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It is thought that future climate change is likely to foster biological invasions, but effects of cli-
mate warming on invasions in recent decades are little explored. In this paper, we analyse the his-
tory of the spread of Ambrosia artemisiifolia (common ragweed) in central Europe in order to
determine the effects of climate warming. In addition, we infer the likely history of this species’
spread and current distribution from incomplete documentation. The area studied in central
Europe includes Austria, the Czech Republic, Germany, Hungary, Liechtenstein, Slovakia,
Slovenia and Switzerland. These countries were represented by a lattice of grid cells of size 5' × 3'
(~ 6 × 6 km2), and we modelled this species’ increase in range in this grid from 1900 to 2010 at an
annual resolution. The spread was modelled to be driven by the spatio-temporal variation in envi-
ronmental suitability of grid cells as determined by climatic conditions and land use, propagule
production and dispersal from invaded cells, and ‘background’ introductions from unknown
sources. A hierarchical Bayesian modelling approach accounted for lagged and incomplete
records of occurrence and spatio-temporal variation in sampling intensity. We fitted models with
different representations of climate variation over time, and further contrasted the hierarchical
model to a simplified model, which assumed that records accurately reflected the species’ actual
spread. Climatic conditions were the most important determinants of environmental suitability
for invasion, and suitability also increased with increase in the proportion of urban area and length
of railways in grid cells. Temperature was, on average, 2.7 °C higher in the environmentally more
suitable cells than in the less suitable cells. The pattern in the spread was determined by local
range expansion from multiple, spatially scattered points of introduction. Assuming a linear trend
in climate warming over the modelling period provided a better model fit than using annual
weather conditions or the long-term average of the climate. The model estimated that by 2010
only about 60% of the actually invaded grid cells were recorded, and records lagged behind actual
colonizations by years up to decades. Inferences of the hierarchical and simplified models dif-
fered quantitatively. We conclude that by using our modelling framework it is possible to separate
spatial effects of climate on the spread of non-native species from temporal effects, and that cli-
mate warming has already promoted the spread of Ambrosia artemisiifolia in central Europe. The
recorded distribution reflects only a part of this species’ actual distribution. Properly accounting
for incomplete records hence improves inferences about the dynamics of spread.
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Introduction

The rate at which humans move species around the globe has greatly increased over the
course of the 20th century. As a consequence, more than 1.5 species, on average, are cur-
rently establishing per day somewhere outside their native range (Seebens et al. 2017).
Some of these species become invasive, i.e. they rapidly spread over large areas with
potentially severe effects on native ecosystems or human societies (Vitousek et al. 1996,
Pyšek & Richardson 2010, Vilŕ et al. 2011, Blackburn et al. 2014). These biological inva-
sions are driven by a plethora of interacting factors, which essentially structure around
biological traits of alien species and recipient communities, propagule pressure,
biogeographical history and the environment of the invaded territory (Catford et al. 2009,
Pyšek et al. 2017).

Climate is an ecologically important component of the environment. A changing cli-
mate, therefore, is likely to have ramifications for biological invasions. In particular, cli-
mate warming is expected to increase the likelihood and frequency of invasions (Dukes &
Mooney 1999, Ward & Masters 2007). The mechanisms involved may include increased
disturbances and destabilization of resident communities (Gilman et al. 2010, Diez et al.
2012), opening up new introduction pathways (Hellmann et al. 2008) or allow the survival
and reproduction of potential invaders in areas that were previously climatically unsuitable
for successful colonization (Ward & Masters 2007, Walther et al. 2009, Mainka & Howard
2010). While a pronounced climate warming is expected in future decades, a clear trend of
increasing temperatures was already recorded during the last decades of the 20th century
and early 21st century (Stocker et al. 2013). However, while range shifts of native species
in response to recent climate warming are well documented (Root et al. 2003, Parmesan
2006, Chen et al. 2011) and similar effects on alien species ranges are expected (Bradley et
al. 2010, Dullinger et al. 2017), the actual imprint of this recent climate warming on the
spread of biological invaders remains little explored (Walther et al. 2007). A likely reason
for this is the difficulty of detecting ‘fingerprints of climate warming’ in the progress of an
inherently dynamic invasion. In the course of biological invasions, continued introduc-
tions, local population build-up, the spread from established invasion foci and lag times
(Sakai et al. 2001, Allendorf & Lundquist 2003) typically result in continuous changes in
species distributions and local abundances for a long time, irrespective of changes in the
environment. As many alien species frequently colonize disturbed habitats (Chytrý et al.
2008), the dynamics of spread may also be driven by changes in the environment other than
climatic conditions, for example by changes in land use and disturbance regimes. More-
over, disentangling climate effects from those of other determinants of biological invasions
is hampered by a commonly unsystematic and often biased recording of the development
of spread (Delisle et al. 2003, Meinesz 2007). The actual spread and its documentation may
be separated by variable spatio-temporal time lags (Aikio et al. 2010). As a result, available
records are often of a spread in which the colonization dynamics and climatic trends are
decoupled because of an erratic detection history.

A promising way of understanding the role of individual putative drivers in biological
invasions is to model the documented spread in space and time (Hastings et al. 2005). In the
case of incomplete documentation of spread, hierarchical modelling approaches, which
represent actual spread and detection processes as separate model layers, are of particular
interest (Wikle 2003, Bled et al. 2011, Broms et al. 2016). Here, we apply such an approach
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to disentangle a possible signal of climate warming in the invasion history of Ambrosia

artemisiifolia (common ragweed) in central Europe. For this purpose, we analyse how
spatio-temporal variation in climate (temperature and precipitation) and land use (cropland
area, urban area, length of motorway and railway networks) has driven this species’ spread
by changing the suitability of local environments for invasion. Moreover, we infer the
imperfectly recorded, and hence unknown, actual distribution of this species. We hypothe-
size that (i) spatial gradients in climate and land use had a profound effect on the pattern of
spread, (ii) recent climate warming has accelerated the invasion, and (iii) the documented
species distribution represents only a part of the actual distribution. In addition, we assess
the effect of lagged and incomplete records of occurrence on the conclusions drawn from
the analysis by contrasting the inferences from the hierarchical model with those from
a technically simplified model, which assumes perfect detection.

Materials and methods

Spread of Ambrosia artemisiifolia in central Europe

Ambrosia artemisiifolia L. (Asteraceae) is an annual herbaceous plant native to central North
America, adapted to temperate climates (Bullock et al. 2012, Essl et al. 2015, and refer-
ences therein). Individuals are from several centimetres up to 2.5 m in height. This spe-
cies is wind-pollinated and monoecious, and strong self-incompatibility results in high
levels of outcrossing (Friedman & Barrett 2008). Ambrosia artemisiifolia reproduces
exclusively by seed. Seed ripening is terminated by autumn frost, which kills the adult
plant, and seed dormancy is broken by winter temperatures (Chapman et al. 2014). The
number of seeds produced per plant varies with region and habitat, but typically ranges
from several hundred up to many thousand per plant (Fumanal et al. 2007, Essl et al.
2015). Seed dispersal by wind is restricted to the immediate vicinity of the mother plant,
and dispersal by animals and water (e.g. along rivers or in floodwater) is of minor impor-
tance (Bullock et al. 2012). Most long-distance dispersal is mediated by human agency
and occurs via trade in contaminated goods such as grain and other agricultural products,
planting seed, bird seed (Chauvel et al. 2006, Chapman et al. 2016), seeds sticking to
agricultural and mowing machinery (Karrer et al. 2011) and traffic in general (Essl et al.
2009). Seed persists in the soil seedbank for several decades and a site once colonized
hence remains occupied for a long time (Fumanal et al. 2008). Ambrosia artemisiifolia is
of considerable public health concern as this species’ wind-blown pollen is highly aller-
genic (Smith et al. 2013).

