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Abstract
Aim: The distributions of exotic species reflect patterns of human-mediated dispersal, species climatic tolerances and a suite of other biotic and abiotic factors. The relative importance of each of
these factors will shape how the spread of exotic species is affected by ongoing economic globalization and climate change. However, patterns of trade may be correlated with variation in
scientific sampling effort globally, potentially confounding studies that do not account for sampling
patterns.
Location: Global.
Time period: Museum records, generally from the 1800s up to 2015.
Major taxa studied: Plant species exotic to the United States.
Methods: We used data from the Global Biodiversity Information Facility (GBIF) to summarize the
number of plant species with exotic occurrences in the United States that also occur in each other
country world-wide. We assessed the relative importance of trade and climatic similarity for
explaining variation in the number of shared species while evaluating several methods to account
for variation in sampling effort among countries.
Results: Accounting for variation in sampling effort reversed the relative importance of trade and
climate for explaining numbers of shared species. Trade was strongly correlated with numbers of
shared U.S. exotic plants between the United States and other countries before, but not after,
accounting for sampling variation among countries. Conversely, accounting for sampling effort
strengthened the relationship between climatic similarity and species sharing. Using the number of
records as a measure of sampling effort provided a straightforward approach for the analysis of
occurrence data, whereas species richness estimators and rarefaction were less effective at removing sampling bias.
Main conclusions: Our work provides support for broad-scale climatic limitation on the distributions of exotic species, illustrates the need to account for variation in sampling effort in large
biodiversity databases, and highlights the difficulty in inferring causal links between the economic
drivers of invasion and global patterns of exotic species occurrence.
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Evaluating the potential for sampling effects to confound socioeconomic drivers is crucial given the centrality of large biodiversity and

The introduction, establishment, and spread of exotic species are major

invasion databases for risk assessment at global scales. Invasion ecol-

facets of global change, which interact with and are driven by other

ogy has long recognized that the observed richness of exotic or inva-

global-scale processes such as climate change and economic globalization.

sive species reflects the outcome of sampling processes, justifying the

Global trade is a major pathway by which species are intentionally or

use of species richness estimators (Levine & D’Antonio, 2003). Never-

unintentionally transported between countries, and patterns of trade are

theless, global and regional analyses aiming to quantify the impacts of

widely recognized to be a key driver of invasions (Essl et al., 2015; Hulme,

trade and other economic factors on species introductions and inva-

2009). Nevertheless, trade primarily affects the first phase of invasion –

sions have often been based on observed exotic or invasive richness

species introductions – whereas factors such as climate are likely to play

derived from checklists such as the Global Invasive Species Database

a bigger role in shaping where each exotic species is able to establish and

(GISD) and Delivering Alien Invasive Species Inventories for Europe

spread. New environments that are similar in climatic and other condi-

(DAISIE); sampling bias is often recognized as a potential issue, but is

tions to a species’ native range should facilitate invasion success. Because

generally not explicitly accounted for analytically (e.g., Dalmazzone &

both patterns of trade and similarity in climatic conditions are key contrib-

Giaccaria, 2014; Essl et al., 2011; Gren & Campos, 2011; Liu, Liang, Liu,

utors to explaining the occurrences of exotic species, the relative impor-

Wang, & Dong, 2005; Pysek et al., 2010; Seebens et al., 2015; Sharma,

tance of these factors at broad spatial scales remains an open question

Esler, & Blignaut, 2010; Taylor & Irwin, 2004; Vila & Pujadas, 2001;

