share over a 5-year period, based on data from 2001 to 2016. This 
equates to an annual increase in forestland share of approximately 

0.00021 %. This finding is significant in that it suggests increasing forest 
return relative to urban return could serve as an incentive to support 
forest carbon storage.

By integrating projected forest returns relative to urban returns in 
2050 into the parameters of the forest change model, we estimate the 
forest coverage for each pixel in that year, while holding all other var
iables constant. We subsequently compare these projections with the 
forest coverage of each pixel in 2016, allowing us to assess the per
centage of change (either loss or gain) of each pixel in forest coverage 
based on projected returns 35 years into the future. The analysis of the 
frequency distribution for the forest conversion change over this period 
reveals that a significant portion of pixels—approximately 72.4 %—are 
expected to experience a reduction in forest share within a range of 
0.01–95.8 % (see Panel A in Fig. 1).

To evaluate the impact of urban development on forests through 
incorporating opportunity costs weights, we set a 25 % conversion rate 
as the ceiling for projected decrease over the analysis period. This 
threshold is informed by the distribution of forest change estimates, 
ensuring that our model remains within plausible bounds (see Panel A in 
Fig. 1). We retain this 25 % ceiling because a limited number of pixels 
(13 out of 2334) exceed this rate, suggesting that such high conversion 
rates represent exceptional cases rather than typical forest conversion 
dynamics. By treating these higher conversion rates as outliers, we set a 
realistic model boundary that avoids skewing results and maintains the 
integrity of our analysis.

The frequency distribution of percentage of forest conversion rela
tive to this threshold (referred to as “weight on opportunity cost”) is 
shown in Panel B of Fig. 1. The figure indicates that 27.6 % of pixels are 
assigned a 0 % weight on opportunity cost. Low weights on opportunity 
cost are prevalent, appearing in a majority of pixels (for example, 54.7 % 
of pixels) with a positive weight less than 0.20. In contrast, a smaller 
subset of pixels (for example, 17.8 % of pixels) have a weight of 0.20 or 

Fig. 1. Frequency distribution of forest conversion changes from 2016 to 2050 
based on pixel-level land use model (Panel A) and frequency distribution of the 
proportion of forest conversion relative to a defined threshold (referred to as 
“weight on opportunity cost”) (Panel B).
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higher, indicating higher opportunity costs associated with forest con
version in these areas.

Panels A and B in Fig. 2 depict the spatial distribution of the forest 
conversion rate and the corresponding weights on opportunity cost 
derived from it. Panel A in Fig. 2 shows that while most of the pixels 
(67.1 %) are expected to experience some degree of forest cover loss 
based on projected urban and forest returns, the intensity of this loss 
varies. The figure highlights that a higher ratio of pixels in the study area 
covering Tennessee, Alabama, Georgia, and Kentucky are expected to 
experience more significant forest loss compared to other states depic
ted. In Tennessee and Alabama, a notable concentration of forest loss of 

5 % or more is evident, particularly in the regions around Knoxville and 
Chattanooga, TN, and Birmingham, AL. This loss is concentrated in 
major cities with populations over 100,000 along the interstate high
ways in the southern part of the map. These patterns may be influenced 
by urban expansion in metropolitan area and development of second 
homes in the mountainous regions. Panel B of Fig. 2 illustrates the 
spatial distribution of weights on opportunity cost, aligning with the 
spatial distribution of forest conversion rates shown in Panel A of Fig. 2. 
Higher weights are assigned to those pixels in Panel B of Fig. 2 that 
exhibit high conversion rates as depicted in Panel A of Fig. 2.

Fig. 3 depicts the annual carbon cost per unit of forest carbon supply 

Fig. 2. Spatial distribution of the forest conversion rate from 2016 to 2050 based on a pixel level land use model (Panel A) and the corresponding spatial distribution 
of opportunity cost weight (Panel B).
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($/tonne/year) under three distinct cost assumptions: explicit costs 
only, explicit plus weighted opportunity costs, and explicit plus full 
opportunity costs, as presented in Panels A, B, and C respectively. In 
Panel A, most regions in Virginia and some areas in Tennessee have costs 
exceeding $2/t/year due to high soil expectation values reflecting strong 
timber market performance. Panel B, which includes weighted oppor
tunity costs, shows an increase in high-cost pixels (exceeding $3/t/year) 
in regions with significant forest cover loss, particularly in Tennessee, 
Alabama, Georgia, and Kentucky, as shown in Panel A in Fig. 2. These 
higher weights for opportunity costs recognize the potential economic 
losses from foregone urban development (around major cities) in favor 
of forest carbon sequestration. Panel C, which combines explicit and full 
opportunity costs, reveals that a significant portion of the study area 
(over 66.7 % of eligible areas) incurs costs exceeding $3/t/year.

