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How will climate change affect the potential distribution of
Eurasian tree sparrows Passer montanus in North America?
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Abstract Habitat suitability models have been used to predict the present and future potential distribution of a variety of spe-
cies. Eurasian tree sparrows Passer montanus, native to Eurasia, have established populations in other parts of the world. In North
America, their current distribution is limited to a relatively small region around its original introduction to St. Louis, Missouri. We
combined data from the Global Biodiversity Information Facility with current and future climate data to create habitat suitability
models using Maxent for this species. Under projected climate change scenarios, our models show that the distribution and range
of the Eurasian tree sparrow could increase as far as the Pacific Northwest and Newfoundland. This is potentially important in-

formation for prioritizing the management and control of this non-native species [Current Zoology 57 (5): 648—654,2011].
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Invasive species and climate change continue to be
two major threats to biodiversity (Butchart et al., 2010),
and can also have significant impacts to agricultural
systems (Pimentel et al., 2005). Early detection, predic-
tion, and long term monitoring are crucial to the effec-
tive management of invasive species to minimize these
effects (Stohlgren and Schnase, 2006). Invasive birds in
particular can cause damage to buildings, displace na-
tive birds, consume agricultural products, and spread
disease (Pimentel et al., 2000). Eurasian tree sparrows
Passer montanus have been viewed as a pest in China
because of the large number of seeds they can con-
sume and are a controlled species in western Australia
(Blakers et al., 1984) where they damage seed and fruit
crops, spoil stored grain with droppings, and may com-
pete with native birds (Massam, 2005). The birds were
introduced to the United States in 1870 near Saint Louis,
Missouri (Widmann, 1889) and have been gradually
increasing their range ever since. Although the birds are
non-native to the United States, they are not yet a con-
trolled species nor are they considered invasive.

Eurasian tree sparrows are small birds with a native
range expanding throughout central and southern
Europe, central Asia and portions of southeast Asia
(Sibley and Monroe, 1990). These sparrows are gener-
alists and are adapted to a wide variety of habitat types
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(Field et al., 2008), but prefer living near wetlands.
Eurasian tree sparrows consume insects, seeds, and ber-
ries in social groups similar to the diet of the house
sparrow Passer domesticus (Field and Anderson, 2004).
Large flocks can congregate around grain sources such
as grain elevators and farms (Barlow et al., 2000). Dur-
ing the 1900s, Eurasian tree sparrows experienced dra-
matic changes in abundance in portions of their native
range (Chamberlain and Fuller, 2001; Gregory et al.,
2004). Its spread in the United States has been relatively
slow, and its core range is in a three state region around
its original introduction. It is believed that its current
distribution in the US may be limited in spread by
competition with the house sparrow, another non-native
species (Barlow et al., 2000).

Species distribution models, also known as habitat
suitability models, can provide insight into current and
potential distribution of species (Hijmans and Graham,
2006; Franklin, 2009). These models combine data on
the observed location of a species with environmental
data to predict habitat suitability at unsampled locations.
The use of these models has increased in the past decade,
due in large part to advancements in geographic infor-
mation systems and computer technologies (Guisan and
Thuiller, 2005; Elith and Leathwick, 2009). The models
have been used to predict the potential distribution of
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invasive species including the Burmese python Python
molurus bivittatus (Rodda et al., 2009), the vine kudzu
Pueraria Montana (Jarnevich and Stohlgren, 2009), and
cheatgrass Bromus tectorum and the invasive shrub
tamarisk (Tamarix spp.) (Evangelista et al., 2008).

The conceptual framework behind species distribu-
tion models is to find relationships between where a
species has been observed and the environmental char-
acteristics, or predictor layers, of those locations
(Franklin, 2009). This relationship was defined by Hut-
chinson as the “niche” of the species (Hutchinson,
1957). The niche for a given species may be limited by
temperature, proximity to water, and other variables.
There are many methods for creating a model of a spe-
cies niche which can then be used to predict the poten-
tial species distribution, typically on a map (Franklin,
2009). There are also many algorithms available for
species distribution modeling including Generalized
Linear Models (GLM), Generalized Additive Models
(GAM), Genetic Algorithm for Rule-set Production
(GARP), boosted regression trees (BRT), and Maxent.
These models have been applied to native bird species
using GARP (Peterson et al., 2002), while BRTs have
been used for modeling the spread of an invasive bird
in Europe (Strubbe and Matthysen, 2009). Maxent has
been used to model the potential distribution of endan-
gered birds under climate change scenarios (Hu et al.,
2010).

