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ABSTRACT

Increasing agrobiodiversity is a widely supported idea and prevalent topic in academic discussion recently as a means to com-

bat the effects of climate change. However, there is a lack of connection between academic discussion and application. Our

study aims to create a high-throughput MaxEnt workflow design that can be used to predict which neglected and underuti-

lized crops (NUS) to use in any regional area with limited occurrence data. Our study reveals possible candidates for highly

resilient NUS and that geospatial effects of climate change on these NUS were not homogenous. This tool can be deployed
to help smallholders decide the most appropriate NUS to develop in any area based on crop suitability of current and future

conditions.

1 | Introduction

As global changes in population and climate increase, our
current agricultural systems must adapt to produce enough
reliable food for the entire population. The consensus among
food demand projections is that there will need to be an in-
crease in food production upwards of 50% by 2050 to account
for increased global population (van Dijk et al. 2021). This issue
compounds with increasing temperatures and more persistent
drought in many tropical and subtropical areas (Winstead and
Jacobson 2024). The projected changes in climate and population
warrant actionable steps for greater food resilience. Increasing
agrobiodiversity and using tools for the selection of appropriate
climate-tolerant crops are relevant and acknowledged solution
strategies (Mabhaudhi et al. 2017; Mugiyo et al. 2021; Rosero
et al. 2020; Winstead et al. 2023; Winstead and Jacobson 2022,
2024). Currently, 83% of calories consumed in the world are
from only 10 different crops (Tilman et al. 2011). Increasing
agrobiodiversity and appropriate cropping methods is not only a
practice that cares for soil health and future crop production, but

it also increases sustainable livelihoods for farmers. Large-scale
monocropping and many current agronomic systems usually do
not promote soil health or the ability to cope with natural disas-
ters (flood and drought), disease, and long-term climate change
(Belete and Yadete 2023; National Academies of Sciences 2024;
Renwick et al. 2021).

Increasing the use of neglected and underutilized crops (NUS),
although an increasingly talked about topic in academia,
has had little actionable support on the ground (Mabhaudhi
et al. 2017). This is despite the fact that the inclusion of NUS
into cropping systems has had considerable academic support
due to their desirable qualities in nutrition, climate resilience,
disease resistance, cultural importance, and economic poten-
tial (Chivenge et al. 2015; Mabhaudhi et al. 2017; Winstead
et al. 2023; Winstead and Jacobson 2024). Neglected and un-
derutilized crops have been scaled up in the past with success,
such as quinoa as a cash crop. This is especially successful when
using a more holistic conservation-production-to-consumption
model of scaling up, which has seen more success in Bolivia
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and Peru at the local level (Padulosi et al. 2014). In an effort
to bridge the gap between solely academic suggestion and ac-
tionable response, useful tools and awareness strategies must
be developed for use by decision-makers. Crop modeling is a
powerful tool that enables accurate prediction and planting of
appropriate crops and varieties. A major limiting factor for these
models is their requirement for many physiological parameters
of the crop. Neglected and underutilized crops, by their very na-
ture, lack the required data for these models. A solution to this
problem is to use maximum entropy modeling (MaxEnt) as it
can make useful geographic predictions about species suitability
based on presence-only data and environmental training data.

MaxEnt has recently been used for local predictions on the
suitability of NUS rather than its usual use on ecological spe-
cies distribution predictions (Koch et al. 2022; Li et al. 2023;
Pushpalatha et al. 2023; Reddy et al. 2015). Using current dis-
tributions, MaxEnt can predict suitability with future climate
data to determine how climate change will affect NUS ranges.
Current use of MaxEnt has, understandably, been constrained
to individual species range analysis. Given the now widely sup-
ported use of MaxEnt on NUS, we seek to use MaxEnt modeling
as a case study to create suitability assessments at species-range
scale for use as a simple decision support tool for farmers and
decision-makers worldwide. Our hope is that by combining data
cleaning programs and model optimizing programs, we can cre-
ate a tool framework for decision-makers for a more confident,
data-driven choice of climate-resilient crops that will benefit
livelihoods now and prepare for changing climate conditions in
the future. We will be using previously identified NUS of par-
ticular disaster and climate resilience as case studies for this
method.

