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Abstract

As vital components of the global carbon cycle, forest ecosystems play an important
role in sustainable forest management. With the new data collected and recent devel-
opment of carbon equations in the region, there is a need to update the essential quan-
titative information about forest carbon for monitoring these vulnerable populations
and making appropriate management decisions. This study aims to quantify stand-
level aboveground live carbon using an alternative method among different national
forests and parks in the southern Appalachian region. Hybrid models with linear
mixed model and random forests were built using forest type as a random effect with
common stand variables as predictors. Long-term data collected by the USDA Forest
Service, Forest Inventory and Analysis (FIA) program were used in analyses. Results
show that the average aboveground live carbon per hectare varies among study sites,
ranging from 58.2 to 91.5 Mg C/ha. Monongahela National Forest and Great Smoky
Mountains National Park have higher average carbon per hectare than other sites.
Within a site, forest carbon per hectare varies among different forest type groups.
The hybrid model can provide satisfactory predictions of total carbon at the stand
level, even for data not used in model fitting. As parametric models remain the most
popular quantitative methods in forestry practice, the proposed method retains the
interpretability and portability of the parametric models, but also improves prediction
accuracy by leveraging the strengths of the machine learning algorithm.

Keywords Random forest - Mixed models - Great Smoky Mountains National Park -
Mixed species forests - Forest type - Machine learning - Publically owned forest

Study Implications Mixed-species forests in the southern Appalachian mountains sequester
atmospheric carbon, as well as provide timber products, wildlife habitats and ecosystem services to
the surrounding communities. Data collected from eight national forests and two national parks with
45 distinct forest types were analyzed. This study demonstrates the use of a hybrid model to predict
stand-level forest carbon across national forests and parks in the region. The hybrid model combines
the advantages of the classic parametric method and the machine learning algorithm. The findings
of this study provide an alternative method for providing quantitative information to manage the
vulnerable ecosystems in the region.
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Introduction

As vital components of the global carbon cycle, forest ecosystems play an important
role in sustainable forest management. Mixed-species forests in the southern Appa-
lachian mountains sequester atmospheric carbon, as well as provide timber products,
wildlife habitats and ecosystem services to the surrounding communities. While for-
est land in the eastern US is primarily privately owned, the publicly-owned forests
of the southern Appalachians are of particular importance. They are relatively large,
generally contiguous areas of forest with minimal anthropogenic disturbance and
management activity when compared to the surrounding private forest lands. Most
of the upper elevations in the southern Appalachians and the unique vegetation com-
munities found there are in national forests or parks (Bailey 2016; USDA Forest
Service 2023; Jenkins 2007). The health and sustainability of mixed-species forests
communities has received increased concern due to threats to some of the ecologi-
cally important species found there, such as the montane spruces and firs (Picea
rubens and Abies fraser), eastern hemlocks (Tsuga canadensis), and oaks (Quercus
spp.) observed in the region (e.g., Koo et al. 2011; Ellison et al. 2018). Koo et al.
(2011) describe the losses of upper elevation spruce-fir forests to a combination of
air pollution and an introduced pest, the balsam wooly adelgid (Adelges piceae).
Eastern hemlock, a foundational species throughout much of the Appalachians, con-
tinue to decline in abundance despite decades of attempts to control the spread of an
introduced pest, the hemlock wooly adelgid (Adelges tsugae) (Ellison et al. 2018).
Keyser et al. (2015) indicated changes in the composition and structure of oak-domi-
nated forests have been unprecedented and rapid, caused by extensive logging, wild-
fires, exotic insects, diseases, and invasive plants. These changes in species compo-
sition and structure along with expected changes due to climate change affect carbon
storage and sequestration in these southern Appalachian forests. With the new data
collected and recent development of carbon equations in the region, there is a need
to update the essential quantitative information about forest carbon for monitoring
these vulnerable populations and making appropriate management decisions.
Studies of mixed-species forests can frequently be more challenging because of
species richness. Data grouping based on similar characteristics (e.g., taxonomic
rank, functional traits, tree size) is a commonly-used strategy to build statistical
models for species rich populations due to a small sample size for diverse species
(e.g., Vanclay 1991; Phillips et al. 2002; Zhang et al. 2022). Mixed-effects mod-
els have been proposed as an alternative quantitative solution as they do not require
data grouping (e.g., Russel et at. 2014, Yang et al. 2022, Kuehne et al. 2020). A
mixed-effects model consists of two components: fixed and random effects, mak-
ing it advantageous to handle data with a large number of groups. Estimated with
all data together, the model’s fixed effects provide the overall mean response for the
target variable of interest, while its random effects provide the adjusted response
for each group (i.e., group-specific response). With the development of computa-
tionally intensive algorithms, machine learning algorithms have been integrated in
mixed modeling. For example, machine learning is used to estimate fixed effects as
it is more advantageous to capture the complex relationships between covariates for
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high dimensional data than conventional parametric approaches. Yang et al. (2022)
employed mixed-effects random forests, incorporating species as a random effect,
to analyze height-diameter relationships for Caribbean species. The algorithm per-
formed better than original random forests and parametric models in terms of pre-
diction accuracy (Yang et al. 2022). However, machine learning does not provide
estimated coefficients of fixed effects like parametric models, limiting the explicit
interpretation of relationships between response and predictor variables. Rather than
estimating fixed effects, another use of machine learning is to capture the remain-
ing variability after a mixed model is fitted, denoted as a hybrid model (e.g., Cor-
nelio et al. 2022; de Mattos Neto et al. 2022; Jiang et al. 2024; de Lima Duarte
et al. 2024). Specifically, a mixed model is first built, and then a machine learning
algorithm is trained using the residuals computed from the fitted mixed model as a
response variable. The final predictions are made by combining the predicted val-
ues from both mixed model and the predicted residuals from the machine learning
algorithm (a more detailed description of the model building procedure is given in
the method section). This approach can offer more interpretable fixed effects from
a mixed model and leverage machine learning’s capability to handle nonlinear and
complex data.

