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ABSTRACT 

 

  

 

Modeling the potential distribution of forest birds at risk in the Grand 

River watershed using a maximum entropy approach  
 

 

 

  

 

Claudia Zhou Huang      Advisor: 

University of Guelph, 2017      Professor J. Mersey 

 

  

      

The protection of species at risk is an issue of increasing concern with human growth and 

development. To identify habitats of potential conservation value, species distribution models 

(SDMs) have emerged as popular statistical tools for predicting and mapping the distribution of 

species. This thesis presents a SDM to predict and map the potential distribution of forests birds 

at risk in the Grand River watershed, Ontario, Canada. The SDM was developed using a 

maximum entropy approach (Maxent) and optimized by i) minimizing the potential effects of 

geographic sampling bias using weight-bias files and ii) developing species-specific set of 

environmental data using a backward stepwise variable selection approach. Results provide 

further insights to the methodology of species distribution modelling and model predictions may 

also be used to inform local conservation management in the Grand River watershed.  
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CHAPTER 1: INTRODUCTION 

 

1.0 Biodiversity loss and species conservation 

 

  Understanding the spatial distribution of species and the factors driving these spatial 

patterns has been a topic of significant interest in many branches of biogeography, ecology and 

conservation biology (Grinnell, 2017; Ricklefs, 2004; Soberon, 2007). As biodiversity on Earth 

is decreasing at alarming rates with human development, studying where and why species are 

distributed has become more important than ever for the conservation of species at risk (Lawton 

and May, 1995; Opdam and Wascher, 2004; Sekercioglu et al., 2004). Natural landscapes are 

being dramatically converted into agricultural field, roads and cities and the availability of many 

natural habitats that were once suitable for species survival has been significantly reduced 

(Carrara et al., McDonald et al., 2008). As human population is projected to continue increasing, 

more habitats will inevitably be converted and/or lost to sustain human population growth.  

 

In response to biodiversity loss, many countries have been prompted to enact 

conservation legislation that protect species from anthropogenic pressures.  In Canada, federal 

and provincial legislation such as the Species at Risk Act (SARA) (S.C. 2002, c. 29) and the 

Ontario’s Endangered Species Act (OESA) (S.0 2007, c.6) have been introduced to provide legal 

protection for all species at risk, identified as threatened, endangered, or extirpated. Species 

identified to be at risk must be given a recovery plan and critical habitats, defined as areas where 

species naturally occur or depend for survival, must also protected from further damage and/or 

destruction.  

 

1.1 Species distribution modelling for conservation planning 

 

In order to identify habitats of conservation value, species distribution models (SDMs) 

have emerged as popular statistical tools for predicting and mapping the potential distribution of 

species over space and time (Elith and Leathwick, 2009; Guisan and Zimmermann, 2000; Miller, 

2010). SDMs are deeply rooted in the environmental niche theory and infer species patterns by 

relating species occurrences with the bio-physical conditions of the environment in which they 
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are reported to occur (Guisan and Zimmermann, 2000). As multiple abiotic and biotic factors 

interact throughout the life cycle of a species to drive distribution patterns, SDMs commonly 

involve a wide range of climate, topography, hydrology and/or vegetation variables, also known 

as predictors, to understand a species relationship with the environment (Miller, 2010). 

Quantifying this species-environment relationship allows the SDM to determine the species 

environmental niche and estimate the likelihood that a species will occur at a given location over 

geographic space (Guisan and Zimmermann, 2000). The resulting model can be subsequently 

used in combination with geographic information systems (GIS) to delineate the species potential 

geographic range and identify habitats suitable for conservation (Anderson, 2003; Debinski et 

al., 1999).  

 

To obtain accurate distribution maps, SDMs requires a series of well-justified steps and 

methodological decisions (Ferrier, 2002; Guisan and Thuiller, 2005). Once a research question 

has been formulated, building a SDM commonly involves the following steps:1) identifying and 

obtaining relevant input data (species occurrence and environmental data), 2) assessing the 

adequacy of input data for accuracy, bias and ecological relevance 3) deciding how to deal with 

correlated variables, 4) selecting an appropriate SDM algorithm for model calibration 5) 

evaluating the model’s fitness to calibration data and its predictive performance on testing data, 

6) mapping predictive output and 7) selecting a binary threshold if model predictions are going 

to be converted into presence-absence maps for accuracy assessment (adapted from Elith and 

Leathwick, 2009) (Figure 1). 
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Figure 1. A conceptual flowchart on building a species distribution model (Adapted from Elith 

and Leathwick, 2009). 

 

For the first step, SDMs generally require two types of input data: environmental 

variables and geo-referenced species occurrence data. Environmental variables typically consist 

of biotic and abiotic variables known to exert a direct (proximal) or indirect (distal) effect on 

species patterns, namely 1) limiting factors controlling the eco-physiology of the species (e.g. 

temperature, water), 2) natural or anthropogenic disturbances (e.g. mountains, roads) 3) and 

resource availability (e.g. energy and food) (Guisan and Zimmermann, 2000). Geo-referenced 

species occurrence data can be obtained from several sources and it can be presence-absence, 

presence-only or abundance data (Guisan and Zimmermann, 2000; Tsoar et al., 2007). Presence-

absence data, commonly obtained from research field surveys, provides complete information 

about a species presence or absence from a specific locality. Traditional regression-based models 

such as Generalized Linear Models (GLMs) and General Additive Models (GAMs) have been 

popular algorithms for fitting presence-absence data. On the other hand, presence-only data, 

which consists of data taken opportunistically from other sources such as museum records, 
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surveys designed for other purposes and biodiversity databases, can only provide information 

about a species presence but without confirmed absence (Graham et al., 2004).  

 

Although presence-absence data can provide a more comprehensive representation of 

species distribution patterns than simple presence-only data, presence-absence data is not often 

available given the economic and logistic constraints of conducting research field surveys over 

extensive spatial and temporal scales (Guisan and Zimmermann, 2000). In some cases, the 

quality of absence data can also be questionable as it can be difficult to interpret whether species 

absence is true at a given location, especially for mobile or inconspicuous species that are hard to 

detect (Brotons et al., 2004). As such, presence-only SDMs, SDMs which do not require 

inputting absence data, have emerged as valuable tools for predicting species distribution in the 

lack of complete presence-absence data (Elith and Leathwick, 2009; Guisan and Zimmermann, 

2000). Presence-only SDMs can take advantage of open-source and readily available presence-

only data from museum records, herbaria, global biodiversity databases (i.e. the Global 

Biodiversity Information Facility (GBIF; www.gbif.org), eBird (www.eBird.org)) to describe 

species presence in areas not covered by field surveys (Graham et al, 2004). Given the predictive 

efficiency of presence-only SDMs to describe species distribution patterns, hundreds of papers 

involving presence-only data have been published for a number of conservation purposes 

including, but not limited to, reserve planning (Hickey et al., 2013; Toribio and Peterson, 2008; 

Zhang et al., 2012), predicting species range shift under climate and land use change (Snelder et 

al., 2013; Torres et al., 2010; Zhu et al., 2016) and predicting the proliferation of invasive species 

(Delaney et al., 2008; Kadoya et al., 2009). SDMs at the landscape scale (i.e. 10-200 km extent) 

can be particularly useful for identifying significant wildlife habitats and predicting the 

consequences of landscape changes such as urban expansion to species presence (Ficetola et al., 

2014; Pearson and Dawson, 2003).  

 

1.2 Problem identification and research gaps 

 

About two centuries ago prior to European settlement, southern Ontario in Canada was 

largely dominated by continuous tracts of Carolinian and mixed forests; however, 80% of this 

forest cover has been lost primarily to agricultural and urban development (Butt et al., 2005). 

http://www.ebird.org)/
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Today, southern Ontario is one of the most populated and fragmented regions in Canada and 

what used to be continuous tracts of forested landscapes has now been dramatically transformed 

into agroecosystems of disconnected and disturbed forest patches (Austen et al., 2001) (Figure 

2).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Forest distribution in southern Ontario based on the Southern Ontario Land Resource 

Information Systems (SOLRIS) (2002) (OMNR, 2006a).  

 

Although patches of forest remnants still exist in parts of southern Ontario, the ecological 

quality of remaining forest patches can vary over space since the spatial arrangement, size, shape 

and edge density of remaining patches can interact to affect biodiversity and species distribution 

patterns (Austen et al., 2001; Fahrig, 2003). Forest-interior bird species which rely on the 

availability of large forest habitat cover have been particularly affected by these broad scale 

changes (Burke et al., 2011). As bird species play a significant role in many ecological processes 

such as pollination, seed dispersal and pest control, developing accurate distribution maps to 

facilitate their conservation in human-dominated landscapes such as those in southern Ontario is 

of critical concern (Sekercioglu et al., 2004).  

 

Studying and mapping the distribution of bird species can be challenging as bird species 

tend to be highly mobile and inconspicuous. Since absence data for bird species can be 
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incomplete or unreliable in some cases, presence-only SDMs which do not rely on absence data 

has been proposed as useful tools for predicting and mapping the spatial distribution of bird 

species (Ficetola et al., 2014). Presence only SDMs such as Maxent is one of the most commonly 

used modelling software for its ease of use and strong predictive performance (Baldwin, 2009; 

Elith et al., 2011; Phillips et al., 2006). Moreover, Maxent is capable of fitting environmental 

variables using a series of complex interactions and non-linear response curves (Phillips et al., 

2006). As species do not typically respond linearly to environment gradients (Austin, 2002), 

Maxent can fit the distribution model using a series of response features that are more 

ecologically realistic than many other earlier presence-only SDMs including GARP and 

BIOCLIM (Elith et al., 2011). Maxent has shown good predictive performance at predicting bird 

distribution across geographic space. For instance, Maxent has been widely applied for assessing 

the suitability of agricultural-dominated landscapes for forest bird species in Brazil (Ferraz et al., 

2012), determining microhabitats for the conservation of endemic bird species in Chile (Moreno 

et al., 2011) and mapping the potential distribution of wild bird species carrying bird influenza in 

China (Dai et al., 2016). As Maxent is a generative model based on machine-learning principles, 

Maxent has the added advantage of being robust to sparse or small species datasets through its 

regularization procedure which prevents the model from overfitting when using only a few 

records (Phillips et al., 2006; Phillips et al., 2008). Maxent’s robustness to small sample sizes has 

made this technique an appropriate choice for modelling rare, elusive or threatened species (Elith 

et al., 2006; Hernández et al., 2006; Pearson et al., 2007).  

 

Whilst Maxent has been a popular presence-only SDM over the last decade (Baldwin, 

2009), there are still many challenges associated to model development and it not always certain 

how the selection of one setting/calibration option over another can ultimately affect model 

performance (Syfert et al., 2013). For instance, accounting for sampling bias in presence-only 

data has been an ongoing challenge since data derived from opportunistic events can be 

geographically biased towards areas of greater accessibility or sampling interest (e.g. near roads, 

conservation parks, well-known species hotspots) (Araújo and Guisan, 2006; Graham et al., 

2004). Geographic sampling bias due to unequal sampling effort can affect the predictive 

accuracy of SDMs as biased data can lead to inaccurate predictions over-representing the 

environmental importance of the more sampled regions (Fourcade et al., 2014). Although 
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Maxent has an implemented feature for correcting sampling bias and several bias corrections 

methods such as systematic filtering have also been proposed (Elith et al., 2010; Fourcade et al., 

2014; Phillips and Dudík, 2008), few Maxent studies have explicitly taken the steps to account 

for sampling bias and/or compared the effects of using the different bias correction methods to 

the predictive performance of bird SDMs (Aryal et al., 2016; Moreno et al., 2011; York et al., 

2011).  Furthermore, selecting a final set of environmental data has been another ongoing 

challenge in species distribution modelling (Williams et al., 2012). While some studies have 

commonly selected variables a priori based on existing ecological studies and/or SDMs, recent 

studies have shown that further removing poor contributing variables from the model can 

improve predictive performance (Ficetola et al., 2014; Hu and Jiang, 2010). Multiple techniques 

for variable selection exist but it is relatively unknown which technique should be used to 

achieve the highest predictive performance (Bellamy et al., 2013; Hu and Jiang, 2010; Khosravi 

et al., 2016; Van Gils et al., 2014; Warren et al., 2014). As such, while presence-only SDMs such 

as Maxent have been widely used over the last decade, there are still several uncertainties related 

to sampling bias and environmental variable selection that still needs to be addressed to make 

effective use of Maxent for species distribution modelling.  

 

1.3 Research objectives and thesis structure 

 

Chapter 1 of this thesis provides an overview to species distribution modelling, its 

significance in conservation planning and research gaps related to the development of accurate 

SDMs. Given the increasing anthropogenic pressure in southern Ontario and need for bird SDMs 

at a landscape scale, this thesis aims to develop a SDM using Maxent to predict and map the 

potential distribution of forest birds at risk in the Grand River watershed located in southern 

Ontario. To develop SDMs using Maxent, this thesis explores two major research gaps related to 

SDM development in two manuscripts:  

1) The first manuscript (Chapter 2) explores the potential of citizen science data such as 

eBird as a source of presence-only data for developing bird SDMs. Since citizen 

science data such as eBird can be prone to geographic sampling bias due to unequal 

sampling effort by citizen volunteers, research objectives for this chapter are two-

fold: a) to evaluate the predictive performance of Maxent models calibrated using 
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eBird data and b) to compare the predictive performance of two sampling bias 

correction techniques (systematic filtering and weight-bias file) to determine an 

appropriate bias correction technique for the study species. 

 

2) Following from the results of Chapter 2, the second manuscript (Chapter 3) explores 

the second research gap related to the topic of variable selection to determine an 

appropriate set of environmental data for predicting forest birds. As multiple 

techniques for variable selection exist, Chapter 3 will a) assess the predictive 

performance of different variable selection techniques (a priori, backward stepwise 

and percent contribution threshold) to determine whether there is an appropriate 

technique for selecting environmental variables and 2) assess the relative contribution 

of environmental variables to develop a final set of environmental data for predicting 

the distribution of study species. 

Chapter 4 will summarize key findings from both Chapter 3 and 4, the major contributions to the 

literature, limitations and recommendation for future research. Final models and predictive maps 

with the highest predictive performance based on the results from Chapter 2 and Chapter 3 will 

also be discussed. Methods used in this thesis are summarized in Figure 3.  
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Figure 3. Conceptual flow chart summarizing procedures used for developing Maxent models in 

this thesis. Chapter 2 of this thesis will start by calibrating model using different bias correction 

techniques. The technique yielding the highest predictive accuracy will be selected. From the 

results of Chapter 2, Chapter 3 will continue the analysis by testing the effects of different 

variable selection techniques for determining an appropriate environmental dataset. Optimized 

models based on the results of Chapter 2 and 3 will be discussed in Chapter 4.  
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CHAPTER 2: APPLYING EBIRD CITIZEN SCIENCE DATA TO PREDICT THE 

DISTRIBUTION OF FOREST BIRDS AT RISK USING MAXENT 

 

2.0 Abstract 

 

Presence-only data collected by the public participation of volunteers, also known as 

citizen science data, has been gaining widespread support and recognition (Devictor et al., 2010; 

Kadoya et al., 2009; Van Strien et al., 2013). Citizen science programs represent a unique source 

of species data for species distribution models (SDMs) as data can be collected at relatively low 

costs; however, this source of data can also be geographically biased as volunteers do not need to 

follow standardised sampling protocols to ensure equal sampling effort across space (Reddy and 

Dávalos, 2003). Sampling bias can be particularly problematic since this can result in inaccurate 

SDMs overpredicting areas that simply correspond to the more surveyed sites (Kramer-Schadt et 

al., 2013). As eBird is a growing source of citizen science data for studying bird distribution, it is 

of interest to evaluate the potential of eBird data at predicting the distribution of forest birds at 

risk at a landscape scale. Using the Grand River watershed as case study, research objectives 

were two-fold: 1) To assess the predictive performance of SDMs calibrated using eBird data to 

predict the distribution of forest birds at risk in the Grand River watershed and 2) to compare the 

predictive performance of two different sampling bias correction techniques (systematic filtering 

and weight-bias file) to determine an appropriate bias correction technique for study species. The 

SDM was constructed using Maxent and evaluated using both threshold-dependent (omission 

error rate and minimum predicted area) and independent metrics (AUC). Results indicate that 

models calibrated using eBird data performed well and predicted better than random (AUC > 

0.7) for all study species. In terms of bias correction, applying weight-bias file to correct for 

sampling bias resulted in models with lower omission error rates and model overfitting than 

systematically-filtered models. Results of this study contribute further knowledge to the field of 

species distribution modelling using citizen science data and the importance of selecting 

appropriate bias correction techniques for more accurate SDMs.  
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2.1 Introduction  

 

Species distribution models (SDMs), are statistical tools commonly used for predicting 

and mapping the potential distribution of species over space (Elith and Leathwick, 2009; 

Gattermayr et al., 2013; Moreno et al., 2011; York et al., 2011). SDMs work by quantifying a 

species’ environmental niche and its relationship with the environment to estimate the likelihood 

that a species will be present over space. While traditional regression-based SDMs such as 

General Linear Models (GLMs) and General Additive Models (GAMs) have been commonly 

used for predicting species distribution using presence-absence data from research field surveys, 

novel SDMs algorithms have the added advantage of being able to make predictions using 

presence-only data (Elith et al., 2006; Elith and Leathwick, 2009). Presence-only data can be 

readily obtained from museums, herbaria and biodiversity databases via open-source portals 

making presence-only data a popular choice for developing SDMs in the absence of adequate 

presence-absence data (Baldwin, 2009; Loiselle et al., 2003). 

      

Over the last decade, advances in communications and mobile technology have allowed a 

growing source of presence-only data to come from the participation of volunteers. (Devictor et 

al., 2010; Jackson et al., 2015). Data collected by volunteers, also known as citizen science data, 

refers to the process in which volunteers from the community collect and submit observations to 

online biodiversity databases as part of a larger scientific monitoring program (Kadoya et al., 

2009; Van Strien et al., 2013). Since a large volume of species occurrence data can be collected 

by volunteers at relatively low costs, citizen science data  programs allow the collection of 

species occurrence data at more extensive spatial and temporal scales than typical research field 

surveys could possibly cover (Jackson et al., 2015; Sullivan et al., 2009). Citizen science data 

can provide valuable species data for presence-only SDMs and it has been widely applied to 

study the distribution of mobile species such as butterflies (Van Strien et al., 2013), bees (Higa et 

al., 2015), mammals (Buckman-Sewald et al., 2014) and birds (Bednar et al., 2015; Jackson et 

al., 2015). Citizen science data can be particularly valuable for studying the distribution of rare 

or species at risk as observers often focus on detecting and reporting these species (Snäll et al., 

2011). 

Maxent, a presence-only SDM developed by Phillips et al., (2006), is one of the most 

commonly used SDMs today for predicting and mapping species distribution from incomplete 
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species occurrence data (e.g. limited survey data and/or presence-only data) (Baldwin, 2009). 

Maxent is a generative model based on machine-learning principles and predicts species 

distribution by finding the probability distribution of maximum entropy (closest to uniform) after 

accounting for the set of environmental constraints in the model (Phillips et al., 2006). The 

strong predictive performance of Maxent and its robustness to sparse, small sample sizes as few 

as 10 species records have made Maxent one of the most popular choice for modelling rare, 

elusive and endangered species (Elith et al., 2011; Merow et al., 2013). Citizen science data has 

also been successfully employed in various Maxent studies and shown comparable predictive 

performance to field survey data for bee species (Kadoya et al., 2009) and alpine bird species 

(Jackson et al., 2015).  

