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Abstract

1.

American chestnut (Castanea dentata) was once a dominant tree species spanning
the eastern temperate forests of the United States until the introduction of chest-
nut blight in the early twentieth century resulted in its functional extinction. Recent
advances in the development of blight-resistant American chestnut could support
widespread restoration, but optimal locations for restoration plantings remain

uncertain.

2. Previous models of American chestnut created to address this question rely on post-
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successful restoration sites. Additionally, climate change is shifting the locations of
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model current and future suitability for 11 chestnut-associated tree species within
a broader assemblage of 39 tree species commonly found in eastern temperate
forests.

We identified a poleward shift in habitat for the forest communities American chest-
nut historically occurred with. Especially suitable areas were in the northeastern
United States and northern Michigan, as well as possible refugia in higher elevation
areas of the Appalachian Mountains. These areas overlap with 2988 existing conser-
vation properties most suitable for restoration.

Synthesis and applications. Our joint species distribution modelling approach high-
lights its value in guiding the adaptive restoration of functionally extinct species
in forests shaped by past and ongoing disturbance. We predicted a northward
shift in species associated with American chestnut and identified lands already
set aside for conservation where conditions are likely to be suitable for its long-

term survival under climate change. These results provide actionable guidance
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1 | INTRODUCTION

The American chestnut (Castanea dentata) was a dominant tree
species spanning the eastern temperate forest ecoregion of the
United States until it was nearly eradicated by blight. Where they
were most abundant, American chestnut is estimated to have
composed up to 50% of the forest (Russell, 1987) and could grow to
be 12 feet wide and over 100 feet tall. Often described as ‘the perfect
tree’, American chestnuts provided an abundant and nutritious food
source for people and livestock, and its rot and insect resistant wood
served as strong timber for building (Davis, 2005). Ecologically, it
filled a unique role in the function of eastern temperate forests,
rapidly sequestering carbon and contributing nutrients to the soil
(Ellison et al., 2005), as well as producing prolific masts with easily
accessible nuts used by species across trophic levels (Dalgleish
& Swihart, 2012). Today, less than 10% of the original population
remains across its range (Dalgleish et al., 2016) after the introduction
of chestnut blight (Cryphonectria parasitica) in the late 19th century,
leaving those that persist as small non-reproductive root sprouts
in a perpetual cycle of resprouting, infection, and stem dieback
(Anagnostakis, 1995).

Replanting of blight-resistant American chestnut could restore
its lost ecological and sociological functions. Blight-resistant hy-
brids (Jacobs, 2007) and genetically modified trees (Newhouse &
Powell, 2021) have performed well in a range of experimental rein-
troductions (Clark et al., 2022). However, restoring American chest-
nut regionally and at a landscape scale requires that conservation
practitioners identify a more comprehensive number of sites well-
suited for reintroduction within existing conservation lands. The
designation ‘well-suited’ must include consideration of abiotic con-
ditions, such as the need for species ranges to shift in response to
climate change (Sittaro et al., 2017; Zhu et al., 2012), as well as biotic
conditions, such as the forest community composition historically
associated with American chestnut populations.

Many spatial models have already identified climatically suitable
potential habitat for American chestnut range wide (e.g. Adeyemo &
Granger, 2023; Barnes & Delborne, 2019; Noah et al., 2021), and at
smaller scales (Henderson et al., 2022, 2023; Klaus & Klaus, 2025;
Tulowiecki, 2020). For example, Adeyemo and Granger (2023) use
a single species distribution model (SDM) with 1806 modern occur-
rences in combination with temperature, precipitation, soil, and el-
evation to predict the presence and absence of American chestnut
across its native range under current and future conditions. However,

this type of modelling approach may be limited by a reliance only on

for expanding experimental assisted migration and restoration plantings of blight-

resistant American chestnut throughout and beyond its historical range.

American chestnut, Bayesian hierarchical modelling, conservation plantings, eastern
temperate forests, forest adaptation, restoration

post-blight distributional data, introducing spatial biases. Current
American chestnut occurrences undercount and may misrepresent
its original broader and more abundant distribution (Burke, 2012).
Many previous SDM approaches also rely on pseudo-absence data
instead of true absences, which could be particularly problematic
when representative distributional data are lacking creating models
with worse fit (Wisz & Guisan, 2009). Additionally, given the former
dominance of American chestnut, information about potential abun-
dance of the species could be critical for identifying sites for resto-
ration with a higher likelihood of success—abundance information is
not included in previous SDMs (Adeyemo & Granger, 2023; Barnes
& Delborne, 2019; Noah et al., 2021).

