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Understanding species distributions temporally and spatially will facilitate effective 

conservation efforts and catalyze informed environmental management decisions. The 

predicted distributions of 31 species of European bat (Mammalia: Chiroptera) were 

mapped across Europe using species presence records and environmental data from 72 

environmental variables (annual mean temperature, precipitation, etc.). In order to reduce 

multicolinearities among environmental data, principal component analysis (PCA) was 

carried out on all environmental variables. The top four eigenvectors produced from PCA 

explained 99.85% of total variance seen in the original 72 environmental data layers. 

Correlations between species presence records and environmental conditions (stored as 

eigenvectors with 72 dimensions) were analyzed using maximum entropy (MAXENT) 

modeling software. Each final distribution was found to have superior power for 

predicting species presence when analyzed using receiver operated characteristic (ROC) 

plots and corresponding area under curve values (AUC). The mean AUC statistic for all 

distributions was 0.964 ± 0.016 with upper and lower bounds of (0, 1). Each final 

distribution was extensively correlated with annual temperature range indicating that 

ambient temperature significantly limits the distributions of European bats in agreement 

with previous studies on bat ecology. Results from this study on European bat 

distributions may be used to improve field identification and shape informed 

conservation management decisions. 
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The Biogeography of European Bats 

INTRODUCTION 

Bats (Mammalia: Chiroptera) comprise the second largest mammalian order  (Dietz et al., 

2009, p.17) and are among the most heavily studied taxa of terrestrial ecosystems (Mayer 

et al., 2001; Ulrich et al., 2007). Bats worldwide serve as ideal bio-indicators of overall 

ecosystem health and fertility warranting their past and continued study (Jones et al., 

2009). Chiroptera inhabit all major ecotypes across six of the earth’s continents and 

occupy a range of ecological niches as the only volant mammalian order. Additionally, 

the insectivorous bats of Europe (the subject of this study) offer key insight into 

ecosystem processes as predators of primary consumers. European Chiropteran 

population dynamics reflect changes in the base of the European food web and may alert 

researchers to potential threats to species richness at the continental scale (i.e., 

biodiversity). 

Understanding the current limits of species rages worldwide is of critical 

importance to conservation biologists. Despite this precedence, the exact distributions of 

European Chiroptera have eluded researchers for decades (Pearsons et al. 2006). Using 

techniques from predictive modeling, multivariate statistics, geographic information 

science and basic ecology, we have created predictive species distributions for all species 

of European bat. Additionally, this research was catalyzed by several related inquiries 

regarding species distributions including: What environmental variables limit the range of 

bats across Europe? And, How can researchers predict species locales across a given 

landscape? The aims of the present study sought to answer these queries in concrete and 

reproducible terms. 
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In addition to understanding the geographic extent of species, results from this 

study may be used to facilitate effective conservation efforts and catalyze informed 

management decisions. Several methods of species identification using acoustic analysis 

(see Parsons et al., 2000) have achieved moderate success across Europe (e.g., Davidson-

Watts et al., 2006; Rebelo (a,b) et al., 2010; Russo et al., 2002; Walters et al., 2012) and 

may benefit from the results of this study. Any disturbance of air particles produces 

sound (at times inaudible to the human ear) that may be used to classify species based 

upon characteristic vocalizations. Humans identify one another based upon a series of 

traits, one of which includes speech patterns (cadence, syntax, verbiage etc.) and tonality. 

Similar discriminatory techniques may be used to identify bats based upon their 

characteristic echolocation signals (differing in frequency, duration of call, overall pitch, 

frequency of vocalization and similar tonal discrepancies). Correspondingly, researchers 

may identify species of bat distributed within a geographic area based upon the various 

echolocations received and recorded during an evening of research. Integrating findings 

from this study with existing acoustic identification technologies may improve the 

accuracy of species identification which has historically relied on subjective evaluations 

from the researchers. 

Despite efforts to document bat ecology using acoustic identification, the 

geographic extent of many species has eluded biologists (c.f. Fukui et al., 2004; Hughes 

et al., 2012; Jones et al., 2009; Rebelo (a) et al., 2010); the nocturnal habits and minute 

stature of many insectivorous bats has further complicated their study in the field 

(Parsons et al., 2000). As a result of these complications, predictive modeling has 

increasingly been employed to study species distributions utilizing various methods 
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including generalized additive models (GAMs), generalized linear models (GLMs), 

variable factor analysis (VFA) and maximum entropy modeling programs (MAXENT). 

GAMs and GLMs are form of regression analysis used to analyze relationships between 

response and explanatory variables—such as plotting annual precipitation against species 

presence and obtain a corresponding t-statistic. Similarly, VFA reduces the number of 

correlated variables used to map distributions until only the most highly correlated (i.e., 

colinear) variables are included in the study. GAMs, GLMs and VFA require presence 

and absence data for each species included in the study. MAXENT however, models 

species distributions using presence-only data and classifies the predicted distributions of 

species using pixelated probability weightings (of significant importance when 

attempting to assign quantitative value to the predicted identification of a species of 

European bat from its characteristic echolocation call). Currently all other species 

modeling programs require combinations of absence and presence data; absence data 

require inference from the landscape that species are absent from a given locale. 

