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ABSTRACT

Aim: Quantifying the speed of invasive species range expansion and the mechanisms behind it is a key management goal that
also informs ecological theories of spread. Byers et al. found that time since first global introduction (TSI) was the strongest
predictor of non-native range size of coastal marine invertebrates relative to environmental and species traits, and species were
predicted to expand on average 400 km/decade along coastlines. Here, one decade later using the same 138 marine invertebrates,
we repeat that analysis and test the prediction that the average invader expansion speed was 400km from 2014 to 2024.
Methods: Using the Global Biodiversity Information Facility (GBIF), we downloaded species occurrences to estimate the non-
native range size of each invader along coastlines in the northern and southern hemispheres. We calculated expansion speed as
the difference between each species' 2024 range size and its 2014 range size estimated by Byers et al. We tested (Hypothesis 1)
TSI is still the most important variable for explaining global invasive range size; (Hypothesis 2) Mean expansion speed is 400km/
decade; (Hypothesis 3) Expansion speed is best predicted by distributional characteristics of a species’ non-native range (i.e.,
initial range size, initial number of coastlines occupied); and (Hypothesis 4) Expansion speeds vary across taxonomic groups.
Results: TSI was still the best predictor of non-native range size (RVI=1, 5: 0.39-0.42). However, average range expansion speed
since 2014 was 3000 km/decade, ~8x the previous prediction. Species that started with large ranges and distributions across mul-
tiple coastlines exhibited the fastest expansion speeds (R?>=0.4), but there were no taxonomic patterns in expansion.

Main Conclusions: Ranges of non-native species are not at equilibrium and are still spreading rapidly, posing a challenge for
coastal ecosystem management.

1 | Introduction variation in the size of non-native ranges and how those

ranges are dispersed around the world (Byers et al. 2015;

Quantifying the spread of invasive species is a long-standing
goal of ecology, and pivotal for understanding invasion dy-
namics and finding management solutions (Elton 1958;
Fisher 1937; Hastings et al. 2005; Skellam 1951). Invasive
species are non-native species capable of spreading in their
introduced range. Across species, and across spatially dis-
junct populations of a single species, there is enormous

Fenollosa et al. 2021). Some invasive species have success-
fully expanded their ranges to multiple continents, while oth-
ers are found regionally, for instance, in one city or on one
coastline (Byers et al. 2015; Crooks and Soulé 1999; Pysek
and Hulme 2005). Efforts to identify mechanisms that sup-
port or inhibit expansion have mostly focused on the physical
characteristics of the environment (Byers 2002; Guisan and
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Thuiller 2005). However, invader life history (Rejméanek and
Richardson 1996), taxonomy (Padayachee et al. 2017), inter-
actions with native species (Byers 2000; Svenning et al. 2014),
evolutionary responses (Perkins et al. 2013) and dispersal
pathways (Wilson et al. 2009) are also important for inva-
sion dynamics. Empirical tests evaluating invader traits and
the mechanisms important for expansion rates (i.e., Arange
size over time) can forecast which invasive species are most
threatening to an ecosystem (Crooks and Soulé 1999; Ferrari
et al. 2014; Lake et al. 2020).

Invasion dynamics differ across time and space (Arim et al. 2006;
Hastings et al. 2005; Pysek et al. 2008). Considering expansion
in the long-term versus the short-term, or globally versus locally,
may generate estimates of population growth rate and expan-
sion speed that differ substantially across these scales, within
and across species (PySek et al. 2008). Expansion rates at the
leading edge of the range and unaided by humans (i.e., locally),
are slow and more sensitive to the environment and habitat
quality (Marco et al. 2013). However, spread is often acceler-
ating following a long-distance human-mediated introduction
into a favourable, novel environment (PySek and Hulme 2005;
Wilson et al. 2009). For example, in Argentine ants (Linepithema
humile), annual expansion rates after jump’ dispersal (i.e., the
colonisation of new areas over long distances) to new continents
were three orders of magnitude greater than annual local dis-
persal (Suarez et al. 2001). While jump dispersal events are rare,
their effect has shaped phylogenetic and biogeographic patterns
via intercontinental colonisation (Givnish and Renner 2004;
Petit et al. 2008; Renner 2004), and has also challenged predic-
tions of classic spread models (Hastings et al. 2005).

The individual effects that dispersal pathway, life history and
physical environmental factors have on expansion rate are inter-
twined, because spread can accelerate, decelerate or fail based
on how each influences reproduction or movement (Ellner and
Schreiber 2012). Species traits and dispersal pathway interac-
tively determine dispersal distances—for example, jump disper-
sal occurs in insects with larvae that feed on imported goods
(Liebhold et al. 2021; Mally et al. 2022), and also in plants with
seed morphologies that are easily dispersed by wind and ocean
currents (Nathan et al. 2002, 2008). Further, many successful
invaders have life history traits that allow them to broaden
their niche and tolerate variable environmental conditions
(Atwater and Barney 2021; Pili et al. 2020). Poleward expan-
sion of invasive crabs (Hemigrapsus sanguineus) was linked to
temperature-driven temporal variation in the phenological win-
dow for successful larval release, development and recruitment
(Giménez et al. 2020). The interconnections between dispersal
pathway, life history traits and environmental conditions high-
light the importance of using all three factors in tandem to un-
derstand global distributions and expansion rates.

Life history traits are phylogenetically related, so there can
be patterns related to invasion pathway, establishment, and
method of spread that are specific to certain taxa (van Kleunen
et al. 2007). For example, plant groups (i.e., families, orders,
subclasses) with mostly climbing (Daehler 1998) or tall spe-
cies (van Kleunen et al. 2007) have greater invader success.
Mode of introduction is also associated with taxonomic groups
(Padayachee et al. 2017; Riera et al. 2021). For example, sessile

marine invertebrates are often introduced through fouling on
the hulls of ships where they are attached (Sylvester et al. 2011).
Regardless of taxa, species that are introduced in large num-
bers in multiple attempts (i.e., with high propagule pressure)
often have the most success establishing an invasive population
(Kolar and Lodge 2001; Lonsdale 1999).

Despite the expectation of influential physical and biological
factors, time since global introduction (TSI) often best explains
invasive range size and expansion rate following species estab-
lishment (Wilson et al. 2007). As per Byers et al. (2015), time
since global introduction (TSI) is defined for a species as the
time since its first record of introduction anywhere in the world,
which is extracted from the literature. Generally, range size in-
creases with TSI for plants (PySek and Jarosik 2005), amphib-
ians and reptiles (Li et al. 2014), birds (Dyer et al. 2016), and
marine invertebrates (Byers et al. 2015), so TSI has been used
to predict the impact of invasive species (Kulhanek et al. 2011).
However, terrestrial, aquatic and marine invasive species
spread in different ways and at different rates (Grosholz 1996;
Padayachee et al. 2017), so the predictive power of TSI may
differ across these habitats. For example, in the ocean, expan-
sion rates are heavily affected by current transport (Marshall
et al. 2012; Strathmann 1985). This is especially true for species
that reproduce with larvae that must spend time in the water
column while developing (Byers and Pringle 2006), so that gen-
eral principles of invasion that are understood from observing
terrestrial species may not apply to marine invaders.

Byers et al. (2015) compiled a database of coastal invasive ma-
rine invertebrate species to test if non-native range size was best
predicted by time since first record of global introduction (TSI),
physical components of the environment (temperature, salinity,
current speed), or their life history (habitat, adult mobility, adult
body size, development type). Physical and biological variables
had little significance on invasive range size, and instead, TSI
was the most important variable, explaining 20% of the varia-
tion across species (Byers et al. 2015). The slope of the relation-
ship between TSI and range size predicted species would spread
400km/decade. Here 10years later, we use the same 138 marine
invertebrate invaders and their current range sizes to test two
hypotheses related to results in Byers et al. (2015): (Hypothesis
1) TSI is still the most important variable for explaining global
invasive range size; and (Hypothesis 2) Mean expansion speed
(i.e., Arange size = 2024 range size — 2014 range size) is 400km/
decade. We also test two hypotheses regarding interspecific
variation in expansion speed: (Hypothesis 3) Expansion speed is
best predicted by distributional characteristics of a species’ non-
native range (i.e., initial range size, initial number of coastlines
occupied); and (Hypothesis 4) Expansion speeds vary across
taxonomy.

