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Abstract 

 Modelling rare plant distribution has challenges, but that does not preclude its use 

supporting conservation management. Challenges relate to uncertainties in source 

datasets, rare species ecology, modelling techniques, and how they interact to influence 

model predictions. Further challenges are introduced when biased model predictions are 

applied to rare plant conservation efforts.  

Through a case study modelling the distribution of Moquin’s sea-blite (Suaeda 

moquinii), a rare grassland plant, study design considerations were framed with emphasis 

on deriving ecologically relevant habitat predictors and addressing bias introduced during 

model development. Models performed well and provided insight into Moquin’s sea-blite 

habitat specificity in southeast Alberta. Biases were reduced in model design through 

data handling methods, validating predictions with field observations, and comparing 

different predictor data treatments. Uncertainties associated with a variety of biases 

persisted and the effects of these on model performance were discussed in the context of 

two conservation management scenarios.  

 

 ii 



Acknowledgements 

 A big thank you to Dr. Darren Bender for his continued patience and guidance in 

helping me pursue my ‘hypothesis from the field’. Thanks to Dr. Mryka Hall-Beyer for 

supporting and encouraging me from the beginning, to Dr. Greg McDermid for continued 

interest, participation and input, and to Dr. Cormack Gates for his valued participation on 

my defence committee. Thanks to the unsung heroes of the Department of Geography: 

Paulina Medori, Adam McLean and Bart Hulshof for their patience and assistance. 

Thanks to Dr. Tak Fung, for without his humour I might never have laughed about 

statistics! A heartfelt thanks to Pat McIsaac for her endless patience and attention to 

detail when reviewing my thesis. A special thanks to Mr. and Mrs. Ross for access to 

their lands and whose dedication and stewardship to their land is inspiring. 

Thanks to the following people whose valued support made this study possible: 

Lorna Allen, Oriano Castelli, Brandy Downey and Brad Downey from the Government 

of Alberta. Datasets made publicly available by the Government of Alberta (GoA) and 

the Government of Canada (GoC) made this study possible. I acknowledge that these 

datasets were used at my own risk without any affiliation with or endorsement by the 

GoA or the GoC. 

 Thanks to my family: Riley, Cooper, Kazame-tsuki (Pud), and sweet baby ‘J’ax 

for many years of support; my nephews, Brett and Trevor, for their unconditional love; 

Mom for putting her heart into my work; and Dad for listening to me rattle on about this 

over the years. And finally, thanks to all my friends and colleagues that encouraged me 

throughout—you know who you are.  

 iii 



Table of Contents 

Abstract ............................................................................................................................... ii 
Acknowledgements ............................................................................................................ iii 
Table of Contents ............................................................................................................... iv 
List of Tables ..................................................................................................................... vi 
List of Figures ................................................................................................................... vii 
List of Acronyms ............................................................................................................... ix 
Epigraph ...............................................................................................................................x 

CHAPTER ONE: INTRODUCTION ..................................................................................1 
Introduction ......................................................................................................................1 
Challenges of Modelling Rare Plants ..............................................................................4 

Rare Plant Occurrence Data .......................................................................................4 
Rare Plant Ecology .....................................................................................................7 
Environmental Predictors ...........................................................................................9 

Goals and Objectives .....................................................................................................14 
Treatment of Rare Plant Species in Alberta ...................................................................16 
Study Area .....................................................................................................................17 
Assessment Area ............................................................................................................19 
Study Species .................................................................................................................19 

CHAPTER TWO: SPECIES DISTRIBUTION MODELLING WITH MAXENT ..........25 
Introduction ....................................................................................................................25 
Study Design ..................................................................................................................25 

Predictor Datasets .....................................................................................................26 
Model Selection ........................................................................................................29 

Methods .........................................................................................................................33 
Datasets .....................................................................................................................33 

ACIMS Presence Data (Training Dataset) .........................................................33 
Field Presence Data (Validation Dataset) ..........................................................34 
Environmental Predictor Data ...........................................................................35 

Model Development .................................................................................................41 
Model Output ............................................................................................................44 

Predicted Distribution ........................................................................................44 
Environmental Predictors ..................................................................................45 
Modelled Relationships .....................................................................................46 

Model Evaluation .....................................................................................................46 
Presence-only Area Under Curve ......................................................................47 
Omission and Commission Errors .....................................................................48 

Results ............................................................................................................................49 
Model Output ............................................................................................................50 

Predicted Distribution ........................................................................................50 
Environmental Predictors ..................................................................................55 
Modelled Relationships .....................................................................................56 

Model Evaluation .....................................................................................................60 
Presence-only Area Under Curve ......................................................................60 

 iv 



Omission and Commission Error .......................................................................60 
Discussion ......................................................................................................................63 

Model Predictions ..............................................................................................63 
Modelled Relationships .....................................................................................65 

Conclusions ....................................................................................................................67 

CHAPTER THREE: SITE TYPE COMPOSITION EVALUATION...............................69 
Introduction ....................................................................................................................69 

Assessment Area ......................................................................................................70 
GVI Dataset ..............................................................................................................70 
Field Dataset .............................................................................................................71 

Methods .........................................................................................................................77 
GVI Data ..................................................................................................................77 
Field Data .................................................................................................................77 
Rare Site Types .........................................................................................................78 
Analysis of Individual Site Types: Wilcoxon Signed-rank Test ..............................78 
Analysis Integrating Across All Site Types: Cumulative Distribution Function 

Test ...................................................................................................................79 
Results ............................................................................................................................81 

Rare Site Types .........................................................................................................81 
Analysis of Individual Site Types: Wilcoxon Signed-rank Test ..............................83 
Analysis of Integrating Across All Site Types: Cumulative Distribution 

Function Test ...................................................................................................83 
Discussion ......................................................................................................................88 
Conclusions ....................................................................................................................91 

CHAPTER FOUR: CONCLUSIONS AND APPLICATIONS ........................................94 

REFERENCES ................................................................................................................104 

APPENDIX A:  ACIMS OCCURRENCE DATA STORAGE PROCESS ....................117 
APPENDIX B:  SITE TYPE NUMBERS, CODES AND NAMES ...............................119 
APPENDIX C:  SOIL SERIES NUMBERS, CODES AND NAMES ............................120 
APPENDIX D:  MODEL COEFFICIENT OUTPUTS ...................................................121 

  
 

 v 



List of Tables 

Table 1.1. Summary of conservation status ranks and descriptions. ................................ 17 

Table 2.1. Summary of source datasets, habitat variables and environmental 
predictors for both dominant class (DC) and multiple classes (MC) treatments. ..... 37 

Table 2.2. Summary results of environmental predictor contributions to the final MC 
treatment model. ....................................................................................................... 55 

Table 2.3. Summary of soil series and sites type predictors for dominant class and 
multiple classes treatments, showing classes in common with bold letters. ............. 57 

Table 3.1. GVI classification hierarchy and site type codes (Government of Alberta, 
2011). ........................................................................................................................ 74 

Table 3.2. Summary of rare site types sampled in the assessment area. ........................... 81 

Table 3.3. Summary of site types, Wilcoxon signed-rank test value, p-value, and 
significant difference, sorted with those used as model predictors first, for the 
DC treatment. ............................................................................................................ 84 

Table 3.4. Summary of site types, Wilcoxon signed-rank test value, p-value, and 
significant difference, sorted with those used as model predictors first, for the 
MC treatment. ........................................................................................................... 86 

Table 4.1. Summary of model design components, considerations, and direction of 
the effects of considerations on bias. ........................................................................ 94 

 vi 



List of Figures  

Figure 1.1. Study design considerations in rare plant species distribution model 
development, showing components of design and how biases can be introduced 
and proliferate to model predictions. ........................................................................... 3 

Figure 1.2. Study area in southeastern Alberta, Canada, showing the Milk River 
running from the northwest to the southeast, Moquin's sea-blite field presence 
points (green) and Moquin's sea-blite ACIMS presence points (red). ....................... 21 

Figure 1.3. Thesis study area boundary, derived by intersecting the Dry Mixedgrass 
Natural Subregion of Alberta with the MULTISAR core area. ................................. 22 

Figure 1.4. Assessment area (black), surveyed transects (yellow) and inset showing 
location of assessment area within the thesis study area. .......................................... 23 

Figure 1.5. Moquin’s sea-blite sub-shrub (left), and habitat along the Milk River, 
facing north (right). .................................................................................................... 24 

Figure 2.1. Flowchart showing a) the dominant class treatment, and b) the multiple 
classes treatment used to convert source datasets into the predictor datasets. ........... 42 

Figure 2.2. Illustration of original predictor datasets used in model development and 
the predictors used in the final model, showing a) five original and four final 
predictors for the DC treatment, and b) 110 original and twelve final predictors 
for the MC treatment. ................................................................................................. 43 

Figure 2.3. Photo representing a field observation of Moquin’s sea-blite in a coulee 
along the Milk River, showing Moquin’s sea-blite as the dominant plant 
occupying the badland, thin breaks and overflow site types, indicated by the 
yellow bracket, with inset showing the flowers of Moquin’s sea-blite. .................... 50 

Figure 2.4. Predicted distribution (0.5 threshold) of Moquin's sea-blite, using a) 
dominant class treatment model, and b) multiple classes treatment model, 
showing predicted presences in yellow and predicted absences in blue. ................... 52 

Figure 2.5. Predicted distribution (0.5 threshold) of Moquin's sea-blite within the 
assessment area for a) dominant class treatment model, and b) multiple classes 
treatment model, showing ACIMS occurrences as red dots and field occurrences 
as green dots. .............................................................................................................. 53 

Figure 2.6. Disagreement in predicted absences of Moquin’s sea-blite between the 
two treatment models, showing disagreement rasters with predicted absences for 
the DC treatment in purple and predicted absences for MC treatment in green. ....... 54 

Figure 2.7. Environmental predictor response curves for the DC treatment, showing 
the 0.5 threshold with the black line. ......................................................................... 58 

 vii 



Figure 2.8. Environmental predictor response curves, for the MC treatment, showing 
the 0.5 threshold with the black line. Predictor code legend: BUT=Bunton soil 
series, HUK=Hemaruka soil series, Slope=Percent slope, South= Southness, site 
types: ST9=Lotic (Shrub); ST12=Overflow; ST14=Loamy; ST16=Limy; 
ST22=Saline Lowland; ST24=Badlands; and ST26=Cultivated (Non-irrigated), 
and ZUN=undifferentiated mineral soil series. .......................................................... 59 