Although researchers may fail to record species in a given area, absence records may 

represent failed attempts by biologists to identify species of interest thereby negatively 

affecting any predictive species distributions. This negative effect may be further 

compounded when studying rare and cryptic species often requiring accurate and 

powerful distribution predictions. 

In order to address the current lack of knowledge of species ranges our principle 

goal was to quantify the interactions between European Chiroptera and their environment 

resulting in species-specific probabilistic distributions. Secondarily, these findings may 

be integrated with existing acoustic identification technologies to improve the accuracy 
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of species identification. Results from this study relied heavily on several key 

computational technologies and research techniques including geographic information 

science, multivariate statistics (namely, principal component analysis) and MAXENT 

version 3.3.3k—a heuristic species distribution modeling program (Phillips et al., 2006). 

Although similar studies attempting to map species distributions (e.g., Hughes et 

al., 2012; Rebelo (b) et al., 2010) have successfully modeled changes in species richness 

levels at the continental scale, the present study is unique in scope and breadth. No 

previous study has mapped the current distributions of European bats or integrated 

predictive modeling programs and acoustic technologies to improve the accuracy and 

efficacy of field identification. Likewise, the present study will provide information to 

conservationists and ecologists in the form of predictive probabilistic species 

distributions enabling researchers to design future surveys of species presence in 

previously unknown locales. Lastly, results from this study may be used by 

environmental impact consultants to analyze the potential impact of construction projects 

on various Chiropteran populations across Europe. 

BACKGROUND INFORMATION 

Geographic Information Science 

Geographic Information Science (GIS) allows researchers to analyze the spatial and 

temporal relationships between geographically referenced data. The program integrates 

various datasets as geographically reference layers in order to visualize potential patterns 

across the landscape. For example, epidemiologists may record the geographic 

coordinates of disease outbreaks (in the form of disease presence records) and later 

integrate this information with various geographic data (such as roads, pastures, 
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agriculture, etc.) using GIS. By overlaying disease outbreaks and various geographic 

factors researchers are able to analyze the direct association between disease presence 

and one or several environmental variables. (GIS may be used to store any geographically 

referenced datum, thus categorical and quantitative data can be examined simultaneously 

provided each variable contains geographic coordinates.) 

 Ecologists can similarly employ GIS to visualize the known distribution of 

species across the landscape in the form of presence data. Although this information 

enables researchers to qualitatively analyze species presence data and environmental 

conditions (when viewed as separate data layers), GIS cannot map the predicted 

distribution of species or quantify ecological interactions. Despite these limitations, GIS 

(like graphical analysis) can be used to visualize disparate data sets before attempting to 

model the distributions of species using probabilistic modeling programs (such as 

MAXENT); GIS similarly allows the researcher to perform basic manipulations of data 

layers before analyzing the information with external software. 

Principle Component Analysis 

Principle Component Analysis (PCA) is a multivariate statistical technique used to 

condense large sums of data without losing needed variability and information. The 

mathematical transformation converts a series of potentially correlated variables into a 

series of uncorrelated vectors termed principle components. The process involves 

calculating correlation and covariance matrices detailing the degree of redundancy in and 

amongst the original data; the researcher later calculates eigenvectors and corresponding 

eigenvalues of the dataset. As an artifact of PCA, eigenvectors and their eigenvalues are 



6 

 

 
 

produced in decreasing order; the eigenvector with the highest eigenvalue appears first in 

the final data matrix.  

Each eigenvector defines a separate coordinate axis (principle component) that 

appears mutually orthogonal to the remaining eigenvectors. The strength of each 

principle component is described by the eigenvalues of each corresponding eigenvector. 

Additionally, these eigenvalues describe the percentage of variance found in the original 

data set retained by each principle component. Because each eigenvector is paired in 

decreasing order with its corresponding eigenvalue (percent variance explained in the 

original data set), the researcher can now select components based upon their significance 

and disregard less influential components. 

Overall, the data are transformed into mutually orthogonal vectors that describe 

the relationships between variables. This process effectively reduces colinear (i.e., 

redundant) variables into a series of meaningful independent entries. PCA, when done 

effectively, reduces the amount of data into manageable dimensions for further analysis. 

Maximum Entropy Probabilistic Modeling 

Maximum entropy (MAXENT) modeling software—created by a team of researchers 

from Princeton and MIT—allows ecologists to model the predicted temporal and spatial 

distributions of species. In short, MAXENT estimates the distributions of species by 

computing the most uniform (i.e., of maximum entropy) distribution using known species 

presence records and geographic data; MAXENT uses geographically referenced species 

data and environmental variables to model the expected distribution of species across a 

given area of interest. When computing the predicted distribution of a species, MAXENT 

produces a pixelated probability weighting associated with species presence across the 
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predicted geographic range. In effect, the researcher obtains a predicted distribution and 

corresponding probabilities of species presence for each species in the study. Published 

examples of MAXENT probabilistic modeling include mapping species distributions, 

determining correlations between environmental conditions and species presence, and 

predicting new migratory patterns in response to climate change. Although 

biogeographers, ecologists and conservation scientists employ various predictive 

modeling techniques to map species’ distributions, MAXENT has consistently 

outperformed even the most competitive traditional methods (Ulrich et al., 2007). 