2 | Methods

We replicated methods from Byers et al. (2015) using the same
138 invasive coastal marine invertebrates (see Table S1.1). Here,
we briefly describe how species occurrences, non-native range
sizes, life history traits, physical variables, and distributional
characteristics were obtained, but see ‘Methods’ in Supporting
Information for detailed methods.
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We used species occurrence data from the Global Biodiversity
Information Facility database (GBIF) to quantify range sizes.
GBIF archives species occurrences globally through citizen
science efforts, museum contributions, etc. and is commonly
used to model species distributions (Heberling et al. 2021).
Using Google Earth (Web Mercator, EPSG 3857), we mea-
sured the distance in kilometres along the coastline that en-
compassed the non-native range. Separate range distributions
were calculated for the east and west coasts of the Atlantic,
Pacific and Indian Oceans, in the northern and southern
hemispheres. New Zealand was measured separately as its
own distribution. Thus, there were 13 possible coastlines that
a species could occupy.

To assess factors that affect non-native range size and expansion
speed (Arange size =2024 range size — 2014 range size), we ob-
tained biological variables for each species—development type
(planktonic or non-planktonic), maximum adult body size, hab-
itat use (infaunal or epifaunal), adult mobility (mobile or ses-
sile) and time since first global introduction (TSI) (Table S1.1).
Additionally, we quantified the number of discrete coastlines
occupied in 2014 and used the non-native range size in 2014
from Byers et al. (2015) (Table S1.1).

For each species occurrence in the non-native range, ocean-
ographic data were extracted from the closest j—f by i" boxes
included in the World Ocean Atlas 2023 (Reagan et al. 2024)
and the Drifter Data Assembly Center (Lumpkin and
Centurioni 2010). Our analyses included annual means and
standard deviations of temperature, salinity and current
speed, except for mean temperature and current speed for
which we used spring averages (spring months: April, May,
June in northern hemisphere; October, November, December
in southern hemisphere). Larval density in the water column
is expected to peak in spring when many benthic marine in-
vertebrates spawn (Reitzel et al. 2004)—each hemisphere's
spring sea temperature and current speed averages might bet-
ter predict invasion than annual averages. Finally, we aver-
aged physical variable values for all non-native occurrences
for each species.

Theoretically, because GBIF does not remove valid occurrence
data, all of the occurrences in the 2014 dataset should be present
in 2024, so non-native range sizes should either increase or not
change. However, most of our 138 species had some occurrences
that were present in 2014 but absent in the newly downloaded
GBIF data. For six species (4%), range endpoints were lost, and
non-native range size decreased. We analysed data with and
without the six species with negative expansion speeds, and
found that results did not change qualitatively, and quantitative
estimates changed only slightly (except for phylum analysis; see
below). We included all species to maintain a direct comparison
to Byers et al. (2015).

Occurrence losses represent a consequence of using a public da-
tabase, where data can be removed and edited for quality control
(e.g., correction of a misidentified species or reclassification), or
historically collected data can be added (e.g., occurrences from
the 1970s added after 2014). Our ability to ascribe range changes
due to true range expansion versus GBIF quality controls and
increased sampling efforts over the last decade is limited. We

remain agnostic as to the true mechanism of any invasive range
changes we observe, but it is likely that both biological expan-
sion and improved data sources are at play. At minimum, our
study provides new insight into how our current knowledge of
invasive species distributions compares to 10years ago.

2.1 | Statistical Analyses
2.1.1 | Non-Native Range Size in 2024

We replicated the Byers et al. (2015) analysis of the response
variable ‘non-native range size’ using life history traits, physi-
cal variables and TSI (i.e., TSI in 2014 + 10years) to test if TSI
was still the strongest predictor (Hypothesis 1). After centering
(i.e., subtracting the mean of a variable from each data point)
and scaling (i.e., dividing each centered data by the variable's
standard deviation) data, we fit linear regression models to all
possible combinations of predictor variables and used stan-
dardised beta (B) coefficients (i.e., model estimates, range —1
to 1) to compare the magnitude of each variable's effect against
the other variables. We used subset model selection to find the
top-performing models—this is an exhaustive approach that en-
sures we find the best global model (Burnham and Anderson
2002). We selected the four best-fit models for each number of
variables up to seven, using corrected Akaike's Information
Criterion (AIC)). Lower AIC, values reflect greater model par-
simony. For the 28 candidate models and an intercept-only
null model, we calculated AAIC,_ (i.e., difference between each
model and the model with the lowest AIC ) and Akaike weights
(w;, relative likelihood). In addition to the 28 models, we also
included any remaining models that had AAIC_ <2. Finally, we
estimated the Relative Variable Importance (RVI; range 0-1)
for each independent variable by calculating w, using only the
top-performing models (AAIC <2), and then summing w; of all
models for which the variable appeared. A variable with a high
RVI appears frequently in the list of top-performing models, and
thus is important for explaining the response variable.

We wanted to examine whether the relationship between non-
native range size and TSI had changed appreciably over the last
decade. If the relationships are the same, then the slope of non-
native range size versus TSI in 2024 should match the slope in
2014. We used an analysis of covariance (ANCOVA) with ‘time
since global invasion’, ‘study year’ (categorical: 2014 or 2024),
and their interaction as predictors of ‘non-native range size’.

2.1.2 | Non-Native Range Expansion Speed

To test the prediction from Byers et al. (2015) that average ex-
pansion speed is 400 km/decade, we calculated ‘expansion speed’
(Arange size =2024 range size — 2014 range size) for each species.
We then used a one-sample t-test comparing mean ‘expansion
speed’ to 400km/decade (Hypothesis 2). Then, to identify what
factors best explain variation in ‘expansion speed’, we followed
the same statistical model selection protocol described for the
‘Non-native range size’ analysis. As predictors we included ‘time
since global invasion’, all of the life history and physical variables,
and the distributional characteristics from each species’ 2014
ranges, that is, ‘non-native range size’ and ‘number of coastlines
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occupied’ (Hypothesis 3). Because ‘time since global invasion’,
‘non-native range size’ and ‘number of coastlines occupied’ may
be highly correlated, we used a Pearson correlation matrix, lin-
ear models (LM) and a Poisson generalised linear model (Poisson
GLM, response: ‘number of coastlines occupied’) to evaluate the
strength of the relationships (and possible collinearity) between
the three predictors and between each predictor and expansion
speed. Because correlations were r<0.7 for all pairings, the pre-
dictors remained in the analysis (Table S1.2; Figure S1.1).

Finally, we evaluated whether expansion speeds varied across
eight phyla in our dataset (Annelida, Arthropoda, Bryozoa,
Chordata, Cnidaria, Echinodermata, Mollusca and Porifera)
(Hypothesis 4). The phyla Entoprocta and Xenacoelomorpha
were not included, because each has only one representative
species. Because sorting species into phyla reduced the sample
size per group, the six species with negative changes in range size
had a greater influence than in the ‘Non-native range expansion
speed’ analysis. Their inclusion in the taxonomy analysis signifi-
cantly altered results, both qualitatively and quantitatively, so
they were removed. We used one-sample ¢-tests to check if the
average expansion speed of each phylum was greater than zero.
Then, we used an analysis of variance (ANOVA) to test if ‘phy-
lum’ was a significant predictor of ‘expansion speed’.