(Capinha, Brotons, & Anastacio, 2013; Cardador, Carrete, Gallardo, &

Westphal et al., 2008). In contrast, ecological analyses focusing on bio-

Tella, 2016). Several studies have demonstrated that economic variables

diversity have shown that the number of records in a database is

are closely linked to the degree of invasion (Gren & Campos, 2011; Pysek

strongly correlated with observed species richness, and can be used as

et al., 2010; Vila & Pujadas, 2001; Westphal, Browne, MacKinnon, &

a measure of sampling effort (e.g., Lobo, 2008; Yang, Ma, & Kreft,

Noble, 2008), but climatic conditions can be a more important predictor

2013). Analysing the relationship between socio-economic indices and

of world-wide distributions (Bellard, Leroy, Thuiller, Rysman, &

invasion based on databases of occurrence records, rather than on spe-

Courchamp, 2016; Roura-Pascual et al., 2011). Biotic interactions can

cies checklists, would allow invasion ecology to integrate established

also be important in mediating local establishment and spread, but any

analytical tools used to account for sampling biases in biodiversity

such signal can be masked by environmental heterogeneity at large spatial

research.

scales (Shea & Chesson, 2002). Understanding the contributions of trade,

We analysed the processes affecting variation in the number of U.

climate, and other factors to patterns of occurrence of exotic species

S. exotic plant species shared with each other country world-wide. For

remains an important challenge because the design of programmes for

each plant species that is exotic in the United States, we used the

detecting and managing exotic species depends on assessments of the

Global Biodiversity Information Facility (GBIF) database to identify

risk of introduction, establishment, and harm (Colunga-Garcia, Haack,

other countries with one or more occurrences (whether native or

Magarey, & Borchert, 2013; Essl et al., 2015; Lodge et al., 2006).

exotic) and calculated the observed number of species shared between

For both native and exotic species, the relative importance of

the United States and each country. We assessed the relative impor-

biotic interactions, disturbance, dispersal limitations, and climatic condi-

tance of trade and climatic similarity for explaining variation in numbers

tions for explaining species distributions is thought to shift with the

of shared plants exotic to the United States, and evaluated whether

scale of inquiry (McGill, 2010). Climatic limitations on range boundaries

this relative importance was sensitive to the approach used to account

imply that species have had sufficient opportunities for dispersal within

for sampling effort, including estimation of species richness, rarefaction,

the area of interest (Wilson et al., 2007), a situation that rarely applies

and inclusion of sampling effort in regression models. In addition to

globally. Humans have radically changed global patterns of dispersal

trade and climate, we considered geographical distance, human disturb-

limitation, and economic trade acts as a medium for the transport of

ance, and biological diversity as potential correlates of exotic species

individuals and propagules. Patterns of trade have been shown to be

sharing. Separating the effects of sampling effort from other potential

correlated with subsequent invasions, and have been used to predict

drivers can clarify the relative importance of trade and other processes,

the sources of future invasions (Bradley et al., 2012; Levine & D’Anto-

inform domestic and international surveillance strategies for exotic spe-

nio, 2003; Seebens et al., 2015). Trade may therefore be a major con-

cies, and enhance projections of how globalization and climate change

tributor to patterns of similarity in communities of exotic species at a

may shape future invasion potential.

global scale. However, assessing the role of trade in driving patterns of
occurrence of exotic species is complicated by the sampling patterns

2 | METHODS

inherent in large biodiversity databases and collections of species lists
(Meyer, Kreft, Guralnick, & Jetz, 2015; Yesson et al., 2007). In particu-

We summarized the number of U.S. exotic plant species found in other

lar, both sampling effort and measures of trade or wealth are likely to

countries world-wide. The USDA PLANTS Database (http://plants.

be greater in large economies (McGeoch et al., 2010; Westphal et al.,

usda.gov; downloaded 20 August 2015) was used to define the pool of

2008), which may lead to potential overestimates of the effects of eco-

exotic plants in the United States. We converted observations of sub-

nomic indices on exotic or invasive species richness.

species and forms to the species level to generate a list of naturalized
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exotics in one or more of the 50 U.S. states. The Integrated Taxonomic

Science Information Network, 2005) in each country as a measure of

Information System (ITIS; http://www.itis.gov) was used to create a list

human disturbance. The median Human Influence Index within each

of synonymous species names, which were mapped back to accepted

country was selected because it was expected to be a better overall

names. We downloaded all georeferenced occurrence data from the

measure than the minimum, which was 0 for 86 of our 200 focal coun-

GBIF, excluding fossil records and those with possible spatial errors (c.

tries, or the maximum, which reflected the highest level of human use

468 million records; GBIF.org, 20 October 2015, GBIF Occurrence

anywhere in a country and was therefore less variable than the median.

