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Ecography Human trade and movements are central to biological invasions worldwide.
2023: 07068 Human activities not only transport species across biogeographical barriers, but also
doi: 10.1111/ecoe. 07068 accelerate their post-introduction spread in the landscape. Thus, by constraining

T & human movements, the spatial structure of road networks might greatly affect the

Subject Editor: Timothy Keitt regional spread of invasive species. However, few invasion models have accounted
Editor-in-Chief: Miguel Aradjo for the topology of road networks so far, and its importance for explaining the
Accepted 10 October 2023 regional distribution of invasive species remains mostly unexplored. To address

this issue, we developed a spatially explicit and mechanistic human-mediated dis-
persal model that accounts and tests for the influence of transport networks on the
regional spread of invasive species. Using as a model the spread of the invasive ant
Lasius neglectus in the middle Rhone valley (France), we show that accounting for
the topology of road networks improves our ability to explain the current distribu-
tion of the invasive ant. In contrast, we found that using human population den-
sity as a proxy for the frequency of transport events decreases models’ performance
and might thus not be as appropriate as previously thought. Finally, by differenti-
ating road networks into sub-networks, we show that national and regional roads
are more important than smaller roads for explaining spread patterns. Overall,
our results demonstrate that the topology of transport networks can strongly bias
regional invasion patterns and highlight the importance of better incorporating it
into future invasion models. The mechanistic modelling approach developed in
this study should help invasion scientists explore how human-mediated dispersal
and topography shape invasion dynamics in landscapes. Ultimately, our approach
could be combined with demographic, natural dispersal and environmental suit-
ability models to refine spread scenarios and improve invasive species monitoring
and management at regional to national scales.
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Introduction

Biological invasions are a major cause of the current biodi-
versity crisis, cost billions in damages and control efforts, and
contribute to the spread of zoonotic diseases (Bradshaw et al.
2016, Maxwell et al. 2016, Zhang et al. 2022). Human
movements and trade are the primary cause of biological
invasions (Hulme et al. 2008, Hulme 2009). By attaching
to human transport vectors or by contaminating transported
commodities, plants and animals are unintentionally trans-
ported over long distances (i.e. from a few hundred meters to
thousands of kilometers) and can get introduced beyond the
biogeographic barriers that constrain their natural distribu-
tion (Hulme 2009, Auffret et al. 2014, Gippet et al. 2019).

This dispersal process, termed human-mediated dispersal
(HMD; Bullock et al. 2018), introduces species into new
environments, but can also accelerate their post-introduc-
tion spread in the landscape. In addition to invasive species’
natural dispersal abilities, a broad variety of human activities
are involved in the spread of invasive species at the regional
scales (hereafter ‘regional spread’; Johnson et al. 2006). For
example, seeds of invasive plants can be transported in mud
stuck to hikers’ shoes or car tires (Ansong and Pickering
2013, 2014). Major invertebrate pests such as the spongy
moth Lymantria dispar or the emerald ash borer Agrilus pla-
nipennis are notoriously transported within firewood at dis-
tances up to two hundred kilometers (Johnson et al. 2000,
Muirhead et al. 2006, Koch et al. 2012). The larvae of tiger
mosquitoes Aedes albopictus are easily transported in water
retained in used tires (Roiz et al. 2007) and adult tiger mos-
quitoes were found in cars traveling between major cities in
Spain (Eritja et al. 2017). Human-mediated dispersal can
even be the main driver of invasion success in invasive species
with limited natural dispersal capabilities such as Argentine
ants (Linepithema humile; Suarez et al. 2001), Japanese knot-
weeds (Fallopia spp.; Rouifed et al. 2014) or Zebra mus-
sels (Dreissena polymorpha; Johnson et al. 2001). However,
despite the abundant evidence supporting the prominent
role of HMD in the regional spread of invasive species, this
dispersal process is still poorly understood and modelled
(Horvitz et al. 2017).

Human-mediated dispersal is difficult to describe, under-
stand and predict because it involves frequent, diverse, and
often inconspicuous human activities such as landscap-
ing, tourism or commuting (Koch et al. 2012, Ansong and
Pickering 2013, Auflret et al. 2014, Perkins et al. 2014).
However, human activities are not occurring homoge-
neously or randomly across landscapes as they are more fre-
quent in densely populated areas and strongly constrained
by the topology (i.e. spatial structure) of transport networks
(Von Der Lippe and Kowarik 2008, Banks et al. 2015).
Therefore, the spatial heterogeneity of human activities and

movements might greatly affect the spread of invasive species
(Banks et al. 2015, Morel-Journel et al. 2018). Nevertheless,
regional human-mediated dispersal models rarely account
for the topology of the road network or the heterogeneity of
human activities (Pitt et al. 2009, Roura-Pascual et al. 2009,
Lustig et al. 2017, Robinet et al. 2018, Bagnara et al. 2022,
Lee et al. 2022) and their importance for explaining the
post-introduction spread of invasive species remains mostly
unexplored.