2.1.3 | Testing Assumptions, R Coding and Packages

We completed all analyses and visualisations in R (version 4.3.2)
and RStudio (version 2023.12.04+369; R Core Team 2024). For
all linear model analyses, we used histograms and Q-Q plots to
check for normality, and boxplots to check for homogeneity of
variances. All residuals met assumptions, so data were not trans-
formed. For the Poisson generalised linear model, we confirmed
that the mean and variance of ‘coastlines occupied’ were equal.

R coding was done using the ‘tidyverse’ package (Wickham
et al. 2019). We used the ‘rgbif’ package to extract occurrence
data from GBIF using the commands ‘occ_download’, ‘occ_
download_wait” and ‘occ_download_import’ (Chamberlain
and Boettiger 2017; Chamberlain et al. 2025). The command
‘dredge()’ in the ‘MuMIn’ package was used to run all possible
combinations of biological and physical variables for the analy-
ses testing ‘2024 non-native range size’ and ‘expansion speed’
(Barton 2024). We used ‘cor’ from the ‘stats’ package to build a
correlation matrix between predictor variables in our ‘expansion
speed’ model (R Core Team 2024). We extracted and statistically
compared estimates from linear models using the ‘emmeans’
package (Lenth 2024). For data visualisation, we used ‘ggplot2’
(Wickham 2016), ‘ggmap’ (Kahle and Wickham 2013), ‘ggef-
fects’ (Liidecke 2018), ‘scales’ (Wickham et al. 2023) and ‘gri-
dExtra’ (Auguie 2017).

3 | Results
3.1 | Non-Native Range Size in 2024
On average, non-native range sizes doubled from 2014 to

2024 (Figure 1). Despite large increases in range sizes over
the last decade, the most important variable explaining
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FIGURE 1 | Non-native range sizes and time since first global in-
troduction of 138 coastal invasive marine invertebrate species. Byers
et al. (2015) measured the 2014 range sizes (solid/orange), and ranges
sizes were estimated ten years later for this study (blue/dashed). Grey
lines connect each individual species’ range size in 2014 (orange circle)
and 2024 (blue triangle), so the grey slopes are expansion speeds of in-
dividual species.

non-native range size is still time since first global introduc-
tion (from introduction to 2024: 16-223years; Table 1; TSI).
TSI was present in all of the top models (Hypothesis 1; § ~0.4;
RVI=1; Table 1). The relationship between range size and TSI
steepened significantly (Figure 1; ANCOVA: t=2.1, df=272,
p=0.035). The slope increased by 81% from 2014 (ANCOVA
slope: 37.3,95% CI: +£12.9; R?=0.19; t =5.7; df = 136; p < 0.001)
to 2024 (ANCOVA slope: 67.6, 95% CI: +25.1; R>?=0.17; t =5.3;
df=136; p<0.001).

Adult mobility was also important for explaining invasive range
size, with sessile species having larger ranges than mobile species
(B ~—0.2; RVI=0.95; Table 1). Further, species with large body
sizes as adults (RVI=0.56) and species that live in cooler mean
spring sea temperatures (RVI=0.28) or under variable salinities
(RVI=0.40) had larger range sizes (Table 1). However, these lat-
ter life history and physical variable § coefficients were ~0.1and
not significant in any of the top models (Table 1).

3.2 | Non-Native Range Expansion Speed

In Byers et al. (2015), expansion speed (~400km/decade) was
assumed from the slope of the relationship between range
size and TSI. However, the mean expansion speed estimated
as the difference between each species' 2024 and 2014 range
sizes (Arange size =2024 range size — 2014 range size), was
3075.9km/decade (95% CI: £789.6; one sample t-test: u =400,
t=6.7, df =137, p<0.001) ~8 times the expansion speed from
Byers et al. (2015) (Hypothesis 2; Figure S1.2) and ~4 times
the expansion speed inferred from the 2024 range size versus
TSI slope. Further, about 70% (n=97) of species spread faster
than 400km/decade. Thus, the relationship that uses static
non-native range size versus TSI to infer expansion speed (via
the slope of that relationship) grossly underestimates the val-
ues of expansion speed measured directly for each individual
species.
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kS % \ég G Table 2). However, the patterns between expansion speed and
% T Eo n -q‘é §§§ vt;% mobility, habitat, development type and spring temperature
2 y . . . a0 .
g o -i S 28 ;.’.% g were weak (i.e., 8 coefficients were ~0.1) and not significant in
5 ~e 2 B3 s - any of the top models (Table 2).
S 2 35T s
2E 5583
gz S 3 2 g . .. .
= S E§> % % b g Taxonomically all phyla showed significant range expansion
§ E i = 2 = = 3 é <3 2 E :%’ over the last decade, except for Echinodermata and Porifera for
i = o ! <g=EE : .
=3 E == c °° E’ 3 § § = % which the sample size was small (n =3 species each; Table S1.3;
= s E Q%E 3 Figure 3). The average expansion speed for a phylum ranged
) $% E’ ; ?ii between 416km/decade (poriferans) and 5000km/decade
en - < R
E g: ClagE E £z (chordates). There was a trend that some phyla had faster mean
- §$§ E %DE expansion speeds than others (Hypothesis 4; Figure 3), but
> = .
= 3 8 28 ; é there was no significant effect of phylum on expansion speed
O o = 5 S
I = SlsEl22E (ANOVA: F, ,,=1.2, p=0.303).
=T 9 L k
= 285838
Siiiiy
2 S5ccoz23 4 | Discussion
=E2le w0 o ® s 8373
SElA A2 = = wlgE588 5
$E|s 5 5 < 3|fzgiat . . I
<g| ! 255Eg¢2 Time since first global introduction (TSI) was still the most im
A § =z =53 E‘ portant variable predicting global invasive range size of the ma-
— o= £ > ]
== a a kS ‘% § § 2 & rine invertebrate invaders in our dataset (RVI=1, 5: 0.39-0.42),
& g’ ; ; - é & “E g § g but species are spreading faster than previously predicted (Byers
z E‘ g8 ?3 § et al. 2015). Our estimation of mean expansion speed was al-
N Ao o?o o'; of}o ~ | 5% g ;D g § most an order of magnitude greater than 400 km/decade (Byers
13 8 3 % ; % § d‘a)%s: S52 3 et al. 2015). Not only did species spread faster than 400km/
2 2 2 EpEE ’ .
= e ° C & o ;5 28 é g decade on average, but species with large ranges (RVI=1, :
g s8sMe . - dth
ok - ed many coastlines around the
g3 5 = £ 0.21 9.26), and those that occupi y. nd
S o ® © Peoc2E globe in 2014 spread the most (RVI=1, 3: 0.44-0.62), rejecting
< 2 ﬁ 3 4 &a 2 3:; 235 é é the notion that an average expansion speed cgulq be applied
< R é to all species equally (Byers et al. 2015). Our finding suggests
4 < o o ; E § E 2 dispersal to new coastlines amplifies a species’ global expan-
20 o 3 a g’ ¢ ;': < 2] % = £3 sion speed via the increase in the number of range edges. For
P 5] 3 =l . . .
TS &R & R & E 2 Ex g g every introduction to a new coastline, a species has two new dis-
. () .
g S O © A o o g\% = g & % crete range endpoints to expand from, so even when a species
= & g g g g g g v é 2 ; &2 has a small range size, it can still have a fast expansion speed
= © It [ ]
£ %g ~§ % E : if it occupies many coastlines. Thus, we have tV\'IO key fn.ld-
° Bl @ @ o @« £ E JEZR ings: (1) Expansion speeds are expected to be rapid following
B z B é § E’ é long-distance dispersal events (e.g., jump dispersal) compaljed
; 2 % § é ?,ﬂg 3 to speeds along an already-occupied coastline, and (2) The rich
2 3 < m L A E o S“ g é g get richer—expansion speeds are fastest for species that already
= Q .
= =8> n < &0 A SEIEER have large, widespread global ranges.
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speed
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0.08
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0.08
0.17