2 | Methods
2.1 | Case Study Species Selection

We chose a small set of NUS to investigate based on our pre-
vious three literature reviews as a case study. We chose the
NUS that were already highlighted in each of the three ar-
ticles based on their scientific interest, potential for scaling
up, nutrition, storability, drought-resilience, use in disasters,
and general resilience (Winstead et al. 2023; Winstead and
Jacobson 2022, 2024). This resulted in a list of 44 NUS to be
run throughout the MaxEnt modeling process and analysis
(Table 3).

2.2 | Occurrence Data

Occurrence data for these species was collected using the Global
Biodiversity Information Facility (GBIF.org) database through
the R package “rgbif” with the following criteria: the basis of
record must be human observations, living specimens, or oc-
currence data; likewise, the occurrence point must not have
the issue flags of “Country coordinate mismatch,” “zero coordi-
nate,” and “basis of record invalid.” The remaining occurrence
points were cleaned using the clean_coordinates() command
from the “CoordinateCleaner” R package using the “distance”

outlier detection method (Zizka et al. 2019) (Figure 1). Duplicate
occurrence points were removed and only one occurrence point
was kept per raster cell after raster resampling described below.
Occurrence points south of latitude 60°S were omitted.

2.3 | Training Raster Data

In order to create a parameter system that was consistent
enough to possibly be used at various scales in any region of
the world, we limited MaxEnt training rasters to the 26 listed
in Table 1. A broad set of training rasters was used because
our goal was to create a system that allows for the modeling of
any NUS that may have completely different predictive vari-
ables. This broad list of rasters is further refined for each NUS
using the ENMeval::ENMevaluate command described later.
For current climate data, we used all 19 bioclimate variables
from CHELSA 1981-2010 v.2.1. To accompany climate data,
we included soil property data from SoilGrids which were aver-
aged (mean) from 0 to 30cm depth for Silt, Sand, Clay, and pH
data (Khan et al. 2022). Soil depth was retrieved from ORNL
DACC (Pelletier et al. 2016). Elevation data was retrieved from
WorldClim and slope was calculated from elevation using the
terra:terrain function in R.

All training rasters were masked to a buffered area of 500km
around all occurrence points for each species. All predictive out-
puts were kept to this buffered area to prevent excessive spatial
extrapolation. Likewise, we do not intend on using this model to
predict crop suitability in areas where it is not currently living.
Our intention in this limitation was to prevent suggesting poten-
tially invasive plant introductions.

Bioclimate variable data for future scenarios was retrieved
from CHELSA for the 2011-2040 and 2041-2070 GFDL
ESM-4 ssp370 scenario. These bioclimate variables were used
to replace the current climate rasters in predictions. All ras-
ters were unprojected to WGS84 if already in a projected coor-
dinate system. Likewise, rasters were resampled to match the
resolution of the coarsest variable in this case, the elevation
and slope layers.

2.4 | EMNevaluation

We used the package ENMeval (https://CRAN.R-project.org/
package=ENMeval) to find the optimal MaxEnt model for each
NUS in our analysis using an augmented protocol of that de-
scribed in the ENMeval 2.0 vignette (Kass et al. 2021; Muscarella
et al. 2014). Using the command “ENMevaluate” we chose the
“k-fold” spatial validation method (k=10), rm range from 1 to
5 and functions “L, LQ, LQH, H.” If there were too few occur-
rence points to fulfill the requirements for “H”-Hinge functions,
ENMeval was rerun using only “L, LQ, LQH” functions. These
were large, repetitive computations; therefore, they were run
in parallel using doParallel on Penn State’'s ROAR Collab HPC
system. The Anaconda environment file containing all required
R packages, training rasters, and R script can be found at DOI:
https://doi.org/10.5281/zenodo.15528733. For each species’
ENMevaluation, the model with AAIC =0 was chosen as the
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FIGURE1 | Flowchart of methods.

most appropriate MaxEnt model to use for that species. If multi-
ple models had AAIC_ =0, the model with the highest AUC.test
was chosen.