Figure 2.9. Receiver operator characteristic curves, showing validation data curves in 
blue and training data curves in red. .......................................................................... 61 

Figure 2.10. Moquin’s sea-blite field observation points located on a correctly 
predicted presence, shown as red dots, and field observation points located on an 
incorrectly predicted presence (omission error points), shown as black dots, for 
a) DC treatment and b) MC treatment. ...................................................................... 62 

Figure 3.1. Sampled field transect lines (orange) and GVI polygons (green) within 
assessment area, with inset showing assessment area within thesis study area. ........ 73 

Figure 3.2. Diagram showing methods for sampling datasets and calculating site type 
proportion per polygon (PP) and aggregated site type proportion (A), where n = 
number of polygons sampled and i = site type number. ............................................ 76 

Figure 3.3. Graph showing the difference in aggregate proportions of site types 
between GVI and field data in the assessment area, with a value of zero 
indicating complete agreement, a negative value showing relative under-
estimation and a positive value showing relative over-estimation in GVI. ............... 82 

 viii 



List of Acronyms 

ACIMS Alberta Conservation Information Management System 

AGRASID Alberta Agricultural Areas Soils Inventory Database 

ATPR Alberta Tourism, Parks and Recreation 

AUC  Area under curve 

CDC Conservation Data Centre 

COSEWIC Committee on the Status of Endangered Wildlife in Canada 

DC Dominant Class 

DEM Digital Elevation Model 

ESRD Environment and Sustainable Resource Development 

GIS Geographic Information Systems 

GPS Geographic Positioning System 

GVI Grassland Vegetation Inventory 

IUCN International Union for Conservation of Nature 

MAXENT Maximum Entropy 

MC Multiple Classes 

NDVI Normalized Difference Vegetation Index 

NSR Natural Subregion 

PO Presence-only 

ROC  Receiver Operating Characteristic 

SAR Species at Risk 

SDM Species Distribution Model 

 ix 



Epigraph 

 

  Success is a journey not a destination.  

The doing is usually more important than the outcome. 

-Arthur Ashe

 x 



CHAPTER ONE: INTRODUCTION 

Introduction 

Rare species have been described as important components of diversity 

(Woolhouse, 2012) and are used as indicators of biodiversity on local and regional scales 

(Whittaker et al., 2005; Prendergast et al., 1993; United Nations, 1992). Species 

distribution models (SDMs) are commonly used to inform biodiversity management 

decisions on a regional scale using data obtained on a local scale (Guisan et al., 2013; de 

Sousa e Silva, 2012; Peacock, 2011; Gogol-Prokurat, 2011; Elith and Leathwick, 2009a; 

Kumar and Stohlgren, 2009; Phillips Writer et al., 2009; Aitken et al., 2007; Edwards et 

al., 2005). The pool of research on modelling the distribution of rare species is growing, 

and results are promising. Model predictions have been used to support land management 

and conservation efforts of rare species by providing biologists and land managers with 

different ways to view populations at different scales, from the ground up. SDMs provide 

approximations of reality when complete understanding is not possible and have been 

used to estimate occurrence of a species within a defined area through spatial analysis of 

known species occurrences and their predicted environments.  

An SDM attempts to explain the complexity of the species-environment 

relationship using one of a variety of statistical applications and ecological concepts 

(Vedel-Sorensen et al., 2013; Guisan et al., 2005; Guisan and Zimmermann, 2000). 

Species population and habitat information collected on the ground informs selection of 

the methods used for obtaining data, data treatment, and conceptual model development 

(Guisan and Zimmermann, 2000). Model development involves considerations for 

selection and data handling methods of occurrence data and environmental predictor data 
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for use in a model. In general, model predictions provide an estimate of the probability of 

occurrence at locations within a study area conditioned upon the predictor values at each 

location, referred to as modelled relationships (Yackulic et al., 2013; Elith et al., 2011; 

Phillips et al., 2006; Barry and Elith, 2006). A variety of SDMs are available, each with 

their own strengths, constraints and uncertainties. Selection of an SDM is driven by the 

objective of the study and the conservation application, while constrained by data 

requirements of the model (Guisan et al., 2013; Buechling and Tobalske, 2011; Kumar 

and Stohlgren, 2009; Araújo and Guisan, 2006; Elith et al., 2006; Zaniewski et al., 2002; 

Guisan and Zimmermann, 2000). Uncertainties and constraints associated with model 

development are linked to occurrence data, knowledge of species ecology, environmental 

predictor data, and constraints to modelling techniques and these guide study design 

decisions throughout model development (Barry and Elith, 2006). 

Modelled species distributions are generalizations of the land base, not actual 

ground conditions at the time of analysis; therefore, logic dictates that there must always 

be some difference between the model and real-world values, viewed as bias in results. 

The sources of potential bias, constraints and uncertainties associated with source 

datasets and limitations in selected models (Figure 1.1), can be further influenced by the 

effects of scale, the modeller’s comprehension of the modelling techniques and 

knowledge of species ecology (Elith et al., 2011; Barry and Elith, 2006). Each component 

of model development has the potential of adding to or removing introduced bias, and 

some can do both. It has been argued that bias can never be truly known (Yackulic et al., 

2013) and further that it is accepted that some bias will always persist (Elith et al., 2011). 
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Figure 1.1. Study design considerations in rare plant species distribution model 
development, showing components of design and how biases can be introduced and 
proliferate to model predictions. 
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Challenges of Modelling Rare Plants 

Primary challenges associated with modelling the predicted distribution of rare 

plants are related to bias in model predictions often introduced through rare plant 

occurrence data, understanding the complex rare plant ecology, and derivation of 

ecologically relevant predictor datasets (Barry and Elith, 2006).   

Rare Plant Occurrence Data 

Rare plant occurrence data represent geographic representations and anecdotal 

information about rare species. These data are derived from herbaria/museum records 

and/or conservation data centre (CDC) databases and are often the only source of 

occurrence data available for rare species modelling (Elith et al., 2011). Rare plant 

occurrence data sources are often products of combining collection data from keen 

naturalists, citizen scientists, government initiatives, etc. and as such are collected in 

different ways (Elith et al., 2011; Elith and Leathwick, 2007; Graham et al., 2004). Rare 

species occurrence data characteristically lack absence data, are biased in collection and 

are low number, which constrain the selection of an SDM and introduce uncertainties into 

model development (Barry and Elith, 2006).  

The major constraint when selecting an SDM is the lack of absence data 

(locations that were surveyed and the species not detected), which limits SDM selection 

to presence-only (PO) models (versus presence/absence (PA) models) (Elith et al., 2011) 

(Figure 1.1). Having both presence and absence data enables the model to determine 

prevalence (proportion of presence sites to absence sites), a required constant term in 

probability estimation equation (Elith et al., 2011). The probability of occurrence in PA 

models is calculated as a ratio between the probability distribution of predictors at present 
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locations multiplied by the prevalence constant and the probability distribution of 

predictors across the study area. Prevalence cannot be calculated from presence-only 

data, because absence data are needed and the true probability of occurrence cannot be 

calculated directly (Elith et al., 2011). To work around this requirement, PO modelling 

techniques apply estimators of prevalence by using a sample of background points from 

which to derive modelled relationships, which replaces those derived for absence data in 

PA models. This changes the statistical equation and ultimately the estimation of 

probability of occurrence. Lacking absence data is not the only statistical challenge 

associated with modelling using only occurrence data, further limitations are associated 

with the geographical bias of occurrence data collection.  

Geographical bias in occurrence data collection relates to the ad-hoc or haphazard 

method for collecting observation data, which is characterized by lack of systematic or 

random sampling, and is often clustered around areas that are easier to access (Yackulic 

et al., 2013; Elith et al., 2011; Graham et al., 2004). For occurrence data collected in an 

ad-hoc manner it is generally accepted that these are not randomly sampled presence 

points (Yackulic et al., 2013, Elith and Leathwick, 2007; Graham et al., 2004). 

Furthermore, depending on the level of clustering near specific land cover features, 

occurrence data do not reflect a sample representative of the range of predictor values 

across the study area (Elith et al., 2011).  The indeterminate and geographically biased 

ad-hoc collection of occurrence data, results in the violation of model assumptions, which 

translates into spatial bias in model predictions (Elith et al., 2011). These assumptions 

state that presence data needs to be either a) randomly sampled, or b) sampled across the 

range of predictor values in the study area (Yackulic et al., 2013; Araújo and Guisan, 
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2006). Presence/absence models are not as sensitive to this bias, because sampling of 

presence and absence data are subject to the same bias, therefore the biases cancel each 

other out (Elith et al., 2011). For presence-only models, the bias persists to model 

predictions unless the spatial bias can be corrected for when sampling background points 

in an effort to cancel out the effect of bias in presence data samples, a theoretically viable 

new option with variable results in practice (Fourcade et al., 2014).  

Replicating an ad-hoc sampling design, such as that associated with rare plant 

occurrence data collection is often an impossible task (Yackulic et al., 2013), as such 

many SDM techniques default to random background sample selection (Phillips et al., 

2009). Presence-only models have been shown to be sensitive to bias in sampling 

(Fourcade et al., 2014; Yackulic et al., 2013; Araújo and Guisan, 2006), where model 

performance decreases as sampling bias increases (Phillips et al., 2009). Phillips et al. 

(2009) have suggested approaches to correcting for bias; however, these require 

additional information and it is often the case that the magnitude of inherent biases in 

occurrence data is not known (Yackulic et al., 2013; Zaniewski et al., 2002). Yackulic et 

al. (2013) posed the question of whether sampling bias can ever truly be known or 

quantified and concluded that if bias cannot be corrected for, the best approach is to 

increase the transparency when reporting results and interpreting model output. Despite 

the issue of spatial bias in sampling of occurrence data, presence-only models are still 

used; however, with more attention focussed on addressing and reducing the bias 

(Yackulic et al., 2013). 

In addition to lacking absence data and the ad-hoc collection of occurrence data, 

rare plants are characteristically low in number making occurrence data difficult to use in 
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many types of SDMs (Elith et al., 2011; Graham et al., 2004), given the need for large 

numbers of presence data with which to train the model (Lomba et al., 2010). Low 

numbers of presence data introduce a bias into model development when the model 

correlates environmental predictors from a few presence locations and extrapolates these 

modelled relationships to the entire extent of a study area (Barry and Elith, 2006).  

