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Abstract. Human-mediated habitat loss, climate change, and the invasion of alien species often lead to changes in species distribution,

community structure, and interspecific interactions, posing significant challenges for conservation biology and ecosystem

management. The relationship between gall-inducing insects and their hosts is a model system that provides insight into complex

ecological processes and helps identify habitat factors with idiosyncratic influences on species distribution. We explored and predicted

the potential distribution of the rose gall wasp, Diplolepis rosae (Hym., Diplolepididae) in regions where its host plants, R. canina and
R. rubiginosa, have expanded. The most influential factor on the occurrence probability of D. rosae, as expected, was the inherent
distribution of Rosa spp. The intentional introduction of D. rosae to regions where its host plants have become invasive could have

several conflicting ecological consequences. Diplolepis rosae may play a role in the biological control of its host plants, but could also

give rise to novel ecological interactions with closely related native species, potentially complicating ecosystem strategies and

impacting native biodiversity in unforeseen ways.
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Introduction

Human activity has significantly altered species distributions
worldwide (Boivin et al. 2016, Schmack et al. 2020). Non-
native species introductions, agriculture, urbanization, and
climate change impact habitats and biodiversity (Kumar Rai
& Singh 2020, McKinney 2006), posing challenges for
conservation and ecosystem management (Thuiller et al.
2008). Invasion of the alien species disrupts ecosystems by
outcompeting natives, spreading diseases, or altering
ecological relationships (Ielmini & Sankaran 2021, Mack et al.
2000, Vila et al. 2011). These effects are particularly severe in
isolated ecosystems (Reaser et al. 2007), leading to shifts in
ecosystem structure and function (Wisz et al. 2013).

Landscape changes, such as deforestation (Green et al.
2005) and wetland conversion (Douglas et al. 2023), reduce
habitat availability. Intensive farming depletes soil, reduces
food resources, and introduces harmful chemicals (Rehman et
al. 2022). Urbanization and other development fragments
habitats, favoring some species while disrupting ecological
interactions (Reed 2004, Ruas et al. 2022, Sun et al. 2022). More
importantly, climate change alters species distributions
through rising temperatures, shifting precipitation, and
extreme weather (Lynas et al. 2021, Rubenstein et al. 2023).
Many species struggle to adapt or migrate fast enough
(Senner et al. 2020), disrupting ecological interactions and
stressing vulnerable populations (Iler et al. 2021).

These disruptions challenge efforts,
requiring model organisms and communities (Ankeny &
Leonelli 2020, Evans et al. 2021, Karimpour et al. 2025) to
study ecological processes. Multi-trophic models reveal direct
(e.g., predation) and indirect effects (e.g., herbivore behavior
changes), aiding conservation planning (Perennes et al. 2023,
Perovi¢ et al. 2018). Insights from these models support
species management, habitat

conservation

invasive restoration,

and biodiversity protection (Chase et al. 2020, Hess et al.
2019). Plant gall-inducer communities serve as valuable
model organisms (Fernandes et al. 2014, Lépez-Nunez et al.
2017). Gall inducers (Stone & Schonrogge 2003) create
microhabitats for herbivores, parasitoids, and mutualists
(Csoka et al. 2017, Lészl6 et al. 2018), facilitating studies of
ecological and evolutionary dynamics under environmental
changes (e.g., Laszl6 et al. 2024a, Laszl6 & T6thmérész 2013).
One relatively well-studied gall-inducer community is that of
the rose gall wasp, Diplolepis rosae (Linnaeus, 1758) (Hym.,
Diplolepididae). This species induces conspicuous galls on
wild roses, primarily Rosa canina and Rosa rubiginosa, and is
native to Europe (Kohnen et al. 2011). Its interaction with host
plants exemplifies a highly evolved plant-insect relationship,
where the gall provides protection and nutrients while
exploiting the plant’s resources (Laszl6 & Tothmérész 2011).
D. rosae's life cycle is tightly linked to its hosts. After
overwintering, females lay eggs in developing leaf buds
(Kohnen et al. 2011). Larvae induce “Robin’s pincushion” or
“bedeguar” galls, complex structures with multiple chambers
and a fibrous, often brightly coloured outer layer (Urban
2018). As a parthenogenetic species, females produce
genetically offspring  without
(Schilthuizen & Stouthamer 1998), enabling rapid population
growth. Larvae develop within the gall, overwinter, and
emerge as adults in spring (Laszl6 & Téthmérész 2011).
Highly host-specific, D. rosae targets R. canina, R.
rubiginosa, and R. corymbifera (Kohnen et al. 2011) primarily.
Its larvae manipulate plant cellular processes, redirecting
nutrients and growth hormones to form galls (Hearn et al.
2024). This can have minimal to substantial impacts on plant
growth and reproduction (L4szl6 et al. 2024a, Pujade-Villar et
al. 2020). Rosa canina and R. rubiginosa are perennial European
shrubs that have been introduced worldwide for their
ornamental value and adaptability (Cavallero & Raffaele
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2010, Hura et al. 2023, Mazzolari et al. 2017). They thrive in
diverse soils and climates (Gadzinowska et al. 2019) and are
invasive in some regions, forming dense thickets that
outcompete native vegetation (Hirsch et al. 2011, Syrett 1990).
Their spread may facilitate the expansion of D. rosae,
potentially impacting local gall-inducer communities and
native plant populations (Laszl6 et al. 2024b). Given the
wasp’s host dependence, the introduction of R. canina and R.
rubiginosa could drive a corresponding increase in D. rosae's
range. Understanding this expansion is crucial for predicting
ecological impacts, managing invasions, and conserving
native biodiversity.