The objective of this study was to quantify stand-level forest carbon for eight
national forests and two national parks in the southern Appalachian region. For a
given national forest or park, a hybrid model composed of a linear mixed model and
random forests were built with forest type as a random effect. Stand-level carbon
prediction models can provide a quick estimate of total forest carbon without the
need to identify the species of every sample tree and use of species-specific carbon
equations, which could save time and reduce cost in data collection and processing.
Long-term data collected by the USDA Forest Service, Forest Inventory and Analy-
sis (FIA) program were used in analyses. This work serves as a practical example of
applying the methodology to continuously monitor forest resources for the vulner-
able ecosystems in the region.

Materials and Methodology
Data
Study Area

The study area covers eight national forests (Chattahoochee-Oconee, Cherokee,
Nantahala, Pisgah, George Washington-Jefferson, Daniel Boone, Monongahela,
and Wayne) and two national parks (Great Smoky Mountains, Shenandoah), which
encompass a total of 2,755,856 ha. These national parks and forests are primarily
situated along the Tennessee-North Carolina and West Virginia-Virginia borders,
and extend into adjacent parts of Ohio, Kentucky, and as far south as central Geor-
gia. Among these areas, the George Washington-Jefferson National Forest covers the
largest physical area of all study sites (1,800,269 ha), while Shenandoah National
Park is the smallest study area with only 79,900 ha (USDA Forest Service 2023).
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The southeast region where the targeted forests and parks are located falls within
the temperate humid domain of Bailey’s ecoregions, largely within the Eastern
Broadleaf Forest, Central Appalachian Broadleaf Forest, and Southeastern Mixed
Forest provinces (Bailey 2016). The study sites also share several physiographic
similarities, like mountain ranges that have elevations up to 2,037 m (Mount Mitch-
ell, which is found in the North Carolina State Park named after it, and 2,025 m
for Kuwohi (old name: Clingmans Dome) in the Great Smoky Mountain National
Park), surrounded by the rolling forested hills and rocky bluffs that have become
identifiable characteristics of southern Appalachia. The exception to this is Wayne
National Forest, as it is located in the Appalachian foothills and does not contain
the same mountainous terrain as the other areas. While these geographical similari-
ties exist, each study site also has its own unique attributes. For example, the Great
Smoky Mountains National Park ranks as the most biodiverse park in the national
park system where over 1,300 native plant species have been identified (Jenkins
2007). Much of the ecological diversity in this area is due to the temperate rainfor-
est climate of the southeast. This kind of climate consists of long, wet winters and
shorter, dry yet foggy summers which makes water resources plentiful, so that Nan-
tahala National Forest is the second wettest region in the continental US after the
Pacific Northwest (Spencer and Lewis 2017).