Ambrosia artemisiifolia has been introduced into areas with temperate climates glob-
ally (Essl et al. 2015). In Europe, the first records are from the 19th century, but the spe-
cies did not start to spread and naturalize until the first decades of the 20th century (Bull-
ock et al. 2012, Essl et al. 2015, and references therein). Range expansion accelerated
considerably in the late 20th century. In temperate Europe, this species occurs mainly in
warmer lowland areas. Climatic conditions are an important invasion filter, in particular,
where this species’ potential distribution is limited by low temperatures in northern Europe
and montane regions, and by moisture stress in southern Europe (Chapman et al. 2014,
Leiblein-Wild et al. 2016). Climate warming in future decades is predicted to consider-
ably enlarge the area in Europe where climatic conditions are suitable for invasion by

Mang et al.: Climate warming drives invasion history of Ambrosia artemisiifolia 61



A. artemisiifolia. Specifically, higher average temperatures during the growing season
and later onset of autumn frost may cause an expansion in this species’ range towards
northern Europe (Cunze et al. 2013, Chapman et al. 2014, Storkey et al. 2014). Ambrosia

artemisiifolia is a poor competitor (Leskovšek et al. 2012) and mainly thrives in dis-
turbed open habitats in and around human settlements, agricultural fields, roadsides and
along railway tracks (Essl et al. 2009, Pinke et al. 2011, Skálová et al. 2017). This species
prefers nutrient-rich soils but can grow under a range of nutrient and salinity conditions
(DiTommaso 2004, Skálová et al. 2015).

Study area and period

The area in central Europe studied includes Austria, the Czech Republic, Germany, Hun-
gary, Liechtenstein, Slovakia, Slovenia and Switzerland (Fig. 1; see also Mang et al.
(2018)). These countries span an area of over 700,000 km2 and cover a range of temperate
climates with more oceanic conditions in the north, lowland continental areas in the east
and south-east, and cool montane to alpine climates in the Alps situated in the south and
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Fig. 1. – The chronology of the first records of Ambrosia artemisiifolia occurring in eight countries in central Europe
during the period 1900–2010. Grid cell size is 5' × 3' (~ 6 × 6 km2) and the study area spans over 700,000 km2.
Map projection: Lambert azimuthal equal-area.



south-west in the study area. This area was represented by a lattice of grid cells of size
5' × 3' (~ 6 × 6 km2) corresponding to the Central European Floristic Mapping Project
(Niklfeld 1998), comprising a total of 22,451 cells. We modelled the spread of A. artemisii-

folia in the study area from 1900 to 2010 at an annual resolution. In parallel with the
global trend, in the late 20th century the average temperature in the study area also
increased (Fig. 2). The mean temperature in the growing season (April–October) during
the period 1980–2010 was 0.65 °C higher than during the period 1900–1979.

Species distribution data

Species records were compiled from many different sources (e.g. floristic publications,
floristic mapping projects, major herbaria, unpublished records of the authors and of col-
leagues). The records were mapped to one of the 22,451 grid cells and the dates (years) of
the records were extracted from the original source (Electronic Appendix 1). A total of
11,800 records indicate that 3,598 cells were invaded by this species by 2010 (Fig. 1,
Table 1). Records were condensed to time of first detection in each grid cell by using the
date of the earliest record for each cell.

Sampling intensity varied both in time and across the study area. Average sampling
intensity differed across countries, and increased with the onset of the Central European
Floristic Mapping Project in 1970 (Niklfeld 1998). Moreover, once this species was rec-
ognized to be a particularly detrimental invasive plant, there was a focus on recording
A. artemisiifolia occurrences in select regions and years. In our modelling, this spatio-
temporal variation in sampling intensity is explicitly represented.
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Fig. 2. – Annual time series (dot-dash line) and 10-year moving average (solid line) of the mean temperature
recorded during the growing season (April–October) in the study area. The study area comprises eight coun-
tries in central Europe (see Fig. 1).



Table 1. – The number of Ambrosia artemisiifolia records from 1900 until 2010 for the eight countries studied
in central Europe, the number of grid cells for each of these countries in the models’ lattice system and the num-
ber of grid cells with records.

Country No. records No. grid cells No. grid cells with records

Austria 5,408 2,441 549 (22.5%)
Czech Republic 430 2,437 129 (5.3%)
Germany 1,076 11,422 618 (5.4%)
Hungary 3,406 2,747 1,825 (66.4%)
Liechtenstein 0 5 0 (0%)
Slovakia 414 1,490 141 (9.5%)
Slovenia 423 631 189 (30.0%)
Switzerland 643 1,278 147 (11.5%)

Study area 11,800 22,451 3,598 (16.0%)

Model overview

The model used in this study builds on a recently developed hierarchical modelling
framework (Mang et al. 2017). In this framework, an invasion process layer represents
the actual spread of the species by modelling the time of first invasion in each grid cell,
and a separate observation process layer represents the history of the records by model-
ling the times when species occurrences were first detected (and recorded). In our model,
we assume that the species persists in a grid cell once invaded, and that detection may lag
behind the initial invasion by an unlimited period of time. Consequently, the first record
for a particular cell is the latest possible time when this cell was actually invaded, and
cells where the species has not been recorded so far may nevertheless already be invaded.
The actual times of the initial invasion of the grid cells remain unknown but are inferred
by means of statistical model fitting. For model details see Electronic Appendix 2.

Invasion process

Cells unoccupied at a given time are potential recipient cells exposed to an invasion risk.
The magnitude of this invasion risk depends on the environmental suitability of a recipi-
ent cell for this species, the fecundity of populations in source cells (i.e. those cells that
are already invaded at a given time) and the geographical distance between recipient cell
and source cells. We further use ‘background’ introductions as a global propagule source
that is independent of invaded source cells in the study area and represents, for example,
introductions via international trade of planting and bird seed commodities that are
known to be important in the case of A. artemisiifolia (Chapman et al. 2016).

In our model, environmental suitability of grid cells varies spatio-temporally and is
given using a log-linear model component:

S t
a

a
i

ii t( ) ,� ��ev � , (1)

where vi,t is the vector of environmental attributes of cell i at time t, � is the vector of asso-
ciated weighting parameters (to be estimated by model fitting), ai is the cell’s terrestrial
area, and a is the mean terrestrial area across all cells. In this representation, environmental
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suitability is a relatively-scaled measure where Si(t) = 1 is the threshold that separates
negative from positive effects of cell attributes on suitability. Environmental attributes
vary over time. In accord with this species’ preferences we used the following six vari-
ables to characterize the environment: mean temperature and total precipitation during
the growing season (April–October); the proportion of cropland area and of urban area;
and the length (scaled relative to area) of motorway and railway networks (Dullinger et
al. 2009, Joly et al. 2011). Non-climate variables were log-transformed to improve sym-
metry and reduce the effect of outlier values. All variables were standardized and the
magnitudes of the obtained parameter estimates hence represent relative effect sizes. For
details on data sources and data processing see Electronic Appendix 3.

Accounting for environmental suitability and the various propagule sources, for recip-
ient cell i the invasion risk as a function of time is given by
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where �(t – 1) is the set of cells already invaded at the given time (i.e. potential source
cells; we use an offset of one year as A. artemisiifolia produces seed at the end of a grow-
ing season and germination occurs in spring), Rj(t – 1) is a source cell’s estimated inva-
sion level (see below) at that time, the parameter � is the propagule production rate of
source cells per unit invasion level, f2D(di,j) is the kernel function for dispersal from
a source cell to the recipient cell in two-dimensional space dependent on the geographical
distance between the cells, di,j (the Euclidean centroid-to-centroid distance, in km), and
the parameters � and �b define the rate of background introductions. We used the approx-
imation Rj(t – 1) = Sj(t – 1) to reflect long-term average differences in invasion levels
among cells, which differ in environmental suitability and, specifically, to represent dif-
ferences in source strength among invaded cells. The parameter � scales the rate of spread
from source cells to recipient cells at the grid cell level. To derive f2D(di,j), we projected
the one-dimensional kernel function f1D(di,j) = di,j

–�, where � is a shape parameter, into
two-dimensional space and normalized it (Electronic Appendix 4). The parameter �

defines the generic background introduction rate, and the parameter �b provides an addi-
tional boost applicable only to the model start time, ts (via the indicator function 1), to
determine the number of initially invaded cells. In numerical terms, equation (2) defines
a rate, with higher values of gi(t) corresponding to earlier expected invasion time (for
details see Electronic Appendix 2 and Mang et al. (2017)).

