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ABSTRACT

Forest communities—assemblages of tree species at
stand- to landscape-scales—vary in their capacity to
capture and store carbon, but previous attempts
using discrete forest types to quantify this rela-
tionship often fail to consider gradual changes to
the seedling, live tree, and standing dead tree
demographic components of the community. We
analyzed two decades of plot remeasurements
(20,680 remeasurements of 5594 unique plots)
from the United States Department of Agriculture
Forest Service Forest Inventory and Analysis (FIA)
Program across the Great Lakes region of the east-
ern U.S. to assess shifts in forest communities using
Latent Dirichlet Allocation, a continuous model of
forest community composition. We tested for links
between aboveground live and standing dead tree
carbon dynamics and shifts in community compo-
sition (the relative proportion of different com-
munities within a stand) of three demographic
components (seedlings < 2.54 cm, live trees >
2.54 c¢m, and standing dead trees = 2.54 cm). Live
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tree carbon varied across six unique communities
ranging from 5.2 Mg C ha™' (SE = 0.77 Mg C ha~
Y in the spruce-tamarack community to
88.4 Mg C ha™' (SE = 0.65 Mg C ha™ ') in the su-
gar maple-basswood community. On average, for-
ests contained less standing dead tree carbon
(22Mg Cha™') than live tree carbon
(40.4 Mg C ha™!), because of lower stem density
and fewer species of standing dead trees. Both live
and standing dead tree carbon increased over time
across the study area (on average 0.274 and
0.045 Mg C ha~' year™!, respectively). Remea-
surements of FIA plots revealed that shifts in
community composition of the live and standing
dead demographic components were associated
with decreases in live tree carbon. Conversely,
larger degree of divergence between the commu-
nity composition of the live and standing dead
demographic components and shifts in stand
structure between remeasurements (mean, vari-
ance, and skewness of the live tree diameter dis-
tribution) were associated with increases in live
tree carbon. Shifts in stand structure were signifi-
cant yet weaker predictors of standing dead tree
carbon dynamics. Instead, shifts in community
composition of the standing dead component over
time and degree of divergence between the com-
munity composition of the live tree and standing
dead tree components were more closely linked to
changes in standing dead tree carbon stocks. The
effects of shifting communities on carbon dynamics
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are important for understanding carbon cycling in
forests and management under continued climate
change.

Key words: carbon; forest type; forest commu-
nity; Forest Inventory and Analysis (FIA); Latent
Dirichlet Allocation; standing dead trees; live trees;
seedlings; structure.

INTRODUCTION

Forests provide valuable resources and services,
especially in their ability to capture and store car-
bon. Forests often sequester more carbon than they
emit (Luyssaert and others 2008; Pan and others
2011; Wilson and others 2013) but may become
carbon sources (Gundersen and others 2021),
especially when faced with major disturbance
events such as pest and disease outbreaks, stand-
replacing fires, and anthropogenic disturbances
such as harvesting (Luyssaert and others 2008; Fei
and others 2019). To utilize carbon sequestration in
forests as a natural climate solution, scientists and
stakeholders must understand how the defining
characteristics of forests (for example, species
composition and structure) affect the ability of
forests to capture and store carbon (Bastin and
others 2019; Domke and others 2020).

Forest communities—defined here as assem-
blages of species at stand- to landscape-scales—can
serve as a proxy for many above and belowground
biotic and abiotic factors that influence carbon
dynamics (Orihuela-Belmonte and others 2013;
Hoover and Smith 2021). Forest communities
represent the coalescence of a variety of tree species
and their associated traits reflective of past climate
and other legacy effects. These include links to soil
productivity and mycorrhizal associations (Wilson
and others 2013; Averill and others 2018; Jo and
others 2019), phenology and photosynthetic
capacity (Richardson and others 2010; Piao and
others 2019), and species and structural diversity
(Gough and others 2010, 2020; LaRue and others
2019, 2023), among others.

There have been many efforts to classify forests
into communities, and how best to do so has re-
mained a classic debate in ecology. In an early ef-
fort, Braun (1950) identified forest regions of the
eastern United States (U.S.) using a limited sample
of forest plots. Contemporary data from the U.S.
Department of Agriculture (USDA) Forest Service,
Forest Inventory and Analysis (FIA) Program have
been used to test and affirm these patterns (Dyer

2006; Costanza and others 2017; Knott and others
2020). The FIA Program itself uses a classification
method that assigns each forest inventory plot into
discrete forest types and type groups (note that the
terms “‘forest type” and ‘“‘forest community”’ are
often used interchangeably throughout the litera-
ture, including by FIA, but ““forest type’’ can also
use to describe more general forest characteristics,
for example, mixed-coniferous forest type; Bech-
told and Patterson 2005; Costanza and others
2018). Under discrete classifications, the commu-
nity composition of a stand (that is, the relative
proportion of different unique communities within
a stand, in contrast to ““species composition”” which
represents the identity of species within a com-
munity) is limited to a single community. This
prevents discrete classifications from capturing the
magnitude of forest change over time: a discrete
forest type is either the same between remeasure-
ments or has transitioned from one forest type to
another (Valle and others 2014; Knott and others
2020). Consequently, both abrupt changes and
gradual shifts in the dominance of community-
defining species (for example, stand-replacing fires
versus gradual shifts in species dominance during
succession) could change a discrete community
classification. Without auxiliary data to ascertain
the drivers/magnitude of change (for example, re-
cords of disturbance or land use change), these
shifts are indistinguishable from one another.
Therefore, shifts in discrete classification offer lim-
ited information to predict how shifts in commu-
nity composition influence patterns of forest
dynamics and carbon cycling with relevance to
adaptive management and the delivery of forest
ecosystem services (for example, intentionally
favoring one community over another by tree
planting initiatives or maximizing carbon seques-
tration and storage by forest managers in response
to, or in anticipation of, global change).