Forest Type

According to forest typing algorithm used by FIA (Burrill et al. 2024), a total of 45
distinct forest types are present in the study area. Thirty-three different forest types
were identified in Cherokee and George Washington-Jefferson National Forests,
followed by Chattahoochee-Oconee National Forest and Great Smoky Mountains
National Park with 32 forest types each (Table 1). The study sites are primarily dom-
inated by oak (Quercus spp.) forests along with a few pine-dominated (Pinus spp.)
forest types (Table 1).

FIA Long-term Permanent Plots and Tree Data

Data from the permanent national forest inventory plots installed and maintained
by the the FIA program were used in this study. These data were extracted by
querying the FIA database for forested plots that fell within the targeted national
forests and national parks. The spatial distribution of the 10 national forests and
national parks is shown in Fig. 1. In each permanent plot, four 7.3-m (24-ft) fixed-
radius subplots were installed with four 2.1-m (6.8-ft) fixed-radius microplots
nested (see USDA Forest Service 2023 for details). Trees measured on a subplot
need to have diameter at breast height (DBH) greater than or equal to 12.7 cm (5
in.), whereas those below 12.7-cm (5-in.) but greater than 2.54-cm (1 in.) DBH
were measured on a microplot. At each sampling point, the area (the area of the
permanent plot) was classified based on site conditions, such as land use, forest
type, stand size, regeneration status, tree density, stand origin, ownership group,
and disturbance history. If there was more than one distinct condition, the plot
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Fig. 1 Spatial distribution of the study area

would be mapped by condition class even though the boundaries cut through sub-
plots or microplots. Each permanent plot was remeasured every 5—7 years.

Tree data collected in the study area were queried from the FIA database. Indi-
vidual trees were excluded if they met any of the following criteria: (1) they were
classified as rotten cull (indicating severe damage and decay which would affect
the tree’s form and growth; tree class code =4 in the FIA database); (2) they were
located on non-stocked lands (areas which were considered forest land but were still
in an early or arrested stage of reforestation; forest type code =999 in the FIA data-
base); and (3) their height or diameter measurements were missing. Tree data were
then used to compute stand-level variables given in the following section.

Model Variables

To better capture the site condition at each installation, a forested condition class on a plot,
denoted as condition (or plot condition), was treated as a basic sampling unit. All variables
were calculated from live trees on a “condition class” rather than a plot. In other words,
each plot’s condition was treated as an individual stand of trees. For a given sampling unit,
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repeated measurements were denoted as observations. For example, plot condition A was
remeasured in 2002 and 2009. Plot condition A is a sampling unit while measurements
taken in 2002 and 2009 are two separate observations for a given sampling unit. Obser-
vations with a large diameter (over 40 cm) but low carbon stocking (50-100 Mg C/ha)
that deviated from the general trend of mean diameter and carbon per ha were considered
potential outliers and manually removed. A total number of 9,175 observations were used
in analyses. Details descriptions of all variables used are given below.

Total carbon per unit area (Mg C/ha) at the condition level was used as a response
variable, while stand variables were used as predictor variables in the models. Spe-
cifically, the aboveground carbon of each individual live tree was estimated with the
updated carbon and biomass equations implemented by FIA (Westfall et al., 2023).
Then, the estimated carbon (c, kg) of all trees on a sampling unit were used to com-
pute the total carbon per unit area (C, Mg C/ha), which can be written as:

_ XY cxiph

1000 M

where tph is the number of trees per hectare represented by a sampled tree, and 1,000
is the conversion factor from kg to Mg. In addition, six stand characteristics used
as predictors were computed for every sampling unit (i.e., plot condition), includ-
ing mean diameter at breast height (D, cm), exponential D (Exp. D), mean total tree
height (H, m), mean h—d ratio (H-D ratio'), number of trees per hectare (TPH), and
basal area per hectare (BA, m*/ha). A summary of stand variables is given in Table 2.

Statistical Models

A hybrid model is composed of two components: a mixed model and a random for-
est algorithm, which were built sequentially. First, a linear mixed-effects model was
built with all predictors as fixed-effects variables and forest type as a random-effect
variable. Namely,

C=)xp+b+e )

where ) xf is a linear combination of predictors (x) and their corresponding coeffi-
cients (f), b is a forest-type-specific random effect, and € is the error term. In this
study, we assumed that b follows a normal distribution with mean zero and forest-

6?()” (i.e., b~N (0, o-?(m> ), and ¢ follows a normal distribu-

tion with mean zero and variance o2 (i.e.,e ~ N (0,0?)).
Secondly, a random forest model was trained with the same predictors and the
residuals (e,, observed C — predicted C) calculated from the mixed model as the

type-specific variance

response variable. The final prediction of total carbon <€‘ﬁna,> is made by combining