For many rare species biased occurrence data are often the only source of data 

available for conservation management applications (Elith et al., 2011). Availability of 

presence-only models allows for modelling rare plant distributions despite the lack of 

absence data, but statistical sampling bias can introduce error and can be confounded by 

the low number of presence points from which to train the model (Yackulic et al., 2013; 

Barry and Elith, 2006). These biases introduced by the occurrence data coupled with the 

lack of knowledge about rare plant ecology may exacerbate other biases introduced 

through other components of model development, all of which are further influenced by 

the scale of analysis (Figure 1.1). 

Rare Plant Ecology 

 The ecology of a plant species is the study of the life strategies of that plant 

species and the relationships with its biophysical habitat. Life strategies of a plant refer to 

germination, growth, reproduction, dispersal and senescence, all of which reflect 

adaptations to the environment. For example, the dry grasslands of southern Alberta 

experience the warmest summers, longest growing seasons and lowest annual 

precipitation of any area in Alberta (Natural Regions Committee, 2006). Drought-tolerant 

grasses dominate the landscape due to adaptations in life strategies. For plains rough 

fescue (Festuca hallii), an important Canadian grassland plant, germination success was 
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found to be directly related to adaptations to temperature and moisture resources (Qiu et 

al., 2010). Not all adaptations and life strategies are known for each plant species and this 

is particularly true for rare plants (Wu and Smeins, 2000), making inferences about 

habitat resource preferences for rare plants challenging.  

When constructing a model some study design decisions are transferable from one 

investigation to another; however, these differ across species and space. Some study 

design considerations may be applicable from one group of species to another; however, 

other factors in the study may not be, such as species habitat specificity. Even within a 

single group, such as plants, there is great diversity in habitat specificity, which in 

general terms is the interplay between species preferences and habitat resources in the 

study area. For example, different plant forms, such as trees, shrubs, herbs, etc., reflect 

adaptations to specific habitat resources. Even similar species may have specific 

adaptations that make one common and the other rare. They each occupy different niches 

and utilize different habitat resources.  

Habitat specificity of a rare plant species may be a limitation to modelling 

distribution depending on the range of environmental conditions tolerated by that species 

(Buechling and Tobalske, 2011). Rare plants with a narrow tolerance range of an 

environmental variable may be easier to predict because there are fewer values to model. 

Given this narrow environmental tolerance suitable habitat may exist in small patches and 

occur rarely on the landscape, which may not be captured in coarse resolution predictor 

datasets. Conversely, a rare plant with a wide tolerance range of an environmental 

variable may be harder to predict as there are more values to model. However, habitat 
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may exist in larger patches and occur frequently on the landscape, which may be well 

represented in coarse resolution predictor datasets.  

 Derivation of ecologically relevant predictors for use in an SDM requires a 

complex understanding of how rare plant habitat specificity and predictor data sources, 

handling methods, resolution and format can influence the predicted distribution (Figure 

1.1), often an uncertainty in model development (Elith et al., 2011). Understanding and 

defining the biophysical habitat where a plant exists is often an easier and quicker 

approach than understanding the physiological responses of plants to their environment. 

Environmental Predictors 

 Basic habitat resources required to support plant life strategies fall into two main 

groups: abiotic and biotic resources (Guisan and Zimmermann, 2000). Abiotic resources 

relate to availability of energy, nutrients, and water required for plant germination, 

growth, reproduction, dispersal and senescence. Biotic resources include symbiotic 

relationships, competition, dispersal vectors and other complex biological processes. 

Biotic variables are hard to identify for each species and, if known, are often difficult to 

integrate into an SDM (Araújo and Guisan, 2006).  

 Given that complete understanding of the life strategies of a rare plant species is 

often not known (Wu and Smeins, 2000); the complexity of environmental predictors that 

could adequately represent its biophysical habitat cannot be fully understood. Huston 

(2002) maintains that the limiting factor(s) of a species is the most important 

environmental predictor(s) when predicting species distribution; however, when the 

species is rare, limiting factors are often not well understood (Barry and Elith, 2006; Wu 

and Smeins, 2000).  
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For modelling rare species distribution, there is a heavy reliance on deriving 

habitat descriptions from published treatments, CDC occurrence records, and 

herbaria/museum records to help identify relevant predictors (Elith et al., 2011; Lomba et 

al., 2010; Kumar and Stohlgren, 2009; Elith and Leathwick, 2007; Graham et al., 2004). 

A species’ habitat description provides the foundation for selection of environmental 

predictors by trying to find analogues in existing spatial datasets that are ecologically 

relevant (Figure 1.1).  

 Predictors used in similar studies can also guide predictor data selection, based on 

relevance to species of interest, availability of the dataset, and data storage format. 

Predictors used in other rare plant species modelling studies are of two types: continuous 

and categorical. Continuous datasets used in other studies have included: climate, satellite 

imagery and topographic datasets (Buechling and Tobalske, 2011; Nielsen, 2011; Wang 

et al., 2012 Kumar and Stohlgren, 2009; McDermid and Smith, 2008; Zimmermann et al., 

2007; Phillips et al., 2006; Edwards et al., 2005). These source datasets tend to be stored 

as continuous raster data, each raster represented by a single value that corresponds with 

measured attributes, such as elevation and precipitation (Phillips and Dudík, 2008). 

Categorical datasets used in other studies have included land cover, soils, lithology and 

geology datasets (de Sousa e Silva, 2012; Gogol-Prokurat, 2011; Nielsen, 2011; Phillips 

Writer et al., 2009; Aitken et al., 2007; Phillips et al., 2006). These source datasets tend 

to be stored as vector data, consisting of discrete features, such as points, lines or 

polygons, each of which can be assigned multiple attributes (both categorical and 

continuous). For example, land cover data are commonly captured as polygons, and 

polygons are assigned land cover classes and associated attributes, such as percent tree 
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cover, percent shrub cover, etc. These polygons may contain multiple land cover classes, 

which reflect heterogeneity of land cover classes within that polygon.  

Once identified, relevant predictor datasets undergo transformation to extrapolate 

the information from the source dataset to represent the desired theme of the predictor. 

Uncertainties are introduced through transformation methods, which may make a 

predictor more or less ecologically relevant depending on the species ecology and the 

predictor data. This uncertainty makes comparison of different predictor data handling 

methods desirable to address the issue of unknown habitat specificity of rare plants. For 

the purpose of this discussion, deriving ecologically relevant predictor datasets describes 

the interplay between information in the predictor dataset, resolution of the dataset, and 

scale of analysis (grain size) of the study, such that they reflect environmental predictors 

that drive the distribution of the rare plant species. Information in the predictor dataset 

refers to the predictor values, how values are extracted and how these values are spatially 

represented.  

Unknown bias surrounds sensitivity of species distribution to a predictor 

represented at different scales. Selection of the grain size must examine the effect of scale 

on how the information is represented in the predictor data. These biases are associated 

with removing detail in predictor information when converting source data to a larger 

scale or creating detail when converting to a smaller scale. One example of the sensitivity 

of plants to the scale of a predictor is illustrated by slope, often used in plant distribution 

modelling (Buechling and Tobalske, 2011; Nielsen, 2011; Wang et al., 2012 Kumar and 

Stohlgren, 2009; McDermid and Smith, 2008; Edwards et al., 2005), where the influence 

on plant life strategies is not known when represented at different scales, from providing 
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micro-scale seed safe sites for germination to providing macro-scale exposure for 

photosynthesis.  

Some provincial jurisdictions, such as the Government of Alberta, have produced 

high resolution land cover datasets that can be used in SDMs as analogues of habitat on a 

fine scale (i.e., minimum polygon size = 1 ha). How these datasets contribute to the 

predicted distribution of a species is not known until it is researched. These high 

resolution datasets may capture small patches of rare or uncommon habitats otherwise not 

captured in lower resolution datasets, or they may reflect land uses that influence species 

distribution in a way that other datasets might not, such as the influence of heavily 

disturbed land cover on species distribution (Paruelo et al., 2001). Selection of grain size 

is driven by knowledge of species ecology and available source predictor datasets (Elith 

and Leathwick, 2009b), and can introduce a number of methodological, spatial, 

classification and unknown biases (Figure 1.1) as described above. 

An often overlooked source of bias is the biases inherent in the predictor datasets. 

These biases can relate to classification and spatial inaccuracies in data capture and 

storage. Inaccuracies introduced by source datasets can erroneously influence model 

relationships (Elith et al., 2011).  Study design considerations relate to uncertainty in 

accuracy of source predictor datasets and how the scale of analysis and data handling 

methods can increase or reduce inherent errors. Even if classification and spatial 

inaccuracies of source datasets are determined, methods for correcting these errors may 

be prohibitive or without merit. Theoretically, accuracy assessments could provide 

additional levels of confidence; however, in practice uncertainty in common data sources 

used in modelling are not identified. 
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Bias accumulates through unknown classification and spatial biases associated with 

predictor data which are combined with the subjective bias introduced through 

interpretation of species ecology and the knowledge of available datasets (Figure 1.1). 

Biases introduced and persistent through model development manifest as an ecological 

bias when applied to site-specific conservation management. Ecological bias refers to the 

failure of group-level associations to reflect individual-level associations (Greenland and 

Morgenstern, 1989). For modelling species distribution, this concept relates to the model 

incorrectly predicting an absence at a location where the species exists or predicting a 

presence at a location where the species does not exist. It is this ecological bias in model 

predictions that must be addressed when they are applied to conservation management 

(Guisan et al., 2013).  

Model predictions have been used by biologists and land managers to inform 

conservation management activities at different scales (spatial and temporal) and at 

different costs (management and ecological). The breadth of conservation management 

applications is wide and applications are dependent on jurisdictional management 

initiatives (Guisan et al., 2013). Types of conservation management applications that rely 

on SDM predictions are growing in response to continued pressures on the landscape and 

the effects on biodiversity (Guisan et al., 2013; Buechling and Tobalske, 2011; Kumar 

and Stohlgren, 2009; Williams et al., 2009; Aitken et al., 2007; Araújo and Guisan, 2006; 

Whittaker et al., 2005). This is certainly the case in Alberta where industrial, urban, 

agricultural and rural pressures on the natural land base are high (Government of Alberta, 

2008). Recently in Alberta, initiatives have emerged that promote the creation of spatial 

data and use of predictive models to produce a variety of map products for use in land 
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management (Government of Alberta, 2014; Government of Alberta, 2011; Downey et 

al., 2008). This study sought to address the challenges associated with rare plant 

distribution modelling in Alberta, framed with an emphasis on creating ecologically 

relevant predictors and addressing bias in model predictions. Furthermore, application of 

model predictions were explored through two common conservation management 

scenarios in Alberta.  

