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Abstract
Aims: Species distribution models (SDMs) are often used to forecast potential dis-
tributions of important invasive or rare species. However, situations where models 
could be the most valuable ecologically or economically, such as for predicting in-
vasion risk, often pose the greatest challenges to SDM building. These challenges 
include non-equilibrium range expansion, low or uneven prevalence, and projecting 
distributions into environments that are non-analogous to the environments used for 
model building.
Location: Minnesota, USA.
Taxon: Cardamine impatiens (Narrowleaf Bittercress), Celastrus orbiculatus (Oriental 
Bittersweet), and Humulus japonicus (Japanese Hops).
Methods: We took a novel approach to build robust species distribution models of 
invasive species using occurrence-environment correlations between invasive species 
and co-occurring native community members. The correlations were obtained from a 
joint species distribution model (JSDM) of a densely sampled database of 10,336 MN 
plant communities from across the state of Minnesota, USA. Positively and negatively 
associated native species were incorporated into the model as surrogate presences 
and pseudoabsences (weighted by their environmental correlations) along with inva-
sive species occurrences records (surrogate SDMs).
Results: Surrogate models performed better than traditional SDMs in predicting oc-
currences along the northern invasion margin (outside the training area). Both types 
of models had similarly high cross-validation metrics in the area of training. Surrogate 
models also predicted greater range expansion beyond the current geographic range.
Main conclusions: These results demonstrate that modelers can take advantage of 
detailed community data to develop SDMs that leverage surrogate native species as 
phytometers of environments beyond the current area of occupancy. The additional 
information in surrogate models generates highly effective predictions of invasive 
species along expanding range margins.
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1  |  INTRODUC TION

Invasive species are reshaping terrestrial and aquatic habitats and 
causing substantial economic losses worldwide (Gren et al., 2009; 
Marbuah et al., 2014; Pimentel et al., 2005). To most effectively man-
age invasive species, scientists need to predict geographic areas at 
risk of invasion under current and future climate scenarios. However, 
developing accurate and highly predictive distribution models has 
proven challenging (Elith et al., 2010; Fourcade et al., 2018; Gallien 
et al., 2010; Lodge et al., 2016).

Traditional methods used to assess invasion risk rely on mod-
eling the responses of individual species to environmental factors 
(Lodge et al. 2016). These species distribution models (SDMs) are 
typically correlative models that relate known presence data (and 
possibly absence data) with environmental data and extrapolate 
those relationships into regions where land managers are interested 
in determining risk of invasion (Broennimann et al., 2007; Elith et al., 
2010; Elith & Leathwick, 2009). However, SDMs often fail to pre-
dict the range expansion of invasive species because they violate 
key assumptions of SDMs (e.g., that the modeled species is at range 
and environmental equilibrium; Elith et al., 2006; Elith et al., 2010; 
Journé et al., 2019). For example, SDMs of the rapidly-spreading 
noxious weed, Palmer Amaranth, built using a time series of histori-
cal invasion records could not reliably predict its current distribution 
(Briscoe Runquist et al., 2019).

Projecting outside of geographic ranges may be particularly 
problematic because regions of incipient invasion often contain suit-
able but unoccupied environments that are not included as such in 
model building (Broennimann et al., 2007, 2012; Elith et al., 2010; 
Guisan et al., 2014). Thus, the models lack information on what ad-
ditional, unoccupied environments might be suitable (Bradley et al., 
2010; Elith et al. 2010). Incorporating experimental information on 
how an invasive species would respond to novel environments would 
greatly improve model predictions (Gallien et al., 2012; Merow et al., 
2017; Singer et al., 2016). However, such field experiments are rarely 
feasible with invasive species and are not easily extended to large 
numbers of species. Thus, new approaches are needed that leverage 
additional information on potential environmental suitability beyond 
the current range and incorporate them into SDMs (Gallien et al., 
2010, 2012; Larson et al., 2014; Lodge et al. 2016). In this study, we 
take a novel approach that borrows occurrence-environment rela-
tionships from native species via Joint Species Distribution Models 
(JSDMs; Norberg et al., 2019).

Our approach involves borrowing information from the distri-
butions of native species that commonly co-occur with a focal in-
vasive species and incorporating those occurrence–environment 
relationships into model building. This approach uses co-occurring 
species as barometers of potential suitability beyond the invaded 
range. It may be especially advantageous in regions where invasive 
species prevalence is low, such as incipient areas of invasion or for 
species that are difficult to detect. Thus far, two different types of 
approaches have been taken to borrow predictive power from other 
species. First, information on the mean environmental response of 