! H-D ratio was computed as mean(h*100/d) where h and d are total tree height (m) and dbh (cm) of
each sampled tree, respectively.
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the predicted C (6‘) from the linear mixed model and the predicted residual (’e\c) from
random forests, which can be written as:

aﬁnal =C+72 3)

The “Imer” function was used for fitting the mixed models, and the “ranger” func-
tion was used for training random forests in R (Bates et. al 2024; Wright and Ziegler
2017). For a given national forest (or park), the hyperparameters: (1) the number of
predictors randomly selected from the total predictors at each split (mtry), and (2)
the minimum number of observations that a leaf node can contain (min.node.size),
were tuned using a grid search and a five-fold cross validation using “trainControl”,
“expand.grid” and “train” functions (Kuhn et al. 2023). According to various studies
(e.g., Probst et al 2018; Bartz et al 2022), the grid searches for mtry values between
2 and 10 in increments of 2, while min.node.size is set to 1, 5, and 10. The other
hyperparameters were set to their default values in the ranger function.

Model Building and Evaluation

To quantify the uncertainty of the model performance, the hybrid model (linear mixed
model +random forests) was built using 1,000 cluster bootstrap samples. In cluster
bootstrap, resampling was done at the sampling unit level to account for the potential

Table2 Summary statistics of stand variables among eight national forests (NF) and two national parks
(NP) in the southern Appalachian mountains. Stand variables include mean diameter at breast height (D,
cm), exponential D (Exp. D), mean total tree height (H, m), mean h—d ratio (H-D ratio), number of trees
per hectare (TPH), and basal area per hectare (BA, m*/ha). Means are given followed by standard devia-
tions in parentheses

Study site D Exp.D H H-Dratio TPH BA
Chattahoochee-Oconee  23.2  4.48e + 14 18.2  90.6 1021.6 23.6
NF (5.2) (5.48e+15) (3.5 (134 (757.2) (11.7)
Cherokee NF 22 1.98¢ + 14 172 915 1130.4 22.4
(6.1) (4.37e +15) 4.5) (15.8) (905) (12.1)
Nantahala NF 232 1.84e+14 17.6 894 1088.5 233
(5.7) (l.44e +15) 4.1) (14.5) (890.9) (10.9)
Pisgah NF 235 5.7le+14 17.5 86.8 1060.8 24.6
(6.3) (5.57e +15) 4.5) (16.2) (902.4) (12.9)
George Washington- 22.6  4.98e +14 16.1 82.8 1103.9 23.4
Jefferson NF G.1)  (7.20e +15) (3.8) (15.6) (800.9) (10.4)
Daniel Boone NF 22 1.26e + 13 18 97.1 1179.6 20.2
(5.2) (891e+13) (3.8) (14.3) (985.9) (10.5)
Monongahela NF 258 1.20e+15 182 789 721 274
(5.3) (9.46e +15) (3.8) (13) (754.7) (11.7)
Wayne NF 245 5.66e + 14 18.5 843 520.6 16.9
(5.3) (5.34e +15) (3.7 (12.9) (567.9) 9.4)
Great Smoky Mountains 25 2.28e +15 18.8 86.4 1002 27.6
NP (5.3) (l.64e +16) “4.2) (13.2) (709.6) (12.7)
Shenandoah NP 235 5.60e +13 153 78 1074.1 242
(5.6) (23le+14) (3.8) (10.5) (618.8) (8.8)
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temporal autocorrelation among observations (i.e., repeated measurements) on a given
sampling unit (i.e., plot condition). If a plot condition is sampled, all repeated meas-
urements on a plot condition are selected and grouped into a training dataset, denoted
as in-bag data. The unselected sampling units are then used as a test dataset, denoted
as out-of-bag data. At each bootstrap round, the importance score of each predictor
was calculated, and evaluation statistics (see Section “Evaluation statistics”) were
computed using both in-bag and out-of-bag data. The medians of 1,000 bootstrap esti-
mates were used to represent the importance score and evaluation statistics for a given
national forest or national park. The upper and lower bounds of 95% confidence inter-
vals of evaluation statistics were computed by the 2.5% and 97.5% quantiles of 1,000
bootstrap samples. For a given study site, one out-of-bag sample was used to plot the
pairs of observations and predictions. A 1:1 diagonal line and a LOWESS smoothing
curve with its 95% confidence interval were added to assess the model’s prediction
accuracy. LOWESS smoothing curve with its 95% confidence interval were created
using the geom_smooth function in the R package ggplot2 (Wickham et al. 2024).

