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ABSTRACT

Species distribution models (SDMs) are widely used to predict the spread of invasive species, yet their accuracy over time and
the influence of climate data resolution remain unclear. Here, we examine the capacity of SDMs to predict the distribution and
short-term expansion of the invasive gall wasp Dryocosmus kuriphilus, and compare the performance of locally sourced, annu-
ally resolved climate data with global climatic datasets. We modelled the annual distribution and expansion of D. kuriphilus
using SDMs. Three climate datasets: regional interpolations, temporally explicit CHELSA time series, and long-term CHELSA
averages, were compared to test their influence on model accuracy. Habitat suitability was estimated with GLM, MaxEnt, and
Random Forest, and model performance was evaluated with the Boyce index. Temporal transferability was assessed by project-
ing early-year models to subsequent years and analysing accuracy patterns via multifactorial ANOVA. Model accuracy, meas-
ured with the Boyce index, improved over time, surpassing 0.7 for most datasets and algorithms. Differences among climate
datasets were minor, although regional data slightly enhanced early predictions. MaxEnt consistently achieved the highest and
most stable performance, while Random Forest and GLM were more variable. Models projected beyond their calibration years
rapidly lost predictive power, showing limited temporal transferability. ANOVA confirmed that neither climate dataset nor al-
gorithm significantly influenced accuracy, though MaxEnt performed best overall. SDMs are valuable tools for invasive species
management when used adaptively. Accuracy improves with more occurrence data but declines when projecting future ex-
pansion, highlighting the need for regular updates. Incorporating fine-scale, temporally explicit data enhances early detection,
monitoring, and rapid-response interventions. Continuously updated SDMs support timely management decisions, including
invasion monitoring, prioritisation of actions, and integration of biological control or other mitigation strategies.

1 | Introduction functioning of ecosystems (Linders et al. 2019; Pysek et al. 2020).

Invasive species can outcompete native organisms, alter habi-
Biological invasions are one of the leading drivers of global tat conditions, disrupt trophic interactions, and ultimately lead
biodiversity loss, posing serious threats to the structure and to declines in species richness and ecosystem resilience. Once
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established, their impacts are often exacerbated by their rapid
spread and the difficulty of controlling them, leading to irrevers-
ible changes in ecosystem function and substantial economic
losses to the socio-ecological systems in which they are embed-
ded (Cuthbert et al. 2021; Diagne et al. 2021). Globalisation and
climate change are accelerating these processes by increasing
the frequency of species introductions and expanding the eco-
logical niches available to invaders (Hulme 2017). Increased
global trade and human movement have facilitated the spread
of alien species, with invasion rates fluctuating in response to
waves of globalisation, while climate change destabilises native
ecosystems and creates favourable conditions for non-native
species (Walther et al. 2009). Therefore, while globalisation and
climate change continue to facilitate the introduction and estab-
lishment of non-native species, the early detection, monitoring,
and accurate prediction of biological invasions have become
critical priorities for pest control, biodiversity conservation and
ecosystem management (Barker et al. 2020).

To that end, species distribution models (SDMs) provide useful
tools for addressing the complex challenges posed by biological
invasions (Battini et al. 2019; Hill et al. 2017; Mainali et al. 2015).
By correlating species occurrence data with environmental vari-
ables using statistical methods, SDMs can estimate the poten-
tial geographic distribution of invasive species under current
and future conditions, generating spatially explicit predictions
which enable the identification of colonised areas or at risk of
colonisation, even before invasions occur (Sillero et al. 2021;
Srivastava et al. 2019). Although SDMs are sometimes criticised
for assuming equilibrium between a species and its environ-
ment, a condition rarely met during the early stages of invasion,
their practical value remains widely recognised (Barbet-Massin
et al. 2018; Gallien et al. 2012; Nguyen and Leung 2022; Vaclavik
and Meentemeyer 2012; Wen et al. 2024). This is particularly
true in supporting early detection, refining monitoring strate-
gies and prioritising management actions. For biological control
programs, SDMs are especially useful in pinpointing infested
areas where control agents, such as parasitoids, can be most
effectively released (Fischbein et al. 2019; Sofaer et al. 2019;
Sutton and Martin 2022). However, when dealing with rapidly
spreading pests, the need for timely, spatially accurate informa-
tion becomes critical.

