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Invading plantsremainundetectedinalag
phase while they explore suitable climates

Philipp Robeck®', Franz Essl?>?, Mark van Kleunen ® *°, Petr Py3ek®%’,
Jan Pergl®¢, Patrick Weigelt ® ®°'° & Mohsen B. Mesgaran®™

Successful alien species may experience a period of quiescence, known as
thelag phase, before becominginvasive and widespread. The existence of

lags introduces severe uncertainty in risk analyses of aliens as the present

state of speciesis a poor predictor of future distributions, invasion success
and impact. Predicting a species’ ability toinvade and pose negative impacts
requires a quantitative understanding of the commonality and magnitude
oflags, environmental factors and mechanisms likely to terminate lag. Using
herbarium and climate data, we analysed over 5,700 time series (species x
regions) in 3,505 naturalized plant species from nine regions in temperate

and tropical climates to quantify lags and test whether there have been shifts
inthe species’ climatic space during the transition from the lag phase to the
expansion phase. Lags were identified in 35% of the assessed invasion events.
We detected phylogenetic signals for lag phases in temperate climate regions
and that annual self-fertilizing species were less likely to experience lags.
Where lags existed, they had an average length of 40 years and amaximum

of 320 years. Lengthy lags (>100 years) were more likely to occur in perennial
plants and less frequentin self-pollinating species. For 98% of the species with a
lag phase, the climate spaces sampled during the lag period differed from those
inthe expansion phase based on the assessment of centroid shifts or degree of
climate space overlap. Our results highlight the importance of functional traits
for the onset of the expansion phase and suggest that climate discovery may
play arolein terminating the lag phase. However, other possibilities, such as
samplingissues and climate niche shifts, cannot be ruled out.

Biological invasions constitute a substantial facet of global envi-  which we do not know whether they will become impactful invaders
ronmental change with marked environmental and socio-economic  of the future. Some alien species may remain in a quiescence state,
impacts'™. Particularly concerning are the numerous alien species  referred to as‘lag phase™*®, after their introductions, occupying a small
that havealready been introduced into many regions of theworld, for  areafor several years (or even centuries) before rapidly expanding®”%.
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Fig.1|Potential scenarios for differences between the climate envelopes of
lag and post-lag phases. The diameter of acircle and the solid pointindicate the
volume (breadth) and the centroid of a climate envelope, respectively. Volume
change scenarios are shown on the vertical axis and centroid displacement

Change in volume (breadth) of climate envelopes

(shown with arrows) on the horizontal axis. When the centroid of the post-lag
climate envelope deviates from that of the lag period, it may remaininside the
climate envelope of the lag period or entirely fall outside the lag envelope. Lag
phase, blue solid-line circles; post-lag phase, brown dashed-line circles.

Failure to consider the lag times of such ‘sleeper’ species’ canlead to an
underestimation of their potential impactinrisk assessments'’. Assome
invaders experience a lag phase before they become widespread” ™,
an appreciation of the frequency and magnitude of lags will allow us
to understand the temporal dynamics better and proactively manage
invasive species.

Several not mutually exclusive mechanisms, including intrinsic
eco-evolutionary processes”™ and extrinsic environmental condi-
tions™", couldlead to a prolonged lag preceding the expansion phase.
For example, a lag phase might be due to a long generation time? or
reflect the time needed for adaptation to enable the species to colonize
new environments*?, Alternatively, an alien species might be intro-
ducedtoamarginally suitable environment, and once some propagules
arrive atamore suitable environment, they can significantly increase
inabundance®. Evenwithout such long-distance dispersal events®*,
the lag may be terminated by changes in the environment (biotic and
abiotic), such as changes in fire frequency®, land management® or
climate’. Establishing a direct link between a particular mechanism and
thelagtime of invasions remains challenging because multiple factors
can change simultaneously, leading to complexinteractions®>°. Niche
theory® ™ provides a context to better understand the dynamics of
invasionsingeneral and lags in particular, as aniche defines the condi-
tionsunder which a species can succeed.

The geographic limits of species at large scales are mainly deter-
mined by climate. Although soil, land use, dispersal barriers and other
abioticfactors play arole, the realized climate nicheis frequently used
to test niche conservatism versus niche shift*>***, Niche conservatism
in alien species has almost exclusively been tested by comparing the
realized climate niche in the native range against that in the entire
invaded range, independent from the invader’s position on the intro-
duction-naturalization-invasion continuum®~°, However, the niche
theory canbe used to test the role of climate in driving lags within the
invaded range. For those species that exhibit biphasic population
dynamics (thatis, lag and expansion phases), the realized climate space
intheinvaded range canbe partitioned temporally into lag and post-lag
envelopes without regard to the native realized climate space. These
two post-introduction climatic spaces may constitute a subset of the
native climate or its expansion.

