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Abstract Determining the distribution and potential
ranges of detrimental invasive species has become an
essential task in light of their impacts on the environment. However, this effort has been challenging,
especially for global invaders. Our goal was to test
whether potential ranges of global invaders can be
predicted, and examine the factors that shape them by
studying the past, current and potential global distribution of a broad-ranging avian invader. We used the
common myna (Acridotheres tristis), one of the most
broad-ranging avian invaders whose range is currently
expanding globally, as a case study. We collected the
first detailed global database of global occurrence
(n = 7990) of the common myna over the past
150 years, including records from the native and the
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introduced ranges. We employed MaxEnt to construct
species distribution models (SDM) for the global
database using climatic, anthropogenic and environmental factors. We provide evidence that invasive
species distributions can be predicted from older
records, and that model accuracy requires integrating
data from the introduced range. This first comprehensive distribution for an avian invader indicates an
extensive expansion in the common myna global
distribution, with the potential of large areas worldwide being at risk of common myna invasion, thus
threatening local biodiversity globally. Range expansion has been facilitated by proximity to urbanized
areas and broad environmental tolerance. Our findings
reflect the major role of anthropogenic impact in
increasing the global distribution of avian invaders
and emphasize the value of using SDMs to inform
global management practices.
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Introduction
Growing human impact on native ecosystems has led
to a range of effects on biodiversity, including a global
rise in the number and range of invasive alien species
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(McKinney and Lockwood 1999; Meyerson and
Mooney 2007; Hulme 2009). Invasive species are
often considered to be a primary threat to the
environment, leading to the decline of native species
and extinctions, negatively affecting human and
animal health, jeopardizing food security, and imposing a deleterious effect on the human economy and
wellbeing (Lowe et al. 2000; Simberloff 2011; Mori
et al. 2018). Understanding the factors that enable
successful invasions and delineate introduced ranges
is essential to managing the geographic spread of such
species (Medley 2010).
The distribution of species is affected by a range of
factors, including environmental conditions, the biotic
environment and the dispersal ability of the species
(Guisan and Thuiller 2005; Soberón 2007). It has been
suggested that when these factors are favorable for
invasive species, they may also establish due to their
lack of natural enemies (Keane and Crawley 2002),
high propagule pressure (Lockwood et al. 2009),
resource availability (Davis et al. 2000), reproduction
intensity (Kolar and Lodge 2001), wide habitat/dietary
preferences (Blackburn et al. 2009), broad physiological tolerances (Marchetti et al. 2004), short generation time (Theoharides and Dukes 2007), ability to
cope with human proximity (Møller et al. 2015), and
high degree of genetic variability (Crawford and
Whitney 2010). However, these factors are generally
difficult to quantify and reliable data are often scarce,
especially in little-studied species, and have therefore
been suggested to reduce the accuracy of the correlative models applied in assessing species distribution
(Elith 2015). Consequently, environmental conditions
is the factor mostly used in delineating or predicting
the distribution of a species (Elith 2015).
The use of species distribution models (SDM,
sometimes referred to as Environmental Niche
Models) has been increasing in recent decades in the
areas of ecology and conservation biology (e.g., Elith
and Leathwick 2009; Hayes et al. 2015; McCune
2016; Young and Carr 2015), and has recently been
used also in invasion biology (Thuiller et al. 2005;
Beaumont et al. 2009; Gallien et al. 2012). SDMs are
often used for predicting the distribution of species
across landscapes, as they allow extrapolation of
spatial data in order to produce predictions in areas
outside of the sampled geographic extent (Sinclair
et al. 2010). This holds great potential for the field of
invasion biology, as estimating where species could
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occur in a certain region may be pertinent in assessing
their invasive potential (Elith 2015). In recent years, a
growing number of studies have employed SDMs to
generate predicted distributions for several species of
invasive plants (Beaumont et al. 2009; Gallien et al.
2010), invertebrates (Steiner et al. 2008; Taucare-Rı́os
et al. 2016), vertebrates (Giovanelli et al. 2008;
Buckland et al. 2014), and specifically in birds (Fraser
et al. 2015; Crystal-Ornelas et al. 2017).
One of the most common invasive species worldwide is the common myna (Acridotheres tristis), a
starling (Sturnid) that occurs naturally in south-east
Asia and the Indian subcontinent. The myna has been
introduced and subsequently become invasive in every
continent except Antarctica (Long 1981; Cramp and
Perrins 1994; Forys and Allen 1999; Holzapfel et al.
2006; Saavedra et al. 2015a). It was selected by the
IUCN as one of the ‘‘100 World’s Worst Invasive
Alien Species’’ (Lowe et al. 2000; Luque et al. 2014),
and has been implicated in causing several deleterious
ecological changes to the local environment, such as
impacting populations of native species by competing
for nesting cavities (Grarock et al. 2012; Charter et al.
2016), changing the habitat (Kurdila 1988), and
preying on eggs and chicks (Feare 2010; Orchan
et al. 2013). This omnivore and generalist species has a
wide habitat and dietary range (Cramp and Perrins
1994), and is considered an opportunistic species that
frequently forages in human-dominated areas and
exploits new feeding opportunities (Sol et al. 2012).
Common mynas are mainly sedentary and their
average flight distance is relatively short (3 km; Feare
and Craig 1999). Common mynas often thrive near
humans and are often found in urban or semi-urban
areas (Cramp and Perrins 1994; White et al. 2005;
Grarock et al. 2014). However, it is currently unclear
as to what are the environmental conditions that
facilitate their presence on the global scale. Despite
being an invasive species of international concern,
data pertaining to the current global distribution of the
common myna, and its changes over time, are still
incomplete. In light of its constant range expansions in
newly introduced areas [e.g., in Florida, U.S. (Forys
and Allen 1999), in Israel (Holzapfel et al. 2006), and
in Spain and Portugal (Saavedra et al. 2015b)], this gap
in our knowledge becomes increasingly significant
when considering the potential ecological and economic outcomes.

