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Abstract

Despite large numbers of reintroduction projects taking place and the high cost involved, there is a generally low suc-
cess rate. Insects in particular are understudied within reintroduction ecology, with guidelines focusing on more iconic
vertebrate taxa. Species distribution models (SDMs) examine the associations between species observations and environ-
mental variables to find the conditions in which populations could survive. This study utilises two frequently used SDM
approaches, a regression model (general linear model (GLM)) and a machine learning method (MaxEnt) to model habitat
suitability for Chequered Skipper, Carterocephalus palaemon, butterflies, which are being reintroduced to Northampton-
shire following extinction in England. We look at how SDMs using widespread remotely sensed variables could be used
to inform the reintroduction process by finding areas of suitable habitat that were previously overlooked. These remotely
sensed variables have the potential to inform reintroductions without extensive on the ground research as they cover
huge areas and are widely available. We found that both models are successful in discriminating between presences and
absences, using only a limited number of explanatory variables. We conclude that these wide-scale SDMs are useful as a
first step in the decision-making process in determining appropriate sites for reintroductions, but that they are less accurate
when establishing precisely where species should be placed.

Implications for insect conservation

The rates of failure among species reintroductions are very high despite the large costs involved in these projects. By
better utilising SDMs and remote sensing variables that cover huge areas, an increased rate of success and cost efficiency
in insect reintroductions could be established.
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Species that are unable to move long distances are partic-
ularly susceptible to suffering from habitat loss and frag-
mentation of meta-populations (Thomas et al. 2001). When
distances between populations or suitable habitats become
greater than the dispersal capacity of the species, genetic
exchange and natural colonisation (or recolonisation) are
unlikely or often impossible (Maes et al. 2019). Reintroduc-
tions, defined as ‘the intentional movement and release of
an organism inside its indigenous range from which it has
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disappeared’ (IUCN/SSC 2013), of individuals from suffi-
ciently large populations to suitable areas can be applied as
a conservation measure to help tackle the effects of habi-
tat fragmentation and loss (Byrne and Pitchford 2016). The
need for reintroductions as a conservation measure has
therefore never been higher, with many species potentially
being able to benefit. However, reintroductions have histori-
cally had a generally low success rate (Bubac et al. 2019).
Despite large numbers of reintroduction projects taking
place, the science that underpins reintroduction biology is
still being developed (Armstrong and Seddon 2008; Berger-
Tal et al. 2020; Taylor et al. 2017). Successful cases of insect
reintroductions, such as the case of the Large Blue Butterfly
(Phengaris arion Linnaeus, 1758) provide evidence of the
potential of reintroduction programs in insects (Andersen et
al. 2014; Ellis et al. 2011; Thomas et al. 2009). However,
most of the published work is restricted to a case-by-case
basis and largely specific to one species (Oates and War-
ren 1990), leading to a lack of a theoretical framework in
which reintroductions can be based (Byrne and Pitchford
2016). This issue is particularly prevalent among insect
species, where there are much fewer studies on reintroduc-
tions, making it difficult to establish a framework for insects
specifically.