Changesintheclimate envelope of the post-lag period compared
with those of the lag period can occur along two axes (Fig. 1): changes

in the size of the climate envelope and shifts in the position of the
centroid. The volume (niche breadth) of the post-lag climate enve-
lope, compared with that of the lag climate envelope, may remain
unchanged, expand or contract with or without significant shifts in
its centroid position. The post-lag centroid may move significantly
but remain within or entirely fall outside the lag climate envelope
(Fig.1). Ineither case, a portion of the post-lag envelope will be novel
and outside the lag climate envelope. Finally, the two climate envelopes
canbe disjunct regardless of their volume differences.

Inthis study, we calculated the degree of centroid shift and overlap
between the lag and post-lag climate envelopes as measures of differ-
ences between the climate conditions of the two invasion phases. This
allows usto test whether the transition fromalag phase toanexpansion
phase has been coupled with changes in the climate spaces occupied
during the post-lag period. Where the climate sampled during the
expansion phase differs from the climate of the lag period, we may sug-
gest that the arrival of the species into suboptimal (marginal) climate
conditions has pinned the invasion*’, but has later been alleviated by
dispersal to potentially more suitable climates.

Results and discussion

Herewereporttheresults of alarge-scale, systematic evaluation of the
lag phase phenomenon linked to the possibility of temporal changes
in the realized climate niche within the invaded range. We collated
lists of naturalized alien plants for nine regions (that is, Australia,
North Island and South Island of New Zealand, Madagascar, South
Africa, Japan, Great Britain, Ireland land-mass and the United States).
The regions were selected to cover diverse climate zones in both the
Northern and Southern hemispheres and have a sizeable invasive
flora well represented in biodiversity data. We analysed 5,711 species
(Tables 1and 2, and see Supplementary Fig. 1 for an overview of the
procedure). Accounting for temporal variability in sampling efforts*,
we first tested for evidence of alag and then estimated its length. For
species with biphasic population growth (Fig. 2), the differences in
climate envelopes between lag and expansion phases were assessed
using multivariate analysis*’. We further hypothesized that species
with adetected time lag differ in functional traits from species without
alagphase. Therefore, weinvestigated the relationship between traits
and lagexistence and length by collating data on life form, woodiness,
lifespan, vegetative reproduction, type of seed production, mating
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Table 1| The existence and length of lag phases in naturalized plant species from nine regions worldwide and the results of
the two-sided Blomberg'’s K test for detecting phylogenetic signals

Region Total number Lag phase Blomberg's K test
:Ff’::it:;alized Number of species N'un'!l‘fer of specieswitha Average lag length Kfor lag length® Pvalue
analysed significant lag (years)
Australia 2,416 1,682 513 (31.6%)° 47.2(39.7° 0.02 0.67
Ireland® 564 318 98 (30.8%) 31.5(28.3) 0.05 0.04
Japan 1.31 315 107 (34.0%) 25.2(16.7) 0.06 0.84
Madagascar 517 97 36 (37.1%) 38.9(24.4) 0.19 0.02
New Zealand (North Island) 387 101 24 (24.5%) 28.4(12.9) 0.2 0.34
New Zealand (South Island) 387 93 29 (33.7%) 26.8 (16.6) 0.2 0.02
South Africa 1,020 376 137 (36.4%) 42.8(23.9) 0.05 0.78
United Kingdom® 1,428 975 351(36.0%) 53.9(51.2) 0.04 0.01
United States 4,508 1,754 703 (401%) 43.9(27.9) 0.01 0.78
All regions 12,538 57M 1,998 (33.3%) 37.7(10.1) 0.01 0.25

We classify a species as having a significant lag phase if the model chosen has at least one knot and if the slope is positive after the first knot. 2Including Northern Ireland. "Excluding Northern
Ireland. ®Values in parentheses indicate the percentage of species with a significant lag (>5years). “Values in parentheses indicate the standard deviation. °The larger the value of K, the stronger
the phylogenetic signal; that is, close relatives are more similar than expected under a Brownian motion evolutionary model.

Table 2 | The key features of species from nine regions worldwide

Region Key features of species with the longest lag period

Species Firstyear Lag length (years) Family Lifespan Growth habit
Australia Nassella trichotoma 1770 221 Poaceae P G
Ireland® Mercurialis annua 1866 130 Euphorbiaceae A FH
Japan Galium verum 1894 80 Rubiaceae P F,H
Madagascar Desmodium incanum 1834 121 Fabaceae P F, H, Sb
New Zealand (North Island) Spartina anglica 1937 48 Poaceae P G
New Zealand (South Island) Erica lusitanica 1930 60 Ericaceae P S
South Africa Spergularia media 1883 14 Caryophyllaceae AP F,H
United Kingdom® A. pseudoplatanus 1613 320 Aceraceae P T
United States Plantago lanceolata 1822 177 Plantaginaceae A B,P F,H

A, annual; B, biennial; P, perennial; G, graminoid; F, forb; H, herb; S, shrub; Sb, subshrub; T, tree. ?Including Northern Ireland. "Excluding Northern Ireland.