Joint species distribution models (JSDMs) address many of these
gaps yet remain underutilized in restoration ecology. As opposed to
traditional SDMs, which predict distributions based on fixed environ-
mental effects and a residual site-level random effect, JSDMs addi-
tionally account for statistical dependence among species in their
responses to included environmental variables and in site-level random
effects (Clark et al., 2014; Pollock et al., 2014; Warton et al., 2015).
Joint modelling approaches generally result in improved prediction of
local communities because they account for the fact that species do
not occur independently of one another at a site (Poggiato et al., 2021).
While species assemblages of North American forests are not fixed
(Williams et al., 2001) and may respond differently to a changing cli-
mate (Gougherty et al., 2024; Hobbs et al.,, 2018), co-occurrence
emerges from shared environmental filtering and trait similarity, al-
lowing assemblages to act as indirect indicators to estimate suitable
habitat conditions (Ovaskainen et al., 2017). For example, Zhang
et al. (2020) compared single and joint modelling of 31 prevalent and
6 rare marine species and found community data in the joint models
improved the prediction of rare species occurrence. This methodol-
ogy is similar to a successful conservation approach at regional and
landscape scales using ‘surrogate’ species, in which a smaller group of
well-known species is used as a proxy for those harder to survey (Talle
et al., 2023). Such an approach is especially useful for a species like
American chestnut, which has limited extant distributional data due to
near extirpation after the introduction of blight. We can take advan-
tage of the joint abundance of species associated with American chest-
nut and available robust sampling data of the forests across its range
to make estimates of its potential modern abundance. Areas predicted
to have a high abundance of chestnut-associated species would then
serve as a starting point for reintroduction efforts.

In this study, we ask which sites and associated environmental con-
ditions across eastern North America are most likely to support forest
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communities in which American chestnut could thrive under current
and future climatic conditions. Using a two-stage Bayesian joint species
distribution model, we examine where species historically associated
with American chestnut are predicted to occur and, conditional on their
presence, where overstory tree abundance is expected to be greatest.
We further ask how projected climate warming scenarios alter these
patterns and what implications these changes have for identifying opti-
mal locations for chestnut introduction. Finally, we evaluate the extent
to which high-priority restoration areas overlap with existing conser-
vation lands, thereby identifying opportunities and gaps for targeted
silvicultural experiments and management of existing forests.

2 | METHODS
2.1 | Dataassembly
211 | FIAdata

USDA Forest Service Forest Inventory and Analysis (FIA) data were
downloaded using the ‘rFIA’ package (Stanke et al., 2020)inRv.4.4.0 (R
Core Team, 2024) for 29 states intersecting and surrounding the pre-
blight range of American chestnut (Figure 1b, Little, 1971). These data
were then further filtered to only include plots within FIA designated
forest groups containing species historically associated with American
chestnut. Plots were then filtered to the pre-blight range of American
chestnut (Little, 1971) with a 10km buffer to better capture the species
assemblages where chestnut once occurred. Rare species which lack
sufficient data for effective modelling were excluded by keeping only
those present in at least 5% of the plots across the dataset. The most

recent inventory measurement was used for plots measured in more
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FIGURE 1 (a) Density plot of mean minimum temperature over
the growing season (May-September) for each FIA plot. Medians
are indicated by black lines. (b) FIA plots filtered to the range of
American chestnut (Little, 1971) used to train the model coloured
by fold identity. Hexagon blocks used to assign FIA plots into
folds represent the range of spatial autocorrelation (155km) are
overlayed in grey.
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than 1year. This resulted in a total of n=25,416 plots, and 39 species

for use in subsequent modelling.

2.1.2 | Selection of chestnut-associated species

Species historically associated with American chestnut made up a
subset of species included in the model and were determined based
on a review of natural history literature from the region (Braun, 1950;
Whitney, 1994), past studies (Cogbill et al, 2002, Hanberry &
Nowacki, 2016, Korstian, 1927, Paillet, 2003, Russell, 1987) and
proceedings (Steiner & Carlson, 2006) investigating the communities
within which American chestnut historically occurred. From the
literature, we developed a candidate list of contemporary associated
tree species. American chestnut may have had different associations
through paleo history, so we also investigated associations in the fossil
pollen record. Fossil pollen data since the last glacial maximum (22,000
BP) were downloaded from the Neotoma Paleoecology Database
(Williams et al., 2018) using the ‘neotoma2’ R package (Dominguez &
Goring, 2023). To evaluate their associations over time, we calculated
the proportion of plot-year combinations within our study area that
contained Castanea pollen and pollen from each genus of our potential
chestnut-associated species identified from the literature (Acer, Betula,
Carya, Fagus, Liriodendron, and Quercus). Genera which had little
pollen association with Castanea were removed (e.g. ‘Liriodendron’).
Therefore, we selected chestnut-associated species with the greatest
certainty as those species that were mentioned >2 times to co-occur
with American chestnut in the literature and also showed consistent
association at the genus level in the pollen record. The final set of
chestnut-associated species includes Acer rubrum, Betula lenta, Carya
cordiformis, Carya glabra, Carya ovata, Fagus grandifolia, Quercus alba,

Quercus coccinea, Quercus prinus, Quercus rubra and Quercus velutina.