In order to ensure that an area is suitable for reintroduc-
tions it is important to understand the relationships between
species and their environment (Osborne and Seddon 2012).
Species distribution models (SDMs), also referred to as hab-
itat suitability models, examine the associations between
species observations and environmental variables to find
the conditions in which populations could potentially sur-
vive (Elith and Leathwick 2009). SDMs are often used to
locate species occurrences or to identify areas that could
be important for conservation action (Villero et al. 2017).
With the increasing impact of climate change, SDMs have
been gaining in importance, with several studies using the
models to predict climate-driven changes in species ranges
(Bond et al. 2011; Fourcade 2016). SDMs are also widely
used in the context of species reintroductions (Bellis et al.
2020; Hunter-Ayad et al. 2020; Smeraldo et al. 2017), sup-
porting decision makers in regard to land use planning and
in determining suitable locations for habitat restoration and
the reintroductions themselves. However, there is some
question over whether SDMs can accurately predict suit-
able habitat in areas beyond the area used to train the model,
limiting their use in species reintroductions to smaller areas.
This issue could be overcome with the improvement of wide
scale remote sensing that allow environmental variables to
be taken from vast ranges, even worldwide, in a comparable
manner. Some currently widely used remote sensing prod-
ucts have several limitations that reduce their ability to be
used successfully, such as either low spatial detail, and an
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under-representation of smaller land patches or not cover-
ing wide enough areas for use in species that range across
several countries (Rosina et al. 2018). However, remotely
sensed data that is easily accessible, has high spatial reso-
lution and is measured in a comparative way across large
areas, is becoming much more common, potentially leading
to huge improvements in the accuracy of the SDMs that use
these types of data. The use of SDMs in choosing sites is
often supplemented with knowledge from species experts
in several ways, particularly in making the final decisions
on sites (Maes et al. 2019). This becomes an issue in spe-
cies that have not been extensively studied or where there
are very few experts, a particular problem amongst species
considered less charismatic, including many insects (Hoch-
kirch et al. 2023). The use of wide-scale remote sensing
data, that does not necessarily require extensive previous
knowledge of the species’ environmental requirements,
could open up the number of species that could benefit from
reintroductions.

There is currently a diverse range of analytical approaches
used by ecologists to carry out species distribution models.
Two of the most frequently used are regression models and
machine learning methods (Shabani et al. 2016). Regres-
sion models such as generalised linear models (GLM) use
the relationship between environmental variables and pres-
ence and absence points. Machine learning methods create
predictions based upon rules created by these relationships
between observations and environmental conditions (Vol-
lering et al., 2019). An example is MaxEnt, which com-
pares probability densities from presence locations and
background points to derive the probability of occurrence
(Merow et al. 2013). This study utilises GLMs and MaxEnt
to model predicted habitat suitability of Chequered Skipper
(Carterocephalus palaemon Pallas, 1771) butterflies. The
most significant difference in the use of these two models is
that the GLM can use both presence/absence data whereas
the MaxEnt uses presence-only. Presence/absence data can
be more difficult to obtain and is not available for all species
but is thought of as the preferred method and has been found
to be accurate in predicting species distributions (Brotons et
al. 2004). By comparing these two methods using a larger,
more easily obtained dataset of presence points for the Max-
Ent and a smaller dataset of absence/presence points for the
GLM, we can assess whether the addition of absence points
does make a noticeable difference in the accuracy of the
models.

As part of the ‘Back from the Brink’ programme, the
charity Butterfly Conservation began a reintroduction proj-
ect for Chequered Skipper to parts of England, taking indi-
viduals from the Wallonia (southern) region of Belgium and
translocating them into England. Across Europe, Chequered
Skippers reside in a variety of habitats including heathland
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and grasslands, although usually found at woodland edges in
wide rides and glades (Maes et al. 2019). Chequered Skip-
pers use grass hostplants across Europe including purple
moor-grass, Molinia caerulea, false brome, Brachypodium
sylvaticum, heath false brome, Brachypodium pinnatum and
Yorkshire fog, Holcus lanatus (Moore 2004; Weidemann
1988). In historical English populations, both Brachypo-
dium spp were thought to be the main hostplants (Emmet
and Heath 1989). The Chequered Skipper was always con-
sidered rare in Britain, in England it was confined to a band
of woods and associated limestone grasslands in the East
Midlands, from Oxford to Lincolnshire but became extinct
here in 1976, likely through changes in habitat management,
land use changes and encroachment of its habitat (Moore
2004). Within Britain, the species is now confined to a small
area of western Scotland (Butterfly Conservation 2019).
The project aimed to reintroduce the Chequered Skipper to
several connected sites within an area to establish a func-
tioning meta-population (Maes et al. 2019). This is in line
with the results of previous projects that have applied meta-
population theory to landscape scale planning of butterfly
conservation and found that reintroduction to multiple sites
is more likely to succeed (Ellis et al. 2011). Here, we use
Chequered Skipper as an exemplar insect species, to explore
what might happen if reintroductions need to be based on
relatively generic data. We do not aim to mimic or rely on
the decision-making that led to the current re-introduction
into one of the species’ historical strongholds, and where
the selection of source populations was based on a set of
landcover-based SDMs (Maes et al. 2019).