 MAXENT, like all predictive models, requires extant species presence records in 

order to create (i.e., train) each species distribution. Using geographically referenced 

environmental conditions (such as annual temperature range, precipitation, vegetation 

type, etc.) and presence data (i.e., species sightings across the landscape) MAXENT 

produces an approximate probabilistic grid for a species’ given distribution. Traditionally 

when attempting to map distributions, environmental sites are often surveyed for species 

presence and absence data in order to calculate the relative abundance of species at each 

survey location. In such methods the researcher is often familiar with the data and utilizes 

traditional regression analysis to map the corresponding species range. This method, 

although statically sound, fails at the continental scale where one or a team of researchers 

cannot accurately sample both presence and absence data. MAXENT compensates by 

using presence only information (i.e., the program requires only current and recent 

presence records in lieu of additional absence data). By definition, the distribution of 

presence data will pattern favorable and unfavorable environmental conditions used to 

train each model. 
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 The predicted distribution of each species produced by MAXENT (from 

landscape data and presence records) represents the potential range of each species based 

upon favorable environmental conditions. Thus, each model represents the fundamental 

niche of species across a given landscape. By computing the fundamental distribution of 

each species MAXENT models provide critical information to conservationists and 

researchers in the form of predicted presence weightings. These weightings when 

integrated into various identification technologies may allow researchers to increase the 

known distribution of species into previously unknown locales. 

Statistical Validation of the MAXENT Model 

While training each model, MAXENT analyzes the efficacy of each output using a 

variety of standard statistical techniques. Beginning with a uniform distribution (i.e., a 

probability weighting of 0.5 in each pixel), the program generates a predicted distribution 

across vector space until the final model contains the most statistically significant 

information. Additionally, the default logistic settings in MAXENT produce a probability 

distribution with estimates of species presence ranging from 0 to 1 stored within each 

pixel. A linear model would produce dichromatic images of red (high probability of 

species presence) and blue (low probability of species presence) instead of the desired 

graduated weighting from 0% to 100% predicted presence (Fig 1). 

Receiver Operating Curves 

MAXENT reserves a certain percentage (specified by the researcher) of presence data to 

test the predictive power of each MAXENT model. Following model training and testing, 

MAXENT produces receiver operating curves (ROC) for both training and testing data 

and subsequently calculates the area under curve (AUC) values as a measure of 
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predictive power (Fig 2). By definition, AUC values range from 0 to 1 with higher values 

indicating superior model performance. 

Fig 1. MAXENT produces probabilistic images for a species’ predicted distribution. The 

researcher obtains a map of the study area (i.e., Europe) that can be used for further or 

immediate study. MAXENT’s default logistic settings ensure that species ranges appear 

as gradual transitions from areas of low (dark blue) to high (red) predicted presence. 

 
 

Fig 2. The below ROC plot shows a model’s performance when testing the predicted 

distribution of B. barbastellus against a set of know data entries retained by the program. 

The corresponding AUC test statistic (here, AUCTest = 0.954) indicates the overall 

predictive power of the predictive model. 
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The red training line and blue testing line seen in the above ROC plot for 

statistical performance will overlay exactly if the same data are used for training and 

testing each model. The red training line demonstrates the correlation between each 

model and the training data (how closely the two coincide as measured by an AUC 

statistic) whereas the blue testing line measures the correlation of each model to the 

testing data and represents the overall predictive performance of each distribution 

(represented by a separate AUC statistic). An AUC value < 0.5 indicates a model with 

worse predictive power than the hypothesized null (i.e., uniform) distribution—as noted 

if the blue test line falls below the diagonal black prediction line. The higher the testing 

AUC value, the closer the blue testing line follows the red training line near the top left 

corner of the plot. The abscissa (fractional predicted area) represents the percentage of 

total area predicted present (from 0 to 1) and the ordinate measures the sensitivity (i.e., 

success rate) of each model. As an artifact of the AUC statistic, species with narrow 

ranges relative to the study area may have artificially high AUC values. Thus, AUC 

values for species with narrow known ranges relative to the European continent—such as 

rare or cryptic species—must therefore be interpreted with caution. 

The Relative Importance of Environmental Variables 

During training, MAXENT tracks the contribution each environmental variable makes to 

the final probabilistic distribution. MAXENT varies the coefficient of each 

environmental feature in the MAXENT algorithm and measures the corresponding 

change in testing AUC. A significant drop in testing AUC corresponds to a heavy 

dependence on the variable undergoing analysis. The results from this analysis are later 

transformed into percent contribution tables quantifying the percent contribution each 
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environmental variable makes toward the final probabilistic species distribution (Table 

1). 

Table 1. A percent contribution table produced by MAXENT showing the weighted 

contribution each variable affords to the final probabilistic distribution. In the below 

example, the final probabilistic distribution was created from information in 

environmental variable A in 81.5% of the model trainings, B 8% of model training, etc. 

 

Environmental Variable Percent contribution 

A 81.5 

B 8 

C 7.9 

D 2.6 

 

MAXENT yields an alternate measure of variable contribution in the form of 

jackknife tests of variable importance. During training MAXENT produces several 

iterative versions of the final model; each environmental variable is sequentially removed 

and two versions of the model are created: the first using the environmental variable in 

isolation and the second using the remaining environmental data (or n - 1, where n 

represents the total number of environmental variables). A final model is trained using 

the complete environmental data set (n). The jackknife test for variable importance 

measures the resulting gain or decrease in testing AUC for each version of the final 

model and effectively analyzes the contribution of each environmental variable to the 

final probabilistic species distribution.  