Adult
mobility
-0.10
—-0.09
—0.08
-0.10
—0.17
0.27

TSI
0.30

Non-
native
range size
(2014)
0.25
0.24
0.25
0.23
0.52

Coastlines
occupied
(2014)
0.45
0.45
0.45
0.46

w;
0.001
0.001
0.001
0.001

2.7%x1078

6.9%x1071

8.5%1077
RVI

6.4
6.5
6.9
6.9
26.6
57.0
65.8

AAICc

333.4
333.5
333.8
333.8
353.6
384.0
392.8

AICc

2
0.40
0.40
0.39
0.39
0.26
0.08

(Continued)
0.02

df

Model
1D

AA

BB

CcC

DD

EE

FF

intercept and error). Below the null model (intercept only), the models are ordered by corrected Akaike information criterion (AIC), with model A being the most parsimonious (lowest AIC ). The AAIC_ is the difference between

each model's AIC_ and the AIC_ of model A. The standardised f3 coefficients are shown for each variable in the model—bold and shaded f coefficients are significant (p <0.05). The §8 coefficients for adult mobility, habitat and
development type (the categorical predictor variables) indicate that non-native range expansion speed is slower in mobile species, species that live in infaunal habitats and species with non-planktonic development. Akaike weight

(w,) is calculated using the models in the table and R? for each model is also shown. Relative variable importance (RVI) is the sum of the weights (w;) from the models with the AIC, <2 (shaded and bolded Model ID).

Note: Models with AIC_ <2, and the four best fitting models for each number of independent variables up to seven are included. Degrees of freedom (df) is the number of estimated model parameters (i.e., independent variables,
Abbreviations: Dev., development; Max., maximum; SD, standard deviation; Temp., temperature; TSI, time since first global introduction; Var., variability.

TABLE 2

— Expansion speed (km/decade)
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FIGURE 2 | Non-native range expansion speed of 138 coastal inva-
sive marine invertebrate species from 2014 to 2024, predicted by each
species’ initial non-native range size and the number of coastlines the
species occupied in 2014. Species could occupy a maximum of 13 coast-
lines. Circle size increases with increasing estimated expansion speeds.
Background colours are predictions from the top model in Table 2—the
species with the fastest expansion speeds had the largest range sizes and
occupied the most coastlines (yellow, top right corner). Small circles are
species with negative expansion speeds (n =6), likely due to corrections
made in the Global Biodiversity Information Facility (GBIF) since Byers
et al. (2015) was published.

Our finding agrees with Byers et al. (2015) that TSI is useful for
understanding current range sizes. In 2024, two species that were
introduced lyear apart had ranges that on average differed by
70km (see blue dashed slope in Figure 1). However, using the
slope from range size versus TSI to predict future expansion as-
sumes that the range of one species predicts the future range of
another. Importantly, the assumption undermines the importance
of species-specific range characteristics and intrinsic components
that yielded the massive variation in expansion speed we observed
(0-25,000 km/decade). However, crucially, Byers et al. (2015) pro-
vided the foundation for estimating invasive species' range sizes,
as well as providing the first point in a time series for estimating
range expansion speeds; our work builds on and improves these
methods by estimating expansion speeds using temporal data.

As the world's largest biodiversity network, GBIF provides a
unique opportunity to study species globally. Data available in
GBIF has increased rapidly over the last 20years (Heberling
et al. 2021), introducing taxonomic, spatial and temporal biases
that ultimately shape our perspective of biodiversity (Heberling
et al. 2021; Hughes et al. 2021). For example, data are more likely
to be entered for areas of the coastline that are better sampled,
for example, near marine labs. Also, certain species may be more
likely to be entered because they are more identifiable or detect-
able. Therefore, the efficacy of parameterizing models with GBIF
data has come into question for spatial and temporal studies
(Beck et al. 2013, 2014; Hortal et al. 2008; Hughes et al. 2021).
However, temporal analyses using GBIF are still common in eco-
logical studies of communities (Duchenne et al. 2021; Lajeunesse
and Fourcade 2023), species distributions (Callaghan et al. 2023)
and invasion rates (Bonnamour et al. 2021). Inevitably, our data
likely contain some spatial, taxonomic and temporal biases. For
example, coastlines in the Indian Ocean are not well sampled
compared to the Atlantic and Pacific coasts; the species with the
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most records in their non-native ranges are high profile (Mya
arenaria, Crepidula fornicata, Carcinus maenas); and expansion
speed is fastest for species with the most occurrences. As more
data are added to GBIF and range estimates improve, it can be
difficult to tease apart sampling bias from the biology, and we
propose both factors are at play. We have two key takeaways: (1)
The large range expansions we observed emphasise the impor-
tance of continuing to report invasive species abundances to pub-
licly available databases like GBIF and (2) GBIF allowed us to
quickly estimate non-native range sizes and expansions for over
100 species, across the globe and through time, highlighting a
potentially important tool for invasive species management.

In both 2014 and 2024 TSI was an important predictor variable
for non-native range size, but TSI did not predict range expan-
sion speed. Furthermore, the use of the TSI—range size rela-
tionship in 2014 to infer expansion speed led to a disparity with
the direct calculation of expansion speed (Arange size=2024
range size —2014 range size). Such a discrepancy is an exam-
ple of Simpson's Paradox—a mismatch of estimates that re-
sults when data at different scales are aggregated or analysed
(Simpson 1951). In this case, the relationship across all species
collectively (i.e., range size vs. TSI) is not congruent with the
pattern of range expansion speeds calculated and analysed sepa-
rately, i.e., for each species individually (Figure 4). Our finding is
important given that TSI is a metric used frequently in invasive
species management (Byers et al. 2015; Kulhanek et al. 2011).

A strength of our approach is that we captured dispersal
pathways along a continuum. A species in our dataset that
occupied many coastlines likely means it was spread via long-
distance, jump dispersal before 2014, while a species on just
one coastline had primarily been spreading by dispersal from
the leading edge of the range (i.e., locally). Both local and
jump dispersal may occur simultaneously for a single species

N
(9]
o
o
o

20,000

15,000

10,000

5,000

(Pysek and Hulme 2005; Suarez et al. 2001), so classic spread
models that do not account for both generally do not perform
well (Hastings 1996; Hengeveld 1994). Jump dispersal usu-
ally occurs after human-mediated introduction and results
in more rapid spread compared to diffusion expansion (Pysek
and Hulme 2005; Wilson et al. 2009). Because marine inverte-
brates are commonly spread via hitchhiking mechanisms (i.e.,
hull fouling, ballast water, etc.), jump dispersal is likely an im-
portant pathway for their expansion, and may explain why we
observed the fastest expansion speeds in species with large,
widespread distributions (Padayachee et al. 2017; Sylvester
et al. 2011; Wilson et al. 2009).