Download; http://doi.org/10.15468/dl.4d4nny). The GBIF data were

Human influence is likely to also covary with the opportunistic sam-

summarized to: (a) extract the number of records of each U.S. exotic

pling processes by which both exotic and native species are recorded

plant species in each country and (b) count the total number of plant

in databases. The National Biodiversity Index from the 2001 Conven-

records in each country as a measure of sampling effort. For the for-

tion on Biological Diversity (Annex 1; https://www.cbd.int/gbo1/

mer, we searched GBIF for U.S. exotic plants, including the accepted

annex.shtml) was included as an index of species diversity in each

and synonymous names, and mapped synonymous names back to

country. This index incorporates species richness and endemism in ter-

accepted names. For the latter, we chose to assess sampling effort

restrial vertebrates and plants. It was missing for 43 of the 200 coun-

within the plant kingdom because sampling patterns can differ among

tries in our analysis, which were very small countries or island

taxa in the GBIF database (Meyer et al., 2015). We analysed the num-

territories and dependencies. Finally, we calculated the great circle dis-

ber of U.S. exotic species with one or more occurrence records for 200

tance between country centroids for the United States and all other

countries globally for which trade, climate, and other covariate data

countries using the ‘geosphere’ package in R (Hijmans, 2015a). Country

were available.

areas and continent definitions were based on the Global Administra-

We used the value of imports from the U.S. Census Bureau to

tive Areas database (GADM; http://gadm.org/about). Data manage-

summarize trade from each country to the United States from 2005 to

ment and visualization for this study primarily used the ‘sp’ (Bivand,

2014 (https://www.census.gov/foreign-trade/statistics/country/index.

Pebesma, & Gomez-Rubio, 2013), ‘raster’ (Hijmans, 2015b), ‘rgdal’

html; downloaded on 25 June 2015). Because most invasions occurred

(Bivand, Keitt, & Rowlingson, 2015), ‘rgeos’ (Bivand & Rundel, 2015),

before the time period represented by these trade data, the use of

‘maptools’ (Bivand & Lewin-Koh, 2015), ‘dplyr’ (Wickham & Francois,

these data in correlational studies assumes that historical and current

2015), ‘tidyr’ (Wickham, 2016), ‘ggplot2’ (Wickham, 2009) and ‘data.

trade relationships are closely correlated. Data were summarized as the

table’ (Dowle, Srinivasan, Short, & Lianoglou, 2015) packages in R (R

total value of imports, excluding fossil fuels, in 2005 US dollars (i.e.,

Core Team, 2015). Data are available online (Sofaer & Jarnevich, 2016).

adjusted for inflation). Although import values from each country provide a coarse measure of trade, the value of cumulative and pairwise

2.1 | Statistical methods

imports has previously been shown to correlate with biological inva-

We visually assessed the relationship between the number of plant

sions (Levine & D’Antonio, 2003; Seebens et al., 2015). We excluded

records in the GBIF and the observed number of U.S. exotic plant spe-

countries that were formed or dissolved during the period correspond-

cies found in each country, and modelled this relationship in a linear

ing to the trade data (e.g., Netherlands Antilles, Sudan, South Sudan).

regression of log10-transformed variables that included a quadratic

We quantified climatic dissimilarity between the United States and

effect of the number of records. Residuals from this relationship were

each other country based on average conditions from 1950 to 2000

interpreted to reflect shared species richness after controlling for sam-

using WorldClim data (version 1.4; http://worldclim.org; Hijmans,

pling effort.