a collection of species (some common and some rare) has been used 
to aid in forecasting the environmental responses of individual spe-
cies (e.g., Hui et al., 2013; Larson et al., 2014). Second, the distri-
butions of associated or interacting species have been incorporated 
by including them directly as predictive model variables or during 
the model selection process (e.g., competitors, mutualists, or related 
species: Araújo & Luoto, 2007; Baselga & Araújo, 2009; Pellissier 
et al., 2010; Mod et al., 2015; Molloy et al., 2017; Qiao et al., 2017; 
Mäkinen & Vahatalo, 2018). An alternative approach would incorpo-
rate weighted occurrences of surrogate species into SDMs, which 
has several potential advantages. Our approach explicitly evaluates 
which co-occurring (established) species share similar environmen-
tal responses. This may be particularly valuable when co-occurring 
species are from the same functional group as the focal species (e.g., 
herbaceous understory plants) because they likely experience the 
environment in similar ways and their environmental responses will 
potentially generate an integrated environmental response. In addi-
tion, native or common species are more likely to be at range equi-
librium and therefore conform better to modeling assumptions (Elith 
et al., 2010; Norberg et al., 2019). However, which native species to 
include as potential surrogates and how to best incorporate their 
distributional information remains an open question that we address 
by leveraging joint species distribution models.

To build SDMs involving co-occurring species, we need to be able 
to identify native and established species that share environmental 
affinities and can be included as surrogate presence/absence data. 
We took a new approach that leveraged Joint Species Distribution 
Models (JSDMs) to identify surrogate species and calculate weight-
ings that can be incorporated into SDMs. JSDMs are a relatively new 
class of methods (e.g., Clark et al., 2017; Harris, 2015; Pollock et al., 
2014) that encompass a broad collection of approaches, but all in-
corporate community co-occurrence patterns and environmental 
data within a unified framework. Integration of both sets of data 
allows for the estimation of species' responses to the environment 
as well as the correlation among species' shared environmental re-
sponses. Although useful for predicting large geographic and envi-
ronmental community patterns, they are not always successful at 
predicting individual species distributions, particularly for rare spe-
cies or species with low prevalence and may not be able to directly 
make projections of invasive species distributions (Norberg et al. 
2019; Zhang et al., 2018; Zurell et al., 2018). However, for invasive 
species, JSDMs can provide information about species' occurrence–
environment correlations and thereby identify species that could be 
phytometers of invasion potential. The JSDM method developed by 
Clark et al. (2017) provides an additional advantage because it can 
incorporate multiple sources of data and explicitly calculates spe-
cies' environmental response correlations on the scale of the input 
data within the JSDM framework. We used JSDMs to select and 
weight the occurrences of surrogate species in our SDMs.

In this study, we built SDMs for three plant species invasive to 
North America, Celastrus orbiculatus (Oriental bittersweet), Humulus 
japonicus (Japanese hops), and Cardamine impatiens (Narrowleaf 
bittercress), all of which have range boundaries that have recently 
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expanded north and west into Minnesota, U.S.A. We leveraged 
a large dataset on 10,336 plant communities distributed across 
Minnesota to determine which plant species were most commonly 
associated with our focal invasive species and the extent of their 
shared environmental responses. We then built SDMs that included 
information about the locations and environmental similarities of 
surrogate species as well as the invasive occurrence records and 
compared them to traditional SDMs built using only invasive species 
occurrence records. In doing this, we were interested in answering 
the following questions:

a.	 Do JSDM-informed surrogate models improve predictions of cli-
mate suitability at range margins and provide a viable method for 
correlative invasive species modeling?

b.	 How does the prediction of invasion risk change when incorpo-
rating information on surrogate species?

2  |  MATERIAL S AND METHODS

2.1  |  Species descriptions

We modeled the distributions of three flowering plant spe-
cies: Celastrus orbiculatus (Celastraceae), Humulus japonicus 
(Cannabaceae), and Cardamine impatiens (Brassicaceae). All three 
species are Eurasian in origin and were introduced to New England, 
U.S.A., in the late 1800's and have since spread westward around 
the Great Lakes into the Central and Upper Midwest (Figure S1& S2). 
The invaded ranges for all three have recently begun to encroach on 
the southern and eastern portions of Minnesota (especially in the 
last ca. 10–15 years; See Table S1 for more details on each species' 
distribution, natural history, and ecological impacts).

2.2  |  Data sources

2.2.1  |  Occurrence record data

We gathered invasive species' occurrence records (presence-only) from 
two publicly available databases: (1) Global Biodiversity Information 
Facility (GBIF; www.gbif.org; Table S2), and (2) Early Detection & 
Distribution Mapping System (EDDMapS; www.eddma​ps.org). We 
processed occurrence records to remove duplicate, erroneous, and/
or imprecise coordinates (<0.1 decimal degrees). In order to fairly and 
directly compare traditional and JSDM-informed surrogate SDMs (de-
scribed in detail below), we built and tested models using two basic 
occurrence datasets. We built traditional SDMs using occurrence data 
drawn from the Midwest (Table 1; projections from models based on 
North American and Global models were functionally similar: Figure 
S3). We built JSDMs and surrogate SDMs using data from Minnesota 
(Table 1; GBIF/EDDMaps invasive occurrence records and DNR relevé 
dataset – see below). After model building, we validated traditional 
and surrogate SDMs using data from the Midwest. In this study, the TA
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Midwest was defined by a bounding box (−98ºW, −80ºW, 40ºN, 53ºN), 
and included Minnesota, Iowa, Wisconsin, Michigan, northern Illinois, 
northern Indiana, and northern Ohio in the United States as well as 
portions of Ontario and Manitoba Provinces in Canada (Figure S2).