Observation process

The observation process models the delay between first invasion of a grid cell and first
detection of the species’ occurrence in that cell (Mang et al. 2017). In our model, detection
efficiency varies spatio-temporally. For invaded cell i detectability as a function of time is:

h t R ti i

i t( ) ( ) ,� � � �
�

� em � , (3)

where the parameter � defines the base detection rate, the parameter � relates modelled
invasion level to detectability, mi,t is the vector of sampling intensity attributes of the cell
at time t, and � is the vector of associated weighting parameters (to be estimated by model
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fitting). We used the following variables to describe spatio-temporal differences in sam-
pling intensity and thus to also account for spatio-temporal biases in the distribution data:
(i) human population density in and around a given cell and year (log-transformed and
standardized); (ii) whether a year was prior to the onset of the Central European Floristic
Mapping Project in 1970 (a binary indicator variable); (iii) the degree of intensified sam-
pling for A. artemisiifolia in particular regions and years, measured continuously in [0,1]
as a cell’s share of the area in regions with intensified sampling; and whether (iv) a grid
cell was in Germany, or (v) in the group Czech Republic, Slovakia and Slovenia (both
variables measured continuously in [0,1] as a cell’s share of the area in these countries).
In Austria, intensified sampling for A. artemisiifolia occurred in select political districts
since 1996 and in additional districts since 2005. In Hungary and Switzerland, intensified
sampling started in 1995 and 2005, respectively, but this information was only available
at the country level. Intensified sampling resulted in a strong increase in the number of
records from these countries. Effectively, the latter three variables make it possible to
estimate separate detectability for (a) the set of countries composed of Austria, Hungary,
Switzerland and Liechtenstein under either (a-1) non-intensified sampling (given implic-
itly by the base detection rate), or (a-2) intensified sampling; and further, the long-term
average detectability for (b) Germany, and (c) the set of countries composed of the Czech
Republic, Slovakia and Slovenia. For details on data sources and data processing see
Electronic Appendix 3. In numerical terms, equation (3) defines a rate, with higher values
of h ti ( ) corresponding to earlier expected detection time (for details see Electronic
Appendix 2 and Mang et al. (2017)).

Non-hierarchical model

To investigate whether the observation process might affect the conclusions drawn from
our analysis, we also used a simplified model that ignored observation issues and
assumed that the documented spread accurately reflected the actual spread. In this model,
record dates were thus directly used as the cells’ invasion times. This simplified model
uses only the invasion process layer and is therefore non-hierarchical. For model details
see Electronic Appendix 2.

Model versions

The main purpose of our study was to detect a potential effect of recent climate change on
the invasion history of A. artemisiifolia in the study area. To separate spatial effects of cli-
mate from temporal effects, we fitted three models with different representations of cli-
mate variation over time to the species’ regional spread between 1900 and 2010. In the
first model, climatic conditions in the individual cells were treated as constant over time
and set to the average temperature and precipitation values recorded over the modelling
period. Spatial climate variation was thus retained but temporal climate variation was
eliminated. In the second model, climatic conditions were represented by an annual time
series of temperature and precipitation values for each cell. This model integrates the
available information at the most detailed level and is, therefore, henceforth called the
‘main model’. In the third model, climate warming was represented in a simplified way,
namely as a linearly interpolated trend series. For temperature, we used the (per cell)
regression line from regressing annual temperature values against years. For precipita-
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tion, to account for its negative correlation with temperature in the study area, we first
assessed (per cell) the expected change in precipitation per change in temperature by
using a linear regression of annual precipitation values against annual temperature val-
ues. For each year, we then calculated the difference between recorded and linearly
regressed temperature values, used this difference to predict the expected change in pre-
cipitation, and offset the annual precipitation values accordingly. All other non-climatic
descriptors of the environment were represented by annual time series of values in all
three models.

Model fitting, comparison and validation

All models were fitted to the documented spread of A. artemisiifolia using a Bayesian infer-
ence approach with Markov chain Monte Carlo (MCMC) (Gelman et al. 2004, Brooks et al.
2011). In the hierarchical model, we thus inferred parameters of the invasion process and
observation process, and the actual invasion times of all grid cells. In the non-hierarchical
model, we inferred parameters of the invasion process. Vague (marginal) prior distributions
were used for all model parameters (Electronic Appendix 5) and for each model the poste-
rior distribution was therefore nearly all exclusively determined by the data. For each
model we sampled 100,000 MCMC iterations after a burn-in period of 10,000 iterations.
For the hierarchical model this required about nine days of computing time (per individual
model). For further details on the MCMC sampling scheme see Electronic Appendix 5.

Estimates of the invasion process parameters and observation process parameters
were summarized by the median and the 95% (central) credible interval of the respective
(marginal) posterior distributions. The weighting parameters of environmental attributes
and sampling intensity attributes, � and �, respectively, have 0 as the null-hypothesis
value for a neutral effect and Bayesian kind of significance testing therefore assesses
whether the credible interval overlaps this null-hypothesis value. Estimated actual inva-
sion times of grid cells were summarized by (i) the median and the 95% (central) credible
interval of the number of cells invaded by a given reference year; and (ii) the probability
that a cell had already been invaded by a given reference year, calculated as the propor-
tion of MCMC iterations in which the estimate of the actual invasion time of a particular
cell was less than or equal to this reference year.

The three models with different representations of climate variation over time were
compared for quality of fit using the Bayesian information criterion (BIC) (Hooten &
Hobbs 2015). We used the median BIC value of the posterior distribution as reference.
A lower BIC value represents a better fit.

For model validation, we also fitted models for the period 1900–2005 using only
records up to 2005 and retained all subsequent records as independent data. We then used
10,000 draws from the respective posterior distributions (every tenth MCMC iteration),
including cells’ estimated actual invasion states by 2005, to simulate both the invasion
process and the observation process further until 2010. For the hierarchical model, we
calculated the probabilities of cells being invaded and detected as such by 2010 as the
proportion of simulation runs in which invasion and detection occurred by 2010. For the
non-hierarchical model, we calculated the probabilities of cells being invaded by 2010 as
the proportion of simulation runs in which invasion occurred by 2010. For all cells that
were not documented as already invaded by 2005 (19,374 cells in total), we then com-
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pared these probabilities against the records from the period 2006–2010 using the area
under the receiver operating characteristic (ROC) curve, AUC.

Results

Invasion process

In the ‘main model’, among the variables used to characterize the environmental suitabil-
ity (ES) of grid cells for invasion by A. artemisiifolia, temperature, precipitation, the pro-
portion of urban area per cell and the length of railway networks per cell were significant
(Table 2). Of these variables, temperature was the most important (largest parameter
magnitude), followed by precipitation. During the period 1980–2010, for cells with ES � 1
temperature (mean temperature during the growing season) was, on average, 11.9 °C,
whereas for cells with ES > 1 temperature was, on average, 14.7 °C, and further 15.9 °C
for the subset of cells with ES > 2 (Table 3). Precipitation was, on average, fairly similar
across the gradient of ES values. However, as precipitation was negatively correlated
with temperature in the study area, among cells with equal temperature the cells with
more precipitation were more suitable. The proportion of urban area was, on average,
0.09 for cells with ES > 1 but only 0.02 for cells with ES � 1. For the (area-scaled) length
of railways, this discrepancy was even more extreme with average values of 1.44 for cells
with ES > 1 and 0.17 for cells with ES � 1. In general, cells with higher ES values were
characterized by higher values of all environmental attributes except precipitation (Table 3).

Of the different climate regions in the study area, the lowland continental areas in and
around the Pannonian Basin in the south-east and the surroundings of the warm Rhine val-
ley in the west were identified as most suitable for invasion (Fig. 3A,B). Environmental
suitability was lower in regions with an oceanic climate in the north of the study area and in
montane regions. Finally, environmental suitability was minimal in the alpine regions
(Fig. 3A,B). For the major part of the 20th century environmental suitability changed only
marginally (Table 4A; median during the period 1900–1949: 0.94; and during the period
1950–1979: 0.97) and without a conspicuous spatial pattern (Fig. 3C). However, pro-
nounced climate warming during recent decades triggered a strong average increase in
environmental suitability (Table 4A; median during the period 1980–2010: 1.15) and so
throughout the study area (Fig. 3D). As a result, the number of cells with suitable environ-
mental conditions also increased strongly during the period 1980–2010 (Table 4B).