2.5 | MaxEnt Prediction

The “predict” function from the R package “dismo” was used
with the future climate rasters combined with soil, elevation,
and slope rasters to predict future suitability for each NUS. We
did separate predictions using the 2011-2040 and 2041-2070
data. The resulting predictions were then compared to the origi-
nal model outputs by subtracting the original model output from
the prediction output in each raster cell.

2.6 | Output and Data Analyses

The output of the R code is designed to produce 15 files
(Table 2). Output for each species was normalized using max
scaling across each of the three climate scenarios. This was
done by dividing all suitability scores by the maximum suit-
ability score found in the three model outputs. This was to
ensure that species could not only be compared between cli-
mate scenarios within species, but also between species. The
statistical analysis file consists of the root mean square (RMS)
of differences between current and future climate suitability
predictions and the mean change in suitability index from
current to future climates.
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3 | Results and Discussion

Changes in suitability from current conditions to predicted
climates varied greatly between the NUS chosen in this study
(Table 3). Changes in suitability from current conditions to
future climate projections are not homogenous across species
ranges. For example, Adansonia digitata suitability is pre-
dicted to increase in eastern Botswana but decrease in most
surrounding areas. Similar trends in heterogeneous suitability
scores can be seen in other species and regions (Figures 2 and
3). Some species showed little predicted change from current
conditions to conditions from GFDL-ESM 4 SSP370 2041-2070
(e.g., Carpobrotus edulis+0.0007), while others showed large
positive or negative changes on average suitability from current
conditions across their range (e.g., Boscia senegalensis+0.143,
Plectranthus esculentus —0.146). Examples of other species with
large changes in suitability include Zizania aquatica (+0.092),
Quercus alba (+0.086), Amaranthus palmeri (+0.084), Diospyros
mespiliformis (—0.063), Rhodiola rosea (—0.049), and Sesbania
pachycarpa (—0.042). Some species saw a shift toward the poles
in their range such as Zizania aquatica, while others were pre-
dicted to decrease throughout their range like Diospyros mespili-
formis (Figure 4).

The results of our initial run of this high-volume MaxEnt
workflow show that some of the NUS highlighted in our previ-
ous publications do have increased suitability scores in future
climate model projections. Crops that have increased suit-
ability scores in future climate projections should be invested

Plant-Environment Interactions, 2026

30f12

85UB0|7 SUOLULLOD BAER1D 3|eotidde au Aq pauseob 8.2 S3o1Le O (88N JOSBINI 104 ATiq 1 BUIIUO AB|IM UIO (SUOIPUOD-PUB-SLLLBY/WO AB| 1M ARe.q] U1 |UO//SHIY) SUORIPUOD PUE SWLR L 8U3 89S *[9202/60/90] UO ARIGIT8UIUO A81IM * S3LRIGIT AISBAIUN INRY SeXe L - Pesisul iued Ad STTOZ € Rd/z00T 0T/10p/L00 8| M AReiq 1B UO//SUNY WO1) pepeojumoq ‘g ‘9202 ‘S9296.5C



TABLE1 | Training raster variables and descriptions.

Variable name

Description

Unit

Source(s)

BIO1

BIO2

BIO3

BIO4

BIOS5

BIO6

BIO7

BIOS

BIOY9

BIO10

BIO11

BIO12

BIO13

BIO14

BIO15

BIO16

Annual mean temperature

Mean diurnal range (Mean of

monthly (max temp—min temp))

Isothermality (BIO2/BIO7) (x100)

Temperature seasonality

(standard deviation x100)

Max temperature of warmest month

Min temperature of coldest month

Temperature annual range (BIO5-BIO6)

Mean temperature of wettest quarter

Mean temperature of driest quarter

Mean temperature of warmest quarter

Mean temperature of coldest quarter

Annual precipitation

Precipitation of wettest month

Precipitation of driest month

Precipitation seasonality

(coefficient of variation)

Precipitation of wettest quarter

°C

°C

°C

°C

°C

°C

°C

°C

°C

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

(Continues)
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TABLE1 | (Continued)

