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Abstract 

Invasive species are a major cause of biodiversity loss in North American freshwaters. Once 

established, aquatic invasive species (AIS) can restructure food webs and change the abiotic or physical 

conditions of a water body. The ability of species distribution models (SDMs) to predict habitat suitability 

for AIS is of interest because they can be used to identify what species are likely to establish if 

introduced. Habitat suitability from SDMs could be used as a screening risk assessment to identify which 

species require more detailed risk assessments. However, SDM performance in areas that are spatially 

disjunct from their training has been understudied, specifically for aquatic species. I conducted two 

studies to assess the applicability of habitat suitability predictions created by SDMs to identify potentially 

invasive fish for further risk assessments. First, I compared the performance of three different SDM 

techniques (BIOCLIM, DOMAIN and, MaxEnt) for five different freshwater fishes (common carp 

Cyprinus carpio,burbot Lota lota, northern pike Esox lucius, lake trout Salvelinus namaycush, and brown 

trout Salmo trutta) when models were trained east of the Atlantic Ocean and evaluated in North America. 

DOMAIN models were best able to predict the potential distribution of fishes, but still broadly 

overpredicted the realized distribution of fishes. In areas with habitat conditions that were novel 

compared to training habitat conditions, predictions of habitat suitability were unreliable for all models.  

Based on the information from my first study, I applied the DOMAIN SDM technique to 44 fishes 

considered an invasion risk to the Laurentian Great Lakes to determine if habitat suitability could be used 

to identify fishes that are unlikely to invade. No fishes could be removed from consideration as potential 

invaders based solely on habitat suitability because of large areas of novel habitat conditions. Using 

habitat suitability as a screening measure to select fishes for further assessment is a questionable process 

due to uncertainties when predicting in novel habitat conditions and broad overpredictions of fishes’ 

realized distributions. Instead, trends in habitat suitability should be used to help identify where pathways 

intersect high habitat suitability for many species. Spatial predictions of pathways and habitat suitability 

can help managers implement education programs, and focus early detection monitoring efforts. 
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Chapter 1 

General Introduction 

 

1.1 Introduction 

Invasive species are a major threat to biodiversity worldwide, changing ecosystems and 5 

impacting many economic sectors including agriculture, tourism, and fisheries (Lovell et al. 

2006). In North America, aquatic systems are of special concern because freshwater organisms 

are going extinct at rates five times greater compared to terrestrial organisms, with aquatic 

invasive species identified as a common threat (Dextrase and Mandrak 2006). The high cost of 

species invasions has made management of potential invaders a key concern for many 10 

governments (Leung et al. 2002). 

A species invasion is distinguished from a natural colonization event by the role of 

human-mediated dispersal and the harm they cause to the ecosystem (Hoffmann and Courchamp 

2016). Before globalization, there were many barriers (e.g. desiccation while travelling overland) 

to the movement of aquatic species making dispersal between distant, unconnected waterbodies a 15 

rare occurrence. However, intentional transport of aquatic species for the aquarium or live-food 

trade and accidental transport in ballast water, as well as on boat hulls, has increased the dispersal 

ability of aquatic species (Kalous et al. 2015, Hoffmann and Courchamp 2016). Increased 

dispersal has allowed the rapid range expansion of many aquatic species, specifically taxa such as 

fishes that have limited natural dispersal abilities. Since aquatic invaders are expensive to control 20 

once established, management has focused on preventing the introduction of potential invaders by 

restricting their intentional import and increasing barriers to accidental transport (e.g. ballast 

water exchange) (Finnoff et al. 2006). With many hundreds of potential invaders, screening 

species can help managers and policy makers allocate resources to preventing the arrival or 
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establishment of the species that are most likely to invade and/or cause the greatest harm (Gozlan 25 

et al. 2010). Estimating how suitable a region’s habitat conditions are to a potential invader using 

species distribution models (SDM) is one screening approach used to identify species and 

pathways of transport requiring further regulation (Bomford et al. 2009). 

SDMs are a powerful group of statistical and machine-learning techniques that correlate 

the realized distribution of a species (i.e. species presence or absence on the landscape) to gridded 30 

maps of habitat factors (Fourcade et al. 2018). Maximum Entropy (MaxEnt), BIOCLIM, 

DOMAIN, logistic regression, and generalized linear models (GLM) are common species 

distribution modelling techniques (Table 1-1)(Elith et al. 2006). SDM techniques work under 

different assumptions, require different input information, and can have different interpretations 

(Guillera-Arroita et al. 2015). However, all SDMs allow users to draw inferences on how species 35 

occurrences change in response to habitat factors (i.e. habitat suitability)  (Fourcade et al. 2018).  

When using SDMs for invasive species assessments, we are interested in identifying all habitat 

conditions where a species can survive and reproduce (i.e. the potential distribution) (Soberón 

and Nakamura 2009). However, the realized distribution used to inform SDMs is constrained by 

more factors than the potential distribution (Soberón and Nakamura 2009). Soberon & Peterson 40 

(2005) conceptualized a species’ realized distribution as the intersection of Biotic factors, Abiotic 

factors and Movement under the BAM framework (Figure 1-1) (Soberon and Peterson 2005). 

Biotic factors are interactions with other species that influence a species ability to maintain a 

population (Soberon and Peterson 2005). Abiotic factors are climate and physical conditions that 

limit a species’ physiological ability to live (Soberon and Peterson 2005). Finally, movement is 45 

the area that is accessible to the species via dispersal (Soberon and Peterson 2005). The potential 

distribution is not constrained by movement and can include ranges of A and B that are 

inaccessible to the species and not included in the realized distribution.  
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Species distribution models are increasingly used for invasive species applications 

because the required data of species occurrence and habitat conditions has become more 50 

accessible in online databases (e.g., GBIF.org, worldclim.org), and modelling packages have 

become more user-friendly (e.g., MaxEnt, Biomod). Moreover, SDMs can be used for a variety of 

study goals from explorations of niche differentiation to identifying areas for wildlife sanctuaries, 

both of which attempt to determine the realized distribution of a species instead of a species 

potential distribution (Knouft et al. 2006, Maslo et al. 2016). To make the most accurate 55 

predictions of a species potential distribution for aquatic invasive species it is important that we 

consider the data used for training, the methods used for evaluation and the interpretation of their 

final predictions  (Morales et al. 2017).  

1.2 Modelling Information 

1.2.1 Species records 60 

Although online databases like the Global Biodiversity Information Facility (GBIF) have 

greatly increased the ease of access and availability of species occurrence records they often have 

large sampling biases and lack information on species absences. This makes it difficult to 

determine if a non-occurrence is the result of a failure to sample, insufficient sampling effort, a 

failure to report, or a true non-occurrence (Barve et al. 2011). As a result, species absences are 65 

unavailable for many potential invaders. It is important to understand the species occurrence 

information available as it can help shape how specific species distribution modelling techniques 

are applied.  

Generally, modelling techniques can be divided into three categories, 1) presence-only, 2) 

presence-absence and, 3) presence-background, based on the species occurrence information they 70 

require (Jiménez-Valverde et al. 2011). Presence-only methods (e.g. BIOCLIM or DOMAIN) 

only require species occurrences to inform the model and were some of the first species 

distribution models developed.  Presence-only models use just the habitat conditions at species 
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occurrences to train the model and do not use information about the available habitat conditions, 

which makes them insensitive to changes in the study extent.  However, since no information on 75 

the habitat conditions of the surrounding areas is used, presence-only techniques cannot 

differentiate between more suitable versus more available habitat (Guillera-Arroita et al. 2015). 

Presence-absence methods (e.g. logistic regression) require information on species 

occurrences (presences) and non-occurrences (absences). Using information on species presence 

and absence allows models to contrast suitable and unsuitable habitat conditions creating more 80 

precise predictions of habitat suitability (Guillera-Arroita et al. 2015). Presence-absence models 

best fit the goals of predicting habitat suitability, but the systematic surveys required to identify 

true species absences are labour intensive (Barbet-Massin et al. 2012). This makes absence 

records rare for most species. To use presence-absence models when absence records are 

unavailable, pseudo-absences are commonly used. Pseudo-absences are selected points within the 85 

study area that do not overlap a species occurrence record (Barbet-Massin et al. 2012). They are 

generated randomly or based on rules (i.e. a minimum distance away from an occurrence). 

Pseudo-absences are treated as absence points by the species distribution model. When pseudo-

absences are used instead of true absences, presence-absence techniques are changed to presence-

background techniques (Barbet-Massin et al. 2012). Few reliable absence records for invasive 90 

species means that presence-background techniques are much more commonly used for invasive 

species assessments. 

Presence-background methods (e.g. MaxEnt) use both species occurrences and the 

available habitat conditions in the study region to inform the model, which allows them to 

differentiate between more suitable and more available habitats (Guillera-Arroita et al. 2015). 95 

Presence-absence methods using pseudo-absences are presence-background models because 

pseudo-absences are a random background sample within the study extent. Since presence-

background methods compare the species occurrences to the availability of habitat conditions, 
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they do not define suitable and unsuitable habitat, but instead measure the relative suitability of 

habitat in the study extent (Merow et al. 2013).  Presence-background methods are a compromise 100 

between being able to apply the method to many species and discriminating between suitable or 

unsuitable habitat. Since the availability of habitat conditions within the study extent is used to 

inform the model, the size of the study extent influences the model’s predictions (Barve et al. 

2011). 

When determining the appropriate study extent to draw background habitat information 105 

from, we must consider what areas are accessible to a species (Barve et al. 2011). Background 

extents must be chosen based on the species dispersal ability (Barve et al. 2011). By carefully 

considering the background extent we exclude areas that lack species presences due to a dispersal 

barrier, which provides information on habitat suitability rather than dispersal ability to the 

model. Better dispersing species (e.g. aerial dispersing zooplankton) should have larger 110 

background extents applied; conversely, poorly dispersing species (e.g. small fishes) should use 

smaller background extents. Inappropriate background extents (too large or small) can also 

influence model evaluations and affect the user’s interpretation of model quality. The effects of 

background extent on model performance are discussed in detail in the section “Evaluating model 

performance” on page 10. 115 

 If possible, species distribution models should only be trained in their native range or 

areas with a long establishment history where the species range is thought to be at equilibrium. 

Using occurrences from newly invaded ranges, where range expansion is likely occurring, creates 

additional challenges determining what areas have been accessible to the species over the short 

introduction period (Jiménez-Valverde et al. 2011). Additionally, early in the invasion process, 120 

chance dispersal events are more likely to shape the realized distribution than habitat suitability, 

further confounding model training.  
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Training models in a species native range can be challenging as aquatic invaders 

frequently have large sampling biases in their species occurrences. If sampling bias is not 

accounted for, the model might be better at estimating sampling effort than habitat suitability 125 

(Ranc et al. 2016). The easiest way to address sampling bias in occurrence records is to remove 

records from areas that were oversampled. Removing records in oversampled areas is known as 

spatial filtering and has been shown to improve MaxEnt model performance (Kramer-Schadt et 

al. 2013). However, there are drawbacks to spatial filtering. Firstly, it may be impractical in some 

situations where there are few occurrences and reducing the available information for model 130 

training is undesirable (Phillips et al. 2009). Secondly, sampling effort is generally unknown, 

making it difficult to determine which records to remove (Phillips et al. 2009). Frequently 

occurrences are filtered to remove multiple sightings of a single individual and factors like home 

range size for the focal species are used to thin occurrence records (Kramer-Schadt et al. 2013, 

Boria et al. 2014, Galante et al. 2018). However, for aquatic invasive species assessments on a 135 

trans-continental scale, where bias is created by large variances in sampling effort between 

countries or continents, it is unclear if spatial filtering can improve model performance.    

Species absences are typically unavailable for potential invaders making presence-only 

and presence-background techniques the most applicable. Presence-absence techniques have been 

used for potential invaders, however they should be considered presence-background methods 140 

since pseudo-absences are often used instead of true absences. Large sampling biases are 

frequently seen in the occurrence records for aquatic invasive species. Spatial filtering has been 

shown to improve model performance on a landscape scale; however spatial filtering has not been 

tested on a trans-continental scale.  

1.2.2 Selecting Habitat Factors 145 

Species distribution models correlate habitat conditions to species occurrences. Habitat 

conditions are abiotic (e.g. air temperature, surficial geology, precipitation) or biotic factors (e.g. 
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presence of a mutualist species, abundance of a competitor) that are used to inform the model 

about what is structuring the geographic distribution of the species (Barve et al. 2011). To reduce 

the risk of spurious correlations in species distribution models, only factors that have a strong 150 

biological rationale for the modeled species should be used. The spatial extent and resolution of 

the model changes the relevance of habitat factors (Domisch et al. 2013). For example, water 

temperature is an important habitat factor for habitat suitability of fishes on a global scale at 

coarse resolution (>25km2) as it influences their growth rate; however on a local scale at fine 

resolutions (<100m2) substrate size which influences prey availability may be more important 155 

(Lammert and Allan 1999, Marsh-Matthews and Matthews 2000). For invasive species screening 

assessments, we are often concerned with trans-oceanic dispersal events. In trans-oceanic events 

we assess habitat suitability on a global scale at coarse resolutions where climate factors are often 

the most important (Domisch et al. 2015).  

Ideally all factors used to describe the habitat conditions should be direct factors (Guisan 160 

and Zimmermann 2000). Direct factors are actual measurements of the causal factor that is 

shaping the species distribution. Indirect factors are related to the direct factor and infer the direct 

factor’s value. For example, if water temperature (direct factor) is thought to influence the range 

of a river fish species but is unavailable, air temperature (indirect factor) may be used as a proxy 

since surface water temperature is strongly related to air temperature (Shuter et al. 1983). In most 165 

cases the relationship between air and water temperature is highly conserved; however 

groundwater inputs or urban runoff can shift this relationship introducing more error and 

uncertainty to the model’s predictions (DeVaney et al. 2009). It is rarely possible to use direct 

factors for aquatic systems especially at a global extent due to missing data (Frederico et al. 