2.2 | Environmental predictor variables

A variety of environmental variables commonly used to model
tree species distributions were considered for inclusion (lverson
et al.,, 2019). These included growing season (May-September):
minimum/maximum temperature, total precipitation, potential
and actual evapotranspiration, climate water deficit, vapour pres-
sure deficit, and soil moisture downloaded at a 4km resolution
from TerraClimate for current conditions (Abatzoglou et al., 2018),
as well as for future mean increase in global temperatures of +2°C
and +4°C above preindustrial levels (Qin et al., 2020). We also
considered several soil variables at a 100m resolution including
percent sand content, pH, and organic soil content (Ramcharan
et al.,, 2018) along with elevation, slope, and aspect at a 305m
resolution (Terrain Tiles, 2026). Stage 2 models also included
measures of total basal area per hectare (BAH) and quadratic
mean diameter (diameter of tree of average basal area; QMD) de-
rived from the FIA data at each site as a measure of forest density
and size to control for successional niche dynamics potentially
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affecting the relative abundance of chestnut-associated species
(see Appendix S1 for more detail).

Exploratory modelling for a subset of species associated with
American chestnut was used to identify a subset of environmental
variables with low among-variable correlation and high explanatory
power for species presence/absence. Based on this exploratory
modelling, we focused on a reduced set of environmental variables
representing climate (minimum temperature, precipitation), physio-
graphic (pH, sand content, organic soil content, slope, elevation) and

biophysical (climatic water deficit) conditions.

2.3 | Modelling approach

We applied a two-stage Bayesian joint species distribution modelling
(JSDM) approach to model the basal area of each of 39 observed
species across FIA plots in the study region. The modelling approach
was adapted from arecently developed model to predict site-specific,
species-level live aboveground biomass applying FIA data (Doser
et al., 2025). This approach applies a generalized linear mixed model
with the mean probability of presence or abundance estimated as a
function of the environmental predictors and random effects that
account for residual species dependence. The hierarchical structure
of the model also accounts for dependencies among species-level
responses to included environmental predictors. In the first stage
(Stage 1 model), we modelled the presence/absence of each species
across the FIA plot locations. In the second stage (Stage 2 model), we
modelled the basal area per hectare of each species conditional on
its presence at FIA plot locations. All models were fit using Markov
chain Monte Carlo (MCMC) simulation using the ‘spOccupancy’
(Doser et al., 2022; Stage 1) or ‘spAbundance’ (Doser et al., 2024;
Stage 2) packages. More detail on our modelling approach can be

found in Appendix S1.

2.4 | Candidate models

Eight candidate models were considered for both the Stage 1 (pres-
ence/absence) and Stage 2 (abundance) models varying both the en-
vironmental variables considered and the random effect structure
(Appendix S2, Table S1). Six combinations of our eight environmental
variables were considered including three additive combinations of cli-
mate, climate + physiographic, and climate + physiographic + biophysi-
cal variables, and another three sets incorporating quadratic terms for
all variables considered. Stage 2 models also included measures of
BAH and QMD as a measure of forest density and size.

In addition to alternative environmental variable sets, we consid-
ered three random effect structures including fixed effects only, a
non-spatial random effect and a spatial random effect (Appendix S2,
Table S1). No random effects were included under the fixed effects
only model (the u; and v;; terms are dropped from Equations 2 and
4 respectively in Appendix S1) equivalent to modelling all species
independently (except for the hierarchical approach to estimate

regression coefficients as in a multi-species occupancy or abun-
dance model). The non-spatial random effect accounts for residual
covariation among species but assumes that the random effects are
not spatially structured (i.e. that there is no residual spatial auto-
correlation). Finally, the spatial random effect model accounts for
spatially correlated residual covariation among species.

2.5 | Model selection

Bayesian model selection was applied to identify the best predicting
Stage 1 and 2 models based on threefold cross-validation applying
the log posterior predictive density scoring rule (log score) to
evaluate out-of-sample prediction (Hooten & Hobbs, 2015). Our
interest was in the ability of the candidate models to predict the
richness (Stage 1) or total basal area per hectare (Stage 2) of the
subset 11 species historically associated with American chestnut.

We applied a modified version of the community log score (ltter
et al., 2024) as our model performance metric for both the Stage 1 and
2 models. We used the ‘poibin’ R package (Hong & R Core Team, 2024)
to evaluate the posterior predictive density for out-of-sample observa-
tions of chestnut-associated species richness. We used the ‘lognorm’
R package (Wutzler, 2021) to approximate the posterior predictive
density for out-of-sample observations of total basal area of chestnut-
associated species. Additional details on the log score approximation
for the Stage 1 and 2 models are provided in Appendix S1.

We applied a two-phase model selection procedure for both the
Stage 1 and 2 models. In the first phase, we evaluated the six po-
tential variable sets applying a fixed effects only model structure
(Appendix S2, Table S1). The goal of phase 1 was to identify the best
predicting set of environmental variables before considering differ-
ent random effect structures. In the second phase, we evaluated the
fixed effects only, non-spatial random effects, and spatial random
effects structures each using the environmental variable set identi-
fied under phase one. The goal of phase 2 was to identify the best
predicting random effect structure conditional on the best predict-
ing set of environmental variables.

The two-phase model selection procedure was implemented to
avoid fitting an intractable number of computationally demanding
Bayesian JSDMs. Note that with six potential variable sets and three
random effect structures there are 18 possible model combinations
for each stage (36 models total x 3 cross-validation folds). Further,
flexible random effect structures, particularly those that incorpo-
rate spatial dependence, may be confounded with environmental
variables affecting inference on the fixed effects in JSDMs (Van Ee
et al., 2022). Thus, there is a statistical justification for separating
the evaluation of fixed and random effects.

