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Abstract
According to the IUCN Red List, the endangered eastern North American tree species, butternut (Juglans
cinerea L.), has been negatively impacted by an introduced pathogen and declining habitat, hindering
conservation efforts. We developed an ensemble model to project spatiotemporal dynamics in suitable
habitats for butternut across its native eastern United States (US) range under contrasting emissions
scenarios. Our model integrated six algorithms weighted by predictive performance on test data.
Predictor variables emphasized temperature, precipitation, topography, and humidity variables influential
for butternut based on ecological literature. Across four future periods through the end of the 21st
century, the ensemble model projected habitat gains, losses, or stability depending on geographic
location and climate model, highlighting variability and uncertainty. While some ensemble projections
showed poleward and elevational range shifts per previous climate impact studies, incorporating
dispersal limitations in future models could avoid under- or over-estimating shifts. Precipitation
seasonality and slope aspect emerged as highly influential variables for projected distribution. Slope
gradients may provide local climate refugia amid regional drying. Overall, these results demonstrate
complex species-climate interactions across spatiotemporal scales, underscoring the need for adaptive
and location-specific conservation strategies attuned to ecological intricacies to ensure biodiversity
amid the uncertainties of global change.

1. Introduction
The predicted accelerated climate change in the 21st century is predicted to accelerate and have a
significant effect on both the abiotic and biotic components of forest ecosystems, which includes
changing habitat suitability and species distribution for various tree species on spatial and temporal
scales (Lenoir et al., 2008; Mathys et al., 2017; Kralicek et al., 2022). One notable change is the shift to
more favorable conditions for some species, resulting in a range shift for those species through various
mechanisms (Kralicek et al., 2022). The resultant negative effect of these changes in climate on species'
habitat suitability includes low regeneration success, decline in growth, and increased mortality rate,
while the positive effect of the improved habitat condition includes increased growth and regeneration
success (Rehfeldt et al., 2014). Globally, various studies have reported the effect of climate change as a
proxy for species range shift. The global warming phenomenon is expected to promote species range
expansion northward with high elevations and reduction in the southern range with low elevations,
especially for North American tree species (Rehfeldt et al., 2014; Monleon and Lintz, 2015; Adeyemo and
Granger, 2023).

Butternut (Juglans cinerea L.), a member of the Juglandaceae family, is an early successional species
that is native to eastern North America, especially the central and eastern regions of the United States -
with its southern extent in northwestern South Carolina, northern Georgia, northern Alabama, northern
Mississippi, and Arkansas - and southeastern Canada (Burns & Honkala, 1990; Kartesz, 1994; Morin et
al., 2018; NatureServe, 2023). This fast-growing, medium-sized hardwood species has a relatively short
lifespan, rarely exceeding 80 years (Rink, 1990). It demonstrates a preference for abundant sunlight and
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loamy, moist, yet well-drained soils commonly found in riparian zones. Though it can be found in similar
site conditions as eastern black walnut (Juglans nigra L.), butternut is reported to be found farther north
and at higher elevations, up to 1,500 meters (Rink, 1990; Cogliastro et al., 1997; Morin et al., 2018).
Studies by Fernald (1950) and Gleason and Cronquist (1991) also reported that butternut grows well in
lower slopes, ravines, and rich mesophytic forests, as well as different bottomland types, such as
floodplain forests, creek banks, and terraces. Butternut exhibits intolerance for wet, heavy, clay soils,
hence, well-drained soils are crucial for its healthy growth (Cogliastro et al., 1997, 2003). Butternut
frequently grows alongside a variety of canopy tree species, including American beech (Fagus
grandifolia Ehrh.), basswood (Tilia americana L.), black cherry (Prunus serotina Ehrh.), black walnut
(Juglans nigra L.), eastern hemlock (Tsuga canadensis [L.] Carr.), hickory (Carya spp.), and oaks
(Quercus spp.) (Rink, 1990; Morin et al., 2018). However, it is shade-intolerant and grows best in direct
sunlight. While young trees can handle some lateral competition, they cannot withstand overhead
shading, and need to be in the canopy by maturity to survive. Only in open fields or stand openings,
where shade does not hinder growth, does successful reproduction take place (Skilling, 1993; Ostry et al.,
1994; NatureServe 2023).

The rapid decline of butternut is primarily attributed to the pervasive spread of butternut canker disease,
caused by the mitosporic fungus, Ophiognomonia clavigignenti-juglandacearum, though there is also a
hypothesized reduction in suitable habitat due to climate change (Iverson et al., 2008; Ostry et al., 1994;
Morin et al., 2018). This destructive disease creates girdling cankers that have been responsible for
killing mature butternut trees, young sprouts, and seedlings across the entire range of the species (Ostry
et al., 1994). Unfortunately, the disease shows no signs of abating and continues to spread, further
exacerbating the downward trend in butternut populations. The future outlook for the species remains
concerning, as it has been reported to have lower genetic diversity when compared to similar species
such as black walnut (Fjellstrom and Parfitt, 1994; Morin et al., 2000). This low genetic diversity may
hinder the species' ability to adapt to the butternut canker and withstand climate change, so
understanding the genetic makeup of this species is imperative for its conservation and long-term
survival.

The severity of butternut canker disease's impact on butternut populations has been well-established
through assessments conducted by the USDA Forest Service Forest Inventory and Analysis (FIA)
program and other survey data. From 1966 to 1986, a staggering 77% reduction in individual butternut
trees was reported across the species' range, with some states experiencing declines exceeding 80%
(Anderson and LaMadeleine, 1978; Ostry et al., 1994). This overall statistic was confirmed by
Schlarbaum et al. (1997), who also found that 77% of butternut trees in the southeastern United States
died over 30 years. Overall, butternut tree numbers in seven midwestern states have decreased by 23%
since 1990 (Ostry and Woeste, 2004). More recently, a FIA assessment in 2015 revealed a steep decline
of 58% in the number and volume of butternut trees since the 1980s, with the most significant decreases
observed in the Midwest (Morin et al., 2018). In 2019, a comprehensive threat assessment ranked
butternuts in the top twenty most severely threatened eastern tree species due to disease. This
evaluation combined various threat attributes and species biology to determine the level of risk (Potter et
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al., 2019). In Canada, butternut was federally listed under the Species at Risk Act (SARA) in 2005. Three
of the Canadian provinces classify the species as critically endangered or imperiled (COSEWIC, 2017).
Butternut has "special concern" status in Kentucky, is "exploitably vulnerable" in New Jersey, is
"vulnerable" in Tennessee, and is "critically imperiled" in Minnesota (Fig. 1), while not being federally
listed and protected under the Endangered Species Act in the United States (NatureServe, 2023). Overall,
butternut is considered “vulnerable” by NatureServe, however, it’s generally “Imperiled” in the
southeastern U.S. (NatureServe, 2023). According to the IUCN Red List, butternut is endangered, (Stritch
and Barstow, 2019). It is classified as either a "sensitive species" or a "species of concern" in 16 National
Forests, and several states have taken action to recognize this alarming condition for example the
restriction of harvesting healthy butternut on national forests (Ostry et al., 2003; Brosi, 2010; Farlee et al.,
2010; Morin et al., 2018). These assessments and designations underline the urgency of addressing
butternut's population decline and implementing conservation efforts to safeguard this valuable tree
species. The collaboration between various agencies and researchers is crucial to mitigate the impacts
of butternut canker disease and preserve butternut's ecological significance in both the United States
and Canada.

The need for informed climatic-environmental, science-based decision-making has grown over time as a
means to monitor the effects of climate change on habitat suitability and inform assisted migration and
restoration efforts to ensure productivity of tree species (Rockström et al., 2009). Uncertainties related
to climate change, which result from varying stakeholder objectives, perceptions of future conditions,
and developing responses to sporadic and unusual events, increase the difficulty of long-term resource
planning (Marchau et al., 2019). These difficulties are intensified with temporal and spatial increases,
and expansion in scope of impacts (Smith et al., 2022). Despite significant progress in societally relevant
climate research, there is still a persistent gap between the generation of scientific evidence and the
practical application of research results by different stakeholders (Kirchhoff et al., 2013). This
discrepancy results, in part, from differences in how scientists and decision-makers convey uncertainty,
as well as a mismatch between how researchers formulate climate information and how decision-
makers view its applicability and credibility (Brugnach et al., 2007; Kloprogge et al., 2007; Lemos et al.,
2012; White et al., 2015). Therefore, significant changes in climate research are required to produce
results that can be used and successfully support decision-making processes (Kirchhoff et al., 2013;
Mayer et al., 2017; Smith et al., 2022). Recently, there has been increased advocacy for the inclusion of
species habitat suitability maps, developed from robust modeling techniques, in restoration plans to
guide implementation for a successful outcome (Self, 2023).

Species distribution modeling (SDM), habitat suitability modeling (HSM), or ecological niche modeling
(ENM) (Peterson et al., 2011; Guisan et al., 2017) have been fundamental tools in understanding species
habitat ecology and management (Vinagre et al., 2006), improving species restoration and reintroduction
efforts (Barnes et al., 2007; Adhikari et al., 2012; Payne and Bro-Jørgensen, 2016; Lentini et al., 2018),
and conserving endangered species (Jackson and Robertson, 2011; Stratmann et al., 2016; Hale et al.,
2022). These models can be used to assess and predict the probability of species occurrence by
analyzing the environmental variables that influence species distribution (Elith et al., 2011). These
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models enable the development of insights into species-habitat associations, even in situations where
biological datasets are bottlenecks or when predicting potential responses to future climate change and
disturbances (Jueterbock et al., 2016; Davis et al., 2021). However, there have been noted variations in
the forecasts produced by various modeling techniques that brought about uncertainties in the use of
these predictions, which necessitates developing alternative approaches that amplify the signal-to-noise
ratio from the prediction output. Ensemble models have demonstrated superior performance compared
to individual models, making them a valuable approach to avoid relying solely on one type of model
(Araújo and New, 2007; Georgian et al., 2019). By combining the predictions of multiple models,
ensemble methods can leverage the strengths of different algorithms, leading to more accurate and
robust results (Naimi and Araújo, 2016). This diversity within the ensemble helps mitigate the
weaknesses and biases that may be present in any single model, thus enhancing the overall predictive
power and reliability of the approach. As a result, ensemble modeling has become increasingly popular,
and its effective application in predictive modeling includes modeling species' habitat suitability. For
example, Chefaoui et al., 2016 used pseudo-absence data and an ensemble of six models for presence-
absence data where the ensembled prediction had the highest predictive accuracy when compared with
others. The six presence-absence models were GLM (Generalized Linear Model), GAM (Generalized
Additive Model), GBM (Generalized Boosting Model), RF (Random Forest), MARS (Multivariate Adaptive
Regression Splines), and FDA (Flexible Discriminant Analysis). However, despite its established improved
accuracy by enhancing the ‘signal’ to noise ratio from various model outputs, it still depends on excellent
individual predictions to produce better ensembled forecasts (Araújo et al., 2005).