system, pollen vector, dispersal system, Grime’s competitor, stress
tolerator, ruderal (CSR) strategies and geographical origin as traits
previously identified to be associated with invasion success and popu-
lation growth* ¢,

Time lags in 35% of all naturalized neophytes
Almostone-third of naturalized plant species in the nine regions showed
alagperiod (Table1). The United States had the highest percentage of
specieswith lags (40%), while the NorthIsland of New Zealand had the
lowest (24%). Our analysis shows that lag phases are not as frequent
and common as stated anecdotally in the invasion literature®”***45,
The use of inappropriate statistical methods, such as fitting models
to cumulative time series”, probably resulted in an overestimation of
the frequency of this phenomenon in plantinvasions®*.
Themedianlaglengthvaried from15yearsinlreland to 37 yearsin
the United Kingdom and the United States. Averaged over all regions,
the median length of the lag period was 34 years (Table 1). With a lag
length of 320 years, Acer pseudoplatanus (sycamore maple), adecidu-
ous, broad-leaved tree first recorded in the United Kingdom in 1613,
exhibited the most prolonged lag phase among all species examined.
The share of species with very long lag times (>100 years) was highest
inthe United Kingdom (13%), followed by Australia (9%) and the United
States (5%) (see Supplementary Fig. 2 for the frequency distribution
oflaglengths).

Through aninterregional study, the connection between biogeo-
graphical history and humanactivities canenhance our understanding
of the context-dependent nature of invasion events***°, The observed
variationsin the length of lag among regions can be attributed to bio-
logical factors and the history of specimen collection and recording.
For instance, it is worth noting that the oldest record in our dataset
dates back to 1613 in the United Kingdom, while Australia has records
from as early as 1770. These countries have a long history of herbar-
ium collections and extensive transportation of plants, which could
influence the availability and documentation of early invasion events.
Another factor that could specifically contribute to longlag phasesin
Australiais the limited human movement and transportation across the
land. Given that most major cities in Australia are coastal and there is
relatively less transportation infrastructure across the country, oppor-
tunities for dispersal by humans have been constrained. This limited
human-mediated dispersal could potentially contribute to longer lag
phases in Australia than in regions with higher human mobility and
transportation networks. By contrast, the shorter lag times observed
inSouth Africamay be explained by the similarity of climate conditions
tothe native ranges of these species. Many of the introduced plantsin
South Africa originate from regions with comparable climates® and
biomes, which could facilitate their successful establishment and
rapid spread. Biogeographical factors, including differencesin species
composition, dispersal capabilities and community interactions, can
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climate spaces during the two invasion phases (d). The vertical dashed linesina
andbindicate the lag year. Principal component analysis (PCA) plots are based
on eight bioclimatic variables. Lag and post-lag records are shown as orange and
dark grey circles, respectively.

contribute to variationsininvasion patterns. Historical influences, such
as colonization history, introduction pathways and human activities,
can further shape the spread and establishment of non-indigenous
speciesindifferentregions. Considering such historical factors along-
side biological factorsis crucial ininterpreting and understanding the
observed interregional differencesinlag times.

Speciesintroduced to more than one region serve as experimental
replicates and provide insights into shared spatio-temporal invasion
trajectories. Therefore, we tested for constancy in species’ response
to lag existence (or absence) using 1,292 species naturalized in more
than one study region. This multiregional analysis revealed that the
species could be groupedinto three categories: ‘lag-persistent’ species
always exhibited lags wherever they invaded (12% of the total species),
‘lag-variable’ species showed lags at least in one region but not in the
otherregions (58% of the total species) and ‘non-lag-persistent’ species
never experienced alag phase during any of theirinvasions (30% of the

total species). These findings suggest that for most species (-60%, lag
variable), whether they will experience a lag phase depends on the
regiontheyinvade rather thantheirinherent attributes. This observa-
tion may help explain why most trait and phylogenetic analyses*~?,
including ours, have found a weak signal for lag and, therefore, low
predictive power. However, we might have better success in identify-
ing species that never experience lag (that is, non-lag persistent) as
we observed a greater constancy for species with no lags than those
withlags.

Self-fertilizing species are less likely to experience a time lag

Phylogenetic analysis showed (Table 1) some level of clustering for spe-
cies exhibiting no time lags across regions, again suggesting greater
constancy for species without a lag phase. A given species may have
beenintroducedtotheseregionsat different times (variable residence
time) and exposed to different environments. Predictions based on
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Fig.3| The comparison oflag and post-lag periods for climate variables
identified as the most influential in causing a climate niche shift between
the two invasion phases based on multivariate analysis. The horizontal lines
inthe boxplotsindicate the median, while the circles inside the boxes represent

the mean. The box limits show the interquartile range (that is, 25th and 75th
percentiles), whiskers contain 99% of the data and points occurring above or
below the whiskers indicate outliers. The sample sizes are shown in the respective
plots. CV: coefficient of variation.