The aim of this study is to look at the role that SDMs that
use wide scale remotely sensed data could play in inform-
ing the reintroduction process by finding areas of suitable
habitat that Chequered Skippers could move into as they
spread through the landscape, locating areas of habitat that
were previously unknown to practitioners. On a broader
scale, it will also look at whether the use of these widely
sensed habitat variables in SDMs could reduce the require-
ment of extensive species specific knowledge in choosing
sites, therefore expanding the number of species that could
benefit from reintroductions without the need for years of
extensive studying.

The key questions asked are:

1. Using two different modelling approaches, one of which
uses absence and presence data and one of which uses
presence-only data (GLM and MaxEnt respectively),
and widespread remotely sensed climate and environ-
mental variables, is it possible to predict the recent dis-
tribution of Chequered Skippers?

2. How can the use of species distribution models improve
success in choosing areas for reintroductions and

supplement expert knowledge, particularly for lesser-
known taxa?

3. How do the advantage and disadvantages of these model
types and their outputs affect their use in reintroduction
projects?

Methods
Study species and data

Data on the presence of Chequered Skipper was taken from
two sources: the European Butterfly Monitoring Scheme,
eBMS, (European Butterfly Monitoring Scheme 2020) for
the GLM analysis and the Global Biodiversity Information
Facility, GBIF (GBIF.org 2019),for the MaxEnt analysis.
eBMS is a standardised, long running, transect based sur-
vey on all European butterfly species carried out mostly
by volunteers across most of Europe. The records used in
this analysis covered four countries: Belgium, France, Ger-
many and the Netherlands. All data is first collected at a
national level and validated by eBMS to ensure accuracy.
Validation methods include investigating submissions that
fall outside a species known range or flight period and
using photographic evidence from volunteers. Transects
completed from 1990 to 2019 were included in the data set.
Duplicate transects at single sites were removed to create
presence/absence only at each of the 4274 individual sites,
493 of which had Chequered Skippers present. Chequered
Skippers were indicated as present at a transect location if
they had been seen at the location within the time period.
Absence was inferred when transects had been walked at
that location, but no Chequered Skippers were seen.

GBIF is an international network and data infrastructure
aiming to provide open access to data from a network of
sources across the world that use common standards and
open-source tools to share information about where and
when species have been recorded (Telenius 2011). GBIF
does not provide transect information so provides presence
data only. All presence data (11,900 observations) from
1990 to 2019 was included in the analysis and covered the
same four countries: Belgium, France, Germany and the
Netherlands.

Landscape scale habitat factors and climate factors
likely to be influential were first identified through previous
knowledge of the species’ ecology (Maes et al. 2019; Moore
2004). We started with nine possible predictor variables for
both models: tree cover (average cover over 100 m), tree
cover (20 m), tree cover” (100 m) to allow for a non-linear
correlation with tree cover, leaf area index, precipitation
in the driest quarter, soil moisture (Copernicus, 2019) and
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average annual temperature, temperature in the hottest quar-
ter (Fick and Hijmans 2017). For the GLM, environmental
data was extracted from raster layers and bound to eBMS
butterfly presence/absence data using the packages raster
(Hijmans 2022) and rgdal (Bivand et al. 2021). For the
MaxEnt model the raster layers of environmental variables
were transformed using ArcGIS to be the same resolution of
1km? and extent and then stacked into a single raster stack,
with the GBIF data entered as points. Higher resolution
variables were averaged per square to fit the variable of the
lowest resolution. As a result, only one version of tree-cover
(100 m) was tested in this model.