To reduce the limitations of discrete classification
systems on the detection of community change, a
method to classify forest communities across a
continuous distribution is necessary. The Latent
Dirichlet Allocation model (LDA), a model origi-
nally developed for identifying populations within
genetic data (Pritchard and others 2000) and topics
within text data (Blei and others 2003), has been
used as a novel tool to identify forest communities
across a continuous distribution, partitioning each
stand into a mixture of multiple forest communities
and each community into a mixture of multiple
species (Valle and others 2014; Knott and others
2020; Hudon and others 2021). Knott and others
(2020) described spatial and temporal shifts in
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eastern US forest communities using LDA and
showed how these shifts correlated to landscape-
scale drivers of change. This method quantifies the
magnitude of change, ranging from small shifts in
species dominance to large shifts due to distur-
bance, land use change, and climate change.
Research in forest community ecology at the
macroscale has focused on shifts in spatial distri-
bution or species-level changes within forest com-
munities (Costanza and others 2017; Knott and
others 2020), but little attention has been paid to
the resulting shifts in carbon stocks and stock
changes. Studies at the local scale in tropical
ecosystems have shown that carbon stock changes
are closely related to changes in forest type (Ori-
huela-Belmonte and others 2013), but it is unclear
whether these associations hold in temperate for-
ests at larger spatial and temporal scales or across
live and dead tree carbon pools. Hoover and Smith
(2021) provided estimates of live tree carbon stocks
and stock changes across FIA-defined discrete forest
type groups at the regional level, but few studies
have quantified forest carbon stocks across a
diversity of pools (for example, live aboveground
biomass, dead wood, litter, and soil) and the
changes to carbon stocks resulting from shifts in
community composition and degree of divergence
between different demographic components of the
community (seedlings, live trees, and standing
dead trees) that can be used to inform local level
management (Figure 1). In addition, forest struc-
ture (defined here as characteristics of the size
distribution of trees within a stand), productivity
and carbon dynamics, and the forest community
are interdependent and may vary with environ-
mental context (Gough and others 2010; LaRue
and others 2019, 2023; Ullah and others 2021).
This interdependence makes it unclear which
connections are stronger, whether forest carbon
stocks and stock changes more closely linked to
forest structure or to community composition.
Here, we used 5594 unique forested plots from
the FIA Program across the Great Lakes states
(Michigan, Minnesota, and Wisconsin) that have
been measured three or more times over about the
last 20 years (20,680 measurements total) to (1)
quantify shifts in community composition across
three demographic components (seedlings, live,
and standing dead trees) using the LDA method,
(2) estimate aboveground carbon stocks and stock
changes across carbon pools associated with two of
these demographic components (live and standing
dead trees), and (3) assess the impact of shifts in the
community composition, structure, and degree of

-
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Figure 1. Comparisons across demographic components
of forest communities and their associated carbon pools.
Forest communities were delineated into three
demographic components: seedlings, live trees, and
standing dead trees. Circles indicate availability of
carbon estimates from FIA for the three components
(open = unavailable, filled = available). Vertical arrows
represent changes in community composition and carbon
stocks of demographic components over time, and
horizontal bidirectional arrows represent degree of
divergence in community composition between demo
graphic components in each measurement. Diagonal
arrows represent comparisons between demographic
components over time, recruitment, mortality, and
regeneration. Arrow fill represents the ability to directly
compare these demographic components within the
limits of the FIA data (open = indirect/incomparable,
filled = direct comparisons).

divergence of the three demographic components
on carbon dynamics.

METHODS

The Forest Inventory and Analysis
database

The USDA Forest Service FIA Program conducts the
U.S. national forest inventory (NFI). Before 1999,
FIA collected data on NFI plots periodically, but
since the late 1990s/early 2000s, NFI plot remea-
surements have been collected every five to seven
years in the eastern U.S at base-level sampling
intensity of approximately one inventory plot per
2430 hectares (Bechtold and Patterson 2005). We
queried the FIA database (available through the
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FIA DataMart, https://apps.fs.usda.gov/fia/datamar
t/datamart.html) for NFI plots in the Great Lakes
region (Michigan, Wisconsin, and Minnesota, Fig-
ure 2) with at least three measurements from 1999
to 2019 that were classified as forest at each
remeasurement. Plots with only one remeasure-
ment (2 total measurements) were excluded be-
cause they were likely newly established, some of
their measurements were assigned to a different
plot identifier in the FIA database due to missing
and/or incorrect data such as plot coordinates, or
they were classified as non-forest in at least one
remeasurement.

We aimed to assess the community dynamics and
carbon stocks of three main demographic compo-
nents: seedlings [> 30.48 cm tall but < 2.54 cm

Community 1:
Spruce-tamarack

Community 2:
Quaking aspen-ash

Community 3:
Sugar maple-basswood

Community 4:
Red oak-jack pine

Community 5:
Red maple-red pine

Community 6:
Fir-cedar-birch

Figure 2. Approximate FIA plot locations and the
proportion of each community in the live tree
demographic =~ component during the  earliest
measurement of each plot. FIA plot coordinates are
fuzzed (small random noise added to actual plot
coordinates) and swapped (some plot locations are
switched between similar plots within a county) to
anonymize forest landowner data. Color and opacity
indicate community proportion: pale red = lower
proportion, dark blue = higher proportion.

in diameter at root collar (DRC), or breast height
(DBH), depending on the overall height of the
seedling], live trees (= 2.54 cm DBH), and standing
dead trees (=2.54 cm DBH, > 1.37 m length,
and < 45° lean). To do so, we compiled two main
datasets: (1) plot x species matrices for each
demographic component to identify and assess
changes to forest communities using LDA, and (2)
per-unit-area estimates of live tree and standing
dead tree carbon and stand structure for each plot.
We were able to compile dataset (1) for all three
demographic components, but dataset (2) was only
available for live and standing dead trees because
seedling carbon is considered de minimis and is not
estimated by the FIA Program due to differences in
sampling protocol between seedlings and live and
standing dead trees (tallies of seedlings meeting
height and diameter criteria versus DBH measure-
ments). Details for how we constructed each data-
set follow, and a description of the FIA database
and query criteria can be found in Appendix 1.