In this context, global climate datasets like CHELSA or
WorldClim provide standardised climatic information at broad
spatial scales, which has made them widely used in species dis-
tribution modelling (Fick and Hijmans 2017; Karger et al. 2017).
However, these datasets are primarily designed to represent
long-term climatic conditions and their aggregated products (e.g.,
monthly variables commonly used as SDM predictors) are often
released with delays of several years relative to the most recent
observations. Although this does not imply gaps in the underly-
ing meteorological records, it limits the temporal currency of the
predictors typically used in modelling exercises. This limitation
may be particularly relevant in the context of rapidly expanding
invasive species, where distributions can change over short time
frames and management decisions often require environmental
information that reflects current conditions. In such situations,
locally available meteorological observations can be rapidly
processed and spatialised using relatively simple interpolation
techniques, providing timely, accurate and spatially explicit

climatic predictors representative of local climatic conditions.
These locally derived datasets may therefore complement global
climatologies when near-real-time environmental information
is required, for instance to support time-sensitive management
actions, such as the targeted release of biological control agents,
where precise and current environmental information is key for
operational success.

Dryocosmus  kuriphilus Yasumatsu, 1951 (Hymenoptera:
Cynipidae), commonly known as the Asian chestnut gall wasp,
represents an ideal candidate species for validating the predic-
tive capacity of SDMs in the context of biological invasions and
to assess the importance of climate data. This is because its in-
vasion history is well documented, its spread has been inten-
sively monitored, and its expansion has occurred largely in the
absence of effective biological control agents. Native to China,
this invasive insect has rapidly spread across Asia, Europe and
North America (Gil-Tapetado et al. 2018, 2020), becoming one
of the most damaging pests of chestnut trees (Castanea spp.)
(EFSA Panel on Plant Health 2010). A key factor behind its suc-
cessful invasion is the absence of natural predators in newly
colonised regions, allowing populations to grow unchecked and
spread rapidly, with ecological and economic impacts, including
reduced tree vigour, decreased nut production, and heightened
vulnerability to secondary pathogens (Battisti et al. 2014; Sartor
et al. 2015). In the case of D. kuriphilus, several native parasitoid
species have been reported attacking this pest, although their
effectiveness is generally limited, with parasitism rates typi-
cally remaining low in invaded regions (Gil-Tapetado, Cabrero-
Safiudo, et al. 2021; Panzavolta et al. 2013; Quacchia et al. 2013).
Therefore, biological control strategies have focused on the in-
troduction of Torymus sinensis Kamijo, a parasitoid widely used
in biological control programs and currently the most effective
agent available for controlling D. kuriphilus populations (Avtzis
et al. 2019; Ferracini et al. 2017; Quacchia et al. 2008). The suc-
cess of this biological control program depends on the timely
and precise identification of infested areas, where T. sinensis can
be released to parasitize galls and reduce pest densities.

In Galicia (northwest Spain), where the Asian chestnut gall
wasp was first detected in 2014 (Pérez Otero and Mansilla
Vazquez 2014), its spread has been systematically monitored
through annual field surveys (Gil-Tapetado et al. 2020; Pérez
Otero et al. 2017; Xunta de Galicia 2020). This has resulted in
arich and temporally consistent dataset for model calibration
and validation, particularly valuable given the absence of an
effective control by introduced agents until 2019. Although
experimental releases of T. sinensis began in 2015, its estab-
lishment in Galicia remained very limited for several years.
By 2017, only 12 individuals had been recovered from over
220,000 released, and even after a massive release campaign
in 2018 (over 700,000 individuals), post-release monitoring
still showed extremely low recovery rates, with only one spec-
imen detected in field surveys (Nieves-Aldrey et al. 2019). As
observed in other regions, the establishment and population
growth of T. sinensis typically require several years after its
release, with noticeable increases in parasitoid populations
often occurring after 5-7years and effective control some-
times taking even longer (Ferracini et al. 2018; Murakami
and Gyoutoku 1995). Therefore, meaningful parasitism levels
in Galicia may not be expected until after 2020. This delayed
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establishment highlights the importance of SDMs for guiding
biological control strategies, particularly in identifying suit-
able release sites and optimal timing under changing environ-
mental conditions.