The dark blue bars in the below diagram indicate the AUC value for each model 

created in isolation using each environmental variable in turn. The turquoise bars indicate 

the AUC statistic of for each model created using n - 1 environmental variables. The final 

red bar indicates the AUC statistic when all environmental variables are used to train the 

model. The jackknife test for variable importance yields a quantitative measure of 
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variable contribution and therefore may be used to understand the environmental factors 

limiting a species’ given range. Additionally, the jackknife test indicates which 

environmental variable has the strongest influence when predicting the distribution of 

species based upon the presence data reserved for testing. 

Fig 3. Jackknife test for variable importance. In the below bar graph, environmental 

variable PCA1 appears to have the most influence on the final AUC test statistic (as 

indicated by the topmost dark blue bar). Similarly, when PCA1 was excluded from the 

model, the AUC test statistic dropped significantly indicating a high dependence on 

PCA1 for relevant information on species location. 

 
Response Curves 

Response curves generated by MAXENT demonstrate the impact of each environmental 

variable on the final probabilistic species distribution. Each response curve indicates 

changes in logistic performance of the model as each environmental factor varies while 

all other environmental variables remain at their mean value (such as measuring the 

change in model performance while varying annual temperature and keeping all other 

environmental factors constant).  

Response curves enable researchers to understand the relative specificity of 

species regarding each environmental variable. For example, a narrow thermal tolerance 

for a given species would translate into an equally narrow domain with acceptable values 

on the abscissa (Fig 4).   
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Fig 4. Response curve created for B. barbastellus. The below response curve illustrates 

how the probability of species presence across the lanscape (abscissa) changes with 

changing values of the environmental variable on the ordinate (here, PCA1). 

 
 

Response curves between two highly correlated variables (such as cloud cover 

and precipitation) may yield conflicting results of variable importance. The final 

MAXENT probabilistic distribution may account for changes in variable sets (such as a 

decrease in cloud cover and a corresponding decrease in precipitation) and not 

necessarily depend upon a single variable whose environmental data are reflected in (i.e., 

colinear) those of another environmental factor. 

Model Replication 

MAXENT allows the researcher to train multiple models for each species and create a 

final probabilistic distribution using the average findings of each individual output. 

Occurrence data are randomly subdivided into equal-sized groupings termed folds that 

are then used to train iterative versions of each predictive distribution (a technique termed 

cross-validation). Cross-validation enables the researcher to use all data entries for testing 
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and training the final probabilistic model. In the final cross-validated model, AUC values 

appear as averages taken from all replications; ROC plots contain necessary error bars; 

and response curves are created with one standard deviation bars.  

Fig 5. ROC curve generated using information provided by five (5) replicate runs of the 

MAXENT program. The below curve shows the mean AUC testing statistic (AUCTest = 

0.961) ± one standard deviation. 

 
 

 

Fig 6. Response curve generated using information generated from five (5) runs of the 

MAXENT program. The curve shows how the average probability of presence changes 

with changing values of the environmental variable. 
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GIS, PCA & MAXENT Review 

Geographic Information Science (GIS) provides researchers with a means to visualize 

spatial relationships between data and perform elementary statistical analyses. Although 

the program cannot successfully quantify relationships between species and their 

environment or accurately map the predicted distributions of species, GIS allows the 

researcher to visualize the data before undertaking further analysis. Maximum entropy 

(MAXENT) modeling software however, provides a statically validated means to 

quantify interactions between species and their environment (Phillips et al. 2006). 

Additionally, the program creates probabilistic images of species distributions that can be 

used by researchers to increase the efficacy of species identification in the field—by 

including a probability weighting with each sighting—and better understand the 

fundamental niche of species of interest. 

 MAXENT uses presence only data to model the predicted distribution of a species 

based on a given set of continuous or categorical environmental variables (Phillips et al., 

2006). The output represents a probability grid of the study area with normalized values 

from 0 to 1 indicating habitat suitability and the probability of species occurrence (Fig 1). 

Receiver Operating Characteristic (ROC) plots and their corresponding Area Under 

Curve (AUC) values validate each MAXENT output and confer statistical significance of 

model performance. Because the presence-only machine-learning program cannot 

account for biotic interactions between species and among individuals, the resultant 

probabilistic species distributions represent the fundamental niche of each organism 

(Smith et al., 2012). Despite this limitation, MAXENT has consistently outperformed 

similar programs when attempting to map the distribution of a species inclusive of 
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competition, resource partitioning, and similar biotic phenomena (Baldwin 2009; 

Hernandez et al., 2006; Warren et al., 2011). 

METHODS 

Study area 

 In an effort to map the predicted distributions of species of European bats across 

Europe, the study area included all terrestrial ecosystems of mainland Europe, the United 

Kingdom, Ireland, Scandinavia, North Africa, and the Mediterranean within the 

geographic bounds 71°55’N; 34°5’N; 11°14’W; 62°35’E (Fig 7.). The Canary Islands 

and similar European landholdings worldwide were omitted from the study. 