While citizen science data represents a uniquely rich source of presence-only data for 

species distribution modelling (Devictor, 2010), its application still requires critical care and 

attention (Snäll et al., 2011). A critical assumption when using presence-only data for species 

distribution modelling is that observation data has been collected without bias or errors (Araújo 

and Guisan, 2006). However, this is not always the case for citizen science data as most 

programs do not require volunteers to follow standardised sampling protocols (Reddy and 

Dávalos, 2003). As such, citizen science data can be geographically biased towards certain areas 

of greater accessibility or sampling interest (e.g. near roads, conservation parks, well-known 

species hotspots) (Costa et al., 2010; Snäll et al., 2011; Varela et al., 2014). Strong geographic 

bias due to unequal sampling effort by volunteers can be particularly problematic for species 

distribution modelling as biased records can result in SDMs over-presenting environmental 

features of the more surveyed region rather than the true distribution of the target species 

(Kramer-Schadt et al., 2013). Moreover, misrepresentation of environmental variables can have 

severe consequences to conservation planning as this can lead to inaccurate model predictions 

containing overly high omission errors (failing to predict species presence) or commission errors 

(failing to predict species absence) (Elith et al., 2011; Loiselle et al., 2003). Both types of errors 

can be particularly costly for conservation programs, especially for programs where conservation 

funding is limited, since inaccurate predictions can misdirect conservation resources away from 

ecologically important habitats (Loiselle et al., 2003). Moreover, biased datasets can also 

increase the risks of model overfitting (Anderson and Gonzalez, 2011). The process of model 
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overfitting can result in SDMs fitting too tightly to the calibration data and hindering the model’s 

ability to predict outside of the calibration site (Boria et al., 2014).   

 

Citizen science data is a growing source of biological data and it is essential to 

understand how we can take advantage of the huge quantity of accumulated data (Devictor et al., 

2010). To make effective use of this type of data for modelling species distributions, several bias 

correction methods have been proposed (Elith et al., 2010; Fourcade et al., 2014; Phillips and 

Dudík, 2008). For instance, many researchers have used a systematic filtering approach, also 

known as systematic sampling or spatial filtering technique, to systematically remove 

concentrated records from the more sampled regions using a filtering grid to only leave one 

record per grid cell (Boria et al., 2014). The size of the filtering grid can depend on the species 

home range and this filtering approach can help minimize the instances of pseudo-replicated 

records (records representing the same bird but observed by different people) and clustering of 

records around more visited sites (Boria et al., 2014; Van Gils et al., 2014). Alternatively, 

Maxent also has an implemented option which allow users to incorporate a weight-bias file to 

down-weight the influence of records from the more sampled regions and give a higher weight to 

records from the less-sampled sites to correct for the non-uniform sampling effort in the study 

site (Elith et al., 2010; Phillips et al., 2006). As Maxent treats background data as species 

absence, others have also proposed manipulating background data to avoid treating non-sampled 

region as real absences to correct for geographic sampling bias (Phillips et al., 2006). Amongst 

the various techniques proposed, the systematic filtering approach has ranked as the most 

effective technique for adjusting sampling bias across a wide range of species, bias type and 

intensity (Aryal et al., 2016; Boria et al., 2014; Fourcade et al., 2014). Models calibrated using a 

systematically filtered species dataset have generally resulted in models with higher predictive 

performance, lower model overfitting and lower omission errors than other bias correction 

techniques (Aryal et al., 2016; Boria et al., 2014; Fourcade et al., 2014).  

 

Although the systematic filtering technique has been recommended as an effective and 

quick approach for correcting sampling bias, this technique also has its limitations as it is not 

able to address the lack of observation data in other less-sampled sites (Fourcade et al., 2014). 

Moreover, the systematic filtering technique may not be appropriate for species with small 
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sample sizes as removing records can decrease the statistical power of models (Kramer-Schadt et 

al., 2013). Under these circumstances, Kramer-Schadt et al., (2013) suggest using a weight-bias 

file to correct for sampling bias as this technique does not involve removing observation records 

from dataset. Moreover, the weight-bias file technique also has the added advantage of being 

able to address the lack of data in less-sampled sites as weight-bias files allow the model to 

distinguish un-sampled from highly-sampled sites during bias correction (Kramer-Schadt et al., 

2013).  

 

2.1.1 Research gaps 

 

Sampling bias in the species dataset has been a an ongoing challenge in species 

distribution modelling but the topic of bias correction has only been recently discussed 

(Fourcade et al., 2014; Hijmans, 2012; Varela et al., 2014). Whilst techniques such as systematic 

filtering and weight-bias files have been proposed for correcting sampling bias, it is relatively 

unknown which technique should be used for more accurate SDMs under different scenarios. A 

few recent studies have compared the predictive performance of the different bias correction 

techniques (Aryal et al., 2016; Boria et al., 2014; Clements et al., 2012; Fourcade et al., 2014; 

Kramer-Schadt et al., 2013; Varela et al., 2014); however, most of these studies have been 

limited to mammals and reptiles but with less attention on avian species. As such, there is still 

need to understand the predictive performance of the different bias correction techniques across a 

wider range of species, namely bird species. 

 

Citizen science data obtained from eBird is of great interest as this database contains a 

rich source of bird distribution data for modelling. eBird is a citizen monitoring program 

launched in 2002 by the Cornell Lab of Ornithology and National Audubon Society and it is one 

of the largest international citizen science programs in existence today. Through this program, 

recreational and professional birders have the option of submitting observations as single 

opportunistic sightings or as checklist data in which all species heard and/or seen are reported 

(Lagoze, 2014). All data submitted to eBird needs to be verified by automated verification filters 

and local experts for quality control prior to entering the database (Sullivan et al., 2009). 

Although eBird takes steps to minimize taxonomic errors in the database, eBird is still 
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susceptible to geographic sampling bias since volunteers are not required to follow standardised 

sampling techniques. As such, investigating the potential effects of sampling bias in eBird data 

and methods for minimizing sampling bias are warranted prior to using this data for species 

distribution modelling. 

 

2.1.2 Research aims and objectives 

 

Given the increasing need for accurate SDMs and availability of biodiversity databases 

such as eBird for modelling, this study aims to evaluate the potential of eBird data as a source of 

presence-only data to predict the distribution of forest birds at risk at a landscape scale. Using 

three forest birds as study species, Maxent models were calibrated using eBird data and 

simultaneously tested under three modelling scenarios: a control scenario in which sampling bias 

correction was not applied, a systematic filtering scenario in which records from highly-sampled 

regions were removed and a weight-bias file scenario in which records from highly-sampled 

regions were down-weighted. Research objectives were two-fold: 1) To assess the predictive 

performance of Maxent models calibrated using eBird data to understand how well Maxent can 

predict using this source of presence-only data and 2) to test the predictive performance of two 

different sampling bias correction techniques (systematic filtering and weight-bias file) to 

determine whether there is an appropriate bias correction technique for study species. If the 

application of a bias correction method improves model performance, then models corrected for 

sampling bias should have lower overfitting and higher predictive performance. This study 

presents for the first time an evaluation of e-Bird data as a source of species data for species 

distribution modelling to the region of the Grand River watershed in southern Ontario, Canada. 

This research will provide further insight into the value of citizen science data and guidelines for 

designing effective bird species distribution models.  
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2.2 Methods 

2.2.1 Study area and species data 

 

The study was conducted in the Grand River watershed, one of the largest watershed in 

southern Ontario covering an area of approximately 6,800 km². Given the large geographic 

extent of the study site, the Grand River watershed consists of a rich variety of ecosystems and 

four climatic zones: Dundalk Upland, Huron Slopes, South Slopes and Lake Erie counties 

(GRCA, 2016). Prior to European settlement, the Grand River watershed was dominated by 

Carolinian and mixed forests; however, most of this forest cover has been lost to urban and 

agricultural expansion (Butt et al., 2005). Approximately 70% of the land has been allocated for 

agricultural purposes and the remaining land consists of a mixture of urban and wildlife habitat 

(GRCA, 2016) (Figure 4). The watershed is home to 305 bird species, including 105 breeding 

species and as many as 31 bird species at risk have been found to be at risk (GRCA, 2016). 

Forest-interior bird species have been particularly sensitive to habitat loss and fragmentation as 

they often require forest interior habitats that are least 100 m from forest edges to avoid 

predation and nest parasitism and large forest areas covering at least 200 hectares (ha) for 

successful breeding (Burke et al., 2011).  

In this study, three forest-interior specialist bird species, the Hooded Warbler (Setophaga 

citrina), Canada Warbler (Cardellina canadensis) and Wood Thrush (Hylocichla mustelina), 

were selected based on their conservation status, ecological traits and having at least 15 

observation records for modelling (Table 1). Maxent is robust to small sample size and can 

perform well with small sample sizes as few as 10 records (Pearson et al., 2007); therefore, a 

sample size of at least 15 records was considered suitable for predictive modelling. The selected 

study species are small-bodied songbirds which migrate from Central and South America every 

summer to breed in the deciduous and mixed forests of southern Ontario (Cadman et al., 2007). 

Because study species are considered to be specialist forest-interior species, they have more 

specific environmental requirements than most common generalist birds, making them suitable 

species for modelling (Brotons et al., 2004) (Table 2). Geo-referenced species occurrence data 

was gathered from eBird and filtered to only include observations collected during 2005-2015 to 

match observation records with the land cover data used in this study. Redundant observations, 

recordings for the same bird species with the same geographic coordinates, were merged to 
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consider only one unique observation per locality. The total number of unique observations 

available for modelling ranged from 16 to 230 (Table 1) (Figure 5).  

 

 

 

 

 

 

 

 

Table 1. Ecology, conservation status and number of observation records for study species gathered from 

eBird (2005-2015). 

 

Species 

 

Habitat 

Number 

of 

records 

Number 

of 

unique 

records 

 

Conservation 

status 

 

 

Hooded Warbler 

(Setophaga citrina) 

 

 

 

Found in mature deciduous and mixed 

forests with tall trees, small canopy gaps 

and relatively dense shrub understory 

(COSEWIC, 2012; Whittam and 

McCracken, 1999). Prefer moist and 

upland forest sites (James, 1984). 

 

46 

 

16 

 

Threatened  ͣ

 

 

Canada Warbler 

(Cardellina Canadensis) 

 

 

 

Found in deciduous, mixed and 

coniferous forests, in swampy and 

riparian forests with relatively open 

canopy (COSEWIC, 2008). In areas of 

high topographic relief, the Canada 

Warbler prefer east-facing slopes 

(Mitchell, 1999). 

 

 

280 

 

105 

 

Threatened ͣ ᵇ 

 

 

Wood Thrush  

(Hylocichla mustelina) 

 

 

Found in second-growth and mature 

deciduous and mixed forests 

(COSEWIC, 2012). Prefer moist 

bottomland forests and have been found 

to correlate with availability of running 

water and tree diversity (Bent 1949; 

James et al., 1984; Sargent et al., 2003). 

 

 

553 

 

230 

 

Threatened ᵇ 

ͣ SARA (Species at Risk Act) status. 

ᵇ COSEWIC (Committee on the Status of Endangered Wildlife in Canada) status.  
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Figure 4. Distribution of land use and cover in the Grand River watershed, Ontario (AAFC, 

2011).    
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Figure 5. Distribution of study species in the Grand River watershed: (A) Hooded Warbler, (B) Canada Warbler and (C) Wood 

Thrush. Source: eBird (2005-20 15).  



20 
 

2.2.2 Environmental variables 

 

To model the distribution of the study species, 23 environmental variables under the 

categories of climate, topography and land use were identified a priori based on existing bird 

SDMs to characterize the biophysical requirements of forest bird species (Table 2). All variables 

were standardized to the coarsest spatial resolution (30m) for model calibration and projected 

using NAD 1983 UTM 17 to obtain measurements in metric units (Appendix A for in detailed 

description of GIS layers and Maxent model calibration).  

 

2.2.2.1 Creation of climatic variables 

 

Climate can be an important factor driving the distribution of bird species (Zhang et al., 

2013). While climatic factors are commonly used for modelling species distribution at larger 

regional and continental scales, climatic factors were also considered in this study given the 

diverse climatic conditions of the watershed (GRCA, 2016). Four bioclimatic variables 

commonly used for developing SDMs (annual precipitation, precipitation of the warmest quarter, 

annual temperature. temperature of the warmest quarter) were interpolated across the study site 

using data from 42 meteorological stations within and around the Grand Watershed collected 

during 1971-2000 and 1981-2010 (Government of Canada, 2016). Bioclimatic variables were 

derived from the daily average temperature (C°) and rainfall (mm) data of the study site to derive 

biologically meaningful variables representing annual trends and seasonality during May-July in 

the study site (Hijmans and Graham, 2006). Given the relatively sparse coverage of 

meteorological stations, a universal kriging data interpolation technique, also known as kriging 

with a trend/external drift, was applied to interpolate climate data across the study site. This 

technique has been commonly used in meteorology and has been found to be superior than other 

interpolation techniques such inverse distance weighted interpolation at handling sparse data 

(Carr, 2002; Tabios III and Salas, 1985). Kriging interpolates data based on the spatial 

autocorrelation of observed values meaning that closer points will likely be more similar than 

points farther apart (Carr, 2002).  
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2.2.2.2 Creation of topographic variables 

 

             Topographical variables such as elevation, slope and aspect are indirect variables 

commonly used in bird SDMs to serve as correlates for vegetation and microclimatic conditions 

(e.g. moisture, temperature) (Ferraz et al., 2012; Miller, 2010; Moreno et al., 2011; Seoane et al., 

2004). Topographic features can also act as important dispersal barriers or refuge sites for 

species (Austin and Van Niel, 2011). Using the Spatial Analyst tools of ArcGIS 10.4.1, 

elevation, slope and aspect were derived from the Provincial Digital Elevation Model (DEM) 

3.0, a high resolution (30 m) interpolated elevation dataset for the province of Ontario (OMNR, 

2006b).  

 

2.2.2.3 Creation of vegetation and land cover variables 

 

Variables related to the composition (amount available) and configuration (spatial 

arrangement) of habitat were derived from the Agriculture and Agri-Food Canada (AAFC) 

Annual Crop Inventory (2011), a raster layer at 30 m resolution created using Landsat-5 and 

RADARSAT-2 imagery. As this data layer is updated annually to represent land cover and use in 

Canada, this layer provides a good source for modelling species at the landscape level. Forest-

related categories (forest, coniferous, broadleaf, mixed wood) were re-classified as one single 

forest category to generalize forest habitat. To represent the composition of vegetation cover in 

the study site, forest and wetland cover were derived as percentage cover (%) around each cell 

using a moving window analysis in Fragstats v4.2.1 (McGarigal et al., 2012). As North 

American breeding birds are usually found within 200 m from where they are seen based on 

mark and recapture data (Villard, 1991), variables were derived using moving window analyses 

of 100 m and 200 m in radius from each focal cell to reflect the species’ territory during breeding 

season. As multiple scales can relate to different aspects of habitat selection (Millspaugh and 

Thompson, 2009), the scale with the highest predictive contribution was selected into the model.  

Since study species are sensitive to habitat fragmentation, variables related to the 

configuration of forest patches, namely mean forest patch size, number of forest patches, forest 

edge density and landscape diversity (heterogeneity of land cover type), were similarly derived 
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from the AAFC Annual Crop Inventory using a moving window analysis of 100 m and 200 m in 

radius around each focal cell. As window analysis along the boundary of the study site can result 

in partial window analysis containing edges and/or no data in the analysis, a buffer of 1,000 m 

was generated around the extent of the study site to avoid treating data outside of study site as 

real background data (McGarial and Marks, 1995). Distance variables related to distance from 

forest patches and water bodies (streams, rivers and lakes) were derived using the Euclidean 

distance function in ArcGIS v10.4.1 to calculate the Euclidean distance from each cell to the 

feature of interest. Since forest cover with at least 200 hectares (ha) has been found to support 

most forest-interior species (Burke et al., 2011), three multi-scale distance variables (distance 

from forest patches with area greater than 200 hectares, 300 hectares and 500 hectares) were 

derived to determine the area threshold with the highest contribution to predict study species. 
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Table 2. List of environmental variables used for predicting the distribution of forest birds using Maxent in the Grand River watershed, Ontario, Canada 

Category Variable Description References 

Climate  Annual precipitation * Annual snow and rainfall (882.67-1085.41 mm/year)  (Dai et al., 2016; Toribio and Peterson, 2008) 

 Precipitation of the warmest  

quarter * 

 

Rainfall during the months of May to July (74.91-

93.05 mm) 

(Hijmans and Graham, 2006) 

 Annual temperature Annual temperature (C°/year) (5.15-8.80 C°) (Dai et al., 2016; Toribio and Peterson, 2008) 

 

 Temperature of the warmest  

quarter 

 

Temperature during the months of May to July 

(16.85-20.62 C°) 

(Hijmans and Graham, 2006) 

    

Terrain Elevation * Elevation (m) (172.67-541.74 m) (Ferraz et al., 2012; Moreno et al., 2011; Seoane 

et al., 2004) 

 

 Slope * Terrain slope expressed in degrees (0-18.12°) (Ferraz et al., 2012; Moreno et al., 2011) 

 

 Aspect * The direction that slopes face measured in degrees (Ferraz et al., 2012; Moreno et al., 2011) 

 

    

    

Land cover 

composition  

Forest cover ͣ * Percentage (%) of forest cover (coniferous, deciduous 

and mixed)  

 

(Ficetola et al., 2014) 

 Wetland cover ͣ * 

 

Percentage (%) of wetland cover   (Cadman et al., 2007) 

Land cover 

configuration 

Mean forest patch size ͣ 

 

Mean area of forest patches (m²)  (Austen et al., 2001; Carrara et al., 2015; 

Trzcinski et al., 1999) 

 

 Landscape diversity  ͣ* 

 

Heterogeneity of land use and cover (forest, wetland, 

agriculture, water, urban) by Shannon’s diversity 

index 

 

(Ferraz et al., 2012) 

 Forest edge density ͣ 

 

Total length (m) of edge/area  

 

(Austen et al., 2001; Carrara et al., 2015; 

Trzcinski et al., 1999) 
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ͣ Variables were measured at two scales using a window analysis of 100 m and 200 m radius from each focal cell using Fragstats v.4.2.1. 

(*) Variables selected into the set of uncorrelated environmental data for all study species.  

 

 

 

 Number of forest patches ͣ Number of forest patches (Austen et al., 2001; Carrara et al., 2015; 

Trzcinski et al., 1999) 

    

    

 Distance to water * Euclidean distance (m) to water bodies (rivers, 

creeks, lake) 

 

(Ferraz et al., 2012; Moreno et al., 2011) 

 

 Distance from forest 

patch >200 ha 

Euclidean distance (m) from forest patch greater than 

200 ha 

 

(Burke et al., 2011; Ferraz et al., 2012) 

 Distance from forest patch > 

300 ha * 

Euclidean distance (m) from forest patch greater than 

300 ha 

 

(Burke et al., 2011) 

 Distance from forest patch > 

500 ha 

Euclidean distance (m) from forest patch greater than 

500 ha 

 

(Burke et al., 2011) 
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2.2.3 Maxent model building  

 

Maxent is a generative SDM based on machine-learning principles and predicts species 

distribution probability by estimating the most uniform distribution (maximum entropy) at each 

cell given the constraint of environmental factors (Phillips et al., 2006). The algorithm starts by 

performing a series of iterations increasing the presence probability for the species at the cell. 

The increased probability is interpreted in terms of predictive gain and Maxent will continue the 

iterations until the change in predictive gain from one iteration to the next one falls below the 

convergence threshold or until a maximum number of iterations have been reached (Baldwin, 

2009; Phillips et al., 2006).  

In this study, convergence threshold was set to the default value of 0.0001 and 10,000 

random pseudo-absence points were used background data (Phillips et al., 2006). Model 

iterations were set to 2,000 from the default of 500 to allow the model adequate time for 

convergence and minimize the risks of over-predicting or under-predicting species-environment 

relationships (Young et al., 2011). Maxent default regularization multiplier which controls for 

model complexity was set to the default value of 1. Environmental features used for fitting 

species response curves were selected automatically by Maxent from a subset of linear, 

quadratic, threshold and hinge features (Phillips and Dudík, 2008). Product and threshold 

features were not used under the recommendation of Merow et al., (2013) to avoid overly 

complex models. The option for jackknife analysis of the regularized test data was also enabled 

to examine the predictive contribution of environmental variables. In this procedure, Maxent 

calculates the test gain for each variable running in isolation and the drop in overall test gain 

when the variables are omitted from the full model in turn. In so doing, the jackknife analysis 

provides overall information about the contribution of each variable in the model in terms of how 

important each variable is at predicting species distribution and how much unique information 

each variable can contribute (Baldwin, 2009). The overall contribution of each predictive output 

was set to logistic format to map the presence probability of the species in each cell from a scale 

of 0 (low probability) to 1(high probability).  
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2.2.4 Sampling bias correction 

 

2.2.4.1 Systematic filtering – This technique removes records from the species dataset 

using a filtering grid (Boria et al., 2014; Fourcade et al., 2014). As North American passerine 

bird species are usually found within a 200m radius from where they are seen based on mark and 

recapture data (Lee et al., 2002; Villard, 1991), a filtering grid of 1000 m x 1000 m (~ 500m in 

radius) was chosen to conservatively minimize sampling bias and spatial autocorrelation of the 

observation records. The filtering grid was created in ArcGIS v. 10.4.1 and observation records 

that fell within the filtering grid were removed to only leave one record per grid cell. After 

systematic filtering, the final subset of filtered occurrence points included a total of 14 

occurrence points for the Hooded Warbler, 89 for the Canada Warbler and 182 for the Wood 

Thrush.  