Variable name Description Unit Source(s)

BIO17 Precipitation of driest quarter mm CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

BIO18 Precipitation of warmest quarter mm CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

BIO19 Precipitation of coldest quarter mm CHELSA 1981-2010
GFDL-ESM 4 SSP370 2011-2040
GFDL-ESM 4 SSP370 2041-2070

Elevation m WorldClim

Slope Calculated from elevation degrees

Soil pH pH SoilGrids

Soil depth Soil depth to bedrock m ORNL DACC

Clay Percentage of clay in soil 2/100g soil SoilGrids

Silt Percentage of silt in soil g/100 g soil SoilGrids

Sand Percentage of sand in soil 2/100g soil SoilGrids

TABLE 2 | Workflow output files.

Number Name Description Ext

1 (GBIF download Key) Occurrence data download from GBIF .CSV

2 (GBIF download Key)_citation Citation of specific GBIF query with DOI .txt

3 *_e_mx_soil ENMeval output .rds

4 metadata_* Metadata for ENMevaluation and model output .csv

5 Pred_* 11-40 ENMeval output for 2011-2040 climate prediction .rds

6 Pred_* 41-70 ENMeval output for 2041-2070 climate prediction .rds

7 Suitability 11_40_* Raster of predicted suitability scores across modeled tif

range for 2011-2040 climate prediction
8 Suitability 41_70_* Raster of predicted suitability scores across modeled tif
range for 2041-2070 climate prediction
9 Suitability_current_* Raster of suitability values under current tif
climate conditions in modeled range.
10 Suitability_diff 11_%* Raster of difference in suitability between current tif
conditions and predicted conditions in 2011-2040
11 Suitability_diff 41_* Raster of difference in suitability between current tif
conditions and predicted conditions in 2041-2070

12 SummaryStats_* calculated summary statistics for species .csv

13 Suitability 11_40_*_normalized Normalized values for suitability prediction 2011-2040 tif

14 Suitability_41_70_*_normalized Normalized values for suitability prediction 2041-2070 tif

15 Suitability_current_* normalized Normalized values for suitability under current conditions tif

*Species name.

in further as our previous manuscripts have already shown
their current interest within academia. By using our MaxEnt
workflow we have shown quantitative evidence to support

our previous conclusions. However, these models do show
that suitability responses by species are not uniform within
species’ geographies. For instance, many species show areas
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TABLE 3 | Average suitability score difference across climate scenarios.