2.6 | Cross-validation

We developed a cross-validation scheme to mirror extrapolation
in climate space from current to future conditions. To do so we
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first fit an intercept only spatial factor JSDM to estimate the ef-
fective spatial range of potential spatial autocorrelation across the
study plots using the ‘sfJSDM’ function from the R package ‘spOc-
cupancy’ (Doser et al., 2022). We then created spatial blocks at
the scale of the estimated effective spatial range (~155km) over
the study area using the ‘cv_spatial’ function from the ‘blockCV’
package (Valavi et al., 2019). Using the ‘kmeans’ function from the
‘stats’ package (R Core Team, 2024), we performed a Hartigan-
Wong k means clustering analysis on the mean minimum tem-
perature of each month of the growing season (May-September)
across each block weighted by its overlap with the temperature
rasters to assign blocks to three cross-validation folds. Fold as-
signment was further refined using the empirical cumulative dis-
tribution function of mean minimum growing season temperature
of plots within each block until the number of points in each fold

was roughly equal (Figure 1).

2.7 | Prediction

The best predicting Stage 1 and 2 candidate models, based on model
selection procedure, were refit using the full set of FIA plot observa-
tions. We refer to these refit models as the final Stage 1 and 2 models
respectively. The final Stage 1 model was used to predict the pres-
ence/absence of all study species under current and future climate
scenarios. The final Stage 2 model was used to predict the total basal
area of all study species conditional on their presence (Stage 1 model
predictions) under current and future climate scenarios.

Predictions were made across a dense collection of point lo-
cations equivalent to the centroid of the TerraClimate grid (4km
resolution; Abatzoglou et al., 2018) within states overlapping the
pre-blight range of American chestnut (hereafter ‘study region’;
Little, 1971). Predictions were made for a low-to-intermediate
forest density and over different climate scenarios. Specifically,
the BAH and QMD were set to values representative of the early
development stages of eastern temperate forests based on a his-
toric stocking guide for oak-hickory forests in the eastern US and
close to the average for these values across plots (BAH=19.51m2/
ha; QMD =20.32cm; Gingrich, 1971). Climate variables were set to
TerraClimate estimates under current climatic conditions and under
climate conditions corresponding to +2°C and +4°C global warm-
ing above preindustrial levels (Qin et al., 2020), independent of any
specific year or emissions scenario. The combined BAH of the 11
chestnut-associated species was divided by the total BAH of all 39
species to get the proportion of chestnut-associated species abun-

dance at each prediction location.
2.7.1 | Suitable sites for conservation plantings
To identify feasible sites for American chestnut plantings across

our study region, we calculated the net change in the proportion of
chestnut-associated species abundance for each warming scenario.

50f13

We applied a filter to only include locations with >0 net change such
that the site is likely to be more suitable for American chestnut-
associated species with climate change. Additionally, we classified
each prediction location as either increasing or decreasing in pro-
portional predicted chestnut-associated species abundance across
the study region and within the historic range of American chestnut
from current to +2°C and +4°C warming scenarios.

To assess the predictions made by our model within active con-
servation lands, we used the USGS Protected Areas Database (US-
PAD; USGS 2024). We filtered this dataset to only include areas
designated as statuses ‘1’ or ‘2’ managed for biodiversity or mostly
for biodiversity respectively within the states making up our study
region. For each conservation area, we calculated the median pro-
portion of chestnut-associated species abundance from prediction
locations overlapping it under current, +2°C and +4°C warming sce-
narios. Conservation areas which did not have overlapping prediction
locations used a single nearest location. We then calculated the net
change in proportional chestnut-associated species abundance from
current to +2°C and +4°C warming scenarios and identified areas
predicted to increase as promising for conservation plantings.

Using predicted localities which overlapped these protected
areas, we highlighted two examples of conservation areas which
could be viable locations for restoration and assisted migration
plantings. Both are predicted to have an increase in proportional
chestnut-associated species abundance from current to +2°C and
+4°C climate scenarios, with one falling outside and one within the

historic range of American chestnut.

3 | RESULTS
3.1 | FIAdataset

The final dataset contained 25,416 FIA plots with abundance data
for 39 common eastern temperate tree species (see Appendix S2
for complete list) spanning the pre-blight range of American
chestnut which were included in modelling (Figure 1b). Analysis of
the literature, supported by the fossil pollen record at the genus
level (Appendix S2, Table S2), revealed that 11 of these species are
commonly associated with American chestnut: Acer rubrum, Betula
lenta, Carya cordiformis, Carya glabra, Carya ovata, Fagus grandifolia,
Quercus alba, Quercus coccinea, Quercus prinus, Quercus rubra, and
Quercus velutina. The dataset encompassed a broad climate dataset;
minimum growing season temperatures ranged from 2.8°C to 16.9°C
(mean=9.52°C) and total growing season precipitation ranged from
385.7mm to 827.9 mm (mean=525.4mm).