All spatial analyses on occurrences were performed in R (R Core 
Team v3.5.1) using the Geospatial Data Abstraction Library ('rgdal'; 
Bivand et al., 2017), Geometry Engine Open Source ('rgeos'; Bivand 
& Rundel, 2015), Spatial Points ('sp'; Pebesma & Bivand, 2005), and 
Raster packages ('raster'; Hijmans & vanEtten, 2012).

2.2.2  |  Environmental data

We used three climate variables derived from the WorldClim v. 2 data-
set (30 second resolution: https://www.world​clim.org/data/world​
clim21.html; Fick & Hijmans, 2017), which function as basic constraints 
on plant growth (Chapman et al., 2019). Mean temperature of the warm-
est quarter (Bio10, ºC) reflects the temperature of the growing season. 

Minimum temperature of the coldest month (Bio6, ºC) indicates cold 
exposure and tolerance. Climate Moisture Index (CMI) reflects poten-
tial drought stress and was calculated as the natural logarithm of one 
plus the ratio of annual precipitation (Bio12) to potential evapotranspi-
ration (Zomer et al. 2008; http://www.cgiar​-csi.org) (Figuress. S4-S6).

2.3  |  Occurrence record sampling for traditional 
model building

Building traditional SDMs with generalized boosted models (GBMs; 
see methods below for more details) required presence and absence 
data. For each species, we downsampled all occurrence records to 
the same resolution as the environmental data (~1 km; Figure 1A-C). 
Because there was no true absence dataset for any of these spe-
cies, we generated pseudoabsence datasets that were approximately 
equal in number to the number of presence points (Figure 1A-C). We 
created pseudoabsence datasets by randomly sampling half of the 

F I G U R E  1  Species occurrence records and pseudoabsences for (top row) the Midwest and (bottom row) Minnesota. Columns represent 
data used for each of the focal invasive species (left: C. impatiens, center: C. orbiculatus, right: H. japonicus). Top row: Presences (red) and 
pseudoabsences (teal) in the Midwest were used to build traditional models and validate all models. Bottom row: Invasive species presences 
(red), surrogate presences from the relevé dataset (orange), and surrogate absences from the relevé dataset (teal) are shown. These were 
used to build surrogate SDM models. Inset map of North America in the lower corner of panel A shows the region of the Upper Midwest 
within the outlined bounding box [Colour figure can be viewed at wileyonlinelibrary.com]
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pseudoabsences from potentially available (i.e., areas of potential dis-
persal) but unoccupied habitat (30 km buffers centered on each known 
occurrence point with dissolved overlaps). The second half were sam-
pled from habitat deemed unsuitable (i.e., the value of climate variables 
fell outside of the 99.9% quantiles for global occurrences; Table S3 & 
Figure S7). Sampling pseudoabsences using this method increases the 
range of environments available for model fitting and improves the 
realism and accuracy of models (Chapman et al., 2019).

2.4  |  Identification of surrogate presences and 
absences using joint species distribution models 
(JSDMs)

2.4.1  |  Native community data

The Minnesota Department of Natural Resources (DNR) has col-
lected data on 10,336 MN plant communities (2829 species) using 

a standardized relevé technique beginning in 1971 (DNR 2013). 
Relevés are a type of plant survey that characterizes the habitat and 
catalogues all of the community members at a site. Relevés often 
use a set of nested and increasingly widened quadrats in order to 
capture the majority of species in a community. We used relevé 
data collected from 1971 to 2016, which provided an extensive spa-
tial dataset on plant species presence/absence and co-occurrence 
(Figures S8).

2.4.2  |  Species co-occurrence matrices

We built a georeferenced site by species co-occurrence matrix (pres-
ence/absence) using the DNR relevé database. Because many of our 
invasive species occurrences fell outside of relevés, for each invasive 
species occurrence site, we generated pseudorelevés using informa-
tion on community composition from the nearest relevé (Figure S9). 
Most invasive species occurrence records were within 0–5 km of a 