Theyears preceding the establishment of the parasitoid provide
an ideal opportunity to assess the capacity of SDMs to predict
the expansion of the invasive species, D. kuriphilus. They also
allow for the evaluation of whether annually resolved, locally
sourced meteorological data could have improved predictive
performance compared to traditional macroclimatic datasets,
which are typically released with a delay and reflect long-term
averages rather than real-time conditions. In this context, the
aim of this study is twofold: (i) to evaluate the ability of spe-
cies distribution models (SDMs) to predict current distribu-
tion and the short-term expansion of rapidly spreading insect
species across multiple years, using D. kuriphilus as a model
organism,; (ii) to examine whether locally sourced meteorolog-
ical data, spatialised through relatively simple interpolation
techniques, can outperform or provide comparable accuracy
to widely used global climatic datasets, which are typically
processed using complex methodologies and provided with a
certain delay. This will help inform both the theoretical un-
derstanding of the limitations of the SDM for insect invasion
ecology and practical guidelines for planning future biological
pest control.

2 | Material and Methods

2.1 | Study Area

The study was conducted in Galicia, a region in northwest Spain
covering approximately 29,575km? (Figure 1a). Climate is pre-

dominantly temperate oceanic, with regional variations driven
by proximity to the Atlantic Ocean and elevation. Particularly,

| (a) Study area and (b) annual records of Dryocosmus kuriphilus invasion from 2014 to 2019. Source: Gil-Tapetado et al. (2020). [Colour

the coastal areas experience mild temperatures year-round,
with abundant and evenly distributed precipitation, while the
inland zones display a more pronounced continental influence,
with greater seasonal temperature variability. Annual precipita-
tion averages around 1200 mm, although it varies greatly across
the region, reaching up to 2900 mm in some areas and dropping
to much lower values in interior valleys. Rainfall is distributed
fairly evenly throughout the year, with a pronounced winter
peak and a summer minimum, characteristic of an oceanic cli-
mate with abundant precipitation.

The interplay between climate, topography, and human activity
shapes land use and vegetation distribution across the region.
Thus, one of the characteristic tree species, the European chest-
nut (Castanea sativa Mill.), officially occupies over 490km?.
However, its presence extends far beyond this estimate, as it is
closely associated with rural societies and appears throughout
the landscape as scattered individuals, small stands and tradi-
tional agroforestry systems, highlighting its multifaceted eco-
logical, economic, and social importance.

2.2 | D. kuriphilus Occurrences

Annual records of D. kuriphilus invasion from 2014 to 2019
were obtained from surveys conducted by Galician forestry
rangers and technicians and provided by the regional govern-
ment of Galicia (Figure 1b) (Gil-Tapetado et al. 2020; Xunta de
Galicia 2020). Monitoring was carried out during the spring
and summer months through systematic sampling along tran-
sects, either on foot or by car, to identify the presence of galls.
Additionally, chestnut growers frequently reported gall infes-
tations in their orchards, supplementing the official records.
When an infestation was detected in a chestnut stand, a single
tree was recorded as representative of the stand. For isolated
trees, the precise position of the affected tree was recorded.
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The geographic coordinates of infested trees were obtained
using handheld GPS receivers or smartphones, with an average
positional error of £3-5m. A detailed description of the moni-
toring protocol, including sampling periods and gall detection
procedures, can be found in the original sources (Gil-Tapetado
et al. 2020; Xunta de Galicia 2020).

Since the primary objective of monitoring was to delineate the
geographical extent of the invasion and inform management
strategies rather than systematically survey all chestnut stands,
potential spatial biases in the dataset were addressed. For that,
occurrences were randomly subsetting at a minimum distance
of 1km from each other using the ‘ecoinfo’ package (Carlisle and
Albeke 2016) in R 4.3.3 (R Core Team 2025). This preprocessing
step helped reduce overrepresentation of closely located occur-
rences, improving the robustness of subsequent spatial analy-
ses. After filtering, 6676 affected chestnut trees were retained
from an initial total of 17,517 geolocated records. The number
of presences increased markedly over time, starting with 37 in
2014, rising to 92 in 2015, and then sharply expanding to 1065 in
2016 and 1965 in 2017. The invasion peaked in 2018 with 3479
presences, before declining to 38 in 2019. This sharp decrease
most likely reflects limited data availability for that year, as the
records compiled in the source dataset are incomplete. Although
monitoring activities continued, the full set of observations col-
lected by the regional administration was not made publicly
available (Gil-Tapetado et al. 2020; Xunta de Galicia 2020).