Efforts have been taken to develop disease-resistant variants of butternut and restore the species by
adopting various approaches, which include, but are not limited to, backcross breeding with Japanese
walnut (Juglans ailantifolia Carrière) using the approaches employed for the American chestnut
(Castanea dentata (Marsh.) Borkh.) (Diskin et al., 2006), identifying resistant butternut, and germplasm
collection which has recorded significant progress (Michler et al., 2005; Ostry and Moore, 2008; Woeste
et al., 2009; Hoban et al., 2010; Vidal et al., 2017). Though achieving disease-resistant butternut is the
first step in its restoration, the ability to reintroduce butternut into North American forest ecosystems
requires identifying suitable areas for successful restoration. Considering the advancements made in
identifying potentially resistant trees, a thoughtful approach is being taken to choose suitable locations
for successful reintroductions (Woeste et al., 2009). While a predictive model was developed to pinpoint
potential sites for butternut restoration in Mammoth Cave National Park (Thompson et al., 2006), studies
on butternut restoration across its historical range have not been thoroughly investigated. Although
Schumacher et al. (2022) attempted to develop a hindcast and modern habitat suitability for butternut
and range shifts in relation to its genetic pattern and fossil pollen records using an individual model
technique (boosted regression trees, brt), no study has attempted to use ensembled models to assess
habitat suitability for butternut reintroduction (Araújo and New, 2007; Marmion et al., 2009). Our study
focuses on developing an ensembled species distribution model using six refined modeling algorithms
to identify and quantify suitable habitats for butternut restoration within its historic range, assess the
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range shift in response to climate change, and identify environmental variables contributing significantly
to butternut habitat suitability in the eastern United States.

2. Materials and Methods

2.1. Study Design and Data Analysis
The study is limited to the recorded historical range of butternut in the eastern United States, leaving an
appropriate buffer for future prediction while considering future climate change based on different
prospective climate scenarios. Aggregated occurrence data and pseudoabsence generated background
data (response variable) were analyzed in R (R Core Team, 2022) to assess relationships with selected
environmental variables (predictor variables). A combination of different regression-based (generalized
additive model, “gam”; generalized linear models, “glm”) and machine learning-based (boosted
regression tree, “brt”; random forest, “rf”; support vector machine, “svm”; flexible discriminant analysis,
“fda”) techniques were used to develop habitat suitability models by coupling the prediction from these
algorithms using the area under the curve (AUC) (Fielding and Bell, 1997) as the weighted criterion for
assembly.

2.2. Sourcing Butternut Occurrence Data
The butternut occurrence (presence) data in the eastern United States were obtained from open-access
sources, such as the Global Biodiversity Information Facility (GBIF Secretariat, 2023), TreeSnap (Crocker
et al., 2020), and iNaturalist (iNaturalist, 2023). The data were verified and filtered for duplicates and
outliers using the CoordinateCleaner package (Zizka, 2019) in R (R Core Team, 2020). After the cleaning
procedure, 300 presence points were retained, which far exceeded the number required for excellent
model accuracy, reduced sensitivity to prevalence, and reduced model overfitting as outlined by Merow
et al. (2014) and Guisan et al. (2017). Pseudoabsence data were randomly generated from the sdm
package in R and used to delineate areas in the predefined geographical area where butternut was not
present. The recommended ratio of presence-pseudoabsence data for the species distribution model is
1:2; however, to attain a higher level of predictive accuracy, we adopted a ratio of 1:3.5, having randomly
selected 1,000 pseudoabsence points using the bg argument in the sdmData function within the sdm
package.

2.3. Environmental Predictor Variables
The bioclimatic variables, generated from monthly temperature and precipitation data for biological
interpretation purposes in species distribution models, were downloaded from the WorldClim website
from 1970 to 2000 at a 30-second arc resolution (Fick and Hijmans, 2017). The soil-based variables and
elevation dataset were downloaded from the Soil Survey Geographic Database (SSURGO) (Soil Survey
Staff, 2023) and the U.S. Geological Survey National Elevation Dataset (Gesch et al., 2018). The
elevation-based variables, such as slope, relative slope position, aspect, and solar insolation, were
derived from refereed literature on the environmental requirements for butternut (e.g., van Manen et al.,
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2002; Thompson et al., 2006; Morin et al, 2018). According to Booth's (2022) findings, the reliability of
certain bioclimatic variables, which involve both temperature and precipitation, in species distribution
modeling can vary depending on their proximity to the equator. This is due to discontinuities detected as
a result of the interpolation methods, resulting in significant variations over short distances.
Nevertheless, it has been established by Bradie and Leung (2017) that these variables still offer valuable
information for analyzing species distribution models and should not be excluded unless necessary. The
predictor variables were set to the same extent and resolution, after which they were stacked for
analysis.

The occurrence data and pseudoabsence (background) points were overlayed on the predictor variables
to extract the data from the raster predictors as a dataframe. A point biserial correlation coefficient
analysis was conducted, which measures the strength of association between a dichotomous variable
(i.e., occurrence = “1” and absence = “0”) and continuous-level variables (predictor variables). Fifteen
variables showed a level of association with the response variable and were pre-selected for further
analysis. These variables included annual mean temperature (Bio 1), isothermality (Bio 3), temperature
seasonality (Bio 4), minimum temperature of the coldest month (Bio 6), temperature annual range (Bio
7), mean temperature of the wettest quarter (Bio 8), mean temperature of the driest quarter (Bio 9), mean
temperature of the coldest quarter (Bio 11), annual precipitation (bio 12), precipitation of the driest
month (bio 14), precipitation seasonality (bio 15), precipitation of the driest quarter (bio 17), precipitation
of the coldest quarter (bio 19), elevation (DEM), and the slope at the respective site.

2.4. Butternut Habitat Suitability Model Development
To address potential multicollinearity issues arising from highly correlated predictor variables, the
preselected variables were subjected to testing using the variance inflation factor (VIF). The VIF was
implemented within the usdm package in R (R Core Team, 2020), following the methodology outlined by
Naimi et al. (2014). The VIF approach was chosen for its capability to identify significant variables, while
eliminating redundant variables that may not contribute substantially to the response variable. Predictor
variables with a VIF value exceeding 10 were systematically eliminated. A sdmData object was
constructed using the sdm package to develop the habitat suitability model (Naimi and Araújo, 2016).
The model structure was defined by specifying the formula, data, replication technique, data partitioning,
sdm methods, and evaluation metrics. Our analysis included two regression-based techniques (gam and
glm), as well as four machine learning-based algorithms (brt, rf, svm, and fda) that were selected based
on their excellent discriminatory ability. To ensure robustness, a 5-fold cross-validation replication
technique was adopted. This process was repeated for 10 runs, resulting in a total of 50 models for each
modeling technique and 300 models, in total. The fitted model object was used to predict the suitable
habitats for butternut within its range in the eastern U.S., for all the adopted modeling techniques.

To assess the accuracy and predictive performance of our models, each modeling prediction was
evaluated based on the two most cited metrics, the area under the receiver operating characteristics
curve, AUC, and the true skill statistics, TSS, although there has been strong evidence about them being
responsive to prevalence (Peirce, 1884; Allouche et al., 2006; Wunderlich et al., 2019). AUC values range
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from 0 to 1, where values greater than 0.5 indicate that the model is better at classifying data than
random classification and one is perfect classification (Pepe, 2000; Lobo et al., 2008). TSS has a value
that ranges from − 1 to + 1, where 1 indicates perfect agreement and values of zero and less indicate a
random chance performance. The probability of occurrence predicted by the models was ensembled by
using the AUC as a weighted criterion for aggregation to produce the final habitat suitability model for
butternut. We generated a threshold-based prediction from the AUC-weighted prediction by adopting the
sum of the maximum sensitivity and specificity approach (max(se + sp)) for developing a presence-
absence prediction probability (Naimi and Araújo, 2016). The uncertainty analysis was performed to
assess the variability among the model replicate predictions by estimating the standard deviation of the
butternut habitat suitability prediction. The generated uncertainty analysis map helped identify areas
with highly volatile habitat suitability predictions. This study also assesses the relative importance of
variables contributing significantly to the distribution of butternut within its range in the eastern United
States using the AUC as the weighted criterion.

2.5. Butternut Distribution Projection
For the projection of butternut habitat suitability within its historical range, three General Circulation
Models (GCMs) from the Coupled Model Intercomparison Project 6 (CMIP6) were selected: Australian
Community Climate and Earth System Simulator (ACCESS-CM2), Beijing Climate Center Climate System
Model (BCC-CSM2-MR), and Hadley Centre Global Environment Model (HadGEM3-GC3.1). Two shared
socio-economic pathways, namely stable emission (RCP 4.5) and high emission (RCP 8.5), were utilized
across 20-year periods from 2021 to 2100 (i.e., 2021–2040, 2040–2061, 2061–2080, 2081–2100)
(Eyring et al., 2016). These GCMs were chosen based on their availability of bioclimatic data and the
variability in precipitation projections. ACCESS-CM2 indicates a decrease, HadGEM3-GC3.1 suggests a
relatively insignificant decrease, and BCC-CSM2-MR projects a more substantial increase in precipitation
(Fig. 2) (Fajardo et al., 2021).