3.2 | Model selection

The combination of covariates providing the best prediction
among the six fixed effects only Stage 1 models included linear
and quadratic terms for climate and physiographic variables. Stage
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2 fixed effects only models that included quadratic terms (three
candidate models) all had similar predictive performance across
the three cross-validation folds (log scores were within 0.8% of
each other). As such, we applied the most parsimonious of the
three candidate covariate sets including linear and quadratic terms
for climate variables.

For both the Stage 1 and 2 random effects models, candidate
models including the best predicting set of environmental covari-
ates from the fixed effects models and non-spatial random effects
yielded the best predictive performance compared to fixed effects
only and spatial random effect candidate models. Subsequently, the
non-spatial random effect candidate models were used to predict
the presence/absence (Stage 1) and abundance conditional on pres-
ence (Stage 2) of species historically associated with chestnut under
current and future climate scenarios (Appendix S2, Table S1). The
most important covariates across our 11 chestnut-associated species
in the final Stage 1 model included, organic soil content, pH, slope,
and minimum growing season temperature and the quadratic of the
minimum growing season temperature (Appendix S2, Figure S1). In
the final Stage 2 model the most important variables included total
BAH and QMD of all 39 species modelled (Appendix S2, Figure S2).

3.3 | Suitable sites for conservation plantings

Predictions of a high proportion of chestnut-associated species'
abundance across the eastern U.S. under current conditions corre-
spond well with the historic range of American chestnut, with high-
est abundance around the Appalachians. One difference between
the currently observed and predicted range is an overprediction
in northern New England and Michigan. Another is an underpre-

diction across most of the southern historic range of American

(a)
50°N 1

45°N -
40°N -
35°N -

30°N A

chestnut (Figure 2a). Under +2°C (Figure 2b) and +4°C (Figure 2c)
warming scenarios, applied models predicted a progressive pole-
ward shift in proportional chestnut-associated species abundance
into the northeast, with moderate to high predictions in the south
limited to higher elevation regions of the Appalachians. Under both
future warming scenarios, a net loss can be seen in the mid-Atlantic
and south, while gains are limited to the Northeast and northern
Michigan (Figure 3).

Under a +2°C warming scenario, proportional chestnut-
associated species abundance is predicted to decrease across 78%,
increase in 19%, and remain stable at zero proportional abundance
in 3% of sites within the study region. When the analysis is limited to
the historic range of American chestnut, there is a decrease in 92%
and an increase in only 8% of predicted sites. The results are similar
under a +4°C scenario for both the full region (84% decrease, 13%
increase, 3% stable) and the historic range of American chestnut
(98% decrease and 1% increase). The median net decrease in pro-
portional chestnut-associated species abundance across prediction
locations within its historic range was only 9.8% under a +2°C sce-
nario and 24% under a +4°C scenario, suggesting the pace of species
turnover at these sites may not be so rapid as to prevent within-
range conservation plantings of American chestnut.

Locations with a net increase in predicted proportional chestnut-
associated species abundance relative to current conditions identi-
fied the most promising locations for experimental conservation
plantings across the study area as climate change progresses
(Figure 3c, Figure 3d). Under the +2°C warming scenario this over-
laps 3,765,498 hectares from 5598 unique conservation areas. Under
a +4°C warming scenario this drops to 3,260,084 hectares repre-
senting 2988 unique conservation areas (Appendix S2, Figure S3).
The names and administrative information of each conservation area

are listed in Appendix S3.

90°W  85°W  80°W  75°W 90°W  85°W

80°W  75°W 90°W  85°W  80°W  75°W

FIGURE 2 Proportion of basal area/ha of 11 tree species associated with American chestnut out of total basal area/ha of 39 modelled
species under (a) current conditions, (b) +2°C warming, and (c) +4°C warming. Areas of predicted high abundance for chestnut-associated
species are dark green, while areas of low predicted abundance are light green.
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FIGURE 3 Predicted change in the
proportion of basal area per hectare (BAH)
of 11 species associated with American
chestnut out of total BAH of all 39
modelled species under (a) +2°C warming
and (b) +4°C warming relative to current
conditions. Areas in blue represent a net
gain in chestnut-associated species at

a location, while red is a net decrease.
Most promising areas for climate resilient
American chestnut plantings predicted
to have a net increase (>0) difference in
chestnut-associated species abundance
under (c) +2°C warming and (d) +4°C
warming.
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3.4 | Highlighted examples

The first example of suitable locations for restoration and assisted mi-
gration plantings within existing conservation lands focuses on Baxter
State Park in northern Maine, an 84,782 hectare area managed by the
Baxter State Park Authority. American chestnut is not known to occur
here, but three of its associates, A. rubrum, F. grandifolia and Q. rubra do
(Mittelhauser et al., 2016). Our model predicts increasing suitability for
these and other chestnut-associated species under both future climate
scenarios at prediction locations overlapping the park (Figure 4a).

The second example is Cheat Wildlife Management Area, a
32,026 hectare area managed by the West Virginia Division of
Natural Resources within Monongahela National Forest. This
area falls within the historic range of American chestnut, where
it is known to occur along with most of its associates (Thomas-
Van Gundy & Strager, 2011). Our model found that proportional
chestnut-associated species abundance marginally increases in the
area, suggesting stability for American chestnut and its associates
under both future climate scenarios (Figure 4b).