An invaded neighbouring cell was a stronger propagule source than background intro-
ductions in general, and particularly so in regions where suitable climate promoted
source strength (Table 2). The spread pattern was therefore driven by the interplay of the
establishment of scattered, initial invasion foci and subsequent local spread with expo-
nential acceleration as progressively more cells were invaded and thus functioned as
additional propagule sources. The dispersal kernel parameter estimate indicates that most
dispersal occurred within a distance of a few cells (Fig. 4, Table 2).

Observation process

The modelled invasion level within a cell had a moderate effect on the detectability of
species occurrences (Table 2). Detectability significantly increased with the human pop-
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ulation density in and around a cell. Moreover, detectability was significantly lower
before the onset of the Central European Floristic Mapping Project in 1970. Among
countries, detectability was lowest in Austria, Hungary, Switzerland and Liechtenstein
under non-intensified sampling. Detectability in Germany was not different from these
former countries, but was significantly higher in the Czech Republic, Slovakia and
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Table 2. – Parameter estimates of the invasion process and observation process for modelling the spread of
Ambrosia artemisiifolia in central Europe. In the hierarchical model, the observation process accounts for
lagged and incomplete records of occurrence. The non-hierarchical model assumes that records accurately
reflect the species’ actual spread and hence does not use the observation process. In both models an annual time
series of temperature and precipitation values is used. Estimates are stated as median (top row) and 95% (cen-
tral) credible interval (bottom row) of the marginal posterior distributions. Significance tests apply only to
parameters of environmental suitability and sampling intensity, with significant results marked by *.

Parameter Hierarchical model Non-hierarchical model

Invasion process:

Environmental suitability
�temperature 0.53*

(0.48, 0.59)
0.66*

(0.62, 0.69)
�precipitation 0.37*

(0.32, 0.41)
0.22*

(0.19, 0.25)
�cropland area 0.03

(–0.01, 0.07)
0.08*

(0.04, 0.13)
�urban area 0.10*

(0.07, 0.14)
0.09*

(0.05, 0.12)
�motorways 0.01

(–0.01, 0.04)
0.02

(–0.01, 0.04)
�railways 0.10*

(0.07, 0.13)
0.09*

(0.06, 0.12)
Dispersal, � 1.81

(1.69, 1.94)
1.08

(1.02, 1.15)
Source cells propagule production rate, � 0.022

(0.019, 0.025)
0.022

(0.020, 0.025)
Background introduction rate, � 0.00017

(0.00010, 0.00024)
0.00011

(0.00009, 0.00013)
Background introduction start boost, �b 0.0071

(0.0042, 0.0109)
0.000088

(0.000009, 0.000294)
Observation process:

Detection rate, � 0.0075
(0.0064, 0.0087)

Detection dependence on invasion level, � 0.40
(0.26, 0.55)

Sampling intensity
�human population density 0.53*

(0.43, 0.63)
�pre-1970 –0.86*

(–1.08, –0.66)
�intensified sampling in Austria, Hungary & Switzerland 4.21*

(3.98, 4.47)
�Germany 0.25

(–0.09, 0.59)
�Czech Republic, Slovakia & Slovenia 0.78*

(0.55, 1.02)



Slovenia. Detectability peaked during the years of intensified sampling for A. artemisii-

folia in Austria, Hungary and Switzerland (Table 2). Average expected delays between
the actual invasion of a cell and the first record from this particular cell therefore ranged
between almost instant detection up to decades.

Table 3. – Environmental attributes of grid cells in the study area, averaged for the period 1980–2010 and four
categories of environmental suitability (ES) of grid cells for invasion by Ambrosia artemisiifolia according to
the hierarchical model. The study area comprises eight countries in central Europe (see Fig. 1). ES is a rela-
tively-scaled measure where an ES value of 1 is the threshold that separates negative from positive effects of
environmental attributes on suitability. For each environmental attribute, the mean and standard deviation (in
round brackets) were calculated using the attribute values of all grid cells in a given ES category. Number of
grid cells in ES categories: ES � 1.0: 8,202 cells; 1.0 < ES � 1.5: 8,226 cells; 1.5 < ES � 2.0: 4,071 cells; ES >
2.0: 1,952 cells.

Variable ES � 1.0 1.0 < ES � 1.5 1.5 < ES � 2.0 ES > 2.0

Temperature (mean Apr. – Oct.) [°C] 11.9 (2.8) 14.0 (1.1) 15.4 (1.4) 15.9 (1.3)
Precipitation (sum Apr. – Oct.) [mm] 562 (200) 491 (121) 496 (137) 577 (176)
Cropland area (proportion) 0.29 (0.28) 0.49 (0.28) 0.59 (0.27) 0.55 (0.27)
Urban area (proportion) 0.02 (0.03) 0.07 (0.08) 0.09 (0.12) 0.15 (0.17)
Motorways (area-scaled length) 0.66 (2.56) 1.72 (4.11) 2.26 (4.84) 3.98 (6.16)
Railways (area-scaled length) 0.17 (0.48) 1.06 (1.61) 1.58 (3.12) 2.73 (4.97)

Table 4. – Summary statistics of environmental suitability (ES) of grid cells for invasion by Ambrosia

artemisiifolia according to the hierarchical model. The summary statistics were calculated for three different
periods of modelling this species’ spread in central Europe. (A) The p-quantiles of environmental suitability
(for the 0.05 p-quantile, 5% of the grid cells have an ES value less than the given value; and so forth). (B) The
number of grid cells (out of 22,451 grid cells in total) in four ES categories.

Statistic 1900–1949 1950–1979 1980–2010

(A)
0.05 p-quantile 0.48 0.48 0.55
0.25 p-quantile (= first quartile) 0.73 0.75 0.89
0.50 p-quantile (= median) 0.94 0.97 1.15
0.75 p-quantile (= third quartile) 1.26 1.29 1.54
0.95 p-quantile 1.89 1.87 2.18

(B)
No. grid cells where ES � 1.0 12,612 (56.2%) 12,024 (53.6%) 8,202 (36.5%)
No. grid cells where 1.0 < ES � 1.5 6,557 (29.2%) 7,074 (31.5%) 8,226 (36.6%)
No. grid cells where 1.5 < ES � 2.0 2,506 (11.2%) 2,629 (11.7%) 4,071 (18.1%)
No. grid cells where ES > 2.0 776 (3.5%) 724 (3.2%) 1,952 (8.7%)

Actual spread

Throughout the modelling period, the number of cells recorded as invaded was substan-
tially lower than the number of cells that were estimated to be actually invaded (Fig. 3E,F,
Fig. 5). This discrepancy increased continuously, peaked in the late 20th century and sta-
bilized in recent years when intensified sampling for A. artemisiifolia was implemented
in particular regions. For the year 2010, the model estimated that invaded cells outnum-
ber those with records by a factor of 1.66 (Fig. 3F, Fig. 5).

70 Preslia 90: 59–81, 2018



Mang et al.: Climate warming drives invasion history of Ambrosia artemisiifolia 71

Fig. 3. – (A) Physical geography of central Europe. The dark grey line delimits the study area (see Fig. 1). (B)
Environmental suitability of grid cells for invasion by Ambrosia artemisiifolia during the period 1980–2010
according to the hierarchical model of this species’ spread in central Europe. (C) Change in environmental suit-
ability from the period 1900–1949 to the period 1950–1979 (median: 0.02), and (D) from the period 1950–1979
to the period 1980–2010 (median: 0.16). Model-estimated probabilities of grid cells being invaded by A.
artemisiifolia (E) by 1980, and (F) by 2010; grid cells in which the occurrence of this species has been docu-
mented by records up to the given year are shown in red.
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Fig. 4. – The kernel function for dispersal from invaded source cells to unoccupied recipient cells in a two-
dimensional lattice system according to the hierarchical model of the spread of Ambrosia artemisiifolia in cen-
tral Europe. The dashed line shows the function for the median of the marginal posterior distribution of the
shape parameter � (see Table 2). The curve is very similar for the 95% credible interval of �, which is shown as
the shaded area in the background of the dashed line.

Fig. 5. – Cumulative number of grid cells documented as invaded by records (solid line), and estimated to be
invaded (dashed line) according to the hierarchical model of the spread of Ambrosia artemisiifolia in central
Europe. The dashed line shows the median and the shaded area the 95% credible interval of the marginal poste-
rior distribution. The study area in central Europe includes a total of 22,451 grid cells.