3.2. Forest carbon supply

Fig. 4 presents supply curves for forest carbon storage based on 
different cost assumptions, illustrating the impact of integrating op
portunity costs. Across all storage levels, the addition of weighted op
portunity costs results in only a marginal cost increase compared to the 
explicit costs only case. However, the inclusion of full opportunity costs 
causes a much more significant rise, widening the cost gap considerably 
as the carbon storage levels increase. For example, at a total carbon 

storage level of 450 million tonnes, the annual explicit cost per tonne 
stored is $0.72. When weighted opportunity costs are included, this 
annual cost increases to $1.04 per tonne, representing a moderate in
crease of 44.6 %. This comparison highlights how the per-tonne annu
alized costs shift under different cost assumptions, even when evaluating 
the same total storage level. In contrast, at a total carbon storage level of 
450 million tonnes, incorporating full opportunity costs elevates the 
annual cost per tonne stored to $3.30, representing a substantial in
crease of 217.18 %. This comparison illustrates that while adding 
weighted opportunity costs slightly increases the annualized cost per 
tonne from the baseline of explicit costs, this increase remains more 
manageable compared to the significant rise observed when full op
portunity costs are included.

In Fig. 5, Row A, which considers explicit costs only, the increase 
from 25 % to 75 % of total carbon storage reveals initial concentrated 
pockets in Tennessee's eastern regions, northern Alabama, northern 
Georgia, eastern Kentucky, and the western areas of both North and 
South Carolina, along with a moderate concentration in central West 
Virginia as optimal forest carbon storage targets. As carbon targets in
crease, there is an evident expansion: eastern Tennessee's central and 
western areas become more involved, Alabama's storage spreads 
southward, northern Georgia's coverage extends to its central and 
southern regions, and eastern Kentucky sees westward expansion. Both 
western portions of the Carolinas begin to include more of their eastern 

Fig. 3. Annual carbon storage costs ($/ha) under various cost assumptions: explicit costs only (Panel A), explicit plus weighted opportunity costs (Panel B), and 
explicit plus full opportunity costs (Panel C).
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Fig. 4. Supply curves for forest carbon storage based on three cost assumptions (“Explicit” refers to explicit costs only, “Weighted” includes explicit plus weighted 
opportunity costs, and “Full” encompasses explicit plus full opportunity costs).

Fig. 5. Spatial distribution of optimal carbon storage (million tonnes) at different thresholds of total carbon storage (25 %, 50 %, 75 %) by different cost assumptions 
(A: explicit costs only; B: explicit plus weighted opportunity costs; C: explicit plus full opportunity costs).
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territories. West Virginia's contribution stretches from its center to the 
northern and southern regions.

In Fig. 5, Row B, considering explicit plus weighted opportunity 
costs, the spatial distribution of carbon storage differs from Row A's 
explicit costs alone, altering the priority areas slightly. Regions in 
eastern Tennessee, northern Alabama, northern Georgia, and eastern 
Kentucky that were optimal at lower costs may show a reduced 
emphasis, while other regions may emerge as more cost-effective due to 
the inclusion of potential land-use returns. West Virginia shows a central 
concentration shift, and the Carolinas' western regions maintain their 
significance but may exhibit changed intensity.

In Fig. 5, Row C reveals a selective spatial distribution of carbon 
storage under the explicit plus full opportunity costs scenario. The re
gions identified for carbon storage are a bit more limited, reflecting a 
more restrictive economic viability when full opportunity costs are 
included. Unlike the extensive spatial expansion observed in the lower- 
cost scenarios of Rows A and B, the increase from 25 % to 75 % of total 
carbon storage in Row C does not show a comparable expansion, indi
cating that many regions viable under explicit or weighted opportunity 
costs become economically unfeasible when full costs are accounted for.