The strong effect of coastlines can be explained in terms of
spread from occurrences at either end of the range along
a coastline (e.g., northern-most and southern-most occur-
rences)—for example, seven coastlines provide 14 end points
to spread from, while one coastline provides two. For two spe-
cies with the mean 2014 non-native range size (~2500km), ex-
pansion speed was 10 times faster for a species that occupied
seven coastlines (the maximum in 2014) compared to a species
that was on a single coastline (Figure 2). Non-native range
size was also important and present in all models. Range size
is important for expansion speed because large ranges yield
large population densities and strong propagule pressure, so
the chances of successful establishment and invasion are high
(Kolar and Lodge 2001; Sylvester et al. 2011). Coastlines occu-
pied and range size are causal variables that directly predict
the rate of spread. Even though TSI is correlated with those
two predictors and expansion speed (Table S1; Figure S1.1),
the strong effects of distributional characteristics diminished
any signal of TSI in the model (Table 2). Our findings are con-
sistent with previous work showing the most geographically
widespread species have higher expansion rates (PySek and
Hulme 2005; Suarez et al. 2001), suggesting that how species

Expansion speed (km/decade)

-5,000

Phylum

FIGURE 3 | Boxplot of non-native range expansion speed of 130 coastal invasive marine invertebrate species from 2014 to 2024, by phylum. The

lower and upper hinges of the interquartile range (IQR, box) are the first (25th percentile) and third (75th percentile) quartiles, and the bold black

line is the median (second quartile, 50th percentile). Whiskers mark the smallest and largest values no further than 1.5XIQR—points beyond the

whiskers are outliers. Each point is a species.
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FIGURE 4 | Schematic comparing non-native range size versus time since first global introduction (TSI) model predictions to estimate of non-
native range expansion speed. (a) The orange/solid slope (400km/decade) is from Byers et al. (2015) and Figure 1. Circles are predicted 2014 range
sizes for three selected species: Grantessa intusarticulata (large range, purple), Conopeum seurati (middle range, pink) and Hippoporina indica (small
range, green). (b) Predicting 2024 range size (triangles) using the 2014 range size versus TSI slope in panel (a)—that is, expansion speed is 400km/
decade for all species. (c) Discrepancy between 2024 range size predictions in panel (b) and estimates of expansion speed. The significantly steeper

2024 blue/dashed slope (700 km/decade; Figure 1) is underpinned by interspecific variation in expansion speed (purple, pink, green slopes).

are distributed (i.e., the number of disparate range endpoints)
is the most important factor for expansion speed.

Life history, environmental variables and taxonomy showed
little to no importance for range size and expansion speed. We
found considerable variation in expansion speed across phyla
and a trend that chordates spread faster than other phyla, but
the effect was not significant. Adult mobility was minimally im-
portant for both response variables—sessile species had larger
sizes and faster expansion speeds, which could indicate that
hitchhiking on ships disperses species to ports around the world
(Padayachee et al. 2017; Sylvester et al. 2011; Wilson et al. 2009).
We were surprised that current speed and variability were not
important for expansion speed. In the ocean, mass dispersal
can occur via current transport. Advection plays a key role in
introducing invasive marine larvae to new coastlines (Byers
and Pringle 2024; Marshall et al. 2012; Strathmann 1985).
Namely, larvae with long larval durations are more likely to be
introduced, as long as currents are not overly advective (Byers
and Pringle 2006; Byers and Pringle 2024). Recent work has
quantified how currents can transport larvae asymmetrically
in the downstream direction from their point of origin (Byers
and Pringle 2006; Pringle et al. 2011). Also, when currents be-
come constrained, for example by impinging on a cape, this
can stop range boundary spreading by breaking the alongshore
flow and forcing water offshore into regions uninhabitable by
coastal larvae (Pappalardo et al. 2015; Pringle et al. 2017). This
process is thought to be responsible for the formation of major
biogeographic breaks in the ocean (Gaylord and Gaines 2000;
Pappalardo et al. 2015). However, current means used in our
study are averaged across all invasive occurrences, and a global
average over thousands of kilometres may not be informative
for characterising expansion speed, which occurs only at the
end points of the range. Therefore, coastlines occupied and 2014
range size have more explanatory power compared to mechanis-
tic variables (i.e., life history, currents).

Of course there are other factors that could affect expansion
speed, but we needed to avoid overparameterization of the
model. Importantly, most other variables that we could hy-
pothesize might be influential could not be tested because of
incomplete data or because they vary too much throughout the
latitudinal range. Two such examples are latitude-dependent
larval duration (Alvarez-Noriega et al. 2020) and intraspecific
variation in fecundity (Alvarez-Noriega et al. 2023).

In conclusion, time since first global introduction remains
the most significant predictor of non-native range size (Byers
et al. 2015). Byers et al. (2015) discuss that using TSI as a pre-
ventative model of spread may not be useful, because it only
predicts post-invasion range size and probably underestimates
expansion. We found that the range size against TSI model does
in fact underestimate expansion speed, but does effectively de-
scribe the difference in current range size between species that
were introduced in different years. We build on Byers et al. (2015)
by improving the predictive model and estimating expansion
speed directly. We again advocate for more temporal studies fol-
lowing invasive species distributions so that we can continue to
model expansion trajectories through time and across taxonomic
groups. From an applied ecology perspective, research like ours
can inform invasive species management tactics, but also link life
history and oceanographic principles for understanding models
and theory of spread. Importantly, non-native species’ ranges are
not at equilibrium; their continued, accelerating spread poses a
major challenge for management of coastal ecosystems.

Author Contributions

E.L.R and J.E.B. conceptualized the study. J.M.P. collected oceano-
graphic data. E.L.R estimated range expansions, analyzed and visual-
ized data and led the writing of the manuscript. J.E.B. and J.M.P made
minor contributions to writing. All authors contributed to reviewing
and editing the manuscript.

10 of 13

Diversity and Distributions, 2025

85US017 SUOLILLIOD SAIERID 3ol dde 3y} Aq peuenoh a8 S3joNe YO ‘8sN JO S3IN 10} Afeiq 1 8UIIUO AS]IA UO (SUOTIPUOD-PL-SWISHLI0D" A3 | 1M Afe.q1Bu1|UO//SANY) SUO RIPUOD PUe SWiia | 84} 835 *[5202/2T/60] U0 A%iq1Taulluo AB|1M ‘81140 3Ueyo00 Aq TTTOL IPP/TTTT OT/I0p/W00 A3 1M Arelq i pul|uo//sdiy Wwoiy papeojumoq ‘2T ‘G202 ‘ZrreLyT



Acknowledgements

We thank P. Pappalardo, W. Lush, C. Osenberg, E. Hall, M. Pierce, K.
Vaughn, A. Primo and D. Cryan for valuable feedback on the manuscript.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Data and R code are available on Dryad, https://doi.org/10.5061/dryad.
c2fqz61np.

Peer Review

The peer review history for this article is available at https://www.webof
science.com/api/gateway/wos/peer-review/10.1111/ddi.70111.

References

Alvarez-Noriega, M., S. C. Burgess, J. E. Byers, J. M. Pringle, J. P. Wares,
and D. J. Marshall. 2020. “Global Biogeography of Marine Dispersal
Potential.” Nature Ecology & Evolution 4: 1196-1203. https://doi.org/10.
1038/541559-020-1238-y.

Alvarez-Noriega, M., C. R. White, J. Kozlowski, T. Day, and D. J.
Marshall. 2023. “Life History Optimisation Drives Latitudinal Gradients
and Responses to Global Change in Marine Fishes.” PLoS Biology 21, no.
5:e3002114. https://doi.org/10.1371/journal.pbio.3002114.

Arim, M., S. R. Abades, P. E. Neill, M. Lima, and P. A. Marquet. 2006.
“Spread Dynamics of Invasive Species.” Proceedings of the National
Academy of Sciences of the United States of America 103: 374-378.

Atwater, D. Z., and J. N. Barney. 2021. “Climatic Niche Shifts in 815
Introduced Plant Species Affect Their Predicted Distributions.” Global
Ecology and Biogeography 30: 1671-1684.

Auguie, B. 2017. “gridExtra: Miscellaneous Functions for “Grid”
Graphics.” R Package Version 2.3. https://CRAN.R-project.org/packa
ge=gridExtra.

Barton, K. 2024. “MuMIn: Multi-Model Inference.” R Package Version
1.48.4. https://CRAN.R-project.org/package=MuMIn.

Beck, J., L. Ballesteros-Mejia, P. Nagel, and I J. Kitching. 2013. “Online
Solutions and the “Wallacean Shortfall’: What Does GBIF Contribute to Our
Knowledge of Species' Ranges?” Diversity and Distributions 19: 1043-1050.