Goals and Objectives 

 The main goal of this research was to explore the application of SDM output in 

supporting management and conservation efforts of a rare Alberta grassland plant 

species. Through a case study modelling Moquin’s sea-blite (Suaeda moquinii) practical 

applications were used to illustrate challenges in study design associated with modelling 

a rare plant species, specifically related to quality and quantity of presence data, selection 

of source datasets and conversion of these datasets to ecologically relevant environmental 

predictors. SDM output products were reviewed and evaluated to investigate how they 

might support management and conservation efforts of Moquin’s sea-blite in the study 

area. The predicted distribution of Moquin’s sea-blite was tested against an independently 

collected presence dataset to evaluate model accuracy and performance, which answered 

the following questions: 

• Was model accuracy and performance acceptable when compared with field 

observations? 

• What environmental predictors influenced the distribution of Moquin's sea-blite? 
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• How can the predicted distribution of Moquin’s sea-blite be used for management 

or conservation efforts, such as stratifying future survey efforts and identifying 

lands with higher conservation value? 

 This study focussed on exploring the sensitivity of a presence-only SDM using 

the same source datasets to derive different types of predictor datasets. This approach 

compared two models, which allowed for selection of the better model and addressed 

several biases when interpreting results. Through this case study, two data handling 

treatments were used to transform the soils and land cover datasets into ecologically 

relevant predictor datasets for use in the SDM. To address uncertainty associated with 

classification bias, Alberta’s new land cover dataset (currently in production) was 

evaluated to identify any misclassifications that might be propagated in the SDM results. 

The following questions were answered:  

• What were the differences in model accuracy and performance between the two 

treatments? 

• Were the environmental predictors used in the final models similar between the 

two treatments? 

• Were there any misclassifications of land cover classes that may have affected 

SDM results? 

 Despite the challenges of modelling rare plants, in the past fifteen years SDMs 

have been used more frequently for predicting rare species distribution (Yackulic et al., 

2013; Buechling and Tobalske, 2011; Nielsen, 2011; Lomba et al., 2010; Parviainen et 

al., 2009; Williams et al., 2009; McDermid and Smith, 2008; Parviainen et al., 2008; 

Aitken et al., 2007; Araújo and New, 2007; Elith et al., 2006; Guisan et al., 2005; 
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Zaniewski et al., 2002), but emphasis has recently been placed on how inferences are 

made from the model output when being applied to conservation activities and land 

management decisions (Guisan et al., 2013). Case studies such as this can explore the 

bias introduced at multiple steps throughout the study design and how confidence in 

model predictions and sources of bias translate when applied to specific conservation 

management scenarios (Guisan et al., 2013). 

Treatment of Rare Plant Species in Alberta 

 Different jurisdictions define rarity for legal or management purposes, assigning a 

variety of ranks and definitions to levels of rarity. For each plant species known to occur 

in Alberta, rarity (such as abundance and extent of occurrence), threats to species (such as 

disease or habitat loss), and population trends (such as large population declines) are 

assessed (NatureServe, 2013). For plant species in Alberta, conservation status ranks are 

assessed and assigned by Alberta Tourism, Parks and Recreation (ATPR) (ATPR, 

2014a). Plant species in Alberta are also assessed on a national level by the Committee on 

the Status of Endangered Wildlife in Canada (COSEWIC) and globally by the 

International Union for the Conservation of Nature (IUCN). Details of the conservation 

status ranks are summarized in Table 1.1, showing “Alberta” for subnational (S) ranks. 

Ranks for a species may differ from one jurisdiction to another, because the scale of the 

area within which it was assessed differs.  

 Rare plant species in Alberta are tracked in the Alberta Conservation Information 

Management System (ACIMS), which is the conservation data centre (CDC) for the 

Alberta (ANPC, 2012). These tracked plant species include all plants listed under the 

Alberta Wildlife Act and Canada’s Species at Risk Act as well as plant species deemed of 
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conservation concern in Alberta by ATPR (ATPR, 2014b). Conservation status ranks for 

tracked plant species range from S1 (Critically Imperiled) to S3 (Vulnerable).  

Within the ACIMS database rare plant occurrence data are stored. The database 

represents herbaria/museum records spatially captured as well as spatial data submitted 

from field surveys. Details on data storage methods are contained in Appendix A. These 

data are publicly available to inform survey design and support other conservation efforts 

(ANPC, 2012).  

Table 1.1. Summary of conservation status ranks and descriptions. 

Alberta (S) /   
National (N) /  

Global (G)      
Status Rank1 

Category Description2 

S1/N1/G1 Critically Imperiled ≤5 occurrences, or vulnerable to 
extirpation for other reasons 

S2/N2/G2 Imperiled 6–20 occurrences, or vulnerable to 
extirpation for other reasons 

S3/N3/G3 Vulnerable 21–100 occurrences, or vulnerable to 
extirpation for other reasons 

S4/N4/G4 Apparently Secure >100 occurrences, species is uncommon 
but not rare 

S5/N5/G5 Secure >100 occurrences, common, widespread 
and abundant 

1 Subnational, national and global ranks are not always the same. 
2 Description sourced from ATPR (2014a). 

Study Area 

 The study area is located in the Milk River basin in southeastern Alberta (Figure 

1.2) where the MULTISAR Program’s core area overlaps the Dry Mixedgrass natural 

subregion (NSR) (Figure 1.3). The MULTISAR program is a conservation program that 

runs under the administration of Alberta’s Environment and Sustainable Resource 
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Development Department (ESRD). In this program, multiple species at risk (SAR) are 

managed within the core area (Figure 1.3) and conservation and management decisions 

are informed by output of SDMs (Downey et al., 2008). Advantages of conducting 

research in the MULTISAR core area include potentially adding one more rare species 

into the suite of SAR species currently being managed under the program and utilizing 

established relationships with the landowners, making land access easier for field 

surveys. 

 The study area represents only the portion of the MULTISAR core area that 

intersects the Dry Mixedgrass NSR of Alberta (Figure 1.3). Natural subregions are 

biogeoclimatic areas with consistent vegetation and soils patterns that reflect relative 

influences of regional factors, such as climate and physiography (Natural Regions 

Committee, 2006). The dry grasslands of Alberta are a high priority for conservation 

efforts given the numerous rare plants listed on ACIMS tracking list (ATPR, 2014b) and 

the amount of habitat loss due to conversion to agricultural, rural and urban development, 

and infrastructure (Natural Regions Committee, 2006). An advantage of limiting the 

extent of the study area to a single NSR was that the influence of climate was not 

anticipated to be significantly heterogeneous within this area. This negates the need for 

obtaining and using climate datasets (Elith et al., 2011), because these datasets would be 

primarily interpolated from a small number of climate data collection stations, and 

therefore unreliable (Guisan and Zimmermann, 2000).  

 The Milk River and associated coulee landforms were the major features in the 

study area. The Milk River ran from the northwest to the southeast through the study area 

(Figure 1.2). Land use in the study area was predominantly agricultural in the western 
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portion and natural land uses centrally along the Milk River and in the eastern portion. 

The study area is 354,915 hectares. 

Assessment Area 

 Within the thesis study area, a smaller area was defined (Figure 1.4) for obtaining 

field data for use in specific components of this research. This area, called the assessment 

area to avoid confusion with the study area, covers 12,768 hectares along the Milk River 

(Figure 1.4) and comprises 3.6% of the study area. The purpose of the field survey was 

twofold: 1) to systematically collect new locations of Moquin’s sea-blite against which to 

validate the SDM output, and 2) to collect land cover data to evaluate the land cover 

dataset. 

 The assessment area was selected because land cover was predominantly natural, 

known presence locations of Moquin’s sea-blite occurred within it, it contained many of 

the land uses and topographic features present in the larger study area, and land owner 

access was granted, using the relationship built through the MULTISAR program. Due to 

access, time and monetary constraints associated with the field portion of this research, 

the assessment area provided the best opportunity to maximize data collection and sample 

a wide variety of natural features. 

Study Species  

 Moquin’s sea-blite (Suaeda moquinii (Torrey) Greene, synonym S. nigra 

(Rafinesque) J. F. Macbride) (Figure 1.5) was selected for this study because it is ranked 

as S2 (Imperiled) (ATPR, 2014a), which indicates that there are between 6 and 20 known 

occurrences (defined as >1 kilometre between plants) in the province (NatureServe, 
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2013); thus, it is included on the current ACIMS tracking list (ATPR, 2014b) and deemed 

rare in Alberta. The general range of Moquin’s sea-blite in North America extends east 

from the grasslands of Alberta to Saskatchewan, where it is ranked S1 (Critically 

Imperiled), and throughout western United States, where it is ranked SNR/SU (Not 

Ranked/Under Review) (NatureServe, 2014). 

 Moquin’s sea-blite is a succulent, fleshy-leaved, perennial sub-shrub that 

produces hundreds of small seeds annually (Flora of North America, 2013; Kershaw et 

al., 2001; Moss, 1983). Moquin’s sea-blite habitat (Figure 1.4), obtained through a review 

of occurrence observation descriptions (ATPR, 2010) and various published treatments 

(Flora of North America, 2013; Kershaw et al., 2001; Moss, 1983) was described as 

saline or alkaline, moist to very dry clays (bentonitic) associated with badlands, and 

found on slopes ranging from 0% to 60%. This habitat description forms the basis for 

selecting suitable source datasets form which to derive relevant environmental predictors.  