Species distribution models are affected by many
factors, including the sample size and distribution of
sample data in time and space (Wisz et al., 2008), dif-
ferent environmental breadth captured by the occurrence
data relative to extent of the study area (Rodda et al.,
2011), and whether the species is a habitat specialist
versus a habitat generalist (Evangelista et al., 2008).
Bias can be strong when there are a small number of
points early in an invasion (i.e., where many suitable
sites have yet to be invaded). Still, species distribution
models have proven accurate and robust for many spe-
cies (Kumar et al., 2009; Holcombe et al., 2010).

The majority of data available for species distribution
modeling include locations where a species was ob-
served at a given location, also known as an “occur-
rence” or “presence point” (Graham et al., 2004). One
of the most popular modeling techniques for modeling
species based on presence-only data, and one that con-
sistently performs well (Elith et al., 2006) is Maxent
(Phillips et al., 2006; Phillips and Dudik, 2008). Maxent
uses principles of maximum entropy to develop rela-
tionships between the environment at presence locations

and the available environment as described by back-
ground data points. Maxent, along with other species
distribution modeling techniques, provides the ability to
predict species suitable habitats now and in the future.

The Global Biodiversity Information Facility (GBIF)
provides an open-access on-line database of occurrence
records for species from all over the world (GBIF, 2010),
including Eurasian tree sparrows. Because the primary
source of GBIF data includes herbariums and museums
around the world, there are issues using the data such as
taxonomic inaccuracies, spatial bias, and precision in
geographic coordinates (Graham et al., 2004). However,
these databases provide the potential to model species in
almost any region of the world without spending the
time and resources to collect new field data. The meth-
ods used in this study were designed to alleviate many
of the issues related to using this type of data.

The Eurasian tree sparrow has been slowly increasing
its range in North American since its introduction, and it
is unknown how it may respond to climate change. With
climate change, could they cause similar problems in
the United States to those being caused in China and
Australia? Climate matching based on the native and
introduced range can provide information on its climatic
tolerance, and we can project these into the future.
Therefore, we developed a model to determine the po-
tential change in suitable habitat for Eurasian tree spar-
rows with current and future climate conditions in North
America. Our secondary goal was to determine if data
from a large aggregated dataset, like GBIF, could be
used effectively to evaluate potential habitats for a spe-
cies. This is the first example using Maxent to model a
non-native bird species under future climate change
scenarios.

1 Materials and Methods

1.1 Data sets

We downloaded 179,005 occurrence records for
Eurasian tree sparrows from the GBIF web site on the
23" of September, 2010 that included species’ name and
location coordinates (latitude, longitude; Fig. 1). The
data contained contributions from 465 different datasets.
The complete list is available at http://ibis.colostate.edu/
ETS. Given the negative effect of spatial errors when
modeling distributions (Osborne and Leitao, 2009), we
examined all Eurasian tree sparrow coordinates for po-
tential issues. These issues included coordinates with a
coarser precision than our predictor layers (e.g., latitude
of 40 degrees compared to our resolution of 30 arc sec),
coordinates with obvious rounding introduced (e.g.,
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Fig.1 Global occurrences and background points
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The presence points for Eurasian tree sparrows are red; the background points are blue.

decimal continues with many repeats of a value such as
0.33333333), and indications that a precisely given data
point may have been derived from a larger area (e.g.,
situations where data points are the centroid of a
county). We removed records with questionable coordi-
nates from the dataset, leaving 4,295 unique records at a
30 arc second resolution that were used in our model.
Although we were specifically interested in predicting
the invaded range in North America, we used global
data to train our models. This strengthens the ability of
the model to extrapolate to potential future climates
because models using locations from both invaded and
native ranges capture more of the suitable environment
(Bradley et al., 2010),

We obtained the WorldClim bioclimatic variables at
30 arc second resolution to use as predictors in our
models (Hijmans et al., 2005). These layers included 19
bioclimatic variables derived from monthly precipita-
tion and minimum and maximum temperature that de-
scribe seasonality in climate that may be biologically
important. The sparrows are also known to be limited by
winter temperatures (Zheng et al., 2008) and prefer ar-
eas near water (Field and Anderson, 2004). Based on
this, we hypothesized that they may be able to be mod-
eled based on minimum temperature and minimum
available precipitation, Min Temperature of Coldest
Month (BIO6) and Precipitation of Driest Quarter
(BIO17), respectively. We also included Annual Pre-
cipitation (BIO12) and Annual Mean Temperature
(BIO1) to see if the more general layers correlated bet-

ter than the minimum values. We used current climate
(1950 to 2000 average) and future climate projections
for 2020 and 2050. The future climate was averaged
across three global climate models produced from the
Canadian Centre for Climate Modeling and Analysis
(CCCMA), Hadley Centre Coupled Model v3 (HadCM3)
and Commonwealth Scientific and Industrial Research
Organization (CSIRO) for the more liberal emission
scenario, b2a.
1.2 Modeling