2.2.4.2 Weight-bias file – Maxent has an implemented setting which allow users to 

incorporate a weight-bias file to down-weight the influence of records from the more sampled 

regions and correct for uneven sampling in the species dataset (Phillips et al., 2006). Ideally, a 

weight-bias file would be generated based on the survey effort of the study area; however, this 

information is not often available since presence-only data consists of data recorded 

opportunistically (Fourcade et al., 2014; Phillips and Dudík, 2008). As an alternative, a weight-

bias file can be derived by quantifying the Gaussian kernel density of the occurrence records 

(Elith et al., 2010). The Gaussian kernel density quantifies the number of observation records 

over a defined area and works under the assumption that species occurrence density will 

positively correlate with the sampling effort of the study site. For this study, the weight-bias file 

for each study species was created using ArcGIS v.10.4.1 by quantifying the Gaussian kernel 

density of the total number of records to represent sampling density by volunteers. Higher 

density values suggest higher sampling effort and Maxent will automatically down-weight the 

records from these regions (Elith et al. 2010). The density grid was re-scaled to have a minimum 

of 1 to meet the requirement of having positive values and higher density values were 

standardized to have a maximum value of 20 under the recommendation of Elith et al. (2010) to 

prevent extreme down-weighing of records from the more visited sites. Note that the maximum 

density for the Hooded Warbler model was not rescaled as it was below 20 units already (Table 

3).  
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2.2.5 Reducing multi-collinearity 

 

In addition to sampling bias, correlated environmental variables in SDMs can also result 

in overly complex models with high model overfitting (Braunisch et al., 2013). Highly correlated 

variables do not add new information to SDMs thereby correlated variables can be removed from 

the model to ensure accuracy and parsimony (Philippi, 1993). To identify correlated variables, a 

series of pair-wise Pearson correlation analysis were conducted for all 23 variables (Ficetola et 

al., 2014) (Appendix B). If the Pearson correlation (r) between two variables was greater than 

|0.7|, then the variable with the lowest predictive power was discarded from the Maxent model. 

Predictive power was assessed using Maxent’s jackknife analysis function to determine the 

predictive contribution of variables when ran alone (Baldwin, 2009; Bellamy et al., 2013). This 

univariate approach determined the predictive power of each variable without having to account 

for the effects of potentially correlated variables. The higher the contribution in test gain, the 

higher impact the variable has in predicting species distribution. All pair-wise correlation 

analyses were performed using the statistical package R and the final set of uncorrelated 

environmental variables with the strongest predictive test gain was determined for each study 

species (Table 4).   

 

 

 

 

Table 3. Gaussian kernel density and re-scaled density for modelling the distribution of the 

Hooded Warbler, Canada Warbler and Wood Thrush. 

 

Species 

 

 

Gaussian kernel density 

(observations/km²) 

 

 

Re-scaled density 

(observations/km²) 

 

Hooded Warbler 

 

 

0-13.99 

 

1-13.99 

Canada Warbler 

 

0-39.60 1-20 

Wood Thrush 

 

0-115.47 1-20 
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ͣ (1-8) Variables followed by the same number code are significantly correlated based on the Pearson’s  

pair-wise correlation test (r≥ |0.7|).  

ᵇ Correlated variables with the lowest test gain as determined by Maxent’s jackknife analysis were  

discarded from the final subset of uncorrelated variables (Final subset of selected variables are  

indicated by “X”).  

 

 

2.2.6 Model evaluation and accuracy assessment  

 

Model performance was evaluated by using the area under the curve (AUC) as a 

measurement of model discriminatory power and ability to predict species presence better than 

random (Hosmer and Lemeshow, 2000). AUC has been commonly used for evaluating SDM 

performance since this metric provides an overall measure that is independent of any threshold 

(Baldwin, 2009). AUC is quantified from the receiver operating characteristic (ROC) analysis by 

plotting model sensitivity (true-positive rate) against 1-specificity (false-positive rate) for every 

Table 4. Final subset of uncorrelated variables for study species selected based on variable 

importance using Maxent’s jackknife analysis. 

 Hooded Warbler Canada Warbler Wood Thrush 

Variable  ͣ Test gain ᵇ 

 

Annual precipitation 1 0.1972 X 0.1691 X 0.1481 X 

Annual temperature 2 0.2574  0.2596  0.2089  
Precipitation of warmest quarter -0.0127 X 0.0199 X 0.0727 X 

Temperature of warmest quarter 2 0.2815  0.2627  0.2046  
Elevation 2 0.393 X 0.2619 X 0.254 X 

Slope -0.0457 X 0.0135 X 0.018 X 

Aspect -0.1239 X 0.0264 X -0.0157 X 

Forest cover (100) 5 6 8 0.1433  0.2718  0.1967  
Forest cover (200) 5 6 8 0.2612 X 0.298 X 0.2269 X 

Wetland cover (100) -0.0228 X 0.0837  0.0844  
Wetland cover (200) -0.0342  0.0898 X 0.1286 X 

Mean patch (100) 5 0.2233  0.0646  0.1252  
Mean patch (200) 4  -0.0296  -0.0041  0.004  
Num. patch (100) 3 6 0.2526  0.0075  0.0571  
Num. patch (200) 8 0.06  0.0284  0.0983  
Edge density (100) 3 0.0143  0.0004  -0.0018  
Edge density (200) 4 -0.0435  -0.0148  0.0071  
Landscape diversity (100) 3 0.0309 X -0.0149  -0.001  
Landscape diversity (200) 4  -0.0329  0.0046 X 0.0246 X 

Distance to water -0.1217 X 0.0642 X 0.0761 X 

Distance from forest>200ha 7 0.0999  0.0568  0.1891  
Distance from forest>300ha 7 0.4301 X 0.1311 X 0.234 X 

Distance from forest>500ha 1 -0.0267  0.1737  0.1167  
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possible threshold value (Miller, 2010). AUC values closer to 1 indicate perfect model prediction 

while AUC values of 0.5 suggest predictions are no better than random (Hosmer and Lemeshow, 

2000). Since an independent set of species presence-absence data was not available for model 

validation (very common issue in SDMs), AUC was quantified using a 10-fold cross-validation 

technique to randomly partition the entire species occurrence dataset into a set of calibration and 

testing dataset (Baldwin, 2009). This method randomly divides the species data into 10 equal 

partitions of occurrence data and each partition is used as the testing data one at a time against 

the rest of the partitioned data. Therefore, 90% of the species occurrence dataset is used as the 

calibration data and the remaining 10% is used as the testing data for each validation. This 

process is repeated 10 times until all the 10 sub-partitions have been evaluated and AUC is 

averaged over the ten replicates. Given the small sample size of observation record for the 

Hooded Warbler, a 5-fold cross validation was used instead of the 10-fold cross validation as this 

approach has the advantage of using a larger number of observation records for testing (20% 

instead of 10%) for each replicate (Ficetola et al., 2014). Maxent generates two types of AUC 

values: AUCtraining and AUCtest. AUCtraining indicates how well the model fits the calibration 

data whereas AUCtest values indicate how well the model predicts the testing data. To evaluate 

model predictive performance, this study used AUCtest values and they were interpreted as 

follow: AUCtest < 0.7 poor; 0.7 ≤ AUCtest<0.8 good, 0.8 ≤ AUCtest <0.9 excellent and AUCtest> 

0.9 outstanding (Hosmer and Lemeshow, 2000). Model overfitting was quantified by calculating 

the difference between the training and testing AUC (AUCtrain-AUCtest=AUCdiff) 

(Radosavljevic and Anderson, 2014). Quantifying model overfitting allows us to understand the 

degree of overfitting to the potential environmental bias and noise in the citizen science data set. 

There is currently an ongoing debate of using AUC as a single measure of performance 

for presence-only SDMs (Jiménez-Valverde, 2012; Lobo et al., 2008). Therefore, the predictive 

accuracy of Maxent models were also evaluated using a threshold-dependent binomial test to 

determine the omission error rate and minimum predicted area (MPA) for species presence 

(Lobo et al., 2008). The omission error rate measures the proportion of test occurrence points 

incorrectly classified as absent and MPA represents the minimum area required to predict species 

presence. Low omission error rates and small MPA suggest models achieving high predictive 

accuracy (Anderson, 2003). Omission error rates and MPA were calculated by converting 

Maxent logistic output into binary presence-absence maps using the 10th percentile training 
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presence threshold. Species presence probabilities above this threshold were reclassified as 

species presence while values below the threshold were reclassified as species absence in 

ArcGIS v10.4.1. The 10th percentile training presence threshold is commonly used in many SDM 

studies and it predicts species presence by correctly classifying 90% of the training data while 

10% are omitted (Liu et al., 2005). This threshold was selected as it does not rely on absence 

data, such as the equal sensitivity and specificity threshold, and is less conservative than other 

presence-only threshold approaches such as the minimum training presence in which all 

calibration records are correctly classified.  

 

2.2.7 Statistical analysis  

 

To test the strength of AUC values, a one-tailed binomial t-test was used to test whether 

model discriminatory was significantly better than random  (AUC = 0.5) (Phillips et al., 2006). 

To compare the predictive performance of models under different bias correction scenarios, I 

used a one-way ANOVA to test for statistically significant differences in AUCtest, AUCdiff, 

omission error rate and MPA amongst the modeling scenarios for each study species. If there 

was a statistically significant difference in model performance between treatments, a Tukey’s-

Kramer post-hoc test was further conducted to determine which treatment significantly differed 

from the others.  Prior to conducting one-way ANOVA, all dependent variables were first 

assessed for normality and variance homogeneity to meet statistical test assumptions. Normality 

was tested using the Shapiro-Wilk test and variance homogeneity was assessed using the 

Levene’s test. When normality was not met after logistic transformation, a non-parametric 

Kruskal-Wallis test was used as an alternative to one-way ANOVA. All mean estimates were 

reported with their respective standard errors (S.E.) and statistical tests were conducted in SPSS 

v24. All results were considered statistically significant if p<0.05.   
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2.3 Results  

2.3.1 Control models 

 

Control models calibrated without bias correction resulted in models with “excellent” 

discriminatory power (AUCtest > 0.8) and predicting better than random for all study species 

(p<0.0001) (See Figure 6 for species presence probability scores). Based on the 10th percentile 

training presence threshold, omission error rates for study species ranged from 13.9% to 36.7% 

with the Wood Thrush model having the lowest omission rate and Hooded Warbler model 

having the highest omission rate. Minimum predicted area (MPA) needed to predict species 

presence ranged from 29.9%-45.0%, with the Wood Thrush model achieving the highest MPA 

and Canada Warbler model achieving the lowest MPA (Table 5). In the Hooded Warbler model, 

most of the predicted area was found near large the forest patches while most of the predicted 

area in the Canada Warbler and Wood Thrush model fell along the middle section of the study 

site near urban areas (Figure 7). 

 

Following the jackknife analysis of environmental variable importance, the variable with 

the highest predictive gain when used in isolation for the Hooded Warbler model was distance 

from forest patches suggesting this variable alone had the most useful information for predicting 

the distribution of the Hooded Warbler. Similarly, the environmental variable that decreased the 

gain the most when omitted was distance from forest patches suggesting this variable had the 

most information not present in the other variables. Distance from forest patches explained 

62.2% of the variation in the Hooded Warbler model and species presence probability decreased 

with increasing distance from large forest patches. Percentage of forest cover had the second 

highest contribution in the model (14.6%). Species presence probability increased linearly with 

percentage forest cover and reached the highest probability when percent cover was 100%. 

Distance to water had the third highest contribution (9.4%) (Table 6). For the Canada Warbler 

model, the environmental variable with the highest predictive gain when used in isolation and the 

environmental variable that decreased the gain the most when omitted from the model was 

percentage of forest cover; therefore, forest cover alone had the most useful and unique 

information not present in the other variables. In terms of variable contribution, the 

environmental variable with the highest percent contribution predicting Canada Warbler 
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distribution was annual precipitation (23.5%) while forest cover ranked second (20.8%). 

Precipitation of the warmest quarter was the third largest in percent contribution (15.4%) (Table 

6). In the Wood Thrush model, the environmental variable with the highest gain when used in 

isolation was distance from forest patches thus this variable had the most useful information for 

predicting the distribution of the Wood Thrush by itself. The environmental variable that 

decreased the gain the most when omitted was percentage of forest cover; therefore, forest cover 

had unique information not present in the other variables. Based on the analysis of variable 

contribution, distance from large forest patches had the highest overall contribution (24.3%) and 

species presence probability decreased with increasing distance from the large forest patches. 

Forest cover had the second highest contribution (21.3%) while elevation was the third highest 

(14.7%) (Table 6) (See Appendix C for detailed response curves for all study species). 

 

 

* Statistically significant from the other treatments at p<0.05 as per one-way ANOVA analysis.  

 

 

 

Table 5. Model performance (Mean ± S.E) for study species under three bias correction scenarios  

(Control, weight-bias and systematic filtering). 

 

Species Treatment      AUCtest    AUCdiff 

Omission error 

rate (%) 

Minimum 

predicted area 

(MPA) (%) 

 

Hooded  Control 0.766 ± 0.0590 0.117 ± 0.0679 36.7 ± 15.28 32.2 ± 3.38 

warbler Weight-bias 0.827 ± 0.0587 0.061 ± 0.0733 26.7 ± 12.47 28.6 ± 7.55 

 Systematic 0.749 ± 0.0536 0.098 ± 0.0694 30.0 ± 13.33 35.2 ± 5.40 

      
Canada  Control 0.823 ± 0.0163 0.060 ± 0.0174 20.8 ± 4.08 29.9 ± 1.10 

warbler Weight-bias 0.834 ± 0.0211 0.059 ± 0.0220 20.5 ± 5.00 26.0 ± 0.56* 

 Systematic 0.791 ± 0.0244 0.081 ± 0.0271 24.6 ± 5.41 31.3 ± 1.11 

      
Wood Control 0.805 ± 0.0172 0.038 ± 0.0188 13.9 ± 2.32 45.0 ± 0.74 

thrush Weight-bias 0.797 ± 0.0111 0.042 ± 0.0122 15.4 ± 1.93 45.0 ± 0.71 

 Systematic 0.773 ± 0.0185 0.042 ± 0.0122 16.6 ± 2.61 52.1 ± 0.76* 
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2.3.2 Weight-bias file models  

 

Models calibrated using weight-bias files resulted in models with “good” discriminatory 

power for the Wood Thrush species (AUCtest > 0.7) and “excellent” discriminatory power for the 

Hooded Warbler and Canada Warbler species (AUCtest > 0.8). AUCtest for all study species was 

significantly better than random (p>0.001) (See Figure 6 for species presence probability 

scores). Relative to the control model, the discriminatory power (AUCtest) of weight-bias models 

was higher, on average, in the Canada Warbler (0.834 ± 0.0211) and Hooded Warbler model 

(AUCtest=0.827 ± 0.0587) while AUCtest decreased in the Wood Thrush model (AUCtest=0.797 

± 0.0111). Similarly, AUCdiff decreased, on average, in the Canada Warbler and Hooded 

Warbler model suggesting lower model overfitting after bias correction using weight-bias file. 

As per the 10th percentile training presence threshold, omission error rates in weight-bias models 

ranged from 15.4%-26.7% and were generally lower than control models and systematic filtered 

models for all study species. Moreover, MPA was also lower in weight-bias models than control 

and systematic filtered models (Table 5) (Figure 7). The decrease in MPA was statistically 

significant in the Canada Warbler model (F(2,27) = 8.394, p=0.001) (Figure 7b). As per the 

Tukey’s-Kramer post-hoc test, predicted areas in the weight-bias model (26.0% ± 0.56) was 

significantly lower than the control (29.9% ± 1.10, p=0.020) and systematic filter model (31.3% 

± 1.11, p=0.001).  

 

After weight-bias correction, the environmental variable with the highest predictive gain 

when used in isolation and the environmental variable that decreased the gain the most when 

omitted remained the same as observed in control models for all tested species. Similarly, species 

response to environmental variables remained similar as observed in control models after weight-

bias correction (See Appendix C for detailed response curves). In terms of variable contribution, 

the relative order of variable importance remained the same for the top two variables but the 

relative importance of remaining variables changed for all study species after weight-bias 

correction (Table 6). In general, variables related to forest cover and distance from forest patch 

remained the most important variables even after weight-bias correction for all study species.  
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2.3.3 Systematic filtering models 

 

Removing records using a systematic filter resulted in models with “good” predictive 

power (AUCtest >0.7) and predicting better than random (p<0.001) for all study species (See 

Figure 6 for species presence probability scores). Under the systematic filtering technique, 

AUCtest ranged from 0.773-0.791 and it was, on average, lower for all study species relative to 

the control model and weight-bias models. Model overfitting (AUCdiff) was only improved in 

the Hooded Warbler model after systematic filtering while AUCdiff increased in the Canada 

Warbler and Wood Thrush model. Similarly, omission error rate decreased in the Hooded 

Warbler model (30.0% ± 13.33) while omission error rate increased after systematic filtering in 

the Wood Thrush (16.6% ± 2.61) and Canada Warbler model (24.6% ± 5.41). As per the 10th 

percentile training presence threshold, MPA for study species ranged between 31.3%-52.1%. 

MPA was generally higher after systematically filtering for all study species. The increase in 

MPA was statistically significant in the Wood Thrush model as per the one-way ANOVA 

analysis (F(2,27) =31.138, p<0.0001) (Figure 7c) (Table 5). A Tukey-Kramer post-hoc test 

indicated that the MPA after systematically filtering (52.1% ± 0.76) was significantly higher than 

the control model (45.0% ± 0.74, p<0.0001) and the weight-bias model (45.0% ± 0.71, p=0.001).   

 

After systematic filtering, the environmental variable with the highest predictive gain 

when used in isolation in the Wood Thrush species model changed to forest cover (distance from 

forest patches was originally the most important variable when used in isolation in the control 

model). For the Canada Warbler and Hooded Warbler model, the environmental variable with 

the highest predictive gain when used in isolation and the environmental variable that decreased 

the gain the most when omitted remained the same as observed in the control models. The 

relative order of variable importance in the Hooded Warbler and Canada Warbler model 

remained the same for the top two variables while the relative importance of remaining variables 

changed with systematic filtering correction (Table 6). In contrast, the relative order of variable 

importance changed in the Wood Thrush model since the relative ranking for the top variables 

switched after systematic filtering (Table 6). Nonetheless, variables related to forest cover and 

distance from forest patch remained the most important variables after systematic filtering for all 

study species. In terms of species response to environmental variables, response curves changed 
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after systematic filtering for environmental variables with relatively lower prediction 

contribution while response curves for the top contributing variables remained relatively the 

same as observed in control models (See Appendix C for detailed response curves).  
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Figure 6a. Species presence probability of the Hooded Warbler in the Grand River watershed under three bias correction scenarios: 

control (no bias correction), weight-bias file and systematic filter.  

 

 

Control Weight-bias file Systematic filter 
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Figure 6b. Species presence probability of the Canada Warbler in the Grand River watershed under three bias correction scenarios: 

control (no bias correction), weight-bias file and systematic filter. 

 

 

 

Control Weight-bias file Systematic filter 
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Figure 6c. Species presence probability of the Wood Thrush in the Grand River watershed under three bias correction scenarios: 

control (no bias correction), weight-bias file and systematic filter.  