Table 2 summarizes the varied impact of different cost assumptions 
on total costs, carbon storage, and forest area across states for optimal 
forest carbon storage supply at three carbon storage thresholds. It also 
highlights the percentage changes from explicit to weighted and full 
opportunity costs, effectively providing a state-level summary of Fig. 5. 
States such as Alabama and Georgia see significant changes in costs and 
storage under full cost accounting at the 25 % threshold, with Alabama 
experiencing a 28 % reduction in costs under weighted costs and a 57 % 

reduction under full costs, accompanied by a 45 % and 91 % drop in 
carbon storage, respectively. Similarly, Georgia sees costs increase by 
40 % under weighted costs and 90 % under full costs, while carbon 
storage decreases by 14 % and 71 %, respectively, hinting at the varying 
viability of forest carbon storage with full opportunity costs. Kentucky's 
significant costs increase without a corresponding rise in storage sug
gests a higher economic impact for carbon sequestration. North Carolina 
shows an upturn in costs and storage, possibly indicating more expen
sive sequestration methods. South Carolina's minimal carbon storage at 
full costs points to the potential economic infeasibility of carbon 
sequestration in the extreme western portion of the state, while Ten
nessee and Virginia's case reflect a decrease in economic efficiency for 
carbon storage investments. West Virginia's sharp cost rise at full op
portunity costs raises concerns over the economic sustainability of forest 
carbon storage.

Shifting from the 25 % to the 50 % total carbon storage threshold, 
Table 2 indicates significant changes in cost dynamics across the states. 
Alabama and Georgia face increased total costs with reduced carbon 
storage efficiency, suggesting escalating costs for additional storage. 
Kentucky and North Carolina show a capability to meet higher storage 
demands, albeit with substantial cost increases, reflecting potential for 
greater carbon sequestration but at a steeper price. South Carolina ex
hibits a slight rise in costs despite low storage increments, hinting at 
limited sequestration potential. Tennessee and Virginia encounter rising 
costs with moderate storage gains, suggesting a complex cost-storage 
relationship. West Virginia stands out with marked increases in both 
costs and storage, indicating a readiness for larger sequestration efforts, 
though with significant financial implications.

Table 2 
Summary of the impact of different cost assumptions on total costs, carbon storage, and forest area across states for optimal forest carbon storage supply at three carbon 
storage thresholds (Explicit, Weighted, Full), providing a state-level summary of Fig. 5.

State Total Costs Total Carbon Storage Total Forest Area

Exp 
($m)

Weighted 
($m, Δ%)

Full 
($m, Δ%)

Exp 
(m ton)

Weighted 
(m ton, Δ%)

Full 
(m ton, Δ%)

Exp 
(m ha)

Weighted 
(m ha, Δ%)

Full 
(m ha, Δ%)

25 % of Total Carbon Storage Threshold
AL 8.29 5.98 − 28 3.53 − 57 18.28 10.11 − 45 1.63 − 91 0.16 0.09 − 44 0.02 − 88
GA 3.54 4.95 +40 6.72 +90 7.94 8.32 +5 2.93 − 63 0.07 0.06 − 14 0.02 − 71
KY 24.07 28.53 +19 127.52 +430 68.11 58.22 − 15 65.32 − 4 0.59 0.50 − 15 0.56 − 5
NC 5.53 11.17 +102 28.03 +407 18.72 22.76 +22 14.92 − 20 0.14 0.16 +14 0.10 − 29
SC 0.46 0.35 − 24 0.00 − 100 0.92 0.63 − 32 0.00 − 100 0.01 0.01 +0 0.00 − 100
TN 3.51 5.96 +70 18.71 +433 17.10 15.06 − 12 9.94 − 42 0.16 0.14 − 13 0.08 − 50
VA 2.71 5.94 +119 13.32 +392 18.19 17.42 − 4 6.55 − 64 0.15 0.14 − 7 0.05 − 67
WV 19.05 37.25 +96 200.40 +952 56.30 73.11 +30 104.33 +85 0.39 0.50 +28 0.72 +85
Sum 67.16 100.13 +49 398.23 +453 205.56 205.56 +0 205.56 +0 1.67 1.60 − 4 1.55 − 7

