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The environmental suitability of a particular organism is often a combination of local climatic factors, resource
competition intensity, as well as pathogen and predator pressure. Pathogen pressure, or host resistance, is
particularly important in host species severely impacted by disease. Variations in heritable pathogen resistance
can lead to differences in apparent habitat suitability of resistant or susceptible subpopulations. In the case of the
butternut tree (Juglans cinerea), habitat suitability is limited by genetic resistance to the non-native butternut
canker disease (BCD) in addition to environmental factors. Further, butternut frequently crosses with the non-
native, BCD-resistant, congenic Japanese walnut (Juglans ailantifolia) producing fertile hybrids. We sought to
develop models of butternut or hybrid genotype and BCD resistance phenotypes that could inform conservation
efforts. We combine two regression-based and three machine-learning based composite models to build a series
of ensemble habitat suitability models of butternut and hybrid genotype, as well as butternut BCD resistance
phenotype. Our ensembles highlight southern Indiana, western Kentucky, western Michigan, and much of New
England as climatically suitable for BCD-resistant butternut. Meanwhile, much of the central Midwest and areas
south of the Great Lakes are climatically suitable for hybrids. These ensembles can guide conservation efforts
seeking to breed BCD-resistant butternut and hybrids by highlighting areas from which to source breeding stock
or locate regeneration orchards.

1. Introduction

The suitable habitat of a particular organism is a factor of the
fundamental niche, generally considered to be the range of favorable
abiotic conditions, and the realized niche, one that is influenced by bi-
otic factors such as competition for resources (Matthiopoulos, 2022;
Mclnerny and Etienne, 2012; Sales et al., 2021). Further, novel patho-
gens are capable of dramatically changing an organisms’ niche upon
introduction (Scheele et al., 2025, 2023). The most significant example
of such an occurrence in forested landscapes is Cryphonectria parasitica
(Murrill) Barr., the causal agent of chestnut blight, which reduced the
once-dominant American chestnut (Castanea dentata (Marsh.) Borkh.) to
functional extinction within fifty years (Elliott and Swank, 2008; Paillet,
2002) and shifted chestnut’s niche from a canopy to an understory
species (Paillet, 1984). Less well understood is how butternut’s (Juglans
cinerea L.) niche has been changed due to butternut canker disease
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(BCD), caused by the nonnative ascomycete fungus Ophiognomonia
clavigignenti-juglandacearum (herein "Oc-j”; Nair, Kostichka, & Kuntz
(Broders and Boland, 2011)). While the exact origin remains enigmatic
because Oc-j has never been identified outside of North America, the
fungus was first detected in southwest Wisconsin circa 1967 (Nair et al.,
1979; Renlund, 1971), yet population structure analysis suggests mul-
tiple Oc+j introductions (Broders et al., 2012).

Butternut is a cold-tolerant, shade-intolerant, short-lived, masting
tree that native people prized as a source of food and medicine
(Moerman, 1986). It has ecological value as a food source for wildlife
and aesthetic value among woodworkers (Meier, 2015). Even though
butternut was not historically abundant across the landscape, it is
currently listed as “endangered” by the International Union for Con-
servation of Nature (IUCN) due to BCD (Stritch and Barstow, 2019). In
1995, The U.S. Forest Service estimated that 77% of the butternut
population in the southeast had been killed due to BCD and that most of
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the surviving trees are so heavily infested with Oc-j that they are not
reproducing (Forest Service, 1995). Unlike American chestnut, butter-
nuts typically do not produce sprouts after stem death (Schlarbaum
et al., 1998). Considering both of these factors, it is conceivable that we
have and will continue to lose genetic diversity as distinct butternut
populations continue to succumb to Oc-j infection, making research on
developing host resistance to BCD challenging or impossible.

Another non-native species has had an impact on butternut- the
Japanese walnut (J. ailantifolia Carr.). Japanese walnut was intention-
ally introduced to North America in the late 1800s (Zhao and Woeste,
2011) and hybridizes with butternut. Butternut crossed with either
Japanese walnut or the ‘Heartnut’ cultivar (J. ailantfolia var. cordiformis
(Makino.) Rehder) produces the “buartnut” (J. x bixbyi Rehder.) (Bixby,
1919). Butternut and buartnut can be difficult to distinguish morpho-
logically (Bixby, 1919; Farlee et al., 2010; Ross-Davis et al., 2008).
Further, buartnut is uniquely fertile among walnut hybrids, yet retains
the self-compatibility trait common to walnuts (Farlee et al., 2010).
Fertility, as well as the fact that walnuts are wind pollinated, has allowed
buartnut to backcross with butternut and Japanese walnut, as well as
cross with their hybrids. Resulting complex hybrids compound the dif-
ficulty in identifying butternut based on morphology alone, confounding
efforts to find non-hybridized butternut germplasm (Ross-Davis et al.,
2008). In contrast to butternut, Japanese walnut and their hybrids are
generally more resistant to Oc-j (Brennan et al., 2020; McKenna et al.,
2011). Hybrid resistance to Oc-j, combined with the difficulty in
morphologically distinguishing butternut from hybrids has impeded
breeding efforts utilizing BCD-resistant butternut germplasm (Brennan
et al., 2020; Ostry and Moore, 2008). Indeed, complex hybrid prolifer-
ation has led to concerns that butternut is suffering a “genetic invasion”
(Hoban et al., 2009; Ostry and Woeste, 2004). As such, researchers have
identified molecular markers to distinguish butternut from its hybrids
(McCleary et al., 2009; Ross-Davis et al., 2008; Zhao and Woeste, 2011).
Such work has revealed that hybridization has occurred across butter-
nut’s native range (Hoban et al., 2009, 2012a). Since hybrids are more
resistant to Oc-j and morphologically difficult to distinguish from
butternut, hybrids could slowly be replacing native butternut across the
landscape, further depleting the butternut gene pool and limiting their
ability to persist across the North American landscape (Pike et al., 2020).

While there is some level of BCD resistance among butternut trees
(Ostry and Moore, 2008), qualitative resistance (i.e., no symptom pro-
gression), remains elusive. Further, many reports have concluded that
there is little to no heritable basis for BCD resistance among butternut
(LaBonte et al., 2015; McKenna et al., 2011), though recent findings
from a range-wide study indicate that some butternut genotypes may be
less susceptible to BCD (Conrad et al., 2026). Several Juglans species,
including Japanese walnut, black walnut (J. nigra L.) and Persian or
English walnut (J. regina L.), are susceptible to Oc-j if directly inoculated
after wounding (Ostry and Moore, 2007). However, direct inoculations
of Oc-j, which bypass potential disease resistance mechanisms in the
bark, may not reflect realistic host-pathogen interactions (McKenna
et al., 2011). Indeed, natural Oc-j infections on black walnut are rare
(Ostry et al., 1997), suggesting resistance. Given butternut’s relatively
low quantitative BCD resistance, there has been a focus on utilizing,
instead of avoiding, hybrids for BCD resistance breeding (Boraks and
Broders, 2014; Brennan et al., 2020; Michler et al., 2006; Pike et al.,
2020). This is particularly true in areas where use of butternut alone is
not feasible due to disease pressure. For this reason, some states are
choosing to propagate and distribute hybrid butternut (e.g., Indiana’s
Department of Natural Resources).

Butternut has not been successfully crossed with the North American
native, Oc-j resistant, black walnut (Rink, 1990). Instead, proponents of
hybridization have focused on naturalized Japanese walnut hybrids as a
source of BCD resistance for butternut breeding, given hybrid fertility
and morphological similarity to butternut (Brennan et al., 2020;
McKenna et al., 2011). Japanese walnut introgression into butternut
populations has the potential to provide BCD resistance, but assessing
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resistance is complicated by variations in Oc-j virulence (Brennan et al.,
2020; McKenna et al., 2011), forest type (Morin et al., 2017), and
environmental factors (Sambaraju et al., 2018). Therefore, future
butternut conservation efforts could be guided by a greater under-
standing of range-wide variation in BCD resistance and Japanese walnut
introgression.