 20 



 

 

Figure 1.2. Study area in southeastern Alberta, Canada, showing the Milk River running from the northwest to the southeast, 
Moquin's sea-blite field presence points (green) and Moquin's sea-blite ACIMS presence points (red). 
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Figure 1.3. Thesis study area boundary, derived by intersecting the Dry Mixedgrass Natural Subregion of Alberta with the 
MULTISAR core area. 
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Figure 1.4. Assessment area (black), surveyed transects (yellow) and inset showing location of assessment area within the thesis study 
area.
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Figure 1.5. Moquin’s sea-blite sub-shrub (left), and habitat along the Milk River, facing north (right). 
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CHAPTER TWO: SPECIES DISTRIBUTION MODELLING WITH MAXENT 

Introduction 

 Many different techniques and approaches available for modelling species 

distribution have emerged recently (Elith et al., 2011; Aitken et al., 2007; Elith et al., 

2006; Guisan and Zimmermann, 2000); however selecting the appropriate SDM is not 

only based on user needs, but is constrained by the type of available species occurrence 

data, assumptions of the model, species ecology, and the types and treatment of available 

predictor datasets (Elith et al., 2006). Through a case study modelling Moquin’s sea-blite 

(Suaeda moquinii) in southeast Alberta, challenges of modelling rare plant species were 

addressed through considerations in study design and evaluation of model output.  

Study Design  

 Model selection was constrained by the type of occurrence data available for this 

study (i.e., lacking absence data, low in number and biased in collection method) and 

driven by the need for an SDM that has been shown to perform well when modelling rare 

species distributions, and using both continuous and categorical predictor datasets. 

Environmental predictor datasets were created by reviewing Moquin’s sea-blite’s habitat 

description (described in Chapter One), identifying suitable source datasets, and selecting 

data handling methods to transform source datasets into ecologically relevant 

environmental predictor data. This study emphasized considerations for creating 

ecologically relevant predictors through development of two different predictor data 

treatment models to contrast different predictor data handling methods and to determine 
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trends in model output. Biases introduced during model development were identified for 

each study design component and methods to address these biases were described.  

Predictor Datasets 

The first consideration for creating predictor datasets was to describe the ecology 

of Moquin’s sea-blite. Through a review of ACIMS occurrence records (ATPR, 2010) 

and various published treatments (Flora of North America, 2013; Kershaw et al., 2001; 

Moss, 1983), as detailed in Chapter One, Moquin’s sea-blite habitat was described as 

saline or alkaline, moist to very dry clays (bentonitic) associated with badlands with 

slopes ranging from 0% to 60%. From this habitat description the following explanatory 

variables were identified: soil chemistry, soil moisture, soil type, soil texture, landform 

and slope. Available source datasets that were deemed suitable analogues for these 

variables included soils, land cover and topographic data.  

The next consideration was to select methods for transforming source data into 

predictor datasets. Transformation of predictor data involved identifying the type of 

information to be extracted, how it should be represented and how grain size would affect 

its representation. Different scales of representation change the importance of processes 

and parameters represented by the environmental predictors (Song et al., 2013); therefore, 

transformation of each dataset considered the effect of scale and format on its 

representation as an ecologically relevant predictor (Figure 1.1).  

For this study, a 26 m grain size was selected because a) it represented the 

resolution of one of the available source predictor datasets (from which two predictor 

datasets were derived), b) it was a small enough scale to retain key features from fine 
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resolution source predictor datasets (e.g., land cover data with 1 ha minimum polygon 

size), and c) the small grain size reduced the effects of correlating a single presence point 

to a larger space. For this study, grain size closely match the resolution of the majority of 

source datasets and retained fine-scale spatial features that are linear or narrow, such as 

small and large rivers (such as Milk River) and associated steep-sided coulee walls. 

Predictor dataset format is driven by the requirements of the SDM; therefore, 

conversion is required when source datasets are in different data formats (vector versus 

raster). Many SDMs require predictor data to overlay precisely, which is easily done 

using raster data making rasters the preferred data format for analysis. Information in 

raster data is represented as a value, which may be a numbered category that has no 

relation to other category numbers, or the value can be ordinal, interval or ratio data with 

some implicit relationship to the other values in the dataset. Major considerations when 

selecting a method to convert vector data to raster format are the selection of the attribute 

that will be represented as the raster value and is conditional on the grain size (Congalton, 

1997). Attribute selection is based on the desired theme of the environmental predictor.  

For this study, the soils and land cover source datasets provided the focus for 

comparing data handling methods, as they were both identified as analogues of Moquin’s 

sea-blite habitat resources. Considerations for methods of transforming multiple class 

polygons to rasters figured prominently in study design. Converting thematic data (such 

as multi-attributed and multiple class polygons) to raster data requires generalizing in 

some form; however, the amount of basic information that is retained from the source 

dataset can change depending on the data handling methods (Congalton, 1997). 
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Generalizing can occur through reduction of the class information from multiple classes 

to a single class at each raster, such as dominant class. Conversely, retention of class 

detail can occur by creating one predictor dataset for each class and using an associated 

attribute for that class at that location as raster values. There is uncertainty associated 

with methods used to transform source datasets into environmental predictors (Barry and 

Elith, 2006). This uncertainty surrounds the lack of understanding between the effects of 

different data handling methods on environmental predictors and knowledge of rare plant 

habitat specificity which could introduce unknown and methodological bias into model 

development.  

Moquin’s sea-blite habitat specificity was not specifically documented in ACIMS 

records, nor published taxonomic treatment, which is not uncommon for rare plant 

species (Wu and Smeins, 2000). Considerations for Moquin’s sea-blite habitat specificity 

included whether it could have a narrow environmental tolerance or if suitable habitat 

may exist in small patches and occur rarely on the landscape, which may not be retained 

when attributes in each soils or land cover polygon are generalized to the dominant class. 

Conversely, Moquin’s sea-blite could have a wide environmental tolerance or suitable 

habitat may exist in larger patches and occur frequently on the landscape, which may be 

well represented when attributes in each soils or land cover polygon are generalized to 

dominant class.  

The method for transforming soils and land cover datasets into environmental 

predictor datasets was a major consideration and impetus for the approach used in this 

study in an effort to account for bias associated with the lack of knowledge about rare 

28 



 

plant habitat specificity and influence of scale and predictor data format on relevance of 

the predictor dataset. Using different data handling methods in an SDM allowed for 

determination of the effects of scale and format when representing ecologically relevant 

predictors through a comparison analysis (Yackulic et al., 2013), where other biases in 

model development associated with occurrence data, scale, source predictor datasets and 

the SDM used were equivalent. 

Model Selection 

For this study, selection of an SDM was constrained by the type of available 

occurrence data (presence-only) and driven by the needs of the study (comparing 

categorical and continuous treatments of predictor datasets). Some presence-only SDMs 

have been shown to perform well for predicting the distribution of rare species (Elith and 

Leathwick, 2007; Elith et al., 2006; Graham et al., 2004; Loiselle et al., 2003; Zaniewski 

et al., 2002). One of these presence-only SDMs, Maxent version 3.3.3k (Phillips et al., 

2006), was selected for this study because it has been shown to be robust in predicting 

rare species distribution using occurrence data when compared to other presence-only 

SDMs, and it has been widely used since it became available in 2004 (Convertino et al., 

2014; Renner and Warton, 2013; Yackulic et al., 2013; Nielsen, 2011; Kumar and 

Stohlgren, 2009; Phillips and Dudík, 2008; Elith et al., 2006; Phillip et al., 2004). The 

robustness of Maxent has been attributed to the rigour, number of empirical tests, number 

of different species, and number of different types of datasets used to internally tune the 

software and develop software defaults and options (Phillips and Dudík, 2008).  
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Maxent is an SDM that is based on the niche modelling algorithm using the 

maximum entropy density estimation (Phillip and Dudík, 2008). There are many 

treatments that describe the techniques and statistical processes behind Maxent (Yackulic 

et al., 2013; Phillips et al., 2009; Phillips & Dudík, 2008; Phillips et al., 2004; Dudík et 

al., 2001); however, the treatment in Elith et al. (2011) provides an easy to understand 

explanation for ecologists. As with many presence-only modelling techniques, Maxent 

compares modelled relationships at presence points with those at background points to 

estimate a relative probability of occurrence (Gogol-Prokurat, 2011; Kumar and 

Stohlgren, 2009; Phillips et al., 2004); however, the issue surrounding the need for a 

prevalence value to calculate conditional probability of occurrence still exists. Maxent 

works around this by first comparing the modelled relationships at presence points, 

termed the conditional density of predictors, with those at background points, termed the 

unconditional density of predictors, to create raw output (Elith et al., 2011). This raw 

output in Maxent indicates important features or transformations of predictor data, as 

well as the relative suitability of locations within the study area. Maxent then uses a 

logarithmic treatment that transforms this ratio of conditional to unconditional modelled 

relationships to estimate prevalence. This value is calibrated in Maxent by arbitrarily 

selecting a probability threshold value of 0.5 to represent the average of the logged ratio 

predictor values at presence locations (Phillips, 2011). Effects of this arbitrary selection 

of threshold can have various and unknown effects on model predictions depending on 

the study extent, occurrence data and settings in Maxent (Elith et al., 2011).   

Recently, Maxent has been criticized as having limited capability in addressing 

issues associated with bias in source data, due to its “black box” methods and user 
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friendly software (Renner and Warton, 2013; Royce et al., 2013; Yackulic et al., 2013). 

Despite attempts to address these biases (Kramer-Schadt et al., 2013; Phillips et al., 

2009), a recent assessment of model performance in Maxent while correcting for bias had 

varied results and it was concluded that results were dependant on bias type, bias 

intensity and species of interest (Fourcade et al., 2014). Other more established 

approaches have been suggested as alternatives, such as generalized linear models, 

resource selection functions and generalized additive models, which offer more 

transparency in addressing limitations associated with using presence-only data (Renner 

and Warton, 2013; Royce et al., 2013; Yackulic et al., 2013; Buechling and Tobalske, 

2011; Elith and Leathwick, 2007); however, the implications haven’t been fully explored 

(Fourcade et al., 2014). 

Despite this potential for bias introduced by constraints in the statistical approach, 

other considerations for selecting Maxent involved the need for an SDM to handle 

environmental predictor datasets of different data types (i.e., continuous and categorical). 