2.3 | Climate Data

Previous studies have identified climatic factors as key drivers
of the distribution and dispersal of D. kuriphilus (Gil-Tapetado,
Castedo-Dorado, et al. 2021; Gil-Tapetado et al. 2020; Quinto
et al. 2021), with wind playing a particularly important role
in facilitating its movement across regions (Mapes et al. 2020).
To account for these influences, we computed 19 bioclimatic
variables using three different approaches, incorporating mul-
tiple data sources and temporal aggregation scales. The first
approach provides a fast, straightforward, yet reliable method
for obtaining annual climate data. The second requires minimal
expert processing while offering a standardised, high-resolution
dataset. The third relies on long-term climatic averages, serving
as a baseline for assessing climatic variability and trends.

First, we obtained monthly records of maximum and minimum
temperature, precipitation, and wind speed from 140 meteo-
rological stations managed by the Meteorological Observation
and Prediction Unit of Galicia (MeteoGalicia) for the period
2014-2018. To generate continuous spatial coverage, we applied
Universal Kriging interpolation, using station elevation as a co-
variate to improve accuracy (see root mean square error (RMSE)
values for each variable in Table S1). Elevation was aggregated
to a pixel size of 1km using the mean. Subsequently, we com-
puted the 19 bioclimatic variables on an annual basis using the
interpolated temperature and precipitation data at 1km of spa-
tial resolution. However, instead of following the conventional
calendar year, we adopted a biologically relevant time frame
aligned with the D. kuriphilus life cycle. Specifically, we aggre-
gated monthly climate data from June of year n—1 to May of year
n, ensuring that the climatic conditions preceding and during

key phenological stages of the pest were adequately captured.
The wind speed layers were used as computed for the months of
June to August of each year, corresponding to the period when
the insect is actively flying (Gil-Tapetado et al. 2020), although
the activity period may extend into September in some regions
(Lobo Santos et al. 2024).

Second, we obtained preprocessed monthly climate time series
from the CHELSA dataset (Karger et al. 2017) for the period
2014-2018 at a spatial resolution of 1km. Using the same meth-
odology as in the first approach, we computed the 19 bioclimatic
variables on an annual basis. Specifically, each year's biocli-
matic variables were derived from climate data spanning June
of year n—1 to May of year n, ensuring alignment with the D.
kuriphilus life cycle. Wind speed layers were used as provided
for the months of June to August of each year.

To assess the degree of divergence between climatic layers de-
rived from MeteoGalicia and CHELSA, we computed spatial
differences between the corresponding variables for each year
of the study period. These comparisons allowed us to visually
evaluate the magnitude and spatial structure of discrepancies
between both datasets. Spatial patterns of differences were
broadly consistent across years; therefore, a representative ex-
ample for the year 2014 is shown in Figure S1.

Third, we directly obtained the 19 bioclimatic variables from
the CHELSA v2.1 dataset, which provides long-term climatic
averages for the period 1981-2010 at a spatial resolution of 1km
(Karger et al. 2017). All bioclimatic variables were computed
using the ‘dismo’ R package (Hijmans et al. 2024).

All environmental predictors were screened for multicollinear-
ity using Spearman-based correlation (Irl>0.7) and Variance
Inflation Factors (VIF >5). Predictors exceeding these thresh-
olds were removed and only the subset of non-collinear vari-
ables was retained for model calibration.

2.4 | Species Distribution Modelling

Habitat suitability for D. kuriphilus was modelled annually. For
each modelling year, the occurrence dataset included all pres-
ences recorded in that year and those detected in previous years,
assuming that once established the species remains detectable
in the invaded locations. For each set of climate predictors de-
scribed above we used three different modelling techniques:
Generalised Linear Models (GLM), Maximum Entropy
(MaxEnt), and Random Forest (RF). These models were imple-
mented within the ‘biomod?2’ package (version 4.2-6-2) (Thuiller
et al. 2023) in R (R Core Team 2025). GLM is a commonly used
parametric approach that provides an interpretable framework
for assessing the influence of environmental predictors. MaxEnt
is a deterministic, presence-only modelling method (i.e., results
remain consistent across runs) that is particularly well-suited
for handling small sample sizes with a strong predictive per-
formance while maintaining computational efficiency (Phillips
et al. 2006; Sillero et al. 2021; Valavi et al. 2022). Lastly, a
Random Forest (RF) was employed as a machine learning tech-
nique capable of modelling complex and nonlinear relationships
with a high predictive performance (Valavi et al. 2022).
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Since only presence data were available for each year, we gen-
erated 10 sets of randomly distributed pseudo-absences, each
consisting of 10,000 points placed at a minimum distance of
5km from known presences, aligning with the initial radial
spread rate of D. kuriphilus (Gil-Tapetado et al. 2020). This
approach follows commonly used pseudo-absence genera-
tion strategies that avoid placing pseudo-absences too close
to presence locations (Barbet-Massin et al. 2012; VanDerWal
et al. 2009). These pseudo-absences were used for the GLM
and RF models. For MaxEnt, which operates using back-
ground data rather than pseudo-absences, the same points
were treated as background locations within the ‘biomod2’
framework. To mitigate biases associated with imbalanced
data, we then applied a prevalence of 0.5 to balance the major-
ity class (Barbet-Massin et al. 2012).