4 | DISCUSSION

Since the blight began decimating populations of American chestnut,
significant effort has been made towards its restoration across its

85°W  80°W  75°W  90°W 85°W  80°W  75°W

historical range. More recently, this work has been informed by
models which predict potential habitat for the species under current
and future climate conditions both across its entire historical range
(e.g. Adeyemo & Granger, 2023; Barnes & Delborne, 2019; Noah
et al., 2021), and at smaller scales (Henderson et al., 2022, 2023;
Klaus & Klaus, 2025; Tulowiecki, 2020). However, these existing
models rely on incomplete post-blight distributional data, lack
true absences, include only abiotic predictor variables, and focus
solely on presence/absence rather than potential abundance of
American chestnut. The two-stage JSDM approach we used in this
study addresses these pitfalls and importantly integrates statistical
dependence among species in a forest (Clark et al., 2014; Pollock
et al., 2014; Warton et al., 2015). The abundance of 11 species
historically associated with American chestnut can act as a proxy
for its distribution across the landscape providing a clearer picture
of where this species may thrive today and under future climate
conditions.

Our approach to modelling a functionally extinct species has
several novel components. First, this is the first study which takes
advantage of the joint probability of chestnut-associated species to
estimate the community of a species which has been drastically re-
duced in occurrence and abundance across the landscape. Second,
our model selection process was tailored to match the predictive
task we set out to accomplish. This involved the use of a novel
cross-validation strategy splitting blocks into folds which mirror the
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FIGURE 4 Example conservation areas for American chestnut
showing an (a) increase (Baxter State Park, Maine) and (b) relative
stability (Cheat Wildlife Management Area, West Virginia) in the
proportion of 11 species associated with American chestnut out of total
BAH of all 39 modelled species. Each circle on the graph represents the
predicted value of a point within the 4km resolution grid overlapping the
area's footprint mapped above for each climate scenario.

extrapolation in climate space being made to +2°C and +4°C warm-
ing scenarios. Through this approach, log scores identified the non-
spatial random effect models as the best performing in both Stage 1
and Stage 2. While spatial random effects generally improve (greater
accuracy, less uncertainty) JSDM predictions (Doser et al., 2023),
previous studies have found relatively short effective spatial ranges
associated with FIA plot data (May & Finley, 2025). The applied
cross-validation approach was designed to control for the potential
of spatial autocorrelation to bias model predictions when predict-
ing across large geographic areas (Ploton et al., 2020) by creating
folds beyond the effective spatial range. As such, it is less surpris-
ing to find that the non-spatial random effect models outperform
the spatial random effect versions. This points to the importance of
constructing a cross-validation approach that follows from the pre-
dictive objective of the analysis (Roberts et al., 2017).

One potential limitation to our approach is that species assem-
blages of North American forests are not fixed (Williams et al., 2001)

and may respond differently to a changing climate (Gougherty
et al., 2024; Hobbs et al., 2018). This introduces uncertainty about
the strength of the associations between the 11 species we se-
lected as associates for American chestnut across space and time.
However, because co-occurrence patterns often arise from shared
environmental filtering and underlying trait similarity, these as-
semblages can still function as useful indirect indicators of suitable
habitat conditions (Ovaskainen et al., 2017). Moreover, our identifi-
cation approach grounded in historical literature and supported by
genus-level co-occurrence in the fossil record likely captures recent
ecological relationships, providing a robust approximation of suit-
ability. Because American chestnut is functionally extinct and has
been extirpated from much of its historical range, direct observa-
tions of its habitat preferences are limited; therefore, our approach
using associated species provides one of the only feasible ways to
infer its potential suitability.

Results from our model identified areas of highest propor-
tional chestnut-associated species abundance in the Appalachian
region but predicted relatively low associate species abundance in
the southern part of American chestnut's historical range. This re-
sult is validated by limited American chestnut understory trees and
sprouts in that part of the pre-blight range from FIA data (Dalgleish
et al., 2016) and reinforced by similar conclusions in other distribu-
tion models (Barnes & Delborne, 2019; Noah et al., 2021). In con-
trast, studies modelling chestnut occurrence in the southern portion
of the historical range specifically have found suitable habitat within
the region (Fei et al., 2007; Laport et al., 2022). The southern range
edge of American chestnut was reportedly retracting northwards
since at least the 19th century, likely due to an early introduction
of a separate pathogen, Phytophthora cinnamomi (Russell, 1987).
This retraction may have led to under sampling of chestnut that
was once more prevalent in the region and only captured in models
more closely investigating occurrence in the southern portion of the
range. Furthermore, American chestnut sampled from the southern
portion of its historical range is known to be more genetically diverse
and distinct from northeast and central populations (Sandercock
et al., 2022; Spriggs & Fertakos, 2021). Therefore, southern popu-
lations of American chestnut may be more locally adapted to unique
abiotic conditions not captured by our model or have weaker asso-
ciations with the associated species used in our study, leading to our
underprediction. Although we did not predict high associate spe-
cies abundance in the lower portion of its range, remnant American
chestnut occurring here contains high genetic and adaptive diversity
that requires preservation (Sandercock et al., 2024).