As previously described, continuous data types represents values that correspond with 

measured attributes such as elevation and precipitation. Categorical data types represent 

discrete categories of a certain theme, such as land cover class. Maxent has been shown 

to accurately predict the distribution of rare species using both categorical and continuous 

predictor data (Vedel-Sorensen et al., 2013; Gogol-Prokurat, 2011; Kumar and Stohlgren, 

2009; Phillips and Dudík, 2008; Elith et al., 2006; Phillips et al., 2004), which is 

desirable when comparing the effects of categorical data handling methods on SDM 

results. Maxent treats each category value within a categorical dataset as an expression 

within the algorithm (Phillips and Dudík, 2008). Maxent allows the user to adjust the 
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parameters associated with these datasets, making it effective for exploring the sensitivity 

and uncertainty of Maxent output in relation to the data treatment used to derive 

environmental predictor datasets (Vedel-Sorensen et al., 2013; Gogol-Prokurat, 2011; 

Kumar and Stohlgren, 2009; Elith et al., 2006; Phillips et al., 2004). Maxent is a user-

friendly presence-only SDM that can analyze different types of data with relative ease, 

creating the basis for comparative analysis by equalizing bias between treatments. 

However, it is the user-friendly aspect of Maxent, referred to as a “black box” technique, 

which can introduce or mask methodological and subjective biases into model 

development (Yackulic et al., 2013).  

Selection of an SDM was guided by the needs of the study, to model a rare plant 

using presence-only occurrence data and to use both continuous and categorical predictor 

data types. Biases associated with rare plant occurrence data (lacking in absence data, 

biased in collection, low in number) can introduce spatial bias into model development 

and further bias can be introduced in the model through internal modelling methods, 

assumptions and thresholds (Barry and Elith, 2006). The approach for this study 

addressed the potential for bias through selection of source data handling methods, 

conducting a comparison analysis between two models subject to the same biases, and 

validating model predictions with an independently collected set of field presence data.    
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Methods  

Datasets 

ACIMS Presence Data (Training Dataset) 

 From the ACIMS database, thirty-two polygons representing Moquin’s sea-blite 

occurrences were obtained and projected from Alberta -10TM (Transverse Mercator) 

projection, North American Datum (NAD) 83 into Universal Transverse Mercator, Zone 

12. ACIMS recognized that uncertainty associated with locational precision varied in 

original submissions from map and GPS sources. ACIMS data are stored as a buffered 

centroid point, where the point represents a location and does not reflect the number of 

plants on the ground. ACIMS spatially captured uncertainty in locational precision as a 

point-radius buffer, where the centroid point was digitized from source submissions and 

uncertainty was combined into a single precision buffer, with larger radii reflecting 

greater uncertainty (Appendix A). Uncertainty in the ACIMS data precision corresponded 

with the age of the data. As described by Allen (2013), submissions of observations 

captured using GPS waypoints started after the year 2000; therefore, older records have 

more precision uncertainty as they were digitized from map sources. Uncertainty 

introduced in the ACIMS data through data capture and storage methods were addressed 

by deleting occurrence records older than 2000 and using only the centroid points of the 

occurrence polygons for this study, thus removing the uncertainty buffer associated with 

each presence location. However, information on survey effort or intensity related to 

ACIMS data, a requirement for correcting for bias in collection, was not available and 

potential spatial bias was introduced into model development as a result. 
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Processing the ACIMS data involved using the ‘Multipart to Singlepart’ 

command in ArcGIS to create spatially explicit occurrences polygons and a point was 

created at the centre of each polygon (n = 34). Presence data were exported as a text file 

and the file header edited to reflect the format required for use in Maxent (see Dudík et 

al., 2001 for details).  

Field Presence Data (Validation Dataset) 

 For this case study, a field survey was conducted in May and June 2011 to collect 

independent presence and absence data for validating the model. Presence and absence 

data were systematically collected in the field by surveying along transects within the 

assessment area (Figure 1.4). A systematic sampling approach was selected given the 

small number of access points to the assessment area, and because it sampled a large 

number of natural land cover classes represented in the thesis study area maximizing data 

collection. Transect survey layouts were used as they are "ideal for sampling 

occurrences", as identified in Environment Canada's Occupancy Survey Guidelines for 

Prairie Plant Species at Risk (Henderson, 2009). Transects were created in ArcGIS 

version 10.1 (ESRI, 2012) by placing lines one kilometre apart oriented in an east/west 

direction across the assessment area (Figure 1.4). These transect lines were uploaded to a 

handheld Garmin 60CS global positioning system (GPS) for navigating in the field. 

During the field survey, the start and end waypoints of an observation of Moquin’s sea-

blite were captured in the GPS, and waypoint numbers were recorded along with a brief 

habitat description, which included land cover class, aspect (cardinal direction), percent 

slope, and associated plant species. 
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 Waypoints representing the start and end points of Moquin’s sea-blite presence 

observations were downloaded from the handheld GPS into ArcGIS and snapped to the 

transect lines. Spatial precision error between the waypoints captured in the field and the 

transect lines created in ArcGIS ranged from 0 to 14 metres. Transect lines were broken 

at the waypoints and portions of the lines that represented the extent of each observation 

were attributed as presences and the remainder were attributed as absences. Transect line 

segments were then converted into 26 m rasters, to be consistent with the grain size of 

this study. Rasters were then converted to points at the centre of the raster (field presence 

and absence point data), with presence points exported as a text file and the file header 

edited to reflect the format required for use in Maxent (see Dudík et al., 2001 for details). 

Points were not directly created from transect line segments, because creating points from 

lines requires a spacing component, and a single spacing length could not be applied 

equally to all segments, as 42% of the presence line segments were less than 26 metres in 

length (i.e., grain size).  

Environmental Predictor Data  

 From the habitat description of Moquin’s sea-blite habitat, described in Chapter 

One as saline or alkaline, moist to very dry clays (bentonitic) associated with badlands 

with slopes ranging from 0% to 60%, the following explanatory variables were identified: 

soil chemistry, soil moisture, soil type, soil texture, landform and slope. Soils, land cover 

and slope were identified as suitable analogue datasets for these variables. Rare plant 

habitat observations were not consistently documented in the ACIMS occurrence records; 

therefore, other important habitat resources may not have been recorded. In addition to 
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reviewing ACIMS occurrence records, predictors used in other rare plant modelling 

investigations were considered for this study. Other analogues identified as suitable for 

this study included aspect, derived from a topographic dataset, and Normalized 

Difference Vegetation Index (NDVI), derived from satellite imagery, because they are 

locally relevant and commonly used in rare plant models (e.g., Vedel-Sorensen et al., 

2013; Buechling and Tobalske, 2011; McDermid and Smith, 2008; Edwards et al., 2005). 

 Within the extent of the study area and scale of analysis, all environmental 

predictor datasets were derived and then converted to ascii format for use in Maxent (see 

Dudík et al., 2001 for details). Environmental predictor datasets were derived from four 

source datasets: Grassland Vegetation Inventory (GVI), Alberta Agricultural Areas Soils 

Inventory Database (AGRASID), Digital Elevation Model (DEM), and Landsat7 

imagery, which were obtained for creating predictor datasets to represent Moquin’s sea-

blite habitat resources (Table 2.1).  For this case study, two data handling methods were 

applied to transform the GVI and AGRASID source datasets to create two representations 

of environmental predictor data: dominant class per polygon (DC) and multiple classes 

per polygon (MC). Descriptions of source datasets are included below along with specific 

details on data handling methods.    
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Table 2.1. Summary of source datasets, habitat variables and environmental predictors 
for both dominant class (DC) and multiple classes (MC) treatments.  

Source 
Dataset 

Moquin’s sea-blite 
Habitat Variables 

Data 
Treatment 

Environmental Predictor          
Datasets 

    GVI soil texture, soil 
moisture, landform 
and slope 

DC Dominant site types (categorical 
data) 

 MC Percent of polygon (continuous 
data) for 32 site type datasets 

AGRASID soil chemistry, soil 
moisture, soil type, 
soil texture, landform 
and slope 

DC Dominant soil series (categorical 
data) 

MC Percent of polygon (continuous 
data) for 75 soil series datasets  

Landsat7 vegetation cover DC NDVI (continuous data) 

MC NDVI (continuous data)  

DEM slope                               
solar incidence 

 

DC Percent slope (continuous data) 
Southness (continuous data) 

MC Percent slope (continuous data) 
Southness (continuous data) 

 
Grassland Vegetation Inventory (GVI) 

 GVI is a land cover classification mapping project currently being produced by 

Alberta’s Environment and Sustainable Resources Development (ESRD), which covers 

the settled area of southern Alberta (Government of Alberta, 2013a). GVI polygons are 

captured using a one hectare minimum polygon size and interpreted from infrared aerial 

photographs flown at 1:30,000 (Government of Alberta, 2011). Site types (i.e., land cover 

classes) reflect a combination of land use, landform, landscape position, soils, moisture 

regime and vegetation structure (Adams et al., 2005). Within a polygon, up to four site 

types can be attributed to reflect dominant (or co-dominant), major and minor 

components within the polygon.  
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 GVI was obtained as a file geodatabase, stored in geographic coordinates, and 

contained up to four polygons occupying the same space, all with the same unique 

polygon identifier and each polygon uniquely attributed with a single site type, the 

proportion of that site type within that polygon, and all other associated attributes 

specifically related to that site type.  

 For the DC treatment, polygons that occupied the same space were merged in 

ArcGIS to maintain correct topology rules required for spatial analysis (Figure 2.1a). GVI 

polygons were clipped to the study area and then re-classified to reflect the dominant site 

type per polygon. Where co-dominance of site types occurred, one was selected randomly 

to represent dominant site type. Dominant site types were then assigned their GVI site 

type number of 1 to 32 (Appendix B), polygons were clipped to the study area and 

converted to a raster dataset using the dominant site type number as the raster value. The 

resulting dataset was identified as a categorical environmental predictor in the Maxent 

software. 

 For the MC treatment, one raster dataset was created for each of the 32 GVI site 

types mapped in the study area by selecting each site type based on site type attribute and 

exporting to a new shapefile in ArcGIS (Figure 2.1b). During conversion of shapefile to 

rasters, values assigned to the raster dataset reflected the proportion attributed for each 

site type mapped within each polygon. Where a site type was not mapped in a space, a 

value of zero was assigned. The resulting datasets were identified as continuous data in 

the Maxent software (Phillips et al., 2008). 
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Alberta Agricultural Soils Inventory Database (AGRASID) 

 AGRASID is a soils inventory database that was obtained from the Government 

of Alberta (2013b). It is compiled from several soil inventories conducted in Alberta 

since the 1920s by various mappers at different resolutions (1:30,000 to 1:750,000) 

(Brierly et al., 2001). Soil series (i.e., soil classes) reflect a combination of several 

characteristics, such as soil texture, soil chemistry, slope class, pH, electric conductivity, 

drainage class, etc. Within a polygon, multiple soil series can be attributed, to reflect 

dominant (or co-dominant), major and minor components within the polygon. Polygon 

attributes reflect the soil series and proportion of that soil series within that polygon. 