Dataset (1): plot x species matrices

The LDA model requires a plot x species matrix,
where each row is a plot, and each column is a
measure of abundance of an individual species.
While raw counts can be used (Valle and others
2014), we relativized our data to reduce the effects
of structure (to balance out plots with a few large
trees with plots with many small trees, Knott and
others 2020) and the FIA sampling protocol
(trees > 12.7 cm DBH are measured on 168 m?
subplots, but seedlings and smaller trees 2.54-
12.7 cm DBH are tallied and measured on 13.5 m*
microplots nested within the subplots) on com-
munity composition (see Appendix 1 for more de-
tails on the NFI plot design). We used a relative
measure, importance value (IV), for each species on
each plot by averaging relative stem density (stems
ha™') and relative basal area (m? ha™'), converting
to percentage, and rounding up to the nearest
integer percent (to prevent the loss of species with
IV > 0% but < 0.5% and accommodate LDA
model fitting). This process was completed for live
trees and standing dead trees. Because no diameter
information is available for seedlings, we computed
relative stem density instead of IV. Each plot rep-
resented approximately 100 IV or relative stem
density units, with some plots containing more
units due to rounding (maximum 110 for live trees,
105 for standing dead trees, and 112 for seedlings).

To compare the seedling count data to the live
tree abundance and attribute data, we only in-
cluded species that occurred in both the seedling
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and live tree datasets. This excluded 8 species from
the live tree and seedling data, but only repre-
sented 34 live trees (a very small portion, 0.007 %,
of the total live tree carbon). We also only included
plots that had both seedling and live tree data for all
remeasurements. Not all species were present in
the standing dead tree data (18 out of 91 species)
and some plots contained no standing dead trees
(~ 21% of measurements). Species that did not
occur in the standing dead tree data were imputed
as zeros, and plots that did not contain any standing
dead trees were removed to accommodate the LDA
model fitting process. Our final plot x species
matrices included a total of 91 species across 20,680
total measurements of seedlings (887,878 stems)
and live trees (731,888 stems) on 5594 unique plots
and 73 species across 16,274 total measurements of
standing dead trees (66,137 stems) on 5153 unique
plots.

Dataset (2): estimates of aboveground
carbon and forest structure

From the individual tree records, we obtained
estimates of aboveground carbon from the FIA
database. The FIA Program uses a component ratio
method to estimate carbon based on the volume of
different components of the tree it DBH was above
12.7 cm or based on allometric relationships be-
tween DBH and biomass for smaller trees if DBH
was below 12.7 cm (Woodall and others 2011;
Wilson and others 2013). We used FIA expansion
factors to calculate per-unit-area carbon density
(megagrams carbon per hectare, Mg C ha™') rep-
resented by each tree. We summed the carbon
estimates at the plot-level for live and standing
dead trees to estimate total aboveground live and
standing dead tree carbon stocks. Note that only
plots with standing dead trees had estimates of both
the community composition and standing dead tree
carbon, that is the standing dead tree carbon esti-
mates were zero-truncated instead of zero-inflated
(Woodall and Macfarlane 2010; An and MacFar-
lane 2013).

Shifts in community composition, structure, and
structural diversity are all linked to forest carbon
and provide different perspectives on how carbon
stocks change over time (LaRue and others 2019,
2023). We used DBH measurements of all live trees
to calculate plot-level measures of forest structure
to compare to community-level estimates of
change. Specifically, we calculated three measures
of structure, (1) mean DBH, which estimates the
average size of trees on the plot, (2) variance of
DBH, which estimates the diversity of size classes (a

measure of horizontal structural diversity, LaRue
and others 2023), and (3) skewness of the DBH
distribution, which estimates the asymmetry of the
DBH distribution. We also calculated changes to
these three measures over time to compare the
effects of shifts in structure versus shifts in the
community composition of the seedling, live tree,
and standing dead demographic components of the
community on forest carbon stocks and stock
changes.

Modeling community composition
and dynamics with Latent Dirichlet
Allocation

The LDA model is most often used as a topic model
for text mining that predicts (1) the proportion of
each text document (sentence, paragraph, full
document, and so on, depending at which level the
document x term matrix—equivalent to our
plot x species matrix—is constructed) composed of
each topic, and (2) the proportion of each topic
composed of each term (Blei and others 2003). The
text mining algorithm has a clear analogue for
forest ecosystems: forests are composed of com-
munities and communities are composed of a
variety of species (Valle and others 2014). The
mathematical basis for this model can be found in
Blei and others (2003) and Pritchard and others
(2000), and detailed overviews of how it can be
used in biodiversity and conservation science can
be found in Valle and others (2014) and Hudon and
others (2021). Briefly, LDA (in the context of forest
inventory data) is a hierarchical Bayesian model
where each plot is modeled as a mixture of
underlying forest communities (assemblages of
species across plots) and each community is mod-
eled as a mixture of underlying species proportions
(Valle and others 2014). The resulting posterior
distributions of the LDA model contain the pro-
portion of each community in each plot and the
proportion of each species in each community,
which can be further analyzed for changes over
time or space using more conventional methods
such as regression, randomization tests, and mul-
tivariate distance metrics (Knott and others 2020).