2014). Even at a landscape scale in North America high-quality water chemistry information can 170 

be unavailable for many lakes and streams, so indirect factors like land-use are often used as 

proxies (Frederico et al. 2014). 
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When selecting factors to describe habitat conditions, we must ensure they are not 

linearly related (i.e. collinear) (Dormann et al. 2013). Collinearity is a problem when modelling 

invasive species because models are often used to generate predictions in novel areas where the 175 

correlation between factors may not be the same as in training data (Jarnevich et al. 2015). 

Although collinearity is less of an issue for machine learning techniques such as MaxEnt than 

regression techniques like GLMs, collinearity can make interpretation of factor importance 

difficult and is undesirable (Elith et al. 2011, Jarnevich et al. 2015). Pearson rank coefficient >0.7 

or variance inflation factors >10 indicate high collinearity (Guisan and Zimmermann 2000, 180 

Jarnevich et al. 2015). Commonly, collinearity is reduced by dropping the collinear variable that 

is the most difficult to interpret biologically (Guisan and Zimmermann 2000, Jarnevich et al. 

2015). 

Habitat factors, both abiotic and biotic, are used to inform SDMs. On a global scale, 

climate variables are often considered the most important to determine habitat suitability. When 185 

selecting habitat factors priority should be given to biologically relevant habitat factors while 

minimizing the collinearity between factors. Although direct factors are preferred, they are often 

rare for aquatic systems at the spatial extent required. 

1.3 Model Transferability 

Habitat suitability assessments for invasive species are most useful when they provide 190 

accurate predictions in uninvaded areas (places where there are no occurrence records to train the 

model)(Jiménez-Valverde et al. 2011). Accurate predictions in uninvaded areas allow 

preventative management to occur (Jiménez-Valverde et al. 2011). How well a model can predict 

habitat suitability in novel areas is called spatial transferability (Werkowska et al. 2017).  Only 

models with good spatial transferability can be used with confidence in risk assessments. 195 

How models are evaluated is crucial to correctly identify models with high levels of 

spatial transferability (Werkowska et al. 2017). Ideally, testing datasets should be spatially 
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independent of training datasets. However setting aside data for evaluation limits the information 

available to train the model (Jiménez-Valverde et al. 2011). Cross-validation is commonly used in 

situations where the number of occurrences to train the model are limited because it uses all the 200 

available data for training and evaluation (Jarnevich et al. 2015). Cross-validation works by 

dividing the data into k groups, where training of the model occurs on k-1 groups and evaluation 

of the model occurs using the omitted group (Jarnevich et al. 2015). Randomly partitioned cross-

validation where occurrences are randomly assigned to groups often leads to overestimations of 

model performance in novel areas and should not be used to assess the transferability of models 205 

(Radosavljevic and Anderson 2014). When using cross-validation for invasive species 

assessments, Radosavljevic & Anderson (2014) advocate that groups should be created based on 

spatial location and the geographic structuring of the occurrence records. However, their study 

focuses on a narrow region of Venezuela and Colombia and it is unclear if their results hold when 

models are created on the continental scale (Radosavljevic and Anderson 2014). 210 

Model complexity can also influence transferability (Werkowska et al. 2017). Overly 

complex models often fit “noise” in training data causing them to transfer poorly (Heikkinen et al. 

2012). Model complexity is determined by the technique used, and the number of habitat factors 

included (Heikkinen et al. 2012, Merow et al. 2013, Duque-Lazo et al. 2016). Overfitting is most 

commonly a problem with machine learning techniques (e.g. Maxent and Random Forests) along 215 

with General Additive Models (GAMs) since they allow a high degree of flexibility in 

parameterization (Merow et al. 2013, Werkowska et al. 2017). Model complexity and overfitting 

can be controlled by comparing models that differ in complexity (Merow et al. 2014). From the 

group of candidate models, a final model can be selected using likelihood estimates (e.g. AIC) or 

by comparing performance differences between training and testing data (Elith et al. 2011, 220 

Muscarella et al. 2014). Comparing model performance across training and testing data directly 

measures how well the model generalizes to unseen data; however if training and testing data sets 
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are small or spatially dependent we may not have a useful measure a model’s transferability. 

Where datasets are small ( <100 occurrences) Warren & Seifert (2011) suggest that AIC is a 

superior method for model selection.  225 

An additional challenge when spatially transferring an SDM is novel habitat conditions in 

the new range. SDMs are informed about a species’ habitat suitability using the realized 

distribution, which is constrained by the habitat conditions that are accessible. When models are 

transferred, if novel combinations or values of habitat factors are available, it is challenging to 

determine if the species did not occur at these conditions in the native range because the habitat 230 

conditions were unsuitable or the habitat conditions were unavailable. Novel habitat factors can 

often lead to the assumption that a species niche shift has occurred during a species invasion 

when in fact the species is just gaining access to habitat that was always suitable just unavailable 

in the native range. Tools such as Multivariate Environmental Similarity Surfaces (MESS), which 

compare the habitat conditions in the training region to the projected region, should be used to 235 

highlight areas where models are extrapolating and have greater uncertainties (Elith, Kearney, & 

Phillips, 2010). 

Studies assessing model performance without spatial transfer have found more complex 

machine learning techniques like Maxent and boosted regression trees to outperform more simple 

envelope and regression techniques (Elith et al. 2006, Tsoar et al. 2007). When spatial transfer on 240 

an oceanic or continental scale is assessed, the performance differences between modelling 

techniques becomes less clear (Duque-Lazo et al. 2016, Shabani et al. 2016). Additionally, model 

complexity for machine learning techniques is ignored in several studies of model transferability 

(Heikkinen et al. 2012, Duque-Lazo et al. 2016, Shabani et al. 2016). Further work is required 

comparing model transferability when model complexity is accounted for. 245 
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1.4 Evaluating Model Performance 

Before projecting models into novel areas for risk assessments we should be confident 

that the model accurately predicts the available data. Models can be evaluated on their calibration 

or their ability to discriminate. Model calibration assesses the agreement between predicted 

probabilities and evaluation data (Jarnevich et al. 2015). Calibration metrics like the Boyce index 250 

are threshold-independent and assess how well the model predicts the relative probability of a 

species presence (Hirzel et al. 2006). Model calibration is important if habitat suitability is to be 

used as a continuous score to measure how likely an area is to be invaded (Jarnevich et al. 2015). 

Although assessments of model calibration are useful it is much more common to assess models 

on their ability to discriminate between suitable and unsuitable habitat (Jarnevich et al. 2015). 255 

Model performance metrics that measure discrimination use a confusion matrix which 

compare a model’s binary predictions (suitable or unsuitable) to a test dataset where the true 

values are known (Figure 1-2). There are two main challenges when evaluating the discriminatory 

ability of models for invasive species: 1) suitable and unsuitable habitat must be known to 

evaluate model predictions; 2) continuous predictions of habitat suitability must be transformed in 260 

binary predictions of suitable and unsuitable habitat. 

1.4.1 Errors of Commission and Omission 

For model discrimination to be assessed, model predictions are compared to areas of truly 

suitable and unsuitable habitat. In practice, we use species presences to identify suitable habitats 

and species absences or pseudo-absences to denote unsuitable habitat (Jiménez-Valverde et al. 265 

2011). An SDM’s ability to discriminate should only be evaluated in areas where the species is no 

longer undergoing range expansion (Lobo et al. 2010). As previously discussed, when species are 

undergoing range expansion many areas that are suitable remain unoccupied because the species 

has not had a chance to disperse to the area (Lobo et al. 2010). Range expansion by invasive 

species makes it very difficult to evaluate model performance. 270 
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We do not have the same level of confidence in absence records as presence records. We 

can be reasonably confident that presence records are found in areas of suitable habitat as 

populations found in unsuitable habitat are probably short-lived and unlikely to be sampled; 

however, not all absence records indicate unsuitable habitat (Barve et al. 2011). A species 

absence can be caused by a dispersal barrier or insufficient sampling effort making absences a 275 

less reliable indicator of unsuitable habitat (Hirzel et al. 2006). Our ability to identify unsuitable 

habitat is further weakened when pseudo-absences are used, as is common for invasive species.  

Since our ability to identify unsuitable habitat is unreliable, a model’s true negative rate (i.e. 

absences assigned as unsuitable habitat) should be given less weight than a model’s true positive 

rate (i.e. presences assigned as suitable habitat). 280 

In risk assessments the costs of omission (i.e. identifying suitable habitat as unsuitable 

habitat) are much greater than the costs of commission (i.e. identifying unsuitable habitat as 

suitable) because omissions can lead to unforeseen invasions (Jiménez-Valverde et al. 2011). 

When creating predictions of habitat suitability we should expect high commission rates as 

limited dispersal, chance extinction events and species interactions should all restrict a species 285 

geographic distribution to less than a species potential distribution (Peterson 2003). Since the cost 

of omission is higher and commission should be expected when predicting suitable habitat, 

models used in risk assessments should be selected based primarily on their true positive rate 

(Jiménez-Valverde et al. 2011). 

1.4.2 Thresholds 290 

Continuous predictions of habitat suitability must be transformed into binary predictions 

of suitable and unsuitable habitat for discriminatory ability to be assessed (Jarnevich et al. 2015). 

Continuous predictions of habitat suitability are transformed into binary predictions by selecting a 

suitability threshold, above which is considered suitable habitat and below which is considered 
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unsuitable habitat (Liu et al. 2013). Thresholds must be carefully considered as they can 295 

drastically change model performances.  

Thresholds should be selected to maximize the true positive rate of the model because 

errors of omission are costlier than errors of commission (Jiménez-Valverde et al. 2011). The 

lowest habitat suitability score where a presence occurred in training, commonly referred to as a 

no omission or lowest presence in training threshold (LPT), is often used to maximize the true 300 

positive rate of models. Maximizing the true positive rate of the model comes with a cost of many 

false positives which decreases the model’s true negative rate reducing the model’s overall ability 

to discriminate between suitable and unsuitable habitat. Liu et al. (2013) advocated the use of the 

threshold that maximizes the sum of sensitivity (true positive rate) and specificity (true negative 

rate), called the MSS, when using presence-only datasets because it is objectively selected and at 305 

large sample sizes is the same threshold that would be selected with presence-absence data (Liu et 

al. 2013). Models where MSS is used as the threshold often show a greater ability to discriminate 

than models where the threshold has been applied at LPT. However, the increased discriminatory 

ability is often achieved by increasing the true negative rate of the model at the expense of the 

true positive rate. The trade-off between increased true negative rate and decreased true positive 310 

rate increases the model score but fails to identify the species potential distribution, which is 

counter-intuitive to risk assessment (Jiménez-Valverde et al. 2011). When assessing the potential 

distribution of a species LPT should be used instead of MSS. 

1.4.3 Caveats on AUC 

Although this introduction is not a review of individual evaluation metrics, a side note on 315 

AUC is warranted due to its widespread use and methodological challenges when assessing 

invasive species (Jiménez-Valverde 2012). AUC is a threshold-independent metric of 

discrimination and is a measure of how often a randomly chosen presence has a higher habitat 

suitability score than an absence or pseudo-absence (Smith 2013). The term threshold 
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independent is misleading because AUC is the area under the curve for true positive rate as a 320 

function of the false positive rate (i.e. commission errors) at all possible thresholds.  

AUC has been criticized because it weighs commission and omission errors equally, uses 

thresholds that are irrelevant to risk assessments and only assesses the ranked order of 

predictions, ignoring model calibration (Lobo et al. 2008, 2010, Jiménez-Valverde 2012).  

Additionally, as is the case for all metrics of discrimination, the study extent can influence AUC 325 

scores (Lobo et al. 2008). When absences or pseudo-absences are drawn from a larger extent they 

are more likely to sample more environmentally distant habitats, improving the contrast between 

presences and the average background habitat condition (Lobo et al. 2008). In general AUC 

provides little meaningful information for invasive risk assessments because it relates true 

positive rate to commission errors which are of little importance when evaluating a species 330 

potential distribution.  

Few studies assess the transferability of models based on metrics that evaluate 

discrimination and calibration (Heikkinen et al. 2012, Duque-Lazo et al. 2016, Petitpierre et al. 

2017, Zhu and Peterson 2017). Of studies that do measure discrimination and calibration, none 

focused on prediction of a species’ potential distribution by selecting thresholds that focus on 335 

maximizing the true positive rate of models (Petitpierre et al. 2017). Additionally, many studies 

assess transferability solely based on AUC which has been identified as a questionable metric for 

invasive species assessments (Duque-Lazo et al. 2016, Ray et al. 2016, Zhu and Peterson 2017). 

1.5 Conclusion  

Using SDMs to predict habitat suitability for aquatic invasive species before their 340 

introduction requires models to be spatially transferred. However, most work comparing the 

performance of SDMs when spatially transferred are not applicable to aquatic invasive species 

because studies often ignore model complexity when comparing techniques (Heikkinen et al. 

2012, Duque-Lazo et al. 2016, Huang and Frimpong 2016, Shabani et al. 2016), use inappropriate 



15 

 

thresholds for assessing the potential distribution of a species when evaluating discriminatory 345 

ability (Heikkinen et al. 2012, Duque-Lazo et al. 2016, Huang and Frimpong 2016), and are often 

done for terrestrial species which have more direct habitat factors as predictors (Heikkinen et al. 

2012, Duque-Lazo et al. 2016, Shabani et al. 2016, Petitpierre et al. 2017).  