Downscaled future bioclimatic projection data, obtained from the WorldClim website
(https://www.worldclim.org/data/cmip6/cmip6climate.html) (Fick and Hijmans, 2017), were utilized for
the prediction of butternut habitat suitability under these selected GCMs, RCPs, and periodic years. The
data had a spatial resolution of 30 seconds. We quantified the suitable habitat in each of these scenarios
as a response to prevailing climatic conditions. RCP 4.5 and 8.5 were denoted henceforth in the write-up
as RCP 45 and 85, respectively.

2.6. Effect of Changing Climate on Butternut Range
The study also assesses the shift in the species range as a proxy of prospective climate change by
adopting the methodology employed by Iverson et al. (2008) and Adeyemo and Granger (2023). Spatial
statistic tools in ArcGIS 10.8.1 were utilized for this analysis. The Mean Center tool was employed to
determine the current and future "center of gravity" of butternut distribution. The Mean Center
coordinates were used to calculate the distance and direction of potential habitat shifts. Additionally,
ellipses representing one standard deviation were created using the Direction Distribution tool for
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visualization. We obtained information on potential changes in species' suitable habitats across different
scenarios by analyzing mean center distance and direction. The range shift analysis was estimated
based on the mean center by calculating the distance (in km) and direction (in degrees) of the future
predicted mean center to the historical and predicted suitable habitat mean center.

3. Results

3.1. Variable selection and relative variable importance
The variable preselection process resulted in a reduced set of 15 variables. After excluding correlated
variables, eight variables were selected based on their VIF values, while the other seven were eliminated.
The minimum correlation was observed between slope and temperature annual range (bio7) with a value
of 0.0062, while the maximum correlation was recorded between precipitation seasonality (bio15) and
annual precipitation (bio12) with a value of -0.77. Other variables that showed collinearity problems
included annual mean temperature (bio1), temperature seasonality (bio4), minimum temperature of the
coldest month (bio6), mean temperature of the coldest month (bio11), precipitation of the driest month
(bio14), precipitation of the driest quarter (bio17), and precipitation of the coldest quarter (bio19).

For model development, the selected variables were the Digital Elevation Model (DEM), elevation-derived
slope (slope), isothermality (bio3), annual temperature range (bio7), average temperature of the wettest
quarter (bio8), average temperature of the driest quarter (bio9), annual precipitation (bio12), and
precipitation seasonality (bio15) (Fig. 3). Of the eight variables with a VIF < 10, the two most crucial
variables influencing butternut distribution were slope and precipitation seasonality (Fig. 4). Slope
contributed approximately 20% and precipitation seasonality contributed 18% to butternut distribution
(Fig. 4). While there were some variations in the relative importance of variables based on different
modeling methods and training or test datasets, the slope consistently demonstrated a higher
contribution to butternut habitat suitability in 10 out of 12 modeling techniques and dataset type
combinations (Figure S1). The isothermality (bio3) also showed a relative contribution of about 11% to
the butternut distribution in the US (Fig. 4). All other variables contributed less than 10% each.

3.2. Model summary and model evaluation
The developed model employed six different model techniques that resulted in 300 model IDs for the
butternut habitat suitability model (Table 1). Among the individual models, Random Forest (rf)
demonstrated the highest predictive performance with an AUC score of 0.94, followed by Boosted
Regression Trees (brt) with a score of 0.87. The AUC scores for Support Vector Machine (svm),
Generalized Additive Model (gam), Flexible Discriminant Analysis (fda), and Generalized Linear Model
(glm) were 0.88, 0.88, 0.84, and 0.84, respectively (Table 2). With the TSS evaluation, the Random Forest
(rf), Support Vector Machine (svm), Generalized Additive Model (gam), and Boosted Regression Trees
(brt) emerged as the top four best-performing models, with scores of 0.74, 0.66, 0.65, and 0.62,
respectively. The TSS values for Flexible Discriminant Analysis (fda) and Generalized Additive Model
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(gam) were 0.59 and 0.57, respectively (Table 2). The high AUC and TSS values indicate the models'
strong predictive ability, and demonstrate that their predictions are better than random chance (Fig. 5).

Table 1
Butternut SDM data and model summary

Class sdmModels

Name of species Butternut (Juglans cinerea L.)

Number of environmental variables 8

Environmental variables bio3, bio7, bio8, bio9, bio12, bio15, DEM, Slope

Type Presence-pseudo-absence

Number of records 1300

Has coordinates? True

Number of modeling techniques 6

Names of modeling algorithms brt, rf, svm, gam, fda, glm

Data partitioning methods Cross-validation

Number of replicates 10

Total number of replicates per model 50

Table 2
Butternut HSM evaluation and discrimination

metrics
Methods AUC COR TSS Deviance

brt 0.87 0.58 0.62 0.84

rf 0.94 0.73 0.74 0.54

svm 0.88 0.59 0.66 0.74

gam 0.88 0.60 0.65 0.73

fda 0.84 0.46 0.59 0.87

glm 0.84 0.48 0.57 0.83

3.3. Predicted current habitat suitability and uncertainty
analysis for butternut
The ensembled butternut habitat suitability model indicated that the predicted suitable habitat
encompassed approximately 131 million hectares for the AUC-weighted threshold-based binary
prediction (Fig. 6). However, the agreed predicted suitable habitat from the six model techniques showed
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that only about 58 million hectares were suitable for butternut in the US. The uncertainty analysis
developed from the standard deviation of the binary-threshold prediction showed a low-level risk
associated with the predicted butternut suitable habitat in the eastern US.

3.4. Potential future suitable habitats of butternut based on
different climate models
Under the RCP 45 stabilized emission scenario, Fig. 7 illustrates distinct trends in the suitable habitat for
butternut. In the ACCESS GCM (Fig. 7A), an initial increase is observed during the first three periods,
followed by a subsequent decrease in the final period. Meanwhile, the HADLEY GCM (Fig. 7C)
consistently depicts a reduction in suitable habitats throughout the observation period. Conversely,
under a high emission scenario (RCP 85), the ACCESS GCM portrays a sustained augmentation in
suitable habitats, whereas the HADLEY GCM initially experiences a decline, subsequently followed by a
consistent increase during the last three periods. Notably, a transition from stabilized to high emissions
scenarios in the ACCESS GCM results in a consistent expansion of suitable habitats across all periods.
In contrast, the HADLEY GCM initially witnessed a decline in the first two periods, only to be succeeded
by an increase in the last two periods.

However, it is important to note that the BCC GCM projections (Fig. 7B) reveal an overestimation of
future suitable habitats for butternut. In this case, nearly all areas are predicted to be suitable, and this
overestimation can be attributed to the chosen threshold values for binary classification. The binary
classification employed a cutoff point that was exceeded by the probability of an area being suitable for
butternut, leading to the overestimation. Furthermore, the rainfall pattern over the years has shown
inconsistencies in different parts of the US, as reported by Lindsey (2021).

3.5. Effect of changing climate on butternut range
The butternut range shift analysis was conducted using the ACCESS and HADLEY GCM habitat suitability
threshold-based binary predictions because their future habitat suitability prediction obtained was within
the ecological interpretation with the exclusion of the BCC GCM. The result showed that the predicted
range has a northward range shift from the historical range (the baseline for comparison) with a distance
of about 42 km between the two ranges (Fig. 8). This difference in the range between the predicted and
the historical range records could be attributed to the effect of the changing climate and unrecorded
species occurrence for butternut. Using the historical range and predicted range as a reference point, we
projected how this range could shift from 2021 to 2100 under both RCP 4.5 and RCP 8.5, and found that
there was a northward range shift for butternut for the two GCMs under both stable and high emissions
(Fig. 8). As expected, the high emission scenario showed a greater range shift in distance (km) for
butternut habitat in the US for both the GCMs when compared to the stabilized emission scenario. For
the ACCESS GCM, the average butternut range shift distance from 2021 to 2100 was 193.45 ± 41.41 km
and 253.41 ± 62.98 km for stabilized and high emissions scenarios, respectively (Fig. 9). This translates
to about 2.42 ± 0.52 km per year and 3.17 ± 0.79 km per year for stabilized and high emissions scenarios,
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respectively (Table S2). The direction of the shift of the predicted range from the historical range was
between 280.21° to 289.05° and 267.05° to 288.98° for stabilized and high emissions scenarios,
respectively. Similar results were obtained for range shift analysis using the predicted range as the
reference point. The average distance was 234.55 ± 40.93 km and 293.31 ± 61.33 km under stabilized
and high emissions, respectively, from 2021 to 2100. The direction of shift was between 283.04° to
290.94° and 270.82° to 290.61° for stabilized and high emissions, respectively.

The range shift analysis result for the HADLEY GCM also showed that the distance of the future
predicted butternut range from the historical range and historical range increases with increasing
emissions and years, as evident in the analysis output. We found an average of 90.61 ± 59.23 km and
110.70 ± 35.37 km with a corresponding direction of 5.75° to 320.06° and 3.93° to 356.52° for stabilized
and high emissions scenarios using the historical range as a reference point. Using the predicted range
as a reference point, the average distance of the future butternut species range from the predicted range
was 112.23 ± 71.15 km and 131.78 ± 48.23 km with a direction between 315.64° to 355.79° and 21.07° to
351.62° under stabilized and high emission scenarios. Overall, the range shift analysis showed that the
changing climate will consistently influence butternut species range shift dynamics in the eastern US
with a northward shift and increasing distance as we transition from a stabilized emission to high
emission scenario over time.