Species Distribution Models (SDMs) predict species'
geographic distributions using environmental variables and
occurrence data (Feng et al. 2024, Franklin 2013). These
models incorporate climate, topography, and land use to
identify suitable habitats. Common techniques include
MaxEnt, Bioclim, and Generalized Linear Models (Guisan &
Thuiller 2005). SDMs have significantly advanced invasion
ecology (Rathore & Sharma 2023, Sherpa & Després 2021) by
identifying at-risk areas, aiding monitoring and early
detection, and supporting targeted management (Guisan et
al. 2013, Villero et al. 2017).

SDMs are rarely used for large-scale modeling of plant
gall inducer distribution (Multigner et al. 2022, Rodriguez et
al. 2015, Sardon-Gutierrez et al. 2021). However, they offer
insights into future distributions and control strategies (Dinis
et al. 2020) and highlight climatic factors like temperature and
precipitation in invasion dynamics (Aidoo et al. 2022). Recent
efforts modeled Diplolepis species in part of their native range
(Sardon-Gutierrez et al. 2021), but a comprehensive analysis,
including their Nearctic range, is lacking (Laszl6 et al. 2024b).

Diplolepis rosae (L.) has one of the largest known
geographical footprints of the genus, occurring across its
native Holarctic range and in introduced regions such as
North America, and showing broader distribution than most
other Diplolepis species at regional scales (Laszl6 et al. 2024b,
Sardon-Gutierrez et al. 2021). The species is known to induce
galls on numerous roses, although its most common hosts are
the dog rose and the sweet briar (R. canina and R. rubiginosa).
Both species are native to Europe, but have become invasive
in parts of North America, South America, and New Zealand,
and have been introduced to several other continents
(Cavallero & Raffaele 2010, Zimmermann et al. 2012, Hura et
al. 2023). Understanding the dynamics of Diplolepis rosae
distribution in relation to its invasive host plants contributes
to broader knowledge of species interactions and the
consequences of biological invasions. It may also inform
conservation efforts to protect indigenous ecosystems from
the cascading effects of introduced species and aid in
developing biosecurity measures and management practices
to control the spread of invasive roses and the associated gall
wasp.

Our study aims to explore and predict the potential
distribution of the rose gall wasp D. rosae in regions where its
host plants, R. canina and R. rubiginosa, have been introduced.
The specific objectives are to: map the current and potential
future distribution of R. canina and R. rubiginosa using climate
suitability models; identify regions at risk of D. rosae invasion
based on the predicted distribution of its host plants; assess
the ecological and economic impacts of potential D. rosae
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expansion; and provide recommendations for monitoring and
management strategies to mitigate the effects of D. rosae in
newly invaded regions.

Materials and methods

Raw data

We retrieved all research-grade data from the Global Biodiversity
Information Foundation (GBIF 2021). Our data collection efforts
encompassed D. rosae and 23 Rosa species. This generated 3,135
research-grade data points for D. rosae and 8,100 research-grade data
points for 23 Rosa species known to be hosts of D. rosae (see details of
the analyzed rose species in the SI). We subjected both datasets to a
series of rigorous filtering steps, yielding our two final "presence"
datasets for the target groups.