Global invasion in progress

Here we tested whether potential ranges of global
invaders can be predicted using the past and current
distributions of the common myna, a broad-ranging
avian invader. Determining the current distribution
range of the common myna enables us to analyze the
environmental factors that influence it and predict the
potential distribution of this species. Therefore, in this
study we generated a global range map of this avian
invader and determined the factors that influence it.
We also highlight the regions considered more suitable for successful common myna invasion and range
expansion. In addition, we test the use of spatiallylimited (native-only, introduced-only) and temporally-limited (older, more recent) data-sets in comparison to a comprehensive data-set in order to determine
whether they are sufficient for predicting the distribution of an avian invader. This enables us to test
whether the current distribution of the common myna
can be predicted, by comparing the actual species
occurrences with the predictions generated by analyses of limited data-sets. In light of the humancommensal nature of these birds and their exotic
origin, we hypothesized that the predicted distribution
would include many areas around the globe that are
either highly urbanized or are characterized by similar
environmental conditions to those in their original
range. Determining the environmental factors that
enable successful invasion of this species worldwide
can help elucidate the mechanism of dispersal of
already established birds, potentially reflecting similar
predictors of change in the global distribution of
ecologically similar species. The results of this study
are also expected to aid in identifying high-priority
management goals, particularly relating to preventing
or limiting the spread of avian invaders by detecting
potential suitable habitats.

Methods
Data collection
In order to examine and model the distribution of a
global avian invader we collected global occurrence
data of common mynas from multiple sources over the
past 150 years (a full list of resources is provided in
Table S1). The collected records represented both
native and alien records, but had not been corrected for
eradicated populations, as the latter are more
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indicative of human efforts than of a natural occurrence. Data was cleaned manually by omitting records
that did not contain accurate information on the
location of the record (coordinates or a specific
location), removing of duplicates and omitting single
records that could not be furtherly corroborated by
additional sources or unestablished populations, such
as in the case of records from Italy (E. Mori, personal
communication), France and Germany (GBIF.org,
2015). Initially, the complete data-set comprised
79,923 occurrence records, which were then reduced
to 7990 unique records that had been adequately
processed (see ‘MaxEnt modelling’). In order to
determine the chronological progress in the global
distribution of the common myna, we divided the
complete set of presence records into four subsets and
displayed them spatially as follows: records from the
years 1864–1960 (n = 257); until 1980 (n = 405);
until 1995 (n = 976); and until 2015 (n = 7990). Since
the presence records are spatially filtered so that a
minimal distance of 3 km separates between each two
records, no account of abundance is reflected in the
data-sets (Fig. 1). Additionally, in order to test the
accuracy of the model, we divided the data-set into
two complementary subsets: the first comprised old
records (collected in the years 1864–1960, n = 257,
hereafter ‘Old’) versus newer records (collected in the
years 1995–2015, n = 6836, hereafter ‘New’); and the
second comprised native records (n = 2636, ‘Native’)
versus records from introduced populations
(n = 5354, ‘Introduced’). This was carried out in
order to compare the use of different data-sets for
species distribution modeling, since occurrence data
are often incomplete. Comparing the subsets from
different time periods allowed us to determine whether
our models can predict species distribution well into
the future using the ‘Old’ subset and whether including only recent records (‘New’) allowed for the
inclusion of the historical distribution. In addition,
we modeled the complete data-set that comprised all
of the records on a contemporary global scale
(n = 7990, ‘Total’) in order to compare the results of
the partial data-sets with the inclusive data-set.
Environmental variables
In order to describe the factors that influence the
distribution of the common myna, we selected a set of
26 environmental variables, of potential biological
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Fig. 1 Occurrence records of common mynas distributed
globally and filtered ([ 3 km) used in this study during four
different periods: a until 1960, b until 1980, c until 1995, d until