50 % of Total Carbon Storage Threshold
AL 41.44 22.20 − 46 43.27 +4 72.17 29.11 − 60 16.22 − 78 0.75 0.29 − 61 0.14 − 81
GA 17.54 16.13 − 8 48.34 +176 30.89 21.75 − 30 17.51 − 43 0.28 0.18 − 36 0.13 − 54
KY 44.78 60.53 +35 224.66 +402 103.11 96.48 − 6 101.37 − 2 0.90 0.84 − 7 0.88 − 2
NC 17.13 38.10 +122 185.33 +982 37.59 54.33 +45 70.60 +88 0.27 0.39 +44 0.51 +89
SC 0.61 0.41 − 33 2.70 +343 1.21 0.72 − 40 0.89 − 26 0.01 0.01 +0 0.01 +0
TN 7.24 17.75 +145 85.23 +1077 22.83 28.63 +25 32.42 +42 0.21 0.25 +19 0.27 +29
VA 3.46 10.46 +202 61.17 +1668 19.37 22.63 +17 23.08 +19 0.16 0.18 +13 0.18 +13
WV 59.96 107.26 +79 322.23 +437 124.03 157.53 +27 149.10 +20 0.87 1.12 +29 1.06 +22
Sum 192.16 272.84 +42 972.93 +406 411.11 411.11 +0 411.11 +0 3.45 3.27 − 5 3.19 − 8

75 % of Total Carbon Storage Threshold
AL 60.12 67.38 +12 156.11 +160 96.34 62.98 − 35 44.56 − 54 1.07 0.67 − 37 0.46 − 57
GA 25.95 30.77 +19 98.77 +281 41.50 33.64 − 19 30.57 − 26 0.40 0.30 − 25 0.26 − 35
KY 54.07 80.95 +50 267.96 +396 114.48 113.33 − 1 113.00 − 1 1.02 1.00 − 2 1.00 − 2
NC 66.82 93.62 +40 260.56 +290 93.95 98.86 +5 90.39 − 4 0.69 0.73 +6 0.67 − 3
SC 0.61 0.92 +51 3.68 +503 1.21 1.21 +0 1.18 − 2 0.01 0.01 +0 0.01 +0
TN 51.42 103.45 +101 329.40 +541 68.22 88.61 +30 97.40 +43 0.61 0.79 +30 0.86 +41
VA 11.70 46.48 +297 263.11 +2149 29.41 46.81 +59 71.61 +143 0.24 0.37 +54 0.56 +133
WV 97.59 122.47 +25 393.80 +304 171.65 171.31 +0 168.09 − 2 1.24 1.24 +0 1.21 − 2
Sum 368.28 546.04 +48 1773.39 +382 616.67 616.67 +0 616.67 +0 5.28 5.12 − 3 5.04 − 5

Note: “Exp” refers to explicit costs only, “Weighted” includes explicit plus weighted opportunity costs, and “Full” encompasses explicit plus full opportunity costs; $m 
refers to million dollars, m ton refers to million tonnes, m ha refers to million hectares; Δ% refers to % change compared to explicit only assumption.
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Transitioning from the 50 % to the 75 % total carbon storage 
threshold demonstrates a further evolution in the economic landscape of 
forest carbon sequestration across the states, as shown in Table 2. Ala
bama shows a substantial rise in costs, yet it also reveals a considerable 
increase in carbon storage, indicating a greater but more costly capacity 
for sequestration. Georgia, with increased costs and carbon storage, 
suggests that it can still scale up sequestration efforts, although this 
comes at a higher expense. Kentucky maintains a consistent carbon 
storage level despite rising costs, revealing a potential plateau in 
sequestration efficiency. North Carolina's costs surge dramatically at this 
higher threshold, which, alongside a significant boost in carbon storage, 
points to a possible intensification of sequestration activities. South 
Carolina, with minimal changes across the board, implies a steady yet 
limited sequestration capacity. Tennessee and Virginia both face pro
nounced cost increments with corresponding increases in carbon stor
age, whereas West Virginia's figures imply a readiness to significantly 
expand sequestration despite escalating costs.