4. Discussion
In our investigation, we employed an ensemble model that combined the weighted outputs of six distinct
algorithms to assess the habitat suitability of butternut within its native range in the eastern US. Our
selection of predictor variables was guided by an extensive literature review describing the preferred site
and environmental conditions of butternut (e.g., Fernald, 1950; Rink, 1990; Gleason and Cronquist, 1991;
Skilling, 1993, Ostry et al., 1994; Thompson et al., 2006; Morin et al., 2018; Pike et al, 2021; Schumacher
et al., 2022), specifically focusing on factors with potential significance in shaping the distribution of the
butternut tree in the eastern United States. These variables predominantly encompassed climatic
parameters, with a pronounced emphasis on temperature and precipitation-related factors. It is worth
noting that the global phenomenon of climate change has been unequivocally identified as a primary
driver behind the alterations in these critical bioclimatic variables. These alterations are poised to have
cascading effects on the distribution patterns and habitat suitability of a multitude of terrestrial
organisms, thereby warranting a comprehensive assessment of these effects on ecological dynamics.
Climate change is exerting a transformative influence on global biodiversity, inducing shifts in abiotic
conditions and the intricate web of biological interactions (Rosenzweig et al., 2008). The compounded
consequences of ongoing climatic shifts alongside localized disturbances have begun to surpass the
adaptive limits and ecological resilience of numerous species (Blowes et al., 2019). This predicament
has given rise to a prevalent and conspicuous phenomenon of observable alterations in the distribution
of species across various ecosystems (Chen et al., 2011).
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Using the threshold-based, binary predicted butternut suitable habitats as the baseline, our model
showed a relative increase in suitable areas with a reduction in annual precipitation. Suitable areas also
increased with increasing emissions when compared to the stabilized emissions predictions
accompanied with low uncertainty risk described in our results. This implies that butternut species may
not grow well in flooded areas as they have been reported to be flood intolerant. This result is
corroborated by a study from Crystal and Jacobs (2014) that assessed the drought and flood tolerance
of butternut and some naturally occurring individual hybrids and found that butternut showed a negative
response to flood treatments. Our model exposes intricate patterns in suitable habitats for butternut,
showcasing variability in spatial distribution, temporal changes, and responses to different climate
scenarios. This highlights the susceptibility of butternut to alterations in precipitation patterns that are
associated with many uncertainties. We recorded contrasting results when quantifying the future
suitable area for butternuts in the eastern US as a result of different precipitation predictions from
different climate models. There is not enough evidence to conclude that there is a significant decline in
the suitable areas for butternut in the US based on our threshold binary model prediction and ACCESS
and BCC GCMs. This lack of evidence from the GCMs is supported by the recent discovery of some
butternut individuals in the state of Mississippi where our model indicated low habitat suitability which
could be attributed to the precipitation projection uncertainties (Granger, 2023, Unpublished findings).
Though the ACCESS and BCC GCM results were inconclusive, the HADLEY GCM demonstrated a
significant reduction in suitable habitat. Although some studies found a decline in suitable habitats for
butternut (Iverson et al., 2008; Pike et al., 2021; Schumacher et al., 2022), it is difficult to compare the
quantified areas as a result of variations in the unit adopted in these studies. The reduction in the
population of butternut has been partly attributed to the butternut canker disease (Morin et al., 2018),
and has been largely attributed to the species range shift caused by the increase in global temperature
that brought about the shift in suitable habitats to adjacent countries, like Canada (McKenney et al.,
2001; Schumacher et al., 2022). For example, though the model’s reliability assessment score was low
(i.e., 20%), Iverson et al. (2008) reported a reduction of 0.2% and 0.1% in the suitable habitat for butternut
with 90.7% of its range within the eastern US and the rest of the range in Canada.

A northward longitudinal range shift has been reported by various researchers for many eastern US tree
species, and the results of our predicted butternut range shift analysis agree with this trend (Soja et al.,
2007; Iverson et al., 2008; Adeyemo and Granger, 2023). Displaying these results collectively in a polar
graph reveals distinct patterns of movement and distance for suitable habitats. Our study reported an
increase in the distance and variation of the range shift with increasing emissions for butternut in the
eastern US. Various distribution studies provide evidence supporting a northward expansion (e.g., Zhu et
al., 2012; Zhu et al., 2014) or movement to higher altitudes (e.g., Peñuelas et al., 2007; Vitasse et al.,
2012; Rigling et al., 2013). Simultaneously, some studies indicate a decrease in distribution (e.g., Zhu et
al., 2012; Adeyemo and Granger, 2023). Anticipated disparities in exposure and responsiveness to
environmental shifts are likely to induce uneven patterns of change across species, space, and time
(Antão et al., 2022). Such asymmetries manifest in diverse ways, such as alterations in range and
phenological shifts (Burrows et al., 2011; Lenoir et al., 2020; Antão et al., 2022). Our study aligns with this
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expectation, revealing that the nature and extent of climate-induced responses significantly hinge on the
specific geographic zone and the climatic variables under consideration. These findings underscore the
nuanced and zone-dependent nature of ecological responses to environmental changes, emphasizing
the need for tailored analyses in understanding the complexities of climate impacts on different species.
However, one of the major caveats in predicting species distribution and range shift analysis is that it
does not account for the seed dispersal that results in species migration which might bring about the
future actual distribution that deviates from predictions of potential distribution (Pearson and Dawson,
2003; Svenning and Skov, 2004; Meier et al., 2012; Zimmermann et al., 2013). Identifying and accounting
for species' effective dispersal mechanisms will be integral to predicting future species distribution while
eliminating overestimation and underestimation of suitable areas (Neilson et al., 2005; Araújo and
Guisan, 2006; Zimmermann et al., 2013). Schumacher et al. (2022) attempted to estimate the butternut
dispersal ability using pollen records and reported that the tree squirrel (Sciurus spp. L.) is the butternut’s
primary seed dispersal vector with a dispersal distance of less than 100 m. However, the biotic velocities
derived from the pollen records exceeds the possible butternut seed disperser which makes it difficult to
integrate into species distribution models.

As climate change intensifies, there is a prevailing notion that high-latitude communities will emerge as
focal points of significant transformation, as indicated by previous studies (Venevskaia et al., 2013; Koltz
et al., 2018). Our research further illuminates the significance of diverse climatic variables in elucidating
butternut species' habitat suitability across both spatial dimensions and temporal dynamics. This
distinct understanding contributes to a more comprehensive grasp of the complex interactions between
climatic factors, spatial characteristics, and temporal considerations in the context of accelerating
climate change. Slope aspect and precipitation seasonality were the two most important variables found
to contribute significantly to butternut distribution. Topographic factors, such as elevation, slope, and
position, exert a significant influence on vegetation distribution, shaping local environments through
alterations in solar radiation reception (Holland and Steyn, 1975; Daws et al., 2002; Moeslund et al., 2013;
Sundqvist et al., 2013; Yetemen et al., 2015; Jucker et al., 2018). Particularly, the slope aspect emerges
as a crucial determinant impacting microclimates, soil properties, and hydrological processes. Studies
by Yang et al. (2020) revealed distinct vegetation variations on different slope aspects, driven by
significant differences in soil nutrients. North-facing slopes generally exhibit higher biomass, coverage,
height, and species diversity due to increased solar radiation (Holland and Steyn, 1975; Kutiel and Lavee,
1999). Crystal and Jacobs (2014) emphasized that solar radiation, canopy cover, and soil characteristics
are influenced by slope aspects, and have pivotal roles in defining suitable habitats for butternut species,
known for their shade-intolerant nature. Fungal pathogen dispersal is also affected by stand composition
and slope gradients (Tisserat and Kuntz, 1983), as supported by Sambaraju et al. (2018), who found
higher trunk canker damage probabilities on butternut trees on flat lands. Romero et al. (2022)
established humidity and temperature as key drivers of disease outbreaks, which vary with slope.
Recognizing the intricate dynamics of slope gradients in landscapes provides insights for effective
butternut restoration management in the eastern US. Pendergrass et al. (2017) projected that seasonal
precipitation, especially in regions with high variability, significantly determines the butternut range,
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particularly amid changing climates. Our results highlight notable variability, influenced by
inconsistencies in future precipitation predictions from various General Circulation Models (GCMs).
Barnes and Delborne (2019) stressed that alterations in seasonal precipitation patterns within specific
time frames can lead to shifts in suitable areas for species, emphasizing the need for nuanced
approaches in managing butternut ecosystems under changing climate conditions.

Limited studies have researched the impact of climate change on Ocj distribution, the fungal pathogen
causing butternut canker, and how it might impact the future distribution of butternut which is not within
the scope of this study. Although the exact distribution of Ocj has not been extensively mapped, Broders
et al. (2015) have described its distribution. Understanding the current range of the pathogen is crucial
for predicting its potential impact on butternut in the future. Moore and Ostry (2015) have demonstrated
that humidity benefits Ocj. This information is essential for hypothesizing how climate change might
influence the spread and severity of butternut canker. However, there might be different outcomes under
different climate models and future scenarios for example if climate models predict a warmer and more
humid future in regions where butternut is present or predicted to occur, we can hypothesize that Ocj
would thrive under these conditions. Consequently, the pathogen might expand its range, following the
predicted future range of butternut. In this scenario, butternut canker could continue to pose a significant
threat to the species. Conversely, if climate models indicate a warmer and drier future, we can
hypothesize that Ocj might be negatively impacted by these conditions. As a result, the pathogen could
become less prevalent or severe, potentially allowing butternut to rebound in its predicted future range. It
is essential to note that predicting the future range of Ocj is complex and depends on various factors,
such as the specific climate models used, the time scale considered, and potential adaptations of both
the pathogen and the host species. Additionally, other factors, such as host resistance, management
strategies, and ecological interactions, can influence the impact of Ocj on butternut populations. While
this discussion provides hypotheses on how the distribution of Ocj might impact the future distribution
of butternut, it is crucial to emphasize that these are speculative scenarios based on available research.
Further studies focusing on the distribution and ecology of Ocj, as well as the development of more
comprehensive climate models, will be necessary to refine these predictions and inform conservation
efforts for butternut.

5. Conclusions
In our study, we employed an ensemble model that combined the weighted outputs of six distinct
algorithms to assess the habitat suitability of butternut (J. cinerea) within its native range in the eastern
US. Our ensemble species distribution model reveals complex dynamics in suitable butternut habitats,
with variability across space, time, and climate scenarios. This underscores the sensitivity of butternut to
shifting precipitation patterns and other climatic factors. These findings have several implications for
conservation efforts. Specifically, slope aspect and canopy cover emerge as potential local levers for
land managers to create microclimates resilient to regional drying and climate disruption. Targeted
planting on north-facing slopes and in mixed stands may mitigate disease spread while supporting
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climate-threatened butternut. More broadly, more adaptive and location-specific management will be
needed, rather than one-size-fits-all approaches.