With advancements in computing power and precise remote sensing
data, modeling species distributions has become increasingly accessible
(Bertelli et al., 2022; Guisan et al., 2013; Hirzel and Lay, 2008). This
methodology describes, predicts, and ultimately maps the extent of
environmental conditions suitable for a particular species (Franklin,
1995; Guisan and Zimmermann, 2000; Hirzel and Lay, 2008). For
brevity, we refer to the product of all such methodologies as habitat
suitability models (HSMs). HSMs have been applied to the restoration of
both American chestnut (Adeyemo and Granger, 2023; Barnes and
Delborne, 2019; Noah et al., 2021) and butternut (Adeyemo et al.,
2025). Beyond tree species, HSMs have informed conservation work in
other threatened species including Asiatic bears (Su et al., 2021), ceta-
ceans (Hanf et al., 2022) and an endangered Hawaiian alpine plant
(Krushelnycky et al., 2023). There are many statistical approaches
available to generate HSMs, including machine learning models like
random forest (rf) (Breiman, 2001; Cutler et al., 2007; Luan et al., 2020),
and maximum entropy (MaxEnt, me) (Elith et al., 2011; Phillips, 2021),
as well as regression-based models like generalized linear (glm) and
generalized additive (gam) models (Guisan et al., 2002; Li et al., 2017;
McCullagh and Nelder, 1989). To avoid systematic biases inherent to
any single approach, it is common to develop multiple models and
combine them into a single ensemble model (Alaoui and Idri, 2024;
Aratijo and New, 2007; Georgian et al., 2019; Latif et al., 2013; Rew
et al., 2020; Yang et al., 2023).

Recent work developed ensembles to predict changes in butternut
suitability across different climate change scenarios (Adeyemo et al.,
2025), but did not consider differences within butternut by either BCD
resistance phenotype or hybrid genotype. There is evidence that
butternut is more cold-tolerant than hybrids (Brennan et al., 2021),
suggesting there are at least slight differences in niche suitability.
Therefore, we hypothesized that heritable differences in BCD resistance
and variance in hybridization rates may be sufficiently predicted by
climate, developing gradients of habitat suitability among the broader
butternut population. Our research goal was to identify if hotspots of
butternut and hybrid genotypes as well as BCD susceptibility and
resistance phenotypes exist on the landscape to help guide restoration
and management strategies. To address our hypothesis, we utilized a
recent dataset of butternut and hybrid families which includes the
family origin location, hybrid status, and resistance to BCD (Conrad
et al., 2026)

2. Materials and methods
2.1. Data acquisition and pre-processing

Half-sibling family BCD resistance scores and species/hybrid cate-
gorizations were obtained as part of ongoing research at the Hardwood
Tree Improvement and Regeneration Center at Purdue University
(Conrad et al., 2026). Accuracy and precision of family location varied
across the dataset, though we lacked trusted metadata on the level of
precision for a given family source. Therefore, we elected to aggregate
family location data, and all data thereafter, at the county level. Within
our study area (see below), aggregation occurred at a minimum across
59.6 km? of land for New York County, New York, and at a maximum
across 17,278.3 km? of land in Aroostook County, Maine. We thusly
aggregated the data knowing that doing so would mask important
small-scale variations, and potentially inflate predictor autocorrelation,
but deemed doing so could still yield informative results. Here,
“butternut” refers to genotypes that are unambiguously assigned to the
species Juglans cinerea. Meanwhile “hybrid” refers to genotypes with
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evidence of Japanese walnut introgression. Families were already bin-
ned to “butternut” or “hybrid” based on single nucleotide
polymorphism-based genotyping and morphology. We binned butternut
into Oc-j “more resistant” or “less resistant” based on the quantitative
BCD resistance phenotype provided by Conrad et al., 2026. For the
purposes of this study, “more resistant” families had a breeding value
above the mean, while “less resistant” families were below the mean.
Given the already limited dataset (~300 families, several of which were
binned into single counties), we elected to only bifurcate the phenotype
data instead of using quantile or continuous-model approaches. Using
the mean breeding value as the threshold between the two sub-
populations introduces additional biases, as other methods to assign
quantitative resistance, or using alternative thresholds to bin the initial
dataset could yield different results. Importantly, “more resistant” trees
could still develop symptoms of BCD, although “more resistant” families
generally contained trees with less severe disease symptoms. Further,
not all families were assigned a BCD resistance phenotype value, for
instance, due to an insufficient number of trees within a family, resulting
in more “butternut” vs “hybrid” genotype data than “more resistant” and
“less resistant” phenotype data. Counties were then split into
“butternut”, “hybrid”, “more resistant” and “less resistant” datasets to
build an ensemble of habitat suitability models for each category
(Fig. 1). We then split the data into “training” and “test” sets (Fig. 1A).
Though there are a range of acceptable data partitioning rations, we
sought to balance having sufficient data to train the models but also to
accurately test them. As such, for each dataset, counties were subjected
to a single, random 70-30 training-test split (Fig. 1A), a common split in
model building (Vrigazova, 2021). Other training-test ratios or
non-random methods of sample selection (e.g., spatial blocking (Roberts
et al.,, 2017)) were not attempted and doing so may lead to different
results. Given the small number of observations, we elected not to
perform multiple cross-validated data splits as such efforts would likely
only marginally improve the accuracy of our models, or worse, provide
misleadingly high performance scores (Vabalas et al., 2019; Varma and
Simon, 2006). Previous work has suggested that assigning two
pseudo-absences for every one presence datum is appropriate for habitat
suitability modeling of rare plant species (Williams et al., 2009). How-
ever, recent work modeling butternut suitability specifically used a 1:3.5
presence:pseudoabsence ratio (Adeyemo et al, 2025). Here, we
compromised by assigning a 1:3 presence:pseudoabsence ratio for the
training data, though we did so without conducting sensitivity analyses.
For the test data, the ratio was 1:1 as has been suggested (Allouche et al.,
2006). As with any habitat suitability modeling study, altering presence:
pseudoabsence ratios can have a profound effect on model accuracy and
therefore the conclusions drawn from those models.

We sourced climate data from the Parameter-elevation Regressions
on Independent Slopes Model (PRISM) (Daly et al., 1994; PRISM, 2024).
We used the thirty year (1980 — 2020) normal at a four-kilometer res-
olution for all available variables as we did not want to introduce bias
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with a priori assumptions of what climate variables may be important to
our models. The temporal range of this dataset closely aligns with the
butternut and hybrid family collection, cultivation, and genotype/phe-
notype assaying (Conrad et al., 2026). This contrasts with the often-used
WorldClimv2.1 dataset, which interpolates and derives parameters from
1970 to 2000 (Fick and Hijmans, 2017). As such, we used precipitation,
minimum, mean and maximum temperature, minimum and maximum
vapor pressure deficit, mean dew point, total solar radiation, clear day
solar radiation, and cloud transmittance data. We included both
monthly and annual averages. We calculated the climate variable
average for every county or county-equivalent in all states east of Min-
nesota, lowa, Missouri, Arkansas, and Louisiana, inclusive (Fig. 2A),
using R (v4.5.0 (2025-04-11) (Team, 2025, Team, 2025)) via R Studio
(v2025.5.0.496, (team, 2025)) with the tigris (Walker, 2015), raster
(Hijmans, 2010), sf (Pebesma, 2018; Pebesma and Bivand, 2023), and
dplyr (Wickham et al., 2023) packages (Fig. 1B). To facilitate the pro-
duction of parsimonious models, we manually removed variables that
had a Pearson’s correlation coefficient |r| < 0.7 within the training data;
a correlation threshold common to HSM studies (Dormann et al., 2013;
Krushelnycky et al., 2023; Su et al., 2021; Williams et al., 2024). When
possible, we preferentially retained annual over monthly means, as we
considered these values more representative of local climate (Fig. 1C).
Both the correlation cut off and the preferential retention of annual over
monthly means are subjective and alternative methods of predictor se-
lection would likely result in alternative results. Models (described
below) are therefore made with a combination of monthly and yearly
means, and the variety in temporal resolution may affect model sensi-
tivity. Consistently, temperature variables (Tmin, Tmean, and Tmax) had
strong correlation values and were removed. All predictors used in the
final composite models are included in Supplemental Dataset 1.
Organic soil carbon and butternut basal area estimates were derived
from the US Department of Agriculture Forest Service Forest Inventory
and Analysis program data base (FIADB v2.0.6, (Bechtold and Patterson,
2005)) using SQL queries. We queried the FIADB in R using the RSQLite
package (Miiller et al., 2024). SQL queries that required lengthy
computational time utilized the beepr package (Baath, 2024) to inform
the user when the query had finished. SQL queries were modified from
those provided in the SQL_QUERY_SE column of the REF POP_AT-
TRIBUTE table within the FIADB. The queries for organic soil carbon
and basal area were based off SQL_QUERY_SE numbers 52 (“Carbon in
organic soil, in short tons, on forested land™), and 1004 (“Basal area of
live trees (at least 1 in. d.b.h/d.r.c), in square feet, on forested land™),
respectively. For soil organic carbon, we restricted our query to only
include plots designated by the USDA Forest Service as occurring on
accessible forested land (n = 77,360 plots). For butternut basal area, we
restricted our query to include plots from accessible forested land that
had live butternut stems (n = 220 plots). Estimates were validated with
the USDA Forest Service’s EVALIDator tool (https://apps.fs.usda.gov/f
iadb-api/evalidator) before converting to metric units. Both estimates
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Fig. 1. Habitat suitability modeling workflow. A) The data were split, B) climate variables were incorporated and then C) curated to remove multicollinearity, D)