Model calibration (GLM)

We developed a generalised linear model in R (version 3.6.2)
to assess the relationship between environmental variables
and species presences/ absences obtained from eBMS data
from the aforementioned four countries, as this dataset con-
tained true absences. We used the package dismo (Hijmans
et al. 2020) to develop the model. The model was set as
binomial as the butterfly data is binary (either present or
absent). Packages rgdal (Bivand et al. 2021) and maptools
(Bivand and Lewin-Koh 2021) were used to create habitat
suitability maps.

In order to choose the most appropriate set of environ-
mental predictors, we used a backwards stepwise approach
considering model performance (assessed through AUC on
a test set of data of presences and absences), starting out
with the 9 predictor variables. 20% of the data was removed
randomly before model building to be used as a valida-
tion set. Model performance was also used to establish the
importance of each variable in the final model based on the
change in AUC between the variables removal and inclu-
sion in the model.

Model calibration (MaxEnt)

To run our model we used MaxEnt within R which relies
on the following R packages: dismo (Hijmans et al. 2020),
raster (Hijmans 2022), rgeos (Bivand and Rundel 2021)
and rJava (Urbanek 2021). The MaxEnt algorithm com-
pares presence locations and variable interactions to similar
interactions of background locations, which are randomly
selected cells (by default 10,000) in which presence is not
known and does not have missing data in any of the predic-
tor variables (Feng et al. 2017). We started with the same
set of nine environmental variables as the GLM and we
used the same stepwise approach considering AUC (based
on a validation set of data randomly removed before model
building and using 1000 randomly chosen points as pseudo-
absences). MaxEnt models use their own stepwise process
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to determine the percentage contribution of each variable
within the model which was used for assessment of variable
importance in the final model (Merow et al. 2013).

Threshold metrics

Thresholds were used to convert continuous predictions into
binary predictions of areas of habitat and non-habitat. We
used the average probability approach to determine thresh-
old values for each model, taking the average predicted
occurrence probability of the model-building data (specifi-
cally the presence data) as the threshold (following recom-
mendations in Liu et al. 2005).

Model prediction evaluation and comparisons

To evaluate how well the models predict suitable habitat we
compared the outputs to known distributions in the Wallo-
nia region of Belgium. We compared them to a distribution
of 1569 presence points in this region (provided by Public
Service of Wallonia), using the threshold metrics to deter-
mine whether the presence points fell into suitable habitat
or non-habitat locations according to the model. We used
this area to test the model as it did not contain any eBMS or
GBIF data points and independent of data used in the model
building.

We then additionally compared both models’ predictions
to the e BMS dataset across all four countries, looking at the
average and range of predicted suitability at known pres-
ence and absence points. We also compared the model pre-
dictions on this dataset using AUC to compare how well
the models distinguished between presences and absences.
Finally, to facilitate our discussion of re-introduction pos-
sibilities, we plotted model predictions to England and
visually compared them to the pre-extinction (1856—1976)
English distribution as per the Butterflies for the New Mil-
lennium (BNM) project dataset (Butterfly Conservation
2019). This included highlighting areas that are predicted
to be suitable habitat by both models (effectively a consen-
sus model ensemble (Araujo and New 2007), indicating that
there is less uncertainty in the suitability of these areas.