Like many clustering methods, LDA requires
specifying a priori the number of clusters (com-
munities) to be identified by the model. When the
number of communities is unknown, previous
studies suggest iteratively increasing the number of
communities (k) and evaluating model fit for each
iteration using AIC (Valle and others 2014) or a
suite of metrics (Nikita 2016; Knott and others
2020). We ran the LDA model on the live tree data



J. Knott and others

from the first measurement of each plot, increasing
k by 1 from 2 to 12 (the number of communities
found across the entire eastern U.S. in Knott and
others 2020). Models were fit in the fopicmodels R
package (Hornik and Griin 2011) via Gibbs sam-
pling with 5 repeated random starts, 5000 total
iterations each, with an initial burn-in period of
500 iterations. For each level of k, the model
resulting from the random start with the maximum
posterior likelihood was retained. We compared
models with k¥ communities using four metrics of
model fit from the [ldatuning R package (Nikita
2016). Two metrics are maximized and 2 are min-
imized at the best fit number of communities. A
visual inspection of these metrics showed that 2
metrics were uninformative (never reaching a local
maximum or minimum across the entire range of
k), but two others had maximum and minimum
values at kK = 6 communities (Figure S1). We ex-
plored the posterior distributions of the k=6
model to see how species composition of the com-
munities aligned with our expectations about the
species composition of forests in the Great Lakes
region, for example, whether any communities
were comprised of only one species or whether
well-known species associations were detected by
the model (for example, sugar maple and bass-
wood, Braun 1950). The second-best model, k = 10
communities, was also evaluated based on the
resulting species composition, but the species
composition of some communities did not align
with previously published forest communities of
the Great Lakes region (for example, Braun 1950;
Bechtold and Patterson 2005; Dyer 2006; Costanza
and others 2017; or Knott and others 2020).
Therefore, we focused the rest of the results and
discussion on the k=6 community model (see
Appendix 2 for more information about the model
selection process).

The posterior distribution of the final k=6
community model was used to predict the propor-
tion of each community in each of the remea-
surements in the live tree data (n = 15,294
remeasurements). The k = 6 model was also used
to predict the proportion of each live tree com-
munity represented in the seedling and standing
dead plot x species datasets. Species composition
of each community remained static over time using
this approach. We used this approach as opposed to
fitting new models for the seedling and standing
dead tree data to make direct comparisons across
demographic components of the community, but
our methods presented a tradeoff. We were able to
assess changes in community proportions within
each plot separate from changes in species associ-

ations across plots, which allowed us to track
specific communities through time across multiple
plot remeasurements versus a comparison across a
single interval (for example, Valle and others 2014;
Knott and others 2020). However, this method
precludes the formation of novel communities over
time or shifts in species composition of the com-
munities.

Neither a discrete model of forest communities
nor the LDA model perfectly reflects the ecological
transition from one forest community to another.
However, LDA allows for a range of magnitude in
shifts in community composition versus only
abrupt transitions from one community to another
that can be identified from other discrete ap-
proaches. LDA also partitions carbon pools of each
demographic component into a variety of com-
munities, which, hypothetically, links carbon pools
to the different communities more accurately than
discrete classifications. To test this assumption, we
compared models with LDA-identified communi-
ties to FIA-defined forest types and broader forest
type groups (55 forest types and 15 forest type
groups in the Great Lakes region).

We compared community proportions among
and within demographic components using Jen-
sen-Shannon Distance (JSD), a continuous dis-
tance measure for compositional data (Lin 1991;
Hall and others 2008). JSD is symmetric and
bounded by [0,1], where O represents identical
community composition, and 1 represents com-
pletely different community composition (Lin
1991; Hall and others 2008; Knott and others
2020). JSD was used to track changes in each
demographic component over time: seedlings,
representing community shifts within the under-
story; live trees, representing shifts in the main
carbon-capturing species; and standing dead trees,
representing the risk of mortality within certain
communities (Figure 1). JSD was also used to
estimate the degree of divergence in community
composition of the different components of the
community within a stand. The degree of diver-
gence estimates the diversity of communities across
demographic components as well as identifies
stands where the current (live) community com-
position varies from the past (standing dead) and
future (seedling) community composition of the
stand.

We used generalized linear mixed effects models
(GLMMs) and mixture design models to address
four main comparisons: (1) How are live and
standing dead tree carbon partitioned across the six
communities? (2) Which communities have the
most changes to live tree carbon (which are cap-
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turing or losing carbon most rapidly) and standing
dead tree carbon (most at risk for mortality)? (3)
Are shifts in community composition or structure
of the different demographic components (seed-
lings, live trees, and standing dead trees) indicative
of changes in carbon stocks? (4) Are forests with
larger degree of divergence between the seedling,
live tree, and standing dead community compo-
nents more/less carbon dense than those with
smaller degree of divergence? Because community
composition is a proportion/relative frequency
(that is, the sum of all community proportions in a
plot equals to one; in a six-community model, if the
proportion of communities 1-5 are known, the
proportion of community 6 is also known via
subtraction from one), regression models contain-
ing all community proportions as predictors cannot
be fit due to singularity in the matrix calculations.
While there are methods for analyzing composi-
tional data (for example, mixture design used in
manufacturing, Eriksson and others 1998) and
remeasurements (for example, GLMMs with ran-
dom effects of sampling unit, Zuur and others
2009) there are not, to our present knowledge,
methods to account for both compositional pre-
dictors and repeated measures in a single model
without significant transformations and/or variable
reduction which makes interpretation difficult.
Instead, we used two approaches which produced
similar results: (1) GLMMs for each individual
community of each demographic component
which account for remeasurements but not com-
positional data (using R package /me4, Bates and
others 2015) and (2) mixture design models which
account for compositional data but not remea-
surements (using R package mixexp, Lawson and
Willden 2016).

We fit GLMMs to assess carbon stocks as a
function of community composition of the seed-
ling, live tree, and standing dead demographic
components and three measures of stand structure:
live tree carbon stocks as a function of the pro-
portion of the six communities (individually) across
the seedling and live tree demographic components
(12 models with one fixed effect each); standing
dead tree carbon stocks as a function of the pro-
portion of the six communities across the standing
dead and live tree demographic components (12
models with one fixed effect each); and live and
standing dead tree carbon stocks as a function of
the mean, variance, and skewness of the DBH
distribution (two models with three fixed effects
each). GLMMs contained a random intercept term
for plot ID (to account for remeasurements) and
used a log-normal error distribution for carbon

stocks (Gaussian distribution with a log link func-
tion). We also fit GLMMs using FIA-defined forest
types (55 forest types/54 indicator variables) and
forest type groups (15 forest type groups/14 indi-
cator variables) to compare to a GLMM containing
all but one LDA-identified community and the
mixture design model.