Control Weight-bias file Systematic filter 
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Figure 7a. Predicted species presence of the Hooded Warbler using a 10th percentile training presence threshold under three bias 

correction scenarios: control (no bias correction), weight-bias file and systematic filter. 

 

 
 

 
  Control Weight-bias file Systematic filter 
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Figure 7b. Predicted species presence of the Canada Warbler using a 10th percentile training presence threshold under three bias 

correction scenarios: control (no bias correction), weight-bias file, and systematic filter. 

  

 
 

 

Control Weight-bias file Systematic filter 
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Figure 7c. Predicted species presence of the Wood Thrush using a 10th percentile training presence threshold under three bias 

correction scenarios: control (no bias correction), weight-bias file and systematic filter. 

 

(a) Control (b) Weight-bias file (c) Systematic  

filter Control Weight-bias file Systematic filter 
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Table 6. Percent contribution of environmental variables, based on permutated data, of Maxent models under three bias correction scenarios (control, weight-

bias file, systematic filtering) for three study species: Hooded Warbler, Canada Warbler and Wood Thrush. 

 Percent contribution (%) 

 Hooded Warbler   Canada Warbler   Wood Thrush 

Variables  ͣᵇ  Control Weighted Systematic  Variables Control Weighted Systematic Variables Control Weighted Systematic 

 

Dist. forest 62.2 74.8 75.8  Annual prec. 23.5 25 25.2  Dist. forest 24.3 23.7 17.9 

Forest cover 14.6 12.3 15.3  Forest cover  20.8 19.5 17.9  Forest cover  21.3 21.3 28.9 

Dist. water 9.4 3 3.4  Prec. warmq. 15.4 12.5 13.5  Elevation 14.7 11.2 11.1 

Prec. warmq. 4 4.7 0.5  Elevation 11 10.2 15.1  Annual prec. 13.2 12.8 11.5 

Elevation 3.8 0.9 1.1  Dist. forest 10.2 9.6 9.9  Prec. warmq. 10.9 9.1 6.8 

Wetland cover 2.8 1.2 0.8  Dist. water  5.9 7.3 3.9  Land diversity 7.2 11.1 9.4 

Annual prec. 1.6 0 1.9  Aspect 5.3 4.6 6.2  Dist. water 3.8 5.5 7.3 

Aspect 1.1 2.4 0  Wetland cover 3 2.8 2.2  Wetland cover  2.5 2.4 4 

Slope 0.6 0.6 0.1  Slope 3 3.5 3.3  Slope 1.3 1.1 0.5 

Land diversity  0 0 1  Land diversity  2 5 3  Aspect 0.9 1.8 2.5 

 

 ͣ Variables arranged by the order of relative importance as per the control model. 

ᵇ Variable description: 

Dist. forest = distance from forest patch   

Dist. water = distance to water 

Prec. warmq. = precipitation of the warmest quarter 

Annual prec. = annual precipitation  

Land diversity = landscape diversity  
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2.4 Discussion  

  

The species data collected from eBird consisted of 16-230 records providing an adequate 

number of species records for species distribution modelling using Maxent. While eBird can be a 

rich source of bird distribution data for modelling, eBird can also be geographically biased 

towards area of greater accessibility or sampling interest (Araújo and Guisan, 2006; Graham et 

al., 2004). Thus, to better understand the potential of eBird data for species distribution 

modelling, this study evaluated the predictive performance of Maxent models calibrated using 

eBird data to predict the distribution of forest birds at risk at a landscape scale. The predictive 

performances of two bias correction techniques (weight-bias file and systematic filtering) were 

also compared to determine whether there is an appropriate bias correction technique for study 

species.  

 

2.4.1 Comparison of bias correction techniques 

 

Maxent models under all modelling scenarios (control, weight-bias file and systematic 

filtering) resulted in “good” to “excellent” predictions with AUCtest values greater than 0.75 and 

significantly better than random for all study species. The high AUCtest values of control models 

was a surprising finding as control models were originally expected to predict poorer given the 

lack of bias correction. Unlike Bellamy et al. (2013) who have found sampling bias correction to 

significantly improve model discriminatory power (AUCtest) and omission error rates, there was 

no statistically significant evidence in this study that applying the bias correction techniques 

further improved model performance for study species.  

 

A possible reason for this lack of statistically significant difference in model performance 

after bias correction might have been possibly due to the small sample size of study species. 

While Bellamy et al., (2013) modelled the distribution of eight bat species using observation data 

ranging between 44-769, this study was only able to model the distribution of three species with 

sample sizes ranging between 16-230. Differences of 0.05 in AUC can already reflect major 

differences in model discriminatory power but hundreds of observation records is sometimes 



44 
 

required to statistically detect these differences (Steyerberg et al., 2003). As such, the relatively 

smaller sample size of study species could explain why this study did not detect the same 

improvement in model performance after bias correction as in the Bellamy et al., (2013) study.  

 

Although control models performed well without sampling bias correction, explicit steps 

should still be taken to account for sampling bias as part of good modelling practice (Araújo and 

Guisan, 2006). In this study, weight-bias models generally outperformed systematically-filtered 

models in terms of model discriminatory power, model overfitting, omission error rates and 

MPA. Model discriminatory power (AUCtest) was, on average, higher in the weight-bias models 

than systematically-filtered models for all study species (Table 5). The increase in AUCtest after 

correcting for sampling bias using weight-bias file was the largest in the Hooded Warbler model 

(AUCtest change = + 0.061, 7.9% increase) while the increase in AUCtest in the Canada Warbler 

model was more moderate (AUCtest = +0.011, approximately 1% increase). Contrary to other 

studies who have found AUCtest values to increase after systematic filtering (Aryal et al., 2016; 

Boria et al., 2014), AUCtest decreased and was the lowest for all study species in this study. 

Although it was expected that species with lower samples sizes, such as the Hooded Warbler 

species, to be more sensitive to the removal of occurrence records than species with larger 

observation data (i.e. Canada Warbler and Wood Thrush), AUCtest decreased for all study 

species regardless of the sample size as used in this study. Model overfitting (AUCdiff), was also 

relatively lower in weight-bias models than systematically-filtered models. The minimum area 

needed to predict species presence (MPA) was the largest in the systematically-filtered models 

for all study species and this increase in MPA was statistically significant in the Wood Thrush 

model (Table 5). A larger MPA can increase commission error thereby decrease the accuracy of 

the model. Interestingly, omission rates were not lower in the systematic-filtered models despite 

the increase in MPA. In contrast, correcting for sampling bias using weight-bias file generated 

predictive maps with lower MPA and omission errors that were quite consistent to control 

models and lower than the systematic filtered models for all study species (Table 5). 

 

Overall, models under the systematic filtering technique resulted in predictive maps with 

higher average omission error rates and predicted areas for all study species. The lower 

predictive performance of systematic-filtered models in this study was an interesting as this 
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technique has consistently ranked as one of the quickest and most efficient technique for 

correcting sampling bias (Aryal et al., 2016; Boria et al., 2014; Fourcade et al., 2014). The 

weaker performance of the systematic filtering technique in this study may have been possibly 

due to the ecological traits of study species. Since study species are specialist forest-interior 

species with stronger preferences for forest-interior conditions, they can be more concentrated 

around specific locations meeting forest-interior conditions. Spatial clustering of species records 

can be an important ecological indicator (Dormann et al., 2007) thereby using a systematic filter 

may have increased the risks of removing important ecological information from the model. 

Findings agree with Kramer-Schadt et al. (2013) who have found weight-bias file to perform 

better with Malay civets (Viverra tangalunga) simulated to have narrow distribution range and 

specific environmental requirements.  

 

An analysis into the percent contribution of the environmental variables after bias 

treatment revealed that the percent contribution of top variables generally increased after 

systematic filtering while the percent contribution of lower contributing variables decreased 

(Table 6). This may have caused systematically-filtered models to underestimate other 

environmental variables of lower contributing variables that may have been also useful to predict 

the distribution of tested species. As systematic filtering have been successfully applied to more 

common and wide-spread species such as the Cowan’s shrew tenrec (Microgale cowani) (Boria 

et al., 2014) and white-spotted slimy salamander (Plethodon cylindraceus) (Fourcade et al., 

2014), the systematic filtering technique may be more appropriate for generalist species with a 

wider range of environmental requirements.  

 

Hence, while some studies have suggested systematic filtering technique to be a quick 

and efficient method for correcting sampling bias (Boria et al., 2014; Fourcade et al., 2014), this 

study found that weight-bias files performed better and we hypothesize that this may have been 

due to the ecology of the study species. As study species are specialist species, they can have 

more specific environmental requirements and be restricted to certain locations meeting those 

requirements. Using a weight-bias file could have been more appropriate for study species since 

this technique does not involve removing records from potentially important sites. Future studies 
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could consider comparing the predictive performance of Maxent models using specialist and 

generalist bird species to test this hypothesis.  

 

2.4.2 Limitations, uncertainties and future studies 

 

          While models calibrated using weight-bias files resulted in lower omission errors than 

control models in this study, others have also found that weight-bias file models can generate 

predictions with higher commission errors (Kramer-Schadt et al., 2013). Commission errors were 

not evaluated in this study given the lack of absence data, a very common issue in species 

distribution modelling (Araújo and Guisan, 2006). If model predictions are going to be used for 

conservation management and planning, it is also very important to validate SDMs using an 

independent set of species presence-absence data from research field surveys to determine both 

omission and commission errors (Vaughan and Ormerod, 2005). While high commission error 

may be less of an issue than omission error for wildlife conservation, as more land can be 

protected when commission errors are high, high commission errors can be ecologically 

inefficient and/or costly for conservation programs where conservation dollars are limited 

(Loiselle et al, 2003). Based on the sensitivity level that conservation practitioners are willing to 

accept, model predictions should be ideally assessed for both types of errors prior to determine 

how land should be managed to economically maximize ecological returns.  

 

Note that this study used a filtering grid size of 1,000 x 1,000 m to conservatively reflect 

the study species’ focal territory and heterogeneity of the study site (Villard, 1991). Since mark-

recapture evidence in Ontario shows that North American songbird species are usually found 

within 200 m from their mark site (Lee et al., 2002; Villard, 1991), a filtering grid of 1,000 x 

1000 m, with a radius of approximately 500 m, was considered appropriate to not only reduce 

sampling bias but to also reduce minimize spatial autocorrelation amongst records for the study 

species. However, this study did not assess for the effects of different filtering grid sizes to 

model performance. As such, it may be possible that the filtering grid size of 1,000 x 1,000 m 

might have been overly large for individual species. Future research could consider using a 

filtering distance specific to the territory size of each study species or test the effects of different 

grid sizes to determine whether there is an optimal filtering grid size for removing observation 
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records without having to compromise important ecological information from the model. 

Alternatively, future studies could also design filtering grids based on the Moran’s I statistics to 

determine a minimum filtering distance required to remove autocorrelated points (Bellamy et al., 

2013). It will also be of interest to compare the predictive performance of optimized systematic 

grid size versus weight-bias models to re-evaluate whether a weight-bias file is still the most 

appropriate for specialist species. Bird data can consist of redundant pseudo-replicated records; 

thus, it might also be possible that a combination of both systematic filtering and weight-bias 

techniques may be needed to correct for non-uniform sampling effort and pseudo-replicated 

observation records (Kramer-Schadt et al., 2013).  

Lastly, the weight-bias file used in this study for the Canada Warbler and Wood Thrush 

model was re-scaled to 1-20 to avoid extreme down-weighing of observation records from the 

more visited sites under the recommendation of Elith et al., (2010). Although this study and other 

studies have generally followed Elith et al. (2010) methods (Aryal et al., 2016; Fourcade et al., 

2014), little is known about how standardizing or using the original weight file could affect 

model accuracy. This is a source of uncertainty not addressed in this study but worth exploring in 

the future.  

 

2.4.3 Future of citizen science data in conservation planning 

 

Overall, the high predictive performance of Maxent models supports eBird data as a 

valuable source for studying the distribution of forest birds at risk at a landscape scale. Despite 

the limitations of citizen science data being prone to geographic sampling bias (Reddy and 

Dávalos, 2003), there are certain mobile or inconspicuous species that can be extremely difficult 

to survey and opportunistic observations submitted by volunteers can be highly valuable under 

these cases when survey data is limited (Snäll et al., 2011). Citizen science data can also be 

particularly helpful for conservation programs where resources for conducting field surveys over 

large spatial extents are limited (Sullivan et al., 2009). Moreover, citizen science data programs 

are not only capable of expanding species distribution knowledge but can also be used to help 

increase conservation awareness and engagement in the community (Devictor et al., 2010).  
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As citizen science data programs are constantly evolving and moving towards improved 

data collection and management systems, the quantity and quality of citizen science data will 

likely keep improving. For instance, eBird now has checklist options available for volunteers to 

facilitate the documentation of all bird species seen or heard during the outing. In contrast to 

recording opportunistic sightings of single species, checklist data reporting all species detected 

can be scientifically important as they can be used to infer species absence at specific locations 

(Lagoze, 2014). Moreover, volunteers can now take advantage of mobile phone apps such as 

Song Sleuth by Wildlife Acoustics, Inc. to identify bird species based on song calls. Assistive 

technologies such as picture and sound recognition programs will likely encourage more 

participation from the community; however, improving spatial coverage should also be a priority 

for many volunteer programs. Providing real-life interactive maps to depict areas of higher 

sampling events may be beneficial for encouraging more visits to those less-sampled sites. As 

citizen science data programs are continuing to grow with advances in communications 

technology, the possibilities of citizen science data for studying species distribution patterns are 

promising and participation from the community should be encouraged.  

 

2.5 Conclusions 

 

Advances in communications and mobile technology are changing the ways in which 

species data is being collected and shared. Many citizen science data programs such as eBird 

have been gaining widespread support and data can be readily used to study species distribution 

patterns. While citizen science data represents a rich source for species distribution data, its 

application still requires critical care as citizen science data can be geographically biased towards 

areas of greater accessibility or sampling interest (Devictor et al., 2010). Given the increasing 

availability of citizen science data, this study presents for the first time an evaluation of eBird 

data as a source of species occurrence data for developing Maxent models to predict the 

distribution of three forest birds at risk at a landscape scale. Moreover, this study also provides 

comparative evidence of two bias correction methods, systematic filtering and weight-bias files, 

to the predictive performance of Maxent models. Maxent models calibrated using eBird data 

predicted well supporting eBird as a valuable source of data for predicting the distribution of 

forest birds at risk. Furthermore, this study also found correcting for sampling bias using a 
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weight-bias file resulted in models with higher discriminatory power (AUCtest) and lower 

omission error rates than systematically-filtered models for all study species. Results of this 

study contribute further knowledge to the field of species distribution modelling using citizen 

science data and the importance of selecting appropriate bias correction techniques for more 

accurate SDMs.  
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CHAPTER 3: PREDICTING THE DISTRIBUTION OF FOREST BIRDS AT RISK 

USING MAXENT: COMPARING TECHNIQUES FOR ENVIRONMENTAL 

VARIABLE SELECTION 

 

3.0 Abstract 

 

 Maxent is a species distribution model (SDM) that has been increasingly used for its 

strong predictive performance and it is of interest to study how the selection of environmental 

variables, also known as predictors, can affect model performance (Phillips et al., 2006; Baldwin, 

2009). While some studies have commonly selected variables a priori based on existing models 

or ecological knowledge, others have found that further refining the dataset by removing poor 

contributing variables from the model can improve predictive performance. Multiple techniques 

for variable selection exists but it is relatively unknown which technique should be applied to 

achieve the highest predictive performance. As such, research objectives were two-fold: 1) To 

assess the predictive performance of two variable selection techniques, backward stepwise and 

percent contribution threshold, with the common practice of selecting variables a priori to 

evaluate whether there is an optimum technique for selecting variables and 2) to assess the 

contribution of environmental variables to determine a final set of environmental data for 

predicting the distribution of study species. For the first objective, environmental data pruned 

using a 10% contribution threshold and the stepwise selection technique generated models with 

lower omission rates and model overfitting than models using variables selected a priori. 

Although both the 10% and stepwise selection technique generated SDMs with comparable 

predictive performance, the latter yielded the most parsimonious model for all study species as 

per the Akaike Information Criterion (AIC) analysis. While removing poor contributing 

predictors resulted in models with lower model overfitting and omission error rates than a priori 

models, it is important to note that model discriminatory power (AUCtest) decreased for some 

study species. This trade-off between omission error rate and AUCtest is an issue that modellers 

should keep in mind when interpreting results and emphasizes the need for multiple performance 

metrics during model evaluation. For the second objective, the final set of optimized 

environmental data included 3-4 variables and were not the same for all study species 

emphasizing the need for species-specific predictors to develop more accurate SDMs.  
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3.1 Introduction  

 

Accurate species distribution maps are of critical importance in conservation planning for 

informed and effective species conservation strategies (Johnson and Gillingham, 2005). The 

Grand River watershed is one of the most populated and heavily fragmented regions in southern 

Ontario (GRCA, 2016). The Grand River watershed comprises of the northernmost limit of the 

Carolinian forest zone and the Niagara Escarpment in the eastern region, a World Biosphere 

Reserve under the United Nations Environment Programme. Prior to European settlement, the 

watershed was mostly dominated by Carolinian and mixed forest cover; however, approximately 

80% of the forest cover has been lost to human and agricultural development (Burke et al., 2011) 

(Figure 4). Numerous bird species which rely on the watershed for breeding and survival have 

been negatively affected by the habitat fragmentation and forest loss in the region (Couturier, 

1999). As anthropogenic pressure is estimated to keep increasing within the watershed, land use 

planning and management in fragmented landscapes should be conducted using the best tools to 

facilitate conservation and decision-making. 

 

In Canada, the federal Species at Risk Act (SARA) (S.C. 2002, c. 29) provides legal 

protection for species at risk by prohibiting the damage or destruction of critical habitats for 

threatened, endangered, and extirpated species. While regulation such as SARA provides legal 

protection for species at risk, the distribution of species and extent of critical habitats must be 

first defined to make effective use of conservation policies (Guisan et al., 2013). As such, species 

distribution models (SDMs) have emerged as widely popular statistical tools for predicting and 

mapping the potential distribution of species over space (Elith and Leathwick, 2009). SDMs 

predict species distributions by relating species occurrence data with the environmental 

information of the location in which species are reported to occur. This will allow the model to 

quantify and determine the probability for species presence over geographic space (Guisan and 

Zimmermann, 2000). SDMs can work at multiple scales and SDMs at the landscape scale can be 

particularly useful for identifying critical habitats and predicting the consequences of 

environmental changes in the landscape to species presence (Ficetola et al., 2014).  
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Maxent is a machine-learning SDM developed by Phillips et al. (2006) and it is one of 

the most popular presence-only SDM algorithm used today (Baldwin et al., 2009). Its wide 

popularity has been largely attributed to its high predictive performance, ease of use and 

robustness to small observation records (Baldwin, 2009; Elith et al., 2011; Merow et al., 2013). 

Since this algorithm can fit data using a series of non-linear response curves, Maxent has also 

been often shown to outperform other more established SDM algorithms including GARP and 

BIOCLIM (Baldwin, 2009; Costa et al., 2010; Elith et al., 2006; Pearson et al., 2007). Maxent 

has been widely applied to a wide variety of biological research topics ranging from conservation 

biology (Moreno et al., 2011), proliferation of invasive species (Kadoya et al., 2009) to reserve 

planning for endangered species (Hu and Jiang, 2010). Maxent has also been used by 

government and conservation organizations to develop real-world biodiversity monitoring 

applications such as the Point Reyes Bird Observatory and the Atlas of Living Australia (Elith et 

al., 2011). 
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  Figure 4. Land use and cover in the Grand River watershed. Source: AAFC (2011)   
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As Maxent can use presence-only data, this algorithm can also be particularly valuable 

for predicting the distribution of mobile species, such as birds, when true absences are rare or 

difficult to confirm. Although Maxent has been widely used for studying avian distribution  

(Brambilla and Ficetola, 2012; Dai et al., 2016; Ferraz et al., 2012; Moreno et al., 2011), there 

are still many uncertainties associated with model settings and it is not always clear how 

selecting one option over another can affect model performance and accuracy (Baldwin, 2009). 