To address this issue, we modelled the human-mediated
dispersal of the invasive ant Lasius neglectus in the middle
Rhoéne valley (France) and tested for the importance of
accounting for the topology of the road network and for
the intensity of human activities to explain L. neglectus post-
introduction spread. The invasion of the ant L. neglectus in
the middle Rhone valley provides an ideal system to study
the influence of transport networks and human activities on
human-mediated dispersal at regional scale. The invasive gar-
den ant L. neglectus presumably originates from Asia Minor
(Van Loon et al. 1990, Ugelvig et al. 2008) and has been
recorded outside of its native range for the first time in 1973
in Hungary horticultural trade (Van Loon et al. 1990), and
in 1995 in the middle Rhone valley (based on inhabitants
testimonies in the heavily infested village of Saint-Désirar).
Genetic analyses suggested a unique introduction for all
known French populations (Ugelvig et al. 2008). Like most
invasive ant species, L. neglectus has limited natural dispersal
abilities because its winged reproductive females do not per-
form nuptial flights (Espadaler et al. 2007). Natural dispersal
only consists in the slow incremental expansion of colonies
(20-100 m per year; Espadaler et al. 2007). Therefore, at
landscape scale, the spread of this species occurs via human-
mediated dispersal when contaminated materials such as soil
or potted plants are transported for landscaping, construc-
tion, or horticultural trade (Van Loon et al. 1990, Schultz
and Seifert 2005). Moreover, L. neglectus has no strong cli-
matic limitation in the study region and is even predicted to
be one of the less climatically limited invasive ants in France
(Bertelsmeier and Courchamp 2014, Gippet et al. 2017). The
combination of these two characteristics (i.e. limited natural
dispersal and weak environmental limitations) suggests that
the distribution of L. neglectus in the middle Rhone valley is
mostly shaped by human-mediated dispersal.

Modeling human-mediated dispersal at a regional
scale is challenging. While long-distance HMD is gener-
ally associated with easily identifiable ports of entry (i.e.
transportation hubs such as seaports; Seebens et al. 2016),
short-distance HMD mostly occurs in continuous space
with no clear departure and arrival locations (e.g. private
houses, road sides, unauthorized dump sites; Gippet et al.
2017). Nevertheless, several secondary spread models have
included short-distance HMD, generally in the form of
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gravity models (Bossenbroek et al. 2001, Prasad et al. 2010,
Crespo-Pérez et al. 2011, McNite et al. 2019) or stochastic
jump models (Pitt et al. 2009, Savage and Renton 2014,
Lustig et al. 2017). Gravity models estimate HMD among
discrete locations (at long and short distance) based on the
intensity of human activity and distance (Crespo-Pérez et al.
2011), and are useful when human activities occur across a
network of well-defined hubs (e.g. airports, maritime ports,
lakes, cities) and when information about human activities
at and between these hubs is available (McNitt et al. 2019).
However, these two conditions are rarely met, either because
there are no clearly defined hubs involved in the human
activity fostering dispersal, or because trade or travel vol-
umes between locations are unknown (Robinet et al. 2016,
Gippet et al. 2017, Suppo et al. 2018). Stochastic jump
models overcome this limitation by modelling HMD events
as random jumps in continuous space (Savage and Renton
2014). In addition, these models are mechanistic and thus
have meaningful and easy to interpret dispersal parameters
such as the number, distance and direction of HMD events
(Dormann et al. 2012, Lustig et al. 2017). Stochastic jump
models of HMD in insects and plants often use the density
of human population (or an equivalent index of the inten-
sity of human activities) to determine the number of HMD
events happening each year and their heterogeneity across
space. For example, cities are expected to import and export
more alien species because they concentrate human activi-
ties (Robinet et al. 2018). However, existing stochastic jump
models underestimate the importance of the transportation
networks as they are typically isotropic: dispersal events have
identical probabilities of going in any direction (Pitt et al.
2009, Lustig et al. 2017, Robinet et al. 2018).

Using a stochastic jump model approach, we developed a
spatially explicit and mechanistic HMD model that allows to
account and test for the influence of the intensity of human
activities and the topology of transport networks on the
regional spread of invasive species. Our modelling approach
consists in a constrained random-walk model using a simpli-
fied representation of the road network to simulate direction-
ally biased HMD events in terrestrial landscapes.

Material and methods

Study area, road network topology and human activity
index

The study area includes the city of Lyon (France) and its sur-
rounding urban area (~16 000 km?; Fig. 1). As the second
most populated urban area in France with more than two
million inhabitants, it is an important road transportation
hub with six major motorways (A6, A7, A42, A43, A47 and
A89) converging to Lyon. A heterogeneous secondary road
network covers the area, constrained by mountain ranges
and most developed along the Rhone and Sa6ne rivers. The
study area was discretized in a regular tessellation composed of
3944 square cells of 2 X 2 km (Fig. 1, grey grid; Supporting
information). This cell size provided a good trade-off between
simplification and precision, given the extent of the study area.