2015. Area colored grey is the known native range of the species
adapted from (Peacock et al. 2007). Presence records are marked
with black circles

importance (climatic, topographic, biotic and anthropogenic; Table S3). Variable selection is described in
details in the Supplementary Information. We
extracted the individual values of every predictor
variable for each occurrence from the original variable
layer, which ranged in resolution (Table S3). In order
to standardize the model sampling, we employed a
unified spatial resolution of 0.022 degrees cell size,
and obtained a global extent (before selection of
background) of (- 49.726455)–58.835963°N and
(- 179.253778)–180.072535°E.
In order to reflect the temporal difference between
the ‘Old’ data-set and the contemporary ones, it would
have been preferable to employ the correct historical
environmental variables. However, because of the
difficulty of obtaining accurate measurements, and
therefore the scarcity of available data-sets, extracting
explanatory variables that could also be compared to
contemporary models without greatly reducing spatial
resolution or excluding important environmental predictors is currently difficult. Therefore, we used the
same contemporary resources (Table S3) for the ‘Old’
data-set in our main analyses. However, we performed
a similar analysis with historical data for this data-set
in order to confirm that the main trends remain (see
Supplementary Information for details). The results of
this analysis were similar, although of lower accuracy,
and reflected the same trends observed in the comparable model presented in the paper.

MaxEnt modelling
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We employed the MaxEnt software package (v.3.3.3,
Phillips et al. 2006) in order to construct species
distribution models. Although MaxEnt was not developed to estimate the distributions of range-shifting
species, it has been successfully used for evaluating
putative distributions of invasive species (e.g., Giovanelli et al. 2008; Rödder et al. 2008; Ward 2007).
However, MaxEnt, like several other modeling algorithms, is known to be sensitive to sampling bias and
requires careful spatial filtering (Phillips et al. 2009;
Boria et al. 2014).
We constructed all the models with clamping in
order to limit feature variation outside of the training
data range (Elith et al. 2011), and employed crossvalidation as the estimation method of error rate via
100 replicates per model. The smaller subsets (‘Old’
and ‘Native’) were fitted with 25,000 background
points created randomly within the selected background in the ‘dismo’ R-package (Hijmans et al. 2017)
on R version 3.3.2 (R Core Team 2013), while the
number of background points generated for the larger
subsets (‘New’, ‘Introduced’ and ‘Total’) was
increased to 50,000 (Table 1).
Model tuning comprised primarily three stages;
background selection, correcting spatially auto-correlated sampling, and model fitting. Selecting the correct
background is crucial for model performance and
should be restricted to an area to which the species
could have spread (VanDerWal et al. 2009; JiménezValverde et al. 2011b; Elith 2015). Therefore, we

L linear, Q quadratic, H hinge, P product, T threshold, RM regularization multiplier, FC feature class combination, nbg number of background points, nv number of variables
used, avg. AUC average AUC, avg. sensitivity average sensitivity

Predictor abbreviations are detailed in Table S3. Threshold abbreviations are as follows: ‘10th’, ‘10th percentile training presence’; ‘bal’, ‘balance training omission, predicted
area and threshold value’; ‘min’, ‘minimum training presence’; ‘MAXtr’, ‘maximum training sensitivity plus specificity’; ‘EQtr’, ‘equal training sensitivity and specificity’
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Table 1 The best fitting models of the five different data-sets used in this study

Avg.
AUC ? SD

Sensitivity score [area km2 * 106]