Species avg_change_11 avg_change_41 rms_c_11 rms_c_41 Publication Extant region
Adansonia digitata 0.0070 0.0094 0.0459 0.0721 b Af, As
Agave americana —0.0138 —0.0338 0.0450 0.0796 a NA, SA, Af,
Eu, As, Oc
Amaranthus palmeri 0.0349 0.0840 0.0666 0.1462 b NA, SA, Af,
Eu, As, Oc
Amelanchier alnifolia —0.0151 —0.0313 0.0751 0.1275 ab NA, Eu, As
Amorphophallus konjac —0.0108 —0.0182 0.0411 0.0705 b As
Arctostaphylos uva-ursi —0.0016 —0.0052 0.0409 0.0689 a NA, Eu, As
Boscia senegalensis 0.0829 _ 0.1265 0.1985 a Af
Bromus carinatus —0.0101 —0.0112 0.0755 0.1111 b NA, Eu
Carpobrotus edulis 0.0028 0.0007 0.0415 0.0703 ¢ NA, SA, Eu, Af, Oc
Centella asiatica —0.0100 —0.0184 0.0373 0.0530 ¢ NA, SA, Af, As, Oc
Cleome gynandra —0.0038 —0.0206 0.0688 0.1259 ¢ NA, SA, Af, As, Oc
Dacryodes edulis —0.0192 —0.0081 0.0613 0.0885 a Af
Diospyros mespiliformis —0.0320 —0.0634 0.0771 0.1333 ¢ Af, As
Ensete ventricosum —0.0075 —0.0198 0.0482 0.0847 a NA, SA, Af
Gnetum gnemon —0.0046 —0.0089 0.0546 0.0577 a Oc
Helianthus petiolaris 0.0339 0.0708 0.0601 0.1167 b NA, Eu
Ipomoea obscura —0.0058 —0.0127 0.0499 0.0747 ¢ Af, As, Oc
Juglans nigra 0.0328 0.0464 0.0747 0.1233 b NA, Eu
Lagenaria siceraria —0.0088 —0.0123 0.0622 0.1103 ¢ NA, SA, Eu,
Af, As, Oc
Panicum capillare 0.0044 0.0090 0.0429 0.0744 ¢ NA, Eu, Oc
Phaseolus acutifolius 0.0109 0.0201 0.0334 0.0559 b NA
Physalis pubescens 0.0224 0.0474 0.0730 0.1335 b NA, SA, Eu, As
Pinus ponderosa —0.0059 —0.0127 0.0392 0.0647 b NA, Eu, Oc
Plectranthus esculentus _ 0.1164 0.2130 b Af
Prosopis glandulosa 0.0022 0.0107 0.0356 0.0629 ¢ NA, Af
Pteridium aquilinum 0.0051 0.0079 0.0362 0.0678 b NA, SA, Eu,
Af, As, Oc
Quercus alba 0.0541 0.0864 0.0715 0.1177 b NA, Eu
Quercus rubra 0.0325 0.0536 0.0836 0.1563 b NA, Eu
Rhodiola rosea —0.0258 —0.0491 0.0450 0.0768 b NA, Eu, As
Salvia columbariae —0.0033 0.0067 0.0228 0.0345 b NA
Sclerocarya birrea —0.0104 —0.0397 0.0826 0.1321 b Af
Sesbania pachycarpa —0.0101 —0.0420 0.0746 0.1359 ¢ Af
Strychnos spinosa 0.0019 —0.0069 0.0270 0.0512 ¢ Af
Tamarindus indica 0.0163 0.0263 0.0456 0.0801 ¢ NA, SA, Af, As, Oc
(Continues)
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TABLE 3 | (Continued)

Species avg_change_11 avg_change_41 rms_c_11 rms_c_41 Publication Extant region
Typha domingensis 0.0019 0.0038 0.0403 0.0631 a NA, SA, Eu,
Af, As, Oc
Typha latifolia 0.0148 0.0271 0.0442 0.0822 b NA, SA, Eu,
Af, As, Oc
Vaccinium myrtillus —0.0028 —0.0075 0.0294 0.0476 b NA, Eu, As
Vangueria infausta —0.0112 —0.0197 0.0504 0.0797 b Af
Xanthium strumarium 0.0131 0.0190 0.0472 0.0869 ¢ NA, SA, Eu,
Af, As, Oc
Ximenia americana —0.0041 —0.0154 0.0557 0.0892 ¢ NA, SA, Af, Oc
Ximenia caffra 0.0006 —0.0010 0.0628 0.0852 ¢ Af
Yucca schidigera —0.0135 —0.0145 0.0467 0.0631 b NA
Zizania aquatica 0.0560 0.0922 0.1395 0.2195 b NA, Eu, As
Zizania palustris 0.0218 0.0447 0.0856 0.1480 b NA, Eu, As

Note: Avg_change_11=average change in suitability score of species across its range from current climate to 2011-2040 climate. Avg_change_41 =same but for
2041-2070 scenario. RMS calculated from all difference values across all raster cells for each comparison. Extant Region determined by GBIF.
Abbreviations: Af, Africa; As, Asia; Eu, Europe; NA, North America; Oc, Oceania; SA, South America.

aWinstead and Jacobson (2022).
bWinstead et al. (2023).
‘Winstead and Jacobson (2024).

where suitability scores decrease that are directly adjacent
to places where they are shown to have increased suitability
(Figure 4). Therefore, decisions should not be made about the
use of NUS across large geographic areas but rather deter-
mined regionally.

Previous studies have already shown the power of using MaxEnt
in predicting crop suitability across time and climate. Our high-
volume MaxEnt workflow shows great promise in its ability to
not only show where an NUS is potentially viable, but which
NUS may remain viable even in future climate projections. This
allows for a sufficient prediction of which NUS to develop by
early adopting farmers who are willing to try different crops
to combat their current struggles with a changing climate (Ali
et al. 2023; Hebbar et al. 2022).