The road network of the study area was compiled from
the French National Institute of Geographic and Forest
Information (www.ign.fr) public database (Fig. la; BD
TOPO"® 2013 available at www.geoportail.gouv.fr). We used
four out of six road categories provided by the database
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Figure 1. Study area (the middle Rhone valley) discretized with a regular tessellation of 2 X 2 km cells (grey grid). (a) Road network com-
posed of four road categories. Lyon city is the main transport hub in this area. Highways A89, A6, A42, A43, A7 and A47 (in dark red) are
labeled (b) Population density. This measure is used in the model as a proxy for the frequency of human-mediated dispersal events. (c)
Distribution of the invasive ant L. neglectus in the study area according to a standardized survey of 1498 sampled locations. The modelling
area (grey grid) is substantially larger than the sampled area to limit border effects associated with out-of-the-map dispersal events during

simulations.
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Figure 2. Using the topology of the road network to bias the direction of dispersal events. (a) The study area is discretized in a regular tessel-
lation of 2 X 2 km squares (numbered from 1 to 9 in this example). The tessellation (grey grid) intersects the road network (yellow lines) in
several locations (red dots). (b) Undirected and weighted graph corresponding to the discretization on panel (a). Nodes 1 to 9 (black circles)
are connected by edges weighted by the sum of road intersections (Eq. 1). In this example, we consider only one road category of weight 1.
A self-avoiding random walk (i.e. one HMD event) is ongoing (black arrows), and a jump must be computed from the node 5 to a neighbor
cell. Nodes2,3and 5 (in dark grey) havealready been visited during the current random walk and cannotbe visited again (V,(2) = V(1) = V() = 1).
Blue arrows symbolize the allowed directions of the future jump, with associated probabilities. The probability to jump into cell 2 is zero,
because it has already been visited. The probability to jump into cell 6 is also zero, because no road connects cells 5 and 6.

according to their importance for human movements at
different spatial scales: 1) national; 2) regional; 3) depart-
mental and 4) local. Smaller road categories (5 and 6) were
discarded because they are not always passable for motor
vehicles (e.g. hiking trails or stairs) and are thus irrelevant
for human activities involved in soil transport. We then com-
puted the cell-to-cell road connectivity graph (‘Description
of the human-mediated dispersal modelling framework’
and Fig. 2 for details) using ArcGIS 10.1° (www.esri.com/
software/arcgis).

As a measure of the frequency of human-mediated dis-
persal events per year, we used human population density
per cell (i.e. the number of inhabitants by square kilometers;
source: French National Institute of Geographic and Forest
Information; Fig. 1b; Supporting information). This met-
ric is commonly used as a proxy of the amount of human
activities in modelling studies (Robinet et al. 2009, Crespo-
Pérez et al. 2011).

Presence/absence dataset

We used a presence/absence dataset from an extensive sam-
pling survey designed to detect the invasive ant L. neglectus
in the middle Rhéne valley (Fig. 1¢). A total of 1498 loca-
tions were sampled between May and September in 2011,

2012, 2013 and 2015. Sampling locations were selected on
public land with vegetation (an essential requirement for ant
nests and foraging) wherever access was possible. Sampling
locations were separated by at least 200 m in dense urban
areas and by at least 500 m in suburban, residential and
rural areas. Sampling was performed by teams of two to five
persons for a combined search time of 40 min (sampling
time depended on the number of samplers, for example,
four samplers took 10 min per site; two samplers, 20 min
per site) within a radius of 15-20 m, and only when air tem-
peratures were comprised between 16 and 28°C (i.e. best
detection condition according to Seifert 2007). Sampling
consisted in a direct search of ant nests and trails on the
ground, trees and shrubs, followed by hand collecting using
an entomological aspirator. Lasius neglectus, like most other
invasive ant species, forms large conspicuous populations of
interconnected nests and, in spring and summer, thousands
of workers are recruited on foraging trails that are easy to
detect on trees, shrubs and on the ground, even by non-spe-
cialist observers (Gippet et al. 2018, Espadaler and Bernal
2020). In addition, to make sure that small L. neglectus pop-
ulations were not confused with native Lasius species (typi-
cally L. alienus), all ants from the genus Lasius were sampled
(one sample corresponds to one nest or one foraging trail)
and identified to the species level in the lab (Seifert 2007).

Page 4 of 13

85U8017 SUOWIWIOD 3A11e81D) 3|qeoldde ayy Aq peuienob a1e sejolie YO ‘SN JO S9N o} Aeiq1 T 8UlUO A8|IA LD (SUOHIPUOD-PUE-SWLBI 00" A3 1M A1 1[BUl [UO//SdNL) SUONIPUOD pUe SWwie 1 84} 88S *[S5202/c0/02] Uo Akeiqiauljuo A8]iM ‘U0AT ap afeniueD 81003 Ad 890.0°'6038/TTTT 0T/I0p/wW00 A8 | AReiqipuljuo S U fosu//:sdny wouy papeojumod ‘€ ‘7202 ‘/850009T


www.esri.com/software/arcgis)
www.esri.com/software/arcgis)

Lasius neglectus was detected in 81 of the 1498 sampled
locations (5.4% of sampled locations; Fig. 1¢c). For each cell
of the discretized map, we calculated the total number of
sampling locations and the number of sampling locations
where L. neglectus was detected (Supporting information).
A total of 362 cells contained at least one sampling loca-
tion (mean + s.d.=4.1 + 4.6 sampling locations per cell)
and 56 cells (15.5% of the sampled cells) contained at least
one invaded location (Fig. 1c). We also used a modelling
area substantially larger than the sampled area (grey grid on
Fig. 1¢) to limit border effects associated with out-of-the-
map dispersal events during simulations.