We also fit linear (normal error distribution)
mixed effects models for change in live tree and
standing dead tree carbon as a function of changes
in community composition (JSD value) in the
seedling (fsccq), live tree (fjive), and standing dead
(Bdeaq) demographic components of the community
over time and degree of divergence in community
composition between seedling versus live tree
(PBseed_tive), and live tree versus standing dead tree
(Bdead_tive) demographic components of the com-
munity within a stand at the time of each remea-
surement. These models used the same random
intercept term for plot ID to account for remea-
surements. The intercept (fo) values of these
models represent the mean change in carbon stocks
over time if the seedling, live tree, and standing
dead communities are identical (JSDgeed live =
JSDgead tive = 0) and static between remeasure-
ments (JSDgeeqd = JSDjive = JSDgeaq = 0). We  fit
similar models using mean DBH (fimean_dbn), vari-
ance of DBH (fyar abn), and skewness of the DBH
distribution (fskew abn) as predictors of change in
live tree and standing dead tree carbon.

Mixture design models were fit with live or
standing dead tree carbon stocks as a function of all
six community proportions as predictors. We fit
two models for live tree carbon, one with live tree
community proportions and one with seedling
community proportions as predictors. Similarly, we
fit two models for standing dead tree carbon, one
with live tree community proportions and one with
standing dead community proportions as predic-
tors. Coefficient estimates from mixture design
models were used to estimate carbon stocks in
stands dominated by each community in each
demographic component (Table 1). For both
GLMMs and mixture design models we corrected
for multiple testing by using a stricter & = 0.01 level
to assess significance of predictors (that is testing if
99% confidence intervals contain/exclude zero).

REsuLTs

The best-fit LDA model identified six unique, dis-
tinct forest communities within the FIA live tree
data (Table 1, Figure 2). Our initial live tree dataset
contained 91 species, but only 38 species were
strongly associated with a certain community
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Figure 3. Estimates of live and standing dead tree carbon stocks by community type. Coefficients (Mg C ha™') by
community type were estimated from mixture design models and represent the A live tree carbon stocks in forests
dominated by each community type in the live tree (circles) and seedling (triangles) components of the community and B
standing dead tree carbon stocks in forests dominated by each community type in the live tree (circles) and standing dead
(squares) components of the community. Error bars indicate 99% confidence intervals (CI). Vertical lines indicate mean
carbon density (40.35 and 2.21 Mg C ha™ ' in A and B for live and standing dead tree carbon, respectively). Colors indicate
significance of relationship (red = CI below the mean, blue = CI above the mean, black = CI contains the mean).

(species proportion > 1/91, ~ 0.011, in any com-
munity). The number of species in a community
meeting this criterion ranged from 4 to 12. The
mean proportion of each community was similar
across the live tree communities, ranging from
0.149 (community 1, spruce-tamarack) to 0.186
(community 4, red oak-jack pine). Species com-
position was similar but not identical to other sub-
continental studies of forest communities (for
example, Braun 1950; Dyer 2006; Knott and others
2020) due to fitting the model within the Great
Lakes region. For example, the conifer-birch com-
munity in Knott and others (2020) and fir-cedar-
birch (community 6) in this study both contained
balsam fir (Abies balsamea), northern white cedar
(Thuja occidentalis), and paper birch (Betula papyr-
ifera). The spruce-tamarack community in Knott
and others (2020) was similar to the spruce-tama-
rack community (community 2), both containing
black spruce (Picea mariana) and tamarack (Larix
laricina) as dominant species. Similarly, Braun
(1950) and Dyer (2006) identified maple-basswood
as a defining community of the Great Lakes region,
which matched with our sugar maple-basswood
community (community 3).

The second-best LDA model contained 10 com-
munities (Figure S1) but did not conform to prior
observations in the region. Although some com-
munities identified in the ¥ = 10 community model
were expected for the region (such as sugar maple-

basswood), others did not align with previously
published work (for example, Braun 1950; Bech-
told and Patterson 2005; Dyer 2006; Costanza and
others 2017; or Knott and others 2020) or poorly
reflected the underlying FIA data (such as a quak-
ing aspen-only community, which only occurred as
a monoculture on < 2% of FIA plots where
quaking aspen was found in the Great Lakes re-
gion, Appendix 2).

Aboveground live tree carbon varied across the
six communities (Table 1). The mean plot-level
estimate of aboveground live tree carbon was
40.4 Mg C ha! (standard error, SE =0.18
Mg C ha™'). Coefficient estimates from the mix-
ture design model for plots completely dominated
by each community type (P < 0.001, corrected
R*=0.31, Figure 3a, Table S1) indicated that
community 3, the sugar maple-basswood commu-
nity, had the highest carbon density at
88.4 Mg C ha™' (SE = 0.65 Mg C ha™') whereas
community 1, the spruce-tamarack community,
had the lowest carbon density at 5.2 Mg C ha™'
(SE = 0.77 Mg C ha™!'). Community 5 (red maple-
red pine) was predicted to have higher than aver-
age carbon density at 54.5 Mg C ha™' (SE = 0.87
Mg C ha™'), and Community 2 (quaking aspen-
black ash) was predicted to have the second lowest
carbon density at 10.9 Mg C ha~! (SE = 0.75
Mg C ha™!'). Communities 4 (red oak-jack pine)
and 6 (fir-cedar-birch) were predicted to have
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carbon density similar to but slightly below the
average (total = 37.9 and 37.1 Mg C ha™!, SE =
0.75 and 0.73 Mg C ha™!, respectively). General-
ized linear mixed-effects models with the propor-
tion of each community in the tree data as a
predictor of forest carbon density (log-normal error
distribution, with a random intercept for plot ID to
account for the multiple remeasurements) con-
firmed these patterns. The proportion of commu-
nities 3 (sugar maple-basswood), 5 (red maple-red
pine), and 6 (fir-cedar-birch) in the live tree com-
ponent were positively associated with live tree
carbon density and communities 1 (spruce-tama-
rack), 2 (quaking aspen-black ash), and 4 (red oak-
jack pine) were negatively associated with live tree
carbon density. The mixture design model with
seedling community proportions as predictors of
live tree carbon stocks found similar patterns, ex-
cept community 5 had only small differences from
the mean live tree carbon density (P < 0.001,
corrected R? = 0.22, Figure 3a, Table S1).