To derive predictor climatic variables, we used 19 bioclimatic
variables from the WorldClim dataset at a 10-minute resolution. The
data were accessed with the "getdata()" function from the "raster" R
package (Hijmans 2010), with parameters "var = 'bio"" and "res = 10"
(Fick & Hijmans 2017).

Soil characteristics were incorporated from the SoilGrids dataset
(Hengl et al. 2017, Poggio et al. 2021), using average values across soil
depths. The variables included: Bulk density (bdod), Cation Exchange
Capacity (cec), Volumetric fraction of coarse fragments (cfvo),
Proportion of clay (< 0.002 mm) in fine earth (clay), Total nitrogen
(nitrogen), Soil pH (phh20), Proportion of sand (> 0.05 mm) in fine
earth (sand), Proportion of silt (silt), Soil organic carbon (soc), and
Organic carbon density (ocd).

For land cover data, we used the 2021 version of the Sentinel-2
10m Land Use/Land Cover global dataset (Karra et al. 2021, Zanaga
et al. 2022), resampled to a 10-minute resolution to match other data
layers. All original categories (1-11)
distribution models for both species.

were incorporated into the

Data pre-processing and standardizing

To enhance the precision of our results and improve the accuracy of
our predictions, we implemented a series of filtering procedures to
minimize redundancies in our two 'presence" datasets. These
procedures encompassed three primary steps.

First, we defined study areas for the target species. This step
primarily influences the training of our models to generate pseudo-
absence data. Narrowing the geographical extent considered by the
model when determining potential habitable and uninhabitable zones
for the target species generates more accurate pseudo-absence data
(Martinez-Meyer 2005). Working with specific study areas rather than
a global scale also reduces the computational time required to train
the models, particularly when incorporating a large number of input
layers.

Second, we removed duplicate observations. Each raster cell in
our input layers represents an area of approximately 340 km2 (10
minutes), which may encompass multiple observations. We defined a
raster cell as habitable for our target species if it contained at least one
observation. Because we did not rely on density-dependent sampling
and because citizen science data are not randomly distributed, this
step allowed us to reduce sampling biases in our dataset. In cases
where a raster cell contained multiple observations, we randomly
selected one observation and discarded the remainder (Aiello-
Lammens et al. 2015, Varela et al. 2014). This process was applied to
all cells within the research area for both datasets.

Finally, we conducted a subsampling procedure on the dataset
based on spatial density. This step was necessary to address the
uneven representation of presence data points between regions.
Certain geographical locations, such as the British Isles, exhibited
considerably higher numbers of recorded observations than other
countries in northern or southern Europe. Similarly, Western Europe
is overrepresented, while Northern Europe is underrepresented
(Feldman et al. 2021). To address this imbalance, we performed
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random subsampling using the "pp.subsample()" function from the
"spatialEco" R package (Evans 2015), employing the "window = 'hull"
parameter. By retaining only 30% of the already-filtered data, we
aimed to strike an optimal balance between data volume and
information content.

After implementing the filtering procedures, our final dataset
comprised 1,071 data points for the Rosa spp — dataset, encompassing
19 Rosa species, and 493 data points for D. rosae. We excluded four
Rosa species (R. caesia, R. deseglisei, R. dumalis, and R. stylosa) from the
analysis because their locations were outside the designated research
area; these four species accounted for only six data points in the
original dataset.

To ensure uniformity and compatibility among the input raster
layers comprising 19 Bioclimatic and 10 soil variables, we performed
preprocessing to align their cell sizes. These layers originated from
different sources and are at different resolutions. Consequently, we
adjusted the maximum extents of each layer to achieve consistency.
The Common Coordinate Reference System (CRS) employed
throughout the project was CRS('+proj=longlat +datum=WGS84'); the
common raster cell size was 10 minutes; and the common extent of all
layers was xmin -180, xmax 180, ymin -60, ymax 90. This procedure
aimed to standardize the spatial characteristics of the input raster
layers to enhance the reliability and accuracy of all analyses.

Pseudo-absence data generation

Pseudo-absence data for Rosa spp. and D. rosae were generated with
intermediate prevalence for reliability (Liu et al. 2005, McPherson et
al. 2004). Balanced pseudo-absence selection minimizes biases in
ecological modelling (Hanspach et al. 2011, Hengl et al. 2009, Mateo
et al. 2010). Three methods were used, each increasing in complexity
(Iturbide et al. 2015).