Description of the human-mediated dispersal
modelling framework

To model the human-mediated dispersal of L. neglectus in
the middle Rhone valley we developed a forward-in-time
spatially explicit constrained random-walk modelling frame-
work. We chose this approach because it allows to model
human-mediated dispersal in continuous space and in a
mechanistic way (Pitt et al. 2009, Savage and Renton 2014,
Lustig et al. 2017). Mechanistic models provide ecologically
sound parameters which are easy to interpret and thus, can
offer direct information about the process being modelled,
contrary to phenomenological/statistical models (e.g. gravity
models, Crespo-Pérez et al. 2011). Moreover, our modelling
approach brings two main novelties compared to previous
spatially explicit mechanistic human-mediated dispersal
models: first, each dispersal event consists of a self-avoiding
random walk, instead of a single stochastic jump. Second,
cach step of the random walk is directionally biased accord-
ing to the connectivity graph representing the topology of the
road network (Fig. 2, ‘Study area, road network topology and
human activity index).

In our modelling framework, HMD is controlled by up
to ten parameters: 1) 7, the number of years after the ini-
tial introduction, 2) (x,, ¥,), the spatial coordinates of initial
introduction (in meters from the bottom left corner of the
map), 3) A, the mean number of human-mediated dispersal
events per year, 4) p and 67, the mean and variance of the
log-normal distribution of dispersal event distances (in num-
ber of cells, see below), and 5) 7, 7,, 7, and r, the weights
associated to the four road categories presented above, which
determine their relative contribution in biasing the direction
of HMD events at each step of the random walks.

The model relies on a graph representing a coarse-grained
version of the road network. To obtain this graph, the study
area is discretized in a regular tessellation which is then
intersected by the road network (‘Study area, road network
topology and human activity index’, Fig. 2). Every road
crossing a border between two neighbor cells (in the von
Neumann neighborhood, see Fig. 2) constitutes a connec-
tion between them, generating an undirected and weighted
graph (Fig. 2b). The absolute weight w, between two adja-
cent cells 7 and j is then the weighted sum of connecting
roads by category:
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w,jZZrkxn,ﬂ,, (1)

k=1

with 7, the weight of the road category 4, and n " the number
of roads of category 4 connecting cells 7 and j. Map borders
are absorbing, meaning that HMD events reaching a border
are discarded.

Each cell 7 is characterized by a presence/absence status
S,(2) € {05 1}, 0 and 1 symbolizing the simulated absence or
presence of the species, respectively. To reduce model com-
plexity and the number of parameters to optimize (below),
we assume that there is no mortality in the model: for exam-
ple, the species is present in the initial introduction cell at all
times (S,(1) =1, V #). After the initial introduction of the inva-
sive species at £=0, three steps drive the simulated HMD:

1. At each year # and for each cell 7, the number of dispersal
events /(#) follows a Poisson distribution of parameter 4
(the mean number of dispersal events per cell per year),
weighted by an index of human activity 4, and the pres-
ence/absence status S(2):

2(J:(2))~P(S: (£)x i x 1), )

If S(#) =0 (absence of the species), there is no dispersal
event in cell 7 at year 7. 4, is the human activity index of
cell 7 normalized by the maximum human activity index
in the map /__.

b
bmax ‘

3)

2. At each year t and for each cell 7, /(#) dispersal events are
computed. Each dispersal event is a self-avoiding random
walk of length  following a log-normal distribution of
mean p and variance 67 (in number of cells traveled). In
this study, we chose to use a log-normal distribution to
model the distance of HMD events because it has been
shown to fit observations of human travels at regional to
continental scales (Koch et al. 2012, Adnan et al. 2021).
Because the random walk is self-avoiding, each cell 7 has
a temporary status V(#) € {0; 1}, indicating if the cell has
been visited during the current random walk (V(2) =1) or
not (V(#) =0). During a random walk, the probability to
jump from cell 7 to one of the four neighbor cells j follows:

w; x(1-V;)

4
D, wex(1-V0)

V,=1 indicates that the visiting status of cell 7 is set to
1. At the end of the random walk, the presence/absence
status of the last visited cell is set to 1, ending the dispersal
event. During a random walk, if all the neighbors of the
current cell 7 are visited (i.e. p(i — ;)=0, V j € [1; 4]),

p(i—>j)= V=1 4)
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the random walk stops at cell 7, and S(#)=1. If a walk
reaches a map border, the dispersal event is not accounted
for in the simulation. At each new random walk, the vis-
ited status is reset to zero for all cells. Using this method-
ology, the direction of dispersal events only depends on
the structure of the road network.