MAXtr

Avg.
sensitivity
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selected a 200 km radial buffer zone around each
species record based on the largest flight distance
documented for the common myna (Parkes and
Avarua 2006). This produced a background that
allowed for areas with similar conditions to be
included in the model, while considering the biological constraints (Figure S1).
We corrected for spatially auto-correlated sampling
by applying a filter to the occurrence records, with the
minimal distance between records being at least 3 km,
a threshold that was selected based on the average
foraging distance observed for common mynas (Peneaux and Griffin 2016). This form of spatial filtering
accounts for both a bias stemming from higher
population densities and for a bias related to a typical
increase in human observations reported near anthropogenic centers, and is generally considered sufficient
in minimizing sampling bias (Kramer-Schadt et al.
2013; Boria et al. 2014). Accounting for both
spatially-biased sampling (background selection) and
spatially auto-correlated sampling (spatial filtering)
has recently been advocated (Phillips et al. 2017).
Percent contribution of each variable was calculated as
detailed in Phillips et al. (2006). Finally, we employed
the R-package ‘ENMeval’ (Muscarella et al. 2014) in
order to optimize model parameters (i.e., regularization multiplier and combination of feature classes) and
avoid overfitting for each of the data-sets (Syfert et al.
2013; Boria et al. 2014; Zeng et al. 2016). ‘ENMeval’
executes a set of automated model runs and computes
several estimators, yielding a comparable evaluation
of all possible models.
We carried out the process of selecting the best
model (appropriate predictors, model parameters) in
several stages. First, we ran the full model with all 26
environmental variables in ‘ENMeval’ (Muscarella
et al. 2014) based on a block design with various
regularization multipliers (0.25, 0.50, 1, 1.50, 2, 4, 6)
and feature class combinations (L, LQ, H, LQH,
LQHP, LQHPT; where L = linear, Q = quadratic,
H = hinge, P = product and T = threshold). Second,
in order to reduce model complexity, we chose to
remove variables that were highly correlated and
shown to be of lower significance in variance importance tests carried out by ‘ENMeval’. The preliminary
percentage contribution of the different variables was
slightly different in each model (Table S4). Therefore,
the final predictors set chosen comprised the highest
ranking variables that were not highly correlated
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(Pearson’s |r| \ 0.75; Table 1). Following selection of
the predictors, we employed ‘ENMeval’ again with
the final variables set in a second run of model tuning
in a step-wise manner: i.e., with each tuning round, the
variable with the lowest contribution importance was
removed and the model was run again until only two
predictors were left. This was shown to outperform
both a priori removal of predictors and not removing
highly correlated ones at all (Zeng et al. 2016). Finally,
once all the models had been run for each data-set, we
chose a final model for each data-set based on the
lowest Akaike Information Criterion corrected (AICc)
score. The selected model was then run in MaxEnt
with the optimal set of predictors, regularization
multiplier, and feature class combination using 100
replicates. We generated prediction maps using the
model raw output in order to identify areas with
habitats suitable for common myna occurrence. Subsequently, we created a binary prediction map by
utilizing a threshold-based approach to transform the
continuous results into a binary product. Binary
projections generated by different thresholds may
differ drastically, and choosing the correct threshold
may be arbitrary (Norris 2014; Liu et al. 2016).
Therefore, we applied five different logistic thresholds: ‘10th percentile training presence’ (‘10th’; Liu
et al. 2005); ‘balance training omission, predicted area
and threshold value’ as previously described for other
invasive species (‘bal’; Giovanelli et al. 2008);
‘minimum training presence’ (‘min’; Phillips et al.
2006); ‘maximum training sensitivity plus specificity’
(‘MAXtr’; Lobo et al. 2008); and ‘equal training
sensitivity and specificity’ (‘EQtr’; Liu et al. 2005).
Model evaluation
We utilized the commonly used threshold-independent value of the ‘Area Under the Curve’ (AUC) of the
Receiver Operating Characteristic plot to estimate the
model’s performance of test data. In addition, we
evaluated the accuracy of the model prediction by
comparing known localities with the gridded predictions made using model projection, also known as
model sensitivity (Hanberry and He 2013). This was
calculated as [no. of true positives/total no. of
occurrence * 100], where true positives represent
occurrences that were located within the predicted
range. We evaluated the performance and applicability of the five different thresholds used by comparing

123

T. M. Cohen et al.

sensitivity scores based on each of the thresholds
(Lobo et al. 2008).