Fig 7. Study area of mainland Europe, the United kingdom, Ireland, the Mediterranean 

and Scandinavia 

 

Presence Data and Eco-Geographical Data 

MAXENT produces models of species distributions based upon species presence records 

(in the form of geographic coordinates) and environmental data. For the current study 

modeling the distribution of 31 species of European bat across Europe, all presence data 

(Appendix A) were retrieved from the Global Biodiversity Information Facility (GBIF: 
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http://www.gbif.org/) and culled to the given study area (71°55’N; 34°5’N; 11°14’W; 

62°35’E). GBIF provides free and open access to biodiversity records for research and 

independent study. The organization, established in 2001, has previously provided data 

for studies modeling the impact of climate change on migrant populations as well as 

distribution modeling (Hughes et al., 2012; Rebelo (b) et al., 2010).  

 Seventy-five percent (75%) of presence records for each species were used to 

train each MAXENT model; the remaining 25% of occurrence records were used to test 

the predictive power of each model following model creation. Additionally, five (5) 

models of each species were created and averaged to produce the final species-specific 

probabilistic distribution. In effect, five (5) probabilistic distributions were created for 

each species and later averaged to create the final data set of 31 species-specific 

probabilistic distributions across Europe. 

 In addition to presence data required by the modeling program MAXENT, 

ecological variables such as annual mean temperature, forest type, human population 

density, anthropogenic impact, light pollution, etc., are used to train each MAXENT 

model and species distribution (see Appendix B for a complete list of environmental 

variables used in the current study). In total, 72 environmental variables were retrieved 

from the Food and Agriculture Organization of the United Nations, the Socioeconomic 

Data and Applications Center of Columbia University and WorldClim Global Climate 

Data Organization. These data layers were subsequently clipped (i.e., cropped) to the 

given geographic bounds using GIS.  Similarly, the resolution of each environmental 

variable (cell size or pixel area: 0.083° × 0.083°; approx. 10km
2
) as well as the 

geographic extent of all layers coincided exactly after re-sampling each layer in GIS. In 
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effect, all eco-geographic variables (stored as geo-referenced data layers in GIS) now had 

the same resolution and pixel area before undertaking further analysis using MAXENT. 

Categorical data (i.e., land use) was further separated into binary grids representing 

TRUE (1) or FALSE (0) data cells (areas with unmanaged grassland for example, 

received a value of 1 while the remaining cells contained a value of 0. This process was 

continued until all environmental variables had been isolated from the original 

categorical layer). 

 The 72 environmental factors (now identical in resolution, pixel area and 

geographic extent) were further analyzed using PCA to reduce redundancy in the data 

(known collectively as multicolinearities) and conserve environmental variability. The 

top four eigenvectors explained 99.85% of the variance displayed in the original dataset 

(Fig 8) and were subsequently used to map the probabilistic distributions of bats in the 

study. In essence, 72 variables were effectively condensed to four eigenvectors (alternate 

forms of data storage) that retained 99.85% of the total variance in the original 72 

environmental variables. From the resultant correlation matrix, it was found that each of 

the four PCA layers was extensively correlated with (1) temperature seasonality (i.e., 

annual temperature range), (2) altitude, (3) annual precipitation, and (4) mean 

temperature of the driest quarter, respectively. 

 Species and environmental data in the form of PCA layers were subsequently 

uploaded into the MAXENT program and allowed to train 31 species-specific 

distributions averaged from five (5) replicate runs of each Chiropteran. The final output 

included 6.3 gigabytes (GB) of data including distribution images (Fig 1) and statistical 

analyses. 
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Fig. 8 Bar chart showing the percent variance explained in ten (10) of the 72 eigenvectors 

resulting from PCA of the original 72 environmental variables.  The top four (4) 

eigenvectors explained 99.85% of the total variance seen in the original data set. 

  

  

Methods Review 

All presence records (see Appendix A) and the top four eigenvectors were imported into 

MAXENT to train each species distribution. Seventy five percent (75%) of species 

presence records were used to train each species-specific probabilistic distribution and 

the remaining 25% of records were used to test the predictive power of each model. 

Additionally, five (5) probabilistic distributions were created for each species and later 

averaged to create the final data set of 31 cross-validated distributions. Following 72 

hours of in silico computation, nearly 6.3GB of data were produced inclusive of 

probabilistic models for each species and statistical analyses to verify the predictive 

power of each distribution. Environmental variable contributions were further analyzed 

by the program detailing the contribution made by each eigenvector (used in lieu of all 72 

eco-geographical variables) to each species distribution. The final species-specific 

distributions created from a composite of five replicate runs can later be imported into 

GIS and used in GIS-based acoustic identification technologies improving species 
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identification in the field. Similarly, future environmental conditions resultant from 

predictions of climate change can be used to map the predicted future distributions of 

European Chiroptera and compare these results to the findings from the present study. 

Analyzing the current and future distributions of species will allow researchers to 

visualize and quantify changes in species ranges due to anthropogenic climate change.  

RESULTS 

Analyzing model performance 

All probabilistic distributions produced by the program are validated using receiver 

operating characteristic (ROC) plots and corresponding area under curve values (AUC).  

ROC plots provide a direct measure of model performance in the form of AUC values 

ranging from 0 to 1 (Fig 9). 