To assess model performance, we implemented a 10-fold cross-
validation for each pseudo-absence set, resulting in a total of 100
model runs per modelling technique. Model performance was
evaluated using the Boyce index (Hirzel et al. 2006), a metric
specifically designed for presence-only models that quantifies
how well predictions deviate from a random distribution of
observed presences (Boyce et al. 2002). The Boyce index was
preferred over discrimination metrics such as AUC or TSS due
to their known limitations related to the spatial extent of the
study area and the spatial distribution of the species (Bracho-
Estévanez et al. 2024; Sillero et al. 2021; Leroy et al. 2018; Lobo
et al. 2008). The Boyce index ranges from —1 to 1, where positive
values indicate that predicted suitability aligns well with ob-
served presence locations, suggesting good model performance.
Values near zero imply that predictions do not significantly dif-
fer from a random distribution, while negative values indicate
counter predictions, meaning the model assigns lower suitabil-
ity to areas where presences are more frequent. This metric was
also used to build median ensembles for each algorithm, retain-
ing only model runs with Boyce index scores greater than 0.7.

2.5 | Modelling Post-Processing

The median ensemble for each year, along with species occur-
rence data from subsequent years, was used to calculate the
Boyce index related to the D. kuriphilus expansion using the
‘ecospat’ R package (Broennimann et al. 2025). In that case, the
Boyce index allows us to assess how well the model for a given
year predicts the species’ expansion in the following years.

Furthermore, to statistically evaluate the influence of climate
data sources and algorithm selection on model performance, we
conducted a post hoc analysis using a linear model. Specifically,
we fitted a multifactorial ANOVA using a linear model, testing
whether different climate datasets and modelling algorithms
significantly influenced the Boyce index (dependent variable),
which we used as an evaluation metric of model accuracy. Two
separate models were constructed. The first model examined
the influence of climate datasets and algorithms on the Boyce
index values obtained from the presence data used to train each
model, assessing their effects on current habitat suitability pre-
dictions. The second model focused exclusively on the Boyce
index values calculated for species expansion, evaluating how
well models projected future occurrences.

3 | Results

3.1 | Predictive Accuracy and Temporal Stability
of SDMs

Model performance, as measured by the Boyce index, generally
improved over time across all climate datasets and modelling al-
gorithms, indicating increased model accuracy with more recent
data (Figures 2 and 3; see Figure S2 for variables importance).
With the exception of 2014, all models achieved Boyce index val-
ues above the 0.7 threshold (red line), indicating a good fit. No
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FIGURE 3 | Habitat suitability models (median ensemble) for Dryocosmus kuriphilus in Galicia for each calibration year (2014-2018), climate
dataset, and modelling algorithm. Panels show predicted habitat suitability (0-1) derived from ensemble models built from individual SDM runs that
passed the internal evaluation threshold (Boyce index > 0.7). Rows correspond to modelling algorithms (GLM, MaxEnt and Random Forest), while
columns represent the calibration year. Results are shown separately for the three climate datasets used in this study: (a) MeteoGalicia, (b) CHELSA
and (c) CHELSA climatology (1981-2010). [Colour figure can be viewed at wileyonlinelibrary.com|
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struction and is shown here only as a reference. Some algorithm-dataset combinations are not displayed for specific calibration years because the cor-

responding models either did not reach the minimum threshold (Boyce index >0.7) or produced predictions with insufficient variability to compute

the Boyce index during the temporal evaluation step (see Figure 3). [Colour figure can be viewed at wileyonlinelibrary.com]