F I G U R E  2  Flowchart of methods for selecting native species for incorporation into surrogate models. The example shown is for C. 
orbiculatus. (A) Combine climate information for relevé/pseudorelevé sites with a site-by-species co-occurrence matrix. (B) Reduce the size 
of the spatially and climatically explicit site-by-species co-occurrence by excluding rare or extremely common species. (C) Use the reduced 
matrix to run JSDM and obtain correlation of similarity in climatic environmental responses (e-matrix) for all of the community members 
included. (D) Choose surrogate species that are most and least similar in integrated environmental response. Invasive species presences 
shown in red, surrogate presences shown in orange, and surrogate absences shown in teal. (E) Incorporate surrogate species and their 
environmental response correlation coefficient as a weighting factor into SDM framework and project models to estimate climate suitability. 
Map pixels represent a relative metric of climate suitability, where 1.0 is the most suitable climate. Values above 0.9 are considered high 
suitability, 0.6–0.9 moderate suitability, and below 0.6 poor suitability [Colour figure can be viewed at wileyonlinelibrary.com]
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relevé site (Figure S10). Minnesota climate gradients are gradual with 
little to no change over 5–10 km distances and plant taxa. To limit 
pseudoreplication in our co-occurrence matrix, real relevés could 
not be resampled more than five times. We generated separate site 
by species co-occurrence matrices for each invasive species; each 
matrix contained information from all DNR-assessed relevés plus the 
pseudorelevés for the focal invasive species (Figures 1 & 2A,B).

For computational purposes, we reduced the size of our spe-
cies co-occurrence matrices by eliminating very rare or common 
species, both of which fail to provide useful information for these 
analyses. As a first pass, we used the pseudorelevé data for each 
species separately to filter species lists. In the area of incipient in-
vasion in Southeastern MN, (bounding box: −97.25°W, −89.45°W, 
43.45°N, 49.4°N), we compiled and sorted the pseudorelevé spe-
cies and eliminated all species that were rare (< 4% of sites) or ex-
tremely common (> 40%). After this elimination step, we retained 
approximately 50 community associates present in ca. 4–30% of 
the pseudorelevés. We then re-assessed potential community as-
sociates for each invasive species by conducting field surveys of 
plant communities in 10–15 sites/species. At each site, we laid out a 
10x10 meter quadrat and cataloged all species that were >1% cover 
at 3 different habitat stratifications: ground-level, mid-story, and 
upper-story/canopy. We used this information to aid in further re-
ducing each dataset by eliminating community associates that did 
not occur in relevant habitat (e.g., plants limited to bogs or marshes). 
For C. impatiens, we retained 23 species, all of which were herba-
ceous forbs and grasses. For C. orbiculatus and H. japonicus, we ran-
domly sampled 25 species (Figure 2B; Table S4). Preliminary models 
run using all 50 species had similar results, but computational time 
was much greater and less predictable (results not shown).

We assessed whether JSDM results were affected by (1) our 
methods for creating pseudorelevés and (2) the choice of co-
occurring community members. To examine these issues, we used a 
native species as a case study. Smilacina racemosa is a common herba-
ceous forb found throughout MN and was included as a community 
member in all of the invasive species JSDMs. We performed JSDMs 
using both relevé and pseudorelevé data, and we used alternative 
species co-occurrence matrices. We found that estimates of environ-
mental response coefficients and their correlation with responses of 
co-occurring species were robust to the occurrence technique (relevé 
or pseudorelevé) and species co-occurrence matrix. These findings 
supported our use of the pseudorelevé method for estimating envi-
ronmental responses and their covariance with co-occurring species 
(see supplement for greater detail on the case study).

2.4.3  |  Identification of surrogate species 
using JSDMs

We used the R package, 'gjam', to perform JSDMs (Clark et al., 2017). 
We used the same three environmental variables as used for tradi-
tional SDMs. Gjam models required data on species taxonomy (plants), 
data structure (presence/absence), and collection effort. The 'effort' 

parameter allowed the model to incorporate information on relative 
differences among sampling efforts. We assumed that all sites from 
the DNR survey were completely and evenly sampled; therefore, we 
equalized the effort to 1 in all site by species combinations, except-
ing for occurrence records of our invasive species. We set sampling 
effort for these occurrences to 0 due to their history of recent inva-
sion in MN. We also tried 0.01 and 0.1 with similar effects (results not 
shown). To streamline model computation, we used dimension reduc-
tion (N [total number of response groups modeled] = 10 and r [flexibil-
ity of parameters for groups] = 8) to reduce the number of covariance 
parameters estimated (Clark et al., 2017). We ran all gjam models for 
100,000 generations, with 1500 generations of burn-in. For all mod-
els, we visually inspected MCMC chains for convergence (Figure S15).

For each of the potential community associates, the model es-
timates response parameters for environmental predictors, com-
putes a correlation matrix of environmental responses (henceforth: 
e-matrix; Figure 2C & Figure S16–S17), correlations among species 
due to other environmental factors, and a number of community 
metrics. We retained the environmental predictors and e-matrix 
from each model and used it to identify surrogate species. We fo-
cused exclusively on the e-matrix because we wanted to retain the 
suite of native species that showed the most or least similar envi-
ronmental responses after accounting for other potential covari-
ance among species co-occurrence records. From each e-matrix, 
we recorded the 3 species with the highest correlation coefficients 
and 1–2 species with the lowest correlation coefficients (Table 1).