To understand the effects of the different Maxent settings to model performance, numerous 

studies have found that sample size, study extent and cell resolution can significantly affect 

model performance (Anderson and Raza, 2010; Bean et al., 2012; Gogol-Prokurat, 2011; Guisan 

et al., 2007; Hernández et al., 2006; Khosravi et al., 2016; Millar and Blouin-Demers, 2012). 

Others have also found that tuning Maxent’s regularization multiplier to be different from the 

default value of 1 has also resulted in more accurate models (Anderson and Gonzalez, 2011). 

Although these different model adjustments have been well studied, the topic of environmental 

variable selection has received relatively less attention (Rushton et al., 2004; Seoane et al., 2004; 

Williams et al., 2012). Selecting for an appropriate set of environmental data should not be 

underestimated as this step can be important to influencing the predictive performance and 

parsimony of the model (Baldwin, 2009). With the increasing improvement of Geographic 

Information Systems (GIS) and remote sensing technologies, many environmental variables can 

now be derived for modelling and it is not often clear which variables should be included or how 

they should be selected into the model. While many studies have commonly selected 

environmental variables a priori, based on existing models or known ecological mechanisms, 

others have further refine the environmental dataset by selecting variables based on their 

predictive power in the model (Arakida et al., 2011; Aryal et al., 2016; Buckman-Sewald et al., 

2014; Ferraz et al., 2012). Although modellers could be including many environmental variables 

into the model to improve model fitness and capture a wider range of potential environmental 

factors driving species distribution patterns, not assessing for the predictive power of 

environmental variables can also increase the risks of including poor predicting variables that 

have little relevance for the target species and/or result in overly complex models that may not be 

practical for wildlife management (Baldwin, 2009). Including more variables than necessary into 

the model can also increase the risk of overfitting models and this can have strong implications 

to model generality and transferability as overfit models can result in predictions with lower 
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accuracy at un-sampled regions (Warren et al., 2014). Whilst Elith et al., (2011) have noted that 

variable selection is less of an issue for machine-learning SDMs such as Maxent, as its algorithm 

can internally control for model overfitting through its default regularization multiplier, several 

Maxent studies have found that removing poor predicting variables from the model can generate 

SDMs with higher predictive accuracy, lower model overfitting and omission error rates 

(Bellamy et al., 2013; Hu and Jiang, 2010; Thomasson and Blouin-Demers, 2015).  

 

3.1.1 Research gaps 

 

Although the practice of discarding poor predicting variables has been adopted in several 

studies, the techniques for variable selection have not been consistent in the literature. For 

instance, while some Maxent studies have selected variables based on percent contribution (e.g. 

removing variables contributing less than 5% (Warren et al., 2014)), others have selected 

variables using methods similar to the backward stepwise regression techniques by 

systematically removing variables with the lowest contribution one at time until the model with 

the highest performance has been achieved (Parolo et al., 2008; Thomasson and Blouin-demers, 

2015).   

 

Given the various methods available for variable selection, studies comparing their 

relative performance are still needed to determine how variables should be selected to achieve 

the highest predictive performance. One recent study has compared the effects of selecting 

variables using the backward-stepwise removal technique with the common approach of 

selecting variables a priori and found that variables selected via the backward stepwise 

technique yielded models with lower model overfitting and omission error rates (Zeng et al., 

2016). Although evidence supports the backward stepwise selection technique to be more 

effective than simply selecting variables a priori, the relative effect of other variable selection 

techniques such as percent contribution threshold remains unexplored. As the backward stepwise 

variable selection technique requires the modeller to iteratively recalibrate the model after each 

variable removal, this technique requires more effort than simply selecting variables based on a 

certain percentage threshold. Hence, it is of interest to determine whether there is a difference in 

predictive performance between the two techniques. If both variable selection techniques can 
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generate comparable models, then modellers could consider selecting the final set of 

environmental data based on percent threshold instead of adopting the more intensive backward 

stepwise technique.  

 

3.1.2 Research objectives 

 

This paper evaluates the predictive performance of SDMs developed using Maxent to 

predict the distribution of forest birds at risk in fragmented landscapes such as the Grand River 

watershed. Moreover, this paper also aims to explore the effects of using different variable 

selection techniques to the predictive performance of Maxent models. Objectives of the study 

were two-fold: 1) To assess the predictive performance of two environmental variable selection 

techniques, backward stepwise and percent contribution threshold, with the common approach of 

selecting variables a priori to determine whether there is an optimum method for selecting 

variables and 2) to assess the relative contribution of environmental variables to determine a final 

set of environmental data for predicting the distribution of study species. The variable selection 

techniques described in this study have been commonly applied in many Maxent studies but this 

paper is one of the first few studies to compare the relative predictive performance of the 

different variable selection techniques. This study will contribute further knowledge to the 

methodology of species distribution modelling and provide insights on developing environmental 

data.  
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3.2 Methods 

3.2.1 Study site, species data and Maxent model settings 

 

This study was conducted in the Grand River watershed using three forest birds at risk: 

Hooded Warbler (Setophaga citrina), Canada warbler (Cardellina canadensis) and Wood Thrush 

(Hylocichla mustelina) (Table 1). In depth details regarding the study site, species occurrence 

data and Maxent model settings are described in Chapter 2. For sampling bias correction, a 

weight-bias file was used to calibrate all study species as this bias correcting method was found 

to yield the most accurate SDMs as found in Chapter 2. Although species-tuning the 

regularization multiplier can help control model overfitting (Anderson and Gonzalez, 2011), the 

regularization multiplier function was kept at the default value of 1 to keep the study simple and 

focus on the effects of variable selection.  

 

3.2.2 Environmental variables 

 

Initial models were built using a full set of 10 uncorrelated variables previously selected 

a priori based on existing forest birds SDMs (Chapter 2). The percent contribution of each 

variable has been summarized in Table 7. Models were further pruned by selecting variables 

based on their predictive power using two commonly used approaches: percent contribution 

threshold and backward stepwise selection (Bellamy et al., 2013; Thomasson and Blouin-demers, 

2015; Warren et al., 2014).  
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3.2.2.1 Percent contribution threshold variable selection  

 

During model calibration, Maxent weighs and quantifies the percent contribution of each 

variable to predict species distribution pattern (Baldwin, 2009; Young et al., 2011). The 

contribution of each variable is calculated by determining the increase in predictive gain when 

the coefficient of a single feature is modified (Phillips et al. 2006). At the end of the training 

process, predictive gains are converted to percentages. Maxent creates two types of percent 

contribution measurements: 1) a percent contribution calculated heuristically based on the 

particular path that Maxent used to determine the most optimum predictive output and 2) a 

percent contribution based on the permutation importance of the variables in the final Maxent 

model. As the first type of percent contribution can change depending on the particular path 

taken by the algorithm during model calibration (Phillips et al., 2006), this study only considered 

the percent contribution of variables based on the permutation importance of the final Maxent 

model. While there has been no specific guidelines for selecting a minimum percentage threshold 

to remove variables, several authors have pruned their models using percentage contribution 

thresholds ranging between 1% - 5% (Warren et al., 2014; Williams et al., 2012). Since most of 

Table 7. Percent contribution of environmental variables in the Maxent model for 

study species Hooded Warbler, Canada Warbler and Wood Thrush.  

 Percent contribution (%) 

Variables 

Hooded         

Warbler Canada Warbler Wood Thrush 

    
Annual precipitation 0 25 12.8 

Aspect 2.4 4.6 1.8 

Distance from forest 74.8 9.6 23.7 

Distance to water 3 7.3 5.5 

Elevation 0.9 10.2 11.2 

Forest cover 12.3 19.5 21.3 

Landscape diversity 0 5 11.1 

Precipitation warmest quarter 4.7 12.5 9.1 

Slope 0.6 3.5 1.1 

Wetland cover 1.2 2.8 2.4 
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the Maxent models had variables with percentage contribution greater than 1% in the initial a 

priori model (Table 7) and there have been no studies comparing the relative effects of using 

different percentage thresholds, this study created several Maxent model with variables 

contributing at least 3%, 5% and 10% in the initial a priori model.  

 

3.2.2.2 Backward stepwise variable selection  

 

               The backward stepwise regression approach involves removing the least contributing 

predictor from the model one at time (Bellamy et al., 2013; Zeng et al., 2016). Models are 

recalibrated every time after each variable removal and recalibration stops when two variables 

remain (the minimum number of variables required for developing SDMs) (Parolo et al., 2008; 

Thomasson and Blouin-demers, 2015). This technique will create a series of pruned models and 

the model with the highest predictive performance will be selected as the most optimal model for 

predicting study species. While some studies have selected their models by choosing the model 

with the highest AUC value (Thomasson and Blouin-demers, 2015), a measurement of model 

discriminatory power, this study used a different approach and selected models based on the 

information-theoretic (IT) approach (Bellamy et al., 2013; Ficetola et al., 2014; Warren et al., 

2010). Models selected using an IT approach tend to yield predictions with lower model 

overfitting and higher transferability to un-sampled regions than models optimized based on 

AUC (Warren et al., 2014). As the IT approach balances predictive power with parsimony, 

models with the best performance using the least number of variables will have the lowest 

Aikake’s Information Criterion adjusted for small sample size (AICc) value (Warren et al., 

2010). To conduct the backward stepwise variable selection approach in this study, the variable 

with the lowest percent contribution, based on permutated importance, was iteratively removed 

one at time to only leave two variables. As such, nine competing models were created for each 

study species and the model with the lowest AICc value was selected as the final stepwise 

selected model. All AICc calculations were carried out in ENMTools 1.4.4 (Warren et al., 2010), 

a Pearl script working in extension with Maxent.  
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3.2.3 Statistical comparison of competing models 

 

Five competing models with different subsets of variables (a priori, 3% contribution 

threshold, 5% contribution threshold, 10% contribution threshold and backward stepwise 

selected) were created. The predictive performance of competing models was analyzed by 

determining the under the curve (AUC) of the test data. Models with AUCtest < 0.7 were 

considered to have poor predictive power; 0.7 ≤ AUCtest<0.8 good, 0.8 ≤ AUCtest <0.9 excellent 

and AUCtest> 0.9 outstanding (Hosmer and Lemeshow, 2000). To test the strength of AUC 

values, a one-tailed binomial t-test was used to test whether predictions were significantly better 

than random (AUC=0.5) (Phillips et al., 2006). Model overfitting was evaluated by assessing the 

AUC difference (AUCdiff) between training data and testing data (AUCtraining – AUCtest = 

AUCdiff). Moreover, models were also evaluated using threshold-independent metrics (omission 

error rate and minimum predicted area (MPA) using a 10th percentile training presence threshold) 

(Lobo et al., 2008). The model with the most optimum combination of variables was selected by 

comparing AICc value and the model with the lowest AICc value was selected as the “best” 

fitting model for study species. Differences in AICc value (∆AICc) between competing models 

and the “best” model were quantified by subtracting the lowest AICc from competing models. 

Competing model with ∆AICc≤2 was considered equivalent to the “best” model or as a potential 

alternative if ∆AICc≤10 of best AICc model (Burnham and Anderson, 2002).  

 

3.3 Results  

 

 Initial models calibrated using all 10 environmental variables selected a priori resulted in 

models with “good” discriminatory power for the Wood Thrush model (AUCtest=0.797 ± 

0.0111) and “excellent” power for the Canada Warbler (AUCtest = 0.834 ± 0.0163) and Hooded 

Warbler model (AUCtest =0.827 ± 0.0587). AUC values were statistically significant better than 

random for all models (p≤0.001). AUCdiff were lower than 0.1 for all study species. Under the a 

priori model, omission error rates for all study species ranged from 16.6%-26.7%, with the 

Wood Thrush model having the lowest omission rate and Hooded Warbler having the highest 

omission rate. Minimum area predicted as species presence was 28.6% ± 3.38 of the study site 
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for the Hooded Warbler model, 29.9% ± 1.10 for the Canada Warbler model and 45.0% ± 0.71 

of the study site for the Wood Thrush model (Table 8).  

 

3.3.1 Percent contribution variable selection  

 

Variables selected under the different percent thresholds (3%, 5% and 10%) resulted in 

models with high discriminatory power (AUCtest > 0.75) and predicting better than random 

(p≤0.001) for all study species. The number of variables used at each percentage threshold varied 

between species (Table 8). In general, AUCtest values decreased as variables were removed with 

increasing percent threshold for the Canada Warbler and Wood Thrush model. Conversely, 

AUCtest increased in the Hooded Warbler model as variables were removed with increasing 

percent threshold. AUCdiff for all study species were generally lower after removing poor 

contributing variables at all percentage thresholds and it was the lowest when using a percentage 

threshold of 10%. Omission error rates decreased with increasing percentage threshold while 

MPA increased as variables were removed from the a priori model.  MPA was the largest at the 

10% contribution threshold for all study species (Table 8). Initial a priori models using all 10 

variables had the largest AICc value while models pruned using a 10% contribution threshold 

had the smallest AICc for all study species. Therefore, the subset of variables selected using a 

10% threshold created the “best” fitting model under the percent contribution technique based on 

AICc analysis. The subset of variables selected under the 10% threshold for study species 

consisted of 2-6 variables related to land cover, topography and climate variables (Table 8).  

 

Hooded Warbler presence was best predicted using only two vegetation and landscape 

variables: forest cover (31.6% contribution) and distance from large forest patches (68.4% 

contribution) (Table 10). Species presence increased linearly with forest cover while species 

presence decreased with increasing distance from large forest patches. Species presence 

probability was the lowest when distance from the large forest patches was greater than 2,000 m. 

Canada Warbler presence was best predicted using four variables consisting of land cover 

composition, land cover configuration, climatic and topographic variables: annual precipitation 

(50.8%), forest cover (20.2%), elevation (15.8%), and precipitation of warmest quarter (13.2%) 

(Table 10). Canada Warbler distribution corresponded positively with forest cover and it started 
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to level off when forest cover was larger than 90%. Similarly, Canada Warbler presence 

increased with increasing precipitation of the warmest quarter and it leveled off when 

precipitation was approximately 90mm/warmest quarter. In contrast, species presence decreased 

with increasing annual precipitation. Canada Warbler presence fluctuated bimodally with 

elevation and the highest species presence peaking at mid-altitudes of approximately 350 m and 

peaking again when elevation was greater than 500m. The final pruned model for Wood Thrush 

included six variables in the model: forest cover (34.2%), distance from large forest patches 

(22.3%), elevation (18.5%), landscape diversity (13.4%) and annual precipitation (11.6%) 

(Table 10). Species presence increased linearly with forest cover and landscape diversity while 

species presence decreased with increasing distance from large forest patches. Species increased 

linearly with annual precipitation increased linearly and decreased when annual precipitation was 

approximately greater than 925mm/year. Response curves for elevation appeared to be more 

random with species presence peaking at several elevation points. Highest species presence was 

found at mid-altitudes between 250-350m and when elevation was higher than 500m (See 

Appendix D for detailed response curves of all study species).  
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Table 8. Comparison of predictive performance (Mean ± S.E.) between a priori models and pruned models using a percent contribution threshold 

technique (Thresholds: 3%, 5% and 10%).  

 

Model ͣ Variable removed AUCtest AUCdiff 

Omission error    

rate (%) 

Minimum 

predicted area 

(MPA) (%) AICc ∆AICc 

Hooded Warbler 

(n=16)        
A priori  -None 0.827 ± 0.0587 0.061 ± 0.0733 26.7 ± 12.47 28.6 ± 3.38 516.42 29.691 

        

3% -Annual precipitation  0.809 ±0.0443 0.078 ± 0.0506 33.3 ± 10.54 27.3 ± 0.0236 489.16 2.43 

 -Elevation       

 -Wetland cover       

 -Landscape diversity       

 -Slope       
        

5% -Aspect 0.823 ± 0.0509 0.056 ± 0.0578 20.0 ± 13.33 29.3 ± 1.90 487.64 0.91 

        

10%  

-Precipitation of 

warmest quarter  0.852 ± 0.0457 0.006 ± 0.0567 13.3 ± 8.16 33.5 ± 2.22 486.73 0.00 

 -Distance to water       
Canada Warbler 

(n=103)        
A priori  -None 0.834 ± 0.0163 0.060 ± 0.0174 20.8 ± 4.08 29.9 ± 1.10 10,017.78 6,513.27 

        

3% -Wetland cover 0.815 ± 0.0173 0.068 ± 0.0184 23.7 ± 3.85 29.9 ± 0.78 5,088.14 1,583.63 

        
5% -Aspect 0.807 ± 0.0203 0.047 ± 0.0220 17.8 ± 3.88 39.1 ± 0.49 3,738.76 234.26 

 -Slope       
        

10%  -Distance to water 0.798 ± 0.0186 0.024 ± 0.0200 13.6 ± 2.11 43.8 ± 1.06 3,504.52 0.00 

 -Distance from forest       

 -Landscape diversity        
Wood Thrush 

(n=230) ᵇ        
A priori -None 0.797 ± 0.0111 0.042 ± 0.0122 16.6 ± 1.93 45.0 ± 0.71 7,448.37 330.07 

        
3% -Slope 0.798 ± 0.0181 0.033 ± 0.0202 14.4 ± 3.49 46.7 ± 1.08 7,330.48 212.18 

 -Aspect       

 -Wetland cover       
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10%  -Distance to water 0.786 ± 0.0137 0.024 ± 0.0153 14.4 ± 2.83 55.4 ± 0.61 7,118.30 0.000 

        
ͣ Best AICc model selected in bold.  

ᵇ Models pruned using a 5% threshold was not available given the lack of variables with percent contribution within the range of 3-5%. 
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3.3.2 Backward stepwise variable selection 

 

Under the backward stepwise selection approach, environmental variables were 

systematically selected by removing the least contributing variable one at a time resulting in 9 

competing models of 10 (initial a priori model) to 2 predictors. AICc was the largest in the initial 

a priori model for all study species and it gradually decreased as variables were removed from 

the model (Table 9). This gradual decrease in AICc was followed by a sudden increase in AICc 

after reaching the lowest AICc value. The final stepwise selected model with the lowest AICc 

value, also known as inflection point, consisted of environmental data with 3-4 variables and a 

combination of vegetation, topographic and climatic variables. The final stepwise selected model 

achieved “good” discriminatory power (AUCtest>0.7) for the Canada Warbler and Wood Thrush 

model and “excellent” discriminatory power (AUCtest>0.8) for the Hooded Warbler model. All 

models predicted significantly better than random (p˂0.001). AUCtest decreased as variables 

were removed from the Canada Warbler and Wood Thrush model while AUCtest only increased 

in the Hooded Warbler model. AUCdiff was lower in the final pruned model relative to the a 

priori model for all study species and there was a trend of decreasing AUCdiff for all study 

species as variables were removed (Table 9). Similarly, omission error decreased with 

decreasing number of variables (11.8%-13.9%) while MPA increased as variables were removed 

(31.5%-59.7%) from the initial a priori model (Table 9).  
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Table 9. Comparing the predictive performance (Mean ± S.E.) and fitness of models as variables were iteratively removed using a backward stepwise 

variable selection technique ͣ. 