In my second chapter I compare the performance of three different SDM techniques 

(BIOCLIM, DOMAIN, MaxEnt) for five freshwater fishes when they are spatially transferred. I 350 

evaluate both calibration and discriminatory ability with a focus on identifying the potential 

distribution of the fishes, while accounting for model complexity for MaxEnt models. The fishes’ 

long establishment history in the training and testing region allows me to evaluate models with 

spatially independent occurrence records, without confounding factors like range expansion or 

sampling effort. My third chapter applies the findings from my second chapter to use SDMs to 355 

screen 44 potential invasive fishes to the Laurentian Great Lakes Region using habitat suitability.  
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Table 1-1. Descriptions of some common SDM techniques 370 

SDM 

technique 

BIOCLIM DOMAIN Logistic 

regression 

MaxEnt 

Model type Envelope Distance Regression Machine learning 

Species 

records 

used 

Presence-only Presence-only Presence-

absence 

Presence-

background 

Uses 

categorical 

factors 

N N Y Y 

Model 

description 

Creates 

multidimensional 

boxes in habitat 

space that enclose 

all presence records. 

All combinations of 

habitat conditions 

within the 

multidimensional 

box are considered 

suitable habitat. 

Defines the 

degree of 

similarity 

between 

presence 

records and 

the target 

region in terms 

of habitat 

factors. 

Records that 

are closer 

together in 

habitat space 

are more 

similar. Habitat 

conditions that 

are more like 

presence 

records are 

considered 

more suitable 

habitat. 

Uses presence 

and absence 

records to 

determine the 

odds that a 

species’ 

presence will 

occur at a 

combination of 

habitat factors. 

Determine the 

relative occurrence 

rate (ROR) by 

contrasting the 

frequency that 

presence records 

occur at habitat 

conditions to the 

availability of the 

habitat conditions 

in the study region. 

MaxEnt then uses 

transformation of 

habitat factors 

called features to 

fit the ROR. The 

final solution is the 

one that maximizes 

the predicted 

suitability between 

background and 

presence sites. 

Reference (Busby 1991) (Carpenter et 

al. 1993) 

(Cox 1958) (Phillips et al. 

2018) 
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Figure 1-1. BAM framework adapted from Soberon & Peterson (2005). Biotic, 

abiotic, and movement determine a species distribution. (a) represents the realized 

distribution of a species. The sum of (a+b) represent all possible invasable habitats. 

All environmental conditions within the green circle are predicted as suitable 

habitat when biotic conditions are unavailable. The purple area (a+c) is the 

environmental conditions identified as suitable habitat when the study extent is set 

to reflect distributional constraints of the species. Since occurrences only occur in 

(a), the intersection of abiotic factors and movement (purple area) is often used to 

evaluate models, typically resulting in overprediction of suitable habitat. 
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Predicted: Suitable 

 

Predicted: Unsuitable 

 

Actual: Suitable 

 

True Positive (TP) 

 

False Negative (FN) 

 

Actual: Unsuitable 

 

False Positive (FP) 

 

True Negative (TN) 

Figure 1-2. An example of a confusion matrix for habitat suitability. To create an accurate 

confusion matrix areas of suitable and unsuitable habitat must be known to compare model 

predictions to. In practice species presences and absences are used instead with presences 

indicating Actual: Suitable habitat and absences indicating Actual: Unsuitable habitat. Since 

absences can be caused by factors other than unsuitable habitat FP and TN are less reliable then 

TP and FN. 
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Chapter 2 

Assessing the transferability of species distribution models for 395 

freshwater fishes 

2.1 Abstract 

Aquatic invasive species can negatively affect aquatic ecosystems. Species distribution models 

(SDM) are often used to inform preventative management actions before a species invasion by 

predicting habitat suitability. Currently it is unclear how accurately SDMs predict habitat 400 

suitability in spatially disjunct target regions. Using five freshwater fishes, I evaluated the 

transferability of three different SDM techniques: BIOCLIM, DOMAIN, and MaxEnt. 

Additionally, I explored the influence of spatial filtering to correct for sampling bias in 

occurrence records and the ability of cross-validation (spatial and random) to predict a model’s 

transferred performance. DOMAIN was the only technique that identified the potential 405 

distribution of fishes while discriminating between suitable and unsuitable habitat when spatially 

transferred. DOMAIN also best predicted the likelihood of a species occurrence when spatially 

transferred. Spatial filtering of occurrences records led to underfit models and neither cross-

validation method reliably predicted the transferred model’s performance. DOMAIN shows 

promise as SDM technique for aquatic species when spatial transfer is required.  410 

2.2 Introduction 

Invasive species are a major cause of biodiversity loss world-wide (Dextrase and 

Mandrak 2006).  Preventative management is key for aquatic invasive species because they are 

nearly impossible to eradicate once established in a new region (Moorhouse and Macdonald 

2015). Understanding patterns of habitat suitability before a species invades allows preventative 415 

measures to be deployed more effectively (Jiménez-Valverde et al. 2011). Species distribution 

models (SDMs) are statistical and machine learning techniques used to predict habitat suitability 
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by correlating a species occurrences to environmental conditions (DeVaney et al. 2009, Barbosa 

et al. 2012, Jones et al. 2013, Leidenberger et al. 2015). SDMs predict higher habitat suitabilities 

for areas that are more environmentally similar to where a species currently resides. For invasive 420 

species, SDMs can be trained using the species’ current distribution to identify suitable but 

uncolonized areas beyond the species’ current distribution. The application of an SDM to a 

spatial disjunct area outside the area it was trained in (the current distribution) is referred to as 

spatial transfer. The potential of SDMs to be spatially transferred has made SDMs a focus in 

invasive species management (Jiménez-Valverde et al. 2011).  425 

Although SDMs could help to guide preventative management by focusing early 

detection surveillance and identifying areas for rapid response plans, spatial transfer of models 

between native and uncolonized regions is not simple (Werkowska et al. 2017). Novel 

combinations of environmental factors in disjunct areas (Elith et al. 2010), bias in sampling 

records of species (Radosavljevic and Anderson 2014) and a lack of knowledge about relevant 430 

biotic factors, like predation, for predicting habitat suitability (Soberón and Nakamura 2009) have 

been identified as challenges for the transferability of SDMs.  Even with these acknowledged 

challenges there is some evidence that SDMs can effectively identify suitable habitat for 

terrestrial invasive species in disjunct areas (Shabani et al. 2016, Petitpierre et al. 2017). 

However, the transferability of SDMs for aquatic systems has been understudied. 435 

Data limitations in aquatic systems create additional challenges when making predictions 

of habitat suitability in uncolonized areas (Huang and Frimpong 2016). A key aspect to creating 

transferable SDMs is selecting environmental factors that are known to have a direct impact on 

species fitness or physiology. Using factors that directly influence species physiology, such as 

dissolved oxygen or temperature, allow for better modelling of the species true environmental 440 

requirements, improving model performance for spatial transfers (Petitpierre et al. 2017).  

However, direct factors can be difficult to obtain for aquatic species (Zengeya et al. 2013). Field 
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measurements of environmental factors in aquatic systems are often lacking in the native ranges 

of potential invaders; consequently, SDMs for aquatic species  are often parameterized using 

environmental factors that correlate to the direct factors of interest (Logez et al. 2012, Zengeya et 445 

al. 2013, Conti et al. 2015). For example, a species may require high levels of dissolved oxygen 

but since field measurements of dissolved oxygen are limited, land-use which is correlated to 

dissolved oxygen (Helms et al. 2009) is used instead. Since it is unknown if the correlation 

between the direct and the indirect factor remains consistent in new areas, the use of indirect 

factors adds uncertainty to predictions. The paucity of readily accessible direct environmental 450 

factors and the uncertainty added by using indirect factors indicates that spatial transferability 

needs to be tested for aquatic species. 

For invasive species assessments SDMs are used to identify the potential distribution of 

species while still discriminating between suitable and unsuitable habitat in the target region. 

SDMs that broadly overpredict the distribution of a species are of limited use because they assign 455 

equal risk to large areas where the species cannot survive, failing to identify priority areas. 

Conversely, SDMs that do not cover the whole potential distribution of a species increase the risk 

of unforeseen invasions, forcing reactive responses that are less effective than preventative 

actions (Leung et al. 2002). Since the cost of under predictions (omission or false negative) is 

much greater than the cost of overprediction (commission or false positive) for invasive species 460 

applications, Jiménez-Valverde et al. (2011) recommends that false negatives be given more 

weight than false positives. However, in practice, transferability assessments rarely evaluate 

models with these criteria in mind (Duque-Lazo et al. 2016, Petitpierre et al. 2017). 

My objective was to assess how accurately SDMs for freshwater fishes predict their 

potential distribution in areas disjunct from their training. Specifically, 1) can SDMs trained east 465 

of the Atlantic Ocean identify the potential distribution of a species in North America while still 
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differentiating between suitable and unsuitable habitat and, 2) does an SDM’s ability to 

discriminate in the training area relate to it’s ability to discriminate in spatial disjunct areas? 

2.3 Methods 

2.3.1 Species occurrences 470 

I selected five fishes that have a long colonization history in regions west and east of the 

Atlantic Ocean for modelling: Lota lota (burbot, 700 000 yr ago, Van Houdt et al. 2005), Esox 

lucius (northern pike, 300 000 yr ago, Skog et al. 2014), Salvelinus namaycush (lake trout), plus 

two that are not native to North America, Salmo trutta (brown trout), and Cyprinus carpio 

(common carp). Species that are recent colonists take time to disperse and occupy all suitable 475 

habitats which makes absences uncertain and model evaluation challenging (Jiménez-Valverde et 

al. 2011). To avoid the issue of expanding ranges, I selected fishes that have been present for 

>150 years both west and east of the Atlantic Ocean. The long establishment history reduces the 

chance that suitable habitat remains unoccupied because of a dispersal limitation. Having species 

occurrences east and west of the Atlantic Ocean provide independent training and testing datasets 480 

so spatial transferability can be evaluated.   

All occurrences for each species were downloaded from the Global Biodiversity 

Information Facility database (GBIF, http://www.gbif.org). I manually validated suspicious 

occurrences before finalizing the occurrence datasets (Appendix A). Occurrences were 

considered suspicious if they had large coordinate uncertainties, were disjunct, or the location 485 

description did not match their mapped position. Unequal sampling effort  due to global sampling 

bias, creates clumps of occurrence records in the GBIF database (Beck et al. 2014). To reduce the 

effect of sampling bias on models, I spatially filtered occurrence records (i.e., randomly removed 

records from large aggregates of samples) so that a minimum distance between presence records 

was maintained (Boria et al. 2014). The ideal thinning distance when removing clumping in 490 

occurrence records is difficult to determine (Fourcade et al. 2018). Similar to Fourcade et al. 
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(2018), I standardized the thinning distance based on the distribution of the fish. I defined the 

thinning distance as the maximum distance between two occurrences divided by 30. This thinning 

distance visually removed the clumping in occurrence records. North American occurrences were 

not filtered because they were not used in model training (refer to Model training and evaluation).  495 

While spatial filtering removes the effects of spatial clumping in occurrence records that 

are commonly created by targeted studies for a species, it does not correct bias caused by 

unsampled areas (Kramer-Schadt et al. 2013). Since no true absences were available for model 

evaluation, I selected random background points (pseudo-absences) from within 150 longitude of 

an occurrence record.  Pseudo-absences were not drawn from the whole study extent (i.e. 500 

globally) because drawing from larger study extents inflates model evaluation metrics by 

comparing occurrences to more dissimilar absences both spatially and environmentally (Lobo et 

al. 2008, Anderson and Raza 2010). I used a relatively large background to drawn pseudo-

absences from because the environmental variable used in modelling show gradual changes over 

long distances. Smaller background extents would increase the number of models that show no 505 

ability to discriminate providing little information on model performance. 

2.3.2 Environmental variables 

I considered all 19 bioclimatic variables available in the Worldclim database 

(http://www.worldclim.org/) and growing degree days above 00C from ENVIREM for modelling 

(Hijmans et al. 2005, Title and Bemmels 2017). Environmental variables were then screened for 510 

their biological relevance.  If two biologically relevant variables were considered collinear 

(variance inflation factor >10), I removed one, keeping the variable that was easier to interpret 

biologically for the species (Dormann et al. 2013). The collinearity between variables was then 

reassessed for all remaining variables, if any variables had variance inflation factors >10 the 

variable that was more difficult to interpret biologically was removed. I repeated this process 515 

until all variance inflation factors were <10. After screening, three variables were selected for 
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modelling: growing degree days above 00C (DEGDAY), temperature seasonality (SEAS), and 

annual precipitation (PRECIP).  Growing degree days are strongly correlated with the growth and 

survival of fishes (Shuter et al. 2002). Temperature seasonality, the standard devation of 

temperature over a year, is important for fishes because it determines how quickly temperature 520 

transitions through optimal conditions for early life stages which strongly infleunces fish survival 

(Morita and Nakashima 2015). Annual precipitation was included because it influences local 

stream hydrology and surrounding vegetation communities, which provide allochthonous organic 

matter, an important energy source for many aquatic systems (Galloway and Cowling 1978, 

Sinha et al. 2017). All three environmental variables are indirect correlates of fish performance 525 

because direct measurements were unavailible (Domisch et al. 2013). Seasonality and growing 

degree days are calculated from air temperature records rather than the water temperatures the 

fish experience, and precipitation is used to infer nutrients (Hijmans et al. 2005, Title and 

Bemmels 2017). I projected all environmental variables at a resolution of 0.042 degrees 

(approximately 25km2 at the equator) for modelling. 530 

2.3.3 Species distribution models 

I selected three methods of species distribution modelling for this study: BIOCLIM, a 

rectangular envelope model; DOMAIN, an environmental distance model; and MaxEnt, a 

machine learning model (Elith et al. 2006). All three methods differ in the complexity of 

relationships between occurrences and environmental factors they can model, with MaxEnt fitting 535 

the most complex relationships and BIOCLIM the least complex (Table 1-1) (Elith et al. 2006). I 

trained each model type (BIOCLIM, DOMAIN, MaxEnt) twice, once using spatially filtered 

occurrence records and once using unfiltered occurrence records, resulting in six models for each 

of the 5 species I tested. BIOCLIM and DOMAIN were implemented in ‘dismo’ R package 

(Hijmans et al. 2017) using internal functions. MaxEnt was also called through the ‘dismo’ 540 
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package but model parameterization was though a stand alone MaxEnt application, version 3.3.3k 

(Phillips et al. 2018).  