For policymakers, dynamic suitable habitat projections highlight the value of emissions mitigation to
dampen habitat losses for vulnerable species like butternut. Stabilized emissions scenarios showed
more consistent habitat maintenance over time compared to high emissions. Policy incentives
promoting biodiversity-friendly forestry and land use practices could also aid conservation. From a
research perspective, incorporating dispersal limitations and biotic interactions into future species
distribution models is critical to avoid under- or over-estimating range shifts for conservation planning.
Identifying effective seed dispersers and their behaviors will enable more accurate predictions.
Furthermore, epidemiological research on disease spread and triggers can guide treatment plans.

Ultimately, saving climate-imperiled butternut will necessitate coordinated action across managers,
researchers, and policymakers. Our findings illuminate threats but also opportunities to sustain the
viability of the eastern butternut tree amid global upheaval if insights are translated into targeted,
science-based conservation decisions respecting the ecological intricacies at play. The fate of the
butternut tree thus serves as one microcosm of the broader challenges societies face in stemming
biodiversity losses from accelerating climate disruption.

Declarations
Acknowledgements

We thank the Department of Forestry, College of Forest Resources, Mississippi State University for their
support. We also express our gratitude to the anonymous reviewers for their valuable feedback and
suggestions.

 Author contributions

Segun M. Adeyemo: conceptualization; data curation; methodology; writing—original draft; writing—
review and editing; validation; supervision.

Joshua J. Granger: conceptualization; methodology; writing—review and editing; validation; validation;
supervision; funding.

Ashley N. Schulz:   writing—review and editing; validation.

Krishna P. Poudel: methodology, writing—review and editing.

Yun Yang: writing— writing—review and editing.

 

Data availability



Page 17/34

All data used in this study are open-source data. Sources of all datasets have been acknowledged in
sections 2.2 and 2.3 of this manuscript.

 Ethical responsibilities of authors 

All authors have read, understood, and have complied with the statement on “Ethical responsibilities of
Authors,” as found in the Instructions for Authors. Any opinions, findings, conclusions, or
recommendations expressed in this publication are those of the authors and do not necessarily reflect
the view of the U.S. Department of Agriculture.

Competing interests 

The authors declare no competing interests.

Funding

This study is funded by the Forest and Wildlife Research Center, Mississippi State University, and the
Department of Agriculture National Institute of Food and Agriculture McIntire-Stennis project MISZ-
700004 awarded to JJG.

References
1. Adeyemo, S.M., Granger, J.J., 2023. Habitat suitability model and range shift analysis for American

Chestnut (Castanea dentata) in the United States. Trees For. People. 11, 100360.
https://doi.org/10.1016/j.tfp.2022.100360

2. Adhikari, D., Barik, S.K., Upadhaya, K., 2012. Habitat distribution modelling for reintroduction of Ilex
khasiana purk., a critically endangered tree species of northeastern India. Ecol. Eng. 40, 37–43.
https://doi.org/10.1016/j.ecoleng.2011.12.004

3. Allouche, O., Tsoar, A., Kadmon, R., 2006. Assessing the accuracy of species distribution models:
prevalence, kappa and the true skill statistic (TSS). J Appl. Ecol. 43(6), 1223-1232.
https://doi.org/10.1111/j.1365-2664.2006.01214.x

4. Anderson, R.L., LaMadeleine, L.A., 1978. The distribution of butternut decline in eastern United
States. USDA Forest Service. Survey Report S-3-78. 5 pp.

5. Antão, L.H., Weigel, B., Strona, G., Hällfors, M., Kaarlejärvi, E., Dallas, T., Opedal, Ø.H., Heliölä, J.,
Henttonen, H., Huitu, O., Korpimäki, E., Kuussaari, M., Lehikoinen, A., Leinonen, R., Lindén, A., Merilä,
P., Pietiäinen, H., Pöyry, J., Salemaa, M., Tonteri, T., Vuorio, K., Ovaskainen, O., Saastamoinen, M.,
Vanhatalo, J., Roslin, T., Laine, A., 2022. Climate change reshuffles northern species within their
niches. Nat. Clim. Chang. 12(6), 587-592. https://doi.org/10.1038/s41558-022-01381-x

6. Araújo, M.B., Guisan, A., 2006. Five (or so) challenges for species distribution modelling. J. Biogeog.
33(10), 1677-1688. https://doi.org/10.1111/j.1365-2699.2006.01584.x



Page 18/34

7. Araújo, M.B., New, M., 2007. Ensemble forecasting of species distributions. Trends Ecol. Evol. 22(1),
42-47. https://doi.org/10.1016/j.tree.2006.09.010.

8. Araújo, M.B., Whittaker, R.J., Ladle, R.J., Erhard, M., 2005. Reducing uncertainty in projections of
extinction risk from climate change. Glob. Ecol. Biogeogr. 14, 529–538.
https://doi.org/10.1111/j.1466-822X.2005.00182.x

9. Barnes T.K., Volety A.K., Chartier K., Mazzoti F.J., Pearlstine L., 2007. A habitat suitability index
model for the Eastern oyster (Crassostrea virginica), a tool for restoration of the caloosahatchee
estuary, Florida. J. Shellfish Res. 26, 949–959. https://doi.org/10.2983/0730-
8000(2007)26[949:AHSIMF]2.0.CO;

10. Barnes, J.C., Delborne, J.A., 2019. Rethinking restoration targets for American chestnut using
species distribution modeling. Biodivers. Conserv. 28, 3199–3220. https://doi.org/10.1007/s10531-
019-01814-8

11. Blowes, S.A., Supp, S.R., Antão, L.H., Bates, A., Bruelheide, H., Chase, J.M., Moyes, F., Magurran, A.,
McGill, B., Myers-Smith, I.H., Winter, M., 2019. The geography of biodiversity change in marine and
terrestrial assemblages. Science. 366(6463), 339-345. https://doi.org/10.1126/science.aaw1620

12. Booth, T.H., 2022. Checking bioclimatic variables that combine temperature and precipitation data
before their use in species distribution models. Austral Ecol. 47(7), 1506-1514.
https://doi.org/10.1111/aec.13234

13. Bradie, J., Leung, B., 2017. A quantitative synthesis of the importance of variables used in MaxEnt
species distribution models. J. Biogeogr. 44(6), 1344-1361. https://doi.org/10.1111/jbi.12894

14. Broders, K., Boraks, A., Barbison, L., Brown, J. and Boland, G.J. 2015. Recent insights into the
pandemic disease butternut canker caused by the invasive pathogen Ophiognomonia clavigignenti‐
juglandacearum. Forest Pathology, 45(1), 1-8. https://doi.org/10.1111/efp.12161

15. Brosi, S.L., 2010. Steps Toward Butternut (Juglans cinerea L.) Restoration. PhD dissertation,
University of Tennessee. https://trace.tennessee.edu/utk_graddiss/779

16. Brugnach, M., Tagg, A., Keil, F., de Lange, W.J., 2007. Uncertainty matters: computer models at the
science–policy interface. Water Resour. Manag. 21(7), 1075–1090. https://doi.org/10.1007/s11269-
006-9099-y.

17. Burns, R. M., Honkala, B. H., 1990. Silvics of North America Volume 2: Hardwoods (Volume 2).

18. Burrows, M.T., Schoeman, D.S., Buckley, L.B., Moore, P., Poloczanska, E.S., Brander, K.M., Brown, C.,
Bruno, J.F., Duarte, C.M., Halpern, B.S., Holding, J., Kappel, C.V., Kiessling, W., O’Connor, M.I., Pandolfi,
J.M., Parmesan, C., Schwing, F.B., Sydeman, W.J., Richardson, A.J., 2011. The pace of shifting
climate in marine and terrestrial ecosystems. Science 334, 652–655.
https://doi.org/10.1126/science.1210288

19. Chefaoui, R.M., Assis, J., Duarte, C.M., Serrão, E.A., 2016. Large-scale prediction of seagrass
distribution integrating landscape metrics and environmental factors: the case of Cymodocea
nodosa (Mediterranean–Atlantic). Estuar. Coast., 39, 123-137. https://doi.org/10.1007/s12237-015-
9966-y



Page 19/34

20. Chen, I.C., Hill, J.K., Ohlemüller, R., Roy, D.B., Thomas, C.D., 2011. Rapid range shifts of species
associated with high levels of climate warming. Science 333(6045), 1024-1026.
https://doi.org/10.1126/science.1206432

21. Cogliastro, A., Gagnon, D., Daigle, S., Bouchard, A., 2003. Improving hardwood afforestation success:
An analysis of the effects of soil properties in southwestern Quebec. For. Ecol. Manag. 177(1-3),
347–359. https://doi.org/10.1016/S0378-1127(02)00395-X

22. Cogliastro, A., Gagnon, D., Bouchard, A., 1997. Experimental determination of soil characteristics
optimal for the growth of ten hardwoods planted on abandoned farmland. For. Ecol. Manag. 96(1–
2), 49–63. https://doi.org/10.1016/S0378-1127(97)00042-X

23. COSEWIC. 2017. COSEWIC assessment and status report on the Butternut (Juglans cinerea) in
Canada. Committee on the Status of Endangered Wildlife in Canada. Ottawa. 74 p.

24. Crocker, E., Condon, B., Almsaeed, A., Jarret, B., Nelson, C.D., Abbott, A.G., Main, D., Staton, M., 2020.
TreeSnap: A citizen science app connecting tree enthusiasts and forest scientists. Plants, People,
Planet 2(1), 47-52. https://doi.org/10.1002/ppp3.41

25. Crystal, P.A., Jacobs, D.F., 2014. Drought and flood stress tolerance of butternut (Juglans cinerea)
and naturally occurring hybrids: Implications for restoration. Can. J. For. Res. 44, 1206–1216.
https://doi.org/10.1139/cjfr-2014-0151.

26. Davis, T.R., Champion, C., Coleman, M.A., 2021. Climate refugia for kelp within an ocean warming
hotspot revealed by stacked species distribution modelling. Mar. Environ. Res. 166, 105267.
https://doi.org/10.1016/j.marenvres.2021.105267

27. Daws, M.I., Mullins, C.E., Burslem, D.F.R.P., Paton, S.R., Dalling, J.W., 2002. Topographic position
affects the water regime in a semideciduous tropical forest in Panamá. Plant Soil. 238, 79–89.
https://doi.org/10.1023/A:1014289930621.