Table 5. – Model statistics contrasting three model versions (MV) with different representations of the varia-
tion in climate over time for modelling the spread of Ambrosia artemisiifolia in central Europe. Each model
version was fitted using both the hierarchical model that accounts for lagged and incomplete records of occur-
rence, and the non-hierarchical model that assumes that records accurately reflect the species’ actual spread.
For both the hierarchical model and the non-hierarchical model, the model version with the lowest Bayesian
information criterion (BIC) value provides the best fit (note that the BIC cannot be used to compare the hierar-
chical model with the non-hierarchical model). For model validation, the area under the receiver operating
characteristic curve (AUC) was calculated using records from the validation period 2006–2010, which were
not used for model fitting.

Statistic MV annual time series
of temperature and
precipitation values

MV linear trend
in climate warming

MV long-term
climate average

Hierarchical model
BIC 313835.4 312274.0 314061.7
AUC 0.889 0.890 0.888

Non-hierarchical model
BIC 39743.9 39242.4 39311.6
AUC 0.835 0.839 0.837

Different representations of climate variation

The version of the model with the linear trend in climate warming provided the best fit
(Table 5). The ‘main model’ with annual time series of temperature and precipitation val-
ues was ranked second, and the model with the long-term climate average was ranked last.
However, for all three models, and in particular for the two top-ranking ones, the esti-
mates of the individual parameters were fairly similar (Table 2, Electronic Appendix 6).

Differences between hierarchical and non-hierarchical models

In comparison with the hierarchical ‘main model’, in the non-hierarchical model the
shape parameter � of the kernel function for dispersal was much lower (Table 2), thereby
yielding a more fat-tailed function with dispersal over greater distances (several cells)
inferred to occur with a substantially greater frequency (Electronic Appendix 7). More-
over, in the non-hierarchical model temperature was by far the dominant determinant of
environmental suitability, whereas in the hierarchical model temperature and precipita-
tion differed less in relative importance. Finally, the parameter estimate of the boost of
background introductions for the model start time, �b, was higher in the hierarchical
model as this model estimated that in 1900 many actually invaded cells were unrecorded.
Despite these discrepancies between the two models, the parameter uncertainty as
expressed by the respective credible intervals was rather low within each model (Table 2).

Fitting the non-hierarchical model to the data resulted in altered ranking of the three
different representations of climate variation: while the model with the linear trend in cli-
mate warming still performed best, the version with the long-term climate average
yielded a better fit to the data than the one with annual time series of temperature and pre-
cipitation values (Table 5).
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Model validation

For the hierarchical model, the AUC-values were 0.89 for all three model versions with
different representations of climate variation. For the non-hierarchical model, the AUC-
values for the three model versions were between 0.83 and 0.84 (Table 5). All fitted mod-
els could therefore well distinguish invaded cells (and documented as such in the case of
the hierarchical model) in 2010 from unoccupied cells.

Discussion

Climate as driver of spread

In this study, we tracked a century of A. artemisiifolia spread over a large area and long
altitudinal gradient. Variation in climate in the area, together with a relatively fine spatio-
temporal grain, improved the model’s ability to detect the role of climate in driving this
spread. In line with previous studies (Dullinger et al. 2009, Chapman et al. 2014,
Leiblein-Wild et al. 2016, Skálová et al. 2017), we found that geographical variation in
climatic, and especially in temperature conditions had a pronounced effect on the pattern
of this species’ occurrence in the area. Compared to spatial variation, the change in cli-
mate over time was, however, fairly weak, even if temperatures have significantly
increased during the most recent decades. As a consequence, detecting signals of climate
warming in the documented pattern of spread was challenging and required separating
spatial effects of climate from temporal effects.

Nevertheless, our model provides a strong indication that the trend in climate during the
20th and early 21st century affected the regional spread of A. artemisiifolia. In both the
hierarchical and the non-hierarchical model configurations, accounting for climate change
yielded models that explained more of the changes in occurrence than models that used
only spatial variation in the climate. The warming climate likely enhanced the spread of this
species via two different processes. First, warmer temperatures have resulted in the poten-
tial distribution extending into previously inhospitable montane regions. And second, more
favourable climatic conditions accelerated the infilling of gaps within already occupied
regions in the study area. For A. artemisiifolia, the rate and speed of germination (Leiblein-
Wild et al. 2014), the growth of seedlings, leaf development and the accumulation of bio-
mass (Deen et al. 1998, Skálová et al. 2015) are promoted by temperatures higher than
those prevailing in central Europe. Climate warming thus makes it more likely that this spe-
cies successfully completes its life cycle. Larger plants also produce more seed (Fumanal et
al. 2007), which in terms of spread enhances source strength of existing populations and
thus facilitates colonization of unoccupied sites.

Contrary to our expectations, however, fitting the documented spread to an annual
time series of temperature and precipitation values did not provide a better fit than a linear
interpolation of the climatic trend. As a likely reason, we assume that even an annual
plant is buffered to a certain extent against the effect of inter-annual climatic fluctuations.
For A. artemisiifolia, the most important means of buffering is the persistent seedbank
that enables in situ survival in less suitable years (Fumanal et al. 2008, Essl et al. 2015).
Here, we only partially included the effects of the seedbank since source strength of
invaded cells did not consider the role of environmental conditions in local seedbank
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build-up over years. In a model of the historical spread, such simplification is less prob-
lematic if annual climatic fluctuations are smoothed by a linear time series. As a corol-
lary, a more accurate analysis of climatic signals in this species’ spread probably requires
that the seedbank is expressed as a function of local climatic and colonization history.
Indeed, in the model of Chapman et al. (2016) seedbank dynamics play an important role
in the response of this species to a changing climate.

Land use as driver of spread

Our model showed that the spatio-temporal occurrence of A. artemisiifolia in central
Europe was also determined by the amount of urban area and the extent of railways in
grid cells. These findings match the habitat preferences of this species in Austria and the
Czech Republic, where most occurrences are found in settlement and industrial areas,
and along railway tracks and roads (Essl et al. 2009, Skálová et al. 2017). Ambrosia

artemisiifolia prefers these habitats for various reasons: first, this species is a poor com-
petitor and its occurrence is therefore often confined to habitats that are characterized by
a high frequency of disturbance (Joly et al. 2011, Leskovšek et al. 2012); second,
anthropogenic activities in these habitats promote species introductions (Chapman et al.
2016); and third, traffic corridors facilitate dispersal by means of vehicle airflow or the
mowing of roadsides (Karrer et al. 2011, von der Lippe et al. 2013). However, according
to our model neither the proportion of an area that is cropland nor the length of motor-
ways significantly affected the occurrence of this species. Previous studies report that
fields and roads are relevant habitats for A. artemisiifolia (Essl et al. 2009, Pinke et al.
2011, Skálová et al. 2017), but the importance of these habitats varied substantially
among studies and can be modified by small-scale variation in environmental conditions,
such as soil properties or type of crop grown (Pinke et al. 2011). Consequently, we
hypothesize that the spatial resolution of our model was too coarse to detect possible
effects of fields and motorways on this species’ pattern of occurrence. Nevertheless, our
findings provide evidence that land use co-determined the occurrence of A. artemisiifolia

in central Europe albeit, at the scale of this study, climatic conditions were most impor-
tant. Since the extent of built-up areas and traffic networks increased during the period of
this study, it is likely that changes in land use have further promoted the spread of this
species in addition to climate change.