The first method,
profiling" (RSEP), uses one-class support vector machines (OCSVM)
to define the environmental range for pseudo-absence sampling
(Bedia et al. 2011, Drake et al. 2006, Scholkopf & Smola 2001). OCSVM
handles high-dimensional data and captures non-linear relationships
(Senay et al. 2013), with pseudo-absences randomly sampled within
the potential inhabitable zones (PIHZ).

The second method, "three-step selection" (TS), refines RSEP by
adding two steps. It first defines the PIHZ, then builds SDMs using
pseudo-absences across varying spatial extents, with distance
thresholds ranging from 20 km to the study area’s extent, increasing
by 10 km. The third step selects the best-performing model based on
AUC.

The third method, "three-step with k-means selection" (TSKM),
modifies TS by using k-means clustering to partition the PIHZ into
spatial subunits, with cluster centroids ensuring representative
sampling (Senay et al. 2013). The final step follows TS. Pseudo-
absence datasets were generated using these methods via the "mopa"
R package (Iturbide et al. 2015).

"random selection with environmental

Joint Species Distribution Modelling (JSDM)
We applied a Joint Species Distribution Modelling (JSDM) approach
(Pollock et al. 2014). First, we modelled the distribution of 19 Rosa host
species using 10 soil variables and 19 bioclimatic variables. This host
distribution served as a spatial bias map, integrated with the original
bioclimatic variables to model D. rosae. We generated three sets of
distribution maps for Rosa and D. rosae using three pseudo-absence
datasets. Variable selection used random forest (RF) decision trees,
known for high predictive accuracy in species distribution (Lévéque
et al. 2023). RF analysis, performed via the “caret” R package (Kuhn
2008), used repeated k-fold cross-validation (k = 10, 25 repetitions).
RMSE and pseudo-R? quality drop was capped at 5% (SI Tables 1-2,
SI Fig. 1-2). Pearson's correlation (cutoff = 0.7) identified collinearity
using ‘removeCollinearity” in ‘virtualspecies’. We then used RF to
select variables maximizing AUC (SI Fig. 3-4) for both Rosa and D.
rosae.

Final models were built using the selected variables. The "sdm()"

function was set to 'replication = 'cv'"

for cross-validation,
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"test.percent = 30" for a 30% test set, and "cv.folds = 5" for five-fold
The ‘"ensemble()" function used 'setting =
list(method = 'weighted!, stat = 'tss', opt = 2)" for a weighted ensemble
method, True Skill Statistic (TSS), and optimization parameter 2. The
same approach was used for Rosa spp. and D. rosae.

cross-validation.

Software

All data processing, modelling, and visualization were conducted in
R (v4.4.1) (R Core Team 2024). For data manipulation, we used the
"tidyverse" (Wickham et al. 2019), "raster" (Hijmans 2010), "sf"
(Pebesma 2018, Pebesma & Bivand 2023), "gdalUtils" (O'Brien 2023),
and "rgdal" (Bivand et al. 2023) packages. Environmental variable
accomplished  using (Kuhn  2008),
"virtualspecies" (Leroy et al. 2016) and "randomForest" (Breiman et al.

selection was "caret"

2002), while pseudo-absence datasets were generated with "mopa"
(Iturbide et al. 2015). Species distribution modelling used the "sdm"
(Naimi & Aradjo 2016) package, and plots/maps were created with
"ggplot2" (Wickham 2016) and "gridExtra" (Auguie 2010).

Joint Species Distribution Modelling was performed using "sdm."
The "sdm()" function generated models, combined via "ensemble()" to
produce final distributions. Models included Generalized Linear
Model (glm), Generalized Additive Model (gam), Boosted Regression
Trees (brt), Maximum Entropy (maxent), Random Forest (rf),
Classification and Regression Trees (tree), Multivariate Adaptive
Regression Splines (mars), and Support Vector Machines (svm).