substantial differences were observed between climate datasets,
although MeteoGalicia appeared to yield the most robust results
in the first year. The apparent differences between algorithms in
the CHELSA panel for 2014 are mainly driven by model insta-
bility during the first invasion year. In terms of modelling tech-
niques, GLM exhibited the lowest performance in 2014, with
Boyce index values falling below the threshold for MeteoGalicia
and CHELSA (1981-2010). Particularly, for the CHELSA dataset
in 2014, GLM produced a Boyce index value of 1 but failed in
spatial prediction, indicating an artefact in the results. However,
GLM performance improved in subsequent years, reaching high
and stable Boyce index values. MaxEnt consistently performed
above the threshold across all years, though a slight decline was
observed in 2018. Finally, RF displayed higher variability in the

early years, falling below the threshold in 2014 for CHELSA but
achieving the highest Boyce index values from 2016 onward.
Models that did not meet the 0.7 threshold were excluded from
further analysis.

Across all climate datasets and modelling algorithms, the Boyce
index generally declined as models were applied to future evalu-
ation years (Figure 4). Models trained in earlier years (e.g., 2014,
2015) performed well in predicting near-future expansion but
exhibited a sharp decline in accuracy as the time gap between
the model training year and evaluation year increased. In con-
trast, models trained from 2015 onwards were unable to accu-
rately predict the species’ expansion in the following year. These
trends were consistent across all climate datasets. Furthermore,

Journal of Applied Entomology, 2026

85U8017 SUOLULLIOD BAERID 3|eot|dde 8u} Aq peusnob 818 S9jo1e YO ‘88N JO S3INJ 104 ARIqIT BUIIUO 4811 UO (SUOIPUOD-PUR-SULIBIALIOD™AB 1M AReI 1]oU 1[UO//SHRU) SUORIPUOD PUE SWS L U} 89S *[9202/70/9T] U0 ARiqIT8UIUO AB|IM ‘(PePILES 8P OLBISIUIIN) UOKIAOL] [RUOITEN 8UILR0D USILedS Ad €0T0Z USI/TTTT'OT/I0PAL0D 8] 1M AReIq BUIUO//SANY WOI} POpROUMOQ ‘0 ‘BTYOBEYT


https://onlinelibrary.wiley.com/
https://onlinelibrary.wiley.com/

TABLE1 | Summary of multifactorial ANOVA fitted to assess the effects of climate database and algorithm over the current model performance

measured by the Boyce index.

Variable Coefficient SE p R? R? "

Intercept MeteoGalicia—GLM 0.973 0.018 <0.001 0.180 0.089
Climate dataset CHELSA —0.020 0.020 0.314
CHELSA (1981-2010) 0.001 0.019 0.974
Algorithm MaxEnt —0.037 0.020 0.072
RF 0.008 0.020 0.696

Note: Estimated coefficients, standard errors (SE), and p-values are reported.

TABLE2 | Summary of multifactorial ANOVA fitted to assess the effects of climate database and algorithm over the model performance measured

by the Boyce index for Dryocosmus kuriphilus expansion.

Variable Coefficient SE p R? R?, di

Intercept MeteoGalicia—GLM —0.102 0.098 0.302 0.149 0.118
Climate dataset CHELSA 0.103 0.102 0.313
CHELSA (1981-2010) 0.103 0.098 0.293
Algorithm MaxEnt 0.210 0.103 <0.05
RF —-0.187 0.106 0.080

Note: Estimated coefficients, standard errors (SE) and p-values are reported.

in early years, when predictions remained reliable for sub-
sequent years, GLM and MaxEnt emerged as the most robust
modelling approaches. RF demonstrated higher volatility, with
performance declining rapidly over time.

3.2 | The Role of Modelling Algorithms
and Climate Data in SDM Predictive Performance

Based on multifactorial ANOVA results, using CHELSA instead
of MeteoGalicia resulted in a slight decrease in current model
performance, while CHELSA (1981-2010) led to a slight in-
crease. However, these effects were not statistically significant
(Table 1). Similarly, the choice of modelling algorithm did not
have a significant impact on performance. Therefore, neither
the climate dataset nor the algorithm selection significantly in-
fluenced model accuracy.

For D. kuriphilus expansion, neither the choice of climate data-
set nor the selection of modelling algorithms had a statistically
significant impact on model accuracy. However, MaxEnt gener-
ally showed higher Boyce index values than GLM and RF across
the evaluated models (Table 2).