We used Maxent version 3.3.3a to develop our habi-
tat suitability maps (Phillips et al., 2006). To mimic the
sampling bias in our un-statistically collected presence
locations, we used the target background approach with
Maxent (Phillips et al., 2009). With this procedure, we
provided 10,000 randomly selected presence locations
for house sparrows also downloaded from GBIF as
background locations because these species are sympat-
ric (Anderson, 1978), have similar global distributions,
and are both commonly recorded species. We used the
default settings in Maxent except for increasing the
maximum iterations to 5000 to allow the models to
converge. We ran each model 10 times, withholding a
different 30% of the data each time for testing to deter-
mine the model dependence on the locations used. We
used the average prediction from all model runs for our
final maps. Maxent also produces maps of novel envi-
ronments, which highlight predicted locations where the
environmental conditions are outside those captured by
the presence and background locations used to train the
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model (Elith et al., 2010). Extrapolating models beyond
the bounds of data used to train the model can lead to
over predictions or under predictions in those areas
(Peterson et al., 2007). Maxent also provides informa-
tion on variable importance through the percent contri-
bution and permutation importance. These are two dif-
ferent measures Maxent makes, with percent contribu-
tion calculated based on how much the variable contrib-
uted to the model dependent upon the path selected for a
particular model run. The permutation importance is
determined by varying the predictors’ values between
presence and background points and examining the
change in area under the curve (AUC) and is not de-
pendent on the path but only on the final model for a
particular model run.

Maxent creates a receiver operator curve and meas-
ures the AUC to determine model accuracy. AUC values
of 0.5 show no value in the model while values of 1.0
would indicate the model can perfectly distinguish been
presence and absence of a species (Swets, 1988). We
evaluated AUC (Fielding and Bell, 1997) for the ran-
dom test partition of data (30% of locations withheld
each iteration).

1.3 Change in distribution

We used a 10% training presence logistic threshold to
identify suitable and non-suitable habitat for current and
future predictions for the Eurasian tree sparrow. The
10% training presence threshold means that 10% of the
presence locations used to develop the model (training
data) will be misclassified. We used this metric as it is
available by Maxent, and is less conservative than the
minimum training presence where all training locations
would be correctly classified, that is very sensitive to
outliers. For highly mobile species such as birds, we
feel the minimum training presence may over-predict
the suitable habitat because it is sensitive to “highly
occasional” bird sightings. The potential change in spe-
cies distribution under climate change was computed by
classifying current and future suitable (current=1, fu-
ture=4) and non-suitable habitat (current=0, future=2)
for each prediction and then adding current predictions
to future predictions. This allowed us to identify areas

that were unsuitable (current and future), stable (suitable
currently and in the future), increasing suitability in the
future, and decreasing suitability in the future (unsuit-
able=2, stable=5, increasing=4, decreasing=3) under
future climate scenarios.

2 Results

The AUCs from the 10 iterations ranged from 0.8451
to 0.8479, with Precipitation of the Driest Quarter as the
largest contributing predictor at 58%. Minimum Tem-
perature of the Coldest Month and Annual Precipitation
contributed 18%, while Precipitation of Driest Quarter
contributed 6% (Table 1). The permutation importance
supported this order of importance.

The model predicted suitable habitat near St. Louis,
Missouri where the original population was introduced
(Fig. 2). The model also showed suitable habitat along
the inner coast of British Colombia and in Southern
Alaska. Northern Canada and Greenland were largely
novel environments that were not represented in the
sample data, so we did not consider these regions.

The prediction for 2020 showed the Eurasian tree
sparrow’s suitable habitat expanding and moving to the
northeast within the United States, to the north in Alaska,
and beginning to develop in Newfoundland (Fig. 3). The
2050 prediction showed the same trend with a large
habitat developing in Newfoundland (Fig. 4).