Results

The final dataset used for modeling, after our data filtration
steps, comprised 1,070 data points for the 19 Rosa species (SI
Table 3) and 493 data points for D. rosae (SI Table 4).
Following the variable selection process, we retained 6
explanatory variables for Rosa spp. and 7 for D. rosae, which
were used in the final models. These were in order of
importance for Rosa spp.: bio2, biol, bio10, bio12, bdod, cfvo;
and for D. rosae: the global distribution of Rosa spp., biol0,
biol7, biol, biol9, biol8, and biol5. The final results were
generated for both Rosa spp. and D. rosae using the glm, gam,
brt, maxent, rf, tree, mars, and svm algorithms, and then
ensembled to obtain the final distribution maps.

For Rosa spp., the three pseudo-absence datasets yielded
similar model results. The average predicted global suitable
habitat coverage (over 50% suitability) was 14% for RSEP,
14.4% for TS, and 14.2% for TSKM. All models had high AUC
(0.86-0.97), TSS (0.62-0.85), and Kappa (0.62-0.85) values
(Table 1). RSEP was selected for final distribution modeling
due to its more balanced selection of background points,
which improves model performance and reduces bias. This
approach provided more accurate ecological insights into
species-environment relationships for Rosa spp.

The three pseudo-absence datasets also produced similar
results for D. rosae. The average predicted global suitable
habitat coverage (over 50% suitability) was 7.5% for RSEP,
8.5% for TS, and 7.6% for TSKM. All models showed high
AUC (0.9-0.96), TSS (0.73-0.83), and Kappa (0.73-0.83) values
(Table 2). TSKM was chosen for final distribution modeling
because it reduced overfitting and improved model
discrimination, resulting in more robust and accurate
models.

Models for Rosa spp. used six variables including four
bioclimatic (biol, bio2, bio10, bio12) and two soil (bdod, cfvo).
Only bioclimatic variables had relative importance values
>10% (Fig. 1). These were: annual mean temperature (biol) at
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35.9%, mean temperature of warmest quarter (bio10) at 24.9%,
mean diurnal range (bio2) at 21%, and annual precipitation had less influence.
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(bio12) at 18.7%. Soil variables, bdod (1.8%) and cfvo (1.1%),

Table 1. Performance metrics (AUC, TSS - True Skill Statistic, Kappa - Cohen’s Kappa coefficient, Sensitivity, and Specificity) for eight species
distribution modelling algorithms (GLM, GAM, BRT, MaxEnt, RF, CART, MARS, SVM) applied to Rosa spp. using three pseudo-absence
selection methods: random selection with environmental profiling (RSEP), three-step selection (TS), and three-step with k-means selection
(TSKM). All models achieved high predictive accuracy, with consistently high AUC values (0.86-0.97) across methods. RSEP was selected
for final distribution modelling due to its balanced background point selection and reduced model bias.

AUC TSS Kappa Sensitivity Specificity
Model RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM
glm 087  0.89 0.89 0.62  0.68 0.68 0.62  0.68 0.68 0.8 0.82 0.79 081 0.86 0.89
gam 096  0.96 0.96 081 081 0.78 081 081 0.78 091 093 0.92 0.9 0.88 0.85
brt 095 095 0.95 079 077 0.77 079  0.77 0.77 0.91 0.9 0.9 088 0.87 0.86
maxent 096 095 0.95 081 078 0.77 081 0.78 0.77 092  0.89 0.89 089 0.88 0.88
rf 097 097 0.97 0.85 083 0.82 085 0.83 0.82 094 094 0.9 091  0.89 0.92
cart 093 092 0.91 077 076 0.74 077 0.76 0.74 0.9 0.89 0.87 087 087 0.87
mars 096 095 0.96 081  0.78 0.78 081 0.78 0.78 092 093 0.92 089 085 0.86
svm 096  0.96 0.96 082 081 0.79 083 081 0.79 094 091 0.92 0.89 0.9 0.87

Table 2. Performance metrics (AUC, TSS - True Skill Statistic, Kappa - Cohen’s Kappa coefficient, Sensitivity, and Specificity) for eight species
distribution modelling algorithms (GLM, GAM, BRT, MaxEnt, RF, CART, MARS, SVM) applied to D. rosae using three pseudo-absence
selection methods: random selection with environmental profiling (RSEP), three-step selection (TS), and three-step with k-means selection
(TSKM). All models performed well, with AUC values ranging from 0.90 to 0.96. TSKM was selected for final distribution modelling due
to its ability to reduce overfitting and improve model discrimination, resulting in more robust predictions.