Results

Predictor variables

The GLM variable selection procedure identified four pre-
dictors (Table 1) as those producing the best models. Five

variables were selected for use in the final MaxEnt model
(Table 1).
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Table 1 Predictor variables used within the final SDM models

Name Description Resolution Source Model

Biol7 (Precipitation) Average Precipitation in the driest 3 months of the 1 km Worldclim (Fick and Hijmans 2017)  GLM and
year. MaxEnt

Biol (Mean Annual Mean Temperature 1 km Worldclim (Fick and Hijmans 2017) MaxEnt

Temperature)

Bio5 (Max Max Temperature of Warmest Month 1 km Worldclim (Fick and Hijmans, 2017)  MaxEnt

Temperature)

Tree-cover Percentage-tree cover averaged over 100 m 100 m Copernicus Land Monitoring Service ~GLM and

(Copernicus, 2019). MaxEnt

Soil Moisture Index  Quantifies the moisture condition at various depths in 1 km Copernicus Land Monitoring Service ~ GLM and
the soil. Taken from May-June 2018. (Copernicus, 2019). MaxEnt

Leaf Area Index Defined as half the total area of green elements of the 1 km Copernicus Land GLM

canopy per unit horizontal ground area. Taken from

May-
June 2018

Monitoring Service
(Copernicus, 2019).

The importance of each variable within the two models
was also determined to be slightly different. The order of
importance from the GLM was determined through a step-
wise process of removing and adding individual variables
to the model and the reduction in the AUC value when the
variable is removed from the model. The order of impor-
tance as determined by the GLM was: leaf area index, tree-
cover, precipitation in the driest quarter and soil moisture.
All variables in the GLM had a positive relationship with
habitat suitability and so have higher values in areas above
the threshold values for suitable habitat than non-suitable
habitat.

MaxEnt models use their own stepwise process to deter-
mine the percentage contribution of each variable within the
model through the removal and then inclusion of individual
variables. The relative importance of each variable accord-
ing to the MaxEnt model in order of importance according
to percentage contribution was: annual mean temperature,
tree-cover, soil moisture, max temperature and precipitation
in the driest quarter. Response curves indicated a positive
relationship with habitat suitability for tree-cover, soil mois-
ture and precipitation. Max temperature (Bio5) had a nega-
tive relationship with habitat suitability, steeply declining
above approximately 37 °C. Mean temperature (Biol) had a
positive relationship with habitat suitability to around 30 °C
and then steeply declined.

Habitat suitability maps

Both the GLM and MaxEnt models show similar spatial pat-
terns of predicted habitat suitability, although the MaxEnt
model shows a much higher habitat suitability in the major-
ity of locations. Habitat suitability as predicted by the GLM
and MaxEnt model is shown in Fig. 1, at three different
spatial scales in Belgium. We have focused these results on
Belgium, as this includes the chosen source region for the
reintroduction. High predicted suitability is shown across

a strip in the Wallonia region, which contains the locations
of the populations used for the English reintroduction. Suit-
ability (as established by different thresholds for each model
determined by the average prediction value of the model
building presence data) was compared to a known location
of individuals across Wallonia, from a dataset not used to
train the models (Fig. 2). 78% of the presence locations in
Wallonia were in the high suitability bracket as predicted
by the GLM (defined by the threshold), whereas only 58%
were in the high suitability bracket as predicted by the Max-
Ent model.

Using Europe-wide consistent variables has allowed us to
make predictions of suitability for Britain. Figure 3 shows
the predicted potential distribution in the east midlands of
England. South and central Britain tends to have a slightly
lower range of suitability values than Belgium. Values in the
high suitability bracket cover 5.4% of the land according to
the GLM or 11.1% according to MaxEnt (Fig. 4). 4.5% of
the land is highly suitable according to both models. The
last stronghold for the species in England before its extinc-
tion, as shown in Fig. 4 which shows model predictions
compared to known historical presences in east-central Eng-
land, is assigned as patchily suitable habitat by both models.
Most of the suitable habitat in these areas is highlighted by
the MaxEnt model, with only a small amount being deemed
suitable by both, and comprise small individual sites rather
than large areas of connected suitable habitat. The areas of
highest predicted suitability in south-east England contain
only a couple of historical records of Chequered Skipper.