Imperfect records of occurrence

For species that expand their range, delayed detection of new populations could introduce
several systematic biases into analyses of the dynamics of spread (Mang et al. 2017). Our
results demonstrate, however, that explicitly accounting for lagged and incomplete
records of occurrence can considerably improve inferences on the dynamics of spread.
The most important discrepancy in the inferences of the hierarchical model accounting
for imperfect records of occurrence and its otherwise equivalent non-hierarchical model
was the indicated number of grid cells invaded by this species at a particular time. Mis-
matches between actual and recorded distributions of an invasive alien species may be
critical for an accurate assessment of the impact of the biological invasion or for develop-
ing efficient management strategies. In the case of A. artemisiifolia, substantial efforts
are being undertaken in Europe to control the spread of this species because of its effect
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on human health and the associated economical costs (Bullock et al. 2012, Richter et al.
2013). These efforts may benefit from advanced modelling inferences about the actual
distribution of this species. Regarding the individual drivers of the pattern of this’ species
spread, the hierarchical and the non-hierarchical models yielded some quantitative differ-
ences but qualitatively the inferences were fairly robust. This suggests that for studies
that can make use of large distribution data sets, using the non-hierarchical model as an
ad-hoc tool may be sufficient for qualitatively disentangling the role of particular drivers
of the pattern in spread. For more accurate assessments of these drivers, and estimates of
the actual distribution and detection efficiency, using the hierarchical model is likely to
be more rewarding. Indeed, in our study the inferences of the particular role of climate
depended more on accounting for imperfect records of occurrence than on the precise
way of how to represent climate variation over time.

Spatio-temporal modelling framework and data requirements

Many models have been used to track and/or forecast the spread of organisms (Hastings
et al. 2005, Gallien et al. 2010). These models cover the full range from purely correlative
to mechanistic approaches, with the implicit trade-off between data requirements and
tractability on the one hand and causal understanding and realism on the other hand.
Within this model continuum, our approach represents a kind of compromise in being
process-based (Dormann et al. 2012) though not mechanistic, and statistical with ‘stan-
dard’ records of species occurrence being sufficient for model fitting. These properties
make the model a flexible and powerful tool for analysing the history of spread. Its flexi-
bility depends on the possible integration of various different kinds of processes. As an
example, Chapman et al. (2016) recently demonstrated that at the continental scale, inter-
national trade of seed commodities is an important driver of the spread of A. artemisiifolia

in Europe. By contrast, our study analyses the spread of this species at a regional scale,
where local range expansion dominates. Propagule input from abroad was thus repre-
sented by a generic rate of background introductions. It would, however, be theoretically
straightforward to define this rate of background introductions more precisely by a sub-
model that accounts for the variation in the associated propagule pressure, e.g. via a land
cover map. Similarly, changes in the species’ niche via possible genetic adaptation
(Gallien et al. 2016) could be represented by making the parameters of environmental
suitability, �, themselves spatio-temporally variable. Obviously, the more such processes
are included, the more kinds of different data, amount of data and higher accuracy of
these data will be needed for sensible model parameterization. In our model, we made
efficient use of simple occurrence records with date information. Such data can often be
collected retrospectively from different sources, and hence enables an analysis of the his-
tory of spread over long time frames.

A disadvantage of these ‘simple’ data, however, is that the model does not consider
transient population dynamics within grid cells. In fact, in the context of analysing puta-
tive effects of climate change on range dynamics, using abundance data would be more
powerful than using occurrence data. If spatio-temporal abundance data are available,
recently developed dynamic range models enable accurate tracking of changes in popula-
tion size over space and time (Pagel & Schurr 2012, Zurell et al. 2016). However, cur-
rently dated records of the occurrence of non-native species are much more frequent than
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time series of species abundances. Similarly, dynamic occupancy models can represent
local extinction (Bled et al. 2011, Broms et al. 2016) but require presence-absence infor-
mation from site surveys and are hence considerably more demanding with respect to
data quality than our modelling approach.

Conclusions

Our results show that climate is an important factor in the spread of A. artemisiifolia in
central Europe and that recent climatic trends have already further promoted the spread of
this species. These results corroborate previous concerns that 21st century climate warm-
ing could result in continuation of the spread of A. artemisiifolia in Europe (Chapman et
al. 2014, Storkey et al. 2014) and hence increase the pollen load and associated human
health costs (Richter et al. 2013, Hamaoui-Laguel et al. 2015). They further provide evi-
dence that this species is already more widespread than available data suggest and deliver
spatially explicit information on undocumented occurrences. As a corollary, measures to
reduce further spread will likely be more efficient if spatial prioritization of management
is informed by a hierarchical model that accounts for imperfect records of the occurrence
of this species.

See www.preslia.cz for Electronic Appendices 1–7.
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Souhrn

Navzdory předpokladu, že budoucí změna klimatu ovlivní invaze rostlinných druhů, je tato problematika do-
sud nepříliš často studována. V článku se tomuto tématu věnujeme prostřednictvím analýzy historie šírení dru-
hu Ambrosia artemisiifolia ve střední Evropě, na území zahrnujícím Rakousko, Českou republiku, Německo,
Maďarsko, Lichtenštejnsko, Slovensko, Slovinsko a Švýcarsko, a predikce vlivu, jaký bude mít změna klimatu
na další průběh této invaze. Šírení bylo modelováno v síti o velikosti čtverců 5' × 3' (~6 × 6 km2) pro roky 1900
až 2010 a odráželo časoprostorové změny v klimatických podmínkách, využívání krajiny a produkci diaspor
a jejich rozšiřování z invadovaných čtverců; tyto parametry určovaly pravděpodobnost, že bude čtverec inva-
dován. Klimatické podmínky měly největší vliv na invazi, jejíž pravděpodobnost stoupala s mírou městské
zástavby a délkou železničníc tratí ve čtverci. Ve čtvercích příhodných k invazi byla v průměru o 2,7 °C vyšší
teplota než tam, kde byla pravděpodobnost invaze malá. Model ukázal, že v roce 2010 bylo zaznamenáno jen
zhruba 60 % skutečně existujících výskytů a zpoždění v přesnosti záznamů se pohybuje na úrovni desetiletí. Je
proto důležité tuto chybu kvantifikovat a počítat s ní v predikcích dalšího vývoje.

References

Aikio S., Duncan R. P. & Hulme P. E. (2010): Lag-phases in alien plant invasions: separating the facts from the
artefacts. – Oikos 119: 370–378.

Allendorf F. W. & Lundquist L. L. (2003): Introduction: population biology, evolution, and control of invasive
species. – Conserv. Biol. 17: 24–30.

Mang et al.: Climate warming drives invasion history of Ambrosia artemisiifolia 77



Blackburn T. M., Essl F., Evans T., Hulme P. E., Jeschke J. M., Kühn I., Kumschick S., Marková Z., Mrugała
A., Nentwig W., Pergl J., Pyšek P., Rabitsch W., Ricciardi A., Richardson D. M., Sendek A., Vilŕ M., Wil-
son J. R. U., Winter M., Genovesi P. & Bacher S. (2014): A unified classification of alien species based on
the magnitude of their environmental impacts. – PLoS Biol. 12: e1001850.

Bled F., Royle J. A. & Cam E. (2011): Hierarchical modeling of an invasive spread: the Eurasian collared-dove
Streptopelia decaocto in the United States. – Ecol. Appl. 21: 290–302.

Bradley B. A., Blumenthal D. M., Wilcove D. S. & Ziska L. H. (2010): Predicting plant invasions in an era of
global change. – Trends Ecol. Evol. 25: 310–318.

Broms K. M., Hooten M. B., Johnson D. S., Altwegg R. & Conquest L. L. (2016): Dynamic occupancy models
for explicit colonization processes. – Ecology 97: 194–204.

Brooks S., Gelman A., Jones G. L. & Meng X.-L. (2011): Handbook of Markov chain Monte Carlo. – Chapman
& Hall/CRC, Boca Raton.

Bullock J. M., Chapman D., Schafer S., Roy D., Girardello M., Haynes T., Beal S., Wheeler B., Dickie I.,
Phang Z., Tinch R., Čivić K., Delbaere B., Jones-Walters L., Hilbert A., Schrauwen A., Prank M., Sofiev
M., Niemelä S., Räisänen P., Lees B., Skinner M., Finch S. & Brough C. (2012): Assessing and controlling
the spread and the effects of common ragweed in Europe. – Final report ENV.B2/ETU/2010/0037, Euro-
pean Commission, Brussels.

Catford J. A., Jansson R. & Nilsson C. (2009): Reducing redundancy in invasion ecology by integrating
hypotheses into a single theoretical framework. – Diversity Distrib. 15: 22–40.

Chapman D. S., Haynes T., Beal S., Essl F. & Bullock J. M. (2014): Phenology predicts the native and invasive
range limits of common ragweed. – Glob. Change Biol. 20: 192–202.