One key observation is that the total forest area (across all states 
combined) decreases when shifting from explicit to weighted and full 
accounting, with a 4 % reduction under weighted costs and a 7 % 
reduction under full costs at the 25 % carbon storage threshold. Simi
larly, at the 50 % threshold, total forest area declines by 5 % under 
weighted costs and 8 % under full costs, while at the 75 % threshold, the 
decreases are 3 % and 5 %, respectively. These shifts reflect the inclusion 
of full opportunity costs adjusted for varying levels of development 
pressure. This reduction, particularly notable in the 75 % threshold case 
with a 0.24 million-acre difference, occurs because the full accounting 
model incorporates the full impact of urban development pressure in the 
forest conversion model, significantly shrinking the forest area. The 
implication of this reduction is crucial: as full opportunity costs narrow 
the feasible areas for forest carbon storage, regions with high develop
ment pressure may be effectively excluded from carbon sequestration 
strategies. This shift indicates that while a larger forest area appears 
economically viable under explicit cost assumptions, factoring in op
portunity costs reveals that only specific regions remain feasible for 
sustainable sequestration efforts. This underscores the need for targeted 
policy interventions in regions with lower development pressures to 
maximize the efficiency and sustainability of forest carbon storage.

Further highlighting the influence of cost assumptions, we see a 
substantial increase in total costs for the same level of forest carbon 
storage when shifting from explicit to weighted opportunity costs. Costs 
rise by 42–49 % and then escalate dramatically to full opportunity costs 
by 225–298 % across the 25 %, 50 %, and 75 % carbon storage 
thresholds. This cost escalation reinforces the growing economic de
mands as opportunity costs and development pressures are incorpo
rated, emphasizing the financial implications of these constraints.

The combined analysis presented in Fig. 5 and Table 2 underscores 
the significant impact of incorporating different cost assumptions on the 
spatial distribution and economic viability of forest carbon storage 
across various states, the inclusion of weighted and full opportunity 
costs increasingly restricts these areas, highlighting the economic trade- 
offs involved. States such as Alabama and Georgia show reduced 
viability under full cost accounting, while Kentucky and North Carolina 
face higher costs without proportional increases in storage. The findings 
suggest that regions initially identified as cost-effective may become 
economically unfeasible when comprehensive land-use returns are 
considered, raising critical considerations for policymakers regarding 
the balance between carbon sequestration goals with economic 
sustainability.

4. Discussion

We demonstrate how incorporating both explicit and opportunity 
costs influences the evolution of spatial targets and supply dynamics for 
forest carbon, aligning with our study's aim to examine these shifts 
under varying degrees of development pressure. In line with the Paris 

Climate Agreement, our study supports the broader goal of emission 
reductions by addressing the economic dimensions of forest carbon 
storage in the Central and Southern Appalachian region. The integration 
of opportunity costs in conservation assessments, as shown in our study, 
allows for more realistic policy design that aligns economic incentives 
with emissions reduction goals, thereby enhancing contributions to the 
U.S. Nationally Determined Contributions (U.S. Nationally Determined 
Contribution (NDC), 2021) framework. By tailoring opportunity costs to 
the unique economic contexts of this area, our analysis provides 
actionable guidance for carbon storage policies that contribute to 
achieving the NDCs and reinforce global climate action objectives. The 
Paris Agreement calls for net-zero carbon emissions globally by 2050, 
and our findings suggest that forest conservation in this region could be 
instrumental in meeting this target. Forests in the Central and Southern 
Appalachian region serve as significant carbon sinks, and their preser
vation and management can directly support both national and global 
climate objectives.

The role of cost assumptions is crucial in shaping the outcomes of 
forest carbon management strategies. By altering the weight assigned to 
opportunity costs, our model captures the differing economic landscapes 
across regions, highlighting the importance of local development pres
sures in forest conservation decisions. Explicit costs alone provide a 
limited view, while incorporating opportunity costs—especially in re
gions with high development pressure—yields a truer reflection of the 
trade-offs faced by landowners. This layered approach illustrates how 
different cost assumptions directly influence the spatial distribution and 
extent of forest conservation efforts.

Such distinctions in cost assumptions carry significant implications 
for policy and land management strategies. For instance, under the 
explicit costs scenario (Panel A in Fig. 3), regions with robust timber 
markets, such as Virginia and parts of Tennessee, may require targeted 
financial incentives to support forest carbon projects. Previous studies 
have also highlighted how differences in timber market performance 
influence conservation policy design, underscoring the need for context- 
specific strategies (Galik and Jackson, 2009; Prestemon and Wear, 
2000).

Meanwhile, applying weighted opportunity costs (Panel B) high
lights the need to address urban development pressures in areas with 
notable forest cover loss, including Tennessee, Alabama, Georgia, and 
Kentucky, where policy must carefully balance development and carbon 
conservation. Finally, the full opportunity costs scenario (Panel C) 
suggests that a one-size-fits-all approach may be unworkable due to 
widespread high costs, making flexible, region-specific policies essential 
to address the distinct economic contexts and opportunity costs in each 
area.