3. At the end of each simulation (when #=7), the model
returns one presence/absence status S(7) per cell 7. To
estimate the distribution of presence probabilities for a
given set of parameters, it is thus necessary to run /V inde-
pendent stochastic simulations. The frequency f(7) of the
simulations that led to an invasion is computed for each
cell 7 reads:

> s()
A== ©)

with §,(7) the presence/absence status of cell 7 in simulation
j. The algorithm of the modelling framework is presented in
Supporting information.

Testing the importance of road networks and
human activities

Models comparison

Both the spatial heterogeneity in human activities and the
topology of the road network can introduce anisotropy in
HMD dynamics. To evaluate their impact on our ability to
explain the invasion of L. neglectus in the middle Rhone val-
ley, we compared four models: 1) an isorropic model, that
does not account for any source of anisotropy, and is used as
a null model, 2) a human activiry model, that accounts only
for the amount of human activities across the landscape, 3)
a road network model, that accounts only for the topology of
the road network, and 4) a combined model, that accounts for
both sources of anisotropy.

For the isotropic model, both sources of anisotropy are
ignored. The weight between every pair of adjacent cells 7
and j is w,=1, thus, there is no anisotropy due to the road
network, and road category weights w, to w, are ignored. All
cells are attributed the same human activity index (i.e. the
mean human activity index in the study area). For the human
activity model, only the spatial heterogeneity in human activ-
ities is considered (each cell has a specific human activity 4,
see Eq. 3). For the road nerwork model, only the topology of
the road network is considered. The weight between every
pair of adjacent cells 7 and j is calculated considering the
four road categories (Eq. 1). All cells are attributed the same
human activity index (i.e. the mean human activity index
in the study area). For the combined model, both sources of
anisotropy are accounted for.

Dispersal parameters estimation
Based on previous knowledge on L. neglectus invasion his-
tory (‘Presence/absence dataset’), we assumed that a single

introduction event occurred 25 years ago, leading to a simu-
lation time 7'=25 years. All the other parameters of the
models (including the location of the initial introduction)
were estimated by log-likelihood minimization based on
the observed distribution of L. neglectus in the study area,
using the minimization algorithm CMA-ES (Hansen et al.
2003). To compute the likelihood of a simulation, we used
the hypergeometric law (Fisher’s exact test for low sample
sizes; Fisher 1935). Compared to the binomial likelihood,
Fisher’s exact test is more accurate for low counts and when
the marginal sum is very imbalanced. Moreover, the hyper-
geometric likelihood (Eq. 6) naturally takes into account
the sampling effort N, (the total number of sampling
events per cell), as uncertainty decreases when the sampling
effort increases, therefore giving more importance to cells
with a higher sampling effort during the minimization of
the log-likelihood. At the end of each simulation with NV
repetitions, the likelihood L(7) of the simulation in each cell
i then reads:

n,; n,
Ysim N_ysim
L(i)= , 6
(Z) n; +n, ( )
N

Wlth 7= Ysim t Yobsr "o = (N - .ysim) + (]\fobs - }/Obs)’ and Jsim and
Yy the number of simulated and observed presences in cell
i respectively. The log-likelihood / of the simulation is the

sum of negative log-likelihoods:

Lo ==Y _InL(0) 7)

with 7 the total number of cells with NV, > 0 (cells with
no experimental sampling are not evaluated). The log-like-
lihood landscape being multi-dimensional and noisy due to
the highly stochastic nature of the simulations, we applied a
restart strategy and performed 1000 log-likelihood minimi-
zations to increase the probability of finding the best solution
(leading to approximately 4 X 10" independent stochastic
simulations, see Supporting information). For each model,
we selected the parameters set having the lowest average
log-likelihood score over 100 repetitions, meaning that this
set of parameters is located at the highest calculated mean
likelihood optimum. Mathematical terms are summarized in
Table 1; model parameterization in Table 2.

Models performance comparison

We compared the four calibrated models using the Akaike
information criterion (AIC) as the models differ in their
number of parameters. Because our modelling framework is
stochastic, a model’s output, and thus performance, can vary
across simulations. Thus, 100 repetitions were performed and
the distributions of AIC values among models were compared
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Table 1. Model parameters and mathematical variables.

Variable notation Description

n Number of independent stochastic simulations (here, n=1000)

T Total duration of the simulation after the initial introduction in years (here, T=25)

(Xor Vo) Coordinates of the cell of initial introduction of the invasive species (coordinates of the cell centroid in meters)

A Mean number of dispersal events per cell per timestep (parameter of a Poisson distribution)

y, o2 Mean and variance of the probability distribution (log-normal distribution) of the distance of dispersal events in
number of cell-to-cell jumps

Iy Fyy Py Ty Road category weights

. Human activity index of cell i

P Maximum human activity index in the map

S0 Presence/absence status of cell i at time t (S(t) € {0, 1}), 0 and 1 symbolizing the simulated absence or presence of the
species, respectively

J(t) Number of dispersal events of cell i at time ¢

f(t) The frequency of the simulations that led to an invasion in cell /

Vobs Mobs Number of samples positive to L. neglectus y.,. and total samples n, in the observed dataset for a given cell

Ve Meim Number of repetitions invaded by L. neglectus y.,, and total number repetitions n,, in the simulation dataset

L(i) Hypergeometric likelihood of cell i

Lox Total negative log-likelihood of a model

using pairwise Wilcoxon tests with p-values adjusted for mul-
tiple comparisons.