models were trained and tuned, E) assessed, and F) combined.
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Fig. 2. Counties of origin of butternut species and hybrid families. A) Continental
United States of America, with the study area highlighted in red. The blue
polygon indicates the historic range of butternut within the continental United
States. B) Origin of butternut families, hybrid families, or both, aggregated at
the county level. C) Origin counties of butternut families, color-coded by BCD
resistance, binned as a binary. Counties may have been the origin of more
resistant families, less resistant families, or both.

used the data from the 2015 — 2020 evaluation cycle, which temporally
aligns with the PRISM (1980 — 2020) and butternut growth (2010 —
2020) data. In 2023, Connecticut overhauled their county system in
favor of county-equivalent planning regions with boundaries that
differed from previous counties. Averages made from the climate data
used the planning region boundaries. Therefore, we assigned the
state-wide average of county organic soil carbon value to each planning
region to integrate both datasets (Fig S1). Additionally, due to FIA plot
sampling intensity and variations in forest cover, several counties lacked

Forest Ecology and Management 612 (2026) 123708

an estimate for organic soil carbon. In these instances, we assigned a
county an organic soil carbon value calculated from the average of
adjacent counties (Fig S1). Ultimately, the number of predictors used to
generate each composite model varied from five in the case of the
generalized linear model for the butternut genotype data to 17 in the
maximum entropy model for less resistant butternut phenotype data.

2.2. Composite and ensemble model generation

We produced five HSMs for each of the four ensembles. Two
methods, generalized linear model (glm) and generalized additive
model (gam), were regression based. The glm models used base R, while
the gams required the mgcv package (Wood, 2011). The other three,
random forest (rf, from the randomForest (Liaw and Wiener, 2002)
package), boosted regression trees (brt, from the ghm (Ridgeway, 2024)
package), and maximum entropy (MaxEnt, me, from the maxnet
(Phillips, 2021) package), were machine-learning based algorithms.
These were chosen as they are commonly used in habitat suitability
modeling and are methodologically diverse (Adeyemo et al., 2025;
Adeyemo and Granger, 2023; Hanf et al., 2022; Hosseini et al., 2024;
Jamali et al., 2024; Latif et al., 2013; Su et al., 2021; Wan et al., 2024;
Yang et al., 2023). For the purposes of this study, each of these models is
referred to as a “composite model”. We prepared an initial composite
model from the training data using the complete suite of minimally
collinear predictors. We then generated iterative models to improve
parsimony and performance by removing minimally influential pre-
dictors or tuning in ways unique to each model type (Fig. 1D). For gam,
models were uniquely tuned by adjusting the number of basis di-
mensions, “k”, or removing smoothing completely, “s()”, where appro-
priate, largely by trial-and-error. For rf models, the number of trees
(ntrees) and variables used at each split (mtry) were manually adjusted
to improve the out-of-bag accuracy, a metric often used to assess the
accuracy of rf models (Janitza and Hornung, 2018; Shanley et al., 2021).
Often, we took a more systematic approach to tuning rf models (via the
caret (Kuhn, 2008) package) though this rarely improved the out-of-bag
accuracy of our composite models. Further, others have suggested that rf
HSM models perform better when presence/pseudo-absences are
balanced (Valavi et al., 2021). Therefore, we used the “sampsize” option
within the random forest function when appropriate to equalize the
number of presences and pseudo-absences (ranging from 20:20 in the
more-resistant model up to 68:68 in the butternut genotype model). For
brt models, we used a “Bernoulli” distribution, a cross-validation fold
value of 10, and a shrinkage value of 0.001. In addition to variable
omission, subsequent brt models were tuned by adjusting the number of
trees (n.trees) parameter. In the “more resistant” brt model, we added a
weight in the form of the average BCD-resistance of all the BCD-resistant
families in each county. Pseudo-absence counties were assigned a
“resistance score” of 0.002. See SI Dataset 1 for complete details on all
composite models. Given that composite model tuning was manual,
there is potential bias in proceeding with theoretically suboptimal
parameter tuning.

In all cases, the strength of each model was evaluated based on the
area under the receiver operating characteristics (AUC) score (Hanley,
1989; Pepe, 2000) via the pROC (Robin et al., 2011) package. AUC
scores range from 0 to 1, with a score above 0.7 being adequate, above
0.8 being good, and above 0.9 being exceptional, though at the risk of
over fitting (Corbacioglu and Aksel, 2023; Georgian et al., 2019).
Regression models were tuned to reduce their Akaike information cri-
terion (AIC), and deviance. In each case, selecting a final model was a
balance between improving AUC without over fitting, and in the case of
the regression composite models, reducing AIC and deviance. AUC score
can be heavily influenced be sample prevalence (Allouche et al., 2006).
Therefore, in addition to AUC score, each composite model was evalu-
ated by its sensitivity (true positive rate), specificity (true negative rate),
and True Skill Statistic (TSS = Sensitivity + Specificity — 1). The TSS
value ranges from -1-1, with values above O indicating a predictive
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power better than random. Importantly, TSS is not immune to preva-
lence biases, and these values only serve as guides to improve model
accuracy in relativistic terms, and do not carry any absolute ecological
weight.

We further determined the accuracy of each composite model with
the withheld test dataset Fig. 1E). Doing so used the MaxKappa statistic,
via the PresenceAbsence (Freeman and Moisen, 2008) package, to
convert the continuous model output to a binary presence/absence
(Allouche et al., 2006). Accuracy of the composite models on the
withheld test data was calculated by:

> Porue, Nire

Niest

Accuracy = + 100

Where P, and Ny, are the number of correct presence and absence
predictions, respectively, and n.s is the total number of values in the test
dataset.

Each composite model was then used to generate a binary HSM for
the entire study area. For the purposes of this study, we combined the
five composite models made from each dataset into an “ensemble”. As
such, we ultimately made four ensembles: two based on genotype
(butternut or hybrid) and two based on the BCD resistance phenotype
among the butternut genotype (more resistant vs. less resistant). To
combine composite models into a single ensemble, we weighed each
composite model based on either AUC and TSS scores. Pilot analyses
demonstrated that the final ensembles, based on weighing composite
model scores by ether AUC or TSS, were qualitatively quite similar.
Therefore, the ensembles we report here have been weighed by the
composite model TSS score using the following equations (Georgian
et al., 2019; Oppel et al., 2012):

TSS,
STSS

w, =

X, = Bgm * Weim + Bgam * Wam....

Where W; is the weight assigned to the composite model, Z, based on
that composite model’s TSS score divided by the sum of the TSS scores
across all composite models. Bgy, is the binary prediction based on the
GLM composite model. The ensemble value for a given county, X,, is the
sum of the products of weights and the binary prediction from each
composite model (Fig. 1F). Ultimately, we endeavored to visualize
geospatial variation among pairs of ensembles (i.e., more resistant vs.
less resistant, butternut vs. hybrid). For the purposes of this study, we
combined each pair into what we refer to here as “merged ensembles”,
one based on phenotype the other on genotype. We merged each
ensemble pair by summing the inverse of one ensemble with the other
thusly:

X =Xn+(—1 *X)
Xg:Xb-‘r(—l *Xh)

Where X, and X, are the merged ensemble values for the phenotype
(more resistant, X,,, vs less resistant, X;) ensemble and the genotype
(butternut, X;, vs hybrid, X;) ensemble, respectively. Each county in the
merged ensemble has a value between -1 and 1, or NA if not predicted to
be suitable by any composite model within the merged ensemble. In the
merged phenotype ensemble, a value of 1 means complete agreement
across the composite more resistant models, and no overlap with any
composite less resistant models. 0 indicates that the more resistant and
less resistant ensembles predict the same level of suitability. -1 indicates
complete agreement across the composite less resistant models, and no
overlap with any composite more resistant model. In the genotype
ensemble, a value of 1 is complete agreement across the composite
butternut models and no overlap with any composite hybrid model.
0 indicates where the hybrid and butternut ensembles predict the same
level of suitability. -1 indicates complete agreement across the com-
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posite hybrid models, and no overlap with any composite butternut
model. For each merged ensemble, a value between -1 and 1 indicates
either overlap from the opposing ensemble or lower confidence among
composite models. Because we did not differentiate the cause of inter-
mediate values in the merged ensembles, the interpretation these results
should be the relative suitability between ensembles. Suitability scores
therein were not independent and had the potential to mask suitability
predicted in the independent ensembles.