The importance score was used to evaluate the contribution of model prediction accu-
racy from a predictor. The greater score indicates the predictor is more important. In this
study, a permutation approach was used to calculate the importance score, which is the
average differences of prediction accuracy between the reference and permutated-predic-
tor trees. The reference tree is defined as the tree grown with the original set of predictor
and response variables. Then, a new dataset is constructed by randomly shuffling the
values of a predictor and keeping pairs of all other predictors and response unchanged.
The permutated-predictor tree is built using the new dataset, and the prediction accuracy
of the permutated-predictor tree is computed as the reference tree. Detailed descriptions
of the approach can be found in Wright and Ziegler (2017). The importance score was
provided by random forests using the “ranger” function in R (Wright and Ziegler 2017).

Evaluation Statistics

The prediction accuracy from the hybrid model was evaluated using mean bias (MB)
and root-mean-square error (RMSE), which were computed as:

g = Z° 4)

(&)

where C is the mean of C, n is total number of observations, and e is prediction
residual, which was defined as:

e=C-— /Cﬁnal (6)

where all variables have been defined as above. R script for statistical analyses is
available upon request.
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Results

As shown in Fig. 2, total carbon per unit area exhibits right-skewed distributions
across all study sites. The average carbon per hectare varies among study sites, rang-
ing from 58.2 to 91.5 Mg C/ha. Monongahela National Forest (91.5 Mg C/ha) and
Great Smoky Mountains National Park (92.2 Mg C/ha) have higher average carbon
per hectare than other sites (58.2-81.0 Mg C/ha) (Table 3). In general, national forests
share similar shapes of distributions where observations concentrate below 200 Mg C/
ha of forest carbon (Fig. 2). Seven out of eight national forests have a peak between 50
and 100 Mg C/ha. The Cherokee and Pisgah National Forests show a relatively even
distribution between 0 and 100 Mg C/ha, while the Monongahela National Forest has
the highest count around 100 Mg C/ha. Both national parks share similar patterns with

Number of Observations
Number of Observations

Number of Observations

100 200 [ 50 00 150 200 0 50 100 150 200
Total carbon per ha (Mg Crha) Total carbon per ha (Mg C/ha) Total carbon per ha (Mg C/ha)
(a) Chattahoochee-Oconee NF (b) Cherokee NF (c) Nantahala NF
©
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Fig. 2 Distribution of total carbon per hectare (Mg C/ha) among eight national forests (NF) in the south-
ern Appalachian mountains
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Fig. 3 Distribution of total carbon per hectare (Mg C/ha) among two national parks (NP) in the southern
Appalachian mountains

increasing counts to 120 Mg C/ha, followed by a decline up to 200 Mg C/ha (Fig. 3).
When examining forest carbon among forest type groups, the highest carbon per hec-
tare varies across study sites (Table 3). For example, aspen/birch forests have the great-
est carbon stocking at the Wayne National Forest, whereas the spruce/fir group is the
forest type with the highest carbon stocking in the Great Smoky Mountains National
Park. Oak/hickory and oak/pine forest types are present in all study sites. For a given
study site, oak/hickory forests (61.2-97.3 Mg C/ha) have greater total carbon per hec-
tare than oak/pine forests (46.7-79.1 Mg C/ha). The highest carbon stocking for both
forest type groups was found in the Great Smoky Mountains National Park (97.3 Mg
C/ha for oak/hickory forests and 79.1 Mg C/ha for oak/pine forests) (Table 3).

In general, both linear mixed model and hybrid model can provide unbiased pre-
dictions of total carbon for all study sites based on the 95% confidence intervals of
MB for both in-bag and out-of-bag data (Table 4). Regarding the precision level, the
hybrid model produced lower RMSE than the linear mixed model for all sites. For
out-of-bag samples, RMSE ranges from 7.2 to 13.7 Mg C/ha for the hybrid model,
compared to 7.7 to 15.5 Mg C/ha for the linear mixed model. The greatest precision
was found for the Shenandoah National Park (7.2 Mg C/ha) and George Washington-
Jefferson National Forest (7.5 Mg C/ha) whereas the Nantahala (13.7 Mg C/ha) and
Pisgah (12.0 Mg C/ha) National Forests have a lower precision level than other study
sites. The accuracy level is higher when predicting in-bag samples than out-of-bag
samples, which is expected as in-bag observations were used in model building. As
shown in Figs. 4 and 5, except for high C-stocking observations (100-250 Mg C/ha),
the 1:1 diagonal lines lie within the 95% confidence intervals of the smoothing curves.
This implies that observed and predicted total carbon values are similar, particularly
in George Washington-Jefferson National Forest. In addition, the level of importance
of predictor varies among study sites. In general, diameter-based predictors (D, Exp.
D and BA) are more important than other variables, especially D (mean diameter at
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Table 4 Evaluation statistics of mean bias (MB) and root mean square error (RMSE) for eight national
forests (NF) and two national parks (NP) in the southern Appalachian mountains. The evaluation statis-
tics were computed from the medians of 1,000 bootstrap samples using the in-bag data (IB, training data)
and out-of-bag data (OOB, validation data)