To have a more detailed understanding of the performance
of the models, we also computed five classical performance
assessment metrics. 1) First, we computed the area under the
receiver operator characteristic (ROC) curve (AUC), which
evaluates the ability of the model to classify presences and
absences (an AUC of 1 indicates perfect fit, 0.5 random fit
and 0 perfect inverse fi; Hanley and Mcneil 1982) and is
obtained by selecting the threshold value that maximizes both
2) the sensitivity (true positive rate) and 3) the specificity
(true negative rate; Hosmer et al. 2013). Here, the threshold
value used to binarize the simulation dataset is the simulated
frequency of invaded cells £ (7) at the end of a simulation
(Table 1). Lasius neglectus is considered present in a cell 7 if f/
(7) is above the threshold (only cells with at least one experi-
mental sample are evaluated). Next performance metrics were
computed after having selected the threshold value that maxi-
mizes them specifically: 4) the F1 score, which evaluates the
ability of a model to predict presences, in term of precision
(i.e. proportion of true presences among simulated presences)
and recall (i.e. sensitivity); and 5) the true skill statistic (TSS),
which is an improvement of the Kappa score, reducing preva-
lence biases (Allouche et al. 2006). Values close to 1 indicate
that the model accurately classify presences/absences.

These performance assessment metrics are based on a
binary interpretation of the simulation results. To do so, we
assumed that, among cells with at least one sampling location
(362 cells), cells containing one or more invaded locations of
the species were invaded (56 cells), and cells with no invaded
location were non-invaded (306 cells). However, our optimi-
zation algorithm relies on a likelihood measure that depends
on the sampling effort in each cell. Thus, for the likelihood,
a cell containing many sampling locations will have more
weight than a cell with only a few sampling locations. This
is not reflected in the binary projections of the experimental
sampling, which explains why cell-based performance met-
rics differ slightly from AIC in their assessment of the best
model. Yet, these metrics are helpful to evaluate the quality of
models in a generalizable way.

Results

The road network model was better at explaining observed
invasion patterns than all other models (AIC + SE=324.55
+ 0.24; Table 3, Fig. 3, see Supporting information for log-
likelihood distributions). Removing any source of anisotropy
decreased model’s performance (AAIC=14.95; Table 3)
as well as adding human activity (AAIC=15.65; Table 3).

Table 2. Parameterization of the four HMD models. For each optimizable parameter, the range of allowed values is provided. Parameters are

described in Table 1.

Parameters (i) Isotropic model (ii) Human activity model  (iii) Road network model (iv) Combined model
n 1000 independent stochastic simulations
T 25 years
(X, o) X, € [20 000; 80 000] and y, € [14 000; 104 000]
A A e [0; 30]
Y, o p € [0;30] and 6 € [0.1; 3]
Ity %) @ r,€[0; 1] r,€10; 1]
Human activity Homogeneous Heterogeneous Homogeneous Heterogeneous
index h; h,=mean (pop.dens.) h,=mean (pop.dens.)
Nb of estimated 5 5 9 9

parameters k
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Table 3. Parameter values for each calibrated model. Mean and SE of the log-likelihood and AIC over 100 repetitions. The difference with
the AIC of the best model (i.e. the road network model) is computed from the mean AIC of each model. The best model is highlighted in

green. Road weights are normalized to sum up to 1.

Parameters (i) Isotropic model (i) Human activity model  (iii) Road network model (iv) Combined model
Mean log-likelihood + SE 164.75 £ 0.16 174.48 £0.17 153.28 £0.12 161.10 £ 0.14
Mean AIC + SE 339.50 + 0.31 358.97 + 0.33 324.55 +0.24 340.20 + 0.29
AAIC (based on mean AIC) 14.95 34.42 - 15.65

Xo 20026.56 29673.02 31238.47 60764.4

Yo 73514.26 58030.17 66451.83 38009.8

A 17.15 26.92 13.14 22.56

u 3.26 3.26 3.80 7.59

c 1.59 0.82 2.41 0.16

r - - 0.36 0.81

r - - 0.59 0.12

ry - - 0.049 0.056
r, - - 0.0058 0.014

Considering human activity alone led to the worst model
(AAIC=34.42; Table 3).

According to the AUC metric (Fig. 4a), the road network
(mean AUC + SE=0.808 + 5.58 X 107%) and the combined
(mean AUC + SE=0.809 + 5.50 X 10~%) models are the best
to classify the observed data, but are not significantly different
from each other. Binary classifiers with AUC values higher
than 0.8 are generally assumed to be good (Hosmer et al.
2013). The combined model has a significantly higher sensi-
tivity (mean sensitivity = SE=0.925 + 4.70 X 1073 Fig. 4b)
while the r0ad network model has the highest specificity
(mean specificity + SE=0.724 + 1.41 x 107% Fig. 4c).
According to the F1 score (Fig. 4d), the road network model
also performs better at predicting true positives (invaded
cells) while minimizing the rate of false positives (mean F1

score + SE=0.507 = 1.20 X 107%). Noticeably, according
to the true skill statistic index (TSS; Fig. 4e), the combined
model has the best performance (mean TSS + SE=0.534 +
1.51 X 107%). See Supporting information for detailed model
performance and Supporting information for detailed spatial
distribution of observed and simulated presences/absences.