Fig. 9 ROC plot for Pipistrellus kuhlii indicating the predictive power the final 

probabilistic distribution.  
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The above ROC plot demonstrates the predictive power of a final probabilistic 

distribution for B. barbastellus. The red training line indicates the fit of the model to its 

corresponding training data (here represented by an AUC training statistic of 0.971). The 

blue testing line indicates the fit of the distribution to the testing data indicating the 

overall predictive power of the model (AUCTest = 0.970). The different datasets used to 

create each ROC curve (training vs. testing data, respectively) explains the lower AUC 

value generally associated with the blue testing line (0.970 vs. 0.971 in the above 

example). The closer toward the top left corner of the graph the blue testing line resides, 

the higher the predictive power of the model as demonstrated in a higher AUC values. 

 After analyzing the average ROC plots (created from five replicates of the 

MAXENT program for each species found in Appendix A) the average AUC value of all 

MAXENT models was calculated to be 0.964 ± 0.016. This finding indicates superior 

model performance and predictive power against the 25% of presence records reserved 

for testing. Similarly, each model maintained and individual AUCTest ≥ 0.902. Although 

these statistics indicate superior performance in silico, as previously mentioned, species 

with narrow distributions relative to the study area (i.e., Europe) may show artificially 

inflated AUC values. In such instances, field observation and data collection is the best 

means to analyze model performance and predictive power. 

Each eigenvector used in the present study was significantly correlated with 

annual temperature range (temperature seasonality) which, after analyzing the jackknife 

test for variable importance, consistently limited the overall distribution of each species 

across Europe (Fig 10). Similar studies on bat ecology (c.f., Jones et al., 2009; Ulrich et 

al., 2007) have revealed similar findings: temperature, and specifically annual 
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temperature range, limits the latitudinal extent of species across the Northern Hemisphere 

(Jones et al., 2009). 

Fig. 10 The below jackknife test for variable importance, as measured using testing AUC, 

indicates that PCA1 (the first eigenvector produced by PCA on the original 72 

environmental variables) significantly limited the distribution of P. kulii across its 

predicted range. 

 
 

The above jackknife test produced by the program quantifies each variable’s 

contribution to the final probabilistic distribution. During training, MAXENT excludes 

each variable sequentially in order to create a probability distribution using the remaining 

variables. The model is subsequently created using each variable in isolation and 

analyzed for predictive power. The variable imparting highest gain in model performance 

when used in isolation contains the most power to predict species distributions as a single 

environmental factor. 

The final and most significant output from the program includes each species-

specific probabilistic distribution. As previously noted, these distributions quantify 

species presence in the form of a probability weighting (0 to 100% predicted presence) 

across the landscape. Each distribution (see Figs 11 – 16) is specific for a species’ 

characteristic interactions with its environment and therefore varies for members of the 

same genus (such as the Myotids of western and central Europe). Although these 

distributions are validated using the aforementioned statistical analyses, field validation 
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remains the most powerful means to verify each output. Unfortunately, conducting field 

surveys across Europe is unrealistic. Thus, the statistical analyses used to validate each 

distribution are extremely valuable indicators of model performance when complete 

surveys of the in silico study area are impossible. Included are several species 

distributions and corresponding test statistics resulting from the present study. 

Species Distributions 

Fig 11. MAXENT produces species distribution maps showing the probability of species 

occurrence from 0 – 1 on a chromatic scale (below left). Warmer colors represent 

increased likelihood of species occurrence (0.50 – 1.00 chance probability) while darker 

colors show areas of poor habitat quality (0.00 – 0.49) and decreased species presence. 

Shown below is the predicted distribution of Eptesicus nilssonii using presence records (n 

= 1,796) and environmental data. 

 

 

Each MAXENT output provides researchers with a quantitative measure of the 

predicted distribution of E. nilsonii (Fig 11) as well as widely accepted statistical tests 

analyzing the final performance of the averaged distribution (Fig 13). Figure 12, provides 

further information on the ecological variables limiting the distribution of E. nilsonii 

across Europe. In effect, the researcher can state: There is strong evidence in the form of 

file:///F:/Bats/MAXENT_OutputUsingPCA/plots/Eptesicus_nilssonii_avg.png
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an AUC statistic to indicate that E. nilsonii is localized about the southern Scandinavian 

Peninsula with instances of predicted presence in Poland, Germany and southern Finland 

(AUCMean(5) = 0.976). 

Fig 12. Jackknife test for variable importance for E. nilsonii. From the below image, 

environmental variable PCA1 significantly limited the distribution of E. nilsonii in each 

of the five (5) replications used to train the final model followed by PCA2, PCA4 and 

PCA3, respectively. 

 

 

Fig 13. Average ROC plot of the above model created for E. nilsonii. The below plot 

indicates the predictive power of the above distribution against 25% of presence records 

reserved for testing in each of five (5) replications used to create the final model. Mean 

AUC = 0.976. 
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Additionally, based upon figures 14 – 16, the researcher can form a similar 

conclusion for Myotis bechsteinii across Europe: There is strong evidence in the form of 

an AUC statistic to indicate that M. bechsteinii is found throughout the United Kingdom 

and northwestern France in addition to Massif Central and the plateaus of central 

Germany (AUCMean(5) = 0.972). 

Fig 14. Probabilistic distribution for M. bechsteinii. Based upon the below distribution, 

M.bechsteinii is predicted to reside in parts of central and southern England as well as 

areas shaded in greens and yellows with lower probability weightings (0.38 – 0.62). 