Cameron, Parra, Jones, & Jarvis, 2005). We used data gridded at 10

We considered four strategies for accounting for variation in sam-

arcmin resolution for six climate variables: mean annual temperature,

pling effort in the GBIF database: (a) nonparametric estimation of

maximum temperature in the warmest month, minimum temperature

asymptotic species richness using Chao1 (Chao, 1984; Chiu, Wang,

in the coldest month, annual precipitation, precipitation in the wettest

Walther, & Chao, 2014) and ACE (Chao & Yang, 1993) estimators (i.e.,

month, precipitation in the driest month. We used Mahalanobis dis-

where ‘shared U.S. exotic plant species’ is the taxonomic group for

tance to quantify the multivariate difference between each terrestrial

which richness is estimated); (b) nonparametric estimation of shared

cell world-wide and the distribution of climatic conditions of cells

species richness between the United States and each other country

within the United States (all 50 states but not island territories). For

using Chao1-shared and heterogeneous ACE-shared estimators (Chao,

each country, we calculated the minimum and median Mahalanobis dis-

Hwang, Chen, & Kuo, 2000; Pan, Chao, & Foissner, 2009) (this was lim-

tance as measures of greatest and overall climatic similarity, respec-

ited to the 180 countries with at least 20 observed shared species); (c)

tively. Mahalanobis distances were calculated in the ‘mvnfast’ package

individual-based rarefaction based on 100, 1,000 and 10,000 samples

(Fasiolo, 2014) in R (R Core Team, 2015).

(Hurlbert, 1971); and (d) inclusion of main and quadratic effects of sam-

In addition to considering trade and climatic (dis)similarity, we eval-

pling effort in linear models of observed numbers of shared species. All

uated whether human disturbance, biodiversity, and geographical dis-

asymptotic richness and rarefaction methods yielded a separate esti-

tance were predictors of the number of shared exotic species. We

mate for each country globally. The second method based on shared

used the median Global Human Influence Index v.2 (Sanderson et al.,

richness estimators differed from the others in that it also considered

2002; Wildlife Conservation Society and Center for International Earth

GBIF records of the focal U.S. exotic plant species from within the
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United States, and assumed observations within the United States
were also incomplete.
Estimation of the number of exotic U.S. plant species found in
each country shares the many challenges inherent in using museum
collections for understanding global biodiversity patterns. Museum collections violate assumptions of asymptotic richness estimation and rarefaction because of insufficient, opportunistic, and variable sampling
methods among taxa and geographical regions (Gotelli & Colwell,
2011; Meyer et al., 2015; Tobler, Honorio, Janovec, & Reynel, 2007).
Nonparametric richness estimators make use of the number of rarest
species in a sample, and rarefaction curves are dependent on the species abundance distribution. In museum collections these can be biased
because rare species are typically oversampled while common species
are undersampled, leading to more even species abundance distributions in collections than in reality (Garcillan & Ezcurra, 2011; Grytnes &
Romdal, 2008; Guralnick & Van Cleve, 2005). A major goal of recent
research has been to understand the consequences of, and appropriate
responses to, biases in global biodiversity data for macroecological
research (e.g., Hortal et al., 2015; Newbold 2010; Petrík, Pergl, & Wild,

The number of plant species exotic to the United
States found in each other country showed a strong nonlinear
relationship with the total number of all plant records from that
country, a measure of sampling effort. Each point represents one
country. Note log scales. GBIF, Global Biodiversity Information
Facility

FIGURE 1

2010). Rarefaction has been recommended over asymptotic richness

(r 5 .61), and the number of records and country area (r 5 .61). To eval-

estimation (Engemann et al., 2015), but the utility of rarefaction has

uate how our conclusions relied on accounting for sampling effort, we

also been questioned (Tobler et al., 2007). We evaluated species rich-

also fit the model of observed richness without the main and quadratic

ness estimation, shared species richness estimation, and rarefaction,

effects of the number of records.

and also considered the inclusion of sampling effort in a linear model of
observed shared richness. While dividing by the number of samples

3 | RESULTS

assumes that richness increases linearly with abundance (Gotelli & Colwell, 2001), inclusion as a covariate allowed for a nonlinear quadratic

Sampling effort, measured as the number of GBIF plant records in each

effect of sampling effort. Previous work has similarly used residuals of

country, was closely related to the observed number of shared U.S.