28. Diskin, M., Steiner, K.C., Hebard, F.V. 2006. Recovery of American chestnut characteristics following
hybridization and backcross breeding to restore blight-ravaged Castanea dentata. For. Ecol. Manag.
223(1-3), 439-447. https://doi.org/10.1016/j.foreco.2005.12.022

29. Elith, J., Phillips, S.J., Hastie, T., Dudík, M., Chee, Y.E., Yates, C.J., 2011. A statistical explanation of
MaxEnt for ecologists. Divers. Distrib. 17, 43–57. https://doi.org/10.1111/j.1472-4642.2010.00725.x

30. Eyring, V.B., S., Meehl, G.A., Senior, C.A., Stevens, B., Stouffer, R.J., Taylor, K. E., 2016. Overview of the
Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental design and organization,
Geosci. Model Dev., 9, 1937–1958. https://doi.org/10.5194/gmd-9-1937-2016

31. Fajardo, J., Corcoran, D., Roehrdanz, P.R., Hannah, L., Marquet, P.A., 2020. GCM compareR: A web
application to assess differences and assist in the selection of general circulation models for
climate change research. Methods Ecol. Evol. 11(5), 656-663. https://doi.org/10.1111/2041-
210X.13360

32. Farlee, L., Woeste, K., Ostry, M., McKenna, J., Weeks, S., 2010. Conservation and management of
butternut trees. FNR-421-W. Purdue University, West Lafayette, IN.



Page 20/34

33. Fernald, M.L., 1950. Gray's Manual of Botany. 8th edition. Corrected printing (1970). D. Van Nostrand
Company, New York. 1,632 pp.

34. Fielding, A.H. & J.F. Bell. 1997. A review of methods for the assessment of prediction errors in
conservation presence/absence models. Envir Conserv 24: 38–49.
https://doi.org/10.1017/S0376892997000088

35. Fick, S.E., Hijmans, R.J., 2017. WorldClim 2: new 1‐km spatial resolution climate surfaces for global
land areas. Int. J. Climatol. 37(12), 4302-4315. https://doi.org/10.1002/joc.5086

36. Fjellstrom, R.G., Parfitt, D.E., 1994. Walnut (Juglans spp.) genetic diversity determined by restriction
fragment length polymorphisms. Genome 37: 690–700. https://doi.org/10.1139/g94-097

37. GBIF Secretariat (2023). GBIF Backbone Taxonomy. Juglans cinerea L. Checklist dataset
https://www.gbif.org/species/3054352.

38. Georgian, S.E., Anderson, O.F., Rowden, A.A., 2019. Ensemble habitat suitability modeling of
vulnerable marine ecosystem indicator taxa to inform deep-sea fisheries management in the South
Pacific Ocean. Fish. Res. 211, 256-274. https://doi.org/10.1016/j.fishres.2018.11.020

39. Gesch, D.B., Evans, G.A., Oimoen, M.J., Arundel, S., 2018. The National Elevation Dataset. In: Maune,
D.F. and Nayegandhi, A. (eds), Digital Elevation Model Technologies and Applications: The DEM
Users Manual, 3rd Edition. American Society for Photogrammetry and Remote Sensing. Baton
Rouge, LA. pp. 83-110.

40. Gleason, H.A., Cronquist, A., 1991. Manual of vascular plants of northeastern United States and
adjacent Canada. New York Botanical Garden, Bronx, New York. 910 pp.

41. Guisan, A., Thuiller, W., Zimmermann, N.E., 2017. Habitat Suitability and Distribution Models: With
Applications in R. Cambridge: Cambridge University Press; 2017.
https://doi.org/10.1017/9781139028271

42. Hale, C.W., Granger, J.J., Siegert, C.M., Correa, S.B., DuBien, J.L., Goldsmith, C.D., Kruckeberg, W.,
2022. Microsite habitat, species associations, and habitat suitability model of a globally imperiled
shrub. Nat. Areas J. 42(3), 206-217. https://doi.org/10.3375/21-41

43. Hoban, S.M., Borkowski, D.S., Brosi, S.L., McCleary, T.S., Thompson, L.M., McLachlan, J.S., Pereira,
M.A., Schlarbaum, S.E., Romero-Severson, J., 2010. Rangewide distribution of genetic diversity in the
North American tree Juglans cinerea: A product of range shifts, not ecological marginality or recent
population decline. Mol. Ecol. 19:4876–4891. https://doi.org/10.1111/j.1365-294X.2010.04834.x

44. Holland, P.G., Steyn, D.G., 1975. Vegetational responses to latitudinal variations in slope angle and
aspect. J. Biogeogr. 2, 179–183. https://doi.org/10.2307/3037989.

45. iNaturalist., 2023. Butternut (Juglans cinerea). Available from https://www.inaturalist.org.

46. Iverson, L.R., Prasad, A.M., Matthews, S.N., Peters, M., 2008. Estimating potential habitat for 134
eastern US tree species under six climate scenarios. For. Ecol. Manag. 254(3), 390-406.
https://doi.org/10.1016/j.foreco.2007.07.023

47. Jackson, C.R., Robertson, M.P., 2011. Predicting the potential distribution of an endangered cryptic
subterranean mammal from few occurrence records. J. Nat. Conserv. 19, 87– 94.



Page 21/34

https://doi.org/10.1016/j.jnc.2010.06.006

48. Jucker, T., Bongalov, B., Burslem, D.R.F.P., Nilus, R., Dalponte, M., Lewis, S.L., Phillips, O.L., Qie, L.,
Coomes, D.A., 2018. Topography shapes the structure, composition and function of tropical forest
landscapes. Ecol. Lett. 21(7), 989-1000. https://doi.org/10.1111/ele.12964

49. Jueterbock, A., Smolina, I., Coyer, J. A., Hoarau, G., 2016. The fate of the Arctic seaweed, Fucus
distichus, under climate change: An ecological niche modeling approach. Ecol. Evol. 6, 1712–1724.
https://doi.org/10.1002/ece3.2001

50. Kartesz, J.T., 1994. A synonymized checklist of the vascular flora of the United States, Canada, and
Greenland. 2nd edition. Timber Press, Portland, OR.

51. Kirchhoff, C.J., Lemos, M.C., Dessai, S., 2013. Actionable knowledge for environmental decision-
making: broadening the usability of climate science. Annu. Rev. Environ. Resour. 38, 393–414.
https://doi.org/10.1146/annurev-environ-022112-112828.

52. Kloprogge, P., van der Sluijs, J., Wardekker, A., 2007. Uncertainty Communication: Issues and Good
Practice. Copernicus Institute for Sustainable Development and Innovation. Report NWS-E-2007-
1999. uu.nl

53. Koltz, A.M., Schmidt, N.M., Høye, T.T., 2018. Differential arthropod responses to warming are altering
the structure of Arctic communities. R. Soc. Open Sci. 5(4), 171503.
https://doi.org/10.1098/rsos.171503

54. Kralicek, K., Barrett, T.M., Ver Hoef, J.M., Temesgen, H., 2022. Forests at the fringe: Comparing
observed change to projected climate change impacts for five tree species in the Pacific Northwest,
United States. Front. For. Glob. Change 5, 966953. https://doi.org/10.3389/ffgc.2022.966953

55. Kutiel, P., Lavee, H., 1999. Effect of slope aspect on soil and vegetation properties along an aridity
transect. Isr. J. Plant Sci. 47, 169. https://doi.org/10.1080/07929978.1999.10676770

56. Lemos, M.C., Kirchhoff, C.J., Ramprasad, V., 2012. Narrowing the climate information usability gap.
Nat. Clim. Chang. 2, 789–794. https://doi.org/10.1038/NCLIMATE1614.

57. Lenoir, J., Bertrand, R., Comte, L., Bourgeaud, L., Hattab, T., Murienne, J., Grenouillet, G., 2020.
Species better track climate warming in the oceans than on land. Nat. Ecol. Evol. 4, 1044–1059.
https://doi.org/10.1038/s41559-020-1198-2

58. Lenoir, J., Gegout, J.C., Marquet, P.A., de Ruffray, P., Brisse, H., 2008. A significant upward shift in
plant species optimum elevation during the 20th century. Science 320, 1768–1771.
https://doi.org/10.1126/science.1156831.

59. Lentini, P.E., Stirnemann, I.A., Stojanovic, D., Worthy, T.H., Stein, J.A., 2018. Using fossil records to
inform reintroduction of the kakapo as a refugee species. Biol. Conserv. 217, 157– 165.
https://doi.org/10.1016/j.biocon.2017.10.027

60. Lindsey, R., 2021. Climate change and the 1991-2020 U.S. Climate Normals.
https://www.climate.gov/news-features/understanding-climate/climate-change-and-1991-2020-us-
climate-normals. Accessed on 11/08/2023.



Page 22/34

61. Lobo, J.M., Jiménez-Valverde, A., Real, R., 2008. AUC: a misleading measure of the performance of
predictive distribution models. Glob. Ecol. Biogeogr. 17, 145– 151. https://doi.org/10.1111/j.1466-
8238.2007.00358.x

62. Marchau, V.A.W.J., Walker, W.E., Bloemen, P.J.T.M., Popper, S.W. (Eds.)., 2019. Decision Making
under Deep Uncertainty: From Theory to Practice. Springer Cham, Cham, Switzerland, p. 405.
https://doi.org/10.1007/978-3-030-05252-2.

63. Marmion, M., Parviainen, M., Luoto, M., Heikkinen, R.K., Thuiller,W., 2009. Evaluation of consensus
methods in predictive species distribution modelling. Divers. Distrib. 15, 59–69.
https://doi.org/10.1111/j.1472-4642.2008.00491.x.

64. Mathys, A.S., Coops, N.C., Waring, R.H., 2017. An ecoregion assessment of projected tree species
vulnerabilities in western North America through the 21st century. Glob. Chang. Biol. 23, 920–932.
https://doi.org/10.1111/gcb.13440

65. Mayer, A.S., Vivoni, E.R., Kossak, D., Halvorsen, K.E., Robles-Morua, A., 2017. Participatory modeling
workshops in a water-stressed basin result in gains in modeling capacity but reveal disparity in
water resources management priorities. Water Resour. Manag. 31(15), 4731–4744.
https://doi.org/10.1007/s11269-017-1775-6.