phylogeny would gain more support if the multiregional invasions of
agiven species follow a consistent trajectory (that is, repeated lags
or lack thereof). Phylogenetically corrected, generalized estimating
equations were used on1,731species to test whether the traits predict
lag length or probability. The lag-phase length was not correlated with
these traits (Fig. 4). Still, the two traits interacted to affect the prob-
ability of the lag phase occurring (P = 0.024). In selfing species, annu-
als were less likely to experience a lag, while in outcrossing species,
perennials had a lower probability for alag than annuals (Fig. 4). For
species that showed lags of over 100 years, a perennial life cycle was
significantly over-represented (63% perennial and 37% annual, binomial
P=0.0137, n = 88), while selfing was least frequent (18% selfing, 50%
mixed mating and 32% outcrossing; multinomial P= 0.0013; n = 88).
Some plant familiesaccommodate more (for example, Poaceae, 60%)
or fewer (for example, Lamiaceae, 25%) alien species with lag phases
than expected (Supplementary Fig. 2).

Giventhattheresult of the trait-based approachis sensitive to the
selection of traits, we used Blomberg’s K**** to test for a phylogenetic
signal. We found no evidence of a phylogenetic signal for the lag phase
at the global scale (Table 1). However, regional analyses for Ireland,
Madagascar, the SouthIsland of New Zealand and the United Kingdom
showed that species with a lag phase tend to be more related than

expected under a Brownian motion evolutionary model (Table 1). Fur-
thermore, for all studied regions, no evidence of a phylogenetic signal
was found for species with significant climate differences according
toBlomberg’s Ktest (Table1).

Evidence for climate discovery as realized climate spaces
differ between lag and post-lag phases

To investigate whether the end of the lag phase is associated with cli-
mate, we compared the climate envelopes of lag and expansion phases.
For this analysis, we excluded species with fewer than 15 records per
invasion phase and removed those with a very shortlag phase of <5 years
(n=105), which appeared ecologically irrelevant*s, A total of 553 species
met the above criteria. Climate difference was measured as a change
inthe centroid position of the climate envelopes captured during the
expansion phase relative to the lag phase. We also quantified the degree
of novelty (overlap) between the climate envelopes of the two inva-
sion phases. The climate envelope was described by eight bioclimatic
variables® and was selected to reflect the average, extreme and vari-
ability of hydrothermal conditions, using the climate datafromasingle
period® to avoid the confounding effect of climate change. A climate
shift was deduced as significant if the Mahalanobis distance between
the centroids of the two climate spaces was larger than that expected
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Fig. 4 | Probability and length of lag phase. a,b, Probability (a) and length (b) of
the lag phasein relation to the breeding system and lifespan of naturalized plants.
Probability values are least-squares means, estimated, along with standard errors
(vertical bars), from fitting a generalized linear mixed model. In the boxplots, the
dotted horizontal lines indicate the median. In addition, the box limits indicate
theinterquartile range (thatis, 25th and 75th percentiles), whiskers contain 99%
of the data and points above the whiskers indicate outliers. Species rely on pollen
from other species for seed production as opposed to selfing (or self-compatible)
species (Mynnua = 173, Mperennial = 157), which allows for uniparental reproduction.
However, amixed-mating (n,nnua = 162, Mperennia = 528) system can produce seeds
through selfing and outcrossing (1,nnua1 = 365, Mperennial = 346).

atrandom through a permutation test (see ‘Comparison of Climatic
Envelopes’ in Supplementary Information).

We found evidence of a significant shift of the climate space cen-
troid during the transition from a lag to an expansion phase in 81%
(n=446) of species. We also estimated the degree of climate novelty
as the percentage of records from the post-lag phase outside the lag
climate envelope. This metric quantifies the expansion into novel cli-
mates as the species spreads through geography. The average climate
novelty for species with lags was 44%, ranging from 34% in Australia to
61% in Madagascar. An expansion into conditions non-analogous to
the lag phase climate was not uncommon, as 37% of species expressed
climate novelty values >50%. Assessing shifts in centroids and degree
of novelty showed that the transition fromalag to an expansion phase
coincides with a climate space expansion (Fig. 3), suggesting climate
discovery as a potential factor terminating the lag phase. The climate
discovery and occupation of distinct climatic spaces by invasive species
can be influenced by a range of biotic factors, such as the emergence

of mutualistic relationships (for example, with mycorrhizal fungiand
pollinators) and the absence of antagonists (for example, competitors
and herbivores). The interplay of these biotic factors with evolutionary
processes, functional trait plasticity and the introduction of different
genotypes canshape the success and spread of invasive species across
varying climatic conditions”.