the relationship between sampling effort and richness in a correlation

exotic plant species (Figure 1). This pattern highlights the need to

against environmental variables (Geri et al., 2013). Rarefaction and spe-

account for sampling effort in analyses of global biodiversity data. The

cies richness estimation were implemented in the ‘vegan’ (Oksanen

observed number of shared species ranged from 0 to 2,414, with a

et al., 2016) and ‘spadeR’ (Chao, Ma, & Hsieh, 2015; for shared species

median of 226 species (Figure 2a). The number of plant records per

richness estimation) R packages.

country in GBIF ranged from 5 to 28,450,000 with a median of 9,540

We used linear models to understand the relationship between

(Figure 2b). The number of records for plant species exotic to the

our covariates and estimates of shared U.S. exotic plant species in each

United States in each country ranged from 0 to 18,120,000 with a

country deriving from each approach. We visually assessed the distri-

median of 1,366 individual records. The total number of plant records

bution of dependent variables and the linearity and patterns of var-

in each country was closely correlated with the number of individual

iance in univariate relationships among dependent variables and

records of plants exotic to the United States (r 5 .98; Fig. S1 in the

covariates. Based on this assessment, we decided to log-transform

Supporting Information).

observed and estimated numbers of shared species, and to use log-

We found extremely high correlations between observed richness

transformed versions of the number of GBIF records and trade, area,

and estimated richness of U.S. exotic plants based on Chao1 (r 5 .994)

and distance covariates; base 10 was used for consistency with visual-

and ACE (r 5 .993) estimators. Extensions of these estimators to explic-

izations. All numerical covariates were standardized prior to model fit-

itly estimate shared species between two countries gave very similar

ting so that relative importance could be inferred from parameter

results, again leading to extremely high correlations between observed

estimates. Our model of observed richness included a quadratic effect

numbers of U.S. exotic plant species and Chao1-shared (r 5 .993) and

of the number of GBIF plant records; models based on observed and

ACE-shared (r 5 .984) estimates. We therefore concluded that these

rarefied richness also included minimum climatic dissimilarity, the value

estimators did not provide additional meaningful information that sepa-

of non-fossil fuel imports, the Human Influence Index, the National

rated observed richness from patterns of sampling effort, and their esti-

Biodiversity Index, continent and country area. Univariate correlations

mates were not used in subsequent analyses.

among explanatory variables were assessed prior to model fitting; the

Richness estimates based on rarefaction were not independent of

highest correlations were between the Human Influence Index and

sampling effort, particularly when effort was low. Estimated richness

country area (r 5 –.62), the number of records and import value

based on rarefaction to 100 individuals was correlated with the
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F I G U R E 2 Global patterns of (a) numbers of U.S. exotic plant species with Global Biodiversity Information Facility (GBIF) occurrence
records in each country, (b) total number of GBIF records for plants in each country, and (c) spatial patterns of residual number of shared
U.S. exotic plant species after accounting for patterns of sampling effort within GBIF (i.e., residuals of regression shown in Figure 1). Small
island countries are shown with a circle for visibility; grey is used for countries with missing data
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F I G U R E 3 Effect of accounting for sampling patterns on relative importance of trade and climate for explaining variation in shared plant
species. Observed numbers of shared U.S. exotic plants in each country were more closely correlated with (a) the value of imports to the
U.S. than with (b) climatic dissimilarity. The relative strength of these correlations was reversed after accounting for variation in sampling
effort among countries: (c) trade showed little correlation with residual numbers of shared species, while (d) the relationship with climatic
dissimilarity was strengthened. Residuals shown in bottom panels are those from relationship in Figure 1; see text for formal analysis. Each
point represents a country; symbols for continents are as in Figure 1 ( , Africa; 䊊, Asia; 䊏, Europe; 1, North America; w, Oceania; *, South
America). USD, U.S. dollars