66. McKenney, D.W., Hutchinson, M.F., Kesteven, J.L., Venier. L.A., 2001. Canada’s plant hardiness zones
revisited using modern climate interpolation techniques. Can. J. Plant Sci. 81(1), 129-143.
https://doi.org/10.4141/P00-030

67. Meier, E.S., Lischke, H., Schmatz, D.R., & Zimmermann, N.E., 2012. Climate, competition and
connectivity affect future migration and ranges of European trees. Glob. Ecol. Biogeogr. 21(2), 164-
178. https://doi.org/10.1111/j.1466-8238.2011.00669.x

68. Merow, C., Smith, M.J., Edwards, T.C., Guisan, A., Mcmahon, S.M., Normand, S., Thuiller, W., Wüest,
R.O., Zimmermann, N.E., Elith, J., 2014. What do we gain from simplicity versus complexity in
species distribution models? Ecography 37, 1267-1281. https://doi.org/10.1111/ecog.00845

69. Michler, C.H., Pijut, P.M., Jacobs, D.F., Meilan, R., Woeste, K.E., Ostry, M.E., 2005. Improving disease
resistance of butternut (Juglans cinerea), a threatened fine hardwood: A case for single-tree
selection through genetic improvement and deployment. Tree Physiol. 26, 121–128.
https://doi.org/10.1093/treephys/26.1.121

70. Moeslund, J.E., Arge, L., Bøcher, P.K., Dalgaard, T., Svenning, J.C., 2013. Topography as a driver of
local terrestrial vascular plant diversity patterns. Nord. J. Bot. 31, 129–144.
https://doi.org/10.1111/j.1756-1051.2013.00082.x.

71. Monleon, V.J., Lintz, H.E., 2015. Evidence of tree species’ range shifts in a complex landscape. PLoS
One 10, e0118069. https://doi.org/10.1371/journal.pone.0118069

72. Moore, M.J. and Ostry, M.E. 2015. Influence of temperature and humidity on the viability of
Ophiognomonia clavigignenti-juglandacearum Conidia. Plant Disease, 99(12), 1841-1846.
https://doi.org/10.1094/PDIS-09-14-0976-RE



Page 23/34

73. Morin, R., Beaulieu, J., Deslauriers, M., Daoust, G., Bousquet, J., 2000. Low genetic diversity at
allozyme loci in Juglans cinerea. Can. J. Bot. 78, 1238–1243. https://doi.org/10.1139/b00-099

74. Morin, R., Gottschalk, K., Ostry, M., Liebhold, A., 2018. Regional patterns of declining (Juglans
cinerea L.) suggest site characteristics for restoration. Ecol. Evol. 8(1), 546-559.
https://doi.org/10.1002/ece3.3641

75. Naimi, B. and Araújo, M.B., 2016. sdm: a reproducible and extensible R platform for species
distribution modelling. Ecography 39(4), 368-375. https://doi.org/10.1111/ecog.01881

76. Naimi, B., Hamm, N.A., Groen, T.A., Skidmore, A.K. and Toxopeus, A.G., 2014. Where is positional
uncertainty a problem for species distribution modelling? Ecography 37(2), 191-203.
https://doi.org/10.1111/j.1600-0587.2013.00205.x

77. NatureServe. 2023. NatureServe Network Biodiversity Location Data accessed through NatureServe
Explorer [web application]. NatureServe, Arlington, Virginia. Available
https://explorer.natureserve.org/.

78. Neilson, R.P., Pitelka, L.F., Solomon, A.M., Nathan, R., Midgley, G.F., Fragoso, J.M., Lischke, H.,
Thompson, K., 2005. Forecasting regional to global plant migration in response to climate change.
BioScience 55(9), 749-759. https://doi.org/10.1641/0006-3568(2005)055[0749:FRTGPM]2.0.CO;2

79. Ostry, M.E., Mielke, M.E., Skilling, D.D., 1994. Butternut - strategies for managing a threatened tree.
Gen. Tech. Rep. NC-165. U.S. Department of Agriculture, Forest Service, North Central Forest
Experiment Station, St. Paul, Minnesota. 7 pp.

80. Ostry, M.E., Moore, M., 2008. Response of butternut selections to inoculation with Sirococcus
clavigignenti-juglandacearum. Plant Dis. 92(9), 1336–1338. https://doi.org/10.1094/PDIS-92-9-1336

81. Ostry, M.E., Woeste, K., 2004. Spread of butternut canker in North America, host range, evidence of
resistance within butternut populations and conservation genetics. In: Michler C.H. et al. Black
walnut in a new century, Proceedings of the 6th Walnut Council Research Symposium; July 25-28,
Lafayette, IN. United States Department of Agriculture Forest Service General Technical Report NC-
243, pp.114 -120.

82. Payne, B.L., Bro-Jørgensen, J., 2016. A framework for prioritizing conservation translocations to
mimic natural ecological processes under climate change: A case study with African antelopes. Biol.
Conserv. 201, 230– 236. https://doi.org/10.1016/j.biocon.2016.07.018

83. Pearson, R.G., Dawson, T. P., 2003. Predicting the impacts of climate change on the distribution of
species: Are bioclimate envelope models useful? Glob. Ecol. Biogeogr. 12(5), 361-371.
https://doi.org/10.1046/j.1466-822X.2003.00042.x

84. Peirce, C.S. 1884. The numerical measure of the success of predictions. Science, (93), 453-454.

85. Pendergrass, A.G., Knutti, R., Lehner, F., Deser, C., Sanderson, B.M., 2017. Precipitation variability
increases in a warmer climate. Sci. Rep. 7(1), 1-9. https://doi.org/10.1038/s41598-017-17966-y

86. Peñuelas, J., Ogaya, R., Boada, M., Jump, A.S., 2007. Migration, invasion and decline: changes in
recruitment and forest structure in a warming‐linked shift of European beech forest in Catalonia (NE
Spain). Ecography 30(6), 829-837. https://doi.org/10.1111/j.2007.0906-7590.05247.x



Page 24/34

87. Pepe, M.S., 2000. Receiver operating characteristic methodology. J. Amer. Stat. Assoc. 95, 308–
311. https://doi.org/10.1080/01621459.2000.10473930

88. Peterson, A.T., Soberón, J., Pearson, R.G., Anderson, R.P., Martínez-Meyer, E., Nakamura, M., Araújo,
M.B., 2011. Ecological Niches and Geographic Distributions. Princeton: Princeton University Press.
https://doi.org/10.1515/9781400840670

89. Pike, C.C., Williams, M., Brennan, A., Woeste, K., Jacobs, J., Hoban, S., Moore, M. and Romero-
Severson, J., 2021. Save our species: a blueprint for restoring butternut (Juglans cinerea) across
eastern North America. J. For. 119(2), 196-206. https://doi.org/10.1093/jofore/fvaa053

90. Potter, K.M., Escanferla, M.E., Jetton, R.M., Man, G. and Crane, B.S., 2019. Prioritizing the
conservation needs of United States tree species: Evaluating vulnerability to forest insect and
disease threats. Glob. Ecol. Conserv. 18, e00622. https://doi.org/10.1016/j.gecco.2019.e00622

91. R Core Team, 2022. R: A Language and Environment for Statistical Computing. Vienna: R Foundation
for Statistical Computing. Available at: https://www.R-project.org/. (Accessed 15 March 2022).

92. Rehfeldt, G.E., Jaquish, B.C., López-Upton, J., Sáenz-Romero, C., St. Clair, J.B., Leites, L.P., Joyce, D.G.,
2014. Comparative genetic responses to climate for the varieties of Pinus ponderosa and
Pseudotsuga menziesii: Realized climate niches. For. Ecol. Manage. 324, 126–137.
https://doi.org/10.1016/j.foreco.2014.02.035.

93. Rigling, A., Bigler, C., Eilmann, B., Feldmeyer‐Christe, E., Gimmi, U., Ginzler, C., Graf, U., Mayer, P.,
Vacchiano, G., Weber, P., Wohlgemuth, T., Zweifel, R., and Dobbertin, M. 2013. Driving factors of a
vegetation shift from Scots pine to pubescent oak in dry Alpine forests. Global Change Biology,
19(1), 229-240. https://doi.org/10.1111/gcb.12038

94. Rink, G., 1990. Juglans cinerea L. Butternut. In: Silvics of North America. R.M. Burns and B.H.
Honkala (tech. coords.). Agriculture Handbook 654. USDA Forest Service, Washington, DC.

95. Rockström, J., Steffen, W., Noone, K., Persson, A., Chapin III, F.S., Lambin, E.F., Lenton, T.M., Scheffer,
M., Folke, C., Schellnhuber, H.J., Nykvist, B., de Wit, C.A., Hughes, T., van der Leeuw, S., Rodhe, H.,
Sörlin, S., Snyder, P.K., Costanza, R., Svedin, U., Falkenmark, M., Karlberg, L., Corell, R.W., Fabry, V.L.,
Hansen, J., Walker, B., Liverman, D., Richardson, K., Crutzen, P., Foley, J.A., 2009. A safe operating
space for humanity. Nature 461, 472–475. https://doi.org/10.1038/461472a

96. Romero, F., Cazzato, S., Walder, F., Vogelgsang, S., Bender, S.F., van der Heijden, M.G., 2022. Humidity
and high temperature are important for predicting fungal disease outbreaks worldwide. New Phytol.
234(5), 1553-1556. https://doi.org/10.1111/nph.17340

97. Rosenzweig, C., Karoly, D., Vicarelli, M., Neofotis, P., Wu, Q., Casassa, G., Menzel, A., Root, T.L.,
Estrella, N., Seguin, B., Tryjanowski, P., 2008. Attributing physical and biological impacts to
anthropogenic climate change. Nature 453(7193), 353-357. https://doi.org/10.1038/nature06937

98. Sambaraju, K.R., DesRochers, P., Rioux, D., 2018. Factors influencing the regional dynamics of
butternut canker. Plant Dis. 102(4), 743-752. https://doi.org/10.1094/PDIS-08-17-1149-RE

99. Schlarbaum, S.E., Hebard, F., Spaine, P.C., Kamalay, J.C., 1997. Three American tragedies: chestnut
blight, butternut canker, and Dutch elm disease. In Britton, K.O. (ed.) Proceedings: Exotic Pests of



Page 25/34

Eastern Forests. April 8-10; Nashville, TN. U.S. Forest Service and Tennessee Exotic Pest Plant
Council: 45-54.