 For the DC treatment, AGRASID polygons were clipped to the study area and 

then re-classified to reflect the dominant soil series per polygon. Where there was co-

dominance of soil series, one was selected randomly. Soils series were then sorted 

alphabetically, assigned a value of 1 to 75 (Appendix C), and converted to a raster file. 

The resulting dataset was identified as a categorical environmental predictor in the 

Maxent software.  

 For the MC treatment, one raster dataset was created for each of the 75 soil series 

mapped in the study area. Values assigned to the raster datasets reflected the percent 

attributed for each soil series mapped within each polygon. Where a soil series was not 

present in a raster, a value of zero was assigned. The resulting datasets were identified as 

continuous data in the Maxent software (Phillips et al., 2008). 
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Digital Elevation Model (DEM) 

 A DEM (Government of Canada, 2000) was obtained from the GeoBase website 

(www.geobase.ca) as a continuous raster dataset with a 26 m grid size. The DEM was 

created by interpolation of elevation values from provincial elevations points on 1:50,000 

and 1:250,000 topographic maps to a raster surface, with a one metre vertical resolution 

(Government of Canada, 2000). Percent slope was created from the DEM using the 

ArcGIS ‘Slope’ function. The resolution for percent slope was kept at 26 m, because both 

fine-scale slope, such as that needed for seed safe sites, and coarse-scale slope, such as 

that expressed as prominent landforms (e.g., badlands), factor into the life strategies of a 

plant, and it was not known which is more of a limiting factor to the distribution of 

Moquin's sea-blite.   

 Aspect was created from DEM using the ArcGIS ‘Aspect’ function. The aspect 

was further transformed from circular data (i.e., 0° to 360°, representing cardinal 

direction) to linear data and represented as southness. Southness was represented as a 

value between 0 and 1, with zero indicating no aspect and one indicating a 180° aspect. 

Southness values were calculated using Equation 2.1 (following Roland et al., 2013). 

    𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑐𝑐𝑐𝑐𝑐𝑐(𝑝𝑝𝑝𝑝 𝑋𝑋 𝑎𝑎𝑐𝑐𝑝𝑝𝑎𝑎𝑐𝑐𝑎𝑎 + 180)
180

                          (2.1) 

Landsat7 Satellite Imagery  

 Two Landsat7 satellite images (Government of Canada, 2004) dated July 2000 

were obtained from the GeoBase website as a continuous raster dataset with a 30 m grid 

size. These datasets were comprised of 6 spectral bands and stored in Transverse 
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Mercator projection, NAD 83. The NDVI, an index of vegetation productivity or amount 

of photosynthesis, was created using the near-infrared (NIR) and red (R) bands. In 

ArcGIS, these two bands were extracted from the Landsat7 imagery, and the NDVI was 

calculated using Equation 2.2 (following McFarland and van Riper, 2013), where NIR is 

the near infra-red band and R is the visible red band. The NDVI raster dataset was then 

resampled to a 26 m grid size. 

     NDVI = �NIR – R
NIR+R

�        (2.2) 

Model Development 

 Two models were created in Maxent, one using the DC treatment predictor 

datasets and one the MC treatment predictor datasets, while keeping all other components 

the same. For the DC treatment, a total of five environmental predictor datasets were 

originally used to train the model: percent slope, southness, NDVI, dominant soil series 

and dominant site type (Figures 2.1a and 2.2a). For the MC treatment, a total of 110 

environmental predictor datasets were originally used to train the model: percent slope, 

southness, NDVI, 75 soils series and 32 site types (Figures 2.1b and 2.2b).  

 For both treatments, the predictor response curves option was selected in Maxent 

and the field presence dataset was selected as the validation dataset. Predictor response 

curves provided measurements of predictor contribution to the model as well as response 

of model predictions to the values within the environmental predictor datasets. Only 

predictors that contributed greater than one percent to the response were used in the final 

model (i.e., parsimonious model). Response curves represent percent contribution which 
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is a function of the value of the environmental variable (Phillips et al., 2004) and 

describes modelled relationships (Yackulic et al., 2013). 

 

Figure 2.1. Flowchart showing a) the dominant class treatment, and b) the multiple 
classes treatment used to convert source datasets into the predictor datasets. 
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Figure 2.2. Illustration of original predictor datasets used in model development and the predictors used in the final model, showing a) 
five original and four final predictors for the DC treatment, and b) 110 original and twelve final predictors for the MC treatment. 

a) 

b) 
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Model Output 

Predicted Distribution 

 Predicted distribution was created by using the Maxent probability distribution 

and applying a threshold to probability values to create a binary map (i.e., 

presence/absence map), a common method used when evaluating and comparing SDM 

predictions (Lauzeral et al., 2013; Rodriguez-Castañeda, et al., 2012; Jiménez-Valverde 

and Lobo, 2007). In some studies the binary categories are described as suitable and 

unsuitable habitat (Kumar and Stohlgren, 2009; Pearson et al., 2007), which implies that 

even though there may be a probability that Moquin’s sea-blite could occur at that 

location, the habitat was deemed unsuitable as it is below the threshold value. In other 

studies, values above or below the selected threshold are described as a predicted 

presence or absence (Lauzeral et al., 2013; Buechling and Tobalske, 2009; Jiménez-

Valverde and Lobo, 2007). For this study, the terminology of presence/absence was used 

for brevity. There are several options for selecting threshold values; some thresholds are a 

fixed value (such as 0.5, the random probability that the prediction is correct), and some 

are based on a measure specific to the model output, such as true positive values 

(Lauzeral et al., 2013; Smulders et al., 2010; Kumar and Stohlgren, 2009; Pearson et al., 

2007; Liu et al., 2005). Selection of a threshold value was guided by the objective of this 

study, to compare model performance between two predictor data treatments; therefore, 

the commonly used fixed threshold value of 0.5 was selected (Jiménez-Valverde and 

Lobo, 2007; Pearson et al., 2007). Locations with values above 0.5 were deemed a 

predicted presence and assigned a value of ‘1’ and locations with values below 0.5 were 

deemed a predicted absence and assigned a value of ‘0’. There were no values equal to 
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0.5. This presence/absence map was used to describe and compare predicted distributions 

between the two treatments, as well as to validate the models.  

 For further comparison, a map was created based on the presence/absence map 

that represented the difference in predictions between the two treatments (i.e., 

disagreement map), in an effort to show the spatial distribution of disagreement in 

predictions. To create the disagreement map, first the DC treatment presence raster cells 

were recalculated to a value of ‘10’ and absence locations were recalculated to a value of 

‘20’. Using the ‘Plus’ command in ArcGIS Spatial Analyst, presence/absence values for 

this recalculated DC treatment map and the MC treatment presence/absence maps were 

summed on a cell-by-cell basis. Resulting rasters with a value of 11 indicated an 

agreement of predicted presence, and rasters with a value of 20 indicated an agreement of 

predicted absence. Resulting rasters with a value of 10 indicated a disagreement with the 

DC treatment prediction of presence and the MC treatment of absence, and conversely a 

value of 21 indicated a disagreement with the DC treatment prediction of absence and 

MC treatment prediction of presence.  

Environmental Predictors  

 In Maxent, environmental predictors were analyzed for their relative contribution 

to the final model. Maxent output includes lists of environmental predictors used in the 

final algorithm (i.e., >1% contribution) and associated coefficients. Given the differences 

in the number and format of environmental predictor datasets between the two 

treatments, a direct comparison of the final predictor datasets was not possible. However, 

the source datasets used to create environmental predictors for both treatments were the 

same (Table 2.1). Therefore, in an effort to provide some level of comparison, the 
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contribution of environmental predictors for the MC treatment were grouped by source 

dataset by adding contribution values together for environmental predictors from the 

same data source. The contributions of each source dataset (i.e., GVI, AGRASID, DEM 

and Landsat7 imagery) to the final model were then compared between the DC and MC 

treatments.  

Modelled Relationships 

 Maxent output includes a response curve for each environmental predictor dataset 

in the final model. Each response curve shows the relative probability of occurrence 

plotted against the values in the environmental predictor dataset. Response curves 

represent the relative influence of each environmental predictor value on the model 

prediction, or responsiveness. Where responses (i.e., predicted probability of presence) 

were greater than 0.5 (i.e., the threshold selected for presence/absence classification and 

the internal threshold used in Maxent) the corresponding environmental predictor values 

were tabulated for comparison between treatments to identify trends in the influence of 

environmental predictors on model predictions. Maxent output also includes a file that 

lists the coefficients of predictors in the final model, which can provide clues on the 

complexity of the relationship.  

Model Evaluation 

 Validation of model predictions can be used to provide a level of confidence in 

model predictions and to understand the types of error in model predictions. Often 

validation techniques introduce biases associated with overfitting the model through 

cross-validation, where the already small presence dataset is sub-sampled for model 

training and validation (Hijmans, 2012). Considerations for selecting validation methods 
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focussed on removing the bias introduced from sub-sampling occurrence data by 

collecting an independent set of field data and comparing model predictions with real-

world observations (Barry and Elith, 2006); however, even field data has limitations 

associated with land access and availability of areas to survey that could influence results.  

For this study, model evaluation consisted of three validation measures: presence-

only area under curve (AUCPO), a threshold independent measure of accuracy of model 

predictions (Yackulic et al., 2013); and, omission and commission errors, two commonly 

used threshold dependent measures used to identify over- or under-predictions (Guisan et 

al., 2013; Barry and Elith, 2006). Use of an independently collected set of field presence 

and absence data against which to compare these measures increased confidence when 

interpreting model output and addressing biases in model predictions. 

Presence-only Area Under Curve 

 The Receiver Operating Characteristic (ROC) curve is a standard Maxent output 

product, which plots the true positive fraction (based on correctly predicting a presence 

where there was a field presence point divided by total presences predicted) against the 

false positive fraction (based on incorrectly predicting a presence where there was no 

field presence point divided by the total correctly predicted absences) (Phillips, 2011). 