Each calibrated model differed in parameter values, includ-
ing in the location of the initial introduction. This generated
very different spatial distributions of simulated probability of
presences at 25 years (Fig. 5).

A detailed explanation of the invasion dynamics of the
road network model can be found in Supporting informa-
tion. The simulation framework, the results and the pipe-
line to reproduce post-analyses and figures are available in
Supporting information.

c| a

370
a b
360
&
= 350 1
>
2
—
=}
2
© n
340
o ]
<
330 1
320 1
Isotropic Human activity

Road network

Model

Combined

Figure 3. AIC distributions of each calibrated model. To obtain the distributions, 100 independent simulations were computed. Boxplot
letter labels indicate result of pairwise Wilcoxon significance tests, with a Bonferroni correction of n=6 (for the six pair-wise tests). The
isotropic and combined models are not significantly different (p-value=0.41). All other pairwise tests are significant with a p-value < 2.2 X
107¢. The color of each violin plot corresponds to one model, as shown in the legend.
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Figure 4. Performance metric distributions of each calibrated model. To obtain the distributions, 100 independent simulations were com-
puted. Boxplot letter labels indicate pairwise Wilcoxon significance tests, with a Bonferroni correction of n=6 (for the six pair-wise tests).
For each metric, best(s) model(s) letters are highlighted in black. (a) AUC; (b) sensitivity; (c) specificity; (d) F1 score; (e) true skill statistic.
The mean and the SE of the performance metrics of the four selected models are also summarized in Supporting information.

Discussion

We have shown that accounting for the topology of the road
network in human-mediated dispersal models improved our
ability to explain the spread of the invasive ant L. neglectus
in the middle Rhone valley. The importance of the topol-
ogy of transport networks in the post-introduction spread
of invasive species has been increasingly discussed over the
last decade but rarely tested (Auffret et al. 2014, Banks et al.
2015, Bullock et al. 2018, Gippet et al. 2019), and its integra-
tion in regional invasion models remains rare (Bagnara et al.
2022, Lee et al. 2022). Therefore, this study provides a valu-
able assessment of the importance of accounting for road
networks topology to model and understand the regional
spread of invasive species (Fig. 3—5). Interestingly, according
to AIC (Fig. 3) and most other performance metrics used to
compare the four models (i.e. isotropic, road network, human
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activity and combined models), the road network model was
the best at explaining the regional distribution of L. neglectus
in the study area (Fig. 4; Supporting information). However,
some performance metrics gave a more nuanced result. The
road network model and the combined model performed
equally well according to AUC (0.81) and the combined
model performed best according to the true skill statistic.
These discrepancies among metrics give a richer picture of
model performance as each metric represents a different
aspect of the fit between simulated and observed invasion
patterns. However, discrepancies might also result from the
fact that, contrary to other performance metrics, AIC penal-
izes for model’s complexity to avoid over-fitting, and also
accounts for the sampling effort so that well sampled cells are
given more weight than pootly sampled ones. More gener-
ally, we show that taking into account the structure of the
road network significantly improves model performance in

85U8017 SUOWIWIOD 3A11e81D) 3|qeoldde ayy Aq peuienob a1e sejolie YO ‘SN JO S9N o} Aeiq1 T 8UlUO A8|IA LD (SUOHIPUOD-PUE-SWLBI 00" A3 1M A1 1[BUl [UO//SdNL) SUONIPUOD pUe SWwie 1 84} 88S *[S5202/c0/02] Uo Akeiqiauljuo A8]iM ‘U0AT ap afeniueD 81003 Ad 890.0°'6038/TTTT 0T/I0p/wW00 A8 | AReiqipuljuo S U fosu//:sdny wouy papeojumod ‘€ ‘7202 ‘/850009T



J I L
46.0°N 1 ]
..
45.8°N - : - |
o
o 456°N- B T |
© i I
= : ..
8 454N : L
FEEEEE |
45.2°N - w |
" -
LA
45.0°N 1 . ]

)

Simulated
probability
" of presence

" 1

i : " 0.1
) - i 0.01
0.001

[]o

(c)

46.0°N -
45.8°N A

45.6°N

Latitude

45.4°N -

45.2°N A

45.0°N -

(d)

45°E 5.0°E 5.5°E
Longitude

45°E 5.0°E 5.5°E
Longitude

Figure 5. Simulated probabilities of presence at 25 years (based on 1000 repetitions), for each calibrated model: (a) isozropic, (b) human
activity, (c) road network and (d) combined. Red circles indicate the estimated cell of introduction.

all cases. Similarly, considering only the human activity index
based on population density systematically leads to poorer
performances.