These results emphasize the powerful role of cost assumptions in 
shaping conservation strategies, as different cost structures yield 
markedly different outcomes. Moreover, the findings align with broader 
themes in forest economics literature, which call for integrating spatial 
and economic variability in ecosystem service assessments to ensure 
effective conservation outcomes (Lubowski et al., 2006; Nelson et al., 
2009). By factoring in opportunity costs, especially in high-development 
areas, we capture a more realistic economic landscape that accounts for 
the complex trade-offs landowners face. This insight is particularly 
relevant in regions where urbanization inflates land values, directly 
influencing forest carbon supply dynamics. Thus, our study suggests that 
incorporating opportunity costs into conservation planning not only 
refines local actions but also aligns them with broader goals, contrib
uting to cumulative progress toward global carbon neutrality. Targeted 
conservation in high-pressure regions can offset emissions from other 
areas, supporting both regional and national goals under the Paris 
Agreement.

However, while this focus on opportunity costs provides valuable 
insights, our model does not include transaction costs, such as moni
toring, enforcement, and administrative expenses, due to data limita
tions. Specifically, our return data is only available at the county level, 
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which lacks the precision needed to capture transaction cost variability 
across pixels. Such costs can vary considerably based on factors like land 
accessibility, local development pressures, and regulatory requir
ements—factors that differ widely across smaller spatial scales. 
Including transaction costs would require detailed, site-specific data to 
avoid inconsistencies. Estimating these costs based on county averages 
would likely reduce the precision of our model's cost estimates and 
introduce inaccuracies, ultimately affecting the reliability of our forest 
carbon supply projections.

Even without factoring in transaction costs, our model offers 
actionable insights for tailoring conservation strategies by adjusting 
opportunity costs to reflect local economic pressures. In regions across 
Tennessee, Alabama, Georgia, and Kentucky, where urban development 
pressure is high, assigning a higher weight to opportunity costs allows 
for a more realistic evaluation of the economic trade-offs between forest 
conservation and alternative land uses, such as urban development. By 
incorporating higher opportunity costs in these high-demand areas, the 
model reflects the actual financial pressures landowners face when 
choosing between conservation and development. This approach helps 
policymakers and land managers assess conservation's economic 
viability in places where forest preservation competes directly with 
profitable development options, making it possible to target financial 
incentives more effectively in areas where they are most needed.

Conversely, in regions with lower development pressure, applying a 
reduced or zero weight to opportunity costs can render conservation a 
naturally more competitive economic choice, potentially reducing the 
need for additional financial support. This regionally targeted strategy 
aligns forest carbon supply goals with local economic realities, pro
moting a cost-effective, region-specific approach to conservation that is 
adaptable to the varying pressures across the landscape.

To further refine this targeted approach, our weighted opportunity 
cost framework addresses the limitations of relying solely on explicit 
costs. By enabling dynamic adjustments of opportunity cost weights 
based on regional development pressures, this framework provides 
flexibility and adaptability to changing local conditions. This flexibility 
allows for more informed, region-specific conservation decisions that 
consider both environmental and economic priorities, offering a 
comprehensive view of trade-offs in land use changes and supporting 
sustainable, adaptive conservation practices.

The effectiveness of incorporating weighted opportunity costs is 
evident in the moderate cost increase observed—less than 50 %, 
compared to over 200 % with full opportunity costs. This manageable 
increase reflects the framework's balance between accurate economic 
representation and cost feasibility. By examining how different oppor
tunity cost weights influence forest carbon supply, our analysis high
lights the critical role of cost assumptions in achieving a practical 
balance between conservation goals and economic constraints. This 
balanced approach is likely to attract support from policymakers and 
stakeholders who seek both environmental benefits and economic 
viability.

In addition, this balanced approach also helps attract support from 
policymakers and stakeholders who consider both conservation benefits 
and economic impacts, including the trade-offs with economic devel
opment. By recognizing the economic pressures that landowners face 
from alternative land uses, such as urban expansion or agricultural 
development, this framework provides a realistic assessment of the costs 
associated with forest carbon management. It enables a strategy that 
aligns conservation goals with economic realities, offering a feasible 
path forward that respects both sustainability objectives and develop
ment needs.