Results
Past and current global myna distribution
The proportion of records originating from introduced
areas increased with time: until 1960, 82.1% of the
reported observations were made in the native range,
followed by 64.4% until 1980, 39.9% until 1995, and
33.0% out of all the records used in this study (until
2015). Proportionally, since we had obtained the
previous records for each data-set and did not omit
them from the subsequent one, an increase of 196%,
552%, and 977% can be seen to have taken place in the
number of newly reported observations from the
introduced areas, respectively.
Model performance
The final models included between eight and eleven
explanatory variables for each data-set (Table 1).
Model fit as measured by average AUC values was
high among models of all of the data-sets and ranged
between 0.83 and 0.90, and differences between
training AUC (how well the model explains the data
used to fit it) and test AUC (how well the model
explains independent data) in all data-sets were \
0.001 indicating no overfitting of the model. In
contrast, sensitivity scores differed more among the
models. On average, the highest sensitivity scores
were achieved for the ‘Total’ data-set (Table 1).
Conversely, the model based on the ‘Native’ dataset alone resulted in the lowest average sensitivity
scores, and in three out of five thresholds received
scores below 60 (Table 1). Models based on the ‘Old’
and ‘Introduced’ data-sets achieved intermediate
scores (average sensitivity 74.44 \ x \ 79.32), and
the ‘New’ data-set, which included records from both
the native and introduced ranges from a recent time
period (1995–2015), scored similarly to the complete
data-set (85.96).
The different thresholds we applied generated
inconsistent results, in which the highest sensitivity
value (indicating the percentage of total records that
were successfully predicted to occur within a suitable habitat) alternated between data-sets (Table 1).

Global invasion in progress

1301

Fig. 2 Variable
contribution measured in
percentages in each of the
data-sets used in the study.
Predictor abbreviations are
detailed in Table S3

The highest sensitivity scores (93.50–97.64%) were
produced by the ‘minimum training presence’ threshold, which was exceedingly nonspecific and predicted
species presence in very large parts of the study area
that are biologically unlikely to be inhabited by
common mynas, such as the Sahara Desert (Figure S2).
In contrast, the 10th percentile training presence
threshold rendered low sensitivity values for the
‘Native’ (58.42%) and ‘Introduced’ (75.57%) datasets, but higher ones for the ‘Old’, ‘New’ and ‘Total’
data-sets (92.83%, 86.28%, and 87.80%, respectively). By applying the ‘balance’ threshold, the model
based on the ‘Total’ data-set generated the highest
sensitivity value (95.33%). Values ranged between
86.42 and 95.20% for the remaining data-sets as well
(Table 1). Sensitivity scores based on applying the
‘maximum training sensitivity plus specificity’ and
‘equal training sensitivity and specificity’ thresholds
were the lowest and ranged between 44.59–78.04%,
and 40.88–75.62, respectively.

The probability of common myna occurrence
increased rapidly with higher values of both anthropogenic factors, but seemed to have optimal values for
temperature and precipitation related predictors,
beyond of which the probability of presence decreased
(Figure S3). Of the individual temperature components, those related to temperature stability (bio4,
which is temperature seasonality or TEMP, interannual temperature variation) had the highest relative
contribution in all data-sets and ranged between 13.1
and 32.6% (Table S5). In subsets where precipitation
was significant (‘New’, ‘Introduced’, and ‘Total’),
precipitation of the driest month (bio14) was the most
important singular module (20.5%, 19.1% and 18.5%,
respectively), and optimal values ranged between 50
and 150 mm/month. Of the remaining features, none
contributed more than 3.6% to explaining common
myna presence.

The effect of environmental predictors on model
output

Prediction maps created from all five data-sets indicated that there are multiple locations that are
suitable for common myna presence. However, while
most data-sets yielded similar suitable distribution for
each threshold, the ‘Native’ prediction maps differed
from the other data-sets in detecting different areas
(Fig. 3). Despite generating either the largest or the
second largest predicted distributions, in four out of
five thresholds, models based on this data-set scored
the poorest or second poorest in model accuracy
(Table 1). Additionally, applying different thresholds
generated substantially distinct binary prediction

Variable contribution differed slightly among the five
models (Fig. 2). In all five, the factor of ‘impervious
surfaces’ was rated highest, ranging from 55.9% to
33.2% (Table S5). Combined with contribution of
human density, anthropogenic factors were the most
influential in determining myna distribution, followed
by temperature-related factors (38.5%–28.5%), especially temperature seasonality (bio4), and precipitation components in the larger data-sets (‘New’—26%,
‘Introduced’—23.8%, ‘Total’—23.7%; Table S5).