The purpose of using MaxEnt instead of a larger ensemble
method is to increase simplicity and usability of this program
for those who wish to use it. Likewise, it decreases the amount of
computing power necessary to model a species. We understand
that the high-volume automation of MaxEnt lends itself to error.
That is a limitation of this design, and any decisions or conclu-
sions made from this model output should be done with great
caution. However, we do believe that the large output has value
in seeing larger scale trends when comparing many species’ re-
actions to climate change relative to each other, rather than pre-
cise single-species predictions. Our goal is to use these data for
the N'US as a starting point for those who may be interested in
experimenting with different crops and who are already familiar
with the NUS being used.

A good example of the importance of quality checks and further
scrutiny of the data is that of Xanthium strumarium, which was
originally included in our NUS case study list. This species has

conclusive research to show that it is poisonous even though it
has been cited as a staple food additive by the Costanoan people
(Gurley et al. 2010). For this reason, we have excluded it from the
results and further discussion.

3.1 | Future Work in NUS Development

We hope that our NUS suitability tool workflow can function as
a bridge between current academic theoretical research on NUS
awareness and actual on-the-ground development and testing
of NUS varieties. In the recent past there has been greater in-
terest by the academic community in using these neglected and
underutilized crops, but few actionable steps have been taken
by those actually growing crops (Jones et al. 2021). Likewise,
future work needs to be done at the local and national policy
levels to support a low-risk environment for smallholder farm-
ers to further develop and test new crop varieties and species
(Amanor 2024). We hope that this workflow can be incorpo-
rated into an open-access decision support tool that could be
used to help farmers make informed decisions on how to adapt
their agriculture in a shifting environment.

4 | Conclusion

The results from our case study species show the value of this
workflow in triaging NUS for future development. We recom-
mend further investigating wild rice (Zizania spp.), Palmer am-
aranth (Amaranthus palmeri), dilo (Boscia senegalensis), white
oak (Quercus alba), and prairie sunflower (Helianthus petiolaris)
for further development as resilient crops. These species have al-
ready been identified as resilient crop candidates based on their
attributes in their respective home ranges. Our models show that
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Diospyros mespiliformis Suitability Across Climate

Mauritania
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Map data © OpenStreetMap contributors, Microsoft, Facebook, Inc. and its affiliates, Esri Community Maps contributors, Map layer by Esri,

FIGURE 2 | Map of the Sahel region of Africa showing range suitability shifts through time for Diospyros mespiliformis. For most of its range,
D. mespiliformis is predicted to lose suitable area in the future climate model. Map projection: WGS 1984 Web Mercator.
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Zizania aquatica suitability Across Climate Scen
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FIGURE3 | Map of northeast region of North America showing range expansion of Zizania aquatica northward. Map projection: WGS 1984 Web

Mercator.
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CHANGE IN SUITABILITY FROM CURRENT CONDITIONS TO
2041-70 PREDICTIONS

Legend

[] Modeled Area

Change in Suitability N

P 41 (Increase in Suitability)
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Map data © OpenStreetMap contributors, Microsoft, Facebook, Inc. and its affiliates, Esri Community Maps contributors, Map layer by Esri,

FIGURE 4 | Maps showing change in suitability from current conditions to predicted climates in 2041-2070. Map of Zizania aquatica in the

northeast portion of North America showing predicted northward range expansion and southern range retraction. Map of Diospyros mespiliformis in

the Sahel region of Africa depicts a southern expansion of the species toward the coast. Map projection: WGS 1984 Web Mercator.

these species are likely to expand their range in a “business as
usual” future climate scenario. The combination of open-source
species occurrence databases (GBIF), occurrence data cleaning
programs (CoordinateCleaner), and automated MaxEnt Model

Evaluation (ENMeval) has allowed the creation of a seamless
underutilized crop prediction workflow. Our results show that
using this workflow could result in the creation of a useful NUS
picking tool based on location and future climate.
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