2.3. Citizen-science resources for ensemble filters and ensemble validation

We utilized two citizen-science databases to filter the merged
ensemble models by counties with confirmed sightings of butternut.
TreeSnap (https://treesnap.org/) was built specifically to engage the
public in efforts to find and record imperiled tree species such as ash
(Fraxinus spp.), American elm (Ulmus americana L.), and American
chestnut to assist conservation and breeding efforts (Crocker et al.,
2020). TreeSnap data were accessed on June 11th, 2025 and included
289 observations of butternut from October 11th, 2020 through June
1st, 2025. Observations were binned into counties (n = 98) which were
subsequently used as a filter for the ensembles. The Global Biodiversity
Information Facility (GBIF, https://www.gbif.org) is a digital
world-wide repository of information with the goal of enhancing inter-
operability between sources of biodiversity data (Edwards, 2001). GBIF
collates data from herbaria and fossil collections through genome se-
quences and citizen science platforms. GBIF was accessed on June 13th,
2025 and the downloaded data included all mentions of Juglans cinerea
in North America. The GBIF data were then curated to include only live
butternut trees in the United States. The resulting dataset includes 2587
observations from May 2000 through January 2025. 98.15% of obser-
vations downloaded from GBIF were categorized as originating from
iNaturalist (https://www.inaturalist.org), a nature sharing citizen sci-
ence social network. Observations from GBIF were then binned into
counties (n = 478) and those counties were used as a filter for the en-
sembles. Both the TreeSnap and GBIF citizen-science datasets contain
their own spatial biases, as an entry in either database is the result of a
tree growing in an accessible area and being witnessed by a person
engaging in either reporting system. Further, while there is an “expert
validation” protocol for both TreeSnap and iNaturalist, the morpho-
logical ambiguity between butternut and Japanese walnut hybrids can
add a challenging layer to citizen science field identification.

Butternut basal area estimates from the FIADB include 220 plots
across 141 counties inventoried from 2015 through 2020. Counties with
both an ensemble score and empirical basal area estimate were then
used as an independent assessment of the ensemble. We performed a
single-order linear regression of basal area by ensemble score using base
R.

2.4. Data visualization

All data were plotted via the ggplot2 (Wickham, 2016) package and
arranged via the gridExtra (Auguie, 2017) package. Figures were pre-
pared with Affinity Designer (Serif Europe).

3. Results
3.1. Butternut family data

Previous work genotyped 229 butternut families from 136 counties
across the geographic range of butternut (Fig. 2A). Butternut, as opposed
to hybrid genotypes, were far more common in this range-wide collec-
tion ((Conrad et al., 2026), Fig. 2B, Table 1). Most counties containing
butternut genotypes were in West Virginia, while Indiana had the most
hybrid families (Fig. 2B, Table 1). Butternut seed solicitation was run out
of Purdue University, perhaps resulting in a proximity bias in sample
collection (Conrad et al., 2026). Of the 101 counties found to contain
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Table 1
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Summary of family genotype and phenotype data, as aggregated for this study, delineated by state. Note that not all families that were genotyped were also assessed for

BCD resistance phenotype.

Family Family Phenotype
Genotype
State n counties, n counties, n counties, State n counties, more n counties, less n counties,
butternut hybrid overlap resistant resistant overlap
Alabama 1 0 0 Alabama 0 1 0
Connecticut 0 1 0 Illinois 0 5 0
Illinois 5 4 0 TIowa 0 1 0
Indiana 11 16 2 Kentucky 3 3 1
Iowa 2 1 0 Maine 1 0 0
Kentucky 6 1 0 Maryland 1 1 0
Maine 1 2 1 Michigan 3 6 1
Maryland 2 0 0 Minnesota 4 3 2
Michigan 8 2 1 Missouri 1 7 1
Minnesota 6 0 0 New York 1 2 1
Missouri 7 3 1 Ohio 1 2 1
New Hampshire 0 1 0 Pennsylvania 0 3 0
New Jersey 1 0 0 Tennessee 1 2 1
New York 2 0 0 Vermont 3 1 1
North Carolina 0 1 0 Virginia 0 5 0
Ohio 2 2 0 West Virginia 8 21 8
Pennsylvania 3 2 0 Wisconsin 5 8 3
Tennessee 2 0 0
Vermont 3 0 0
Virginia 5 0 0
West Virginia 21 2 2
Wisconsin 12 6 5

butternut, 92 of them were screened for BCD-susceptibility (Fig. 2C,
Table 1). Less resistant butternut was more common than more resistant
butternut, with only fourteen counties containing only more resistant
butternut families (Fig. 2C, Table 1). Most states only had one or two
counties with only more resistant families if they had them at all,
highlighting the rarity of more resistant BCD butternut on the landscape.
Broadly, there was no manifest geographic pattern to the families at this
spatial scale (e.g. all hybrids occurring around one city, or BCD resis-
tance being concentrated in New England).

3.2. Composite model performance

How our composite models performed on both training and test data
across each dataset is reported in Table 2. Across all composite models
and datasets, the mean AUC score + standard deviation, was 0.86
+ 0.08. Similarly, the TSS was 0.59 + 0.16 across all composite models
and datasets. On withheld test data, the average accuracy of all

Table 2

composite models was 76.99 + 7.28%. The performance of the com-
posite models varied. For example, on average the glms performed
relatively poorly on both the training data (AUC: 0.80 + 0.06; TSS: 0.47
+ 0.10), as well as the test data (68.88 + 3.98%). Conversely, the brt
composite models performed well on both the training data (AUC: 0.95
4+ 0.04; TSS: 0.70 £ 0.12) and the test data (78.98 & 5.57%). Even
though the rf composite models performed the poorest on the training
data (AUC: 0.77 + 0.04; TSS: 0.46 + 0.14), on average, they performed
the best on the test data (85.20 + 2.85%). The three machine-learning
based composite models (rf, brt, and me) marginally outperformed
(AUC: 0.87 £+ 0.09; TSS: 0.59 + 0.17; Accuracy: 80.75 + 6.30%) the
two regression-based composite models (AUC: 0.85 + 0.07; TSS: 0.57
+ 0.15; Accuracy: 71.03 + 4.83%). The AUC, TSS, and accuracy of
composite models, while informative and mathematically interesting,
should not be utilized independently given the non-independent distri-
bution of highly aggregated spatial units.

The exact number and type of climatic predictors included in each

Composite model performance base on training data and accuracy against previously withheld data.