As a presence-background method, MaxEnt requires a background sample to be trained, 

while both BIOCLIM and DOMAIN are presense-only techniques (Elith et al. 2006). Ten 

thousand randomly drawn points within 150 longitude of an occurrence record were used as the 545 

background sample for MaxEnt models. This restricted area was used to draw background 

samples in an effort to reduce the risk of including suitable habitat that is not occupied because of 

dispersal constraints. In a small pilot study I conducted, 150 longitude resulted in the most 

tranferable models (unpublished). Including areas of suitable but unoccupied habitat in the 

background sample creates poorly informed models that do not transfer well (Anderson and Raza 550 

2010).  

MaxEnt is a complex modelling technique with a tendency to overfit the training data, so 

I selected species-specific model settings using the ENMeval package in R (Muscarella et al. 

2014) to reduce the risk of overfitting (Morales et al. 2017). Two different model settings were 

varied: the regularization value which influences a penalty function and limits how closely 555 

MaxEnt can fit training data, and the feature classes which changes the functions that MaxEnt can 

use to fit the training data. I tested nine different regularization values (1, 2, 3, 4, 6, 8, 16, 20, 25) 

and three different sets of feature classes (Linear+Quadratic, Linear+Quadratic+Hinge+Product, 

Linear+Quadratic+Hinge+Product+Threshold) (Appendix B). The area under the receiver 

operator curve (AUC) is a measure of how often a presence record is assigned higher habitat 560 

suitability than a pseudo-absence (Smith 2013). AUC ranges from 0 to 1, with 0.5 being no better 

than random and 1 indicating all presence records have higher habitat suitability than all pseudo-

absences (Smith 2013). I evaluated the AUC of each MaxEnt model for the 27 different setting 

combinations using a “block” cross-validation method, where groups were spatially separated to 

reduce the effect of spatial autocorrelation in model tuning (Radosavljevic and Anderson 2014). 565 
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Three of the blocks were used to train the model and one block was used to test the model. This 

was repeated until all four blocks were used to test the model. The settings that minimized the 

difference between AUC in training and testing in cross-validation were used for further analysis.  

For more information on MaxEnt tuning refer to Appendix B.  

Novel environmental conditions require a model to extrapolate beyond their training 570 

which decreases the confidence in the predictions. To determine when models are making 

predictions for novel environmental conditions in North America, I used Multivariate 

Environmental Similarity Surfaces (MESS) (Elith et al. 2011). MESS is a measure of how similar 

a location in the target region is to the training presences used. Negative MESS values indicate 

that the environmental conditions at a site are beyond the range of the training presences for at 575 

least one environmental factor. MESS scores were calculated using the “mess” function from the 

dismo package in R (Hijmans et al. 2017). Extrapolation was considered anywhere at least one 

environmental factor was beyond the range seen in training (MESS<0).  

2.3.4 Model training and evaluation 

For each fish species, I divided occurrence records into two datasets: east of the Atlantic 580 

Ocean and North American records. Eastern records were used to train the model and North 

America records were used to evaluate the models’ performance when spatially transferred. I 

used North America to evaluate the models because sampling effort is consistent across the 

continent, reducing the risk of unreported occurrences. Since occurrence records are rare in the 

target regions cross-validated test results are often used to determine how confident we are in a 585 

models’ predictions. Cross-validation divides the training data into k groups, where training of the 

model occurs on k-1 groups and the evaluation of the model uses data from the left-out group 

(Jarnevich et al. 2015). I randomly partitioned cross-validation splits occurrences into equal sized 

groups by randomly assigning occurences to groups, which often leads to overestimations of 

model performance in novel areas since test occurences can occur next to training occurences 590 
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allowing for spatial autocorrelation (Radosavljevic and Anderson 2014). As an alternative to 

reduce the effect of spatial autocorrelation between testing and training data, models are often 

evaluated using spatial cross-validation, which assigns groups based on the geographic 

structuring of the occurrence records (Radosavljevic and Anderson 2014). Spatial cross-

validation is regarded as a more realistic test of model transferability because it requires the 595 

model to make predictions in areas not used in training (Jiménez-Valverde et al. 2011).  

I first trained models using only Eastern records then evaluated models with both spatial 

cross-validation (“Block” method from the R package ENMevals)(Muscarella et al. 2014) and 

random cross-validation to assess model fit with training data. Then I used all Eastern 

occurrences to train models and directly evaluated their transferred performance using occurrence 600 

records from North America.  

I evaluated SDMs on their ability to discriminate between suitable and unsuitable habitat 

using three different metrics: True Skill Statistic (TSS), True Postive Rate (TPR) and, AUC. TSS 

is calculated as the proportion of presence records identified as suitable habitat added to the 

proportion of pseudo-absences identified as unsuitable habitat minus 1                                      605 

(TSS = sensitivity + specificity - 1) (Allouche et al. 2006). TSS ranges from -1 to 1, with positive 

values indicating the ability to discriminate between habitat types (Allouche et al. 2006). TPR is 

the proportion of presence records identified as suitable habitat which makes up half of the TSS. 

TPR was also considered in isolation from TSS because errors of omission are more costly in 

invasive species assessments. AUC is a measure of how often a randomly selected presence 610 

record is assigned higher habitat suitability than a randomly selected pseudo-absence (Smith, 

2013). 

The SDM techniques that I used in this study create continuous predictions of habitat 

suitability. To evaluate a model’s ability to discriminate between suitable and unsuitable habitat, I 

transformed continuous predictions into binary predictions (suitable or unsuitable habitat). For 615 



28 

 

each model, I selected the lowest habitat suitability at a presence in training (LPT) as the 

threshold to transform model predictions because it maximizes model sensitivity and provides a 

better estimate of the species potential distribution (Liu et al. 2013). Areas with predicted habitat 

suitability greater than or equal the LPT were considered suitable habitat, while all areas with 

predicted suitabilities less than LPT were considered unsuitable habitat. Both TPR and TSS 620 

required the use of LPT to transform predictions before they can be evaluated. In contrast AUC 

does not require a transformation and assesses discrimination ability at all possible values of 

habitat suitability predicted by the model. 

In addition to evaluating model discrimination, I assessed model calibration, i.e., how 

well continuous predictions of habitat suitability predict the likelihood of a species occurrence 625 

(calibration) using the Boyce index (Hirzel et al. 2006). The Boyce index ranges from -1 to 1, 

with larger values indicating better model calibration and zero meaning the prediction is not 

different from random (Hirzel et al. 2006). I used repeated meaures ANOVAs in R 3.5.1 (R Core 

Team 2018) with the “nlme” package (Pinheiro et al. 2018) to compare TSS, TPR, AUC or 

Boyce index among the three models used, with and without bias correction applied. The fish 630 

species modeled was used as the within-subject factor (random intercept); bias correction and 

model were the between-subject factors (fixed effects). 

I also assessed the effect of extrapolation on the TPR for models. First the TPR in areas 

where models were extrapolated (MESS<0) was calculated and compared to the TPR in areas 

where models were interpolated (MESS≥0) using a Welch two-sample t-test because of unequal 635 

sample sizes. Next the differences in TPR between model types and bias methods when 

extrapolating were compared using a linear mixed model in R 3.5.1 (R Core Team 2018) with the 

“nlme” package (Pinheiro et al. 2018). Selection started with a full model compromised of the 

interaction between model type and bias method. Terms were sequentially dropped from the 
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model and successively compared using likelihood ratio test. Terms were removed if the complex 640 

model was not significantly (p>0.05) more likely to explain the data than the simplier model.  

I evaluated the relative transferability of each model by dividing the cross-validated TSS 

or AUC by the TSS or AUC in North America for both cross-validation methods (spatial or 

random). Because many of my models had TSS scores of zero and proportions could not be 

calculated, one was added to all TSS scores so division could occur. I then compared the relative 645 

transferability of each model to a value of 1 (perfect transferability) using a one sample t-test, 

correcting for family-wise error with the False Discovery Rate method (Benjamini and Yekutieli 

2001). The effect of the cross-validation method and model type on relative transferability were 

assessed separately for TSS and AUC using linear mixed models, with the species as the random 

effect. Spearman correlations were also calculated for each species to evaluate if the ranked order 650 

of models by AUC and TSS in cross-validation were the same in North America as in training. 

Spearman correlations range from -1 to 1, where 1 indicates a perfect agreement in model ranks 

and -1 indicates a perfect disagreement. Differences in mean Spearman correlations between 

evaluation metric (AUC or TSS) and cross-validation method (random or spatial) were tested 

using Kruskal-Wallis tests.  655 

2.4 Results 

2.4.1 Model performance in North America 

Models’ ability to discriminate between suitable and unsuitable habitats (TSS and AUC), 

and models’ ability to identify all areas of suitable habitat (TPR) did not differ when evaluated 

using North America occurrences. In general models showed a poor ability to discriminate 660 

between suitable and unsuitable habitat (mean TSS= 0.11±0.15 SD), and showed a poor ability to 

assign higher habitat suitability to presence records than pseudo-absences (mean AUC=0.67±0.12 

SD). Additionally, models did not consistently identify a fish’s potential distribution as 

occurrence records were located in areas predicted to have unsuitable habitat (mean TPR= 
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0.87±0.31SD). Models did differ in their ability to predict the likelihood of a fish’s occurrence in 665 

North America based on continuous predictions of habitat suitability, measured by the Boyce 

index (F(2,20)=5.02, p<0.05, repeated measures ANOVA) (Figure 2-1). Values of the Boyce index 

for DOMAIN (0.584±0.54 SD) were significantly greater than Maxent (-0.04±0.65 SD) and 

BIOCLIM (-0.14±0.4 SD, p<0.05, Tukey’s HSD). None of the four performance metrics (AUC, 

TSS, TPR or Boyce index) were influenced by bias correction methods (none or spatial filtering) 670 

(Figure 2-1). 

 Of the three modelling techniques used, only DOMAIN models differentiated between 

suitable and unsuitable habitat (TSS>0) while still identifying the fishes’ distribution in North 

America (TPR=1). DOMAIN models without spatial filtering differentiated between suitable and 

unsuitable habitat for three of five species (C. carpio, E. lucius and, S. trutta) whereas DOMAIN 675 

with spatial filtering was only able to differentiate habitat for two of five species (C. carpio and 

E. lucius). No modelling technique discriminated between suitable and unsuitable habitat for S. 

namaycush or L. lota while still identifying a fish’s potential distribution when the whole study 

extent was considered.  

When only areas of interpolation were considered (MESS≥0), nine of 30 models (30%) 680 

were able to identify a fishes’ distribution while still differentiating suitable from unsuitable 

habitat. DOMAIN models, both with (4 models) or without (4 models) spatial filtering, were able 

to correctly assign suitable habitat for all species except S. namaycush. The only non-DOMAIN 

model that could correctly identify a fish’s distribution and discriminate between suitable and 

unsuitable habitat was the MaxEnt model with spatial filtering for C. carpio.  685 

Since environmental conditions differed between regions east and west of the Atlantic 

Ocean, all species except E. lucius required model extrapolation in North America. The ability of 

models to correctly classify presence records as suitable habitat (TPR) when environmental 

variables were within the range seen in training (TPR= 0.94±0.14 SD), was significantly higher 
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than when environmental variables were beyond the range seen in training and models had to 690 

extrapolate (0.44±0.48 SD, t(26)= -4.94, p< 0.05, Welch two sample t-test). When only areas of 

extrapolation are considered, the ability to identify suitable habitat differed significantly between 

model types (X2
(2)= 26.25,  p< 0.001, likelihood ratio test, Figure 2-2). MaxEnt models were 

better able to identify suitable habitat when extrapolating (TPR= 0.91±0.18 SD) compared to 

BIOCLIM (0±0.00 SD) or DOMAIN (0.41±0.59 SD). DOMAIN models were also better at 695 

identifying suitable habitat compared to BIOCLIM models. Bias correction had no significant 

effect on a models to identify suitable habitat when extrapolating (X2
(1)= 1.63, p= 0.20, likelihood 

ratio test); however, when spatial filtering was used all models were worse at predicting suitable 

habitat (TPR(No Correction)= 0.51±0.49 SD vs TPR(Spatial Filtering)= 0.38±0.48 SD).  

2.4.2 Relative transferability  700 

Twenty-four different combinations of models were assessed for relative transferability: 

three model types (BIOCLIM, DOMAIN, MaxEnt) by two cross-validation methods (random, 

spatial blocks), two bias methods (none, spatial filtering) and two assessment metrics (AUC, 

TSS). Only BIOCLIM models without bias correction using spatial cross-validation and assessed 

with TSS had a mean relative transferability that was detectably different from one (t(4)= 9.07, 705 

adj. p< 0.05, one sample t-test).   

The bias correction used was the only factor tested that detectably changed the relative 

transferability of models (likelihood ratio= 85.43, p< 0.001, likelihood ratio test, Figure 2-3). 