Chapman D. S., Makra L., Albertini R., Bonini M., Páldy A., Rodinkova V., Šikoparija B., Weryszko-
Chmielewska E. & Bullock J. M. (2016): Modelling the introduction and spread of non-native species:
international trade and climate change drive ragweed invasion. – Glob. Change Biol. 22: 3067–3079.

Chauvel B., Dessaint F., Cardinal-Legrand C. & Bretagnolle F. (2006): The historical spread of Ambrosia

artemisiifolia L. in France from herbarium records. – J. Biogeogr. 33: 665–673.
Chen I.-C., Hill J. K., Ohlemüller R., Roy D. B. & Thomas C. D. (2011): Rapid range shifts of species associ-

ated with high levels of climate warming. – Science 333: 1024–1026.
Chytrý M., Maskell L. C., Pino J., Pyšek P., Vilŕ M., Font X. & Smart S. M. (2008): Habitat invasions by alien

plants: a quantitative comparison among Mediterranean, subcontinental and oceanic regions of Europe. – J.
Appl. Ecol. 45: 448–458.

Cunze S., Leiblein M. C. & Tackenberg O. (2013): Range expansion of Ambrosia artemisiifolia in Europe is
promoted by climate change. – ISRN Ecology 2013: 610126.

Deen W., Hunt T. & Swanton C. J. (1998): Influence of temperature, photoperiod, and irradiance on the
phenological development of common ragweed (Ambrosia artemisiifolia). – Weed Sci. 46: 555–560.

Delisle F., Lavoie C., Jean M. & Lachance D. (2003): Reconstructing the spread of invasive plants: taking into
account biases associated with herbarium specimens. – J. Biogeogr. 30: 1033–1042.

Diez J. M., D’Antonio C. M., Dukes J. S., Grosholz E. D., Olden J. D., Sorte C. J. B., Blumenthal D. M.,
Bradley B. A., Early R., Ibáńez I., Jones S. J., Lawler J. J. & Miller L. P. (2012): Will extreme climatic
events facilitate biological invasions? – Front. Ecol. Environ. 10: 249–257.

DiTommaso A. (2004): Germination behavior of common ragweed (Ambrosia artemisiifolia) populations
across a range of salinities. – Weed Sci. 52: 1002–1009.

Dormann C. F., Schymanski S. J., Cabral J., Chuine I., Graham C., Hartig F., Kearney M., Morin X.,
Römermann C., Schröder B. & Singer A. (2012): Correlation and process in species distribution models:
bridging a dichotomy. – J. Biogeogr. 39: 2119–2131.

Dukes J. S. & Mooney H. A. (1999): Does global change increase the success of biological invaders? – Trends
Ecol. Evol. 14: 135–139.

Dullinger I., Wessely J., Bossdorf O., Dawson W., Essl F., Gattringer A., Klonner G., Kreft H., Kuttner M.,
Moser D., Pergl J., Pyšek P., Thuiller W., van Kleunen M., Weigelt P., Winter M. & Dullinger S. (2017):
Climate change will increase the naturalization risk from garden plants in Europe. – Glob. Ecol. Biogeogr.
26: 43–53.

Dullinger S., Kleinbauer I., Peterseil J., Smolik M. & Essl F. (2009): Niche based distribution modelling of an
invasive alien plant: effects of population status, propagule pressure and invasion history. – Biol. Invas. 11:
2401–2414.

Essl F., Biró K., Brandes D., Broennimann O., Bullock J. M., Chapman D. S., Chauvel B., Dullinger S.,
Fumanal B., Guisan A., Karrer G., Kazinczi G., Kueffer C., Laitung B., Lavoie C., Leitner M., Mang T.,
Moser D., Müller-Schärer H., Petitpierre B., Richter R., Schaffner U., Smith M., Starfinger U., Vautard R.,

78 Preslia 90: 59–81, 2018



Vogl G., von der Lippe M. & Follak S. (2015): Biological Flora of the British Isles: Ambrosia

artemisiifolia. – J. Ecol. 103: 1069–1098.
Essl F., Dullinger S. & Kleinbauer I. (2009): Changes in the spatio-temporal patterns and habitat preferences of

Ambrosia artemisiifolia during its invasion of Austria. – Preslia 81: 119–133.
Friedman J. & Barrett S. C. H. (2008): High outcrossing in the annual colonizing species Ambrosia

artemisiifolia (Asteraceae). – Ann. Bot. 101: 1303–1309.
Fumanal B., Chauvel B. & Bretagnolle F. (2007): Estimation of pollen and seed production of common rag-

weed in France. – Ann. Agric. Environ. Med. 14: 233–236.
Fumanal B., Gaudot I. & Bretagnolle F. (2008): Seed-bank dynamics in the invasive plant, Ambrosia

artemisiifolia L.. – Seed Sci. Res. 18: 101–114.
Gallien L., Münkemüller T., Albert C. H., Boulangeat I. & Thuiller W. (2010): Predicting potential distribu-

tions of invasive species: where to go from here? – Diversity Distrib. 16: 331–342.
Gallien L., Thuiller W., Fort N., Boleda M., Alberto F. J., Rioux D., Lainé J. & Lavergne S. (2016): Is there any

evidence for rapid, genetically-based, climatic niche expansion in the invasive common ragweed? – PLoS
One 11: e0152867.

Gelman A., Carlin J. B., Stern H. S. & Rubin D. B. (2004): Bayesian data analysis. Ed. 2. – Chapman and
Hall/CRC, Boca Raton.

Gilman S. E., Urban M. C., Tewksbury J., Gilchrist G. W. & Holt R. D. (2010): A framework for community
interactions under climate change. – Trends Ecol. Evol. 25: 325–331.

Hamaoui-Laguel L., Vautard R., Liu L., Solmon F., Viovy N., Khvorostyanov D., Essl F., Chuine I., Colette A.,
Semenov M. A., Schaffhauser A., Storkey J., Thibaudon M. & Epstein M. M. (2015): Effects of climate
change and seed dispersal on airborne ragweed pollen loads in Europe. – Nat. Clim. Change 5: 766–771.

Hastings A., Cuddington K., Davies K. F., Dugaw C. J., Elmendorf S., Freestone A., Harrison S., Holland M.,
Lambrinos J., Malvadkar U., Melbourne B. A., Moore K., Taylor C. & Thomson D. (2005): The spatial
spread of invasions: new developments in theory and evidence. – Ecol. Lett. 8: 91–101.

Hellmann J. J., Byers J. E., Bierwagen B. G. & Dukes J. S. (2008): Five potential consequences of climate
change for invasive species. – Conserv. Biol. 22: 534–543.

Hooten M. B. & Hobbs N. T. (2015): A guide to Bayesian model selection for ecologists. – Ecol. Monogr. 85:
3–28.

Joly M., Bertrand P., Gbangou R. Y., White M.-C., Dubé J. & Lavoie C. (2011): Paving the way for invasive
species: road type and the spread of common ragweed (Ambrosia artemisiifolia). – Environ. Manage. 48:
514–522.

Karrer G., Milakovic M., Kropf M., Hackl G., Essl F., Hauser M., Mayer M., Blöch C., Leitsch-Vitalos M.,
Dlugosch A., Hackl G., Follak S., Fertsak S., Schwab M., Baumgarten A., Gansberger M., Moosbeckhofer
R., Reiter E., Publig E., Moser D., Kleinbauer I. & Dullinger S. (2011): Ausbreitungsbiologie und Manage-
ment einer extrem allergenen, eingeschleppten Pflanze – Wege und Ursachen der Ausbreitung von Rag-
weed (Ambrosia artemisiifolia) sowie Möglichkeiten seiner Bekämpfung. – BMLFUW (Bundesministerium
für Land- und Forstwirtschaft, Umwelt und Wasserwirtschaft; Österreich), Wien.

Leiblein-Wild M. C., Kaviani R. & Tackenberg O. (2014): Germination and seedling frost tolerance differ
between the native and invasive range in common ragweed. – Oecologia 174: 739–750.

Leiblein-Wild M. C., Steinkamp J., Hickler T. & Tackenberg O. (2016): Modelling the potential distribution,
net primary production and phenology of common ragweed with a physiological model. – J. Biogeogr. 43:
544–554.