Moreover, our findings indicate that all roads do not par-
ticipate equally to HMD as national (e.g. motorways) and
regional roads were more important than smaller roads for
explaining the spatial distribution of L. neglectus in the mid-
dle Rhone valley (Table 3, Supporting information). This
result was not surprising because large roads are used by more
vehicles and are therefore more likely to participate in HMD
(Lemke et al. 2018). This result emphasizes the importance
of anisotropy in HMD because main roads are rarer and
more spatially structured in the landscape than local roads,
and thus, they generate more anisotropy in HMD (Fig. 5,
Supporting information for an animated version). This is in
line with recent modelling studies showing that main roads
participate more in the HMD of invasive animals and plants
(Bagnara et al. 2022, Lee et al. 2022). However, minor roads
mightstill play a non-negligible role by allowing isolated areas

to stay connected to the main road network (i.e. large parts of
the HMD trajectories occur on large roads but many HMD
events start or end along smaller roads (Lee et al. 2022).

Our results also question the relevance of using human
population density as a source of anisotropy in HMD mod-
els (Robinet et al. 2009, 2016, Crespo-Pérez et al. 2011).
Integrating human population density in HMD models is
thought to improve HMD models because human activities
(that are responsible for the HMD of invasive species) are
expected to be more frequent in the most populated areas
(Gilbert et al. 2004). However, in our case, using human
population density decreased model performance to explain
L. neglectus invasion patterns (Fig. 3—4, Table 3, Supporting
information). This result suggests that human population
density is too general to propetly reflect the activities involved
in the HMD of the invasive ant L. neglectus in the study
landscape, which, most likely, are local horticultural trade,
landscaping and construction works (Espadaler et al. 2007,
Gippet et al. 2017). If available, indices such as road trafhic
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density, or soil transportation activities, which are more rep-
resentative of the type of human activities involved in the
HMD of the studied species should be preferred in future
modelling studies (Auffret et al. 2014).

Estimated parameter values also differed substantially
among the four models. In this regard, the combined model
strongly diverged from other models in its dispersal dynamics.
First, the mean distance of dispersal events was twice higher
than for other models (1 =7.59), and the SD of these dispersal
event distances was the closest to zero (6=0.16), leading to
long, but predictable (i.e. low variance), dispersal events. The
combined model also strongly favored national roads while
the road network model gave more weight to regional roads
(Table 3). Moreover, while the other three models started the
spread in the west area of the map (Fig. 5a—c), the combined
model placed the introduction in the south, at ~ 15 km east
from the oldest known invaded location in the study area
(i.e. Saint Désirat village; Fig. 5d). The western introduction
scenario is also interesting because it locates the beginning of
the invasion in the middle of an historically important trans-
portation axis (the A47 highway), connecting the two largest
cities of the study area: Lyon and Saint-Etienne. Altogether,
these differences show that considering the road network and
the population density can strongly affect the optimal solu-
tion to explain spread patterns, and ultimately our compre-
hension of HMD dynamics.

One other important difference between the four models
is the A parameter value, which is the smallest for the road
network model. This parameter controls the mean number
of HMD events per year and per cell and, depending on the
network connectivity, will control the intensity of the global
spread. As such, the road network model simulates much less
HMD events than the other models, despite having the best
AIC (Supporting information). This suggests that the road
network model is not only the best fitting model, but also the
most parsimonious.

This study focused on how the topology of transport
networks affects HMD to shape the regional spread of an
invasive species. Our findings are therefore limited as we
ignored other important drivers of the regional spread of
invasive species: natural dispersal, biotic interactions, and
abiotic conditions (Savage and Renton 2014). These fac-
tors might be particularly important for invasive species
that can survive only in specific environmental conditions
(Chapman et al. 2019), or with good natural dispersal abili-
ties (e.g. the Asian hornet, Vespa velutina, for which HMD
might be less important for post-introduction invasion suc-
cess; Robinet et al. 2018). In addition, part of the popula-
tion dynamics not accounted here could interact with the
human-mediated dispersal process and ultimately affect
spread dynamics. Among such unaccounted processes, popu-
lation growth after introduction is likely important because
small, incipient, populations are less likely to be dispersed by
human activities than larger, older, ones. This might affect
the timing of the invasion by generating a time lag between
introduction and secondary human-mediated dispersal, or
by inflating the importance of older populations in regional

Page 11 of 13

spread patterns. Future research could use our HMD model
in combination to demographic sub-models (e.g. simulating
population growth inside invaded cells) to address this limi-
tations. Because our modelling framework uses parameters
that are independent of the biological characteristics of the
transported species (e.g. natural dispersal ability, ecological
niche), it is generalizable to any species dispersed by human
activities and can be coupled with species-specific models of
natural dispersal and biotic or abiotic constraints (Savage and
Renton 2014), allowing exploration of how HMD interacts
with natural processes to shape invasion dynamics.

Conclusion

In a changing world, new roads are built at an alarming
pace (Hughes 2019, Ferrante and Fearnside 2020), creating
opportunities for invasive species to access pristine landscapes
and facilitating their spread in urbanizing regions. Integrating
road network topology in invasion models is thus crucial to
understand past invasions and to prevent, future ones. Our
modelling framework should stimulate ecologists and con-
servationists to explore the role played by road networks in
driving invasive species post-introduction spread across the
world’s landscapes.
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