4 | Discussion

This study provides an empirical assessment of how accurately
SDMs can predict the short-term expansion of invasive insects
and evaluates whether the choice of climate data meaningfully
influences those predictions. Using D. kuriphilus as a model or-
ganism, our findings reveal that SDMs are capable of reliably
capturing the realised distribution of a rapidly spreading pest,

particularly once sufficient occurrence data become available,
but their predictive accuracy declines markedly when extrapo-
lated beyond the calibration period. The choice between global
and locally sourced climatic datasets did not significantly affect
model performance, suggesting that, at least for regional appli-
cations in relatively homogeneous environments, macroclimatic
datasets can provide predictions comparable to those derived
from high-resolution local data. These results highlight both the
strengths and limitations of SDMs in invasion ecology: while
they remain valuable tools for early detection and management
prioritisation, their temporal stability is constrained, underscor-
ing the need for iterative updating and the integration of near-
real-time environmental information for operational use in pest
control programs.

4.1 | Predictive Accuracy and Temporal Stability
of SDMs

Consistent with previous research (Barbet-Massin et al. 2018;
Nguyen and Leung 2022; Wen et al. 2024), our models achieved
moderate to good predictive accuracy, with Boyce index values
generally above 0.7 across most datasets and algorithms. This
indicates that SDMs can effectively capture the realised distribu-
tion of an invasive insect even during its early expansion phase.
However, model accuracy declined sharply when projections
were extended beyond the calibration period, highlighting the
limited temporal transferability of SDMs in dynamic invasion
contexts (Nguyen and Leung 2022). This temporal decay likely
arises from a combination of ecological and methodological fac-
tors. First, D. kuriphilus exhibits high dispersal capacity and an
ability to exploit new climatic niches (Battisti et al. 2014; Gil-
Tapetado, Castedo-Dorado, et al. 2021; Gil-Tapetado et al. 2018,
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2020), which may cause models calibrated during early establish-
ment to underestimate subsequent range expansion into new en-
vironments. Second, the assumption of species-environmental
equilibrium inherent to correlative SDMs (Barbet-Massin
et al. 2018; Gallien et al. 2012; Vaclavik and Meentemeyer 2012)
is violated during periods of rapid invasion, leading to poten-
tial overfitting to initial conditions and reduced predictive re-
liability through time. This pattern is consistent with previous
studies showing that SDMs calibrated during the early stages
of an invasion tend to be less accurate and often underestimate
the potential range compared to models developed once the
species approaches environmental equilibrium (Vaclavik and
Meentemeyer 2012).

In this sense, model performance improved progressively
across the study period, suggesting that as the species’ range
approached environmental equilibrium within Galicia, SDMs
became more robust in capturing its realised niche. During the
first years of invasion, D. kuriphilus rapidly expanded across the
region in the absence of effective natural enemies (Gil-Tapetado,
Cabrero-Safiudo, et al. 2021; Gil-Tapetado et al. 2020), bene-
fiting from the lack of biotic resistance. This phase of largely
unrestricted spread continued until 2019, when biological con-
trol by T. sinensis had not yet become effective despite earlier
experimental releases. By that time, D. kuriphilus had already
colonised nearly the entire study area, reaching a broad distri-
bution. Consequently, the improvement in model accuracy over
time may reflect the species’ progressive stabilisation within
available habitats and a closer match between its realised and
potential niche, conditions under which correlative SDMs per-
form more reliably. This aligns with findings from invasive
plant and insect studies reporting higher accuracy when models
are calibrated with more extensive, post-establishment occur-
rence data (Barbet-Massin et al. 2018; Nguyen and Leung 2022).

4.2 | The Role of Modelling Algorithms
and Climate Data in SDM Predictive Performance

Among modelling algorithms, MaxEnt consistently yielded the
most stable and accurate predictions for both current distribu-
tion and short-term expansion, corroborating earlier findings
that MaxEnt performs well under small-sample or presence-only
conditions typical of invasion monitoring (Battini et al. 2019;
Sutton and Martin 2022; Valavi et al. 2022). In contrast, RF
showed greater variability in early years and lower temporal
consistency, possibly due to its sensitivity to sampling bias and
data imbalance (Liu et al. 2009). GLM, while initially perform-
ing poorly, improved over time as more data became available,
supporting the view that simpler statistical models can approxi-
mate machine-learning approaches when sufficient occurrence
data exist.