Two GLMMs—one containing FIA-defined forest
types (55 forest types represented by 54 indicator
variables) and one containing FIA-defined forest
type groups (15 forest type groups represented by
14 indicator variables)—performed significantly
worse than the mixture design model and a GLMM
with the first five LDA-identified communities as
predictors of live tree carbon (AICc weight = 1 for
the mixture design model compared to all models
and AICc weight = 1 for the GLMM with LDA-
identified communities compared to GLMMs with
FIA-defined forest types and forest type groups).
Comparisons of these models also showed that FIA-
defined forest type groups were better predictors of
live tree carbon stocks than the more specific FIA-
defined forest types because of the rarity of some
forest types (12 out of 55 forest types were found
on < 10 plots).

Standing dead tree carbon stocks were much
lower than live tree carbon stocks. The average plot
held 2.2 Mg C ha™' (SE = 0.02 Mg C ha™') stand-
ing dead tree carbon (versus 40.4 Mg C ha™' mean
live tree carbon, approximately 5.5% of the live
tree carbon). The relationship between standing
dead tree carbon stocks and standing dead com-
munity composition was weaker than the analo-
gous relationship in the live tree community
(P < 0.001 but corrected R®* < 0.01 for the
standing dead mixture design model, Figure 3b).
Standing dead tree carbon stocks varied signifi-
cantly across different community compositions of
the live tree and standing dead components of the
community (based on mixture design model coef-
ficients like the live tree carbon model, Figure 3b,

Table S1). The standing dead tree carbon stocks
were the highest for community 4 (red oak-jack
pine) (2.6 Mg C ha™!, SE = 0.079 Mg C ha~') and
lowest for community 2 (quaking aspen-ash)
(1.8 Mg C ha™', SE = 0.084 Mg C ha™'). Commu-
nities 3 (sugar maple-basswood) and 6 (fir-cedar-
birch) also had higher than average standing dead
tree carbon density (total = 2.4 and 2.3 Mg C ha™ ',
SE = 0.103 and 0.077 Mg C ha™!, respectively).
Community 5 (red maple-red pine) had lower than
average standing dead tree carbon density
(2.0 Mg C ha™!, SE = 0.134) while Community 1
(spruce-tamarack) had similar to (but slightly lower
than) average standing dead tree carbon density
(2.2 Mg C ha™', SE = 0.129).

Variables related to forest structure were signifi-
cant predictors of carbon stocks. Mean DBH, vari-
ance of DBH, and skewness of the DBH distribution
were all positive predictors of live and standing
dead tree carbon. Unsurprisingly, this indicated
that plots with larger trees, more variation in tree
size, and more positive/right skewed distributions
(indicative of plots with the presence of large trees)
had more carbon across live and standing dead
components. However, despite the significance of
these model coefficients (P < 0.001 for all coeffi-
cients in both the live and standing dead models),
they generally explained a low amount of variance
relative to the random plot effect [GLMM marginal
R* (fixed effects only) < 0.01 for both models,
GLMM conditional R* (fixed and random ef-
fects) = 0.23 and 0.28 for live and standing dead
models, respectively].

Carbon stocks changed over time, but stock
changes were only weakly associated with indi-
vidual community proportions (GLMM marginal
R* < 0.07 for all communities). Measures of
change over time across all components of the
community (JSD between remeasurements for
seedling, live, and standing dead components) and
within stand degree of divergence in community
composition between components of the commu-
nity (JSD between seedlings, live trees, and stand-
ing dead trees within a measurement period) were
generally better predictors of changes in forest
carbon stocks than the proportion of any commu-
nity alone (GLMM marginal R* = 0.11). The model
with shifts in forest structure alone did not perform
as well as the model with shifts in community
composition alone, but the best model included
both structure and community shifts as predictors
of live tree carbon change (GLMM marginal
R?> = 0.16, Figure 4a). Specifically, the best model
indicated that plots exhibited general increases in
live tree carbon over time (significant positive
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Figure 4. Effects of changes in the components of forest communities and shifts in stand structure on changes in carbon
stocks. Coefficients were estimated using a linear mixed effects model with Jensen-Shannon Distance (JSD) in the seedling
(Pseeq), the live tree (Piive), and standing dead (flgeaq) components of the community over time, JSD as an estimate of the
degree of divergence in species composition between the seedling and live tree (fseed_wree), and live tree and standing dead
(Baead_tree) demographic components of the community within stands at each remeasurement, and shifts in forest structure
(mean DBH, fiean_dbh, vVariance of DBH, Byar qbn, and skewness of diameter distribution, fgew dbn,) @s predictors of A live
and B standing dead tree carbon stock change (Mg C ha™' y™'). Intercept (f,) represents the change in carbon stocks over
time if the seedling, live tree, and standing dead communities are identical (fseed tive and Pdead tive = 0), and both
community composition and structure are static between remeasurements (fseed, Pliver Pdeadr Pmean_dbhs Pvar_dbn, and
Pskew_dabh = 0). Standardized slope coefficients (f values) are estimates of effect size for change in carbon stocks when each
predictor increased by one standard deviation (while holding others fixed). Error bars indicate 99% confidence intervals
(CI). Colors indicate significance of relationship (red = CI below 0, blue = CI above 0, black = CI contains 0).