For each invasive species, we built a new JSDM-informed pres-
ence/pseudoabsence dataset (Figures 1D,E & 2D). In these data-
sets, occurrence records for the invasive species plus positively 
correlated surrogates were included as presences, and negatively 
correlated surrogates were included as absences. We retained the 
absolute value of the correlation coefficient as a weighting factor 
for SDMs; invasive species records were given a weight equal to 1. 
If more than one occurrence record (invasive or surrogate species) 
was found in the same location, we only retained the record for the 
species with the largest correlation coefficient [i.e., invasive spe-
cies (r = 1) > surrogate presences (1 > r > 0) > surrogate absences 
(r  <  0)]. Because Generalized Boosted Models (GBMs) function 
best when presence and absence records are close to balanced, we 
computed the average of all occurrence records weighted by their 
correlation coefficient. If the average over all presence/absence 
records weighted by their correlation was very different from zero, 
we added an additional surrogate species to the absence data (C. 
orbiculatus and H. japonicus) to balance the dataset.

2.5  |  SDM generation with generalized boosted 
models (GBMs)

2.5.1  |  Model Construction

We used our six presence/absence datasets to build GBM models 
(two datasets per species: (1) traditional presence/pseudoabsence 
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dataset, (2) surrogate presence/absence dataset). We selected GBM 
model parameters based on practices outlined in Elith et al. (2008). 
We aimed for well-regularized models (i.e., not overly complex) with 
a learning rate that reached an asymptote in model deviance within 
10,000 trees. We built models using the 'gbm.step' function, which 
relies on the 'dismo' and 'gbm' packages (Greenwell et al., 2019; 
Hijmans et al., 2017). Because we were interested in comparing tra-
ditional models with JSDM-informed, surrogate models (hereafter: 
surrogate models), we kept model building parameters as similar as 
possible across all models generated. For all models built, we used 
tree complexity 2 (i.e., number of nodes allowed in the tree), bag 
fraction of 0.8, and a learning rate of 0.001 (C. impatiens, H. japoni-
cus, C. orbiculatus surrogate model) or 0.005 (C. orbiculatus tradi-
tional model, which did not reach an asymptote in model deviance 
with the smaller learning rate). This ensured that models were built 
with between 1000–10,000 trees (Table 2). Models were evaluated 
within the 'gbm' function framework using cross-validation (cv) with 
10 cross-validation datasets.

2.5.2  |  Model evaluation

To evaluate models from the 'gbm' model objects, we collected infor-
mation on model deviance and AUC for training and cross-validation 
data. These metrics were calculated over the areas used to build the 
models (i.e., the Midwest for traditional models and Minnesota for 
the surrogate models). Surrogate model evaluations from the model 
objects included presence/absence information on the invasive spe-
cies as well as the surrogate species. Model deviance is a measure 
of the goodness-of-fit of the model to the data (Elith et al., 2008). 
AUC is the area under the Receiver Operator Curve (graph of the 
true positive rate versus the false positive rate) and quantifies the 
discrimination ability of a model. It is commonly used to evaluate 
SDMs and values greater than 0.8 often indicate models with suf-
ficient performance. It should be noted, however, that AUC has been 
shown to be misleading in many instances (e.g., Journé et al. 2019; 
Lobo et al., 2008; Warren et al., 2019), especially for non-equilibrium 
species, such as invasive species, because errors of omission and 
commission are equally weighted (Townsend Peterson et al., 2008).

To obtain independent validation metrics, we also evaluated 
all models for AUC, corrected partial AUC (pAUC), and sensitiv-
ity over the Midwest region using the presence/pseudoabsence 
dataset used for traditional model building. We chose to validate 
all models over this area because it included the expanding north-
ern range front of all of the invasive species and represents the 
regions where we are most interested in making projections. These 
evaluations allowed us to make a fair comparison of the predictive 
and discriminatory value between traditional and surrogate mod-
els. We used partial AUC (pAUC) in addition to AUC because AUC 
equally weights errors of omission and commission. However, com-
mission errors in presence-only models are calculated using pseu-
doabsences or background points, which do not represent true 
negatives (Townsend Peterson et al., 2008). Corrected partial AUC TA
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is derived from the ROC curve (as in AUC) but focuses on the region 
of the curve where sensitivity is greater than a specified predictive 
value. This approach allows for evaluation in the range of the ROC 
where omission errors are low and avoids placing equal importance 
on commission errors. For pAUC values to be comparable across 
models, they are corrected using the expected null model predic-
tion (area under the ROC 1:1 line for the same portion of the ROC 
curve) and standardized to the interval [0.5, 1], with 0.5 indicat-
ing no discriminatory power and 1 indicating perfect discrimina-
tory power (Robin et al., 2011; Townsend Peterson et al., 2008). 
We chose to evaluate pAUC at sensitivities greater than or equal 
to 0.95. AUC and pAUC estimates were made using the 'pROC' 
package (Robin et al., 2011). Sensitivity quantifies the correctly 
predicted positive fraction of occurrences and may be particularly 
valuable for evaluating the predictive capabilities of invasive spe-
cies models (Radosavljevic & Anderson, 2014). We evaluated point 
estimates of sensitivity at a threshold of 0.5. Additionally, to pro-
vide a more synthetic evaluation, we also calculated and visualized 