Beck, J., M. Boller, A. Erhardt, and W. Schwanghart. 2014. “Spatial Bias
in the GBIF Database and Its Effect on Modeling Species’ Geographic
Distributions.” Ecological Informatics 19: 10-15.

Bonnamour, A., J. M. W. Gippet, and C. Bertelsmeier. 2021. “Insect and
Plant Invasions Follow Two Waves of Globalisation.” Ecology Letters 24:
2418-2426.

Burnham, K. P., and D. R. Anderson, eds. 2002. Model Selection and
Multimodel Inference: a Practical Information-Theoretic Approach.
Springer New York.

Byers, J., and J. Pringle. 2006. “Going Against the Flow: Retention,
Range Limits and Invasions in Advective Environments.” Marine
Ecology Progress Series 313: 27-41.

Byers, J. E. 2000. “Competition Between Two Estuarine Snails:
Implications for Invasions of Exotic Species.” Ecology 81: 1225-1239.

Byers, J. E. 2002. “Physical Habitat Attribute Mediates Biotic Resistance
to Non-Indigenous Species Invasion.” Oecologia 130: 146-156.

Byers, J. E., and J. M. Pringle. 2024. “Variation in Oceanographic
Resistance of the World's Coastlines to Invasion by Species With
Planktonic Dispersal.” Ecology Letters 27: €14520.

Byers, J. E., R. S. Smith, J. M. Pringle, et al. 2015. “Invasion Expansion:
Time Since Introduction Best Predicts Global Ranges of Marine
Invaders.” Scientific Reports 5: 12436.

Callaghan, C. T., L. Borda-de-Agua, R. Van Klink, R. Rozzi, and H. M.
Pereira. 2023. “Unveiling Global Species Abundance Distributions.”
Nature Ecology & Evolution 7: 1600-1609.

Chamberlain, S., V. Barve, D. McGlinn, D. Oldoni, P. Desmet, and L.
Geffert. 2025. “rgbif: Interface to the Global Biodiversity Information
Facility APL.” R package version 3.8.1. https://CRAN.R-project.org/
package=rgbif.

Chamberlain, S., and C. Boettiger. 2017. “R Python, and Ruby Clients for
GBIF Species Occurrence Data.” PeerJ Preprint.

Crooks, J., and M. Soulé. 1999. “Lag Times in Population Explosions
of Invasive Species: Causes and Implications.” In Invasive Species and
Biodiversity Management, edited by O. T. Sandlund, P. J. Schei, and A.
Viken, 103-125. Kluwer Academic Publishers.

Daehler, C. C. 1998. “The Taxonomic Distribution of Invasive
Angiosperm Plants: Ecological Insights and Comparison to Agricultural
Weeds.” Biological Conservation 84: 167-180.

Duchenne, F., G. Martin, and E. Porcher. 2021. “European Plants
Lagging Behind Climate Change Pay a Climatic Debt in the North, but
Are Favoured in the South.” Ecology Letters 24: 1178-1186.

Dyer, E. E., V. Franks, P. Cassey, et al. 2016. “A Global Analysis of
the Determinants of Alien Geographical Range Size in Birds.” Global
Ecology and Biogeography 25: 1346-1355.

Ellner, S. P., and S. J. Schreiber. 2012. “Temporally Variable Dispersal
and Demography Can Accelerate the Spread of Invading Species.”
Theoretical Population Biology 82: 283-298.

Elton, C. S. 1958. The Ecology of Invasions by Animals and Plants.
Methuen.

Fenollosa, E., L. Jene, and S. Munne-Bosch. 2021. “Geographic Patterns
of Seed Trait Variation in an Invasive Species: How Much Can Close
Populations Differ?” Oecologia 196: 747-761.

Ferrari, J. R., E. L. Preisser, and M. C. Fitzpatrick. 2014. “Modeling the
Spread of Invasive Species Using Dynamic Network Models.” Biological
Invasions 16: 949-960.

Fisher, R. A. 1937. “The Wave of Advance of Advantageous Genes.”
Annals of Eugenics 7: 355-369.

Gaylord, B., and S. D. Gaines. 2000. “Temperature or Transport?
Range Limits in Marine Species Mediated Solely by Flow.” American
Naturalist 155: 769-789.

Giménez, L., M. Exton, F. Spitzner, et al. 2020. “Exploring Larval
Phenology as Predictor for Range Expansion in an Invasive Species.”
Ecography 43: 1423-1434.

Givnish, T. J.,, and S. S. Renner. 2004. “Tropical Intercontinental
Disjunctions: Gondwana Breakup, Immigration From the Boreotropics,
and Transoceanic Dispersal.” International Journal of Plant Sciences 165:
S1-Sé.

Grosholz, E. D. 1996. “Contrasting Rates of Spread for Introduced
Species in Terrestrial and Marine Systems.” Ecology 77: 1680-1686.

Guisan, A., and W. Thuiller. 2005. “Predicting Species Distribution:
Offering More Than Simple Habitat Models.” Ecology Letters 8: 993-1009.

Hastings, A. 1996. “Models of Spatial Spread: Is the Theory Complete?”
Ecology 77:1675-1679.

Hastings, A., K. Cuddington, K. F. Davies, et al. 2005. “The Spatial
Spread of Invasions: New Developments in Theory and Evidence.”
Ecology Letters 8: 91-101.

Heberling, J. M., J. T. Miller, D. Noesgaard, S. B. Weingart, and D.
Schigel. 2021. “Data Integration Enables Global Biodiversity Synthesis.”

Diversity and Distributions, 2025

11 of 13

85U017 SUOWILIOD BAITEID) 3|qed! (dde 8y} Aq peuienob afe ssjoe VO 85N J0 S9N 10} A%iq18UlUO A8]1M UO (SUOTIPUOD-pUR-SLUB)L0D A8 | 1M Afe1q 1 U1 |UO//SdNY) SUORIPUOD PUe SWB | 3U188S *[5202/2T/20] Uo ARiqiTauliuo A8|IM ‘B11yD 8ueIy00D AQ TTTOL IPP/TTTT OT/I0pA0D A8 imAteIq Ul |UO//SdNY WOl pepeojumod ‘2T ‘G202 ‘Zr9re.yT


https://doi.org/10.5061/dryad.c2fqz61np
https://doi.org/10.5061/dryad.c2fqz61np
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ddi.70111
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ddi.70111
https://doi.org/10.1038/s41559-020-1238-y
https://doi.org/10.1038/s41559-020-1238-y
https://doi.org/10.1371/journal.pbio.3002114
https://cran.r-project.org/package=gridExtra
https://cran.r-project.org/package=gridExtra
https://cran.r-project.org/package=MuMIn
https://cran.r-project.org/package=rgbif
https://cran.r-project.org/package=rgbif

Proceedings of the National Academy of Sciences of the United States of
America 118: €2018093118.

Hengeveld, R. 1994. “Small-Step Invasion Research.” Trends in Ecology
& Evolution 9: 339-342.

Hortal, J., A. Jiménez-Valverde, J. F. Gémez, . M. Lobo, and A. Baselga.
2008. “Historical Bias in Biodiversity Inventories Affects the Observed
Environmental Niche of the Species.” Oikos 117: 847-858.

Hughes, A. C., M. C. Orr, K. Ma, et al. 2021. “Sampling Biases Shape
Our View of the Natural World.” Ecography 44: 1259-1269.

Kahle, D., and H. Wickham. 2013. “ggmap: Spatial Visualization With
ggplot2.” R Journal 5, no. 1: 144-161.

Kolar, C. S., and D. M. Lodge. 2001. “Progress in Invasion Biology:
Predicting Invaders.” Trends in Ecology & Evolution 16: 199-204.