Invaders may experience slow population growth (lags) because
they were introduced to habitats with marginally suitable climatic
conditions. Once the invaders manage to disperse (or new introduc-
tions occur) into regions with climate conditions that they are more
adaptedto, arapidincreasein their abundance may follow. Changesin
the geographical range (that s, dispersal orindependentintroduction
toanew geographical region) and geographicalinfilling canexpose the
invader to novel climate conditions leading to a difference between the
observed lag and post-lag climates. To test whether the climate dis-
similarity is driven by exploring new environments through dispersal,
we quantified the degree of geographical expansion as the percentage
of post-lag points that occur outside the geographical domain of the
lag records. Geographical expansion ranged from the post-lag range
being entirely contained within the lag geography (0%) to complete
separation (100%), with amean of 51% of the post-lag records in novel
geographies. Furthermore, the geographical expansion was negatively
correlated with the climate novelty in the United States (r=-0.41,
P<0.001, n=229), Britain (r=-0.38, P< 0.001, n=119) and Australia
(r=-0.35,P<0.001, n=124). While these regions account for 85% of
test species, we observed no significant correlation in other regions.
Theseresults suggest that climate differences between the twoinvasion
phases may not simply result from geographical expansion.

To further investigate the hypothesis that the lag phase is related
to climate discovery, we compared climate envelopes in non-lag species
(n=1,849) by randomly splitting their time series into two subsets while
maintaining the chronological order of records, asif their invasions had
undergone lag-expansion phases. Aswe did tospecies withareallag phase,
we then calculated the Mahalanobis distances between the centroids of
the climate envelopes associated with these two subsets. The distances
fornon-lag species were significantly smaller than those of the lag species
(Supplementary Fig. 4), implying that shifts in climate space in lag spe-
cies cannot be obtained by chance or simply due to samplingissues. The
distance between the centroids of thelag and post-lag climate envelopes
showed a decrease with an increasing sample size during the lag period
(Supplementary Fig. 6). This suggests that species with larger population
sizes during the lag phase may experience smaller shifts in their climate
conditions during subsequent expansion. Alternatively, anincreased sam-
plesize could alsoindicate that the species’ climate space hasbeen more
accurately delineated. Using a multivariate approach*?, we found that
annual meantemperature is the mostinfluential climatic variable, leading
todifferencesbetweenthelagandpost-lagphasesinmostregions (Table3).
For almost all regions, the post-lag period can be described by lower
annual mean temperatures than the lag period, implying that most spe-
cies have dispersed to colder areas as they expanded their range limits
(Fig.4).Acolder climate during post-lag canresult frommovingto higher
altitudes, as found in another study®®. Despite the partial temporal mis-
match of the climate data concerning the time range of the occurrence
records, it is necessary to use the climate data from a single period®
to avoid the confounding effect of climate change. If climate data are
extracted according to the time of specimen collection, then the differ-
ence between lag and post-lag climatic niches will not be the pure result
of invasion dynamics but also the climate changes over time. Climate
change, however, might have contributed to the termination of the lag
phase, perhaps by making previously climatically unsuitable regions more
suitable, particularly in species withlong lag times and generation cycles.

While several cases of improved habitat suitability and associ-
ated range extensions were studied using species distribution models
(SDMs)*"*8, none account for the temporal dynamics of invasions. There
is also evidence of niche shifts through post-introduction evolution,
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Table 3 | Climate niche differences between lag and post-lag periods in naturalized plant species from nine regions and

Blomberg's K test results for detecting phylogenetic signals

Region Num!)er of Nt‘.lmb'er of species MIv Blomberg’s K test
comparison®
Australia 124 98 (79.0%) Annual mean temperature (25.0%) 0.06 0.77
Ireland?® 23 16 (69.6%)° Annual mean temperature (18.2%) 0.33 0.10
Japan 21 13 (61.9%) Precipitation seasonality (19.1%) 0.35 0.42
Madagascar 59 4 (80.0%) Precipitation of wettest quarter 113 0.06
(40.0%)

New Zealand (North Island) 0 NA* NA* NA NA
New Zealand (South Island) 59 4 (80.0%) Annual mean temperature (40.0%) 1.00 1.00
South Africa 27 6(22.2%) Annual mean temperature (37.0%) 0.83 0.15
United Kingdom® 119 106 (89.1%) Annual mean temperature (20.2%) 0.05 0.24
United States 229 199 (86.9%) Annual mean temperature (22.7%) 0.04 0.83
All regions 553 446 (80.7%) Annual mean temperature (23.3%) 0.02 0.35

A randomization test with 1,000 iterations was used for statistical significance of the climatic niche shift. MIV, most influential variable. *No data available after filtering. °Including Northern
Ireland. *Excluding Northern Ireland. °From the species pool with significant lag phases (Table 1), only those with 15 records per invasion phase were analysed. “Values in parentheses indicate
the percentage of species with a significant climatic niche difference between the lag and post-lag phases. °MIV is the climate variable with the most significant contribution to climate
differences (novelty) between the lag and post-lag phases. MIV was determined for each species, and the most frequent MIVs for each region are reported in the table. Values in parentheses
indicate the percentage of species with the same MIV. ‘The larger the value of K, the stronger the phylogenetic signal; that is, close relatives are more similar than expected under a Brownian
motion evolutionary model. °“The phylogenetic results may be unreliable and are not considered in the conclusion as the assessment has been made using a low number of species.

allowing some aliens to establish beyond their preadapted environ-
ments reflected by the fundamental niche?*”*¢°, Qur study points
towards niche shifts as a potential driver of terminating the lag phase.