Spatial distribution of predicted suitable habitats
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Fig. 3 Binary maps delineating areas with suitable conditions
for common myna presence created by applying the balance
training omission, predicted area and threshold on the raw

T. M. Cohen et al.

output of MaxEnt model run for the five data-sets used in this
study: ‘Old’, ‘New’, ‘Native’, ‘Introduced’ and ‘Total’.
Suitable areas for common myna presence are colored dark grey

Fig. 4 A continuous map of average probabilities for suitable areas for current and potential common myna presence based on the
‘Total’ data-set. Legend contains color code representation of probabilities

maps in all of the data-sets (see Supplementary
Information).
Because of the effect of the type of data-set and
threshold chosen on the generated prediction map, we
also provide a continuous map of probabilities of
suitable areas for current and future common myna
presence based on the ‘Total’ data-set (Fig. 4). This
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map indicates large areas outside the currently known
range of common myna distribution as suitable for the
species’ presence, demonstrating that every continent
included in the study potentially offers the appropriate
environmental conditions for a successful introduction. The map illustrates that the common myna may

Global invasion in progress

occur in a wide range of habitats and environmental
conditions across a broad latitudinal range.

Discussion
In this study of the common myna we have compiled
one of the largest global data-sets for an invasive
species ever used in species distribution modeling,
spanning 150 years (1864–2015), and incorporating
both native and introduced ranges worldwide. We
found that using a temporally-limited data-set of old
occurrences records (\ 1960) was sufficient for adequately predicting the species’ current distribution,
thus validating the use of SDMs as a spatial tool in
invasive species management. Conversely, models
that excluded records from introduced areas did not
perform as well. We found a dramatic increase in the
current global distribution of the common myna,
reflecting extensive introduction events as well as
subsequent range expansions. These changes were
facilitated by urbanization-related factors and the
broad environmental tolerance of this species. Finally,
we identified areas outside the current range that may
be at risk for common myna invasion and subsequent
range expansion. Our findings emphasize the major
role of anthropogenic effects in changing the global
distribution of a globally successful avian invader.
Here, we provide evidence of global range expansions of an avian invader that occurred in areas in
which it was introduced. Introduction events of the
common myna have been documented since as early
as the mid-nineteenth century across a wide range of
areas (Long 1981; Cramp and Perrins 1994). These
introductions were either accidental or intentional
(Hone 1978; Baker and Moeed 1987), occurred over a
continuous period of time, and are still occurring
today. Recent introductions include Israel (Holzapfel
et al. 2006), Florida (Forys and Allen 1999), Spain and
Portugal (Saavedra et al. 2015b), and contain the
possibility of secondary range expansions into neighboring countries (Ramadan-jaradi 2011; Khoury and
Alshamlih 2015). Currently, there is no evidence of
natural range expansions occurring in the native range
of the common myna, albeit probably due to scarce
documentation, and all of the range expansions
reported have been the result of man-made introductions. As human-mediated range expansions are
becoming more ubiquitous, natural barriers are
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becoming less relevant to dispersal capacities
(McNeely 2001; Wilson et al. 2009). In the common
myna, once an introduction event has taken place and
successful establishment has occurred, range expansion then occurs (Fig. 1).
Our results validate the use of SDMs as a tool in
invasive species management, as they confirm—with
actual presence data collected more than 55 years after
the records that were used to fit the model—that even
older, outdated data can adequately predict species
distributions. We demonstrate this by comparing
subsets of the data from different times that included
both native and introduced records (‘Old’ and ‘New’).
Whereas the sensitivity scores of the model based on a
newer data-set were higher in four out of five
thresholds (Table 1), the average sensitivity difference calculated across thresholds between ‘Old’ and
‘New’ models was only 10% (74.44% and 85.96% in
‘Old’ and ‘New’ data-sets, respectively). This difference may reflect the size of the data-set (n‘Old’ = 257,
n‘New’ = 6836) rather than the time of collection, as
previous studies have demonstrated that small sample
size may affect model performance (Stockwell and
Peterson 2002). Since the ‘Old’ data-set contains
records from both native and introduced areas, we
believe that its relatively high accuracy stems from an
adequate representation of the species and is sufficient
for accurately predicting suitable habitats for this
species. Furthermore, when comparing the results
from the ‘New’ (n = 6836) and ‘Total’ (n = 7990)
data-sets, these were highly similar across all thresholds (Table 1), suggesting that when samples size is
large enough, a substantial addition of record points