intercept, fo = 0.43 Mg C ha™ ' year ', P < 0.001, predictor of change in standing dead tree carbon
Figure 4a, Table S2) except when the community (Bdead = 0.049, P < 0.001, Figure 4b, Table S2),
composition of the live or standing dead compo- and degree of divergence between the live tree and
nents change over time (fyee= — 0.502 and standing dead components of the community was
Paead = — 0.081, P < 0.001 for both predictors, the strongest negative predictor of change in
Figure 4a, Table S2). A significant positive coeffi- standing dead tree carbon (f4cad tive = — 0.046,
cient for Pgead 1ive Showed that plots tended to in- P < 0.001, Figure 4b, Table S2). Changes in vari-
crease live tree carbon over time when the ance and skewness of the diameter distribution
community composition of the standing dead were significant, yet weaker, negative predictors of
component of the community diverged from the shifts in standing dead tree carbon (Byar abn = —
live tree component (fgead_tive = 0.199, P < 0.001, 0.020, P < 0.001; and Pskew dbh = — 0.023,
Figure 4a). Shifts in forest structure were also P < 0.001, Figure 4b, Table S2).

positive predictors of live tree carbon shifts: in-

qeas.es 1p mean, yarlance, or skewness of the DBH DISCUSSION

distribution (a shift toward larger and/or more size

classes) were associated with increases in live tree In contrast to discrete approaches, the continuous

carbon  (fmean abn = 0.604, Pyar qbn = 0.293, and distribution of forest communities identified by

Bskew dbh = 0.307, P < 0.001 for all three predic- LDA showed how forest carbon pools are parti-

tors, Figure 4a, Table S2). tioned across unique communities of the northern
Similarly, forests generally increased in standing forest. Our comparison of models using LDA-

dead tree carbon over time (fy = 0.066 Mg C ha~ identified communities versus FIA-defined forest

"year™!, P < 0.001, Figure 4b, Table S2). Change types showed that carbon stocks are better attrib-

in community composition of the standing dead uted to communities using the continuous LDA

component over time was the strongest positive model. The variability of carbon stocks per com-
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munity was similar between our study and Hoover
and Smith (2021) (SE = 0.65-0.87 vs. 0.36-
0.85 Mg C ha™! in Hoover and Smith 2021), but
community-level mean carbon stocks ranged from
5.2 to 88.4 Mg C ha™' for LDA-identified commu-
nities versus 29.3-59.7 Mg C ha~' for FIA-defined
forest type group. While discrepancies are partially
due to plot selection criteria (5594 plots remaining
forest over three or more measurements in our
study versus 8094 plots remaining forest over two
measurements in Hoover and Smith 2021), the
reduced variability of carbon stocks between FIA-
defined discrete forest type groups showed how
carbon stock estimates trend toward the mean
when they are not partitioned into different com-
munities/forest types within a plot. Additionally,
the continuous distribution of the LDA-identified
communities addressed gradual changes to com-
munity composition even when forests did not shift
in FIA-defined forest type.

We found that the two maple-dominated com-
munities (3, sugar maple-basswood and 5, red
maple-red pine) had the highest live tree carbon
density, but were less prevalent than the other
communities except spruce-tamarack (ranked 5th
and 4th, respectively, for mean community pro-
portion across the region). Conversely, forests with
a larger proportion of the spruce-tamarack (com-
munity 1) and quaking aspen-black ash (commu-
nity 2) had the lowest live tree carbon density. This
may in part be due to the higher proportion of early
successional species in these communities: tama-
rack is often the first species to establish in hydric
areas such as filled-lake bogs, and quaking aspen is
a common early successional species on drier sites
(Burns and Honkala 1990a, 1990b). All four of the
defining species in these communities are classified
as shade intolerant (Burns and Honkala 1990b,
1990a), indicating that they may be limited in
capturing carbon in denser stands when competing
for sunlight.

We did not find strong relationships between the
rate of change of either live or standing dead tree
carbon stocks and the proportion of any one forest
community; instead, changes in carbon stocks were
more closely related to overall changes in forest
community composition. Not surprisingly, changes
to live and standing dead tree carbon pools were
most closely linked to changes in community
composition of the respective demographic com-
ponents. However, we found it interesting that the
degree of divergence in community composition
between the live and standing dead demographic
components (that is, JSD between live tree versus
standing dead communities) was a significant pre-

dictor of change in live tree carbon stocks, indi-
cating that stands where the past (standing dead)
community composition differed from the current
(live) community composition (more dynamic
stands) tended to capture carbon more rapidly than
stands where the past and current community
composition was static (Figure 4). This may indi-
cate forests transitioning from less carbon dense
early successional communities to more carbon
dense later successional communities and/or in-
creases in species and structural diversity when
more community types are present in the different
demographic components (Gough and others 2010;
Niklaus and others 2017; LaRue and others 2019).
Our analysis of shifts in forest structure generally
supported this interpretation: stands where the
DBH distribution shifted toward larger trees and/or
stands that were more structurally diverse (increase
in DBH variance) tended to increase in live tree
carbon over time. It is also consistent with broader
landscape-level land use change, where more dy-
namic landscapes sequestered more carbon (Woo-
dall and others 2015).

Our analysis was at the plot/community level,
where comparisons could be made within demo-
graphic components of the community over time or
between demographic components of the com-
munity at a given time (Figure 1). However, link-
ing changes between different carbon pools and
demographic components over time remains a
challenge—for example, estimating regeneration,
recruitment, or mortality (empty diagonal arrows
in Figure 1). Limitations in the FIA sampling pro-
tocol (for example, seedling data collected as stem
counts versus DBH measurements; Shriver and
others 2021), human intervention (for example,
thinning of the understory and removal of trees for
timber), and physical/biological processes (for
example, probability of a dead tree remaining
standing due to topography and physiography,
traits including rooting depth, decay rate, and
wood density, and other stand-level characteristics;
Oberle and others 2018) could bias the estimation
of regeneration, recruitment, and mortality rates
without more precise individual tree demographic
data and modeling (for example, see Shriver and
others 2021).