100. Schumacher, E., Brown, A., Williams, M., Romero-Severson, J., Beardmore, T., Hoban, S., 2022. Range
shifts in butternut, a rare, endangered tree, in response to past climate and modern conditions. J.
Biogeogr. 49(5), 866-878. https://doi.org/10.1111/jbi.14350

101. Self, B. 2023. Bottomland Hardwood Management Species/Site Relationships. Mississippi State
University Extension Publication Number P2004.
https://extension.msstate.edu/publications/publications/bottomland-hardwood-management-
speciessite-relationships. Accessed on April 4, 2024.

102. Skilling, D.D., 1993. Butternut canker study progress report. No. 3. Unpublished report.

103. Smith, R., Zagona, E., Kasprzyk, J., Bonham, N., Alexander, E., Butler, A., Prairie, J., Jerla, C., 2022.
Decision science can help address the challenges of long-term planning in the Colorado River Basin.
J. Amer. Wat. Res. Assoc. 58(5), 735–745. https://doi.org/10.1111/1752-1688.12985.

104. Soil Survey Staff, 2023. Natural Resources Conservation Service, United States Department of
Agriculture. Web Soil Survey, Soil Survey Geographic Database. Available online at
https://websoilsurvey.nrcs.usda.gov/.

105. Soja, A.J. , Tchebakova, N.M., French, N.H.F., Flannigan, M.D., Shugart, H.H., Stocks, B.J., Sukhinin,
A.I., Parfenova, E.I., Chapin, F.S., Stackhouse, P.W., 2007. Climate-induced boreal forest change:
Predictions versus current observations. Glob. Plan. Chang. 56(3–4), 274-296.
https://doi.org/10.1016/j.gloplacha.2006.07.028.

106. Stratmann, T.S.M., Barrett, K., Floyd, T.M., 2016. Locating suitable habitat for a rare species:
Evaluation of a species distribution model for bog turtles (Glyptemys muhlenbergii) in the
southeastern United States. Herp. Conserv. Biol. 11, 199– 213.

107. Stritch, L., Barstow, M. 2019. Juglans cinerea. The IUCN Red List of Threatened Species 2019:
https://dx.doi.org/10.2305/IUCN.UK.2019-1.RLTS.T62019689A62019696.en. Accessed on 14
February 2024.

108. Sundqvist, M.K., Sanders, N.J., Wardle, D.A., 2013. Community and ecosystem responses to
elevational gradients: processes, mechanisms, and insights for global change. Annu. Rev. Ecol. Evol.
Syst. 44, 261–280. https://doi.org/10.1146/annurev-ecolsys-110512-135750.

109. Svenning, C., Skov, F., 2004. Limited filling of the potential range in European tree species. Ecol. Lett.
7(7), 565-573. https://doi.org/10.1111/j.1461-0248.2004.00614.x

110. Thompson, L.M., Van Manen, F.T., Schlarbaum, S.E., DePoy, M., 2006. A spatial modeling approach to
identify potential butternut restoration sites in Mammoth Cave National Park. Restor. Ecol. 14, 289–
296. https://doi.org/10.1111/j.1526-100X.2006.00131.x

111. Tisserat, N., Kuntz, J.E., 1983. Dispersal gradients of conidia of the butternut canker fungus in a
forest during rain. Can. J. For. Res. 13(6), 1139-1144. https://doi.org/10.1139/x83-152

112. Van Manen, F.T., Clark, J.D., Schlarbaum, S.E., Johnson, K., Taylor, G., 2002. A model to predict the
occurrence of surviving butternut trees in the southern Blue Ridge Mountains. Predicting species



Page 26/34

occurrences: Issues of accuracy and scale. Island Press, Washington DC, USA, pp. 491-497.

113. Venevskaia, I., Venevsky, S., Thomas, C.D., 2013. Projected latitudinal and regional changes in
vascular plant diversity through climate change: short-term gains and longer-term losses. Biodiv.
Conserv. 22, 1467–1483. https://doi.org/10.1007/s10531-013-0486-4

114. Vidal, M., Plomion, C., Raffin, A., Harvengt, L., Bouffier, L., 2017. Forward selection in a maritime pine
polycross progeny trial using pedigree reconstruction. Ann. For. Sci. 74(1), 21.
https://doi.org/10.1007/s13595-016-0596-8

115. Vinagre, C., Fonseca, V., Cabral, H., Costa, M.J., 2006. Habitat suitability index models for the juvenile
soles, Solea solea and Solea senegalensis, in the tagus estuary: Defining variables for species
management. Fish Res. 82, 140–149. https://doi.org/10.1016/j.fishres.2006.07.011

116. Vitasse, Y., Hoch, G., Randin, C.F., Lenz, A., Kollas, C., Körner, C. 2012. Tree recruitment of European
tree species at their current upper elevational limits in the Swiss Alps. J. Biogeogr. 39(8), 1439-1449.
https://doi.org/10.1111/j.1365-2699.2012.02697.x

117. White, D.D., Wutich, A., Larson, K.L., Lant, T., 2015. Water management decision makers’ evaluations
of uncertainty in a decision support system: the case of WaterSim in the Decision Theater. J. Env.
Plan. Manag. 58 (4), 616–630. https://doi.org/10.1080/09640568.2013.875892.

118. Woeste, K., Farlee, L., Ostry, M., McKenna, J., Weeks. S., 2009. A forest manager’s guide to butternut.
North. J. App. For. 26(1), 9–14. https://doi.org/10.1093/njaf/26.1.9

119. Wunderlich, R.F., Lin, Y.P., Anthony, J., Petway, J.R., 2019. Two alternative evaluation metrics to
replace the true skill statistics in the assessment of species distribution models. Nat. Conserv. 35,
97-116. https://doi.org/10.3897/natureconservation.35.33918.

120. Yang, J., El-Kassaby, Y.A., Guan, W., 2020. The effect of slope aspect on vegetation attributes in a
mountainous dry valley, Southwest China. Sci. Rep. 10, 16465. https://doi.org/10.1038/s41598-020-
73496-0

121. Yetemen, O., Istanbulluoglu, E., Duvall, A.R., 2015. Solar radiation as a global driver of hillslope
asymmetry: Insights from an ecogeomorphic landscape evolution model. Water Resour. Res. 51,
9843–9861. https://doi.org/10.1002/2015wr017103 .

122. Zhu, K., Woodall, C.W., Clark, J.S., 2012. Failure to migrate: Lack of tree range expansion in response
to climate change. Glob. Chang. Biol. 18, 1042–1052. https://doi.org/10.1111/j.1365-
2486.2011.02571.x

123. Zhu, K., Woodall, C.W., Ghosh, S., Gelfand, A.E., Clark, J.S., 2014. Dual impacts of climate change:
Forest migration and turnover through life history. Glob. Chang. Biol. 20, 251–264.
https://doi.org/10.1111/gcb.12382

124. Zimmermann, N.E., Jandl, R., Hanewinkel, M., Kunstler, G., Kölling, C., Gasparini, P., Breznikar, A.,
Meier, E.S., Normand, S., Ulmer, U., Gschwandtner, T., Veit, H., Naumann, M., Falk, W., Mellert, K.,
Rizzo, M., Skudnik, M., Psomas, A. 2013. Potential future ranges of tree species in the Alps. In:
Cerbu, G.A., Hanewinkel, M., Gerosa, G., Jandl, R. (eds), Management Strategies to Adapt Alpine
Space Forests to Climate Change Risks; IntechOpen: London, UK; pp. 37–48. ISBN 9789535142409.



Page 27/34

125. Zizka, A., Silvestro, D., Andermann, T., Azevedo, J., Duarte Ritter, C., Edler, D., Farooq, H., Herdean, A.,
Ariza, M., Scharn, R., Svanteson, S., Wengstrom, N., Zizka, V., Antonelli, A., 2019. CoordinateCleaner:
standardized cleaning of occurrence records from biological collection databases. Methods Ecol.
Evol. 10(5), 744-751. https://doi.org/10.1111/2041-210X.13152, R package version 2.0-20,
https://github.com/ropensci/CoordinateCleaner.

Figures

Figure 1

Conservation status of J. cinerea in North America (Source: NatureServe, 2023)
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Figure 2

The mean annual precipitation for the GCMs, RCPs, and periods selected for the future habitat suitability
model prediction, as obtained from Fick and Hijmans (2017).
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Figure 3

Selected variables with VIF values, excluding collinear variables.

Figure 4

Relative variable importance for the butternut habitat suitability model using AUC as the weighted
criterion.
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Figure 5

Receiver Operating Characteristic plots with area under the curve (AUC) statistics to illustrate the
performance of our model regarding the training and testing datasets. The curves are consistently
positioned well above the dotted random reference line (AUC = 0.5), demonstrating the meticulous
selection of both training and testing datasets, the model's proficiency in discriminating between
suitable and unsuitable habitats for butternut, and a low mean misclassification error rate.
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Figure 6

Predicted suitable habitats for butternut (J. cinerea) in the US, where (A) is the probability of habitat
suitability for butternut, (B) is the AUC-weighted threshold-binary classification, (C) is the uncertainty
analysis from the binary classification, and (D) is the agreed suitable habitat for butternut.
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Figure 7

Future butternut habitat suitability predictions using 3 GCMs (A. ACCESS, B. BCC, C. HADLEY), 2 RCPs
(RCP 4.5 and RCP 8.5), and 4-time intervals (2021-2040, 2041-2060, 2061-2080, 2081-2100).
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Figure 8

Distance (km) and direction (degrees) of the butternut range shift using the historical range as the
baseline.
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Figure 9

Visualizing the distance (km) and direction (degrees) of the predicted butternut range shift under
different GCMs (ACCESS and HADLEY), periods (2021 – 2040, 2041 – 2060, 2061 – 2080, and 2081 –
2100), and representative concentration pathway (RCP 4.5 and RCP 8.5) where A is the range shift from
the historical range while B is the range shift from predicted range.
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