Dataset Model AUC Sensitivity Specificity TSS Accuracy on Withheld Data
Butternut glm 0.7408 0.6029 0.7598 0.3627 71.21%
gam 0.8824 0.6029 0.8824 0.4853 66.67%
of 0.7253 0.4706 0.8235 0.2941 83.33%
brt 0.9295 0.6912 0.951 0.6422 78.79%
me 0.8507 0.5588 0.8971 0.4559 72.73%
Hybrid glm 0.8455 0.9259 0.7531 0.679 73.53%
gam 0.9200 1.0000 0.8025 0.8025 79.41%
of 0.8093 0.8148 0.8025 0.6173 82.35%
brt 0.9703 0.8889 0.9259 0.8148 73.53%
me 0.9177 0.7407 0.9259 0.6667 76.47%
More glm 0.8513 0.6522 0.8986 0.5507 64.29%
Resistant gam 0.9231 0.8696 0.8841 0.7536 73.33%
butternut of 0.7719 0.6522 0.8406 0.4928 86.67%
brt 0.9030 0.6087 0.9420 0.5507 86.67%
me 0.9512 0.913 0.9130 0.8261 90.00%
Less glm 0.796 0.7586 0.7414 0.5000 71.15%
Resistant gam 0.8512 0.6724 0.8678 0.5402 71.15%
butternut of 0.7631 0.6379 0.7759 0.4138 88.46%
brt 0.9778 0.7931 0.9885 0.7816 76.92%
me 0.8715 0.6379 0.9023 0.5402 73.08%
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composite model varied (SI Dataset 1). A given predictor was included in
the final composite model if doing so allowed for the highest AUC or TSS
score, lowest AIC score, or both, in our non-systematic tuning. Often,
this meant including predictors with non-significant p-values (in the
case of regression-based algorithms) or low importance scores (in ma-
chine learning algorithms), suggesting a subtle but important influence
on the model. The inclusion of some predictors were common across
several composite models (SI Dataset 1). For instance, the mean pre-
cipitation in May contributed to each composite model except for the rf
model in the hybrid genotype ensemble. The next most-prevalent
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predictors were mean annual and October precipitation, which were
present in 75% of composite models across all ensembles. Annual min-
imum vapor pressure deficient contributed to 70% of composite models.
Variables related to insolation (SolTotal, SolTrans, and SolClear)
contributed to 55 — 65% of all composite models. Organic soil carbon
only contributed to 50% of composite models. In the butternut genotype
ensemble, spring (April, May) precipitation and annual cloud trans-
mittance were common to each composite model, as were summer
(June, July) clear-day insolation and maximum vapor pressure deficit.
Common predictors in the more resistant butternut ensemble included
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Fig. 3. Complete range of habitat suitability ensembles HSM ensembles of A) butternut, B) hybrids and C) merged genotype ensembles. HSM ensemble of D) more
resistant butternut, E) less resistant butternut and F) merged phenotype ensembles. In both C and F, white indicates counties in which both ensembles predicted
equivalent levels of suitability. Grey indicates counties for which neither ensemble predicted suitability.
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May, September, and annual precipitation, as well as clear-day insola-
tion in July, total insolation in March, and cloud transmittance in
February. Finally, only precipitation predictors (May, September,
October and annual) were common in each composite model for the less
resistant butternut genotype ensemble. See SI Dataset 1 for a complete
list of predictors.

3.3. Ensemble models

All of the ensembles we produced were hypothesis-generating
models, suggesting where hybrids genotypes, butternut genotypes, or
butternut expressing the more or less resistant phenotypes, could be
found. Our butternut genotype ensemble predicted some degree of
suitability in 829 counties within our study area, and complete ensemble
consensus occurred in 151 (18.22%) counties, representing 2.04 x 10°
km? of land (Fig. 3A). The ensemble predicted butternut in southern
Indiana as well as western Kentucky and portions of western Tennessee.
From there, the butternut suitability range extended through southern
Ohio, West Virginia, and western Pennsylvania. Additionally, northern
New York, Vermont, New Hampshire, and Maine all had some counties
that the genotype ensemble predicted as well-suited for butternut.
Another hotspot for butternut suitability was predicted in southern
Wisconsin and southwest Michigan (Fig. 3A). Our hybrid genotype
ensemble predicted suitability in 934 counties, complete agreement
occurred in 220 (23.56%) counties, comprising 2.91 x 10° km? Fig. 3B).
Most of the hybrid suitability extended from southeastern Iowa, across
llinois, and into Indiana, Ohio, and Michigan. West Virginia and
western Pennsylvania were also predicted as suitable to hybrids. The
range of hybrid suitability extended northward into New York and New
England, though with less confidence (Fig. 3B). The merged genotype
ensemble predicted suitability for either butternut or hybrids in 1105
counties in our study area (Fig. 3C). Within the merged genotype
ensemble, 365 counties (33.03%) had a higher “butternut” than
“hybrid” suitability score (Fig. 3C). Our merged genotype ensemble
predicted higher suitability for butternut in much of Tennessee, through
eastern Kentucky, as well as southern Indiana, southern Ohio, and
southern West Virginia. Likewise, there was a region of butternut suit-
ability along the northern Mississippi River, on the border of Iowa,
Wisconsin, and southern Minnesota. Upper Minnesota was highlighted
predominately by our butternut genotype ensemble. Counties along the
eastern coast of Lake Michigan also scored high in our butternut geno-
type ensemble. Upstate New York and northern Vermont were also
predicted to be more suitable for butternut as opposed to hybrids.
Finally, southeastern Pennsylvania, New Jersey, and Maryland were
also predicted as being suitable for butternuts (Fig. 3C).

Our more resistant butternut phenotype ensemble predicted habitat
suitability in 718 counties across the study area, with 65 (9.05%) having
complete agreement for habitat suitability across each composite model,
encompassing 8.96 x 10* km? of land (Fig. 3D). The range of habitat
suitability for more resistant butternut ranged from southern Indiana,
across much of Kentucky and throughout West Virginia. Most of western
Pennsylvania and southern New York were predicted to be at least
moderately suitable to more resistant butternut. Upstate New York and
much of New England were also predicted as suitable for more resistant
butternut. Finally, the ensemble predicted suitability for more resistant
butternut through southern Wisconsin and along the eastern coast of
Lake Michigan. Our less resistant ensemble predicted suitability in 786
counties, with 157 (20.44%) counties having complete agreement across
each composite model, representing 2.47 x 10° km? of land (Fig. 3E).
Much of Wisconsin and northern Illinois were predicted as suitable for
less resistant butternut, as well as most of Missouri. Additionally, a band
of less resistant butternut suitability extended from eastern Kentucky,
western North Carolina and western Virginia, up through West Virginia
and western Pennsylvania. Isolated suitable counties occurred in upstate
New York, and northern Vermont and New Hampshire. The merged
phenotype ensemble predicted butternut occurring in 1040 counties
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within the study area (Fig. 3F). Of the 1040 counties, 457 (43.94%) were
predicted as more likely to be suitable for more resistant butternut. The
merged phenotype ensemble predicted habitat suitable for more resis-
tant butternut to extend from western Tennessee up through western
Kentucky and into southern Indiana. Northern Minnesota, as well as
portions of Michigan’s upper peninsula and down along the eastern
coast of Lake Michigan were all predicted as climatically suitable for
more resistant butternut. Finally, much of New England and New York,
especially the upstate region, were areas that scored high for more
resistant butternut (Fig. 3F).

Both the merged genotype and merged phenotype ensembles
covered a similar geospatial range (Fig. 3C, F). The two merged en-
sembles had a slight, yet statistically significant, positive correlation
(slope + standard error: 0.174 + 0.031; Fi930 = 30.4; R? = 0.03;
P = 4.64e-8; Fig. S2).

3.4. Ensembles filtered through citizen science observations

Both merged ensembles provide hypotheses suggesting where each
subpopulation could be found. To assess the spatial distribution hy-
potheses implied by the ensembles, we filtered each merged ensemble
with empirical butternut observations recorded by citizen-science
ground observations (Fig. 4). Of the 98 counties within the TreeSnap
dataset, 88 (89.80%) were captured within our merged genotype
ensemble (Fig. 4A, Table 3). Similarly, 83 counties (84.69%) from the
TreeSnap dataset were within our merged phenotype ensemble (Fig. 4B,
Table 3). There were observations of butternut within TreeSnap that
occurred outside of the predicted range of both ensembles; 10 counties
were missed by the merged genotype ensemble and 15 by the merged
phenotype ensemble. Most of the TreeSnap counties that were missed by
our ensembles were south of our predicted range, as well as occurring in
the Atlantic coastal plain. Multiple counties from New York and Ken-
tucky, and individual counties from Wisconsin, Vermont and Indiana,
had high genotype, phenotype, or combined ensemble scores (Table 3).
The GBIF dataset was larger than the TreeSnap dataset, with observa-
tions from 478 counties. 410 (85.77%) counties from the GBIF dataset
were captured by our merged genotype (Fig. 4C), and 365 (76.36%)
overlapped with our merged phenotype (Fig. 4D) ensembles. As with
TreeSnap, most counties that were missed by our ensembles were in the
south and east of the Appalachian Mountains. After filtering the en-
sembles though the GBIF data, several counties from Kentucky and
Michigan, as well as neighboring states, had the highest combined
ensemble score. The ten counties with the highest combined ensemble
scores are presented in Table 3; a complete list of ensemble scores is
available in SI Dataset 2.