 

Hooded 

Warbler 

(n=16) Variables Variable removed ᵇ AUCtest AUCdiff 

Omission 

error rate 

(%) 

Minimum 

Predicted area 

(MPA) (%) AICc ∆AICc 

Run 1 10 None 0.827 ± 0.0587 0.061 ± 0.0733 26.7 ± 12.47 28.6 ± 3.38 516.42 31.76 

Run 2 9 Landscape diversity 0.792 ± 0.0404 0.106 ± 0.0467 33.3 ± 6.67 26.4 ± 3.08 513.22 28.56 

Run 3 8 Annual precipitation 0.804 ± 0.0361 0.093 ± 0.0434 20.0 ± 13.33 29.3 ± 3.72 511.42 26.76 

Run 4 7 Elevation 0.812 ± 0.0377 0.081 ± 0.0377 20.0 ± 8.16 28.6 ± 2.80 510.35 25.69 

Run 5 6 Slope 0.810 ± 0.0362 0.086 ± 0.0362 33.3 ± 10.54 25.7 ± 2.54 493.88 9.22 

Run 6 5 Wetland cover 0.840 ± 0.0282 0.047 ± 0.0358 26.7 ± 6.67 30.2 ± 2.53 488.64 3.98 

Run 7 4 Distance to water 0.840 ± 0.0544 0.044 ± 0.0636 13.3 ± 13.33 30.8 ± 3.19 487.26 2.60 

Run 8 3 Prec. warmest quarter 0.858 ± 0.0365 0.018 ± 0.0443 13.3 ± 8.16 31.5 ± 2.56 484.66 0 

Run 9  2 Forest cover 0.848 ± 0.0427 0.012 ± 0.0538 13.3 ± 8.16 32.0 ± 1.62 487.61 2.95 
         

Canada Warbler  

(n=103)        
Run 1 10 None 0.834 ± 0.0163 0.060 ± 0.0174 20.8 ± 4.08 29.9 ± 1.10 10,017.78 6,817.91 

Run 2 9 Wetland cover 0.823 ± 0.0219 0.056 ± 0.0235 22.7 ± 5.82 30.3 ± 0.97 5,998.60 2,798.73 

Run 3 8 Slope 0.817 ± 0.0209 0.050 ± 0.0227 20.7 ± 4.37 33.4 ± 0.60 6,367.30 3,167.43 

Run 4 7 Aspect 0.809 ± 0.0064 0.050 ± 0.0066 17.6 ± 3.25 37.9 ± 0.77 7,295.02 4,095.15 

Run 5 6 Landscape diversity  0.801 ± 0.0173 0.045 ± 0.0192 17.6 ± 2.81 39.6 ± 1.08 3691.046 491.18 

Run 6 5 Distance to water 0.805 ± 0.0237 0.039 ± 0.0262 15.8 ± 3.98 42.3 ± 1.16 4,080.10 880.23 

Run 7 4 Prec. warmest quarter 0.781 ± 0.0220 0.034 ± 0.0240 13.9 ± 3.72 47.3 ± 1.95 3,199.87 0 

Run 8 3 Distance from forest 0.785 ± 0.0203 0.026 ± 0.0223 12.7 ± 3.84 48.7 ± 1.86 3,466.10 266.23 

Run 9  2 Annual precipitation  0.728 ± 0.0272 0.019 ± 0.0300 12.6 ± 2.85 63.6 ± 0.39 3,413.65 213.78 
         

Wood Thrush  

(n=230)        
Run 1 10 None 0.797 ± 0.0111 0.042 ± 0.0122 16.6 ± 1.93 45.0 ± 0.71 7,448.37 301.95 

Run 2 9 Slope 0.800 ± 0.0131 0.036 ± 0.0142 14.4 ± 2.33 46.7 ± 0.65 7,275.89 129.47 

Run 3 8 Aspect 0.801 ± 0.0225 0.034 ± 0.0247 14.0 ± 3.92 47.1 ± 0.97 7,308.33 161.92 

Run 4 7 Wetland cover 0.796 ± 0.0128 0.037 ± 0.0140 16.6 ± 2.40 46.0 ± 0.69 7,259.64 113.22 

Run 5 6 Distance to water 0.798 ± 0.0157 0.027 ± 0.0174 15.3 ± 2.51 51.4 ± 0.54 7,289.41 142.99 

Run 6 5 Landscape diversity  0.789 ± 0.0137 0.025 ± 0.0148 14.0 ± 1.81 53.8 ± 0.40 7,338.45 192.03 
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Run 7 4 Prec. warmest quarter 0.773 ± 0.0119 0.023 ± 0.0133 11.8 ± 1.71 59.7 ± 0.78 7,146.42 0 

Run 8 3 Annual precipitation 0.770 ± 0.0130 0.015 ± 0.0144 12.2 ± 2.49 62.1 ± 0.91 7,156.15 9.73 

Run 9  2 Forest cover 0.752 ± 0.0128 0.009 ± 0.0143 12.2 ± 1.69 62.4 ± 0.56 7,210.12 63.70 

         

ͣ Final selected model with the lowest AICc selected in bold.  

ᵇ Prec. warmest quarter = precipitation of warmest quarter  

ͣ Final selected model with the lowest elected in bold
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In the final stepwise-selected model, Hooded Warbler presence was best predicted using 

three variables related to land cover composition, land cover configuration and climate variables: 

distance from large forest patches (75% contribution), forest cover (21.3%) and precipitation of 

warmest quarter (3.1%) (Table 10). Species presence increased linearly with forest cover and 

precipitation of the warmest quarter while species presence decreased with increasing distance 

from large forest patches. Canada Warbler presence was best predicted using four variables 

consisting of a combination of land cover composition, configuration, climatic and topographic 

variables: annual precipitation (34.4%), elevation (30.3%), forest cover (29.2%) and distance 

from large forest patches (6.2%) (Table 10). Response curves responded positively with forest 

cover while species presence decreased with decreasing annual precipitation and increasing 

distance from large forest patches. Canada Warbler presence fluctuated bimodally with elevation 

as the highest species presence was best predicted at approximately 350 m and once again when 

elevation was higher than 500 m. The final pruned model for Wood Thrush included the same 

four variables as in the Canada Warbler model but the relative contribution of variables differed. 

While distance from forest patches had the lowest contribution in the Canada Warbler model, 

this variable ranked the highest (35.1%) in the Wood Thrush model and annual precipitation 

ranked the lowest instead (12.4%). Wood Thrush was also strongly associated to forest cover 

(28.3%) and elevation (24.2%) (Table 10). Species presence increased linearly with forest cover 

and decreased with increasing distance from large forest patches. Response curves for elevation 

similarly showed a bimodal distribution with species presence peaking at mid-altitudes and when 

elevation was greater than 500 m. Species presence increased linearly with annual precipitation 

increased linearly and started decreasing once precipitation was approximately greater than 

925mm/year (See Appendix D for response curves of all study species).  

 

3.3.3 Comparison of variable selection techniques 

 

 Selecting variables using a 10% contribution threshold and backward stepwise approach 

resulted in Maxent models with fewer variables (2-5) than initial a priori models. Despite the 

ability of both variable selection techniques to discard poor contributing variables, variables 

selected into the final pruned models differed between techniques for all study species (Table 

10). Each technique generated a specific set of environmental data for study species and 
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variables related to forest cover, precipitation and elevation were commonly retained under both 

techniques while variables related to slope, aspect, wetland cover and distance to water were 

generally discarded from the final models. In terms of variable contribution, the 10% 

contribution threshold technique included only variables that contributed greater than 10% into 

the final model whilst the backward-stepwise and a priori selection technique included variables 

that contributed less than 10% in the model (Table 10). Although each variable selection 

technique yielded different sets of environmental data, species response to environmental 

variables in the a priori, 10% contribution threshold and backward stepwise selected model 

remained relatively the same for all study species (See Appendix D for detailed comparison of 

species response curves).  

 

Moreover, selecting variables using a 10% contribution threshold and backward stepwise 

selection technique yielded SDMs with very similar predictive performances. In general, both 

variable selection techniques yielded models with lower omission rates and model overfitting 

than models using the initial set of variables selected a priori. Although both the 10% and 

stepwise selection technique generated SDMs with comparable predictive performance, the latter 

technique yielded the most parsimonious model (balancing predictive power and number of 

predictors) for all study species as per the AICc analysis. The 10% contribution threshold 

technique ranked second in lowest AICc value while variables selected a priori created models 

with the highest AICc for all study species (Table 11).  

 

3.3.4 Species presence maps   

 

Predictive output from the a priori models and final pruned models using the 10% 

threshold and backward stepwise technique were used to create species presence maps (See 

Figure 8 for species presence probability scores). Based on the 10th percentile training presence 

threshold, MPA was the largest in pruned models under both variable selection techniques 

covering a larger area than initial a priori models. MPA was almost doubled for the Wood 

Thrush and Canada Warbler model while the change in MPA in the Hooded Warbler model was 

relatively lower. Predicted species presence in the a priori and final selected models for the 

Wood Thrush and Canada Warbler species were generally concentrated along the middle portion 
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of the watershed where most of the urban area is found (Figure 9b, Figure 9c) while Hooded 

Warbler was mostly concentrated around areas near the large forest patches (Table 10) (Figure 

10).  
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Table 10. Percent contribution (based on permutated data) of environmental variables of Maxent models using variables selected a priori, using a 10% 

contribution threshold and backward stepwise selection techniques.  

 Percent contribution (%) 

 Hooded Warbler   Canada Warbler   Wood Thrush 

Variables  ͣᵇ a priori 

Top 

10% 

Backward 

stepwise Variables a priori 

Top 

10% 

Backward 

stepwise Variables a priori 

Top 

10% 

Backward 

stepwise 

 

Dist. forest 74.8 64.8 75.5  Annual prec. 25 50.8 34.3  Dist. forest 23.7 22.3 35.1 

Forest cover 12.3 31.6 21.3  Forest cover  19.5 20.2   29.2  Forest cover  21.3 34.2 28.3 

Prec. warmq. 4.7 - 3.1  Prec. warmq. 12.5 15.8 -  Annual prec. 12.8 11.6 12.4 

Dist. water 3 - -  Elevation 10.2 13.2 30.3  Elevation 11.2 18.5 24.2 

Aspect 2.4 - -  Dist. forest 9.6 - 6.2  Land diversity  11.1 13.4 - 

Wetland cover 1.2 - -  Dist. water  7.3 - -  Prec.warmq. 9.1 - - 

Elevation 0.9 - -  Land diversity  5 - -  Dist. water 5.5 - - 

Aspect 0.6 - -  Aspect 4.6 - -  Wetland cover  2.4 - - 

Annual prec. 0 - -  Wetland cover 2.8 - -  Slope 1.8 - - 

Land diversity  0 - -  Slope 3.5 - -  Aspect 1.1 - - 

 

 ͣ Variables arranged by the order of relative importance as per the a priori model. 

ᵇ Variable description: 

Dist. forest = distance from forest patch   

Dist. water = distance to water 

Prec. warmq. = precipitation of the warmest quarter 

Annual prec. = annual precipitation  

Land diversity = landscape diversity  

 



72 
 

Table 11. Comparing the predictive performance (Mean ± S.E.) of a priori Maxent models with models calibrated using two variable selection technique (10% 

contribution threshold and backward stepwise selection). 

 

Model  ͣ Variable  AUCtest AUCdiff 

 

Omission error 

rate (%) 

Minimum 

predicted area 

(MPA) (%) AICc ∆AICc 

Hooded Warbler         
a priori -All 0.827 ± 0.0587 0.061 ± 0.0733 26.7 ± 12.47 28.6 ± 3.38 516.42 31.76 

         
10%  -Distance from forest  0.852 ± 0.0457 0.006 ± 0.0567 13.3 ± 8.16 33.5 ± 2.22 486.73 2.07 

 -Forest cover        

         
Stepwise selected -Distance from forest  0.858 ± 0.0365 0.018 ± 0.0443 13.3 ± 8.16 31.5 ± 2.56 484.66 0.00 

 -Forest cover        

 

-Precipitation warmest 

quarter        
         

Canada Warbler         
a priori -All  0.834 ± 0.0163 0.060 ± 0.0174 20.8 ± 4.08 29.9 ± 1.10 10,017.78 6,817.91 

         
10%  -Annual precipitation  0.798 ± 0.0186 0.024 ± 0.0200 13.6 ± 2.11 43.8 ± 1.06 3,504.51 304.64 

 -Forest cover        

 -Elevation        

 

-Precipitation warmest 

quarter        

         
Stepwise selected -Annual precipitation   0.781 ± 0.0220 0.034 ± 0.0240 13.9 ± 3.72 47.3 ± 1.95 3,199.87 0.00 

 -Elevation        

 -Forest cover        

 -Distance from forest        
         

Wood Thrush         
a priori -All   0.797 ± 0.0111 0.042 ± 0.0122 16.6 ± 1.93 45.0 ± 0.71 7,448.37 330.07 

         
10%  -Forest cover  0.786 ± 0.0137 0.024 ± 0.0153 14.4 ± 2.83 55.4 ± 0.61 7,146.42 28.12 

 -Distance from forest        
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ͣ Final selected model with the lowest AICc value indicated in bold.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 -Elevation        

 -Landscape diversity        

 -Annual precipitation        

         
Stepwise selected -Distance from forest  0.773 ± 0.0119 0.023 ± 0.0133 11.8 ± 1.71 59.7 ± 0.78 7,118.30 0.000 

 -Forest cover        

 -Elevation        

 -Annual precipitation         
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Figure 8a. Species presence probability of the Hooded Warbler in the Grand River watershed predicted using environmental variables 

selected a priori, 10% contribution threshold and a backward stepwise variable selection technique. 
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Figure 8b. Species presence probability of the Canada Warbler in the Grand River watershed predicted using environmental variables 

selected a priori, 10% contribution threshold and a backward stepwise variable selection technique. 
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Figure 8c. Species presence probability of the Wood Thrush in the Grand River watershed predicted using environmental variables 

selected a priori, 10% contribution threshold and a backward stepwise variable selection technique. 
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Figure 9a. Predicted species presence map of the Hooded Warbler in the Grand River watershed using variables selected a priori, 

10% contribution threshold and a backward stepwise variable selection technique. 

a priori Backward  

stepwise  

10% threshold a priori Backward  

stepwise  
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Figure 9b. Predicted species presence map of the Canada Warbler in the Grand River watershed using variables selected a priori, 

10% contribution threshold and a backward stepwise variable selection technique.  
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Figure 9c. Predicted species presence map of the Wood Thrush in the Grand River watershed using variables selected a priori, 10% 

contribution threshold and backward stepwise variable selection technique. 
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Figure 10. Predicted species presence as per the final stepwise selected model and its relationship with forest patches greater than 300 

hectares. (A) Hooded Warbler (B) Canada Warbler and (C) and Wood Thrush.
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3.4 Discussion  

 

With the increasing availability of free and open access global environmental data, many 

environmental variables can now be derived for modelling (Araújo and Guisan, 2006). Whilst 

some studies have developed SDMs using a fixed set of environmental data identified a priori, 

based on relevant SDMs or ecological studies, others have selected variables based on the 

predictive power of variables. Many techniques for variable selection exist but it is relatively 

unknown which technique should be used to achieve SDMs with the highest predictive 

performance. Using forest birds at risk as study species, this study compared the predictive 

performance of two main variable selection techniques, percent contribution threshold and 

backward stepwise variable selection, with the common approach of selecting variables a priori 

to determine whether there is an appropriate technique for selecting environmental variables.  

 

3.4.1 Comparison in predictive performance between variable selection techniques 

 

Initial models built using the full set of variables selected a priori resulted in models with 

high discriminatory power and predicting better than random for all study species (AUCtest > 

0.75). Discarding poor contributing variables from the model using the 10% contribution 

threshold and backward stepwise selection techniques resulted in predictions with even lower 

model overfitting and omission error rates than initial a priori models (Table 11). This pattern of 

decreasing omission error and model overfitting in pruned models has also been reported in 

several studies (Bellamy et al., 2013; Khosravi et al., 2016; Zeng et al., 2016). AICc analysis 

revealed that stepwise selected models generated the “best” fitting for all study species since 

AICc was the lowest. The 10% contribution threshold ranked second and models calibrated using 

variables selected a priori ranked the third (Table 11). The lower AICc in stepwise selected 

models agrees with Zeng et al., (2016) who have similarly found variables selected using this 

technique to perform better and have lower model overfitting than variables selected a priori. 

Moreover, the large ∆AICc between initial a priori models and final stepwise selected models 

indicate models created under each approach were unique and not equivalent to each other 

(Table 11).  
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Previous studies have found AUCtest to significantly increase after pruning variables 

using the backward stepwise selection technique (Bellamy et al., 2013); however, this study did 

not detect the same increase for all study species. Instead, there was a decreasing trend of 

AUCtest as variables were removed from the models with observation records greater than 100 

(Wood Thrush and Canada Warbler) while AUCtest only increased for models with smaller 

numbers of observations (Hooded Warbler) (Table 11). The increase in AUCtest for the Hooded 

Warbler model could have been possibly due to the relatively small number of observation 

records. The number of variables to be included in the SDM can depend in part on the number of 

observation records available for modelling (Pearson et al., 2007; Rushton et al., 2004). Small 

number of occurrences can contain less information about a species relationship with the 

environment thereby fewer variables can be used for developing SDMs (Pearson et al., 2007). As 

the Hooded Warbler model consisted of only 16 observation records, having 10 variables in the 

initial variable dataset might have been overly large for the species. This study agrees with 

Ficetola et al., (2014) who have reported that a few variables (1-3) can be used when the number 

of observation records for bird species is small. Note that while Ficetola et al., (2014) have found 

that as few as one variable can be used for modelling species when sample size is low, a 

minimum number of two predictors is still required for developing SDMs (Parolo et al., 2008; 

Zeng et al., 2016).  

  

Although average AUCtest decreased in the final “best” fitting models for the Wood 

Thrush and Canada Warbler, it was interesting to find that removing poor contributing variables 

decreased omission error rates for all study species but at the expense of increased MPA (Table 

11). Possible explanation for this diverging pattern in AUC and omission error rate could be due 

to the way in which AUC is calculated. While calculations for omission error is independent of 

specificity (proportion of absence points correctly classified), AUC takes both sensitivity 

(proportion of presence points correctly classified) and specificity into account (Lobo et al., 

2008). A model predicting a larger extent as suitable for species presence will ensure small 

omission error but this over prediction can also result in lower AUC values as the proportion of 

species absence are being incorrectly classified (commission error). As such, this study and 

together with other studies highlight the challenges of using AUC as a single measure of model 

performance (Fourcade et al., 2014; Jiménez-Valverde, 2012; Lobo et al., 2008). While AUC 
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may be a good measure of model discriminatory power, results also emphasize the importance of 

using other metrics of performance such as omission error rate and MPA to better evaluate the 

accuracy of the model.  

 

3.4.2 Variable contribution  

 

Selecting variables under both the 10% contribution threshold and backward stepwise 

technique resulted in Maxent models with fewer variables (2-5) than initial a priori models. The 

final subset of variables selected under both variable selection techniques commonly consisted of 

a combination of climatic, topographic and vegetation predictors. Despite the ability of both 

variable selection techniques to remove poor contributing variables, each technique generated 

different sets of environmental data for study species and the relative contribution of each 

variable also differed when compared (Table 10). Results agree with Zeng et al., (2016) who 

have reported the same trend when selecting variables using different techniques. In general, the 

10% contribution threshold technique included variables that contributed greater than 10% while 

the backward-stepwise approach was less restricted and included variables contributing less than 

10% into the model (Table 10). Within species, the relative importance of variables differed with 

variable selection technique. For instance, while elevation ranked the lowest in variable 

contribution for the Canada Warbler species in the 10% contribution model (13.2%), relative 

importance changed for elevation changed in the backward stepwise model and ranked second 

instead (30.3%). Similarly, the relative importance of variables changed for the Wood Thrush 

model with forest cover explaining most of the variability in the 10% contribution model 

(34.2%) while forest cover ranked second in the backward stepwise model explaining 28.3% of 

the variation (Table 10). As variable sets differed between variable selection techniques, change 

in relative importance might have been possibly attributed to the different interactions amongst 

selected variables.  
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3.4.3. Final “best” fitting model  

 

Overall, the variables selected into the final “best” fitting model using the stepwise 

removal approach consisted of 3-4 variables and were not the same for all study species. Results 

agree with existing studies and emphasize the importance of developing species-specific set of 

environmental data for more accurate SDMs (Bellamy et al., 2013). Species presence was best 

predicted by generally including biotic variables related to forest cover into the final model for 

all study species (Table 10) (Figure 10). This is reasonable as study species are forest-interior 

specialist birds and vegetation can directly provide shelter and food for them, whereas more 

distal indirect variables such as topography can exert a less direct effect on species distribution 

patterns (Austin, 2002). Habitat quality for forest birds can be greatly influenced by the spatial 

arrangement, size, shape and edge density of forest patches (Austen et al., 2001; Fahrig, 2003). 

Since the Grand River watershed consists of highly fragmented landscapes with few remnants of 

forest patches, including more information relevant to the configuration and fragmentation of the 

landscape (e.g. distance from forest edge, mean patch size, forest edge density, landscape 

diversity) can be important for modelling the distribution of forest birds in mixed forest-

agricultural landscapes (Ferraz et al., 2012). Although this study did not incorporate common 

metrics of habitat fragmentation such as mean patch size and edge density into the model as they 

highly correlated to forest cover, distance from forest patches was found to be an important 

variable for predicting study species. This high contribution of land cover configuration found in 

this study can be of great interest for conservation management. Since the spatial configuration 

of the surrounding forest habitats can play a key role in driving species distribution patterns, 

future conservation efforts may have to go beyond addressing local habitat conditions and design 

protected areas that account for the proximity of large forest patches.  