 

 
 

 

Fig 15. Jackknife test for variable importance for M. bechsteinii. The below schematic 

indicates that PCA1 significantly limited the distribution of M. bechsteinii across the 

landscape followed by PCA2, PCA3 and PCA4, respectively. 

 

 

file:///F:/Bats/MAXENT_OutputUsingPCA/plots/Myotis_bechsteinii_avg.png
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Fig 16. Average ROC plot created analyzing the predicted distribution of M. bechsteinii 

(ACUMean(5) = 0.972). Recall, AUC statistics range from zero (0) to one (1) where an 

AUC statistic equaling one (1) indicating perfect parallelism between a model and reality. 

 

The above process was continued until all species and supporting data (6.3GB) 

were analyzed by the researcher. All 31 species distributions and supporting AUC values 

indicated superior model performance and predictive power. These findings on bat 

distributions—supported through statistical analyses—have provided a basis on which 

researchers can construct future studies on bat ecology and conservation. Additionally, 

these research findings indicate that annual temperature range—the most significant 

component of PCA1—limits Chiroptera distributions across Europe. These findings agree 

with previous studies on bat biology suggesting that the present project supports current 

knowledge on mammalian ecology. 

DISCUSSION 
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This research project sought to map the predicted distributions of 31 species of European 

bat across the European continent. Prior to this study, no quantitative methods had been 

employed to map the current distributions of European Chiroptera at the continental 

scale. Similarly, no previous study has utilized as large a number of environmental 

variables to quantify interactions between European species and their environment. Thus, 

this project is unique in scope and breadth with regards to the study area and numbers of 

species (31) and environmental variables (72) analyzed. 

 The findings from this project (i.e., the predicted distributions of bats across 

Europe) constitute aims of a larger research proposal. The current probabilistic 

distribution images can be imported into GIS-based technologies and integrated with 

acoustic identification methods to improve the accuracy of field species identification. 

Integrating the present findings on bat distributions with acoustic identification 

technologies will provide ecologists quantitative probability weightings for each species 

of European bat in a given locale. A chiropterologist in Trondheim, Norway, can record 

the echolocation calls of bats in the immediate vicinity and receive quantitative 

probability weightings of the all suspect species to a spatial resolution of 10km. This 

novel approach to bat identification will positively affect conservation efforts by 

researchers attempting to identify rare and endangered species across Europe.  Similarly, 

in order analyze the effects of anthropogenic climate change on bat distributions, the 

present distributions can be compared  to novel distributions created using the predicted 

climate of 2050 provided by the intergovernmental panel on climate change. Once the 

present and future distributions are created, latitudinal shifts of species across Europe can 
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be mapped and analyzed. Results from this computationally intensive endeavor are 

currently underway. 

All distributions from the current project produced superior AUC testing statistics 

averaging 0.964 ± 0.016. As an artifact of the AUC statistic however, AUC values may 

be elevated for species with narrow realized distributions in comparison to the study area. 

Related studies mapping species distributions (c.f. Fukui et al., 2004; Hughes et al., 

2012; Jones et al., 2009; Rebelo (a) et al., 2010) have recorded similarly high AUC 

values and correspondingly accurate probabilistic distributions. Despite these findings,  

an alternate form of model evaluation—the Akaike Information Criterion (AIC)—has 

been proposed for the evaluation of each MAXENT model. AUC values measure the 

amount of information contained within each model; AIC values however, indicate the 

amount data each model fails to incorporate. In this project, AUC values were utilized 

due to their recognized standing within biogeography and ease of calculation. Because 

the AIC statistic is not computed with reference to a null distribution, understanding AIC 

values would require subjective and potentially erroneous interpretations of model 

performance. 

Future Work & Directions 

Presently, we are attempting to integrate the current results on bat distributions with 

acoustic identification technologies to improve the accuracy of species identification in 

the field. Additionally, modeling techniques used for this study can be employed in GIS–

based research in diverse fields including archaeology, biogeography, climatology, 

demography, epidemiology, etc. This research has effectively spanned three continents 
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with researchers in New Zealand and the United States collaborating to map the 

distributions of species across Europe.  

As a researcher I have cultivated a unique series of skills while working on this 

research project. Although I intend to pursue an advanced degree in chemistry, any 

chemist with the skillset to analyze and visualize spatial relationships between data is a 

valuable asset to future research teams. I am thankful for my own participation in this 

research project and anticipate continued presence in the field of probabilistic modeling 

while we work to publish these and similar studies currently underway.  
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APPENDIX A 

 

TABLE 2. Species of European bat included in the present study and corresponding 

numbers of presence records (total and unique) used to map each species distribution in 

MAXENT. 

Species No. presence records No. unique presence records 

B. barbastellus 1,172 611 

E. nilssonii 1,796 1,362 

E. serotinus 4,833 2,364 

Min. schreibersii 1,266 699 

M. bechsteinii 642 257 

M. blythii 671 393 

M. brandtii 1,124 729 

M. capaccinii 242 112 

M. dasycneme 132 67 

M. daubentonii 17,278 5,738 

M. emarginatus 876 541 

M. myotis 3,132 1,417 

M. mystacinus 4,812 2,251 

M. nattereri 8,349 2,669 

N. lasiopterus 78 78 

N. leisleri 4,660 2,570 

N. noctula 5,862 2,869 

P. kuhlii 705 596 

P. nathusii 572 437 

P. pipistrellus 52,059 20,901 

P. pygmaeus 18,503 8,965 

P. savii 253 242 

P. auritus 13,408 5,444 

P. austriacus 998 862 

R. blasii 62 8 

R. euryale 867 540 

R. ferrumequinum 8,768 2,551 

R. hipposideros 18,191 3,917 

R. mehelyi 314 209 

T. teniotis 845 804 

V. murinus 840 492 

Total 173,310 70,695 
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APPENDIX B 

 

TABLE 3. Eco-geographical variables included in the preliminary study (a) using 

principal component analysis. 