Our understanding of the early phases of biological invasions is
poorandretrospective, and recognizing thelagand its potential drivers
isessential to predict and manage biologicalinvasions better. Our find-
ings show that ‘sleeper weeds” can become ‘awake’ once moved to new
locations, highlighting the necessity of better quarantine legislation
to minimize the chance of propagule dispersal to climatically suitable
areas. Our results show that many species with lags have undergone
very long time lags. Such lag periods make predictions about the full
potential invasion extent highly unreliable. Any judgement about the
fate of an introduction based on its past and present status can be
underestimated as a lag phase will mask the true spread potential of
an alien species. Risk assessment schemes should not take the status
of aliens for granted, as they can give rise to future invasive problems
once they land in the right place. As changes in the climate niche can
beassociated with the ending of the lag phase, incorporating invaded
range datainto SDMs*® is deemed beneficial to project suitable habitats
attherisk of post-lag colonization. Incorporating the temporal dynam-
ics of invasions and their phases into SDMs may yield more realistic
predictions of the fate of invasions®. Understanding the complex
interplay between biotic factors, evolution and climate is crucial for
comprehending the mechanisms underlying invasion success and
predicting the potential impacts of invasive species on ecosystems.
The consistency of our results across regions suggests the existence
of general patterns in invasion dynamics. This finding challenges the
prevailing notion thatinvasions are idiosyncratic phenomena®®*. This
shared patternacrossregions supportsthe notion that certainunder-
lying mechanisms and processes may drive invasion dynamics more
generally than previously assumed. By highlighting these findings, we
contribute to the growing body of evidence®* that challenges the view
of invasions as purely idiosyncratic events.

Methods

We obtained 12,538 time series of naturalized alien plant species based
on herbaria data for Australia, New Zealand, Ireland land-mass (the
Republic of Ireland and Northern Ireland), United Kingdom (exclud-
ing NorthernlIreland),Japan, Madagascar, South Africaand the United

States. For Australia, alist of naturalized alien plants (2,416 species) was
acquired from the compendium of the introduced flora of Australia®.
This species list, adopted in previous studies®®, was used to obtain
historical (date of specimen collection) and geographical (longitude
and latitude) information from Australia’s Virtual Herbarium®. For
New Zealand’s North Island and South Island, previously studied**
occurrencerecords of 387 species from the Allan Herbarium database®®
were analysed separately. A subset of the global naturalized alien flora
(GloNAF) database® was queried to extract naturalized alien species for
theremainingsix regions. Georeferenced occurrence records from the
Global Biodiversity Informatics Facility’® were verified for consistency
and completeness in taxonomic names, geolocation and collection
dates. Species names were taxonomically validated using the Integrated
Taxonomic Information System (http://www.itis.gov), and synonyms,
subspecies and varieties merged to the species level while infraspecific
taxonomicranks (forexample, hybrids, cultivars, forms) were removed.
Wealsodiscarded duplicates, non-georeferenced records and records
without a collection date for each species. The analysis was restricted
to pre-2014 data to account for the potential delay between the data
collection and database entry**””!, The lag phase analysis included only
species with aminimum of 15 occurrence records*”>”>, A total of 5,711
time series satisfied all the above requirements (Table 1).

We obtained information on plant traits using the TRY plant trait
database™, Traitbank of the Encyclopaedia of Life”*, BioFlor’, The Eco-
logical FloraDatabase””, the PLANTS Database’, the Apomixis Database”
andanonlineassisted literature research. The compiled datafromonline
and offline databases are available upon request from the authors.

The cumulative number of herbarium records (or occupied grid
cells) plotted against time is often used to interpret the temporal tra-
jectories of invasions, including the possibility for the existence of lag
phases**7>7*%9 However, both logical and statistical problems exist
with parametric regression models fitted to these data to detect a lag
and estimate its length*’. For example, the first part of an exponential’
or logistic® model has been mistakenly regarded as a lag phase, while
these models are monophasicand do notinclude two distinctive periods
of slow and rapid growth. A recently suggested method* resolves this
problem by fitting atwo-segmented regressionin which the first phase
hasasmallerslope (depicting slower growth during the lag phase) than
the second phase (depicting more rapid growth during the expansion
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phase). However, the use of cumulative data violates the assumption of
independence in statistics®, and the use of asymptotic models as their
best candidatesimplies that the rate of specimen collection dropstozero
after the second phase of the invasion, which does not seem logical*.