Our model also predicted relatively high chestnut-associated spe-
cies abundance in the Northeast and northern Michigan outside of
American chestnut's pre-blight range. The northern edge of American
chestnut and many other eastern temperate tree species is mainly
limited by its sensitivity to frost (Gurney et al., 2011; Russell, 1987,
Saielli et al., 2012), and as northern latitudes experience increases in
temperature due to climate change, many northern tree species have
been documented shifting northward (Woodall et al., 2009), which
could explain this result. At the time of the blight's arrival, American
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chestnut was continuing its post-glacial spread north into Michigan,
and there have been many successful translocated plantings of the
tree in the western portion of the lower peninsula (Brewer, 1995).
Chestnuts planted in western Maine north of the natural range of
the species have also shown success in establishing, reproducing, and
spreading (Mazurowski et al., 2022). But challenges remain towards
widespread implementation. Assisted migration plantings at the
northern range edge will require plant material adapted to the condi-
tions there (Pike et al., 2020). But populations of American chestnut,
especially reproductive individuals, are lower along its northern range
edge already due to the blight (Van Drunen et al., 2017), meaning lim-
ited material is available in germplasm storage. To support successful
restoration of American chestnut at scale at and above its northern
range limit, production of plant material of appropriate provenance
will need to be significantly increased.

We identified a poleward shift in proportional American
chestnut-associated species abundance and loss in the mid-Atlantic
and southern portions of its historical range under +2°C and +4°C
warming scenarios. Losses in the mid-Atlantic and southern por-
tions of chestnut's historical range are substantial, with projected
decreases in proportional chestnut-associated species abundance
by 92% under +2°C and 98.4% under +4°C warming scenarios. This
result aligns with that found by other models of American chest-
nut at this scale (Barnes & Delborne, 2019; Noah et al., 2021) and
supports a restoration strategy that acknowledges northward shifts
in tree populations (Clark et al., 2022). Eastern temperate forests
have faced similar warming in the recent past, with global mean
temperatures increasing by ~4°C from the last glacial maximum
~21,000years ago to the start of the present Holocene interglacial
period ~12,000years ago (Clark et al., 2016). Although eastern tem-
perate tree species have historically shifted their ranges in response
to changes in climate, current change is an order of magnitude faster
(Clark et al., 2016), potentially exceeding the rate at which tree
species can move, especially slow dispersers like American chest-
nut (Davis, 1983). Increasing drought, more frequent wildfires, the
spread of invasive species, and other climate change driven distur-
bances to eastern temperate forests that we were not able to ac-
count for in our model add additional concern for the conservation
of this species.

The loss of suitable habitat within chestnut's historical range,
its slow migration rate relative to changing climate conditions, and
the limited number of seed-producing mature trees due to the blight
mean assisted migration plantings will be required to ensure the
long-term survival of the species. This type of adaptive management
has long been recommended for forest management in the con-
text of climate change (Millar et al., 2007). In the last few decades,
many achievements have been made towards the production of
blight-resistant hybrid (Jacobs, 2007) and more recently transgenic
(Newhouse & Powell, 2021) chestnuts for use in experimental plant-
ings. Assisted migration plantings of blight-resistant chestnuts have
already shown success in some of the areas predicted to have high
future suitability, and land designated for the conservation of biodi-
versity overlaps these areas that can be used for future experiments
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by land managers. For example, American chestnut planted in north-
ern New Hampshire performed well with a high survival-growth
response compared to other eastern temperate tree species consid-
ered for assisted migration (Clark et al., 2022).

Our predictions are made at a broad scale and are therefore
missing relevant local scale predictors, but investigation at the scale
of conservation areas gives a general idea on how the forest com-
munity may respond to future climate change. In Baxter State Park
in northern Maine, we found the proportional chestnut-associated
species abundance increased from around 30% to 70% under a+4°C
warming scenario. This park will likely be a good candidate for po-
tential experimental assisted migration plantings of American chest-
nut as climate change progresses due to its predicted suitability for
the species historically associated with it.

While we predict a loss in the proportional abundance of spe-
cies associated with American chestnut throughout most predicted
locations within its historic range, this does not warrant abandon-
ing restoration plantings and management in these areas altogether.
The median net decrease was only 9.8% under a +2°C scenario and
24% under a +4°C scenario, suggesting a more gradual turnover in
the composition of these forests and their likely persistence by the
turn of the century. For example, within Cheat Wildlife Management
Area in West Virginia, the proportional chestnut-associated species
abundance remains somewhat stable at around 60% under both
climate scenarios. As this area falls within the historical range of
American chestnut and predicted suitability for its associated spe-
cies, it will likely serve as a refugia for the species as our climate
continues to change and should be a focus for restoration plantings.
Additional promising locations for assisted migration plantings in-
clude areas already designated for conservation within upstate New
York, Michigan, Vermont and New Hampshire.