3.5. Ensembles and butternut abundance

The Forest Inventory and Analysis dataset indicated the presence of
butternut in subset of the counties predicted by our ensembles (Fig. 5A,
B). Of the 141 counties which contained butternut in the 2015 — 2020
FIA cycle, 121 (85.8%) overlapped with the merged genotype ensemble
(Fig. 5A), and 118 (83.7%) overlapped with the merged phenotype
ensemble (Fig. 5B). The FIA dataset allowed us to test whether our en-
sembles are predictive of butternut abundance. Butternut basal area did
not significantly vary with the merged genotype ensemble (Fy119 = 0.01;
P =0.90; Fig. 5C). However, the merged phenotype ensemble was a
statistically significant predictor of butternut basal area (F1116 = 6.2; R?
= 0.05; P =0.014; Fig. 5D). The phenotype ensemble was positively
correlated with butternut basal area, which increased at a rate =+ stan-
dard error of 0.0035 + 0.001 m?/ha per unit increase of ensemble score.

4. Discussion

Habitat suitability modeling (HSM) has become an important tool for
species and habitat conservation, an important aspect of forest
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Fig. 4. HSM ensembles filtered through citizen-science observations. A) Merged genotype ensemble filtered through TreeSnap citizen-science observations of butternut.
B) Merged phenotype ensemble filtered through TreeSnap citizen-science observations of butternut. C) Merged genotype ensemble filtered through GBIF entries for
living butternut. D) Merged phenotype ensemble filtered through GBIF entries for living butternut. In each panel, grey counties did not contain butternut

observations.

Table 3
Top ten phenotype, genotype, and combined ensemble scores, after filtering
through citizen science observation data, arranged by combined ensemble score.

Filter State County Phenotype Genotype Combined
Enemble Ensemble

TreeSnap  Wisconsin ~ Crawford 0.43 0.81 1.24
Vermont Franklin 1.00 0.23 1.23
Kentucky Floyd 0.39 0.83 1.22
Indiana Jennings 0.85 0.23 1.08
New York Oswego 0.83 0.13 0.96
Kentucky Adair 0.65 0.27 0.92
Kentucky Metcalfe 0.83 0.07 0.90
West Logan 0.67 0.22 0.89
Virginia
New York Oneida 0.43 0.45 0.89
Vermont Chittenden  0.63 0.23 0.86

GBIF Kentucky Harlan 0.83 1.00 1.83
Indiana Perry 0.83 0.87 1.70
Michigan Berrien 0.83 0.62 1.45
Tennessee Dickson 0.65 0.71 1.36
Kentucky Pulaski 0.32 1.00 1.32
Indiana Orange 0.50 0.78 1.27
Wisconsin Crawford 0.43 0.81 1.24
Vermont Franklin 1.00 0.23 1.23
Minnesota  Goodhue 0.22 1.00 1.22
Michigan Kent 0.57 0.65 1.21

management (Liang and Li, 2024; Moorter et al., 2023; Nayeri et al.,
2024). Even from limited observations, researchers can predict habitats
of rare species (Breiner et al., 2018). Butternut populations have
declined due to past habitat loss, population fragmentation, and poor
regeneration due to changes in disturbance regimes (Boraks and Brod-
ers, 2014; Hoban et al., 2012b). Additionally, butternut is affected by
two non-native organisms— disease from Oc-j and hybridization with
Japanese walnut. Understanding how both organisms shape the
butternut suitability landscape is critical for conservation, restoration,
and management efforts (Pike et al., 2020). Here, we presented HSMs
that describe the suitability range of butternut. Further, we utilized a
new butternut dataset that included both BCD resistance phenotype and
family origin genotype to map habitat suitability for variations in ge-
notype and BCD resistance phenotype. Our intention is for these results
to help guide breeding and management efforts aimed at restoring this
ecologically and culturally important species by monitoring genetic di-
versity on the landscape.

4.1. Accuracy and limitations of habitat suitability ensembles

The accuracy of our ensemble models was limited by the number of
assumptions we had to make in managing the large and diverse dataset.
For example, the coarse spatial resolution of the source family locations



C.S. Bascom Jr. et al.

A

o

[ g

1
a -
e Butternut
ey ] . = []
‘ -
o Hybrid

Absent from
ensemble

600 km

0.15

@©
Q
<
g AO.'IO

©
8 NE (]
5 E
§v0.05
2
b=
@ 0.00 | ¢ 4.- “@s .

-1.0 -0.5 0.0 0.5
Merged Genotype Ensemble,

TSS Weighted

1.0

Forest Ecology and Management 612 (2026) 123708

i \
[ 4 )
""N
4 4
LI N
* More
7 Resistant
R ‘ ] [ ]
Rt Less
. Resistant
Absent from
ensemble
. 600 km
0.15
©
e
<
ﬁ ,\0'10
3 :‘56 '
5E
g £.0.05
9
b=
@ 0.00
-1.0 -0.5 0.0 0.5 1.0
Merged Phenotype Ensemble,
TSS Weighted

Fig. 5. Validation of ensemble models with Forest Inventory and Analysis data A) Merged genotype ensemble filtered by counties in which the FIA detected butternut. B)
Merged phenotype ensemble filtered by counties in which the FIA detected butternut. In both panel, grey counties did not contain butternut observations. C) A
scatterplot drawn from counties for which there is both a genotype ensemble prediction and basal area estimate. Error bars are derived from the sampling error in the
FIA database representing one standard deviation. Dashed red line is a non-significant linear regression model of ensemble score by basal area. D) A scatterplot drawn
from counties for which there is both a phenotype ensemble prediction and basal area estimate. Error bars are derived from the sampling error in the FIA database
representing one standard deviation. Solid red line is a significant linear regression model of ensemble score by basal area.

which required broad spatial aggregation of climatic data. Further, the
location of the butternut and hybrid families was dependent on a pre-
vious data set which is not without some spatial bias (Conrad et al.,
2026). Likewise, BCD resistance among Juglans species and hybrids is a
quantitative trait which we made a dichotomy out of based on the score
provided by Conrad et al., 2026. BCD resistance is undoubtedly influ-
enced by not only the environment, but also how long local butternut
and hybrid populations have been exposed to Oc-j. Unfortunately, the
spatiotemporal dynamics around Oc-j’s arrival, or emergence, and
spread is not fully understood (Broders et al., 2015, 2012). As such, we
cannot confidently factor BCD duration, or point of origin, into our
models. Nevertheless, there are variations in BCD resistance among
butternut families, and while our brt composite model included a weight
for the quantitative score (see Materials and Methods), our ensembles
did not account for the uncertainty inherent to a family being classified
as “more resistant” or “less resistant”. Likewise, Conrad et al., 2026
categorized a family as “butternut” if more than 95% of the single
nucleotide polymorphism (SNP) calls were to the butternut genome or
based on morphology, if SNP data was unavailable. While fairly con-
servative, there remains the possibility that trees were misclassified as
hybrid or butternut. Additional uncertainty around the genotyping
processes, including ambiguity in SNP calls, was similarly not accounted
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for in our ensembles. Finally, the survey solicitation did not distinguish
between wild or planted trees. While planted trees would by necessity
need to be in at least a moderately suitable environment to produce the
fruit necessary for seed collection (Conrad et al., 2026), their anthro-
pogenic source would undoubtedly confound our models (see Discussion
4.5). Despite these limitations in the source dataset, as our composite
models performed within the range of those used in previously pub-
lished HSMs (Adeyemo et al., 2025; Jamali et al., 2024; Latif et al., 2013;
Rew et al., 2020) in terms of composite model AUC and TSS scores as
well as accuracy on occurrence data withheld from composite model
generation. However, our composite models did not perform as well as
others (Georgian et al., 2019). Our ensembles integrated data from
multiple sources (PRISM, survey, FIA) each of which has potential bias
and uncertainty. Such factors can be technically challenging to incor-
porate into models such as those presented here. Combined, there are
implicit limitations to our models that must be considered when using
our HSMs as a potential guide for forest management applications.
Together, we conclude that each composite model adequately repre-
sented the broad-scale climatic suitability patterns, though un-
derestimates small-scale environmental variations. Indeed, finer scale
data could improve composite model accuracy (McGarigal et al., 2016).
We assert that these results are to be expected given the relatively low
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number of input observations and coarse spatial resolution.