Models that used spatial filtering underestimated model performance, with smaller TSS and AUC 

values in cross-validation than when they were tested in North America with mean values of 710 

relative transferability less than 1 (t(29)= -5.91, p< 0.05, one-sample t-test). Models without a bias 

correction overestimated model performance, with larger TSS and AUC values in cross-

validation than in North America with mean values of relative transferability greater than 1 (t(29)= 
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4.37, p< 0.05, one-sample t-test). Transferability was not detectably different between model 

types, metrics used (TSS or AUC) or, the cross-validation method (spatial or random, Figure 2-3). 715 

When I compared the Spearman rank correlations there was no detectable difference 

created by cross-validation methods or the evaluation metric used. The mean Spearman 

correlation for TSS (-0.11±0.44 SD) and AUC (-0.22±0.39 SD) indicate that ranked performance 

in cross-validation has little relationship to ranked performance in North America.  

2.5 Discussion 720 

2.5.1 Model performance in North America 

My results show SDMs can discriminate between suitable and unsuitable habitats and 

identify the total distributional area of fishes in regions that are spatially disjunct from their 

training range. MaxEnt, DOMAIN and BIOCLIM all show a similar ability to discriminate 

between the suitable habitat and unsuitable habitat (as measured by TSS), and to assign presence 725 

records correctly (as measured by TPR) in North America when both were considered 

individually.  However, when I considered only the models that identified the total distributional 

area (TPR=1), only DOMAIN models discriminated between habitats for the whole study extent. 

Even the best DOMAIN models should be interpreted with caution because they broadly 

overpredict the distribution of the species; designating many areas where the species has not 730 

established as suitable habitat. Additionally, model performance varied between species with only 

three of five species being successfully modelled so that the total distributional area was included 

as suitable habitat (TPR= 1) while still defining some areas as unsuitable habitat (TSS>0).  

The broad over-prediction of suitable habitat by the models I used was to be expected for 

two reasons. Firstly, my models only use three climate factors at a large spatial resolution 735 

(25km2) to describe environmental habitat suitability whereas there are many environmental 

factors that will narrow the realized distribution. For example, a region may be climatically 

suitable for a particular fish, but it may be limited by the availability of suitable habitat for 
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spawning, e.g., a floodplain spawner in a region where hydrology does not create long-term flood 

conditions required for successful reproduction (Domisch et al. 2015). Secondly, ecologists have 740 

long recognized that factors other than climate, particularly predation, can shape a fish’s realized 

distribution (Hutchinson 1957, Jackson et al. 2001). My models do not account for biological 

interactions so a prediction of suitable habitat beyond the realized range of the species is expected 

(Soberon and Nakamura 2009). Over prediction of suitable habitat should not be viewed as an 

error of the SDM but a limitation of the data that is available for modelling. Because many factors 745 

can influence a species’ distribution at a local scale, as such SDMs based on coarse climate 

variables should be used as a coarse filter for determining habitat suitability opposed to absolute 

predictions of suitable or unsuitable habitat.  

Extrapolating model results beyond the environmental conditions present in the training 

region was challenging for all models. The ability of models to classify suitable habitat in the 750 

target region decreased when models extrapolated beyond the conditions present in the training 

region.  Interestingly, MaxEnt models were the best at assigning suitable habitat when 

extrapolating but still performed poorly when differentiating between suitable and unsuitable 

habitat types, either assigning the whole study extent as suitable habitat or assigning unsuitable 

habitat where presence records occurred. On average DOMAIN was worse at assigning suitable 755 

habitat than MaxEnt when extrapolating based on TPR; however DOMAIN was the only model 

able to correctly predict the total distributional area of any fish while correctly assigning 

unsuitable habitat. BIOCLIM showed no ability to assign suitable habitat when extrapolating, 

resulting in an inability to identify the distributional area for any of the four species (C. carpio, S. 

namaycush, L. lota, S. trutta) that required extrapolation. If extrapolation is required in the target 760 

region for habitat predictions, BIOCLIM should not be used.  

Interpreting results only in areas of interpolation increased the number of successful 

models; however interpolated areas had little space predicted as unsuitable habitat which resulted 
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in models having a weak ability to discriminate between habitat types. My results support the 

findings of many authors (e.g. Elith et al. 2010, Fitzpatrick & Hargrove 2009, Owens et al. 2013) 765 

that SDM predictions are more accurate in areas of interpolation. When only areas of 

interpolation were considered, DOMAIN successfully modelled all species except S. namaycush, 

and a MaxEnt model with spatial filtering also successfully modelled C. carpio. When only areas 

of interpolation are considered we can be confident that DOMAIN models identify the total 

distributional area of a species but their ability to differentiate between suitable habitats remains 770 

weak (i.e. DOMAIN models show almost all North America as suitable habitat for all species).   

Although SDMs, specifically DOMAIN models, can identify the total distributional area 

for fishes while still assigning areas as unsuitable habitat, their tendency to overpredict suitable 

habitat may limit their applicability in the real world. SDMs for invasive species are often 

transferred with the goal of focusing resources and management actions on specific habitats 775 

where the species could establish (Jiménez-Valverde et al. 2011). Even my best models show 

broad overpredictions when habitat is considered strictly suitable or unsuitable, making them of 

limited use for assigning priority areas (Figure 2-4). Based on my results, binary predictions of 

suitable and unsuitable habitat by SDMs provide little usable information for fishes when models 

are transferred to disjunct areas. Additionally, when SDMs extrapolate beyond environmental 780 

conditions seen in training my results indicate that performance is highly variable among species. 

When extrapolating it is unlikely that even the best modelling technique in my study, DOMAIN, 

will identify the total distributional area of the fish. In contrast to the binary predictions, 

continuous predictions of habitat suitability may be more informative for fishes when SDMs are 

used in geographies beyond their training distribution.  785 

The quality of continuous habitat suitability predictions or calibration of SDMs was 

consistently high for DOMAIN models. Calibration is an important measure of model 

performance because it indicates if an increase in habitat suitability increases the likelihood of a 
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species occurrence (Jarnevich et al. 2015). Continuous predictions of habitat suitability do not 

define areas as suitable or unsuitable habitat but show how habitat quality changes on the 790 

landscape and helps to capture the uncertainty of model predictions (Hirzel et al. 2006). My 

results show that areas of high habitat suitability predicted by DOMAIN were more likely to be 

occupied by fishes in North America. Models like DOMAIN, with strong calibration performance 

can be used to generate hypotheses about where a species is likely to occur. All DOMAIN 

models, except those for S. namaycush, which was modelled poorly by all techniques, show good 795 

calibration providing confidence that DOMAIN models for fishes maintain their calibration when 

transferred spatially. Potential invaders in areas with higher predicted habitat suitability in the 

target region should be considered more likely to invade. 

It is worth noting that the MaxEnt models can use different outputs which are 

transformations of their predictions which may impact their calibration. I used the “raw” output, 800 

or relative occurrence rate, which is interpreted as relative habitat suitability (Merow et al. 2013). 

The “logistic” output which is a transformation of the “raw” output, was developed to model the 

probability of a species’ occurrence and assumes that half of the sampling events in areas with the 

average conditions of a presence record would detect the species (Merow et al. 2013). This 

assumption is rarely true, and changes in how often a species is detected can result in large 805 

differences in final predictions (Merow et al. 2013). Additionally, with sampling bias in training 

records and variable sampling techniques, it is challenging to determine the detection rate of the 

species during sampling (Royle et al. 2012). I used the “raw” output because it makes no 

assumptions about the detection rate of the modelled species. DOMAIN should still be preferred 

over MaxEnt for continuous habitat suitability predictions because it outperforms the “raw” 810 

output of MaxEnt and does not require assumptions about the detection rate of a species like the 

“logistic” output. 
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The potential distribution of L. lota and S. namaycush were both underestimated by all 

models when the whole study extent was considered. The fishes’ characteristics could explain the 

challenges I had modelling these species. Both fishes are considered cold water fishes requiring 815 

high dissolved oxygen concentrations and water temperature between 10-150C (Ferguson 1958). 

This likely contributed to model inaccuracy, because cold water habitats are typically located 

deep in the water column, where water temperatures are not related to growing degree days, the 

environmental factor I used to approximate water temperature (Trumpickas et al. 2009, 

McGarvey et al. 2018). My models for L. lota and S. namaycush identify areas in North America 820 

that have similar surface water temperatures (based on growing degree days) as where the fishes 

were found in training, instead of identifying areas with deep lakes that have cold water habitat 

year-round. My models likely underestimate the potential distribution of L. lota and S. namaycush 

in North America because they failed to identify areas that have lakes with deep thermal refuges. 

Although the potential distribution of both these species could not be identified when the whole 825 

study extent was considered, DOMAIN models for L. lota were well calibrated and could identify 

the potential distribution when only areas of interpolation were considered.  

S. namaycush was the only species that did not have a single model able to correctly 

classify all presence records and discriminate between habitat types. Additionally, S. namaycush 

was the only species where DOMAIN models had poor calibration in North America. In addition 830 

to requiring high dissolved oxygen and coldwater, S. namaycush had a narrow geographic 

distribution in training. The narrow geographic and environmental distribution of S. namaycush in 

training required the models for S. namaycush to extrapolate the most of all species, which could 

have compounded the effect of the indirect factors resulting in poor model performance. For 

terrestrial systems with more direct environmental factors, species with narrow geographic ranges 835 

tend to have higher predictive performances (Stockwell and Peterson 2002, Morán-Ordóñez et al. 

2017). However, these studies often focus on interpolation or temporal transferability instead of 
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spatial transferability (Stockwell and Peterson 2002, Morán-Ordóñez et al. 2017). It is unclear if 

my contradictory results can be attributed to aquatic species because they lack direct 

environmental factors, or to a more general phenomenon caused by spatial transfer and increased 840 

extrapolation. 

2.5.2 Relative transferability 

I was unable to detect a difference in relative transferability between spatially and 

randomly cross-validated models. The bias method used has a significant impact on the relative 

transferability of models with filtered models underestimating model performance in North 845 

America and unfiltered model overestimating performance in North America based on cross-

validated results. Spatially cross-validated assessments were not detectably different from random 

assessments. Simply assigning groups for cross-validation by geographic location does not appear 

to be a good imitation of spatial transfer. Truly spatially independent groups for model validation, 

like those created by independent species invasion events, could provide better estimates of 850 

model performance in novel areas (Petitpierre et al. 2017). However, accurate records of 

independent invasion events for a single species are rare. 

 My results suggest that cross-validated results of TSS or AUC should be interpreted with 

extreme caution, even if cross-validation groups are assigned spatially, because higher cross-

validated performance rarely results in higher performance in novel areas. There are currently no 855 

valid alternatives to cross-validation for model assessment, so it is difficult to suggest that the 

practice be abandoned for SDMs that are to be transferred to spatially disjunction territories. 

However, recent work by Fourcade et al. (2018) has highlighted that our current metrics of AUC 

and TSS are poor evaluators of model quality and more reliable model evaluation methods need 

to be developed. 860 

2.5.3 Notes on spatial filtering for bias correction 
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Spatial filtering has been frequently used to reduce clumping biases in occurrence records 

(e.g. Anderson and Raza 2010; Boria et al. 2014; Fourcade et al. 2018; Kramer-Schadt et al. 

2013; Swinnen et al. 2017). Kramer-Schadt et al. (2013) and Boria et al. (2014) both found that 

spatial filtering of occurrence records can improve the ability of MaxEnt models to correctly 865 

assign suitable habitat. However, I found that spatial filtering did not significantly improve the 

ability to assign suitable habitat for MaxEnt, BIOCLIM or DOMAIN models. Spatially filtered 

models consistently underestimated model performance in cross-validation, indicating that 

models were underfit in training and unable to model the effect of environmental factors on 

habitat suitability. Underfitting of models with spatially filtered records suggests that the filtering 870 

distance I used may have been too large. I could have selected the optimal filtering distance by 

iteratively changing the filtering distances to maximize the TSS and AUC in North America. 

However, since spatial independent occurrences are rare for potential invaders this iterative 

method would not be applicable for most invaders.  

Filtering distance is often based on heuristic approaches that visually remove clumping in 875 

occurrences (Fourcade et al. 2018), use species characteristics like home range (Kramer-Schadt et 

al. 2013) and/or, subjectively account for heterogeneity in the study region (Anderson and Raza 

2010). Although these methods can improve model performance, filtering distances are difficult 

to determine without prior experience modelling the species and can degrade model performance 

if selected poorly. Species characteristics like home range were not relevant for fishes in my 880 

study when determining filtering distance. Clumping biases in my occurrences were not created 

by repetitive sampling of a single individual or population but by lack of sampling in large 

regions of the world (i.e. Eurasia and Africa). Due to large areas with little to no sampling effort, 

large filtering distance was used to reduce biases (Fourcade et al. 2018).  

DOMAIN models with or without spatial filtering identified the distributional area of 885 

fishes in North America and differentiated between habitats. DOMAIN may be more robust to 
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clumping of spatial records because it is an environmental distance-based metric, where the 

distance is standardized by the range of the environmental factor (Carpenter et al. 1993). Since 

DOMAIN is standardized to the range of the environmental factors, clumping of occurrences in 

similar conditions have little effect on habitat suitability prediction (Carpenter et al. 1993). 890 

Distance-based methods like DOMAIN that are more robust to clumping biases may be 

preferable when users are unsure of the appropriate filtering distance to select.  

Spatial filtering was the only bias correction method explored in this study because it was 

applicable to all three modelling techniques. Alternative methods accounting for sampling bias, 

like background manipulations, have been tested with MaxEnt models (Phillips et al. 2009, Ranc 895 

et al. 2016). However, these methods are not applicable to DOMAIN and BIOCLIM models since 

DOMAIN and BIOCLIM do not use a background sample to inform the model. Background 

manipulations have shown some ability to correct for sampling bias, however Ranc et al. (2016) 

cautions against their universal application as species characteristics can influence their effects. 