Furthermore, the gradual integration of weighted opportunity costs 
can act as a stepping stone toward eventually incorporating full op
portunity costs. Beginning with a moderate adjustment helps stake
holders adapt to potential financial impacts, easing the transition into 
more comprehensive cost structures. This incremental approach allows 
conservation planning to evolve with economic changes, ensuring that 

forest carbon strategies remain both ecologically and economically 
sustainable over time.

An example of where this approach could prove beneficial is in 
programs like the CRP. By incorporating weighted opportunity costs, 
these programs could become significantly more appealing to land
owners, especially those with high-value land who may hesitate to 
forego profitable agricultural or development uses. Traditional CRP 
compensations often overlook the economic sacrifices tied to opportu
nity costs, but a weighted approach could better account for these, 
creating a more balanced incentive structure that aligns conservation 
goals with landowner interests.

In refining our analysis, another methodological consideration is the 
approach to measuring forest area changes over time. While one might 
consider using averages of forest area across each period as an alterna
tive approach, this method also presents limitations that could obscure 
valuable insights. Averages tend to smooth out variations at the begin
ning and end of each period, potentially masking critical shifts in forest- 
to-urban conversion, which often respond sharply to economic condi
tions or policy changes within each interval. In contrast, using the final- 
to-initial year ratio aligns directly with the NLCD data structure, which 
provides forest cover data only for the first and last years of each period. 
This alignment avoids assuming a uniform rate of change across each 
interval and captures a more accurate picture of cumulative develop
ment pressures over time. By relying on final-to-initial ratios, we retain 
distinct changes that occur at key points within each period, allowing for 
clearer insights into forest resilience or susceptibility to con
version—insights that averaging would likely dilute. This approach also 
better reflects our hypothesis, emphasizing the cumulative impacts of 
economic drivers, such as forest and urban returns, on land-use decisions 
over time.

Another important consideration in our modeling framework is pixel 
size, which directly influences the resolution and accuracy of spatial 
data. While the 10 km by 10 km pixel size provides a realistic view of 
forestland at the regional level, a finer spatial scale could potentially 
improve precision in assessing localized development pressures and 
conservation opportunities. However, this resolution choice is con
strained by the availability of forest and urban return data—a key 
explanatory variable in our forest land use model—which is only 
accessible at the county level. Using county-level return data at a finer 
resolution presents challenges, as return values are uniform across each 
county. Consequently, each smaller pixel within a county would carry 
the same return values, resulting in limited statistical significance and 
redundancy, as smaller-scale observations with identical values fail to 
provide meaningful differentiation. These alignment limitations be
tween land use and economic return data are common in economic land 
use models (Castro et al., 2018).

The choice of a 10 km by 10 km pixel size offers several advantages 
within the given constraints. This scale enhances computational feasi
bility, allowing efficient processing of large datasets, while also aligning 
with a practical level for capturing regional land-use dynamics. It avoids 
excessive noise that can arise from insufficiently varied data at finer 
resolutions. At smaller scales, such as 1 km by 1 km, the model tends to 
generate an artificially high number of observations that fail to accu
rately reflect actual changes in development pressure, thereby reducing 
both the model's goodness of fit and predictive accuracy. By contrast, the 
10 km by 10 km scale strikes a balance between spatial precision and 
data coherence, enabling a robust and reliable forecast of forest con
version under urban development pressure. Supplementary results using 
a spatially finer (1 km by 1 km) are presented in Table S1 for compar
ison. As anticipated, the adjusted R-squared, which measures the 
model's goodness of fit, dropped significantly—from 10.7 % to 1.3 %— 
representing an 87 % decline.

Another key consideration is the forest land use model's assumption 
that each pixel functions as an independent ownership unit. In reality, 
forestland ownership may span multiple pixels, and a landowner with 
holdings across several adjacent or non-adjacent pixels might approach 
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land conversion decisions differently. Rather than viewing each pixel in 
isolation, they might consider the combined returns and development 
pressures across their entire property. This broader ownership structure 
would allow landowners to substitute or balance conversion activities, 
potentially converting only a portion of their holdings or prioritizing 
conversion in areas with higher urban returns. Thus, while the model 
assumes independent decision-making at the pixel level, it does not 
capture the potential for strategic allocation of land use changes across a 
larger ownership area. Such ownership patterns could result in a more 
complex decision process, reflecting joint optimization of returns across 
multiple pixels.