Model comparison

Figure 5 shows the predictions of both models at eBMS
presence and absence points to show how well they pre-
dict a known distribution. Both models are successful at
discriminating presences from absences (AUC 0.801 and
0.76, GLM and MaxEnt respectively when compared to
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Fig. 3 Habitat suitability maps of Chequered Skippers across the south and southeast of England according to (a) GLM and (b) MaxEnt model

the whole eBMS dataset). However, the MaxEnt model
predicts higher values for both than the GLM. The GLM
gives a mean predicted habitat suitability at known pres-
ence points at 0.261 compared to an average of 0.098 at
absence points. Whereas the MaxEnt model gave a mean
suitability at presence points of 0.747 compared to 0.505 at

absence points. Despite this, as can be seen in Figs. 2 and
3(a and b), both models pick out the same general locations
as having more suitable habitats. This was confirmed using
a Spearman’s rho correlation coefficient on the relationship
between the predictions from both models taken at the same
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Fig. 4 Predicted areas of habitat
in England taken from threshold
values for each model. Areas
highlighted as habitat by each
model are shown as orange
(MaxEnt) and blue (GLM). Areas
that would be deemed most
suitable habitat, as they are high-
lighted as habitat by both models,
are shown in red. The known
historical distribution (including
records dating from 1854—-1976)
is shown as black dots

Fig. 5 Boxplot of predicted
habitat suitability given by the
(a) GLM and (b) MaxEnt model
(shown above) at observed pres-
ence and absence points in the
eBMS dataset, where 1 indicates
presence and 0 absence. Whis-
kers are set at 1.5*Inter quartile
range below quartile 1 and above
quartile 3
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points across Europe which resulted in a significant positive
correlation (r,=0.72, p <0.001).

Discussion

GLM vs. MaxEnt: comparisons of method outputs
and advantages

Overall, both models suggest similar areas as having the
highest suitability for Chequered Skipper. In this study we
computed AUC of both models using the dataset of pres-
ence and absences, giving an AUC of 0.801 and 0.78 for
GLM and MaxEnt respectively. The MaxEnt model predicts
higher values for both absence and presence points than the
GLM, however their spatial patterns are concordant and the
numerical predictions highly correlated (r,=0.72).

This difference in ‘scale’ of the predicted suitability is
likely due to the GLM containing absences and MaxEnt
being a presence-only algorithm, using ‘pseudo-absences’
or background points rather than true absences. This is pre-
cisely what is thought to be one of the main drawbacks of
MaxEnt (Yackulic et al. 2013). Using background points
rather than true absences is also thought to have a number
of disadvantages, including difficulties in model calibra-
tion (especially using AUC) and less clear threshold selec-
tion when converting model output into suitable/unsuitable
locations (as there is no way to balance false-positive and
false-negative predictions) (Brotons et al. 2004). In general,
interpretation of the meaning of background data or pseudo-
absence data varies throughout literature, making it difficult
to interpret their outputs meaningfully (Elith and Leathwick
2009).

The differences in presence-only and presence absence
models was also evident in the selection of model variables.
While both models used tree-cover (100 m), soil moisture
and precipitation, both temperature variables (mean tem-
perature and maximum temperature) were selected for use
in the MaxEnt model but not in the GLM, whereas leaf arca
index was only selected in the GLM. Temperature variables
may not have been selected for in the GLM model, as the
areas in which presence and absence points were located
across Europe did not differ greatly in temperature: both
presence and absence points were located in similar regions,
or in some cases the same regions of area. However, this
may not have been picked up in the presence only models,
where it only takes into account the fact that all presence
points were located in areas with similar temperatures.

Despite the negatives of MaxEnt that come from it being
presence-only, it is still useful in picking out locations of
suitable habitat, and this is supported by the fact that it picks
out similar areas to our presence/absence GLM. MaxEnt

is very popular due to its easy applicability and ability to
be used in combination with R (Merow et al. 2013). The
MaxEnt algorithm is particularly robust relating to irregular
distributed small sample sizes and this makes it especially
interesting for modelling rare species (Yackulic et al. 2013).
Additionally, some argue that absence data can be mislead-
ing when the species or environment is not at equilibrium
(e.g., invasions, climate change) or the species is not easy
to find/study (Elith and Leathwick 2009), possibly intro-
ducing confounding information because they can indicate
either habitat that is unsuitable or habitat that is suitable but
currently unoccupied (Elith and Leathwick 2009; Jiménez-
Valverde et al. 2008).