Kulhanek, S. A., A. Ricciardi, and B. Leung. 2011. “Is Invasion History
a Useful Tool for Predicting the Impacts of the World's Worst Aquatic
Invasive Species?” Ecological Applications 21: 189-202.

Lajeunesse, A., and Y. Fourcade. 2023. “Temporal Analysis of GBIF
Data Reveals the Restructuring of Communities Following Climate
Change.” Journal of Animal Ecology 92: 391-402.

Lake, T. A., R. D. Briscoe Runquist, and D. A. Moeller. 2020. “Predicting
Range Expansion of Invasive Species: Pitfalls and Best Practices for
Obtaining Biologically Realistic Projections.” Diversity and Distributions
26:1767-1779.

Lenth, R. 2024. “emmeans: Estimated Marginal Means, Aka Least-
Squares Means.” R Package Version 1.10.5. https://CRAN.R-project.
org/package=emmeans.

Li, Y., X. Liu, X. Li, B. Petitpierre, and A. Guisan. 2014. “Residence
Time, Expansion Toward the Equator in the Invaded Range and Native
Range Size Matter to Climatic Niche Shifts in Non-Native Species.”
Global Ecology and Biogeography 23: 1094-1104.

Liebhold, A. M., R. M. Turner, R. E. Blake, et al. 2021. “Invasion
Disharmony in the Global Biogeography of Native and Non-Native
Beetle Species.” Diversity and Distributions 27: 2050-2062.

Lonsdale, W. M. 1999. “Global Patterns of Plant Invasions and the
Concept of Invasibility.” Ecology 80: 1522-1536.

Liidecke, D. 2018. “ggeffects: Tidy Data Frames of Marginal Effects
From Regression Models.” Journal of Open Source Software 3, no. 26:
772.

Lumpkin, R., and L. Centurioni. 2010. NOAA Global Drifter Program
Quality-Controlled 6-Hour Interpolated Data From Ocean Surface
Drifting Buoys. NOA A National Centers for Environmental Information.
https://doi.org/10.25921/7ntx-z961.

Mally, R., R. M. Turner, R. E. Blake, et al. 2022. “Moths and Butterflies
on Alien Shores: Global Biogeography of Non-Native Lepidoptera.”
Journal of Biogeography 49: 1455-1468.

Marco, D. E., M. A. Montemurro, and S. A. Cannas. 2013. “Comparing
Short and Long-Distance Dispersal: Modelling and Field Case Studies.”
Ecography 34: 671-682.

Marshall, D. J., P. J. Krug, E. K. Kupriyanova, M. Byrne, and R. B.
Emlet. 2012. “The Biogeography of Marine Invertebrate Life Histories.”
Annual Review of Ecology, Evolution, and Systematics 43: 97-114.

Nathan, R., F. M. Schurr, O. Spiegel, O. Steinitz, A. Trakhtenbrot, and A.
Tsoar. 2008. “Mechanisms of Long-Distance Seed Dispersal.” Trends in
Ecology & Evolution 23: 638-647.

Nathan, R., G. G. Katul, H. S. Horn, et al. 2002. “Mechanisms of Long-
Distance Dispersal of Seeds by Wind.” Nature 418: 409-413.

Padayachee, A. L., U. M. Irlich, K. T. Faulkner, et al. 2017. “How Do
Invasive Species Travel to and Through Urban Environments?”
Biological Invasions 19: 3557-3570.

Pappalardo, P., J. M. Pringle, J. P. Wares, and J. E. Byers. 2015. “The
Location, Strength, and Mechanisms Behind Marine Biogeographic
Boundaries of the East Coast of North America.” Ecography 38: 722-731.

Perkins, T. A., B. L. Phillips, M. L. Baskett, and A. Hastings. 2013.
“Evolution of Dispersal and Life History Interact to Drive Accelerating
Spread of an Invasive Species.” Ecology Letters 16: 1079-1087.

Petit, R.J., F. S. Hu, and C. W. Dick. 2008. “Forests of the Past: A Window
to Future Changes.” Science 320: 1450-1452.

Pili, A.N.,,R. Tingley, E. Y. Sy, M. L. L. Diesmos, and A. C. Diesmos. 2020.
“Niche Shifts and Environmental Non-Equilibrium Undermine the
Usefulness of Ecological Niche Models for Invasion Risk Assessments.”
Scientific Reports 10: 7972.

Pringle, J., J. Byers, R. He, P. Pappalardo, and J. Wares. 2017. “Ocean
Currents and Competitive Strength Interact to Cluster Benthic Species
Range Boundaries in the Coastal Ocean.” Marine Ecology Progress
Series 567: 29-40.

Pringle, J. M., A. M. H. Blakeslee, J. E. Byers, and J. Roman. 2011.
“Asymmetric Dispersal Allows an Upstream Region to Control Population
Structure Throughout a Species’ Range.” Proceedings of the National
Academy of Sciences of the United States of America 108: 15288-15293.

Pysek, P., and P. E. Hulme. 2005. “Spatio-Temporal Dynamics of Plant
Invasions: Linking Pattern to Process.” Ecoscience 12: 302-315.

Pysek, P., and V. JaroSik. 2005. “Residence Time Determines the
Distribution of Alien Plants.” In Invasive Plants: Ecological and
Agricultural Aspects, edited by Inderjit, 77-96. Birkhduser.

Pysek, P., V. Jaros$ik, J. Miillerova, J. Pergl, and J. Wild. 2008. “Comparing
the Rate of Invasion by Heracleum mantegazzianum at Continental,
Regional, and Local Scales.” Diversity and Distributions 14: 355-363.

R Core Team. 2024. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing. https://www.R-
project.org/.

Reagan, J. R., T. P. Boyer, H. E. Garcia, et al. 2024. World Ocean Atlas
2023. NOAA National Centers for Environmental Information.

Reitzel, A., B. Miner, and L. McEdward. 2004. “Relationships Between
Spawning Date and Larval Development Time for Benthic Marine
Invertebrates: A Modeling Approach.” Marine Ecology Progress Series
280:13-23.

Rejmanek, M., and D. M. Richardson. 1996. “What Attributes Make
Some Plant Species More Invasive?” Ecology 77: 1655-1661.

Renner, S. 2004. “Plant Dispersal Across the Tropical Atlantic by Wind
and Sea Currents.” International Journal of Plant Sciences 165: S23-S33.

Riera, M., J. Pino, and Y. Melero. 2021. “Impact of Introduction
Pathways on the Spread and Geographical Distribution of Alien
Species: Implications for Preventive Management in Mediterranean
Ecosystems.” Diversity and Distributions 27: 1019-1034.

Simpson, E. H. 1951. “The Interpretation of Interaction in Contingency
Tables.” Journal of the Royal Statistical Society, Series B: Statistical
Methodology 13: 238-241.

Skellam, J. G. 1951. “Random Dispersal in Theoretical Populations.”
Biometrika 38:196-218.

Strathmann, R. R. 1985. “Feeding and Nonfeeding Larval Development
and Life-History Evolution in Marine Invertebrates.” Annual Review of
Ecology and Systematics 16: 339-361.

Suarez, A. V., D. A. Holway, and T. J. Case. 2001. “Patterns of Spread
in Biological Invasions Dominated by Long-Distance Jump Dispersal:
Insights From Argentine Ants.” Proceedings of the National Academy of
Sciences of the United States of America 98: 1095-1100.

Svenning, J.-C., D. Gravel, R. D. Holt, et al. 2014. “The Influence
of Interspecific Interactions on Species Range Expansion Rates.”
Ecography 37: 1198-1209.