MB RMSE
Linear mixed model IB  95%CI OOB 95% CI 1B 95% CI OOB 95% CI

Chattahoochee-Oconee 0.0 0.0-0.0 0.0 -1.5-1.5 93 8.7-9.8 10.0 9.0-11.0
NF

Cherokee NF 0.0 0.0-0.0 00 -20-22 102 9.4-109 112 9.9-22.6
Nantahala NF 0.0 0.0-0.0 00 -3.6-35 107 8.0-12.1 11.6 8.5-15.1
Pisgah NF 0.0 0.0-0.0 00 -51-56 124 9.6-13.8 155 12.6-27.7
George Washington- 0.0 0.0-0.0 00 -1.1-1.1 85 8.1-8.8 9.0 8397
Jefferson NF

Daniel Boone NF 0.0 0.0-0.0 00 -28-33 93 8.2-10.2 11.1  9.1-13.0
Monongahela NF 0.0 0.0-0.0 00 -2.0-24 120 11.2-12.7 129 11.7-143
Wayne NF 0.0 0.0-0.0 00 -27-35 9.0 7.9-9.9 109 9.1-13.7

Great Smoky Mountains 0.0 0.0-0.0 00 -34-37 94 7.9-10.3 114 95-13.5
NP

Shenandoah NP 0.0 0.0-0.0 00 3843 57 4.6-6.6 77  6.1-10.4
Hybrid model

Chattahoochee-Oconee 0.0  0.0-0.1 0.2 -1.2-14 32 3.0-34 8.8 7.8-9.7
NF

Cherokee NF 0.0 0.0-0.1 02 -17-20 34 3.2-3.6 9.5 84-215
Nantahala NF 0.1 0.0-0.1 02 -33-39 35 2.5-4.3 120 8.1-15.0
Pisgah NF 0.1 0.0-0.2 0.7 -3.8-57 3.8 2.9-4.3 13.7 10.3-274
George Washington- 0.0 0.0-0.0 0.1 -0.8-1.0 3.0 29-32 75 6.8-83
Jefferson NF

Daniel Boone NF 0.1 0.0-0.1 05 -24-34 43 3.8-4.7 102 8.3-12.2
Monongahela NF 0.0 0.0-0.1 04 -1.6-22 47 4.3-49 11.2 10.0-12.4
Wayne NF 00 -0.1-0.1 0.6 —-23-34 35 3.1-39 10.0 8.0-12.9

Great Smoky Mountains 0.1  0.0-0.2 05 2741 36 2.9-4.0 10.8 8.7-13.1
NP

Shenandoah NP 00 -0.1-0.1 -0.1 -33-38 24 2.0-2.9 72  57-102

breast height). BA ranks the top predictor for five of ten sites, while H-D ratio ranks
the least important variable for five out of eight national forests (Table 5). For two
national parks, TPH has the least importance score among all six predictors. The esti-
mated coefficients of fixed and random effects for all study sites are given in Table 6.
Discussion

Comparison of Forest Carbon Among Different Study Sites

Smith et al. (2019) examined the aboveground live carbon per hectare across vari-
ous federal lands in the US (e.g., USDA Forest Service (Forest Service), National
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Fig.4 Observed and predicted total carbon per hectare (Mg C/ha) for out-of-bag samples for Chatta- ),
hoochee-Oconee, Cherokee, Nantahala, Pisgah, George Washington-Jefferson and Daniel Boone
National Forests (NF). The blue curves represent the LOWES smoothing curve (solid blue) and its 95%
confidence interval (dashed blue)

Park Service, Bureau of Land Management) It was reported that Forest Service
lands have an average of 73.1 Mg C/ha, which is higher than the 63.1 Mg C/ha on
National Park Service lands in the southern US (Smith et al. 2019). The density
of forest carbon at the study sites (70.3-91.5 Mg C/ha, except for Wayne National
Forest at 58.2 Mg C/ha) is close to or greater than the average estimates reported
by Smith et al. (2019), particularly for national parks (76.4-91.1 Mg C/ha). The dif-
ferences may be due to: (1) Smith et al. (2019) covering a broader geographical area
than this study within the southern US, as our study sites represent only a portion of
the lands owned by the Forest Service and National Park Service in the region, and
(2) the study sites being located in some of the highest carbon stocking areas in the
southern US (Wilson et al. 2013).