2.6 Conclusions 900 

Species distribution models are often seen as binary yes/no answers to the question “Is 

this habitat suitable or unsuitable for a species?”. My results suggest that SDMs for aquatic 

species can answer this question in some cases. Specifically, DOMAIN models were able to 

differentiate between suitable and unsuitable habitats while identifying the total distributional 

area in North America for three of the five modelled fishes. Both BIOCLIM and MaxEnt were 905 

unable to match this feat for any species. Even though DOMAIN can accomplish this task, the 

area of unsuitable habitat that the model predicts without omitting any presence records is small. 

When SDMs are spatially transferred for invasive species applications, identifying areas where 

we are confident the species cannot survive is important because it allows management to focus 

on the most at-risk regions. Based on my results, transferring binary maps of habitat suitability 910 
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for invasive fish will likely result in broad over-predictions of suitable habitat and make it 

difficult to determine priority areas for management. 

Models better differentiated between habitats while identifying the total distributional 

area for fishes when models interpolated within the range of environmental conditions seen in 

training. Specifically, four of the five species were modelled well by DOMAIN adding 915 

confidence that DOMAIN is an effective technique when interpolating. Although more models 

were able to meet the criteria for successful modelling of a fish, the ability of the models to 

identify unsuitable habitat was small. The challenges associated with assigning priority areas are 

maintained even when only interpolated areas are considered because only small areas are 

identified as unsuitable habitat.  920 

As an alternative to using models as binary predictions, SDMs can be used to create 

continuous predictions of habitat suitability. When models were tested on their ability to 

discriminate between suitable and unsuitable habitat, there was no significant difference between 

model types; however when their continuous predictions were assessed, DOMAIN showed 

significantly higher performance than the other techniques. For DOMAIN models areas of higher 925 

predicted habitat suitability are occupied more often than areas with lower predicted habitat 

suitabilities. Continuous predictions might be more useful than binary predictions for invasive 

species applications, provided their outputs are treated as a hypothesis of what areas are most 

suitable for a species. 

Best practices like spatial cross-validation or spatial filtering of occurrence records 930 

should be used cautiously. Spatial cross-validation did not improve the relative transferability of 

any models when compared to random cross-validation and both methods frequently misranked 

model performance in North America. Spatial filtering of occurrence records has been shown 

previously to improve model performance in MaxEnt (i.e. Kramer-Schadt et al., 2013; 
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Radosavljevic & Anderson, 2014), however my study highlights the need for more robust 935 

methods to select filtering distances. 

 DOMAIN shows promise as a model for aquatic species when spatial transfer is required. 

DOMAIN was able to create good models regarding discrimination ability and correct 

classification of presences for three of the five species tested, and had superior calibration to both 

MaxEnt and BIOCLIM. SDMs should be thought of as hypotheses of species occurrences and not 940 

as absolute determinants of suitable habitat in the recipient habitat.   

 

 

 

 945 

Table 1. Repeated measures ANOVA test statistics for different performance metrics 

used to compare SDMs for five fishes in North America. The only significant effect was 

Model type for the Boyce index. 

Response Effects F-value p-value 

AUC 

Model type 1.811 0.189 

Bias method 2.121 0.161 

Model type: Bias method 0.593 0.562 

TPR 

Model type 2.669 0.094 

Bias method 0.019 0.892 

Model type: Bias method 0.009 0.991 

TSS 

Model type 0.125 0.883 

Bias method 3.941 0.061 

Model type: Bias method  2.144 0.143 

Boyce index 

Model type 5.021 0.017 

Bias method 0.001 0.976 

Model type: Bias method  0.010 0.990 
 

      



42 

 

 

 

 

Figure 2-1. Mean performance in North America by model type (± SD) in 

terms of area under the receiver operator curve (a), True skill statistic (b), true 

positive rate (c), and Boyce index (d). The only detected difference between 

model type means was for Boyce index (F(2,20)=5.02, p<0.05). 
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Figure 2-2. True positive rate (TPR) of models in North America when 

extrapolating (MESS<0). E. lucius is omitted because it did not require 

extrapolation when predicting in North America. TPR was statistically different 

between model types (X2
(2)= 26.25,  p<0.001, likelihood ratio test).  
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Figure 2-3. The relative transferability of SDMs based on the metric, cross-validation method and bias 

method. Relative transferability is the model’s performance in cross-validation divided by model 

performance in North America.  For black boxes, occurrences were divided based on location for cross-

validation whereas grey boxes had occurrences randomly assigned in cross-validation. The red lines 

identifies perfect transferability A) All models had no bias correction applied, generally cross-

validation over estimates model (t(59)= 7.95, p<0.05, one-sample t-test). B) All models were spatially 

filtered, generally cross-validation underestimate model performance (t(59)=-4.00, p<0.05, one-sample t-

test). 

 



45 

 

 950 

  

 

Figure 2-4. Predicted habitat suitability of E. lucius by a DOMAIN model without spatial filtering. Black 

dots are known occurrences of E. lucius. A) shows continuous predictions of habitat suitability with green 

areas indicating high quality habitat and red areas indicating poor quality. B) shows the binary predictions 

of suitable habitat with suitable habitats coloured green and unsuitable habitats as red.  
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Chapter 3 

Hot or Cold: The use of climate matching for invasive species screening 

assessments 955 

3.1  Abstract 

Detailed risk assessments are used to target management actions for potentially invasive fish, 

however they are resource intensive to complete. It is unclear if screening risk assessments based 

on climate suitability could be used to prioritize fish for detailed risk assessments. Using 44 fishes 

which pose a threat to invade the Laurentian Great Lakes I evaluated how climate suitability 960 

predictions using DOMAIN models could be used to screen fishes. Climate matching is not 

ideally suited to remove fishes from lists of potential invaders. Target regions have large areas of 

novel conditions adding uncertainty when inferring establishment potential from climate 

similarity which could lead to the unforeseen establishment of high impact invaders.  Predicted 

climate suitability did not identify species of no risk to establish in the study region but, it 965 

provided useful information about the likelihood of establishment even when climate conditions 

are novel. Trends in climate suitability can be used to help identify where pathways intersect high 

climate similarity for many species. Spatial predictions of pathways and climate matches can help 

managers implement management actions.  

3.2 Introduction 970 

Invasive species are one of the major threats to freshwater fishes in North America, ahead 

of factors like overharvesting and pollution (Dextrase and Mandrak 2006). The establishment of 

invasive species in North American lakes, rivers and streams, reduces the economic, cultural and 

recreational value of these freshwater resources (Lovell, Stone, & Fernandez, 2006). The large 
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impact of invasive species on aquatic systems makes preventing the introduction and 975 

establishment of future invaders essential.  

Increased intentional and accidental movement of freshwater fishes globally means that 

many fishes pose an invasion risk (Smith et al. 2009). For example, from 2000-2006 more than 

1.3 billion individual fish were imported to the United States, brought in for water garden, live 

bait, live food and aquarium trades (Smith et al. 2009, Howeth et al. 2016). These numbers only 980 

account for the fish intentionally imported via legal means and do not account for accidental 

imports as stowaways in ship ballast water or fish brought in illegally (Smith et al. 2009). 

Inevitably some fishes will be released intentionally (e.g. release of unwanted pets) or 

accidentally (e.g. extreme weather breaching aquaculture pens) where they can impact 

ecosystems (Kolar et al. 2005, Howeth et al. 2016). Although many fishes have the potential to be 985 

introduced, few will ultimately cause impacts and become invasive (Williamson and Fitter 1996).  

Detailed risk assessments determine the risk posed by a fish by assessing the probability that a 

fish will be introduced to a target region, establish and cause an impact (Mandrak et al. 2012, 

Singh et al. 2015). Risk assessments facilitate strategies for prevention and early detection of 

invasive fishes leading to more effective management (Mandrak et al. 2012, Singh et al. 2015). 990 

However, limits on time and resources mean that only a small subset of all potentially invasive 

fish are assessed in detail.  

Screening assessments prioritize fishes for detailed risk assessments quickly using readily 

available species information (DFO 2014, Singh et al. 2015). Ideal screening assessments 

effectively identify all fishes that can establish and cause an impact in the target region (Singh et 995 

al. 2015). Identifying all fishes that could establish is key to screening assessments because 

omitting fish’s with invasion potential could lead to unforeseen invasions, which are costly and 

difficult to control (Leung et al. 2002). Climate similarity between the target region and a fish’s 

native distribution is generally a consistent predictor of establishment success (Hayes and Barry 
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2008, Bomford et al. 2009, Chapter 2), but predicting a fish’s impact before invasion remains 1000 

challenging (Howeth et al. 2016). Because a fish must establish before causing an impact and 

establishment is more predictable than impact, many screening assessments are based on the 

likelihood of establishment (Vilizzi and Copp 2013, DFO 2014, Howeth et al. 2016).  

Screening assessments for establishment potential often use climate matching (Vilizzi 

and Copp 2013, DFO 2014, Howeth et al. 2016). Fishes introduced to target regions that are more 1005 

similar in climate to their native distribution are more likely to establish than fishes with less 

similarity between climate regions (Bomford et al. 2009). Climate matching infers establishment 

potential for a fish based on the level of climate similarity between the target region and the fish’s 

native distribution (Bomford et al. 2009). Screening assessments using climate matching often 

select a minimum level of similarity between a fishes native distribution and target region (Vilizzi 1010 

and Copp 2013, DFO 2014, Kalous et al. 2015). Any fish with climate similarity below the 

minimum level is omitted from further risk assessment and not considered an invasion risk. 

However, it is unclear if a minimum level of climate similarity between a fish’s native 

distribution and a target region is required for fish to successfully establish. If some fishes can 

establish with low or no climate similarity, climate matching would be a poor screening tool 1015 

because it could omit fishes with invasion potential leading to unforeseen and unplanned for 

invasions. 

 To assess how useful climate screening is for prioritizing fish species for detailed risk 

assessments, I used 44 fishes that are not native to North America and are considered an invasion 

risk in the Laurentian Great Lakes region (Hatton et al. 2018). Specifically, I focus on three 1020 

questions: 1) Do fishes already established in the study region have higher climate similarity 

between their native distribution and the study region than non-established fishes? 2) Does 

climate matching identify areas within the study region that are more at risk to establishment? and 
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3) Are there consistent areas in the study region with higher climate similarity for many potential 

invaders? 1025 

3.3 Methods 

3.3.1 Species data 

I used species occurrence data for 44 freshwater fishes which pose a threat to invade 

Ontario and the Great Lakes basin (Appendix C) (Hatton et al., 2018). The list of freshwater 

fishes is based on species with prior invasion success globally, species identified by neighboring 1030 

provinces and states as fishes of concern, and fishes proposed for aquaculture in Ontario (Hatton 

et al. 2018). All global species occurrences were downloaded from the Global Biodiversity 

Information Facility database (GBIF, http://gbif.org). All occurrences were filtered to match the 

resolution of climate variables so only one occurrence record was kept for every 0.0420 grid cell 

(approximately 25km2). I manually validated occurrences that were: isolated, beyond the 1035 

recorded range of the species, or identified as having coordinate issues (coordinates do not match 

country or continent of origin, coordinate uncertainty > 1km).  

Fishes were divided into two groups: established (n=18) and not established (n=26) in the 

study region. Established species had at least one area within the study region where a species 

record occurred within the last five years (Figure 3-1).  Unestablished species did not have any 1040 

validated occurrences within the study extent at the time of writing.  

3.3.2 Climate factors 

I considered 19 climate variables from Worldclim database (http://www.worldclim.org/) 

and growing degree days above 00C from ENVIREM for modelling (Hijmans et al. 2005, Title & 

Bemmels 2017). Collinearity and biological relevance were then used to select the final climate 1045 

factors used for climate matching. I only considered climate variables biologically relevant if they 

had previously been shown to influence a fish’s survival.  If two biologically relevant variables 
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were considered collinear (VIF >10), I kept the variable that was easier to interpret biologically 

for the species (Dormann et al., 2013). This process was continued until all variables had VIF <10 

when compared together. After screening three variables remained: growing degree days above 1050 

00C, the standard deviation of annual temperature (seasonality), and total annual precipitation. 

Growing degree days are strongly correlated with the growth and survival of fishes (Shuter, 

Minns, & Lester, 2002). Seasonality is a measure of how much air temperature changes over a 

year. Larger changes in temperature over the year creates more rapid changes in water 

temperature during the year (Morita & Nakashima, 2015). Quicker changes in temperature 1055 

decrease the length of time that temperatures remain optimal for growth and reproduction of 

fishes (Morita & Nakashima, 2015). Annual precipitation was included because it influences 

many features of aquatic habitat including local stream hydrology, nutrient loading and turbidity 

(Bomford et al., 2009; Galloway & Cowling, 1978; Sinha, Michalak, & Balaji, 2017). I projected 

all climate variables used at a resolution of 0.0420 (25km2). The 0.0420 resolution accurately 1060 

shows changes in climate variables and is suggested by Domisch et al. (2015) for continental 

scale climate matching. 