Eco-geographical variable Units Source 

Annual Mean Temperature °C × 10
1 

WORLDCLIM 

Mean Diurnal Range °C × 10
1 

WORLDCLIM 

Isothermality  WORLDCLIM 

Temperature Seasonality (stand. dev. × 10
2
)  WORLDCLIM 

Max Temperature of Warmest Month °C × 10
1 

WORLDCLIM 

Min Temperature of Coldest Month °C × 10
1 

WORLDCLIM 

Temperature Annual Range °C × 10
1 

WORLDCLIM 

Mean Temperature of Wettest Quarter °C × 10
1 

WORLDCLIM 

Mean Temperature of Driest Quarter °C × 10
1 

WORLDCLIM 

Mean Temperature of Warmest Quarter °C × 10
1 

WORLDCLIM 

Mean Temperature of Coldest Quarter °C × 10
1 

WORLDCLIM 

Annual Precipitation mm WORLDCLIM 

Precipitation of Wettest Month mm WORLDCLIM 

Precipitation of Driest Month mm WORLDCLIM 

Precipitation Seasonality (coefficient of variation)  WORLDCLIM 

Precipitation of Wettest Quarter mm WORLDCLIM 

Precipitation of Driest Quarter mm WORLDCLIM 

Precipitation of Warmest Quarter mm WORLDCLIM 

Precipitation of Coldest Quarter mm WORLDCLIM 

Altitude m WORLDCLIM 

Human influence  SEDAC 

Forest type (categorical, TABLE 3)  FAOUN
1 

Population density persons/km
2 

FAOUN
2 

Land use (categorical, TABLE 3)  FAOUN
2 

 

WORLDCLIM: WorldClim Global Climate Data (http://www.worldclim.org/). 

SEDAC: Socioeconomic Data and Applications Center, located at the Center for 

 International Earth Science Information Network (CIESIN) of Columbia 

 University, NY, U.S.A. 

 (http://sedac.ciesin.columbia.edu/wildarseas/downloads.jsp). 

FAOUN: Food and Agricultural Organization of the United Nations 

 (
1
http://www.fao.org/geonetwork/srv/en/metadata.show?id=1254) 

 (
2
http://www.fao.org/geonetwork/srv/en/metadata.show?id=37139). 
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TABLE 4. Categorical land use and forest type variables included in the present study. 

Variable Variable 

Open Water - unmanaged Closed Polar Forests 

Open Water - protected Open/Fragmented Polar Forests 

Open Water - inland Fisheries Polar Forests Other 

Sparsely vegetated areas - protected Boreal Closed Forests 

Sparsely vegetated areas - with low livestock 

density 
Open/Fragmented Boreal Forests 

Sparsely vegetated areas - mod. or high livestock 

dens. 
Boreal Forests Other 

Sparsely vegetated areas - unmanaged Temperate Closed Forests 

Grasslands - moderate livestock density Open Temperate Forests 

Grasslands - protected Temperate Forests Other 

Grasslands - low livestock density Subtropical Closed Forests 

Grasslands - high livestock density Open/Fragmented Subtropical Forests 

Grasslands - unmanaged Subtropical Forests Other 

Bare areas - unmanaged Altitude 

Bare areas - protected Precipitation of Coldest Quarter 

Bare areas - with mod. livestock density Precipitation of Warmest Quarter 

Bare areas - with low livestock density Precipitation of Driest Quarter 

Crops and high livestock density Precipitation of Wettest Quarter 

Crops, large-scale irrigation, moderate or higher 

livestock density 
Precipitation Seasonality (Coefficient of Variation) 

Crops and moderately intensive livestock density Precipitation of Driest Month 

Rainfed crops (Subsistence/Commercial) Precipitation of Wettest Month 

Shrubs - unmanaged Annual Precipitation 

Shrubs - protected Mean Temperature of Coldest Quarter 

Shrubs - moderate livestock density Mean Temperature of Warmest Quarter 

Shrubs - low livestock density Mean Temperature of Driest Quarter 

Shrubs - high livestock density Mean Temperature of Wettest Quarter 

Wetlands - with agricultural activities Temperature Annual Range (BIO5-BIO6) 

Wetlands - protected Min Temperature of Coldest Month 

Wetlands - unmanaged Max Temperature of Warmest Month 

Wetlands - mangrove Temperature Seasonality 

Forest - with moderate or higher livestock density Isothermality 

Forest - virgin 
Mean Diurnal Range (Mean of monthly (max temp - 

min temp)) 

Forest - protected Annual Mean Temperature 

Urban land Population Density, High 

Agriculture - protected Population Density, Mod. High 

Agriculture - large scale Irrigation Population Density, Mod. Low 

Anthropogenic impact Population Density, Low 



 
 

 

 

 

 

 