AUC TSS Kappa Sensitivity Specificity
Method | RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM | RSEP TS TSKM
glm 093  0.95 0.95 076  0.78 0.79 076  0.78 0.79 0.89 0.9 0.89 0.87 0.88 0.9
gam 095 0.96 0.95 0.8 0.82 0.83 0.8 0.82 0.83 093 092 0.93 0.87 0.9 0.9
brt 095 0.96 0.95 0.8 0.8 0.79 0.8 0.8 0.79 095 094 091 085 0.87 0.88
maxent 094 0.96 0.96 0.8 0.82 0.82 0.8 0.82 0.82 096 093 0.92 0.84 0.89 0.9
rf 096 097 0.95 083 083 0.84 083 083 0.84 096 094 0.94 0.87  0.89 0.89
cart 0.9 0.93 0.9 0.76 0.8 0.75 0.76 0.8 0.75 091 094 0.9 0.86 0.86 0.85
mars 095 0.96 0.95 079 081 0.82 079 081 0.82 095 093 0.94 0.84 0.87 0.88
svm 095 097 0.95 082 083 0.83 082 083 0.83 093 095 0.92 0.89 0.88 0.9
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Fig. 1. Variable importance plot for the ensemble species distribution model of Rosa spp., showing the relative
contribution of each selected environmental variable to model performance. The most influential variables were
bioclimatic: annual mean temperature (biol), mean temperature of the warmest quarter (biol0), mean diurnal
temperature range (bio2), and annual precipitation (bio12). Soil variables included bulk density (bdod) and coarse
fragment volume percentage (cfvo), though their contributions were comparatively lower. Bars represent the mean
importance values across eight modelling algorithms, and whiskers indicate 95% confidence intervals.
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Rosa spp. showed clear temperature and precipitation
preferences (Fig. 2). The occurrence probability exceeded 75%
when: biol was between 3-21°C, bio2 was 4-11°C, bio10 was
11-20°C, and biol2 was 500-1200 mm. Maximum
probabilities were 89% (biol = 15°C), 91% (bio2 = 7°C), 85%
(biol0 = 15°C), and 83% (biol2 = 602 mm). Soil variables
showed no specific preference, with >75% probability across
the “bdod” and “cfvo” ranges.

For D. rosae, seven variables were used: six bioclimatic
(biol, biol0, biol5, biol7, biol8, biol9) and one (global
distribution of Rosa spp. from RSEP). Only three variables
were influential with >10% importance (Fig. 3): biol (36%),
biol7 (13.2%), and the global distribution of Rosa spp. (33.7%).
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Bio10 (8.3%), biol8 (6.1%), biol9 (3.8%), and biol5 (2.1%) had
less influence.

The most influential predictor of the global distribution of
D. rosae was the global distribution of Rosa spp. (Fig. 4),
reflecting host availability, as all studied Rosa species serve as
host plants.

The maximum occurrence probability was 86 % when Rosa
spp. occurred at 91%. For other variables, maximum
probabilities were: biol = 75% at 15°C, bio10 = 67% at 9.5°C,
bio18 = 80% at 2mm, biol7 = 68% at 224mm, and bio19 = 62%
at 290mm. For precipitation seasonality (biol5), D. rosae
showed no preference, with >50% probability across bio18’s
range.

Bio 2

300

1000 2000 3000 4000 5000

o-

Mean cfvo

m

0 100 200 300

Environmental Variables

Fig. 2. Response curves for the most influential environmental variables in the ensemble species distribution model

of Rosa spp. The y-axis shows the predicted probability of occurrence (scaled 0-1). Temperature values need to be
divided by 10. Annual mean temperature (biol) showed the highest occurrence probability (~89%) at
approximately 15°C, with suitability decreasing sharply below 3°C and above 21°C. Mean diurnal temperature
range (bio2) peaked at ~91% probability around 7°C, with suitability dropping below 4°C and above 11°C. Mean
temperature of the warmest quarter (bio10) had its highest probability (~85%) around 15°C, with a preferred range

between 11°C and 20°C. Annual precipitation (bio12) showed a maximum probability of ~83% near 600 mm, with

suitability concentrated between 500 mm and 1200 mm.
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Fig. 3. Variable importance plot for the ensemble species distribution model of D. rosae, showing the relative
contribution of each selected environmental variable to model performance. The most influential predictors were
the predicted global distribution of Rosa spp., annual mean temperature (biol), and precipitation of the driest
quarter (biol7). Additional bioclimatic variables included mean temperature of the warmest quarter (biol0),
precipitation of the warmest quarter (biol8), precipitation of the coldest quarter (biol9), and precipitation
seasonality (bio15), though these had lower influence. Bars represent the mean importance values across eight
modelling algorithms, and whiskers indicate 95% confidence intervals.