·

number of plant records in GBIF (Fig. S2; linear regression with quad-

each other country world-wide was highly dependent on sampling

ratic term R2 5 .40) and with observed richness of plant species exotic

effort (Figure 1). Based on a model without these sampling effects, the

to the U.S. (Fig. S2; R 5 .49). Rarefied estimates of species richness

number of shared species strongly increased with trade (Figure 3a,

based on 1,000 and 10,000 observations were not strongly correlated

Table 1), and there was no significant effect of climatic dissimilarity

with the number of records (r 5 .23 and r 5 .14, respectively), but main-

(Figure 3b, Table 1). In the model accounting for variation in sampling

tained a univariate correlation with observed richness (Fig. S2; r 5 .70;

effort, the relationship with trade was weaker and only marginally signif-

r 5 .67, respectively). Conversely, the relationship between residual

icant (Figure 3c, Table 1), while there was strong evidence that countries

shared species richness, after accounting for sampling effort (i.e., resid-

with dissimilar climates had fewer shared species (Figure 3d, Table 1).

uals from Figure 1), was weakly correlated with rarefied richness based

Therefore, accounting for the number of records in GBIF reversed the

2

on 100 samples (Fig. S2; r 5 .37) but more strongly related to rarefied

relative importance of trade and climate, among other changes in rela-

richness based on 1,000 (r 5 .52) and 10,000 samples (r 5 .74). We

tive importance (Table 1). The model including sampling effort also

interpreted these patterns to indicate that rarefaction based on global

found positive effects of the Human Influence Index and country area,

biodiversity data requires large samples to be relatively independent of

but no significant effect of the National Biodiversity Index (Table 1).

sampling effort. However, countries with the greatest sampling effort

This model provided an excellent fit to the data (R2 5.90;

were in Europe (22 of 45 countries with 10,000 or more individual

F12,144 5 110.8, p < .0001). Because an excellent fit could largely reflect

records of plants exotic to the United States), so appropriate analyses

the importance of sampling effort, we fitted a linear model of the resid-

based on rarefaction would be geographically biased for this dataset. In

uals of the relationship between the number of shared species and the

contrast, accounting for sampling effort by including the number of

number of GBIF records (Figure 2c) and found good overall explanatory

records in a regression model did not require excluding the majority of

ability of the other covariates (R2 5 .45; F10,146 5 11.88, P < .0001).

the data; those results are presented below, while regression results

Results from our model that included sampling effort were robust

based on rarefied richness are presented in the Supporting Information

to other methodological decisions. Including distance from the United

(Supplementary Results).

States rather than continent (these captured the same variation) sup-

The linear model based on observed shared species richness found

ported the lower relative importance of trade (b 5 0.04 6 0.02,

the number of U.S. exotic plant species with occurrence records in

t 5 2.21, p 5 .03) compared with climate (b 5 20.12 6 0.02, t 5 26.97,
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Estimated coefficients from linear regression models of
observed numbers of shared U.S. exotic plant species between the
United States and each other country world-wide

TA BL E 1

Model
including
sampling
eﬀort: b 6 SE
No. of records
(No. of records)2

Model
excluding
sampling
eﬀort: b 6 SE

0.55 6 0.03***

–

20.14 6 0.02***

–

0.04 6 0.02^

Import value

20.11 6 0.02***

Climate dissimilarity

7

patterns in global biodiversity data was critical, as trade appeared to be
more important than climate in analyses that did not control for variation in sampling effort among countries (Figure 3). An increasing number of studies have focused on understanding and mitigating sampling
bias in global biodiversity data (Figure 2; Hortal et al., 2015; Meyer
et al., 2015). In addition, the few studies that have explicitly modelled
discovery of exotic or invasive species have highlighted the importance
of detection effort, despite the poor availability of data to characterize
these efforts (Costello, Drake, & Lodge, 2007; Hlasny, 2011). Our find-

0.22 6 0.04***
20.06 6 0.04

ings are particularly striking because sampling biases were manifested
at a coarse spatial scale, and not only were quantitative estimates