the change in sensitivity across all threshold values (hereafter: 
sensitivity–threshold curves).

Models were projected using the 'predict' function in the 'dismo' 
package (Hijmans et al., 2017) and visualized using the 'rasterVis 
v0.45' package (Lamigueiro & Hijmans, 2019).

3  |  RESULTS

3.1  |  Surrogate SDMs indicated a broader 
environmental niche for invasive species

Traditional and surrogate models converged for all three species. 
Models were built with between 5400–8250 trees (Table 2). Both 
traditional and surrogate models had high training AUC scores (0.86 
or greater; Table 2). When evaluating models using cross validation 
in the area that the model was built (i.e., the Midwest for traditional 
models and MN with surrogate occurrences for surrogate models), 

F I G U R E  3  Projections of climate suitability from traditional and surrogate SDMs in MN and surrounding area for C. impatiens (left 
column), C. orbiculatus (center column), and H. japonicus (right column). Maps in the top row result from traditional SDM projections. Maps 
in the bottom row result from surrogate SDM projections. Map pixels represent a relative metric of climate suitability, where 1.0 is the most 
suitable climate. Values above 0.9 are considered high suitability, 0.6–0.9 moderate suitability, and below 0.6 poor suitability [Colour figure 
can be viewed at wileyonlinelibrary.com]
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traditional and surrogate models both performed well; traditional 
models had slightly higher AUCs (0.85–0.90) than surrogate models 
(0.85–0.96; Table 2). Surrogate models had lower estimates of devi-
ance, residual deviance, and cross-validation deviance (Table 2).

Response curves from surrogate models had a slightly 
larger niche breadth along all measured environmental axes. 
Additionally, the gradients of fitted functions for surrogate mod-
els were less sharp when transitioning from less suitable to more 
suitable environmental conditions (Figure S18). For most species 
and models, mean temperature of the warmest quarter had the 
most relative influence (~18%–96%; Figure S18), followed by min-
imum temperature of the coldest month (~1%–72%; Figure S18). 
In most models, CMI had the lowest relative importance (~3%–
11%; Figure S18).

3.2  |  Surrogate SDMs had greater predictive 
power and similar discrimination and accuracy 
across the expanding range of the Upper Midwest

When evaluating models with a common dataset: invasive species 
presences and pseudoabsences from the Midwest (i.e., the datasets 
used to build traditional models; Figure 1A-C), we found that sur-
rogate models had similar accuracy as traditional models. For AUC, 
traditional model metrics were generally higher than the surrogate 
model metrics; AUC was 0.93 versus 0.88 for C. impatiens, 0.93 
versus 0.78 for C. orbiculatus, and 0.80 versus 0.66 for H. japoni-
cus (Figure S19). However, when using pAUC, which focuses on the 
region of the ROC with low omission rates, the accuracy of models 
was more even between model types. pAUC for traditional models 
versus surrogate models was 0.81 versus 0.79 for C. impatiens, 0.81 

versus 0.78 for C. orbiculatus, and 0.72 versus 0.68 for H. japonicus 
(Figure S19).

Surrogate models had greater sensitivities than traditional mod-
els in the Midwest, especially along the northern range margin of 
Upper Midwestern states (Figure 3; Table 2). When evaluated at a 
threshold of 0.5, sensitivities increased between traditional and sur-
rogate models from 0.94 to 0.99 for C. impatiens, 0.92 to 1.0 for C. 
orbiculatus, and 0.41 to 1.0 for H. japonicus (Table 2). Differences in 
sensitivities for each of the species were mainly driven by increased 
suitability at the expanding range boundaries, which included more 
occurrence points found at this leading edge (Figure 3 & Figure S20).

Sensitivity–threshold curves (Figure 4) showed that in the 
Midwest sensitivity decreased more quickly at low threshold values 
for traditional models relative to surrogate models. This pattern is 
apparent for all three species and especially noticeable for H. japoni-
cus. This pattern indicated that traditional models had a greater pro-
portion of true occurrence records in areas that were predicted to 
be of low suitability. The pattern persisted across all threshold val-
ues <0.9. At threshold values >0.9, surrogate models and traditional 
models were most similar. This indicated that traditional models 
were more likely to project very high climate suitability in areas that 
were already densely invaded (Figures 3, 4, & Figure S19).