Previous work established that hybrids between butternut and Jap-
anese walnut are generally more resistant to BCD than butternut
(Brennan et al., 2020; McKenna et al., 2011). Therefore, one would
expect that the habitat suitability of BCD resistance phenotype, inclusive
of both butternut and hybrids genotypes, would recapitulate the habitat
suitability of highly BCD-resistant Japanese walnut hybrids. As such,
when modeling habitat suitability of BCD resistance phenotype and
genotype, it is possible that the ensemble models would largely, if not
directly, reflect one another. To avoid redundancy in ensemble model
predictions, we made our BCD resistance phenotype ensembles using
data from only butternut genotypes. Despite this, our two merged en-
sembles are statistically correlated, though manifestly not directly
related in an ecologically relevant sense as evidenced by the low R?
value. Some correlation is to be expected; areas that are predicted as
climatically suitable for BCD resistant butternut would then logically be
climatically suitable for butternut genotypes generally. Conversely, this
means hybrid suitability negatively scales with BCD susceptibility in
butternut. This latter point suggests that Japanese walnut introgression,
perhaps, is more likely to be present where butternut is more susceptible
to BCD. Presumably, this would only be possible if Japanese walnut or
hybrid plantings were particularly prevalent in these areas. However,
Japanese walnut was introduced a century before BCD was described
and not planted as a replacement to native butternut or in response to
BCD. Therefore, the mechanism by which hybrid suitability is negatively
correlated with butternut BCD susceptibility depends on additional
factors. Indeed, there are myriad potential factors that could underly our
observation that hybrid suitability is negatively correlated with
butternut BCD susceptibility. For example, perhaps this correlation is
due to a higher density of Japanese walnut, or hybrid, plantings in those
areas. Higher Japanese walnut, or hybrid, planting could occur perhaps
by chance or sociological trends. Further, it is possible that genetic
variations in butternut populations lead to locally high levels of BCD
susceptibility, perhaps a particularly pathogenic local strain of Oc-j, or a
combination therein. While these mechanisms remain speculative for
now, they would be an interesting subject for future studies.

4.2. The historic range of butternut

Previous work has described butternut as having a broad range
across much of northeastern North America (Boraks and Broders, 2014;
Farlee et al., 2010; Hoban et al., 2012a, 2009; Little, 1971; Morin et al.,
2017; Rink, 1990). The USDA Forest Service’s Tree Atlas, which utilizes
FIA data, indicated butternut persists sparsely across the native range
(Peters et al., 2020). At a minimum, we would expect that an accurate
HSM ensemble would recapitulate the native range of butternut. And
indeed, both our merged genotype and merged phenotype ensembles
comported with the described historic range of butternut. A notable
exception is that our ensembles predicted suitability across northern
Maine, Michigan, Wisconsin and Minnesota. These regions are beyond
butternut’s reported northern limit (Little, 1971). However, recent work
independently generating butternut HSMs report environmental suit-
ability across similar regions (Adeyemo et al., 2025). That our HSMs
predict suitability in these northernly areas was likely due to the training
data having butternut and hybrid families from climatically similar
areas (e.g., Piscataquis County, Maine). Counties north of butternut’s
range also appeared in the TreeSnap and GBIF datasets, which were
utilized by Adeyemo et al. (2025). While both databases have “expert
validation” mechanisms for submissions, the observations are not
infallible. Further, butternut is particularly vexing due to morphologi-
cally indistinguishable congenic hybrids. Nevertheless, these results at
least suggest butternut, hybrids, or both are found beyond the historic
northern boundary of butternut specifically in the upper Midwest of the
continental United States. Previous work demonstrated that Oc-j spores
had the poorest germination rates in the coldest temperature trials (4°C)
(Moore and Ostry, 2015), suggesting cold intolerance. It is possible that
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a northern range expansion among butternut would be facilitated by
decreased fitness within the pathogen in colder climates. Our results, in
combination with citizen science butternut location data, could be early
indicators of a northern range expansion, potentially the result of rapid
environmental change (Adeyemo et al.,, 2025; Sittaro et al., 2017),
misidentification, or intentional planting. Conversely, most of the
counties missed by our ensembles were to the south and southeast of
butternut’s reported range. This is presumably due to the lack of families
collected from this region. To speculate, this likely represents a sample
collection bias since these areas are south of butternut’s reported range
(Little, 1971). Indeed, butternut is typically described as a cold-hardy,
heat-intolerant species, especially when compared to black walnut
(Rink, 1990). It is therefore reasonable to seek butternut in northerly
climates. Recent work into modeling butternut habitat suitability re-
ported favorable environments exist only sparsely in the southeast
United States (Adeyemo et al., 2025). However, the TreeSnap, GBIF, and
to a lesser extent FIA, datasets suggest that butternut persists to the
south of the historical range, which may be an untapped resource in
butternut breeding efforts. Indeed, neither TreeSnap nor GBIF are sys-
tematic surveys, and it is possible that butternut could be found in areas
outside of either filter, but included in our unfiltered merged ensembles.
Conversely, observations further south than the historically accepted
range could consist of planted trees, which could potentially fair better
in hotter climates due to anthropogenic intervention (e.g., supplemental
irrigation). These results may be of interest to landowners that may not
know the local climate is suitable to butternut, which is an economically
valuable ornamental wood crop (Meier, 2015).

4.3. Butternut canker disease resistance

Factoring into butternut habitat suitability is Oc-j habitat suitability.
Environments particularly favorable to Oc-j could be deleterious to all
but the most resistant butternuts. Conversely, an environment unsuit-
able to butternut may weaken the tree and put it at a disadvantage when
infected by Oc-j. Whether and how the environment factors into BCD
severity is a combination of how suitable the environment is to both
pathogen and host, also known as the disease triangle (Leveau, 2024).
To this point, early work failed to find strong evidence of BCD resistance
heritability among butternut populations, and BCD severity was thought
to be fully determined by the environmental suitability of the pathogen
and host. McKenna et al. (2011) found direct inoculation of Oc-j to
progeny of disease-free butternut trees readily developed BCD, though
results about heritability among naturally occurring infections in a
common garden experiment were inconclusive. LaBonte et al. (2015)
did not find evidence of heritability of BCD resistance within a single
stand near Whitewater, Wisconsin. Instead, environmental conditions,
specifically drier upland sites, were a stronger predictor of disease
progression. Likewise, researchers using the FIADB to assess range-wide
patterns in butternut decline concluded that ecoregion (a proxy for
similar environmental conditions), forest type and stand maturity were
the strongest predictors of the rate of butternut decline (Morin et al.,
2017). There, the authors found that butternut was most prevalent in
mature maple/beech/birch stands in southern Wisconsin and central
Minnesota, while butternut populations have remained the most stable
in western and upstate New York and northern Vermont. In our en-
sembles, these same regions were highlighted as areas climatically
suitable to more resistant butternut. More recently, long-term common
garden experiments monitoring natural BCD infections have provided
evidence that BCD resistance is indeed heritable (Conrad et al., 2026),
though only detectable when disease incidence and severity is high.
Those results conform to models whereby disease resistance is variable
across scales (Laine et al., 2011). Heritable BCD resistance necessitates
that observed BCD severity is not solely due to local environmental
factors, though environmental factors, such as precipitation (Sambaraju
et al., 2018) and proximity to riparian zones (LaBonte et al., 2015), are
manifestly involved in disease expression. Indeed, while environmental



C.S. Bascom Jr. et al.

factors undoubtedly have a prominent role in determining BCD severity,
there is evidence that there is some heritable BCD resistance among the
butternut genotype (Conrad et al., 2026).