To address this, future work could enhance the model by incorpo
rating parcel-level land use decisions, which would allow for a more 
realistic representation of forestland ownership dynamics. By consid
ering parcels as the decision-making unit rather than individual pixels, 
the model could capture interactions across pixels under shared 
ownership, enabling landowners to strategically manage conversion 
activities across their holdings. Such an approach would allow for joint 
optimization of returns, where landowners could weigh development 
pressures and environmental conditions across multiple pixels to 
maximize overall property returns. This enhancement would provide a 
more detailed understanding of how ownership structure influences 
land conversion decisions, particularly in areas facing varied urban 
pressures or environmental constraints. Integrating this parcel-level 
perspective could lead to more accurate predictions of land use 
change patterns and support more effective policy design for sustainable 
land management.

In addition to these proposed enhancements, our study acknowl
edges certain limitations tied to existing modeling assumptions. For 
example, we assume static economic conditions, which could be refined 
by introducing dynamic variables that reflect market price fluctuations, 
regional economic growth rates, and shifting land-use demands. The 
model also currently uses consistent rotation lengths across all regions 
without accounting for local variations in forestry practices; customizing 
rotation lengths based on regional forestry management data would 
improve accuracy by aligning with local practices. Moreover, the 
assumption of consistent ecosystem service values over time does not 
fully capture the variability in ecological and economic interactions. 
Future models could apply temporal adjustments to ecosystem service 
values or introduce scenario-based forecasting to better account for 
potential shifts under different climate and policy conditions. These 
modifications would enhance the model's ability to reflect the dynamic 
nature of economic and ecological interactions, offering a closer 
approximation to real-world complexities.

Given these considerations, our study underscores the potential of 
integrating weighted opportunity costs in forest carbon management to 
support a balanced, region-specific conservation approach. Yet, limita
tions related to pixel size, static assumptions, and potential economic 
fluctuations emphasize the need for ongoing refinement. Future 
research can address these limitations by incorporating dynamic eco
nomic models and finer spatial data, thereby enhancing the model's 
accuracy and practical application. Such advancements would ulti
mately promote sustainable and economically justified land use prac
tices across diverse landscapes.

5. Conclusion

Our study highlights the importance of creating tailored incentives 
for forest-based carbon offset and credit markets that align with the 
diverse economic conditions found across the Central and Southern 
Appalachian region. By integrating both explicit and opportunity costs, 
policymakers can develop flexible, region-specific programs that effec
tively encourage forest conservation in areas facing varying levels of 
development pressure, thereby maximizing the impact of conservation 
investments.

In regions with high development pressure, such as areas near 

expanding urban centers, carbon offset incentives can be designed to 
reflect higher opportunity costs. This approach captures the substantial 
economic trade-offs that landowners face when opting for conservation 
over more profitable options like urban development or agriculture. By 
incorporating these opportunity costs, policymakers can make forest- 
based offsets financially competitive with alternative land uses, posi
tioning conservation as a viable option in areas where land values and 
development pressures are elevated.

Conversely, in regions with lower development pressures where land 
values are stable, forest-based offset incentives can focus primarily on 
explicit conservation costs, rather than high opportunity costs. This 
distinction allows conservation programs to efficiently allocate re
sources by promoting forest conservation in lower-growth areas at a 
reduced cost, reserving higher payments for regions where landowners 
would forgo substantial financial returns by choosing conservation over 
development.

A flexible, weighted approach to opportunity costs within forest- 
based carbon offset markets offers a balanced and scalable incentive 
structure that reflects the diverse economic landscapes across Central 
and Southern Appalachia. In high-development regions, offset payments 
can be adjusted upward to provide returns that sufficiently compensate 
landowners for potential income from development activities. In less 
economically pressured areas, incentives can be tailored to emphasize 
direct conservation costs, thus supporting sustainable forestry without 
unnecessary resource allocation.

By adapting forest-based offset incentives to local economic condi
tions, these markets can achieve greater conservation impact across 
Central and Southern Appalachia, ensuring that forest carbon storage 
remains an attractive option for landowners regardless of regional 
development dynamics. This regionally sensitive approach fosters a 
sustainable balance between conservation and economic opportunity, 
making forest conservation both feasible and competitive across diverse 
Appalachian landscapes and enhancing the long-term success of carbon 
storage initiatives.
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