3.3  |  Surrogate SDMs project greater northern 
range expansion

Across the Midwest, surrogate models had a ca. 1.5 to 6-fold in-
crease in area of suitable climate (0.5 threshold) relative to tradi-
tional models. The regions projected to be of highest suitability in 
traditional SDMs were primarily focused on the areas that have al-
ready been invaded. Projections from surrogate models indicated 
high climate suitability across many regions in the Upper Midwest 
(Figure 3). The proportion of suitable climate in Midwest increased 
between traditional and surrogate models from 26% to 40% for C. 
impatiens, 18% to 56% for C. orbiculatus, and 7% to 42% for H. japoni-
cus. Projections for surrogate models predicted range filling for all 
species compared to traditional models and also increased predicted 
northern range extents in the Upper Midwest. The northern extent 
of each species projected range increased in the surrogate compared 
to traditional models: by 3° latitude for C. impatiens (46°N to 49°N), 
by 2° latitude for C. orbiculatus (46°N to 48°N), and by 4° latitude for 
H. japonicus (45 °N to 49°N; Figure 3).

4  |  DISCUSSION

Building SDMs for invasive species has proven challenging, often 
leaving biogeographers and decision-makers with incomplete or 
uninformative models of invasion risk. Although mechanistic and 
process-based models incorporate more information about species' 
biology (Merow et al., 2014, 2017; Singer et al., 2016), the data re-
quired are often costly to obtain and not feasible for most species 

F I G U R E  4  Sensitivity–threshold curves of occurrence data from 
states nearby Minnesota. The curves show how sensitivity changes 
across thresholds from 0 to 1 for the three species surveyed: C. 
impatiens (light teal), C. orbiculatus (teal), and H. japonicus (orange). 
Traditional models represented by dashed lines and surrogate 
models represented by solid lines [Colour figure can be viewed at 
wileyonlinelibrary.com]
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(Singer et al., 2016). In this study, we pursued an alternative strategy 
that leveraged the power of other species that are both (1) tightly 
associated with the focal species occurrences and (2) have broader 
geographic ranges. Unsurprisingly, traditional and surrogate SDMs 
performed similarly in the regions where models were trained; 
however, surrogate models were superior in predicting occurrences 
outside of the region where the model was built. Surrogate models 
also predicted substantially more suitable areas beyond the range 
margin compared to traditional SDMs (1.5- to 6-fold more). This in-
formation provides actionable information for detection and eradi-
cation efforts as well as prioritizing surveillance for species that are 
likely to establish (https://www.cbd.int/invas​ive/done.shtml).

4.1  |  Surrogate models had higher sensitivity 
outside of focal area where models were built

As might be expected, traditional and surrogate SDMs performed 
similarly for AUC and pAUC given the ability of both models to 
predict occurrences as well as regions of highly unsuitable climate. 
However, surrogate models had higher sensitivities and were supe-
rior in predicting occurrences at the expanding northern range, out-
side of the area where it was built. The difference was greatest for 
C. orbiculatus and H. japonicus, and less pronounced for C. impatiens. 
The differences among species were likely due to the idiosyncrasies 
of the occurrence data in the states surveyed (i.e., some species had 
more occurrence records along range edges). Nonetheless, increased 
sensitivities were a general outcome of surrogate models and were 
due to in-filling of projected suitable areas along the northern inva-
sion fronts and northward extensions of projected suitable area for 
all of the United States (Figure 3 & S20). The increased sensitivities 
indicated that surrogate models had the capacity to identify climates 
of high suitability that were missed by traditional models. The identi-
fication of this additional suitable climate greatly increased the areas 
of projected risk across the region of interest, the Upper Midwest.

4.2  |  Surrogate models included more potential 
suitable climates and predicted greater areas at 
risk of invasion

Surrogate model projections identified more suitable climates at the 
northern range margins that was at risk of invasion. This result sug-
gests that surrogate models identified a greater range of potentially 
suitable environments for model building and projection by leveraging 
the occurrence records of native species with similar climatic environ-
mental responses. For invasive species, one of the main challenges 
for predicting range expansion is that environments at the expanding 
range margin (and beyond) cannot be included in model building be-
cause they have few (or no) occurrences. Those beyond-range envi-
ronments challenge model projections because species–environment 
relationships are not truly known (Broennimann et al., 2007; Elith 
et al., 2010; Guisan et al., 2014; Mesgaran et al., 2014). Although we 

specifically included pseudoabsences in our traditional SDMs from re-
gions that we assumed to be highly unsuitable (Chapman et al., 2019), 
there remains a large portion of environmental variable space where 
species–climate relationships are uncharacterized. Extrapolations of 
models to environments outside the range edge may still result in ei-
ther over- or under-prediction of climate suitability, and in the case 
of our models, may have been associated with under-prediction for 
many areas in MN and the Upper Midwest. Inclusion of surrogate spe-
cies greatly increased information about potential species–climate re-
lationships in climatically analogous environments along the northern 
range margin for all three species. Beyond surrogate SDMs, mecha-
nistic models are the most common approach for projecting into novel 
environments, such as those beyond range limits (Guisan et al., 2014). 
Thus, including surrogate species records helped to minimize poten-
tial pitfalls inherent in predicting range expansion.