may add little to model accuracy. Nevertheless, when
using small sample sizes, caution must be taken in
interpreting the results, especially when applied to
identifying distributions of rare or endangered species,
and should be used in conjunction within a broader
tool-set or for data exploration (Pearson et al. 2007;
Wisz et al. 2008). In the context of invasive species,
overestimation of the range limit of a species may pose
less of a problem, but should still be used with caution.
Including occurrences from the introduced range in
invasive species distribution models is still under
debate. Incorporating records from introduced regions
may enable the models to include habitat conditions
that are suitable for the species but were unavailable to
it in its native range, potentially expanding the
modeled niche to the fundamental niche
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(Broennimann and Guisan 2008; Jiménez-Valverde
et al. 2011a). The highest average sensitivity scores
were obtained for the ‘Total’ data-set, which included
data from both the native and the introduced range
(sensitivity = 86.96), and which also had a fairly high
AUC score (see Supplementary Information). In
contrast, the model applied for the data-set that
included only occurrences from the native range
achieved the lowest scores, while results for the
‘Introduced’ model obtained intermediate scores
(Table 1). The difference in the environmental characteristics of the suitable native and introduced
habitats may be due to several reasons, including
abundant resources and a lack of competitors (Strubbe
et al. 2015), historical and geographical constraints
(Beaumont et al. 2009; Elith 2015), release from
enemies and competitors (Broennimann et al. 2007;
Beaumont et al. 2009), and adaptive evolution of the
species in its new environment (Broennimann et al.
2007; Beaumont et al. 2009). However, a species in its
invasion range may still be spreading and is rarely at
equilibrium, thus violating the basic assumption of
species distribution models (Elith 2015). While introduced populations of the common myna are still
spreading (Fig. 1), our results emphasize the need to
incorporate records of invasive species from the
introduced range in order to accurately predict
suitable potential habitats in non-native regions
(Fig. 3, Table 1).
Our prediction models of suitable habitats imply
that invasion may occur in many countries (Fig. 4) in
the event of a new introduction or through natural
expansion from adjacent invasions, as has been the
case in Lebanon and Jordan (Ramadan-jaradi 2011;
Khoury and Alshamlih 2015). Although common
mynas have been introduced into many areas on
virtually every continent, few countries have adopted
official management measures or undertaken population control (Millett et al. 2004; Parkes and Avarua
2006; Feare 2010; Saavedra et al. 2010; Canning
2011). By generating prediction maps that illustrate
potential habitats for common myna presence, we
provide precedent knowledge for the appropriate
authorities to incorporate during risk assessment of
this species. Elith (2015) suggests using such knowledge to target areas susceptible to invasion and
improve collaborations among local authorities in
order to combat biological invasions. Since the
successful eradication of an established population
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of common mynas is rare and requires continuous
efforts (Feare 2010; Saavedra et al. 2010; Canning
2011), such advance information is highly useful when
considering what preventive measures to take in order
to avoid introduction events altogether.
Elucidating the environmental factors that contribute to an introduced species presence may be of use
when assessing other invasive species. Our results
indicate that a particular anthropogenic factor (impervious surfaces) is a key influence on the distribution of
this species. This echoes the commensal nature of this
bird, which is known to thrive near human activities
(Cramp and Perrins 1994; Grarock et al. 2014), and
may explain its range expansion into areas where
natural environmental variables are not optimal (such
as more arid areas) by using human settlements as
stepping stones into novel environments. This correlation gains additional weight when considering the
invasive potential of commensal species, particularly
those that exploit human-mediated range expansions
(Marambe et al. 2001; Ward et al. 2005; Marzluff and
Neatherlin 2006; Møller et al. 2015). In birds, range
expansion of commensal species associated with an
increase in urbanization was reported in several
species (Marzluff et al. 2001; Crooks et al. 2004),
and ‘human footprint’ (a quantitative measure of
human population size, land use and infrastructure)
was an important factor in explaining the establishment success of some alien species (Strubbe and
Matthysen 2009; Ancillotto et al. 2016). In common
mynas, a strong association with the urban landscape
has also been described (White et al. 2005; Peacock
et al. 2007; Grarock et al. 2014). Our results indicate
that while human density is significantly correlated
with common myna prevalence, it is, rather, the level
of impervious surfaces that was shown to bear the
greatest influence on the species’ current distribution
in all five models. We suggest that this can be
explained by relating common myna presence to the
level of disturbance rather than to the number of