 

3.3.3 Climate matching 

Several algorithms are available to compare climate similarity between a species’ current range 1065 

and a target region. For my study I selected the DOMAIN algorithm because it has previously 

been shown to effectively model the likelihood of species establishment (Chapter 2). DOMAIN 

calculates climate similarity by measuring the distance, in climate space, between the climate 

conditions of a location in the target region to the climate conditions of the most similar training 

record (Carpenter et al., 1993). The closer in climate space the climate conditions of the target 1070 

region are to the climate conditions at an occurrence record, the higher the assigned climate 

similarity (Carpenter et al., 1993).  
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 All DOMAIN models were run in R 3.5.1 (R Core Team 2018) using the R package 

‘dismo’ (Hijmans, Phillips, Leathwick, & Elith, 2017).  I trained all species not established in the 

study region using all available occurrence records, whereas species established in the study 1075 

region were trained without North American occurrences. Omitting North American records for 

established species allowed me to compare the predicted climate suitabilities between established 

and not established species.  

 I trained an additional DOMAIN model for all species that are established in the study 

region using all the occurrence records available. These models, along with the models for the 1080 

unestablished species, were used when assessing trends in climate suitability among species. 

Individual predictions in the study region for each species were projected onto the study region 

(Appendix B). 

3.3.4 Multivariate Environmental Similarity Surfaces 

Multivariate Environmental Similarity Surfaces (MESS) were used to assess if the target 1085 

region has conditions that are novel compared to the records used in training (Elith et al., 2011). 

Negative MESS values indicate that the conditions at a site are beyond the range of climate 

conditions seen in training for at least one environmental factor, identifying areas of novel 

climate. MESS scores were calculated using the “mess” function from the ‘dismo’ package in R 

(Hijmans et al., 2017). Novel conditions were considered anywhere at least one environmental 1090 

factor was beyond the range seen in training (MESS<0).  

3.3.5 Analyses 

I compared climate matching between established species and unestablished species in 

the study region. For established species, I determined the maximum climate similarity for any 

occurrence records in the study extent and compared that value to the maximum climate 1095 

similarity in the study region for not established species using a Welch’s t-test. I used the 

maximum climate similarity because it indicates if established species have higher predicted 
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establishment risk than unestablished species. The minimum climate similarity of occurrence 

records in the study extent was also calculated for established species. The minimum climate 

similarity indicates the minimum level of climate similarity seen that has resulted in a species 1100 

successfully establishing. The minimum level of climate similarity for established species was 

also assessed when climate conditions were not novel (MESS≥0). 

 I calculated the Boyce index for all established species in the study region. The Boyce 

index is a measure of how strongly climate matching relates to the likelihood of a species 

occurence (Hirzel, Le Lay, Helfer, Randin, & Guisan, 2006). The Boyce index ranges from -1 to 1105 

1. Zero indicates that climate matching provides the same amount of information as random, 1 

indicates that as climate similarity increases the likelihood of a species occurrence always 

increases, negative values indicate that species occurences are more likely to be found in areas of 

lower climate matching, and postive values indicate that species occurences are more likely to be 

found in higher areas of climate matching (Hirzel et al., 2006). I compared the average Boyce 1110 

index for established species to zero using a one-sample t-test to determine if climate similarity 

predicted better than random species occupancy in the study region. The Boyce index for only 

areas with conditions seen in training (MESS≥0) was also calculated and compared to a value of 

zero using a one-sample t-test. I also compared the average extent of novel conditions between 

established and not established species using a Welch’s t-test. All p-values were corrected for 1115 

family-wise error using the False Discovery Rate correction (Benjamini and Yekutieli 2001).  

  Trends in climate similarity within the study region were compared for all 44 species 

using DOMAIN models trained with all occurrence records. I standardized the climate similarity 

for each species so that the maximum climate similarity in the study extent was 100. Climate 

similarity for each species was summed by individual raster cells and divided by the total number 1120 

of species (44). This created a final raster of average climate suitability for all species that ranged 

from 0 to 100.  



53 

 

3.4 Results 

Of the 44 fishes considered, 18 (41%) have established populations in the study region 

with the remaining 26 fishes (59%) not established. Of the established fishes the number of 1125 

unique occurrence records in the study region varied from 2 to 24700 (median= 40.5). Maximum 

climate similarity was not statistically different between established (mean= 0.72±0.16 SD) and 

not established fishes (mean= 0.71±0.17 SD, t35.8=0.11, p adjusted= 0.91, Welch’s t-test).    

 When I assessed climate similarity at occurrences in the study region, four  established 

fishes (22%) had zero climate similarity for at least one occurrence record and one fish 1130 

(Proterorhinus marmoratus) had zero climate similarity at all occurrence records (n=28) (Figure 

3-2).  When I considered only areas with climate conditions seen in training (MESS≥0), no 

established fishes’ occurrences had zero climate similarity (minimum similarity for all fishes was 

0.22). However, the study region was completely novel for five fishes that established in the 

study region (Proterorhinus marmoratus, Neogobius melanostomus, Oreochromis niloticus, 1135 

Channa maculate, Oreochromis mossambicus) so I could not use climate matching to determine 

climate suitability for these fishes. Additionally, for the remaining 13 established fishes, an 

average 20% (mean= 0.20±0.31 SD) of occurrence records were located on novel climate 

conditions and nearly 60% (mean= 0.57±0.29 SD) of the study extent represented novel climate 

conditions. On average for the 26 fishes not established, novel climate conditions existed for 1140 

almost 75% (mean= 0.74±0.30 SD) of the study extent. There was no detectable difference in the 

extent of novel climate conditions between established and not established fishes (t(35.9)=0.50, 

adjusted p= 0.83, Welch’s t-test). 

  Fishes established in the study region were more likely to be found in areas with higher 

climate similarity than random (mean Boyce index= 0.48±0.41 SD, t(16)= 4.91, adjusted p< 0.05, 1145 

one-sample t-test). I removed P.marmoratus from this analysis because it had no variability in 

climate similarity across the study region (mean climate similarity= 0±0 SD) so I could not 
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calculate the Boyce index. The complete lack of climate similarity for P. marmoratus indicates 

that the fish was only found in a narrow range of climate conditions that are completely absent 

from the Great Lakes region prior to its introduction in North America. When novel climate 1150 

conditions were excluded from my analysis, the relationship between climate similarity and the 

likelihood of fishes occurrence weakened (mean= 0.29±0.43 SD) and was not significantly 

different from random (t(12)=2.46, adjusted p= 0.06, one-sample t-test).  The exclusion of novel 

climates also increased the number of fishes (n= 4) that showed no gradient in climate matching 

across the area considered and were removed from the analysis.  1155 

 When climate similarity using all known occurrences for the 44 species was considered 

together, average climate similarity in the study region was highest along the east coast of the 

United States (Figure 3-3). Climate matches were particularly high for Lake Ontario, Lake Erie, 

Lake Huron and Lake Michigan for the 44 fishes modelled. Climate matching for the 44 species 

quickly declined north of the Laurentian Great Lakes. 1160 

3.5 Discussion 

My analyses suggest that fishes can establish when climate similarity is low between the 

introduced and native range. When I used a common threshold of climate match of at least 0.2 

(DFO 2014), two fishes that established in the study region, P. marmoratus and N. melanostomus, 

would have been omitted from more detailed risk assessments (Kornis et al. 2012). Of particular 1165 

concern is N. melanostomus, which is an extremely successful invader that has spread through the 

Laurentian Great Lakes faster than any previously introduced fish (Kornis et al. 2012). N. 

melanostomus has had direct negative effects on native species through competition and 

predation, and has also destabilized the Great Lakes ecosystems by altering nutrient and 

contamination cycling (Kornis et al., 2012). Screening fishes based on climate matching would 1170 

have omitted this high impact invader, highlighting that climate matching might be a poor tool to 

assign fishes as no risk (Di Febbraro et al., 2013). I found that fishes can establish in climate 
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conditions that were novel compared to their training occurrences (realized climate niche) as has 

been previously reported (Lauzeral et al. 2011, Di Febbraro et al. 2013, Gallardo et al. 2013). The 

change in realized climate niche is often thought of as evidence for fundamental climate niche 1175 

shifts during invasion (Lauzeral et al. 2011, Di Febbraro et al. 2013, Gallardo et al. 2013). A 

fundamental climate niche shift can occur during species invasions (Colautti and Barrett 2013, 

Helliwell et al. 2018), but studies that identify niche shifts using climate matching should be 

interpreted with caution (Guisan et al. 2014, Qiao et al. 2017). Studies using climate matching 

rarely account for the effect of dispersal and the availability of climate conditions in the native 1180 

range on the realized climate niche (Guisan et al. 2014, Qiao et al. 2017). Qiao et al. (2017) 

argues that fundamental niche shifts are rare in species invasions. Instead they propose that 

introduction to a new region allows the species to expand its realized niche into climates that 

were unavailable in the native range but always part of the fundamental climate niche. When 

studies account for the range of climate conditions accessible to the species in the native range, 1185 

evidence of rapid changes in the fundamental climate niche based on climate matching appear to 

be rare in species invasions (Chefaoui & Varela-Álvarez, 2018; Cunze, Kochmann, Koch, & 

Klimpel, 2018; Petitpierre et al., 2012).  

Although niche shifts may be rare during species invasions, novel climate conditions in 

the target range are a challenge because they are beyond the range of climate conditions seen in 1190 

training. For novel climate conditions predictions of establishment success based on climate 

similarity were less reliable (Di Febbraro et al. 2013). Both P. marmoratus and N. melanostomus 

have large areas in the target region where climate conditions were novel which may be why 

climate matching performed poorly. The large extent of novel conditions in target regions makes 

drawing inferences about establishment potential based on climate similarity more uncertain.   1195 

Poor model performance in novel conditions could also be compounded by my reliance 

on air temperature values instead of in situ water temperatures. Air temperature is highly 



56 

 

correlated to surface (epilimnion) water temperature, however this relationship is not conserved 

as lake depth increases (Minns 2009). For fishes that require cooler waters, my models likely 

underestimate their range because deep lakes would provide thermal habitat that is not correlated 1200 

with air temperature. It is unlikely that P. marmoratus and N. melanostomus are exploiting 

deeper, cooler water that my models do not account for because they are both considered warm 

water fishes that typically occur in epilimnetic waters (Laval et al. 2008, Kornis et al. 2012). Poor 

predictions for fishes preferring warm epilimnetic waters indicates that even with in situ 

measurements of lake conditions, novel climate conditions in the target region will still create 1205 

challenges predicting climate suitability. 

Bomford et al. (2009) established that climate matching increased the success of fish 

establishment, however there was no detectable difference in climate similarity between 

established species and potential invaders in my study. The similarity in climate suitability 

between potential and established species is likely due to a bias created when Hatton et al. (2018) 1210 

created the list of potential invaders. Hatton et al. (2018) considered only species that were 

predicted to invade the study extent, so a climate bias was inherent in their analysis.  

My results support previous findings that climate similarity increases the likelihood of 

establishment. Although I could not designate species as “no risk” based on climate matching, 

climate similarity was still informative about which areas of the target region were more likely to 1215 

have established populations if the species was introduced. For managers of invasive species this 

is valuable information because it can help prioritize resources for monitoring and outreach more 

efficiently (Jiménez-Valverde et al., 2011). Additionally, climate matching predicted the 

likelihood of establishment when novel climate conditions were considered, allowing climate 

matching to be used for the entire target region.  1220 

Since no species could be removed from the list of potential invaders based on climate 

similarity, future management actions should focus on controlling the pathways of introduction 
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for species (Bradie and Leung 2015). Aquarium trade, water garden trade, live food, live bait and 

biological supply are the main ways live fish are being brought into the Great Lakes basin 

(Howeth et al., 2016). Understanding how these trades vary in intensity across the study region 1225 

could help identify areas of higher risk, specifically if coupled with climate matching maps. 

Understanding which trades are most prevalent around the Great Lakes and along the east coast 

of the United States where climate similarity was high for many species would help in targeting 

the most risking pathways for management. 

3.6 Conclusion 1230 

Climate matching is not ideally suited to remove fishes from lists of potential invaders. 

Large areas with novel conditions in target regions add uncertainty when inferring establishment 

potential from climate similarity which could lead to the unforeseen establishment of high impact 

invaders.  Although climate similarity did not identify species of no risk to establish in the study 

region, it provided useful information about the likelihood of establishment even when climate 1235 

conditions are novel. Trends in climate suitability can be used to help identify where pathways 

intersect high climate similarity for many species. Spatial predictions of pathways and climate 

matches can help managers implement education programs and focus early detection monitoring 

efforts.  
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Figure 3-1. Study region, where climate matching was compared between established and not 

established species. The study region includes the Laurentian Great Lakes, all of Ontario, as well as 

the Hudson Bay lowlands and was created by buffering 100 longitude around the border of Ontario. 
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Figure 3-2. Maximum climate similarity of all occurrence records in the study region for 

established species. Colour of label denotes the number of occurrence records in the study 

region: yellow (<10), orange (10-100), red (>100). The red horizontal line is drawn at y=0.2 

to represent a threshold used to define species for further assessment by DFO (DFO, 2014) 
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Figure 3-3. Heat map of average climate similarity for 44 fishes. Climate similarity was 

standardized so all fishes ranged from 0 to 100 within the study extent. 
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Chapter 4 

Summary 1250 

4.1 Spatial transferability of SDMs for aquatic species 

Transferability of SDMs, particularly for aquatic species, has been understudied 

(Sequeira et al. 2018). The effective use of SDMs for AIS risk assessments (detailed or screening) 

requires a better understanding of how SDMs for aquatic species transfer in space (Werkowska et 

al. 2017). My research has improved our understanding of the factors influencing transferability 1255 

of SDMs for aquatic species. 

Transferred model performance quickly declined for all SDM techniques tested when 

habitat conditions were beyond the range seen in training, forcing model extrapolation. Model 

predictions in areas of extrapolation should be interpreted with caution. Areas of extrapolation 

should be identified when predictions of habitat suitability are made. Although identifying areas 1260 

of extrapolations can help users better interpret model predictions, large areas of extrapolation in 

the target regions can limit how useful SDMs are for screening assessments.  