The distribution of Rosa spp. predicts suitable habitats
across North America and extends to parts of South America,
South Africa, Asia, and Australia. The map (Fig. 5) shows a
clumped  distribution, with  high-suitability
concentrated in the north-western hemisphere. The model
highlights a strong correlation between suitable habitats and
cooler, high-elevation environments with winter snow cover.
The predicted habitat primarily overlaps with regions already
inhabited by European wild rose species, particularly R.
canina and R. rubiginosa.

areas

Discussion

The results of the study provide important insights into the
environmental variables influencing the distribution of Rosa
species and the specialized gall wasp, Diplolepis rosae. The
modeling approach employed a diverse array of algorithms
(GLM, GAM, BRT, MaxEnt, RF, Tree, MARS, SVM) to predict
suitable habitats for both Rosa species and D. rosae using
bioclimatic and soil variables. Despite testing different
pseudo-absence datasets (RSEP, TS, TSKM), the results
remained consistent across all models, reflecting their
robustness.

Model performance in this study was comparable to or
exceeded that reported in recent species distribution
modeling studies with a similar scope and methodological
complexity. For example, regional-scale SDMs of Diplolepis
species on the Iberian Peninsula achieved AUC values
ranging from 0.71 to 0.93 using a limited set of algorithms and
primarily abiotic predictors (Sardon-Gutierrez et al. 2021). In
contrast, our global-scale ensemble models for D. rosae
consistently produced high predictive accuracy across all

pseudo-absence strategies (AUC 0.90-0.96; TSS 0.73-0.83;
Kappa 0.73-0.83), despite broader spatial extent and
increased environmental heterogeneity.

The robustness of our results across pseudo-absence
datasets aligns with the framework proposed by Iturbide et
al. (2015), who demonstrated that carefully constrained
pseudo-absence generation improves model stability and
transferability. In our case, consistent performance across the
RSEP, TS, and TSKM datasets indicates that model
predictions were not driven by artifacts of background
selection but rather reflect stable species-environment
relationships.

Methodologically, our approach extends recent ensemble-
based SDM applications that combine machine-learning
variable selection with cross-validated model averaging
(Lévéque et al. 2023). However, unlike most comparable
studies, we explicitly integrated host plant distributions as a
biotic predictor within a joint species distribution modeling
framework. This design allows
representation of host-dependent range dynamics and
explains the high explanatory power of host distribution for
D. rosae occurrence (33.7% relative importance; SI Table 2).
Future applications of this framework could incorporate
additional trophic levels or be calibrated for other alien, host-
specialist insects exhibiting similar invasion pathways.

The final models for the Rosa species identified bioclimatic
factors, especially those related to temperature, as the most
important predictors of distribution. Rosa species prefer
moderate climates, with a higher probability of occurrence
when the mean temperature of the warmest quarter ranges
between 11°C and 20°C and annual precipitation ranges
between 500 mm and 1200 mm. Soil variables played a minor
role, suggesting that Rosa species are more climate-sensitive

a more mechanistic
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Fig. 4. Response curves for the most influential environmental variables in the ensemble species distribution model
of Diplolepis rosae. The y-axis shows the predicted probability of occurrence (scaled 0-1). Temperature values need
to be divided by 10. Global distribution of Rosa spp. was the most influential variable, with a maximum occurrence
probability (~86%) when the host plant presence probability exceeded 90%. Annual mean temperature (biol)
showed a peak probability of ~75% at 15°C. Precipitation of the driest quarter (bio17) reached its highest probability
(~68%) at 224 mm. Precipitation of the warmest quarter (bio18) had a maximum probability of ~80% at 2 mm.

Rosa Sp.

Fig. 5. Rosa spp. SDM map based on RSEP. The map uses a blue-to-red color gradient to indicate habitat suitability,
with dark red representing areas of highest suitability, mostly in the Northern Hemisphere, and light blue
representing low-suitability areas, such as most of the continents in the Southern Hemisphere.
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than soil-sensitive. The ensemble models showed high
accuracy, with AUC values ranging from 0.86 to 0.97, and
similar performance across all three pseudo-absence datasets
(RSEP, TS, TSKM). The RSEP dataset was chosen for further
analysis due to its marginally better representation.