Perhaps the most serious challenge in modelling time series to
estimate time lags in invasions relates to biases in sampling intensity
over time and space of herbarium records, which is particularly poor
and sparse during the early stages of invasions®2. Using herbarium data
to construct invasion histories or as a surrogate for the abundance of
aspecies assumes that the collectionis constant. However, collection
efforts canvary over time owing to changes in awareness, the number of
collectors, and environmental protection or invasive species manage-
ment policies, leading to a temporal trend that may resemble phases
of slow and rapid increase**’*>%*, We have developed an improved
statistical method for detecting and estimating lags from herbarium
data, which directly models the annual collection rate rather than using
the cumulative number of records. The model uses the total number
of specimens of alien plant species collected each year as a covariate
toallow for variability in the overall alien species collection effort. Our
model accounts for the multiphasic nature of invasions by fitting a
generalized additive model with piecewise linear splines and alog-link
function (see ref. 41 for more details). A separate model was fit to the
time series of each species (withinaregion) individually, and the num-
ber and position of knots were determined through amodel selection
procedure that aims to minimize the Akaike information criterion*.,

Differencesin climate envelopes can be measured based on either
the position of the centroids or the degree of overlap between climate
envelopes.

We haverecently developed anovel multivariate statistical method
for comparing climate envelopes that use the Mahalanobis metric, D%,
to calculate the distance between the centroids of two multidimen-
sional climate envelopes®. Anellipsoid encompassing the datais drawn
using Mahalanobis D¥. For each point (x;) in the multivariate space of
climate data, its distance (D;) from the centroid (x)is calculated using

Mahalanobis distance: D; = 1/ (x; — x)"C-1(x; — x) where C 'istheinverse

of the covariance matrix (superscript T indicates the transposed
vector-matrix). The maximum D values (D,,,,) were used to delineate
anellipsoid thatincludes all data points. As mentioned above, climate
difference can be measured with respect to the position of centroids
and the magnitude of overlap between two climate envelopes. To test
forashiftinthe position of centroids, we first calculate Dbetween the

two centroids (thatis, lag versus post-lag niche): D = /( V- ;_c)TS—l(y -X),

where x and y are the centroids of two climatic envelopes (lag and
post-lag niches, respectively), and S is a pooled covariance matrix of
the two climate envelopes. D varies from O to infinity, with larger D
values indicating larger differences (distances) between the two cli-
mate envelopes. Arandomization test was used to test for the statistical
significance of Dthe centroids of two climatic envelop. To test whether
the distance between the two climatic niches cannot be obtained by
chance, the combined data of two climate envelopes (lag and post-lag
phases) were split randomly, preserving the original number of records
per phase. This process was repeated 1,000 times, calculating the
distance between these two new groups. The distance between the two
climatic envelopesis concluded to be significantif the original D value
islarger than or equal to the 95th percentile inrandomly generated D
values. A Pvalue is also estimated as the proportion of D values from
randomized datasets smaller than or equal to the observed D.

The deviation of post-lag climate from that of the lag might have
resulted simply from the species sampling of new climates as they colo-
nize new areas and hence may have nobearing ontherole of climatein
terminating the lag phase. To address thisissue, we conducted asimilar
climate analysis, as described above, on non-lag species that had at
least30 records (n=1,849). We randomly split the time series of these
non-lag species into two subsets (while maintaining the chronology

of records) as if their invasions have undergone a biphasic trajectory,
thatis, lagand expansion phases. We then calculated the Mahalanobis
distances between the centroids of the climate envelopes associated
with these two subsets and repeated this randomization 1,000 times.
We then compared the Mahalanobis distances for non-lag species
against those for species with true lags. If Mahalanobis distances for
non-lag species are smaller than those of the lag species, then there is
compelling support that climate shifts in lag species cannot solely be
obtained through the sampling of new climates during the range expan-
sion, butrather, climate has played arolein terminating the lag phase.

To calculate the degree of novelty (overlap) of the post-lag climate
relative to the climate of the lag period, we calculated the proportion
of data points from the post-lag period that falls within the climate
ellipsoid of the lag period. The lag climate ellipsoid was drawn using
the D,,,,,, whichis the maximum Mahalanobis distance observed within
the climate space of the lag period. To determine whether arecord (x;)
from the post-lag climate falls inside the lag ellipsoid, we need to cal-
culate the distance of that point (Dlx) from the centroid (y) of the lag

data: ¥ =/ (x; —X)TC;I(x; _X),where C,isthe covariance matrix of lag

data.If DY > Dy, it means that the post-lag record iis outside the lag
ellipsoid and thus represents anovel point (that s, climate niche exten-
sion). If D} < Dy, the post-lag record i locates within the ellipsoid of
the lag climate. Therefore, post-lag climate novelty is the number of
post-lag records satisfying D < Dy, divided by the total number of
post-lagrecords.