 

 Austin (2007) has highlighted the importance of selecting variables that are ecologically 

relevant to the target species, appropriate to the scale of the study and not be limited to variables 

that are easily measured or derived. As such, the strong contribution of distance variables in this 

study highlights the need to derive more complex variables other than simply using forest cover 

to predict the spatial distribution of forest birds. Previous studies have commonly derived 

distance variables based on the distance to the nearest forest patch regardless of forest patch size 
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(Ferraz et al., 2012; Jackson and Fahrig, 2014; Torres et al., 2010). This study used a different 

approach and created distance variables by deriving multiple distance variables representing 

distance from each cell to forest patches of different sizes (i.e. forest patches greater than 200 

hectares, greater than 300 hectares and greater than 500 hectares). The distance variable with the 

greatest predictive power was incorporated into the model. Creating multiple distance variables 

using this approach can help us determine the minimum area of forest patch required to predict 

study species and provide the spatial context to protect forest habitats meeting the area criteria.  

 

3.4.3 Conservation implications 

 

To conserve species, the geographic distribution of species (species occurrence and/or 

abundance) must be first studied and mapped to determine areas of potential conservation value 

(Johnson and Gillingham, 2005). In the past, many studies have commonly developed SDMs 

using a set of fixed set of environmental variables selected a priori (Ferraz et al., 2012; Aryal et 

al., 2016; Costa et al., 2010; Ko et al., 2009; Moreno et al., 2011). However, this study and 

together with other studies have found that the reiterative process of removing poor variables one 

at a time can result in Maxent models with lower model overfitting and omission error rates 

(Zeng et al., 2016). The small number of variables in the final stepwise selected model makes 

them easier to interpret and provide a more practical set of environmental variables for 

conservation management (Baldwin, 2009). Moreover, the species distribution maps generated 

from the final stepwise selected models may also be used to inform local conservation 

management and identify areas of potential conservation value.  

 

Although pruned models under both techniques resulted in lower omission error and 

model overfitting than initial a priori models, it is important to note that the MPA was also 

higher in pruned models and it was almost doubled in the Canada Warbler and Wood Thrush 

model. While the increase in MPA did not affect the overall distribution of predicted area in the 

study site (Figure 9), the almost two-fold increase in MPA is an issue that conservation 

practitioners should keep in mind when interpreting predictions for conservation. Since omission 

error can negatively correlate with MPA, conservation practitioners should also be carefully 

assessing for the implications of omission and commission error in model predictions. While 
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high commission error may be less of an issue in conservation planning as more land can 

protected, high commission error can also be costly for conservation programs where 

conservation dollars are limited (Loiselle et al., 2003).  

 

Lastly, SDMs can also be particularly useful for predicting the potential consequences of 

landscape change to species presence (Ferraz et al., 2012; Ficetola et al., 2014). Based on the 

analysis of variable contribution, forest cover and distance from forest patches greater than 300 

hectares contributed greatly in predicting the distribution of study species. The high contribution 

of forest cover and distance variables in predicting study species suggests that greater emphasis 

should be placed on protecting these remaining forest patches to better conserve forest birds at 

risk in the Grand River watershed. Moreover, predicted presence area for the Wood Thrush and 

Canada Warbler species were mostly found within the middle section of the watershed, close to 

the developing Kitchener-Waterloo, Cambridge and Brantford area. Mapped predictions suggest 

that future development in this area should also proceed with caution to avoid destroying 

significant habitats for forest bird species at risk around this region. Note that the species 

distribution maps in this study were created using a 10th percentile training presence threshold to 

create binary species-presence maps. A different threshold may be selected depending on the 

research objectives of conservation practitioners but selecting a different threshold will result in 

different predicted areas and omission errors (Liu et al., 2005). Instead of using binary thresholds 

to create presence-absence maps, conservation practitioners could alternatively create 

conservation maps based on the species presence probability scores (e.g. protect land that meets 

at least 50%, 75% or 85% probability for species presence) (Figure 8).  

 

3.4.4 Limitations, uncertainties and future studies  

 

Since this study worked with three forest-interior bird species, 10 environmental 

variables were selected a priori based on existing forest birds SDMs. Although Maxent predicted 

well with the selected variables, note that this study started with a common set of environmental 

data for all study species. As found in this study, selecting a set of environmental data specific to 

each study species can improve model accuracy. Therefore, future studies could benefit by 

selecting initial a priori variables that are more ecologically relevant and specific to study 
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species rather than the common approach of using a general set of predictors for multiple 

species. For instance, note that precipitation predictors had a relatively higher contribution than 

vegetation predictors in the Canada Warbler model. This was not expected as climate variables 

tend to have a lower influence than vegetation variables in predicting species patterns at a 

landscape scale (Pearson and Dawson, 2003). While annual precipitation may be an important 

predictor for the Canada Warbler, it may also be possible that this predictor correlated with other 

more proximal predictors not accounted in this study due to using a general set of environmental 

data for forest birds. Since the Canada Warbler has been found to prefer moist and swampy 

forests (COSEWIC, 2008), future studies could also incorporate other ecologically important 

predictors such as moisture index or availability of swamp habitats into the model.  

 

Moreover, the contribution of other potentially important variables such as biotic 

interactions were also not considered in this study. Species regularly interact with other species 

throughout their life cycles and biotic processes such as predation, competition and mutualism 

can also significantly affect species distribution patterns (Wisz et al., 2013). While some authors 

have noted that biotic interactions play a relatively minor role in driving species patterns at the 

landscape and regional scale, others have found that incorporating biotic processes into SDMs 

can greatly improve accuracy for models beyond the local scale (Heikkinen et al., 2007; Trainor 

et al., 2014). Incorporating biotic interactions remains an ongoing challenge given the difficulty 

of quantifying and deriving variables to represent biotic interactions (Wisz et al., 2013). Not 

having enough ecological information about the target species can further add to the limitation. If 

the interactions of the target species with other species are well-known, future studies could 

attempt including biotic processes into the proposed SDM by adding a GIS layer of another 

species’ distribution to act as a proxy for competition or predation (Thomasson and Blouin-

demers, 2015; Wisz et al., 2013). Other approaches to incorporating biotic and population 

dynamics into SDMs include combining migration model, community dynamic model, or 

population viability models into traditional SDMs (Franklin, 2010). Hybrid-SDMs which 

combine environmental data with population dynamics have been shown to improve model 

accuracy and reduce the number of commission errors since predicted area can be smaller after 

considering population dynamics and biotic interactions in the system (Heinrichs et al., 2010).  
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Lastly, lack of presence-absence data is an ongoing and common limitation in SDMs. 

Evaluating the accuracy of predictions generated by SDMs should ideally be performed using an 

independent set of species presence-absence data from field surveys to determine both omission 

and commission error rates (Fielding and Bell, 1997). However, this approach was not possible 

in this study given the lack of survey data, a very common situation when working with 

presence-only data. Although, models were evaluated using commonly-used data partitioning 

methods (Guisan and Zimmermann, 2000), it is still of interest to validate how well the model 

performs within and outside of the study region using an independent set of field survey data to 

better assess model accuracy (Johnson and Gillingham, 2005).  

 

3.5 Conclusions   

  

Accurate maps of species distributions are important for effective conservation planning 

(Guisan et al., 2013). While SDMs have been commonly used for predicting and mapping 

species distribution, the predictive performance of SDMs can depend on the environmental data 

used for calibration (Hu and Jiang, 2010). Using forest birds at risk in the Grand River watershed 

as case study, this study evaluated and compared the predictive performance of three variable 

selection techniques: a priori, using percent contribution threshold and backward stepwise 

selection technique. Each variable selection technique generated different sets of environmental 

data for study species and the relative contribution of variables differed amongst techniques as 

well. Models calibrated variables selecting using a 10% threshold and backward stepwise 

technique yielded predictions with lower model overfitting and omission errors than the common 

approach of using a fixed set of variables selected a priori. Study highlights the potential 

implications of incorporating poorly contributing variables into the model and the possibilities of 

overfitting model when using a large set of environmental variables. Whilst the 10% threshold 

and backward stepwise technique generated SDMs with comparable predictive performance, the 

latter approach yielded the most parsimonious SDMs for all study species as per the AICc 

analysis. Environmental dataset selected into the final backward stepwise selected model 

consisted of 3-4 variables and were not the same for all study species. As such, future modelling 

designs should also consider using species-specific set of environmental data rather than the 

common approach of using a general set of environmental data when modelling multiple species. 
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Lastly, this study agrees with previous studies and found that including other landscape variables 

other than forest cover can also be important for predicting the distribution of forest birds, with 

distance from the large forest patches being a dominant variable for most of the studied species. 

The importance of distance variables suggests that conservation efforts of forest birds should go 

beyond addressing local habitat and develop comprehensive management plans that address 

potential limiting factors at both habitat and landscape scale.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



90 
 

CHAPTER 4: CONCLUSIONS AND RECOMMENDATIONS 

 

4.0 Overview 

 

Due to the increasing anthropogenic pressure in the Grand River watershed, this thesis 

presents a SDM developed using Maxent for predicting the distribution of forest birds at risk 

(Hooded Warbler, Canada Warbler and Wood Thrush) in the Grand River watershed, Ontario. 

To develop useful models for predicting the distribution of forest birds at risk, this thesis 

explored two major research gaps related to the development of Maxent models. In Chapter 2, 

the first manuscript investigated the potential value of eBird data as a source of presence-only 

data for species distribution modelling and the effects of different sampling bias correction 

techniques (systematic filtering and weight-bias file) to the predictive performance of Maxent 

models. In Chapter 3, the second manuscript explored the second research gap related to the 

practice of variable selection to determine an optimum set of environmental variables for 

modelling. As multiple techniques for variable selection exist, Chapter 3 assessed the predictive 

performance of two different variable selection techniques, backward stepwise and percent 

contribution threshold, with the common practice of selecting variables a priori to determine an 

appropriate technique for selecting environmental data. Major research findings, contributions, 

research limitations and recommendations for future research are summarized below.  

 

4.1 Major research findings  

 

Overall, this thesis found that Maxent models calibrated using eBird data generated 

models with high discriminatory power and predicting better than random for all study species 

(AUCtest > 0.75). Results support Snäll et al. (2011) who have noted that citizen science data can 

be particularly useful for modelling rare or endangered species as volunteers tend to report these 

species. In Chapter 2, this thesis also found that correcting for sampling bias using weight-bias 

files resulted in models with higher predictive performance than systematically-filtered models. 

This was not expected as previous studies have found the systematic filtering technique to be the 

most effective and quickest approach for correcting sampling bias (Aryal et al., 2016; Boria et 
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al., 2014; Fourcade et al., 2014). The weaker performance of the systematic filtering technique in 

this study could have been possibly due to the ecological traits of study species. Since study 

species are specialist forest-interior species with stronger preferences for forest-interior 

conditions, they can be more concentrated around specific locations meeting forest-interior 

conditions. Spatial clustering of species records can be an important ecological indicator 

(Dormann et al., 2007) thereby using a systematic filter may have increased the risks of 

removing important ecological information from the model. Findings agree with Kramer-Schadt 

et al. (2013) who have found weight-bias file to perform better with specialist range-restricted 

species and the systematic filtering technique to work better with generalist species of Malay 

civets. Future studies comparing the predictive performance of specialist and common generalist 

bird are needed to further test this hypothesis.  

  

In addition to accounting for sampling bias using weight-bias files, this thesis also found 

in Chapter 3 that refining the environmental dataset using a 10% contribution threshold and 

backward stepwise variable selection technique resulted in models with lower model overfitting 

and omission error than the common approach of selecting environmental variables a priori. 

Research results support Zeng et al., (2016) who have similarly found lower model overfitting 

when variables were selected using a backward stepwise approach. Although the 10% 

contribution threshold and backward stepwise technique generated model predictions with 

comparable predictive performance, the latter technique generated the “best” fitting model for all 

study species as per the AICc analysis. The set of environmental variables selected into the final 

model was not the same for all study species; therefore, results emphasize the need for species-

specific set of environmental variables when developing SDMs.  

 

Lastly, results also highlight the need for multiple performance metrics during model 

evaluation. As observed in Chapter 3, removing poor contributing variables decreased model 

discriminatory power (AUCtest) for some species; however, omission error rate also decreased 

but at the expense of increased MPA. This trade-off between AUCtest and other metrics of model 

performance has also been observed in other studies (Khosravi et al., 2016). This study agrees 

with Lobo et al., (2008) and challenges the practice of using AUC as a single measure of model 

performance. While AUC may be a good measure of model discrimination ability to predict 
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better than random, research findings emphasizes the need for other metrics of performance such 

as omission error rate and MPA to better evaluate the accuracy of the model.  

 

Based on the results learned from Chapter 2 and Chapter 3, this thesis developed final 

optimized Maxent models to predict the distribution of forest birds at risk by i) applying a 

weight-bias file to minimize the effects of sampling bias and by ii) refining the environmental 

dataset using a backward-stepwise selection technique. Optimized models yielded predictions 

with high discriminatory power (AUCtest > 0.75), low model overfitting (AUCdiff ˂ 0.1) and 

omission error rates (13.3% -14.4%). The lower model overfitting and omission error rates in the 

final optimized models represent a substantial improvement from the initial control models 

which originally had omission error rates ranging from 13.9% - 36.7%.  

 

4.2 Limitations, uncertainties and recommendations for future investigation  

 

Although this study found weight-bias files to outperform the systematic filtering 

technique, this study did not assess for the effects of using different filtering grid sizes to remove 

records from the dataset. As species are specialist species, there is also the possibility that the 

filtering grid might have been too large for the study species. Future research could consider 

using a filtering distance specific to the territory size of each study species or test the effects of 

different grid sizes to determine whether there is an optimal filtering grid size for removing 

observation records without having to compromise important ecological information from the 

model. Moreover, it is important to note that the weigh-bias file used in this study was 

standardized to have a scale of 1-20 to avoid extreme down-weighing of records from the more 

sampled regions under the recommendation of Elith et al., (2010). While studies have normally 

standardized their weight-bias files to 1-20 following Elith et al. (2010), little is known about the 

effects of using a different weight scale other than 1-20 or simply using the original density 

values. Future research in this area is needed to further understand appropriate methods for 

creating weight-bias files.  

 

As this study worked with three study species, this study calibrated the models using a 

common set of environmental data for all study species. However, this study found that using 
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species-specific set of environmental data can improve model accuracy. Future studies could 

benefit by including variables that are more ecologically relevant and specific to each individual 

study species rather than the common approach of using a general set of predictors. Moreover, 

the effects of other potentially important environmental factors such as biotic interactions were 

also not accounted in this study. Species may exist in smaller areas than predicted due to biotic 

interactions with other species through competition, predation or mutualism (Wisz et al., 2013). 

While biotic interactions have often been used to study species distribution at local scales, it has 

been found that incorporating biotic processes into SDMs can greatly improve accuracy for 

models beyond the local scale (Heikkinen et al., 2007; Trainor et al., 2014). Future studies 

examining the effects of different biotic interactions at different scales are warranted.  

 

Moreover, assessing model predictive performance is critical if predictions are going to 

be used for conservation planning (Johnson and Gillingham, 2005). However, this study was not 

able to validate model predictions using an independent set of presence-absence data given the 

lack of survey data available. While this study used common data-partitioning techniques to 

validate model predictions, future studies should ideally evaluate SDMs using an independent set 

of species presence-absence data from research field surveys to determine both omission and 

commission error rates (Fielding and Bell, 1997). This will provide a better indication of how 

well the proposed SDMs in this study reflect species distribution patterns. In addition, it will also 

be of interest to validate model predictions outside of the study region to understand how 

transferable proposed SDMs are at predicting species under new scenarios.  

4.3 Research contributions and significance  

 

This study presents for the first time an evaluation of eBird data as a source of presence-

only data for species distribution modelling in the Grand River watershed of southern Ontario, 

Canada. The high predictive performance of Maxent models calibrated using eBird data makes 

practical contributions to conservation planning and supports eBird data as a valuable source for 

studying the distribution of forest birds at risk. While citizen science data should not be regarded 

as a complete substitution to field survey data, there are certain mobile or inconspicuous species 

that can be extremely difficult to survey and opportunistic observations submitted by volunteers 

can be highly valuable in these cases when survey data is limited.  
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Furthermore, this thesis is also one of the first few studies to explore the topic of variable 

selection and compare the effects of using different variable selection techniques to model 

performance. While, most studies have commonly calibrated SDMs using a fixed set of 

environmental variables selected a priori based on ecological knowledge or existing SDMs 

(Ferraz et al., 2012; Aryal et al., 2016; Costa et al., 2010; Ko et al., 2009; Moreno et al., 2011), 

this thesis found that the iterative process of variable selection based on predictive power 

outperformed the common approach of simply selecting variables a priori. The final set of GIS 

environmental variables identified in this thesis can help save time and resources for modellers 

interested in predicting the distribution of forest birds in the Grand River watershed. Most 

importantly, the species presence maps generated from the optimized models can be used to 

inform local conservation management and identify critical areas for the conservation of species.  

 

In summary, this thesis presents SDMs for predicting the distribution of forest birds at 

risk in the Grand River watershed with high predictive performance. Research findings 

contribute further knowledge to the methodology of species distribution models and highlight the 

need to account for sampling bias and refine the environmental dataset to develop more accurate 

SDMs.  
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APPENDICES 

 

Appendix A. Methods and technical discussion 

 

1. Principles of Maxent 

Maxent is a machine-learning generative species distribution model (SDM) for predicting 

species distribution from incomplete, small or opportunistic presence-only data (Phillips et al., 

2006). Maxent offers several advantages in comparison to other SDM algorithms: 1) It requires 

only presence-only data 2) It can process both continuous and categorical variables and 3) it can 

fit data using a set of more ecologically realistic response functions (i.e. linear, quadratic, 

product, hinge, threshold) (Phillips et al., 2006). Maxent predicts species distribution by finding 

the probability distribution of maximum entropy (closest to uniform) after accounting the set of 

environmental constraints in the model. Maxent distribution is equivalent to the Gibbs 

distribution derived from the set of environmental variables and the procedure can be defined as 

(Equation 1):  

 

       (Equation 1) 

 

Where λ represents the vector of feature weights, f is the set of environmental variables, 

X denotes the pixels (localities) in the study area, and Zλ is a normalization constant to ensure 

the sum of probabilities for qλ(X) equals one over the study area (Phillips et al., 2006). The 

Maxent distribution qλ(X) is achieved by maximizing a penalized log-likelihood of the presence 

sites (Equation 2):  

 

                              (Equation 2) 

 

 

The first log-likelihood term provides information into how Maxent uses background 

data to predict species distribution and it increases with model fitness to calibration data  

(Phillips and Dudík, 2008). The first log-likelihood term will be larger for models that predict 

closer to the calibration data. The second term, the regularization multiplier, increases as the 

weight (λi) increases. Models with higher weight (λi) typically correspond more to highly 

complex models that are more likely to overfit. High model overfitting results in the model 

fitting too closely to the calibration data and predicting poorly in un-sampled regions outside of 

the calibration sites ((Phillips and Dudík, 2008). As Maxent is a machine learning SDM prone to 

model overfitting, the second regularization term was incorporated to control model overfitting 



107 
 

by relaxing weights (λi) and constraining Maxent predictions to be close to the empirical value, 

but not equal to it (Phillips and Dudík, 2008).  

 

2. Software requirements for installing Maxent 

Maxent is an open-access software which can be easily downloaded from: 

http://biodiversityinformatics.amnh.org/open_source/Maxent/. The software consists of a 

Maxent.jar file and requires Java version 1.4 or later. The program is compatible with Microsoft 

Windows and Apple IOS operating system. If Maxent is going to be used with Microsoft Office, 

then the Maxent.bat file must also be downloaded along with the Maxent.jar file (Figure A1). To 

start the program in Microsoft Office, simply click on the Maxent.bat file and a graphic interface 

will appear (Figure A2). For other operating systems, enter "java-mx512m -jar Maxent.jar" into 

a command shell and the default value of "512" can be replaced to other megabytes of memory 

for allocation to the program (Phillips et al., 2006).  