people. That is, even in highly disturbed urban
landscapes such as industrial areas or infrastructures
along major roads where human population density is
relatively low, the appropriate conditions for common
myna presence are present. This implies that the
modification of the landscape in itself affects the
distribution of the species, either directly (i.e., by
creating artificial nesting cavities) or indirectly (by
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creating suboptimal conditions for non-synanthropogenic native species).
Additional factors were also found to be correlated
with common myna presence in this study, particularly
temperature. Components related to temperature stability or range, rather than individual elements such as
maximum or minimum temperatures, contributed
more to explaining the variance observed in the
models (Table S5). This effectively represents the
mynas’ tolerance to temperature fluctuations, as these
predictors are able to differentiate areas with similar
mean temperature but wider minimum–maximum
ranges. Optimal values were relatively similar across
all data-sets, and indicated that the probability of
presence of common mynas is highest in moderately
temperature-stable environments (Figure S3). Additionally, in models based on larger data-sets (‘Introduced’, ‘New’ and ‘Total’), precipitation of the driest
month was also instrumental in determining the
probability of common myna presence, again displaying a moderately flexible scale of their occurrence.
These factors indicate that common mynas can occur
in a relatively wide range of environments, thus
potentially enabling successfully introduced birds to
establish in diverse new environments. These findings
match previous findings that correlated invasiveness
with a broad environmental tolerance (e.g., (Dukes
and Mooney 1999; Peterson et al. 2005; Zerebecki and
Sorte 2011). The relative flexibility related to minimum environmental precipitation in the common
myna may be caused by a broad diet, heavily based
on human discards in introduced areas (MachovskyCapuska et al. 2016), thereby circumventing the need
to rely on net primary production which depends
greatly on precipitation. A tendency for invasive
species to broaden their adaptability to environmental
conditions in comparison with their native range has
been previously reported (Oduor et al. 2016), and
emphasizes the need to incorporate data from the
introduced range when predicting potential global
distribution.
Creating binary maps has been the final step in
many distribution modeling studies, as it is commonly
used for various model applications such as delineating range expansions (De Marco et al. 2008), identifying areas susceptible to species invasion (Ward
2007), preliminary detection of suitable areas for
biological surveys or reintroductions (Graham et al.
2004) and mapping areas for conservation
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management (Graham et al. 2004; Waltari and Guralnick 2009). However, binary predictions require an
appropriate threshold, which may change due to the
purpose of the study, sample size, previous knowledge
of species characteristics and life history, and more
(Nenzén and Araújo 2011; Norris 2014). Previous
studies have obtained fundamentally different results
using different thresholds, and supporting empirical
data are still scarce (Liu et al. 2005, 2016; Norris
2014). Our results indicate that threshold selection
dramatically affects the size and spatial shape of the
binary maps generated, and resonate some of the
findings previously shown by others (see Supplementary Information).
Carrying out a large-scale global study required us
to confront several limitations. While the data-set we
compiled is extensive, it reflects a bias in sampling
effort, probably towards recent years due to increasing
awareness of the significance of data collection, and
towards areas that were more accessible to those
submitting the reports. However, we feel confident in
stating that this is the most comprehensive and
updated data-set of common myna occurrence to have
been collected and analyzed to date with regard to the
distribution of the species. In addition, while SDMs
may benefit from more accurate resources (e.g.,
climatic data), and from including other biologically
relevant information (e.g., local biotic interactions),
this is difficult to implement in a global study such as
the present one (see Supplementary Information).
Another important caveat of applying a species
distribution model to a species that is in a state of
on-going invasion is that it inherently violates the
basic assumption of these models, according to which
they may only be applied to species that are at quasiequilibrium with their environment (Guisan and
Thuiller 2005; Elith 2015). Since common mynas
are clearly still expanding their range in their continental introduced areas (Fig. 1), the reliability of the
distributional data (presence records and pseudoabsences) may be questionable. However, in a world
of constant change due to rapid urbanization and
global warming, few species are at true equilibrium
with their environment. We advocate SDM’s as an
important tool in the study of the distribution potential
of invasive species; and, despite these potential
drawbacks, they should be a part of the tool-box for
addressing this key subject.
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