Leskovšek R., Eler K., Batič F. & Simončič A. (2012): The influence of nitrogen, water and competition on the
vegetative and reproductive growth of common ragweed (Ambrosia artemisiifolia L.). – Plant Ecol. 213:
769–781.

Mainka S. A. & Howard G. W. (2010): Climate change and invasive species: double jeopardy. – Integr. Zool. 5:
102–111.

Mang T., Essl F., Moser D., Karrer G., Kleinbauer I. & Dullinger S. (2017): Accounting for imperfect observa-
tion and estimating true species distributions in modelling biological invasions. – Ecography 40:
1187–1197.

Mang T., Essl F., Moser D., Kleinbauer I. & Dullinger S. (2018): An integrated, spatio-temporal modelling
framework for analysing biological invasions. – Diversity Distrib. (in press, doi: 10.1111/ddi.12707).

Meinesz A. (2007): Methods for identifying and tracking seaweed invasions. – Bot. Mar. 50: 373–384.
Niklfeld H. (1998): Mapping the flora of Austria and the eastern Alps. – Revue Valdôtaine d’Histoire Naturelle

51: 53–62.

Mang et al.: Climate warming drives invasion history of Ambrosia artemisiifolia 79



Pagel J. & Schurr F. M. (2012): Forecasting species ranges by statistical estimation of ecological niches and
spatial population dynamics. – Glob. Ecol. Biogeogr. 21: 293–304.

Parmesan C. (2006): Ecological and evolutionary responses to recent climate change. – Annu. Rev. Ecol. Evol.
Syst. 37: 637–669.

Pinke G., Karácsony P., Czúcz B. & Botta-Dukát Z. (2011): Environmental and land-use variables determining
the abundance of Ambrosia artemisiifolia in arable fields in Hungary. – Preslia 83: 219–235.

Pyšek P., Pergl J., Essl F., Lenzner B., Dawson W., Kreft H., Weigelt P., Winter M., Kartesz J., Nishino M.,
Antonova L. A., Barcelona J. F., Cabezas F. J., Cárdenas D., Cárdenas-Toro J., Castańo N., Chacón E.,
Chatelain C., Dullinger S., Ebel A. L., Figueiredo E., Fuentes N., Genovesi P., Groom Q. J., Henderson L.,
Inderjit, Kupriyanov A., Masciadri S., Maurel N., Meerman J., Morozova O., Moser D., Nickrent D.,
Nowak P. M., Pagad S., Patzelt A., Pelser P. B., Seebens H., Shu W.-S., Thomas J., Velayos M., Weber E.,
Wieringa J. J., Baptiste M. P. & van Kleunen M. (2017): Naturalized alien flora of the world: species diver-
sity, taxonomic and phylogenetic patterns, geographic distribution and global hotspots of plant invasion. –
Preslia 89: 203–274.

Pyšek P. & Richardson D. M. (2010): Invasive species, environmental change and management, and health. –
Annu. Rev. Environ. Res. 35: 25–55.

Richter R., Berger U. E., Dullinger S., Essl F., Leitner M., Smith M. & Vogl G. (2013): Spread of invasive rag-
weed: climate change, management and how to reduce allergy costs. – J. Appl. Ecol. 50: 1422–1430.

Root T. L., Price J. T., Hall K. R., Schneider S. H., Rosenzweig C. & Pounds J. A. (2003): Fingerprints of global
warming on wild animals and plants. – Nature 421: 57–60.

Sakai A. K., Allendorf F. W., Holt J. S., Lodge D. M., Molofsky J., With K. A., Baughman S., Cabin R. J.,
Cohen J. E., Ellstrand N. C., McCauley D. E., O’Neil P., Parker I. M., Thompson J. N. & Weller S. G.
(2001): The population biology of invasive species. – Annu. Rev. Ecol. Syst. 32: 305–332.

Seebens H., Blackburn T. M., Dyer E. E., Genovesi P., Hulme P. E., Jeschke J. M., Pagad S., Pyšek P., Winter
M., Arianoutsou M., Bacher S., Blasius B., Brundu G., Capinha C., Celesti-Grapow L., Dawson W.,
Dullinger S., Fuentes N., Jäger H., Kartesz J., Kenis M., Kreft H., Kühn I., Lenzner B., Liebhold A.,
Mosena A., Moser D., Nishino M., Pearman D., Pergl J., Rabitsch W., Rojas-Sandoval J., Roques A., Rorke
S., Rossinelli S., Roy H. E., Scalera R., Schindler S., Štajerová K., Tokarska-Guzik B., van Kleunen M.,
Walker K., Weigelt P., Yamanaka T. & Essl F. (2017): No saturation in the accumulation of alien species
worldwide. – Nat. Commun. 8: 14435.

Skálová H., Guo W.-Y., Wild J. & Pyšek P. (2017): Ambrosia artemisiifolia in the Czech Republic: history of
invasion, current distribution and prediction of future spread. – Preslia 89: 1–16.

Skálová H., Moravcová L., Dixon A. F. G., Kindlmann P. & Pyšek P. (2015): Effect of temperature and nutri-
ents on the growth and development of seedlings of an invasive plant. – AoB Plants 7: plv044.

Smith M., Cecchi L., Skjřth C. A., Karrer G. & Šikoparija B. (2013): Common ragweed: a threat to environ-
mental health in Europe. – Environ. Int. 61: 115–126.

Stocker T. F., Qin D., Plattner G.-K., Tignor M., Allen S. K., Boschung J., Nauels A., Xia Y., Bex V. & Midgley
P. M. (eds) (2013): Climate change 2013: the physical science basis. – Contribution of Working Group I to
the Fifth Assessment Report of the IPCC, Cambridge University Press, Cambridge.

Storkey J., Stratonovitch P., Chapman D. S., Vidotto F. & Semenov M. A. (2014): A process-based approach to
predicting the effect of climate change on the distribution of an invasive allergenic plant in Europe. – PLoS
One 9: e88156.

Vilŕ M., Espinar J. L., Hejda M., Hulme P. E., Jarošík V., Maron J. L., Pergl J., Schaffner U., Sun Y. & Pyšek P.
(2011): Ecological impacts of invasive alien plants: a meta-analysis of their effects on species, communi-
ties and ecosystems. – Ecol. Lett. 14: 702–708.

Vitousek P. M., D’Antonio C. M., Loope L. L. & Westbrooks R. (1996): Biological invasions as global envi-
ronmental change. – Am. Sci. 84: 468–478.

von der Lippe M., Bullock J. M., Kowarik I., Knopp T. & Wichmann M. (2013): Human-mediated dispersal of
seeds by the airflow of vehicles. – PLoS One 8: e52733.

Walther G.-R., Gritti E. S., Berger S., Hickler T., Tang Z. & Sykes M. T. (2007): Palms tracking climate
change. – Glob. Ecol. Biogeogr. 16: 801–809.

Walther G.-R., Roques A., Hulme P. E., Sykes M. T., Pyšek P., Kühn I., Zobel M., Bacher S., Botta-Dukát Z.,
Bugmann H., Czúcz B., Dauber J., Hickler T., Jarošík V., Kenis M., Klotz S., Minchin D., Moora M.,
Nentwig W., Ott J., Panov V. E., Reineking B., Robinet C., Semenchenko V., Solarz W., Thuiller W., Vilŕ
M., Vohland K. & Settele J. (2009): Alien species in a warmer world: risks and opportunities. – Trends
Ecol. Evol. 24: 686–693.

80 Preslia 90: 59–81, 2018



Ward N. L. & Masters G. J. (2007): Linking climate change and species invasion: an illustration using insect
herbivores. – Glob. Change Biol. 13: 1605–1615.

Wikle C. K. (2003): Hierarchical Bayesian models for predicting the spread of ecological processes. – Ecology
84: 1382–1394.

Zurell D., Thuiller W., Pagel J., Cabral J. S., Münkemüller T., Gravel D., Dullinger S., Normand S., Schiffers
K. H., Moore K. A. & Zimmermann N. E. (2016): Benchmarking novel approaches for modelling species
range dynamics. – Glob. Change Biol. 22: 2651–2664.

Received 17 August 2017
Revision received 14 January 2018

Accepted 25 January 2018

Mang et al.: Climate warming drives invasion history of Ambrosia artemisiifolia 81