Human Inﬂuence Index

0.11 6 0.03***

0.12 6 0.06*

affected but accounting for patterns of sampling effort reversed the

Country area

0.09 6 0.04*

0.31 6 0.07***

relative importance of key processes affecting the shared richness of

National Biodiversity Index

20.02 6 0.02

0.10 6 0.04**

U.S. exotic plants. This result aligns with previous findings that sampling bias can change the relative importance of modelled relationships

Continent: Asia

0.02 6 0.04

20.22 6 0.09*

Continent: Europe

0.07 6 0.06

0.14 6 0.12

Studies of species range limits and range shifts, including distribu-

Continent: North America

0.13 6 0.06*

0.14 6 0.12

tion modelling, have a longstanding focus on climatic suitability (Frank-

Continent: Oceania

0.15 6 0.07*

0.24 6 0.15

Continent: South America

0.07 6 0.06

20.01 6 0.12

Climatic dissimilarity was more important than trade (import value) in the
model that included sampling effort (number of Global Biodiversity Information Facility records per country), but trade was more important than
climate when sampling effort was excluded. These rows are in bold to
highlight this reversal; covariates were standardized so that b estimates
reflect relative importance. Other changes in relative importance were
also evident.
Significance codes: ***p < .001; **p < .01; *p < .05;^p 5 .055.

(e.g., Ficetola et al., 2014; Yang et al., 2013).

lin, 1995; Gonz
alez-Moreno et al., 2015). Our results support the
centrality of climate for limiting distributions at a global scale (Figure
2d), as well as the use of climatic data for predicting broad-scale species distributions. The importance of climate in our analysis may reflect
our focus on species sharing; in contrast, analyses of absolute numbers
of exotic or invasive species may be less likely to identify a major role
of climatic or geographical variables simply because of variation in
niche requirements among species. Our finding that the Human Influence Index was positively associated with the number of shared species is also in line with the recognized importance of including

p < .0001). Similarly, a model including median Mahalanobis distance,
rather than minimum Mahalanobis distance, also showed climate
(b 5 20.08 6 0.02, t 5 24.92, p < .0001) was more important than
trade (b 5 0.03 6 0.02, t 5 1.67, p 5 .10). Dropping the non-significant
effect of National Biodiversity Index, and thereby including 43 additional small countries, also supported a greater relative importance of
climate (b 5 20.09 6 0.02, t 5 24.05, p < .0001) compared with trade
(b 5 0.03 6 0.02, t 5 1.42, p 5 .16). Finally, restricting the data to wellsampled countries (those with at least 5,000 plant records, n 5 105
countries) also supported a greater relative importance of climate
(b 5 20.18 6 0.02,

t 5 27.67,

p < .0001)

compared

with

trade

(b 5 0.04 6 0.02, t 5 1.52, p 5 .13).

additional drivers such as land-use patterns in distributional models
and climate change impact assessments (e.g., Gonz
alez-Moreno et al.,
2014; Pearson, Dawson, & Liu, 2004).
We found weak support for a relationship between the total value
of imports to the United States and the number of shared U.S. exotic
plant species. Given that trade is a well-established pathway of global
invasion (Bradley et al., 2012; Chapman et al., 2016; Hulme, 2009;
Mack, 2005), the weak effect may reflect the coarse nature of the
trade data used in our study, particularly with respect to the types of
goods, the temporal period covered, and the ports through which
imports and exports were traded. The relationship between import values and sampling effort also means that some true signal of trade could
have been confounded with sampling effort and therefore would not
have been apparent after sampling was accounted for. Nevertheless,

4 | DISCUSSION

changes in the relative importance of trade when sampling variation
was included versus excluded from models suggest that care is needed

Multiple studies have emphasized the importance of economics and

when assessing the distributional responses of exotic species to pat-

trade in shaping global patterns of exotic species richness based on

terns of global trade. Previous comparisons among nations based on

analyses of regional or global databases – generally species checklists

species lists have accounted for variation in area (e.g., Essl et al., 2011;

that do not contain measures of sampling effort (Dalmazzone & Giac-

Westphal et al., 2008), which may not fully ameliorate sampling bias.