In the case of D. rosae, the distribution of Rosa spp. was the
most influential predictor, which is biologically logical given
that D. rosae obligately depends on suitable Rosa species as
host plants. Other important variables included annual mean
temperature (biol) and precipitation of the driest quarter
(bio17), which are also key predictors of the distribution of
Rosa spp. This highlights that D. rosae's distribution is tightly
coupled with that of its host plant. The results were consistent
across different pseudo-absence datasets, with the TSKM
dataset being selected for further analysis due to its slightly
better suitability coverage. For both species, temperature-
related variables were consistently the most critical for
predicting habitat suitability. Precipitation also played an
important role, especially for D. rosae, where precipitation in
the driest quarter was a major factor.

The strong relationship between D. rosae and the
distribution of Rosa species demonstrates a robust ecological
link, with Rosa serving as both a key host and a habitat
indicator. The linear relationship between the occurrence
probabilities of both species underscores this asymmetric
dependency. These predictions indicate that the absence of D.
rosae in other parts of the globe outside of its native range is
more likely limited by the lack of introduction events than by
environmental constraints, as no confirmed records exist from
these regions (Csoka et al. 2017, Kohnen et al. 2011, Laszl6 et
al. 2024b). For example, South Africa, south-eastern Australia,
and New Zealand are predicted to be suitable habitats for D.
rosae, and host plants are well established there. This analysis
suggests that opportunity, rather than environment, explains
the absence of the gall inducer in these regions.

The choice of the RSEP and TSKM datasets reflects their
superior performance in capturing habitat suitability, which
is particularly important for modeling multi-taxon systems.
The predicted habitat of Rosa spp. primarily overlaps with
regions already inhabited by European wild rose species,
such as R. canina and R. rubiginosa. This distribution is largely

Dipioiepis rosae
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confined to native and historically indigenous areas,
reflecting the natural biogeographical patterns of these taxa.
Within the Holarctic region, especially in Europe and North
Anmerica, suitable habitats form a largely continuous range. In
contrast, in southern regions such as Africa and Australia,
suitability is more fragmented, likely due to the narrower
range of favorable environmental conditions.

Similarly, the predicted distribution of D. rosae (Fig. 6)
largely overlaps with areas identified as suitable for Rosa spp.,
which is expected given the strict dependence of the wasp’s
reproductive cycle on its host plants. In addition, the models
identified several regions, including South America, South
Africa, southern Australia, and New Zealand, as potentially
suitable for D. rosae despite the absence of confirmed records.
This pattern likely
conditions and the established occurrence of Rosa spp.
Consequently, these regions may represent areas where D.
rosae could potentially establish if introduced.

Introducing D. rosae into regions where R. canina and R.
rubiginosa are invasive (e.g., Argentina, South Africa, and
New Zealand) could therefore have ecological implications,
and the use of Diplolepis gall wasps as biological control
agents has been suggested previously (Bruun 2006). By
inducing stress through gall formation, D. rosae may reduce
host plant vigor, which could indirectly benefit native
herbivores, pollinators, and ecosystem functions while
potentially lowering management costs (Giron et al. 2016,
Ohgushi 2005). However, intentional introduction of D. rosae
carries inherent ecological risks. Interactions with native or
introduced predators, parasitoids, or competitors could
complicate management outcomes (Chailleux et al. 2014),
disrupt ecological interactions, and threaten biodiversity
(Wagner & Van Driesche 2010). Therefore, a thorough risk
assessment is essential before considering any intentional
release. As climate change and ongoing landscape
modification continue to reshape habitats globally, predictive
modeling approaches become increasingly important. This
study demonstrates that ensemble species distribution
modeling can provide valuable insights into potential
invasion pathways and support informed conservation and
biocontrol strategies, particularly in multitrophic systems.

reflects favorable environmental

Fig. 6. SDM map based on RSEP for Rosa spp. and TSKM for D. rosae. The map uses a blue-to-red color gradient to
indicate habitat suitability, with dark red representing areas of highest suitability, mostly in the Northern
Hemisphere, and light blue representing low-suitability areas, such as most of the continents in the Southern

Hemisphere.
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