12 of 13

Diversity and Distributions, 2025

85U017 SUOWILIOD BAITEID) 3|qed! (dde 8y} Aq peuienob afe ssjoe VO 85N J0 S9N 10} A%iq18UlUO A8]1M UO (SUOTIPUOD-pUR-SLUB)L0D A8 | 1M Afe1q 1 U1 |UO//SdNY) SUORIPUOD PUe SWB | 3U188S *[5202/2T/20] Uo ARiqiTauliuo A8|IM ‘B11yD 8ueIy00D AQ TTTOL IPP/TTTT OT/I0pA0D A8 imAteIq Ul |UO//SdNY WOl pepeojumod ‘2T ‘G202 ‘Zr9re.yT


https://cran.r-project.org/package=emmeans
https://cran.r-project.org/package=emmeans
https://doi.org/10.25921/7ntx-z961
https://www.r-project.org/
https://www.r-project.org/

Sylvester, F., O. Kalaci, B. Leung, et al. 2011. “Hull Fouling as an
Invasion Vector: Can Simple Models Explain a Complex Problem?”
Journal of Applied Ecology 48: 415-423.

van Kleunen, M., S. D. Johnson, and M. Fischer. 2007. “Predicting
Naturalization of Southern African Iridaceae in Other Regions.”
Journal of Applied Ecology 44: 594-603.

Wickham, H. 2016. ggplot2: Elegant Graphics for Data Analysis.
Springer-Verlag.

Wickham, H., M. Averick, J. Bryan, et al. 2019. “Welcome to the
Tidyverse.” Journal of Open Source Software 4, no. 43: 1686.

Wickham, H., T. Pedersen, and D. Seidel. 2023. “scales: Scale Functions
for Visualization.” R Package Version 1.3.0. https://CRAN.R-project.
org/package=scales.

Wilson, J. R. U, E. E. Dormontt, P. J. Prentis, A. J. Lowe, and D. M.
Richardson. 2009. “Something in the Way You Move: Dispersal
Pathways Affect Invasion Success.” Trends in Ecology & Evolution 24:
136-144.

Wilson, J. R. U., D. M. Richardson, M. Rouget, et al. 2007. “Residence
Time and Potential Range: Crucial Considerations in Modelling Plant
Invasions.” Diversity and Distributions 13: 11-22.

Data Sources

Bishop, M. J., and P. A. Hutchings. 2011. “How Useful Are Port Surveys
Focused on Target Pest Identification for Exotic Species Management?”
Marine Pollution Bulletin 62: 36-42.

CABI. 2014. CABI Compendium. CAB International. http://www.cabi.
org/isc/default.aspx?site=144&page=4066.

Cohen, A. N. 2011. The Exotics Guide: Non-native Marine Species of
the North American Pacific Coast. Center for Research on Aquatic
Bioinvasions and San Francisco Estuary Institute. http://www.exoti
csguide.org.

DAISIE. 2009. Handbook of Alien Species in Europe. Springer. http://
www.europe-aliens.org/.

Department of Agriculture, Water and the Environment (DAWE). 2021.
National Introduced Marine Pest Information System. Department of
Agriculture, Water and the Environment. https://nimpis.marinepests.
gov.au/.

Eldredge, L. G., and C. M. Smith. 2001. A Guidebook of Introduced
Marine Species in Hawaii. Bernice Pauahi Bishop Museum. http://
www2.bishopmuseum.org/HBS/invertguide/species_pdf/guide.pdf.

Fofonoff, P. W., G. M. Ruiz, B. Steves, C. Simkanin, and J. T. Carlton.
2018. “National Exotic Marine and Estuarine Species Information
System.” https://invasions.si.edu/nemesis.

Hewitt, C. L., M. L. Campbell, A. Coutts, A. Dahlstrom, S. Shields,
and J. Valentine. 2011. “Species Biofouling Risk Assessment.” Report
produced for the Australian Department of Agriculture, Fisheries and
Forestry, Canberra. http://www.daff.gov.au/__data/assets/pdf_file/
0008/2059154/species-biofouling-risk-assessment.pdf.

Inglis, G., N. Gust, I. Fitridge, et al. 2006a. “Port of Auckland: Baseline
Survey for Non-Indigenous Marine Species.” Biosecurity New Zealand
Technical Paper No: 2005/08.

Inglis, G., N. Gust, L. Fitridge, et al. 2006b. “Port of Wellington: Baseline
Survey for Non-Indigenous Marine Species.” Biosecurity New Zealand
Technical Paper No: 2005/09.

Invasive Species Specialist Group (ISSG). 2015. “The Global Invasive
Species Database.” Version 2015.1. https://www.iucngisd.org/gisd/.

NOBANIS. 2014. http://www.NOBANIS.org.

O'Connor, M., C. Hawkins, and D. K. Loomis. 2008. “A Manual of
Previously Recorded Non-Indigenous Invasive and Native Transplanted

Animal Species of the Laurentian Great Lakes and Coastal United
States.” 77: 82.

Tyler-Walters, H., K. Hiscock, H. M. Tillin, et al., eds. 2024. Marine Life
Information Network: Biology and Sensitivity Key Information Review
Database. Marine Biological Association of the United Kingdom. www.
marlin.ac.uk.

USGS. 2024. Nonindigenous Aquatic Species Database. USGS. http://
nas.er.usgs.gov.

Biosketch

Emily Richardson is an evolutionary ecologist interested in marine
life histories. Jeb Byers is a population and community ecologist who
works frequently on marine biological invasions. His interests also
include parasite ecology, ecosystem engineers and the biogeography
of range boundaries. James Pringle is a physical oceanographer who
works primarily on coastal circulation and how that circulation
modulates genetic and species level diversity in the global ocean.
His recent work has focused on the dynamics of storm surges and
the introduction of novel/invasive diversity into coastal populations.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Appendix S1: ddi70111-sup-0001-
AppendixS1.zip.

Diversity and Distributions, 2025

13 of 13

85U017 SUOWILIOD BAITEID) 3|qed! (dde 8y} Aq peuienob afe ssjoe VO 85N J0 S9N 10} A%iq18UlUO A8]1M UO (SUOTIPUOD-pUR-SLUB)L0D A8 | 1M Afe1q 1 U1 |UO//SdNY) SUORIPUOD PUe SWB | 3U188S *[5202/2T/20] Uo ARiqiTauliuo A8|IM ‘B11yD 8ueIy00D AQ TTTOL IPP/TTTT OT/I0pA0D A8 imAteIq Ul |UO//SdNY WOl pepeojumod ‘2T ‘G202 ‘Zr9re.yT


https://cran.r-project.org/package=scales
https://cran.r-project.org/package=scales
http://www.cabi.org/isc/default.aspx?site=144&page=4066
http://www.cabi.org/isc/default.aspx?site=144&page=4066
http://www.exoticsguide.org
http://www.exoticsguide.org
http://www.europe-aliens.org/
http://www.europe-aliens.org/
https://nimpis.marinepests.gov.au/
https://nimpis.marinepests.gov.au/
http://www2.bishopmuseum.org/HBS/invertguide/species_pdf/guide.pdf
http://www2.bishopmuseum.org/HBS/invertguide/species_pdf/guide.pdf
https://invasions.si.edu/nemesis
http://www.daff.gov.au/__data/assets/pdf_file/0008/2059154/species-biofouling-risk-assessment.pdf
http://www.daff.gov.au/__data/assets/pdf_file/0008/2059154/species-biofouling-risk-assessment.pdf
https://www.iucngisd.org/gisd/
http://www.nobanis.org
http://www.marlin.ac.uk
http://www.marlin.ac.uk
http://nas.er.usgs.gov
http://nas.er.usgs.gov

	Increasing Global Expansion Speeds of Marine Invaders
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Statistical Analyses
	2.1.1   |   Non-Native Range Size in 2024
	2.1.2   |   Non-Native Range Expansion Speed
	2.1.3   |   Testing Assumptions, R Coding and Packages


	3   |   Results
	3.1   |   Non-Native Range Size in 2024
	3.2   |   Non-Native Range Expansion Speed

	4   |   Discussion
	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	Peer Review
	Biosketch