3 Discussion

The GBIF data appeared to perform well according
to the AUC evaluation metric and represented a subset
of the distribution of Eurasian tree sparrows as docu-
mented in the literature. This is promising for future
efforts to map continental distributions of invasive spe-
cies. Databases aggregating occurrence data such as
GBIF can play crucial roles in providing global data to
develop species distribution models. While we were
able to create accurate models using GBIF data, similar
studies have cautioned about issues related to those de-
scribed related to integrated data (Graham et al., 2004,
Loiselle et al., 2008). By evaluating the quality and ac-
curacy of the data we downloaded as described in our

Table 1 Percent contribution for each environmental layer from the WorldClim-BioClim dataset

Environmental Layer Description Percent Contribution Permutation Importance
Biol7 Precipitation of driest quarter (mm) 58 43

Bio6 Min temperature of coldest month(°C * 10) 18 30

Biol Annual mean temperature(°C * 10) 18 19

Biol2 Annual precipitation (mm) 6 8
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Fig. 2 The predicted suitable and unsuitable habitat for
Eurasian tree sparrows based on the available occurrences
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Fig. 3 Predicted change in suitable habitat for Eurasian
tree sparrows for the year 2020

methods, we were able to remove some data of ques-
tionable utility and accuracy. We also employed the
‘target background’ approach to try to alleviate sam-
pling bias in the dataset. However, the locations data we
used may still have affected the models. As an addi-
tional check of data completeness, we downloaded the
available data from the Avian Knowledge Network
(http://www.avianknowledge.net) and compared it with
the data from GBIF. The Avian Knowledge Network
data showed a similar distribution in North America but
additional data in Asia. Neither dataset showed points in
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Fig. 4 The predicted change in habitat for Eurasian tree
sparrows between 2010 and 2050

British Columbia or Alaska. It is possible that the birds
have not reached this area or that the model is missing a
predictor variable that would exclude these areas such
as competition with house sparrows or other bird spe-
cies, disease, or predation.

Our results indicate that precipitation is strongly as-
sociated with Eurasian tree sparrow distribution at con-
tinental scales. Precipitation of the Driest Quarter con-
tributed more than three times as much to the final
model than any other predictor variable. Flieg (1971)
hypothesized that the Eurasian tree sparrows lack of
westward spread from Saint Louis was related to the
drier climate to the west. This could be due to the spar-
row’s preference for wetlands (Field et al., 2008), much
of which has been altered by agriculture.

Assuming the climate projections are accurate, our
preliminary predictions for Eurasian tree sparrows show
suitable habitat along the western coast of North Ame-
rica. These predictions are best viewed as “hypotheses,”
which can be refined with new data and better models
(Stohlgren and Schnase, 2006). We suggest that re-
source managers of potentially suitable habitat should
place these sparrows on early detection lists. While no
sightings have been reported in these areas, our model
suggests that the western coast of North America is at a
high risk of invasion. In addition, house sparrows are
competitors with Eurasian tree sparrows and are hy-
pothesized to restrict their invasion (Anderson, 1978;
Barlow et al., 2000). Because house sparrows are not
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found in the area predicted suitable for Eurasian tree
sparrows in Alaska and northern Canada, these northern
areas may be especially susceptible to invasion and
rapid expansion.

Future predictions indicate that the Eurasian tree
sparrow’s range may move northward, expanding from
its existing range and developing a new range in New-
foundland. Our current model does not represent
non-climatic factors such as the impact of humans or
biotic interactions. Eurasian tree sparrows compete with
house sparrows, and may be limited in their occupied
range in North America by competition with this species.
A change in house sparrow distribution or abundance,
which has been observed in Europe (Gregory et al.,
2004), could be an important driver to Eurasian tree
sparrow distribution in addition to climate change. It is
unknown how house sparrows may respond to climate
change. Climatically suitable habitat may be occupied
by the Eurasian tree sparrow if these areas are no longer
suitable for the house sparrow. Additional research
could further refine these predictions and investigate if
this sparrow could pose a potential problem in the future.
The combination of effects and the variability in future
climate models make modeling future species distribu-
tion, especially for birds, very complicated.

The models showed a potential change in the cli-
matically suitable habitat and thus potential distribution
of Eurasian tree sparrows in North America for 2020
and 2050. This information may be valuable in planning
future control efforts for non-native species. Resource
managers can use these models to help inform manage-
ment decisions while recognizing the uncertainty of
these predictions. These models should continue to be
refined, especially as biotic interactions limiting species
distributions may change with changing climate. The
alterations in climate and associated biotic interactions
could allow non-native species with a low level of con-
cern to be elevated to species of greater concern.
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