 

 

 

 

 

 

                    Figure A1. Maxent file set up in Microsoft Office 
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                            Figure A2. Maxent graphic interface  

 

3. Data requirements 

Maxent requires geo-referenced species occurrence data and a set of environmental 

variables. Species data to be incorporated into the model must be in .csv format and include 

information about the species name and respective geographic coordinates. Coordinate systems 

other than latitude and longitude can also be used (e.g. UTM) given that the sample file and 

environmental layers use the same coordinate system. The “x” coordinate should come before 

the “y” coordinate in the sample file. If the presence data has duplicate records (multiple records 

within the same grid cell”, the duplicates will be removed by default (Figure A3 for sample file).  

 

 

 

 

 

Figure A3. Format for preparing species data for Maxent. Note that field names can             

be changed as the Maxent will automatically recognize the first field related to species 

name, second as “x” coordinate and third field as “y” coordinate.  
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Environmental layers must be ascii raster grids and processed to have the same 

geographic extent and cell size. For this study, environmental layers were created using ArcGIS 

v10.4 and the Extract by Mask tool was used to create raster files with the same geographical 

bound and cell size.  

 

4. Data used for creating climatic layers 

The Grand River watershed consists of four climatic zones: Dundalk Upland, Huron 

Slopes, South Slopes and Lake Erie counties. Thus, climatic variables commonly used for 

predicting species distribution (annual precipitation, annual temperature, precipitation of the 

warmest quarter and temperature of warmest quarter) were derived from 42 weather stations 

within and around the Grand River watershed (Figure A4).  Data used for deriving climate data 

are summarized in Table A1.  
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               Figure A4. Meteorological stations within and near the Grand River watershed for weather interpolation in ArcGIS. 
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Table A1.  Averaged climate data from 42 meteorological stations in and around the Grand River watershed for weather interpolation (1971-2010) (Source: 

Government of Canada (2016)). 

Station name Y coordinate X coordinate 

Elevation 

(m) 

Annual temp. 

(C°) 

Temperature 

warmest 

quarter (C°) 

Annual 

Precipitation 

 (mm) 

Precipitation of 

warmest 

quarter (mm) 

(1981-2010)        

Preston  43°23'29.000" N 80°25' 00.000" W 291 7.4 19.4 976.0 94.1 

Waterloo Wellington  43°27'00.000" N  80°23'00.000" W 317 7 18.8 916.5 88.3 

Roseville  43°21'13.026" N  80°28'25.056" W 328 7.3 19.4 918.7 86.1 

Glen Allan  43°41'02.058" N  80°42'37.086" W 400 6.7 18.7 1,014.2 90.8 

Fergus Shand Dam  43°44'05.088" N  80°19'49.098" W 418 6.7 18.8 945.7 89.9 

Brantford MOE  43°08'00.000" N  80°14'00.000" W 196 8.1 20.1 867.3 77.0 

Stratford WWTP  43°22'08.016" N  81°00'17.058" W 345 7.4 19.1 1,069.6 87.5 

Woodstock  43°08'10.044" N  80°46'14.040" W 282 7.8 19.7 969.0 89.6 

Millgrove  43°19'00.000" N  79°58'00.000" W 255 7.9 19.7 1,004.5 87.2 

Hamilton RBG  43°17'00.000" N  79°53'00.000" W 102 8.6 20.6 897.1 81.7 

Middleport TS  43°07'00.000" N  80°02'00.000" W 206 8.2 20.1 908.9 83.6 

Georgetown WWTP  43°38'24.018" N  79°52'45.018" W 221 7.1 18.8 877.4 75.9 

Burlington TS  43°20'00.000" N  79°50'00.000" W 99 9.1 21.1 863.1 75.5 

Hamilton A  43°10'18.072" N  79°56'03.036" W 238 7.9 19.7 929.8 88.3 

Foldens  43°01'06.078" N  80°46'51.036" W 328 8 19.9 953.8 88.2 

Orangeville MOE  43°55'06.066" N  80°05'11.064" W 412 6.3 17.9 901.5 67.7 

Hagersville  42°58'00.000" N  80°04'00.000" W 221 8.4 20.1 956.2 88.9 

Delhi CDA  42°52'00.000" N  80°33'00.000" W 232 8 19.9 1,035.8 89.7 

Oakville WPCP  43°29'00.000" N  79°38'00.000" W 87 8.1 19.6 806.7 75.0 

Culloden Easy  42°53'22.040" N  80°50'48.060" W 280 8 19.9 1,045.7 86.5 

(1971-2000)        

Guelph arboretum  43°33'00.000" N  80°13'00.000" W 328 6.2 18.4 923.3 86.8 

Cambride GALT MOE  43°20'00.000" N  80°19'00.000" W 268 7.2 19.2 912.9 79.4 

Copetown  43°15'00.000" N  80°07'00.000" W 229 7.5 19.3 977.8 88.7 

Grand Valley WPCP  43°53'00.000" N  80°20'00.000" W 465 5.5 17.4 917.3 88.3 

Monticello  43°58'00.000" N  80°24'00.000" W 482 5.1 17.4 990.5 89.9 

Cromarty  43°25'00.000" N  81°20'00.000" W 328 6.7 18.6 1,096.3 79.9 

St. Catherines A  43°12'00.000" N  79°10'00.000" W 98 9 20.6 880.1 78 

Welland  42°59'33.096" N  79°15'40.098" W 175 8.8 20.2 997.4 81.5 

Ridgeville  43°02'30.000" N  79°19'30.000" W 236.2 8.9 20.5 946.2 81.9 

Port Colborne  42°53'00.000" N  79°15'00.000" W 175.3 9.2 20.6 984.6 81.2 

Vineland Rittenhouse  43°10'00.000" N  79°25'00.000" W 94.5 9.2 20.6 891.6 80.4 
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Blyth  43°43'06.024" N  81°23'01.080" W 350.5 7.2 19.2 1,246.9 87.8 

Hanover  44°06'59.058" N  81°00'21.042" W 270 6.7 18.5 1,087.1 85.5 

Proton Station  44°10'00.000" N  80°31'00.000" W 480.1 5.2 16.8 1,106.3 87.8 

Durham  44°11'00.000" N  80°49'00.000" W 384 6.6 18.5 1,118.5 90.3 

Dashwood  43°22'00.000" N  81°37'00.000" W 253 8.2 19.7 1,006.8 83.0 

London Airport  43°01'59.000" N  81°09'04.000" W 278 7.9 19.6 1,011.5 85.8 

Chatsworth  44°23'42.054" N  80°54'20.008" W 305 6.2 17.9 1,152.9 88.5 

Owen Sound MOE  44°35'00.000" N  80°56'00.000" W 178.9 7.1 18.8 1,100.1 74.2 

Albion Field Centre  43°55'00.000" N  79°50'00.000" W 289.1 6.5 18.8 792 78.2 

St Catherines Power Glen  43°12'00.000" N  79°10'00.000" W 97.8 9 20.7 880.1 79.4 

Port Dalhousie  43°11'00.000" N  79°16'00.000" W 91.4 9.3 20.9 945.1 80.9 

Niagara Falls NPCSH  43°08'00.000" N  79°03'00.000" W 175.3 9.2 20.8 947.5 79.7 
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5. Creation of topographic layers 

Topographic layers were creating using the Provincial Digital Elevation Model (DEM) 

(OMNR, 2006). The Provincial DEM consists of a series of mosaicked elevation raster files (30 

m cell size) covering the entire province. Since several mosaicked raster files covered the study 

site, the raster files were merged in ArcGIS 10.4 using the Mosaic to New Raster tool to generate 

smooth transition along the mosaicked raster boundaries with a minor amount of interpolation 

(OMNR, 2006). While the Grand River Conservation Authority has a 25m hydrologically-

conditioned DEM raster corresponding to the study site, this layer was not used as it is outdated 

and has been replaced by the Provincial DEM (Green, personal communication, 2016).  

 

6. Creation of landscape variables using FRAGSTATS  

 

Landscape related variables were derived using FRAGSTATS v4.2.1. (McGarigal et al., 

2012), a program designed for deriving landscape metrics. The program can be freely 

downloaded from the following link: 

https://www.umass.edu/landeco/research/fragstats/fragstats.html. FRAGSTATS output data can 

be imported into ArcGIS for further analysis and processing; however, FRAGSTATS is only 

compatible with ArcGIS 10.0 or earlier. If the researchers are interested in working with ArcGIS 

10.0 or later, raster data should be in GEOTIFFS format prior to analysis in FRAGSTATS.  

In this study, forest and wetland cover were derived as percentage cover (%) around each 

focal cell using a moving window analysis in FRAGSTATS v4.2.1. (McGarigal et al., 2012). A 

class descriptor table was incorporated into the model to specify the specific land cover/use 

interested for analysis. The descriptor table must be created in .txt format and contain four fields: 

ID which refers to the unique class value corresponding each class, Name which is the 

description of each class, Enabled follows a true/false designation and indicates whether the 

class will be computed or not and IsBackground corresponds whether classes will be treated as 

background or not (true/false) (Figure A5). 

 

 

Figure A5. Sample of descriptor file used for FRAGSTATS calibration.  

 

During the moving window analysis, FRAGSTATS has the option of computing 

variables in class and landscape format. Class metrics represent the composition of a particular 

land use/cover type whereas landscape indices are used for representing measurement of overall 

land use pattern (McGarigal and Marks, 1995). Since this study was interested in deriving 

fragmentation metrics for a specific land class, variables were derived only in class metric 
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format. Windows with a minimum of 0.00% or no data were accepted to include cells along the 

border of the study site (Figure A6). As window analysis along the boundary of the study site 

can result in partial windows containing edges and no data into the analysis, a buffer of 1,000 m 

was generated around the extent of the study site to avoid treating data outside of study site as 

real no data (McGarigal and Marks, 1995).  

 

Figure A6. Parameters used for conducting moving window analysis in FRAGSTATS v4.2.1 to 

obtain landscape metrics.   

 

7. Calculation of AICc using ENMTools 

Aikake’s Information Criterion (AIC) for model selection were determined using 

ENMTTools v1.4.4 (Warren et al., 2010). ENMTools is a Perl script with a graphic interface 

which interacts with Maxent to allow users implement various statistical comparisons of SDMs. 

The software can be freely downloaded from: http://enmtools.blogspot.ca/ and it can be 

implemented in both Microsoft Windows and Mac IOS systems given that the following 

applications have been installed: Java, Maxent, Perl and associated Tkx package. Input data for 

ENMTools is similar to Maxent requiring ascii and .csv formatted files to properly execute 

(Warren et al., 2010).  

To determine the AIC values for Maxent models, models must be generated in “raw” 

output type instead of the commonly used “logistic” output (Figure A7). As logistic models are 

used for creating species presence maps, models in Chapter 3 were created in both raw and 

logistic output. 
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Figure A7. Parameters used in Chapter 3 for obtaining the raw Maxent model outputs for 

AICc analysis  

 

Once all the raw models have been prepared, ENMTools requires the individual lambda 

and asci files of the raw models summarized in a .csv script file. The script file can be created 

using Microsoft Excel following the general format of: <observation points file>, <prediction 

raster in raw format>, <model lamddas file>. Since Maxent models in this study consisted of 10 

or 5 replicates depending on the study species, a new line was generated for each model 

replicate. For instance, since the Canada Warbler model consisted of 10 replicate, the script file 

will look like Figure A8. AICc values were obtained for each replicate and averaged to obtain an 

overall AICc measure of the model.  

 

Figure A8. Sample script file for AICc analysis for ENMTools.   
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Figure A9. Basic parameters used for developing the model used in Chapter 2. Features 

were automatically selected from the subset of linear, quadratic and hinge features. Create 

response curves and Do jackknife to measure variable importance were checked to measure 

variable importance and species response to variables. Output format was set to logistic to 

create species presence maps and presence probability from a scale of 0 (low probability) – 

1 (high probability). Note: Models in chapter 3 were also run in raw output format for AICc 

analysis in ENMTools (See Figure A7). 
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Figure A10. Basic parameters used for developing models in Chapter 2. Cross-validate 

option was check to partition the data into validation and training datasets. Note that the 

number of replicates was set to 5 for the Hooded Warbler model given the low number of 

observation records. All other options were set to default.  
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Figure A11. Advanced Maxent settings – Iterations were changed to 2,000 from the 

default of 500 to allow the model have enough time for convergence. The “Write output 

grids” option was checked off to obtain an averaged output grid from all the replicates 

instead of obtaining the output files for all individual replicate runs. This can increase 

processing time and decrease disk space. Note: The “Write output grids” was checked for 

raw models as AICc analysis requires the output files for individual replicates. Weight-

bias files were incorporated by in the “Bias file option”. All other values were set to 

default.  
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8. GIS layers derived for modelling   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A12. Climate variables 
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Figure A13. Topography variables 



121 
 

 

Figure A14. Land cover variables  
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Figure A14. Land cover variables 
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Figure A14. Land cover variables  
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Figure A17. Distance variables
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Appendix B. Variable correlation analysis 

 

Table B1. Pearson pair-wise correlation analysis of all environmental variables derived for modelling the distribution of forest birds. 

Variables in bold are correlated (r≥0.7).  

 

Variable  ͣ

 

Annual 

prec. 

 

Annual 

temp. 

 

Distance 

water 

 

Edge dens. 

(100) 

 

Edge dens. 

(200) 

 

Mean patch 

(100) 

 

Mean patch 

(200) 

 

Num patch 

(100) 

 

Num patch 

(200) 

 

Prec. 

warmestq 

 

 

Annual prec.           
Annual temp. -0.27          
Distance water 0.24 -0.2         

Edge density (100) -0.07 0.04 0        
Edge density (200) -0.05 0.04 0.02 0.63       
Mean patch size (100) -0.1 0.07 -0.01 0.57 0.5      
Mean patch size (200) -0.05 0.05 0.03 0.41 0.81 0.37     
Num. patch (100) -0.1 0.06 0 0.79 0.63 0.8 0.5    
Num patch (200) -0.07 0.07 0 0.38 0.62 0.77 0.55 0.61   
Prec warmestq. 0.61 -0.28 0 0.07 -0.05 -0.09 -0.06 -0.09 -0.07  

Temp. warmestq. -0.3 0.98 -0.23 0.03 0.03 0.06 0.04 0.05 0.06 -0.27 

Dist.  forest(200) 0.46 -0.46 0.31 -0.01 -0.09 -0.17 -0.1 -0.15 -0.15 0.29 

Dist. forest(300) 0.45 -0.58 0.47 -0.07 -0.05 -0.13 -0.06 -0.11 -0.11 0.28 

Dist. forest(500) 0.84 -0.28 0.34 -0.08 -0.06 -0.13 -0.06 -0.12 -0.1 0.46 

Land diversity (100) -0.08 0.04 -0.02 0.83 0.51 0.41 0.33 0.67 0.3 -0.07 

Land diversity (200) -0.05 0.04 0 0.57 0.84 0.4 0.7 0.56 0.54 -0.05 

Forest cover(100) -0.13 0.07 -0.03 0.53 0.44 0.91 0.33 0.66 0.71 -0.12 

Forest cover(200) -0.16 0.08 -0.03 0.49 0.47 0.87 0.41 0.71 0.76 -0.14 

Elevation 0.43 0.93 0.22 -0.05 -0.05 -0.09 -0.05 0.09 -0.08 -0.02 

Slope -0.11 0.02 -0.13 0.06 0.04 0.05 0.03 0.06 0.02 0 

Aspect 0.03 0.05 0.01 0 0 0.01 0 0 0.01 -0.04 

Wetland cover (100) 0.07 -0.24 0.03 -0.08 0.08 -0.29 0.08 -0.05 0 0 

Wetland cover (200) -0.04 -0.12 0 0.1 0.02 -0.3 0.01 0.13 0 -0.07 
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ͣ Description of variables: 

Annual prec. = Annual precipitation  

Annual temp. = Annual temperature 

Edge density (100) = Forest edge density (m/ha) within 100 m moving window grid 

Edge density (200) = Forest edge density (m/ha) within 200 m moving window grid 

Mean patch size (100) = Forest patch area within 100 m moving window grid 

Mean patch size (200) = Forest patch area within 200 m moving window grid 

Num. patch (100) = Number of forest patches within 100 m moving window grid 

Num. patch (200) = Number of forest patches within 200 m moving window grid 

Prec. warmestq. = Precipitation of the warmest quarter 

Temp. warmestq. = Temperature of the warmest quarter 

Dist. forest(200) = Distance from forest patches greater than 200 hectares 

Dist. forest(300) = Distance from forest patches greater than 300 hectares 

Dist. forest(500) = Distance from forest patches greater than 500 hectares 

Land diversity(100) = Landscape diversity within 100 m moving window grid 

Land diversity (200) = Landscape diversity within 200 m moving window grid 

Forest cover(100) = Percentage of forest cover within 100 m moving window grid 

Forest cover(200) = Percentage of forest cover within 200 m moving window grid 

Wetland cover (100) = Percentage of wetland cover within 100 m moving window grid 

Wetland cover (200) = Percentage of wetland cover within 200 m moving window grid 

Temp. warmestq. = Temperature of the warmest quarter 

 

 

           

Variable 

Temp. 

warmestq 

Dist. 

forest200 

Dist. 

forest300 

Dist. 

forest500 

Land 

diver 

(100) 

Land 

diver (200) 

Forest 

cover 

(100) 

Forest 

cover (200) Elevation Slope Aspect 

Wetland 

cover 

(100) 

Temp warmestq.             
Dist forest (200) -0.47            
Dist forest (300) -0.63 0.71           
Dist forest (500) -0.29 0.48 0.56          
Land diversity (100) 0.03 -0.09 -0.06 -0.08         
Land diversity (200) 0.04 -0.07 -0.05 -0.05 0.56        
Forest cover (100) 0.07 -0.2 -0.15 -0.15 0.37 0.35       
Forest cover (200) 0.08 -0.24 -0.18 -0.18 0.37 0.39 0.95      
Elevation -0.94 0.5 0.59 0.45 -0.06 -0.05 -0.1 -0.12     
Slope -0.05 -0.12 -0.13 -0.07 0.06 0.04 0.07 0.07 0.05    
Aspect 0.03 0.03 0.03 0.1 0 0 0.01 0.1 0.02 -0.02   
Wetland cover (100) -0.24 0.21 0.2 0.08 0.04 0 -0.43 0 0.22 -0.25 -0.01  

Wetland cover (200) -0.12 0.03 0.05 -0.03 0 0.05 0.18 0.08 0.08 -0.1 0 0.88 
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Appendix C. Species response curves for control, weight-bias and systematically filtered models 

 

Figure C1. Species response to environmental variables in Maxent models under three modelling scenarios: (A) control, (B) weight-

bias file bias correction and (C) systematic filtering bias correction for three forest birds at risk. The curves show how the logistic 

prediction (species presence probability) changes as each environmental variable is varied while keeping all other environmental 

variables at their average sample value. Mean species probability are shown in red and one standard deviation are shown in blue. 5 

replicate runs for Hooded Warbler and 10 replicate runs for the Canada Warbler and Wood Thrush species. Note: prec. warmest 

quarter represents precipitation of the warmest quarter. The dependent (Y) variable on each graph represents the mean species 

probability presence (0 for low probability, 1 for high probability).   
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Appendix D. Species response curves for a priori, 10% contribution threshold and backward-stepwise selected models  

 

Figure D1. Species response to environmental variables in Maxent models under three variable selection technique: (A) a priori, (B) 

10% contribution threshold and (C) backward stepwise selected models for three forest birds at risk. The curves show how the logistic 

prediction (species presence probability) changes as each environmental variable is varied while keeping all other environmental 

variables at their average sample value. Average species progrability are shown in red and one standard deviation are shown in blue (5 

replicate runs for Hooded Warbler and 10 replicate runs for the Canada Warbler and Wood Thrush species). Note: prec. warmest 

quarter represents precipitation of the warmest quarter. The dependent (Y) variable on each graph represents species presence 

probability (0 for low probability, 1 for high probability). 
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