Setting thresholds for suitable habitat is one way to eas-
ily compare maps of habitat suitability between the two
methods. We tested the effectiveness of predicting habitat
suitability in areas where there were no training data by
comparing predicted suitability to a known distribution in
the Wallonia region of Belgium. Using threshold values
determined by the values given at points from the training
data we found that the GLM predicted that the habitat would
be suitable at 78% of the locations but only 58% of the loca-
tions were predicted to be in suitable habitat as shown by
the MaxEnt model. This suggests that the GLM is better at
predicting areas of suitable habitat, but it is worth noting
that this is only compared to presence points and so it can
only give an indication of accuracy rather than a definitive
answer. Interestingly, the MaxEnt predicts that a larger per-
centage of south-eastern England contains suitable habitat
than the GLM. This difference could come from the differ-
ence in how important each variable is considered within
the separate models, leading them to pick out different areas
as suitable habitat.

In general, when good quality presence/absence data is
available, using a regression method such as GLMs is the
preferred method and has been found to be accurate in pre-
dicting species distributions (Brotons et al. 2004). In our
case, despite using much fewer points for the training data,
the GLM more accurately predicts presence locations in
Belgium, correctly predicting the areas as habitat in 78% of
the sites compared to MaxEnts 63%. However, it is worth
noting that good quality presence/absence data is often not
available. Machine learning methods such as MaxEnt that
use presence and pseudoabsences are not far behind in their
ability to distinguish suitable habitat. Additionally, in this
instance it is only a comparison to presence locations, which
can only tell some of the story. Our results, particularly the
high correlation between GLM and MaxEnt predictions,
suggest that the use of the species’ presence-only distribu-
tion modelling such as MaxEnt is still useful for defining the
suitable habitat (Yackulic et al. 2013). In cases where infor-
mation on absences of the species is lacking, these methods
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are certainly still a good replacement for presence-absence
models. If looking for a method to use on an understudied
species, in reality a presence-only model is likely to be the
only method available for use (Warren et al. 2020; Yackulic
et al. 2013).

The use of SDMs in species reintroductions

Both models are successful in discriminating between pres-
ences and absences, using only four/five explanatory vari-
ables. This indicates that both models could be potentially
useful in choosing sites for reintroduction that could provide
the suitable habitat required. One of the best components of
both models is that they use remote sensing data that covers
extremely large areas, with each of the predictor variables
crossing either all of Europe or even the world and being
quantified with the same method across the whole area
(Copernicus, 2019). One of the difficulties in using SDMs
in reintroduction is that it is thought risky to predict habi-
tat suitability outside the physical range in which the model
was trained (Velazco et al. 2023), creating an issue in cases
where species are being reintroduced to old ranges far out-
side of their current range (Jarvie and Svenning 2018). By
using predictor variables that are comparable across wide-
spread areas and several countries, this potentially removes
one of the issues of SDMs for use in reintroductions.

On the other hand, being limited by the availability of
wide-extent variables could potentially lose some of the
power of a model. Some important variables could be
missed, in particular in regard to details of the ecological
community. Variables such as host plants used could differ
across countries. In this case, it is known that Chequered
Skippers use a variety of hostplants across Europe, with
potentially different populations using different specific
hostplants. Furthermore, as well as not being detectable
with remote sensing, most ecological community variables
aren’t surveyed consistently across countries. For exam-
ple, while it is clear that the models do predict the current
distribution well in places such as the Wallonia region of
Belgium, they are not perfect in their predictions and in
places predict habitat outside the regions where we know
Chequered Skippers are found. This is likely because of the
limits in the variables that can be incorporated in such wide
scale studies. Whilst additional macroclimate variables did
not improve our models (see methods), it is likely that small
scale edaphic, microclimate and habitat composition fac-
tors, such as hostplants, influence the ability of Chequered
Skipper to survive within the broad areas identified as suit-
able according to the four variables in our models.