4.3  |  Methodological considerations for producing 
surrogate SDMs

The choice of surrogate species may impact the performance of sur-
rogate models and is an open area for future research. We used the 
two most environmentally similar species and one or two most en-
vironmentally dissimilar species as surrogate presence and absence 
data. These species were drawn from a set of approximately 25 com-
munity members that we included in the JSDM analyses for each 
invasive species. We restricted our community datasets for two 
reasons, (1) to reduce computational resources required and (2) to 
limit the inclusion of extremely common and extremely rare species. 
Rare or common species often do not have strong environmental 
signals that can be leveraged for surrogate models; however, meas-
ures of commonness and rarity will depend on the scale over which 
the model is built (e.g., in our case, the state of MN).

Our choice of surrogate species was based on how similar the 
environmental responses of the invasive species were to native 
species. Previous approaches that leveraged multiple species in 
SDMs relied on either detailed information about a species' biotic 
interactions (e.g., Araújo & Luoto, 2007; Baselga & Araújo, 2009; 
Mäkinen & Vahatalo, 2018; Mod et al., 2015; Molloy et al., 2017; 
Pellissier et al., 2010) or incorporated aggregated metrics of spe-
cies' environmental responses to correct individual SDMs (e.g., Hui 
et al., 2013; Larson et al., 2014). Although these methods produced 
more realistic projections, each had limitations that can make them 
challenging to apply to invasive species (e.g., modelers rarely have 
detailed knowledge of biotic interactions). We extended this gen-
eral approach for invasive species by including distributional infor-
mation on environmentally similar native or common species that 
function as phytometers of suitable and unsuitable climates. This 
also allowed us to explicitly include more potential environments 
that were positively and negatively associated with our species.

We took two different approaches to narrowing the initial spe-
cies lists from approximately 50 to 25. For C. impatiens, we lim-
ited our community list to other forest herbaceous species. For C. 

https://www.cbd.int/invasive/done.shtml
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orbiculatus and H. japonicus, we randomly selected species from the 
preliminary lists because, as vines, they occur in a range of habitats. 
For our three focal species as well as our native case study species, 
both procedures produced similar results. Additionally, in early pre-
liminary analyses, we tried different and/or enlarged species lists, 
which resulted in qualitatively similar results (not shown). We sug-
gest that for other invasive species, modelers explore a variety of 
species lists to check the robustness of the surrogates used.

Concomitant with the choice of community associates, it is also 
important to consider the spatial resolution over which environmental 
similarity is ascertained. We included communities from across MN 
because that was the region over which we were most interested in 
producing reliable projections. In preliminary analyses, we also ran 
JSDMs based on relevés from only a portion of MN. Our results were 
similar, and species' environmental responses did not differ substan-
tially. However, over larger spatial scales, the e-matrix may change 
in important ways that could affect species selection. Therefore, we 
suggest testing multiple spatial resolutions and/or limiting the spatial 
resolution to a focal region rather than a continent. This will likely help 
ensure that the environmental relationships used to choose surrogate 
species hold over the areas of interest for prediction. Additionally, if 
researchers intend to use SDMs for prediction, they should be evalu-
ated using spatially explicit cross-validation (Roberts et al., 2017).

Our surrogate models were informed by an extensive relevé data-
set (MN DNR), which comprises a dense sample of plant communities 
from across our area of interest. However, modelers may not have 
access to datasets of this completeness for many geographic regions. 
Therefore, it may be necessary to modify our methods and use indi-
vidual species occurrence records from databases such as GBIF to 
build pseudo-co-occurrence datasets at the spatial scale of the envi-
ronmental data. As herbarium and museum records become increas-
ingly available (e.g., GBIF: www.gbif.org, iNaturalist: www.inatu​ralist.
org; Birds of Fennoscandia: Lindström et al., 2015; Butterflies for the 
new millennium: Asher et al., 2001), methods of constructing pseudo-
co-occurrence datasets should become increasingly possible.

5  |  Conclusions

Using community and co-occurrence information provides a pow-
erful and cost-effective tool for improving the predictions of cor-
relative SDMs. Surrogate models effectively projected suitable 
habitat beyond ranges by borrowing information on occurrence–
environment relationships from co-occurring native species. In 
particular, surrogate models better predicted occurrences in other 
parts of the current range outside of the region where the model 
was built. To use this approach, modelers may be able to leverage 
already available co-occurrence datasets or create datasets using 
occurrence records for this process.
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