Previous work has identified that isolates of Oc-j have different levels
of virulence (Brennan et al., 2020; McKenna et al., 2011), and therefore
it can be challenging to uncouple local host resistance from local path-
ogen virulence. Conrad et al. (2026) addressed this via a long-term
common garden natural infection experiment. Presumably, the test
trees were infected by a single local strain of Oc-j, or at least strains of
similar virulence, under similar environmental conditions. Therefore,
variation in BCD resistance is at least partially a function of genetics. The
spatial variation in Oc-j virulence has likely played a role in selecting for
BCD resistance among native butternut populations (Schlarbaum et al.,
1998). More virulent strains of Oc-j could cause mortality events so
complete, and if butternut disease resistance is merely slight, there is
limited opportunity for natural selection. Meanwhile, relatively
low-virulence strains of Oc-j could allow for a chance for mild BCD
resistance to be selected for. For example, while Oc-j is generally
accepted to have arisen or arrived in southwest Wisconsin in the late
1960’s, genomic structure analysis suggests at least three emergence or
introduction events (Broders et al., 2012). One population cluster occurs
in New England, where some have suggested that observed butternut
dieback in the early 20th century was erroneous attributed to Melanconis
juglandis Ellis & Everhart Grave (Graves, 1923, 1919). Instead, some
suggest, these butternut mortality events were potentially low-virulence
strain of Oc-j (Broders et al., 2015, 2012). It was only when a more
virulent strain arrived or emerged in the late 1960’s in southwest Wis-
consin did forest pathologists take note. In our merged phenotype
ensemble, New England and upstate New York are broadly more suitable
to the more resistant phenotype. These observations support a hypoth-
esis that Oc-j resistance has been selected for in the northeast region of
the United States for at least a century. Given the relatively short life
span of butternut, it is possible that we can detect the adult progeny of
those trees that had enough heritable BCD resistance to reproduce after
an early wave of mortality. Similarly, recent work compared BCD
resistance among butternut and hybrids with two isolates of Oc-j and
found that the isolate from southern Indiana was far less pathogenic
than the one from northern Indiana (Brennan 2020). Our merged
phenotype ensemble predicts southern Indiana to be more suitable for
more resistant butternut. Butternut families from southern Indiana
would have been exposed to a potentially less virulent strain of Oc-j.
Therefore, seed collected for Conrad et al. (2026) from wild populations
could be the first or potentially second generation of butternut resultant
from relatively mild selective pressure for disease resistance.

Demonstrating BCD-resistance heritability opens the possibility of
finding BCD-resistant breeding stock. The ensembles presented here are
tools that are directly applicable for forest management efforts focused
on finding and preserving BCD-resistant butternut germplasm as well as
areas that are climatically suitable for restoration planting.

4.4. Japanese walnut introgression

Hybridization between butternut and Japanese walnut has occurred
across much of butternut’s range (Hoban et al., 2009). Introgression is
prevalent in areas closer to human settlements (Hoban et al., 2012a),
presumably due to Japanese walnut’s use as an ornamental and orchard
tree (Zhao and Woeste, 2011). We did not include forest type or human
population density in our analysis, yet our genotype ensembles largely
support results from range-wide Japanese walnut introgression studies.
For example, Vermont has relatively low levels of Japanese walnut
introgression (Hoban et al., 2012a, 2009), and our ensemble indicates
much of Vermont as being suitable for butternut. Conversely, there has
been prevalent Japanese walnut introgression in Connecticut (Hoban
et al., 2009), with butternut absent from continuous forest in that state
(Hoban et al., 2012a). Our merged genotype ensemble models broadly
predicted Connecticut to be more suitable to hybrids than butternut.
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Previous work found evidence of prevalent Japanese walnut introgres-
sion in western North Carolina (Hoban et al., 2009), though only in
“anthropogenic landscapes” (Hoban et al., 2012a). Our merged geno-
type ensembles predicted higher hybrid suitability in western North
Carolina. In addition to Connecticut and North Carolina, Hoban et al.
(2012) found extensive Japanese walnut introgression in the fragmented
forests and anthropogenic landscapes of Massachusetts. Our merged
genotype ensemble similarly predicted hybrid suitability in Massachu-
setts. Previous work sampling butternut from New York, Vermont, New
Hampshire, and Maine found that 13% of trees were F; hybrids with
maternal Japanese walnut (Boraks and Broders, 2014). In support of
this, much of New Hampshire and Maine were predicted as more suit-
able to hybrids in our merged genotype ensemble. Outside of the
northeast, there are other regions highlighted as areas of interest our
ensembles predicted as suitable to more resistant butternut with low
suitability to hybrids: southern Indiana, western Michigan, southern
Kentucky, and northern Tennessee. There was little Japanese walnut
introgression within continuous forests of southern Indiana (Hoban
et al., 2012a), but the BCD resistance of butternut in that area are
understudied. Similarly, to our knowledge, no work has investigated
butternut from western Michigan. This work expands on Conrad et al.
(2026), which found BCD-resistant butternut in southern Indiana and
western Michigan. However, independent studies will need to investi-
gate BCD resistance and rates of hybridization in these areas.

In our merged genotype ensemble, hybrid suitability extended
contiguously from eastern Michigan, through western Ohio, northern
Indiana, much of Illinois and Missouri, and extended into southern Iowa.
Japanese walnut introgression is relatively understudied in these areas,
though there is evidence of prevalent introgression occurring in north-
ern Indiana (Hoban et al., 2012a). Therefore, conservationists looking to
capitalize on the BCD resistance found among hybrids for breeding
stock, the western portion of the Great Lakes region may be an area of
particular interest.

4.5. Butternut abundance

We utilized both the TreeSnap and GBIF datasets as observation-
based filters to our ensembles. However, they are not estimates of
abundance. In contrast, FIADB basal area estimates allows us to assess
butternut abundance as a function of our ensembles. Hypothetically,
butternut should be more abundant if the local populations have heri-
table resistance to BCD. This is complicated by the morphological am-
biguity of congenic hybrids, which are both more resistant to BCD than
butternut, and may be mistaken for the species genotype in the field.
Nevertheless, butternut basal area is slightly, but significantly, posi-
tively correlated with our merged BCD-resistance phenotype ensemble.
Such validation of our ensemble with an external dataset strengthens
our confidence in the ensemble’s prediction power. However, given the
low R? value (0.05) of the relationship between our merged phenotype
ensemble and butternut basal area, there are clearly other drivers of
butternut basal area. For example, known factors influencing butternut
abundance include stand type and soil moisture levels (Morin et al.,
2017), neither of which was explicitly included in our models. Further,
there is inherit sampling error associated with every FIA estimate, based
in part on the number of plots used to derive one’s estimate (Bechtold
and Patterson, 2005). Given the low density across its range, butternut is
particularly difficult to derive accurate estimates. Finally, models built
on finer spatial resolution may be more correlated with plot-level FIA
estimates and could be studied in a systematic fashion, including across
other tree species. In contrast to the relationship of butternut basal area
to our merged phenotype ensemble, our merged genotype ensemble is
not a significant linear predictor of butternut basal area. This is some-
what counter-intuitive, given that hybrids are more resistant to BCD
than butternut (Brennan et al., 2020; McKenna et al., 2011; Pike et al.,
2020). In addition to the aforementioned caveats, which are likewise
true for the merged genotype ensemble, a potentially vital addition is
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that Japanese walnut introgression is more common in anthropogenic
landscapes (Hoban et al., 2012a). While the FIA program was designed
to be a systematic and unbiases survey, complications arise if a plot is on
inaccessible private land, which would be more common in urban
landscapes. Combined, there is a clear gap in assessing the abundance,
as measured by basal area, of hybrids. Recently, the USDA Forest Service
began building an inventory of urban forests (Edgar et al., 2020). As the
urban FIA program builds a robust database of North American urban
landscapes, it is possible that butternut (and misidentified hybrids)
abundance maps predict the suitability range of Japanese walnut
introgression genotypes as described here. Previous studies have iden-
tified that hybrids have a larger diameter, and therefore basal area, than
butternuts across northern New England and New York (Boraks and
Broders, 2014). Exploring the extent of Japanese walnut introgression,
and thereby probing the question of hybrid fitness and local habitat
suitability, would require broader studies like those of Boraks and
Broders (2014), but conducted across the range of butternut.

5. Conclusion

Ensembles of species habitat suitability are typically based on
occurrence data from a single species. The ensembles presented here
advance the field of habitat suitability modeling by mapping ensembles
made of subpopulations of a single species (by genotype and pheno-
type). Our ensembles suggested that southern Indiana, much of Ken-
tucky, northern Tennessee, the eastern coast of Lake Michigan, and
portions of Upstate New York and Vermont as all suitable for putatively
disease resistant butternut. Further, much of Missouri, northern Illinois
and Indiana, as well as western Ohio and eastern Michigan are more
suitable to hybrids than butternut. While our ensembles performed
adequately, the climate variables included only capture a small part of
the explanatory power necessary to strongly predict local abundance.
Nevertheless, it is our expectation that these ensembles will help guide
breeding and conservation efforts by identifying areas of interest for
future field-based evaluations. This work could inform forest managers
on areas where butternut conservation should be prioritized. Our work
highlights areas where it is feasible to preserve an endangered species
and protect important genetics on the landscape. Importantly, this work
is but the first piece of a larger conservation puzzle; work must be done
focusing on the climatically suitable areas we highlight to identify areas
locally suitable by land use history, stand type, soil moisture regiments,
and policies around forest management.
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