For species with significant climate differences, we identified the
climate variable that contributes the most to the differencesin climate
spaces of lag versus post-lag phases following a previous study*>. The
Mahalanobis distance (between the centroid of two climate spaces)
will attainits largest valueif all covariates are used to construct the cli-
matic niche and will decrease with the number of covariates removed.
A climate variable has a high contribution to climate difference if its
omission (while keeping all other variables) resultsin alarge reduction
of the Mahalanobis distance compared with the climate comparison
thatincludesall variables. We iteratively dropped climate variables (one
atatime). Werecalculated the magnitude of reductionin Mahalanobis
distances between the lag and post-lag centroids to identify the most
influential variable in driving the lag versus post-lag climate differ-
ences. All analyses were conducted in MATLAB (R2020a) and R%¥’,

Climate data representative of current conditions (1950-2000)
were extracted from the WorldClim database at a spatial resolution
of 2.5 arc minutes®, For each occurrence record, we extracted the
climatic values from eight Bioclim variables that are reflective of the
average (annual mean temperature and precipitation), extreme (mean
temperature of the warmest and coldest quarter, precipitation of wet-
testand driest quarter) and variability (temperature and precipitation
seasonality) of hydrothermal conditions. These climate variables are
considered relevant to the ecology of plant species and have been
widely used in modelling their distributions®*!, It may be desirable
to use more detailed climatic data; however, such data are not widely
available or not thoroughly tested, especially for acomparative study
across 12,538 time series. Despite the partial temporal mismatch of the
climate datato thetimerange of the occurrence records, it is necessary
to use the climate data from a single period to avoid the confounding
effect of climate change. Suppose climate data are extracted according
tothe time of specimen collection. In that case, the difference between
lag and post-lag climatic niches will not be the pure result of invasion
dynamics but also that of changes in climate over time. All previous
studies have used the climate conditions of asingle period (current) for
testing niche shiftsininvasive species (for example, refs.37,38,92,93).

Dispersal of the invader into different geographical regions can
resultin differences between the lag and post-lag niches through expo-
sure to novel climate conditions. Based on the georeferenced occur-
rence data, we quantified the post-lag points that occur outside the
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geographical range of the lag records, calculating kernel densities for
tenlevels of the lag points. To remove low-density areas encompassing
outliers, we selected the third-lowest density level, comprising about
three-fourths of all lagrecords asapolygon delimiting the geographical
range of lag occurrences. We calculated the ratio of post-lag records
falling outside this density level.

We test the hypothesis that species with a lag phase or climate
shift during the expansion phase are more phylogenetically related
than species with no significant lag or climate shift. Species shared
across the nine regions were used as a yardstick of the robustness of
predictions made using phylogeny analysis.

Aphylogenetic analysis was used to summarize phenotypic (dis)
similarity, given that the evolutionary divergence times correlate with
ecological differences’*. First,acomposite phylogeny of all species
was constructed using the publicly available ‘supertree’ from the
‘brranching’ package in R%. Next, the branch lengths were calculated
using Grafen’s method”” using the ‘compute.brlen’ function of the R
package ‘ape’®®. After species were pruned from this tree depending
on data availability, we used Blomberg’s K**** to test for phylogenetic
signal, aquantitative measure of the degree to which phylogeny pre-
dictsthe ecological similarity of species, here magnitude of lag phase
or niche shift. K values near O indicate a lack of phylogenetic signal.

By contrast, values close to or above lindicate a strong signal
for Brownian trait evolution, that is, a tendency for related species to
resemble each other. To construct 95% confidence intervals around the
observed K, the lag length (or climate novelty) was permuted across
the tips of the phylogenetic tree (thatis, among species) 1,000 times.
The correspondingKis recalculated®*””. The comparative trait analysis
needstobe corrected for phylogeny, as closely related species violate
the assumption of statisticalindependence. We used generalized esti-
mating equations toaccount for evolutionary history, incorporating a
phylogenetic distance matrix into a general linear model'®°.

A summary of the major steps to collate and analyse the data is
givenin the flow chart shown in Supplementary Fig. 3.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

For Australia, a list of naturalized alien plants was acquired from the
compendium of the introduced flora of Australia® and the correspond-
ingoccurrence records were extracted from Australia’s Virtual Herbar-
ium (https://www.ala.org.au)®””. New Zealand’s data were obtained from
literature**"°, The GloNAF database is available in the literature®*'
and was queried to extract species lists for the remaining six regions.
Georeferenced occurrence records were extracted from the Global
Biodiversity Informatics Facility (https://www.gbif.org). Trait data
were extracted from TRYDB (https://www.try-db.org). Climate data
were downloaded from the second version of the WorldClim dataset
(https://www.worldclim.org/data/worldclim21.html). All data are avail-
able online andin theliterature.

The minimum dataset comprises the naturalized species lists sourced
fromthe GloNaf database, the compendium ofthe introduced flora of
Australia® and previous studies**” and is available under the CCBY 4.0
licence (https://doi.org/10.26188/24782898).

Code availability
The analysis hasbeenimplemented using existing packages referenced
inthe text. Implementation scripts are available on request.
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