Contrary to assumptions and previous findings suggesting that
the choice of climatic data source can markedly influence SDM
outcomes (Peterson and Nakazawa 2008; Wen et al. 2024), our
analyses revealed no statistically significant differences between
global (CHELSA) and locally derived (MeteoGalicia) datasets.
Although the comparison of the climatic layers revealed notice-
able spatial differences between both datasets (Figure S1), these
discrepancies did not translate into meaningful differences in

model predictions. While the locally interpolated data slightly
improved predictions during the early invasion years, partic-
ularly in 2014, these advantages diminished as the species ex-
panded and its distribution became more stable. This result
suggests that, at least at the spatial and temporal scales consid-
ered here, SDM predictions for D. kuriphilus are relatively ro-
bust to differences among climatic datasets. More broadly, our
findings indicate that moderate discrepancies among climate
data sources may not necessarily compromise the reliability of
short-term invasion forecasts when the underlying environmen-
tal gradients are consistently captured.

However, from a management perspective, the operational
value of high-resolution, locally sourced climate data should not
be overlooked. Although global datasets such as CHELSA pro-
vide standardised and widely comparable climatic layers, they
reflect long-term averages that may fail to capture short-term
fluctuations or atypical seasons—factors that can strongly influ-
ence insect phenology and establishment success. In contrast,
local datasets offer near-real-time climatic information, which
is especially valuable for designing and implementing biological
control strategies. In the case of D. kuriphilus and its parasitoid
T. sinensis, incorporating temporally precise climatic data could
improve the timing and spatial targeting of release programs,
ensuring that interventions align with favourable environmen-
tal conditions for parasitoid establishment and dispersal. Thus,
even in contexts where overall predictive performance remains
statistically similar across data sources, the integration of dy-
namic, locally resolved climate information can substantially
enhance the practical applicability of SDMs for invasive species
management.

5 | Conclusion

This study demonstrates that SDMs can effectively describe the
realised distribution and spatial expansion of invasive species,
but their predictive accuracy tends to decline when extrapo-
lated through time. As invasive expansion progresses towards
environmental equilibrium within a region, model performance
generally improves, reflecting the dynamic relationship be-
tween invasion stage and model reliability. Although noticeable
spatial differences existed between the climatic layers derived
from global (CHELSA) and locally interpolated (MeteoGalicia)
datasets, these discrepancies did not translate into meaningful
differences in model predictions, suggesting that SDM outputs
were relatively robust to the choice of climatic data source at the
spatial and temporal scales considered here. However, the inclu-
sion of temporally explicit and fine-scale climatic information
remains important for enhancing the operational value of SDMs
in real-time monitoring and rapid-response management.

From an applied standpoint, these findings underscore the need
for adaptive modelling frameworks that evolve in parallel with
invasion progression. For rapidly expanding pests such as D. ku-
riphilus, regular model updates, ideally on an annual basis, are
essential to maintain predictive relevance and guide monitoring,
containment, and biological control strategies in near real time.
To further enhance model responsiveness to ongoing invasion,
as T. sinensis establishes and begins to regulate D. kuriphilus
populations, biotic interactions should be explicitly integrated
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into future models to account for potential range contractions or
spatial refugia driven by parasitoid dynamics.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Table S1: Root mean square error
(RMSE) and associated standard deviation (SD) values for each variable
spatially interpolated using Universal Kriging, with station elevation in-
cluded as a covariate. Of the 140 meteorological stations available, 80%
were randomly selected for model training, while the remaining 20%
were used for independent validation. Figure S1: Spatial differences be-
tween climatic variables derived from the CHELSA and MeteoGalicia
datasets for the year 2014. Each panel represents the difference calcu-
lated as CHELSA—MeteoGalicia for one bioclimatic or wind variable.
Positive values indicate higher values in CHELSA, whereas negative
values indicate higher values in MeteoGalicia. Colour scales are inde-
pendent for each variable. Spatial patterns of differences were visually
consistent across all analysed years (2014-2018); therefore, only one
representative year is shown. Figure S2: Mean variable importance
of environmental predictors used in species distribution models of
Dryocosmus kuriphilus. Environmental predictors include bioclimatic
variables (biol-bio19) and monthly wind speed (sfcWind). Only mod-
els meeting the performance threshold used for ensemble construction
(Boyce index > 0.7) were shown.
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