Hoover and Smith (2021) further broke down the estimates of aboveground live
carbon by forest type groups and regions. Their estimates for loblolly/shortleaf pine
forests (57.3 Mg C/ha) are higher than those in this study (24.5-55.4 Mg C/ha).
In contrast, our estimates for oak/hickory (71.7-97.3 Mg C/ha, except for Wayne
National Forest at 61.3 Mg C/ha) forests exceed the estimate (69.8 Mg C/ha) pro-
vided by Hoover and Smith (2021). The differences of carbon estimates between the
two studies reflect the different distribution of forest types within the region. Hoover
and Smith (2021) covered the entire southeastern US, from the coastal plain to the
Piedmont, without distinguishing smaller geographical areas. Consequently, their
higher average carbon stocking may be due to the inclusion of planted pine forests,
which are more prevalent in coastal areas than in the southern Appalachians. In con-
trast, our study sites are primarily dominated by oaks, hickories, and other hardwood
species, which store more carbon per hectare here than similar forest types in other
areas of the southern US.

Evaluation of Using the Hybrid Model

As the results show, the hybrid model can reliably quantify forest carbon at the stand
level, even for data not used in model building. By adding the random forest model
along with the linear mixed model, the model provides unbiased predictions as well
as the precision level improved for all study sites (Table 4). The model predictability
is consistent across all study sites. For several study sites, it is noted that the level
of prediction accuracy reduces as carbon stocking increases (e.g., Cherokee, Wayne,
Monongahela) (Figs. 4 and 5). It may be because the number of high stocking plots
is relatively low on the study sites. The models were not able to “fully learn” from
the data to make more accurate predictions compared to lower stocking plots.

To simulate a common setting in forest practice, only stand variables were used in
model building. All variables used in this work can be derived from common meas-
urements recorded in a typical forest inventory (e.g., DBH, height, and number of
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gahela and Wayne National Forests (NF) and Great Smoky Mountains and Shenandoah National Parks
(NP) in the southern Appalachian mountains. The blue curves represent the LOWES smoothing curve
(solid blue) and its 95% confidence interval (dashed blue)

trees). Similar results were reported by Khan et al (2020) where the model with basal
area per hectare, mean tree height and wood density yielded more accurate predic-
tions than other candidates for Bangladeshi forests. In our preliminary analysis, a few
additional variables, such as slope, aspect, and species diversity index, were exam-
ined, but they did not appreciably improve prediction accuracy. Thus, these variables
were not included in the formal analysis to maintain the parsimony of the model. In
addition, obtaining additional variables may require extra effort and cost, which may
not be practical in routine forest inventories. Besides, deriving certain variables (e.g.,
climatic variables) may require the location information of ground sample plots to
pair with remote sensing data. As the actual plot GPS coordinates are confidential
in FIA, general users will not be able to access this information via public database.
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Table 6 Estimated coefficients of fixed and random effects for eight national forests (NF) and two
national parks (NP) in the southern Appalachian mountains

Study site Intercept D Exp.D H H-Dratio TPH BA oy, ©
Chattahoochee- —118.12 3.48 4.82¥10"-18 -2.22 0.85 —-0.010 3.59 535 941
Oconee NF

Cherokee NF —84.20 2.62 2.06¥10r-17 -1.59 0.61 —0.009 3.52 5.46 10.37
Nantahala NF -96.06 2.31 —-5.93*10"-16 —1.65 0.78 —0.010 3.80 4.76 10.99
Pisgah NF —145.24 5.05 -291*10"-16 —-4.04 1.08 -0.010 3.86 9.17 12.82
George Washington- —-107.04 2.53 —-6.36%10"—17 -1.03 0.77 -0.009 3.54 6.37 8.57
Jefferson NF