caria, 2014; Essl et al., 2011; Gren & Campos, 2011; Pysek et al., 2010;

The univariate correlation between log-transformed area and sampling

Westphal et al., 2008). We found that the number of shared U.S. exotic

effort in our dataset was r 5 .61, but this pattern was driven by islands

plant species in each country globally was more closely related to cli-

and other very small countries that were poorly sampled; the relation-

matic (dis)similarity than to patterns of trade. Accounting for sampling

ship was much weaker among countries larger than 1,000 km2
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(r 5 .33). A complex pattern of correlations among trade, economic

Global Biodiversity Information Facility, and all of its data providers,

indices, and biodiversity sampling (e.g., Meyer et al., 2015; Taylor &

programmers and funders. Any use of trade, firm or product names

Irwin, 2004) means that inferring causal relationships or developing

is for descriptive purposes only and does not imply endorsement by

projections of the impacts of increasing trade based on observed corre-

the U.S. Government. Our manuscript was improved by comments

lations should be undertaken with caution (e.g., Seebens et al., 2015).

from P. Petrík, G. Reese and an anonymous referee.

In particular, accounting for sampling patterns will probably be more
difficult for studies relying on species checklists, which lack internal

RE FE RE NCE S

measures that can be used to quantify sampling effort. Geographical

€ ller, M., Erhardt, A., & Schwanghart, W. (2014). Spatial bias in
Beck, J., Bo
the GBIF database and its effect on modeling species’ geographic
distributions. Ecological Informatics, 19, 10–15.

biases in research on invasive species are well established (Pysek et al.,
2008), as are those in global plant occurrence databases (Meyer, Weigelt, & Kreft, 2016); we can expect these biases to affect observed species richness whether it is derived from checklists or occurrence data.
Global biodiversity databases are critical sources of information for
understanding macroecological patterns, directing conservation efforts
and predicting impacts of global change (Graham, Ferrier, Huettman,
Moritz, & Peterson, 2004). Despite their inherent limitations, no other
data sources match their scope and accessibility. Therefore, it is prudent to focus scientific efforts along two tracks: (a) quantifying biases
with the goal of designing new sampling and targeted acquisition of
existing data for undersampled regions and taxa (Gaiji et al., 2013;
Sastre & Lobo, 2009; Yesson et al., 2007) and (b) developing and
assessing methods for reducing the impacts of existing biases on ecological inference. To date, efforts to quantitatively account for biases
have largely focused on species distributions (e.g., Phillips et al., 2009;
Schulman, Toivonen, & Ruokolainen, 2007) and have assessed the
effects of biases on estimates of distributional patterns, species rich€ller, Erhardt, &
ness, and projections under global change (Beck, Bo
, Zimmermann, & Chuine, 2014; GarcíaSchwanghart, 2014; Duputie
 et al., 2015; Maldonado et al., 2015; Tobler et al., 2007).
Rosello
Our assessment of the sampling patterns within GBIF found that the
relationship between sampling effort and observed shared exotic richness
reflected a species accumulation curve (Levine & D’Antonio, 2003). By
focusing on variation around this curve, we were able to evaluate the relative importance of climate and trade while accounting for variation in
sampling intensity among countries. In contrast, estimation of asymptotic
richness and rarefaction remained sensitive to sampling effort (Fig. S2).
These results are in line with the suggestion that museum collections
may be inappropriate for estimation of asymptotic species richness (Engemann et al., 2015; Grytnes & Romdal, 2008). Validation studies, in which
well-designed surveys can provide reliable richness estimates, should further evaluate the effectiveness of these different approaches for accounting for variation in sampling effort, as excluding regions that are not well
sampled can greatly reduce geographical coverage (Meyer et al., 2016). In
our case, limiting analyses to well-sampled countries would lead to a
focus on Europe. Our work highlights both the potential and the limitations of ‘big data’ approaches for understanding macroecological patterns,
and suggests that simple approaches for accounting for country-level
biases can reveal underlying patterns in global biodiversity data.
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