Additional to choosing areas, these models can help define
what suitable habitat for the species is, and potentially help
predict how the species may react to environmental changes
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or events in the years after the reintroduction has taken
place (Bellis et al. 2023). For example, tree-cover, aver-
aged over 100 m, was a critical variable within both models.
Tree-cover at a scale of 20 m however, was not significant
and removed from the models, possibly accounting for the
fact that the species resides on glades and rides within for-
ests and on forest edges, and therefore thick tree-cover in
the immediate area is not an important factor, whereas tree-
cover in the wider area is. Precipitation and soil moisture
were important variables in both models and both had a
positive relationship with habitat suitability. As precipita-
tion is taken from the driest three months of the year and we
chose to use soil moisture values from May-June 2018 (a
period of time where many European countries were expe-
riencing drought), this indicates that Chequered Skippers
are susceptible to drought. While much of this specific habi-
tat information was known previous to the introduction of
Chequered Skippers into England, the results show the use
of SDMs is pinpointing specific wide-scale habitat require-
ments for species in reintroductions and in predicting how a
species may be affected by extreme climate events (Bellis et
al. 2023). This would be particularly useful in understudied
species, which is the case for many insects, where extensive
studying of habitat requirements has not taken place.

The models suggest that south-east England and eastern
England contain some highly suitable areas, which were
unexpected as suggestions for re-introduction areas as
previous records do not indicate that the species occurred
there. This suggests that it may not have provided the suit-
able habitat required for the species, putting into question
the performance of the models in these areas. Furthermore,
in the region that historical records show to be the previ-
ous stronghold in England (Asher et al. 2001), the major-
ity of predicted suitable habitat is from the MaxEnt model
only, with very few places predicted to be suitable by the
GLM alone or both models. These locations are also very
patchy, looking to be single sites of suitable habitat instead
of large areas of interconnected sites as shown further south.
This could again indicate a lack of accuracy in the models,
particularly the GLM, for regions outside the source data,
and indicates that some caution should be taken in the use
of these models for reintroductions that are far outside the
source data regions (Velazco et al. 2023). However, the
fact that there is little historical evidence that the species
ever occurred there doesn’t mean they are not biophysically
suitable currently. The species was likely under-recorded
historically because there are widely scattered singleton
records. Additionally, small patchy sites that lack connec-
tivity could have been part of what led to the extinction of
the Chequered Skipper in the first place. In this context,
the predictions from both models of only small and patchy
areas of suitable habitat are somewhat consistent with the
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extinction of the species in England. Practitioners planning
an expensive re-introduction programme would likely seek
a broader range of evidence sources before committing to
any particular area. Our results could be a useful prompt to
seek that evidence, and look for opportunities to maximise
the range of the species in future rather than being limited to
re-establishing a known historical range.

Other studies have found that the most successful meth-
ods in translocations combine both SDMs and in situ field
validation (Draper et al. 2019). This suggests that while
SDMs such as these are useful in picking out suitable habi-
tat to some extent, it does not remove the need for experts on
the species and therefore for the species to be highly studied
before the reintroduction, such as with the Chequered Skip-
per (Maes et al. 2019). SDMs in species reintroductions def-
initely have their place in determining appropriate sites, but
cannot be relied upon completely to establish where species
should be placed, potentially missing the finer scale detail in
finding suitable sites. In the case of the Chequered Skipper,
this study has shown that they could have use in pinpointing
potential areas for the species to expand into. However, this
will need to be backed up with on the ground knowledge
and potentially field validation of new sites.
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