Daniel Boone NF —-96.16 249 4.59*10"—15 -1.68 0.68 -0.010 4.21 7.04 9.61
Monongahela NF —-117.29 270 -1.78*10"-16 —1.33 0.88 -0.006 3.51 9.13 12.23
Wayne NF —100.03 3.03 2.64*10"-16 -2.26 0.76 -0.011 3.78 7.45 9.47
Great Smoky Moun- —103.60 2.18 -3.84*10"—17 -0.61 0.70 —0.008 3.56 7.06 9.90
tains NP

Shenandoah NP —-91.31 249 348*10"-15 —1.74 0.81 —0.010 342 3.74 6.06

However, several studies have shown that adding environmental or auxiliary vari-
ables (e.g., climate, topography, etc.) to the model can enhance prediction accuracy,
particularly for mixed-species forests (e.g., Aguirre et al. 2021, Liepins et al. 2022;
Yang et al. 2022). For example, Martonne aridity index derived from annual pre-
cipitation and mean temperature has a positive correlation with stand dry weight for
natural pine forests in the Spanish Iberian Peninsula (Aguirre et al. 2021). Liepins
et al (2022) found that incorporating species-related metrics into the model provided
better predictions of stand-level biomass for hemiboreal forests in Latvia. Yang et al
(2022) showed that model prediction accuracy was improved with the inclusion of
climatic and topographic variables for Caribbean trees. Since the random forest algo-
rithm is well-suited for handling high-dimensional data without requiring predefined
relationships among variables, the model used in this study can be extended by incor-
porating additional predictors, making it useful for future follow-up studies.

To quantify forest carbon at the stand level, one approach is to estimate individual
tree carbon using species-specific equations and then aggregate the estimated car-
bon of all sample trees to the entire stand. Another approach, as demonstrated in
this study, is the direct use of stand-level models, which provide a quick estimate of
total forest carbon based on forest type and stand-level predictors. While obtaining
these predictors may require tree-level data, the selected variables do not depend
on species identification. As a result, identifying the species of every sample tree is
unnecessary, reducing time and costs in data collection and processing, particularly
in species-rich ecosystems. Future studies may assess the model’s predictive accu-
racy using metrics derived from remote sensing data, such as LiDAR and satellite
imagery, potentially further lowering field data collection costs.

As indicated previously, this study focuses on forest carbon on federal lands to address
a research gap in the region. The proposed methodology can be applied to other owner-
ship lands (e.g., privately-owned lands) in the region. In addition, total carbon is predicted
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using both estimated fixed and random effects if forest types are included in model train-
ing. However, for a forest type not used in model training, only fixed effects are applied for
prediction in the validation data. To predict total carbon for a new forest type, it is recom-
mended to retrain the model by incorporating new observations. Since random forest is
an ensemble algorithm, it may produce poor predictions outside the range of the training
dataset (i.e., extrapolation), as noted by Yang and Burkhart (2020). This limitation may
also explain the poor prediction performance for high-carbon stocking plots in this study.
While this study employed a linear mixed model as a working example, more complex
models (e.g., nonlinear mixed models) or alternative machine learning algorithms could
potentially enhance prediction accuracy. Lastly, we did not examine temporal changes
or the effects of different management practices on carbon storage across forest types in
national forests and parks, which is suggested as a direction for future research.

Conclusion

In summary, the average aboveground live carbon per hectare varies among
national forests and parks in the southern Appalachian mountains, ranging from
58.2 to 91.5 Mg C/ha. Monongahela National Forest and Great Smoky Mountains
National Park have higher average carbon per hectare than other sites. For a given
study site, forest carbon per hectare varies among different forest type groups. This
study provides a working example of using a hybrid model with a combination of
linear mixed model and random forest algorithm for stand-level, forest carbon pre-
dictions. In a typical carbon inventory, stand-level carbon is estimated by aggre-
gating individual tree carbon computed from species-specific equations. However,
in the species-rich ecosystem, identifying the species of every sample tree can be
challenging and time consuming. The model developed in this study, which incor-
porates forest type and common stand variables (e.g., mean DBH, mean total tree
height, trees per hectare, and basal area per hectare), offers an alternative method
for stand-level carbon assessment without relying on species identification. As
parametric models remain the most popular quantitative methods in forestry prac-
tice, the proposed method retains the interpretability and portability of the para-
metric models, but also improves prediction accuracy by leveraging the strengths
of the machine learning algorithm. With the increasing availability of program-
ming tools and publicly accessible databases, implementing such models in for-
estry is expected to become more feasible. Further research is warranted to com-
prehensively evaluate this method and its limitations under diverse site conditions.
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