A limitation of our study is that habitat suitability was inferred
from chestnut-associated species, which may not fully capture the
future distribution of American chestnut, especially at the broad
scale of our predictions compared to local conservation plan-
ning. Additionally, our model was restricted to the contiguous
United States because FIA plot data do not extend into Canada.
Consequently, we were unable to evaluate habitat suitability in re-
gions of southern Ontario, Quebec, and the Canadian Maritimes,
where forest communities capable of supporting assisted migra-
tion plantings of American chestnut likely occur and may become
increasingly important under future climate conditions. Future re-
search should therefore assess the current and projected suitability
of American chestnut across southern Canada to better inform con-
servation and restoration efforts.

As climate change continues to reshape eastern temperate for-
ests, predictive modelling will become increasingly important for
guiding adaptive restoration strategies. For American chestnut,
our results suggest that restoration efforts should prioritize both
conservation plantings within climatically stable portions of the
historical range and assisted migration plantings in northern areas
projected to become more suitable under future warming. By iden-
tifying nearly three thousand protected areas that are expected to
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maintain or increase suitability for chestnut-associated forest com-
munities under a+4°C scenario, our study provides land managers
with a spatially explicit framework for prioritizing field trials, seed
deployment, and long-term restoration investments. These loca-
tions offer opportunities to test blight-resistant trees, evaluate prov-
enance performance under novel climates, and establish restoration
plantings in landscapes already managed for biodiversity conserva-
tion. Together, our results provide practical guidance for increasing
the likelihood that American chestnut restoration efforts remain

successful under ongoing climate change.
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Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Appendix S1. Supplemental Methods.

Appendix S2. Additional Tables and Figures.
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Figure S1. Posterior beta estimates with 95% credible interval for
each covariate included in the Stage 1 model separated by the 11
associated species. Species in which the credible interval crosses O
(dotted line) are represented by black circles.

Figure S2. Posterior beta estimates with 95% credible interval for
each covariate included in the Stage 2 model separated by the 11
associated species. Species in which the credible interval crosses O
(dotted line) are represented by black circles.

Figure S3. Conservation lands predicted to have an increase in median
proportional abundance of American chestnut-associated species
under +2°C, or both +2°C and +4°C future climate conditions.

Table S1. Summary of the covariates and random effects included in
each model and its corresponding log score used in model selection
for both Stage 1 and Stage 2 models.

Table S2. Proportion of sites containing Castanea pollen in the
Eastern Temperate Forest region across the last 22,000years each
genera co-occurs in. Genera of potential associated species are
displayed. All proportions are high except for Liriodendron.
Appendix S3. 5598 unique conservation areas (by Unit_Nm)
from the USGS Protected Areas Database (US-PAD) suitable for
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restoration and experimental plantings of American chestnut shown
in Appendix S2, Figure S3. Most suitable are those areas predicted
to have an increase in the proportion of 11 species associated with
American chestnut under both the +2C and +4C future climate
scenarios (‘yes’ in columns clim_2C and clim_4C). Data descriptions
for all column except ‘clim_2C’ and ‘clim_4C’ come from the US-
PAD database: U.S. Geological Survey (USGS) Gap Analysis Project
(GAP). (2024). Protected Areas Database of the United States
(PAD-US) 4.1: U.S. Geological Survey data release. https://doi.org/
10.5066/P96WBCHS.

How to cite this article: Fertakos, M. E., Bradley, B. A., Doser,
J.W,, & ltter, M. S. (2026). Joint species distribution modelling
for restoration of American chestnut (Castanea dentata) in the
United States under current and future climate conditions.
Journal of Applied Ecology, 63, €70600. https://doi.
org/10.1111/1365-2664.70600

85UB0| SUOLULLIOD BA1IER1D 3|ceot|dde au Ag peusenob e sjone VO ‘28N Jo Sa|n1 1o} A%eid 17 8UIUO A8]IAN UO (SUORIPUOD-PLE-SLLLR}/ 0" A3 1M AReq 1 Bu|UO//SdNY) SUORIPUOD PUE SWIS L 3L3 885 *[9202/0T/20] Uo Ariqiauljuo Al ‘AlsieAuN 81els BuljoRD YUON Ad 00902 #992-G9ET/TTTT 0T/I0p/W00 8| 1M Aseiq1BuljUO'SeUIN0 K8q//:SdNY WO papeo|umoq ‘0T ‘9202 ‘799ZG9ET


https://doi.org/10.5066/P96WBCHS
https://doi.org/10.5066/P96WBCHS
https://doi.org/10.1111/1365-2664.70600
https://doi.org/10.1111/1365-2664.70600

	Joint species distribution modelling for restoration of American chestnut (Castanea dentata) in the United States under current and future climate conditions
	Abstract
	1  |  INTRODUCTION
	2  |  METHODS
	2.1  |  Data assembly
	2.1.1  |  FIA data
	2.1.2  |  Selection of chestnut-associated species

	2.2  |  Environmental predictor variables
	2.3  |  Modelling approach
	2.4  |  Candidate models
	2.5  |  Model selection
	2.6  |  Cross-validation
	2.7  |  Prediction
	2.7.1  |  Suitable sites for conservation plantings


	3  |  RESULTS
	3.1  |  FIA dataset
	3.2  |  Model selection
	3.3  |  Suitable sites for conservation plantings
	3.4  |  Highlighted examples

	4  |  DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	ORCID
	REFERENCES