Here, we focused our analyses on the above-
ground carbon pools of the live and standing dead
demographic components of the community, but
these represent only part of the carbon pools within
forests. Soils and the belowground interactions
between tree roots and microbial communities are
important parts of the forest carbon cycle (Silva and
Lambers 2021). Averill and others (2018) and Jo
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and others (2019) showed that forest carbon stored
in soils is closely linked to mycorrhizal associations
of the tree community and nitrogen deposition
favors arbuscular mycorrhizal (AM) associated tree
species. This has the potential to further shift forest
communities and belowground carbon stocks, as
root-derived carbon is generally greater for AM
trees (Keller and others 2021). Although FIA col-
lects soil data on a limited subsample (approxi-
mately 1/16) of forest plots in our study area,
resampling does not occur at the same frequency as
the forest inventory and is not yet available in the
FIA database to allow comparisons between chan-
ges in forest communities and aboveground carbon
stocks to changes in soil attributes.

We used the live tree LDA model to predict the
proportion of each community in the seedling and
standing dead tree data, which represented a
tradeoff in methodology: by keeping the species
compositions fixed, we more directly compared the
three demographic components both over time and
within each remeasurement, but we lost the ability
to assess changes in species composition within a
community type over time, which also precludes
the formation of additional unique communities
(Knott and others 2020). This forced understory
communities, which may be more dynamic than
live tree communities and vary across timescales
shorter than the remeasurement period (that is,
changes that occur in less than 5-7 years; Small
and McCarthy 2003), to align with the mid- and
overstory components of the live tree data. Unique
mixtures of species may exist within the understory
that never become part of the mid-or overstory
(and eventually deadwood when mortality occurs)
because of the strong environmental filter that
prevents members of the seedling layer from
recruiting into the upper strata (Shriver and others
2021). Similarly, the presence and abundance of
standing dead trees may be species- or cohort-spe-
cific. It can be difficult for field crews to identify the
species of dead trees, and some species (in this
study, 18 out of 91 species) do not produce stems
large enough to meet standing dead criteria
(Woodall and Nagel 2006). Forest structure and/or
species traits may influence the probability of trees
meeting standing dead criteria (for example, more
dense forests may prevent trees from falling, and
trees with deeper roots may be more likely to re-
main standing after dying; Oberle and others
2018). Certain species or cohorts may experience
periodic dieback (for example, due to disease or
insect damage) which affects the relative propor-
tion of species within a community (Heitzman
2003; Knott and others 2020). Still, our analysis

represents one of the first attempts at linking
community and carbon dynamics across three
demographic components of the forest community.

Trends in community composition change may
be region-specific and confounded by other legacy
effects and/or data availability. For example, com-
paring temporal trends in community composition
and carbon dynamics in our study region to other
parts of the U.S. may be difficult due to FIA pro-
tocol. The remeasurement period is much longer in
the western U.S. (usually 10 years), which influ-
ences the probability of detecting subtle shifts in
composition and/or carbon dynamics because of
the frequency of large disturbance events in the
western U.S. (for example, extensive wildfire; Noss
and others 2006; Schoennagel and Nelson 2011).
Legacy effects (biogeographical and anthropogenic)
vary across the U.S., differentially affecting the
natural progression of forest communities through
succession and structural complexity (Cuddington
2011; Gough and others 2020). Because succession
represents both shifts in community composition
(for example, trends toward the sugar maple-bass-
wood association in much of our study area) and
changes to structure (for example, trends toward
larger trees), it is difficult (if not impossible) to
distinguish purely successional and stand develop-
ment processes from changes in forest communities
in response to recent global change (Cuddington
2011).

The community composition and carbon pools
we analyzed are also part of a larger socio-ecolog-
ical system. The fate of forest carbon depends not
only on ecological processes but also human and
wildlife use. Standing dead trees may fall, and
carbon may end up in downed deadwood and
eventually soil, and the probability of standing
dead trees entering these pools varies among
community types (Woodall and Nagel 2006; Oberle
and others 2018). Human activities can affect car-
bon cycling directly through harvest, where carbon
is either quickly released (for example, burned) or
stored long-term in wood products (for example,
building materials), and indirectly by speeding up
carbon cycling through nitrogen deposition (Mag-
nani and others 2007; Jo and others 2019; Averill
and others 2018). There are also implications be-
yond carbon cycling such as the provision of
wildlife habitat through standing dead trees and
coarse woody debris and production of mast and
other plant tissue by the seedling and live tree
demographic components as food sources for
wildlife (Marcot and others 2010). These interac-
tions with wildlife can feedback with the forest
community dynamics through herbivory, seed
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dispersal, and management for wildlife habitat
(Vellend and others 2006).

CONCLUSIONS

We found shifts in communities at a temporal scale
spanning a relatively short period of ca. 20 years
(with five-year remeasurements). Our study aimed
to detect changes in the community composition of
forest stands in the Great Lakes region and link
these changes to shifts in forest carbon using a
continuous model of forest community classifica-
tion in contrast to traditional discrete approaches.
Discrepancies between the continuous LDA model
and FIA-defined forest type groups suggest that
entities such as the FIA Program aiming to estimate
carbon attributes by forest type/community could
consider a continuous model of forest type/com-
munity classification to improve how they partition
and report carbon stocks and stock changes across
forest communities. Although our analysis tracked
a set of six communities across two decades, it is
possible that additional novel communities will
form and/or current communities will break apart
as a result of climate change, further altering the
ability of forests to capture and store carbon. For-
ests are part of an important feedback with the
climate system, sequestering carbon to mitigate
climate change, while in turn climate change has
caused forest tree species to shift their distributions,
leading to altered functions and the disruption of
preexisting communities (Woodall and others
2009; Fei and others 2017; Knott and others 2020).
Commitments to tree planting projects to increase
carbon sequestration on forestlands may need to
consider additional adaptive management of for-
ests, such as aligning planting efforts with recent or
future projected species distributions and novel
communities (Bastin and others 2019; Domke and
others 2020). The linkages we found between for-
est community change and carbon dynamics pro-
vide insight into the ability of forests to mitigate
climate change, especially when faced with cli-
mate-driven range shifts and adaptive management
efforts that may induce a shift from one community
to another.
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