In my thesis I explored the effect of spatial thinning to remove sampling bias and spatial 

cross-validation to improve model interpretation. In contrast to the results of Kramer et al. (2013), 

thinning occurrence records using spatial filtering did not improve my model performance. My 1265 

results in chapter two highlight the challenges of selecting an appropriate filtering distance for 

spatial filtering. Current heuristic methods for selecting thinning distance (e.g. visually removing 

bias, accounting for home range size) are insufficient to ensure improved model performance. 

Additionally, spatial cross-validation did not improve the relative transferability of models 

compared to random cross-validation. My results suggest that both cross-validation methods are 1270 

poor indications of transferred performance. Cross-validated SDM performances should be 
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interpreted with caution when inferring transfer model performance.  Both spatial filtering and 

spatial cross-validation have been suggested to improve model interpretation and transferred 

model performance; however for both methods my results suggest that they create minor or no 

improvements for aquatic species on a global scale (Anderson and Raza 2010, Jiménez-Valverde 1275 

et al. 2011, Kramer-Schadt et al. 2013, Jarnevich et al. 2015). Future work should focus on 

quantitative methods for selecting filtering distances and on alternative methods to “block” spatial 

cross-validation. 

Fishes’ traits also appear to influence SDM transferability. In my second thesis chapter 

two cold water species had the worst transferred model performance suggesting that SDMs for 1280 

cold water fishes may transfer poorly. Poor transferability of cold water fishes could be attributed 

to the use of indirect habitat conditions for aquatic environments which correlate air temperatures 

to water temperatures in the epilimnion but do not provide information on water temperatures in 

the hypolimnion where many cold water species reside (Domisch et al. 2015). Aquatic SDMs for 

cold water species are likely less transferable than those for warm water species. Future work 1285 

should explore alternative subsets of habitat conditions that better identify cold water habitat for 

aquatic species. 

4.2 Climate suitability for screening risk assessments 

AIS are a leading cause of biodiversity loss in North America and pose a large risk to 

aquatic ecosystem functions (Dextrase and Mandrak 2006). Detailed risk assessments for 1290 

potential AIS are often used to provide scientific advice for developing policy and legislation that 

protects aquatic ecosystems (Mandrak et al. 2012). However, detailed risk assessments on species 

that are not yet invasive require large amounts of information, making them time-consuming to 

conduct (DFO 2014). Screening risk assessments provide fast assessments of a potential AIS risk 

based on readily available information allowing resources for detailed risk assessments to be 1295 
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focused on the highest risk invaders (DFO 2014). My thesis focused on the applicability of 

climate suitability using SDMs as a screening risk assessment for potentially invasive fishes.  

  In my second chapter, I compared the ability of three SDM techniques (BIOCLIM, 

DOMAIN, MaxEnt) to correctly predict the potential distribution of fishes in North America 

when they were trained east of the Atlantic Ocean. Of the SDMs tested, DOMAIN showed the 1300 

best ability to identify the potential distribution of fishes in North America and had the best 

calibration of all modelling techniques. However, even the best DOMAIN models overpredicted 

suitable habitat in North America assigning few areas as unsuitable habitat. My results indicate 

that “Yes/ No” maps of climate suitability may be of limited use in screening assessments due to 

large over predictions of a fish’s realized distribution by even the best models. Instead continuous 1305 

predictions of habitat suitability should be used because DOMAIN model calibration was 

consistently high in North America. 

 In my third chapter, I applied the DOMAIN technique to potentially invasive fishes to 

screen the fishes based on climate suitability. When I trained DOMAIN models without using 

occurrences from North America for invasive fishes that have successfully established in the 1310 

Laurentian Great Lakes region some DOMAIN models predicted low or no climate suitability in 

the Laurentian Great Lakes region.  My results indicate that removing fishes from consideration 

for detailed risk assessment based solely on climate suitability is questionable because fishes can 

establish in areas of low predicted climate suitability. Instead climate suitability should be used to 

help support detailed risk assessments because they provide spatial predictions of climate 1315 

suitability that can be used to help managers focus early detection monitoring and target outreach 

campaigns. 

   

  

  1320 
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Appendix A 

Occurrence records for Chapter 2 

 

Table A-0-1. Number of occurrence records for each species used in species distribution 1660 

modelling. Spatially thinned records were thinned so that the minimum distance between any two 

occurrence points was greater than one-thirtieth of the maximum distance been any two points in 

the dataset.  

Species name Training occurrences Spatially thinned 

training occurrences 

North American 

occurrences (used for 

model evaluation) 

Cyprinus carpio 8753 58 8480 

Esox lucius 7537 52 868 

Lota lota 6579 39 1170 

Salmo trutta 24563 27 7273 

Salvelinus 

namaycush 

60 18 1319 

 

  1665 
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Appendix B 

MaxEnt Tuning 

 

MaxEnt models are highly complex SDMs and tend to overfit training data, resulting in 

poor transferability (Radosavljevic and Anderson 2014). Several authors have shown that 1670 

controlling the complexity of MaxEnt models results in improved model performance 

(Warren and Seifert 2011, Radosavljevic and Anderson 2014, Morales et al. 2017). 

Complexity in MaxEnt models can be controlled in two ways. The feature classes 

available to MaxEnt can be limited or the regularization penalty on the model can be 

increased (Merow et al. 2013). 1675 

The number of features included in a model controls the model’s ability to fit or overfit 

training data. MaxEnt can use a variety of feature classes (e.g. linear, quadratic, product, 

threshold, etc.) to create features. Features are transformations of environmental variables 

that are used to fit habitat suitability; each environmental factor can have multiple 

features (Merow et al. 2013). For example, if only linear and quadratic feature classes are 1680 

used for the environmental predictor “precipitation”, could include a “precipitation” 

feature as well as a “precipitation^2” feature. Habitat suitability is calculated as a 

function of the features in the MaxEnt model. By restricting the types of feature classes 

that MaxEnt can use we limit the number of possible features that can be created and 

reduce the model’s ability to overfit training data. 1685 

Regularization can also be used to limit model complexity. MaxEnt chooses which 

features to keep by maximizing the “gain” of the model (Merow et al. 2013). Gain is a 

measure of how well the MaxEnt model separates the average presence occurrence from 

the average background point. Only features that increase the gain are kept in the model 

(Merow et al. 2013). Regularization penalizes the gain of features by removing features 1690 

which only create small increases in the gain (Merow et al. 2013). As the regularization 

value is increased the more gain a feature must contribute to be included in the model. 

Increasing the regularization removes features that fit small changes in the training data 

and decrease overfitting in MaxEnt models. 



75 

 

 1695 

Figure B-1. Different predictions of habitat suitability for Lota lota depending on the 

regularization used and feature classes allowed. Habitat suitability is interpreted as the probability 

that a species occurs at a site if one individual was seen in the study extent. The sum of all 

predicted habitat suitabilities must sum to one which is why predicted suitabilities are small 

values. Feature classes have a greater influence on predictions when regularization is low (A 1700 

compared to C VS B compared to D). Larger regularization values show more gradual trends in 

habitat suitability and predict higher habitat suitability scores (A vs B and C vs D). 
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Appendix C 

Cross-validated model performance for models used in Chapter 3 

Table C-1. List of fishes used in climate matching analysis and cross-validated model results. 1705 

Omission rate and true skill statistic (TSS) are calculated at the lowest climate suitability where a 

presence occurred in training threshold. 

Species Name Mean AUC Omission 

Rate 

True Skill 

Statistic 

Lowest Presence in 

Training Threshold 

Acanthogobius flavimanus 0.609 0.333 0.038 0.337 

Alburnus alburnus 0.798 0.010 0.399 0.385 

Apeltes quadracus 0.832 0.203 0.358 0.338 

Atherina boyeri 0.942 0.048 0.660 0.282 

Babka gymnotrachelus 0.740 0.500 0.179 0.362 

Channa striata 0.761 0.059 0.379 0.211 

Clupeonella cultriventris 0.772 0.500 0.389 0.372 

Cottus gobio 0.805 0.020 0.290 0.241 

Hypomesus nipponensis 0.809 0.022 0.427 0.362 

Hypostomus plecostomus 0.793 0.021 0.391 0.117 

Knipowitschia caucasica 0.912 0.346 0.554 0.406 

Lates calcarifer 0.797 0.061 0.272 0.241 

Lates niloticus 0.565 0.242 0.144 0.206 

Leuciscus leuciscus 0.841 0.002 0.267 0.208 

Mylopharyngodon piceus 0.859 0.212 0.567 0.360 

Neogobius fluviatilis 0.685 0.364 0.155 0.271 

Odontesthes bonariensis 0.876 0.476 0.282 0.350 

Parachanna africana 0.601 0.400 0.161 0.319 

Perccottus glenii 0.490 1.000 -0.032 0.305 

Phoxinus phoxinus 0.726 0.010 0.475 0.220 

Pseudorasbora parva 0.900 0.141 0.085 0.277 

Pterygoplichthys disjunctivus 0.765 0.053 0.335 0.251 

Rhodeus ocellatus 0.820 0.283 0.605 0.387 
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Rhodeus sericeus 0.721 0.250 0.060 0.204 

Sander lucioperca 0.905 0.000 0.315 0.245 

Silurus glanis 0.864 0.034 0.397 0.257 

Carassius auratus 0.861 0.008 0.100 0.246 

Channa argus 0.899 0.106 0.628 0.367 

Channa maculata 0.846 0.250 0.511 0.226 

Ctenopharyngodon idella 0.835 0.070 0.157 0.227 

Cyprinus carpio 0.854 0.002 0.067 0.206 

Hypophthalmichthys molitrix 0.751 0.103 0.048 0.304 

Hypophthalmichthys nobilis 0.616 0.100 0.249 0.333 

Leuciscus idus 0.860 0.002 0.308 0.208 

Misgurnus anguillicaudatus 0.878 0.033 0.158 0.330 

Monopterus albus 0.633 0.223 0.111 0.268 

Neogobius melanostomus 0.691 0.397 0.199 0.265 

Oreochromis aureus 0.498 0.365 0.134 0.315 

Oreochromis mossambicus 0.672 0.012 0.082 0.165 

Oreochromis niloticus 0.736 0.023 0.191 0.197 

Poecilia reticulata 0.708 0.032 0.155 0.294 

Proterorhinus marmoratus 0.757 0.425 0.075 0.139 

Pterygoplichthys pardalis 0.593 0.550 -0.016 0.240 

Tinca tinca 0.916 0.001 0.450 0.302 
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Appendix D 

Individual predictions of fishes climate similarity for full models 1710 

Individual full model predictions of each of the 44 fishes in Chapter 3. A) is the “raw” climate 

similarity predictions. B) is a standardized climate suitability predictions when 1 is the maximum 

suitability and 0 is the minimum suitability in the study extent. C) is the binary prediction of 

suitable and unsuitable climate based on the lowest presence in training threshold (LPT). Red 

polygon delineated the area of interpolation.  1715 
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Appendix E                                                                                               1760 

Glossary  

Table E-1. Glossary of terms 

Term Definition 

AUC 

The area under the receiver operator curve. 

A measure of a model’s ability to 

discriminate between suitable and 

unsuitable habitat at all possible 

thresholds. Not applicable to invasive 

species assessments because it averages 

the model performance over thresholds 

that would rarely be used and it weights 

false positives and false negatives equally  

(Lobo et al. 2008) 

Boyce index 

A metric of how well a model predicts the 

likelihood of a presence record. Compares 

the difference in prediction between a 

random distribution and the predicted 

habitat suitability gradient. Values range 

from 1 to -1 with positive values indicate 

that predictions agree with observed 

distribution, 0 indicating that the 

predictions are no better than a random 

model and negative values indicating 

counter predictions (Hirzel et al. 2006) 

Commission 
False positive. Model predicts a presence 

where an absence occurs. 

Direct factors 

In situ measurements of environmental 

factors that influence the survival and 

reproduction of a species. 

Lowest presence in training threshold 

(LPT) 

A conservative threshold selection method. 

Assigns any area of predicted habitat 

suitability that is less than or equal to the 

lowest habitat suitability prediction where 

a presence record occurred in training. 

Multivariate Environmental Similarity 

Surface (MESS) 

A method for identifying areas of 

extrapolation when a model it applied in 

an area that is spatially disjunct from its 

training. Measures the similarity between 

reference localities and the area where the 

model it applied. Values less than 0 

indicate extrapolation. 

Omission 

False negative. Area predicted as 

unsuitable habit where a presence record 

occurs. 
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Pseudo-absence 

Used when absence records are 

unavailable. Areas within the study extent 

where presence records do not occur. 

Treated as absence records for model 

training and evaluation 

Sensitivity 
The proportion of presence records 

predicted to have suitable habitat. 

Spatial filtering 

A bias correction method used to remove 

clumps of occurrence records. Species are 

more commonly sampled in areas that are 

easily accessible, over representing these 

areas. Spatial filtering removes 

occurrences records at are within a 

specified distance or another occurrence 

record. 

Spatial transferability 

The ability of a species distribution model 

to be trained in one region and applied in 

an area that is spatially disjunct. 

Specificity 
The proportion of absence records 

predicted to have unsuitable habitat. 

True positive rate (TPR) 

Synonym for sensitivity. The proportion of 

presence records predicted to have suitable 

habitat. 

True skill statistic (TSS) 

A measure of model discrimination ability. 

The sum of he proportion of presence 

records predicted to have suitable habitat 

and the proportion of absence records 

predicted to have unsuitable habitat minus 

1. Values range from 1 to -1 with positive 

values indicating an ability to discriminate, 

zero indicating no ability to discriminate, 

and negative values indicating counter 

predictions. 

 