Area under the curve (AUC) is derived from the ROC curve and is a commonly used 

threshold independent measure of the overall accuracy of model predictions that reflects 

accuracy across all possible thresholds (Lobo et al., 2008). A model is thought to be 

performing acceptably with AUC values greater than 0.7, excellent with values greater 

than 0.8, and outstanding with values greater than 0.9 (Gogol- Prokurat, 2011).  
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Recently the use of AUC as a standard measure to validate presence-only models 

has been identified as unreliable as a sole measure of model performance (Yackulic et al., 

2013; Rodriguez-Castañeda et al., 2012). The unreliability stems from the equal 

weighting of omission and commission errors when determining the AUC value and the 

uncertainty associated with false absences due to detectability issues, which is further 

exaggerated in presence-only models where background points are used rather than 

absence points (Lobo et al., 2008). The concept of the presence-only AUC (AUCPO) as a 

relative value for comparing the performance between two models using the same biases 

in data was presented in Yackulic et al. (2013) and allows for a more critical 

interpretation of model output. In this study, the AUCPO derived by comparing model 

predictions against an independently field dataset was used to evaluate the DC model 

performance against the MC model performance and allowed for testing model 

performance against real-world values, thus increasing the confidence of inferring the 

AUC value as actual model performance for this study. Furthermore, the AUCPO value 

was not the only validation measure used in this study, which allowed for a more critical 

evaluation of model performance. 

Omission and Commission Errors 

Two main types of error in model predictions can occur (Anderson et al., 2003): 

first, when the model predicts an absence where the species does exist (omission error), 

and second, when the model predicts a presence where the species does not exist 

(commission error) (Kramer-Schadt et al., 2013). Omission errors are calculated as a 

proportion of field presence points that fall on predicted absences (further referred to as 

omission error points) to the total number of field presence points. Omission errors may 
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have consequences to conservation efforts by underestimating the distribution, potentially 

resulting in the loss of rare plant populations when model output is used for stratifying 

survey effort. Commission errors are calculated as a proportion of field absence points 

that fall on predicted presences (further referred to as commission error points) to the 

total number of field absence points. Commission errors may have consequences to 

conservation efforts by overestimating the distribution or range of a species, resulting in 

the potential to mistakenly identify lands to set aside for conservation of the species 

(Kramer-Schadt et al., 2013). 

Results  

 Field observations provided a description of Moquin’s sea-blite habitat and 

distribution against which the model output for both DC and MC treatment models were 

qualitatively compared. During the field survey Moquin’s sea-blite was observed to be 

locally abundant along the Milk River and its associated coulee system. At some 

locations more than an estimated 10,000 individuals were observed (Figure 2.3), with the 

abundance of Moquin’s sea-blite appearing to decrease with decreasing size of coulee 

and increasing distance from the Milk River coulee system. 
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Figure 2.3. Photo representing a field observation of Moquin’s sea-blite in a coulee along 
the Milk River, showing Moquin’s sea-blite as the dominant plant occupying the badland, 
thin breaks and overflow site types, indicated by the yellow bracket, with inset showing 
the flowers of Moquin’s sea-blite.  

Model Output 

Predicted Distribution 

Through a visual inspection of the distribution of both the ACIMS and field 

presence data, it was observed that they were clustered around the Milk River and 

associated coulee system (Figure 1.2). The distribution of ACIMS presence data and field 

presence data, compared with areas of predicted presences (Figure 2.4), and their 

distribution along the Milk River and associated coulees was better illustrated by 

zooming in to the assessment area (Figure 2.5). Distribution of the predicted presences 

for the DC treatment was heavily concentrated along the Milk River and associated 

coulees centrally in the study area with areas of predicted presences continuing along the 
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Milk River in the eastern and western portions of the study area but in lower 

concentrations (Figures 2.4a and 2.5a). Distribution of the predicted presences for MC 

treatment was also concentrated along the Milk River and associated coulees centrally in 

the study area in lower concentration than that of the DC treatment, with areas of 

predicted presence continuing along the Milk River and associated coulees in the eastern 

and western portions of the study area in higher concentration than that of the DC 

treatment (Figures 2.4b and 2.5b).  

 By comparing the two predicted distributions, a disagreement map was created 

showing the rasters that were not in agreement between the two treatments (Figure 2.6). 

Nine percent of the total predicted distribution rasters were not in agreement between the 

DC and MC treatments. Of these, 47% were predicted absences for the DC treatment 

distributed mainly at smaller coulees farther away from the main Milk River channel, and 

53% were predicted absences for the MC treatment mainly concentrated centrally in the 

study area. 
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Figure 2.4. Predicted distribution (0.5 threshold) of Moquin's sea-blite, using a) dominant class treatment model, and b) multiple 
classes treatment model, showing predicted presences in yellow and predicted absences in blue. 

b) 

a) 
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Figure 2.5. Predicted distribution (0.5 threshold) of Moquin's sea-blite within the assessment area for a) dominant class treatment 
model, and b) multiple classes treatment model, showing ACIMS occurrences as red dots and field occurrences as green dots.  

b) 

a) 
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Figure 2.6. Disagreement in predicted absences of Moquin’s sea-blite between the two treatment models, showing disagreement 
rasters with predicted absences for the DC treatment in purple and predicted absences for MC treatment in green. 
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Environmental Predictors  

 For the DC treatment, four environmental predictors were used in the final 

Maxent model: dominant soil series, dominant site type, percent slope, and NDVI. 

Dominant soil series contributed 34.4%, percent slope contributed 32.5%, dominant site 

type contributed 27.1%, and NDVI contributed 6.0% to the final model.  

 For the MC treatment, twelve environmental predictors were used in the final 

Maxent model. These were listed below, along with their percent contribution to the final 

model (Table 2.2). Of the twelve environmental predictors, three are soil series with a 

combined contribution of 48.7%, seven are site types with a combined contribution of 

33.4%, percent slope contributed 15.9%, and southness contributed 2.0%. Raw 

coefficient output for both treatments is contained in Appendix D. 

Table 2.2. Summary results of environmental predictor contributions to the final MC 
treatment model. 

Environmental Predictor Dataset Percent 
Contribution Code Description 

ZUN Soil series: Miscellaneous undifferentiated mineral 45.2 
SLOPE Percent slope 15.9 
ST24 Site type: Badlands 9.9 
ST14 Site type: Loamy 9.7 
ST22 Site type: Saline Lowland 4.6 
ST9 Site type: Lotic (Shrub) 3.3 
ST26 Site type: Cultivated (Non-irrigated) 2.8 
HUK Soil series: Hemaruka 2.0 
SOUTH Southness 2.0 
ST12 Site type: Overflow 1.8 
BUT Soil series: Bunton 1.5 
ST16 Site type: Limy 1.3 
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Modelled Relationships 

 For the DC treatment, all four predictors used in the final model produced 

responses above the threshold (i.e., 0.5) (Figure 2.7). Dominant soil series that produced 

responses above the threshold were Chelsea (CLS) and miscellaneous undifferentiated 

mineral (ZUN). Dominant site types that produced responses above the threshold were 

Badlands (BdL),  Blowouts/Solonetzic (BlO), Lotic (Herbaceous) (LtcH), Saline 

Lowlands (SL) and Thin Breaks (TB). Both continuous predictors used in the final 

model, NDVI and percent slope, produced responses above the threshold. For the MC 

treatment, five predictor datasets used in the final model produced results above the 

threshold (Figure 2.8). Soil series predictor datasets that produced responses above the 

threshold were Bunton (BUT), Hemaruka (HUK) and undifferentiated mineral soils 

(ZUN). Two site type datasets produced responses above the threshold: Badlands (BdL) 

and Saline Lowlands (SL). Soil series and site type datasets used in the final MC 

treatment model and dominant soil series and site types that produced a response above 

the threshold in the DC treatment model were summarized in Table 2.3.    

  

56 



 

Table 2.3. Summary of soil series and sites type predictors for dominant class and 
multiple classes treatments, showing classes in common with bold letters. 

Environmental Predictor* Dominant Class1 Multiple Classes2 
Soil Series CLS BUT 
  ZUN HUK 
  

 
ZUN 

Site Type BdL BdL 

 
BlO CN 

  LtcH LtcS 
  SL Li 
  TB Lo 

  
Ov 

  
SL 

* Predictor Code Key 
Soil Series: BUT=Bunton; HUK=Hemaruka; ZUN=Miscellaneous undifferentiated mineral 
Site Types: BdL=Badlands/Bedrock; BlO=Blowout; CN=Cultivated (Non-irrigated); 
LtcH=Lotic (herbaceous); LtcS=Lotic (Shrub); Li=Limy; Lo=Loamy; Ov=Overflow; 
TB=Thin Breaks 
 
1 Dominant classes that produced a response above the threshold in the DC model 
2 Predictor datasets used in the final MC model 
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Figure 2.7. Environmental predictor response curves for the DC treatment, showing the 0.5 threshold with the black line. 
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Figure 2.8. Environmental predictor response curves, for the MC treatment, showing the 0.5 threshold with the black line. Predictor 
code legend: BUT=Bunton soil series, HUK=Hemaruka soil series, Slope=Percent slope, South= Southness, site types: ST9=Lotic 
(Shrub); ST12=Overflow; ST14=Loamy; ST16=Limy; ST22=Saline Lowland; ST24=Badlands; and ST26=Cultivated (Non-irrigated), 
and ZUN=undifferentiated mineral soil series. 
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Model Evaluation 

Presence-only Area Under Curve 

 For both treatments, the ROC curve showed the validation data line trending to 

the upper left of the graph (Figure 2.9). The AUCPO values were 0.965 for the DC 

treatment and 0.932 for the MC treatment. 

Omission and Commission Error 

 For the DC treatment, model predictions had an omission error of 28.8% (36 out 

of 125 field presence points incorrectly predicted) (Figure 2.10a). For the MC treatment, 

model predictions had an omission error of 72.0% (90 out of 125 field presence points 

incorrectly predicted) (Figure 2.10b).  

 For the DC treatment, model predictions had a commission error of 2.32% (112 

out of 4837 field absence points incorrectly predicted). For the MC treatment, model 

predictions had a commission error of 2.58% (125 out of 4837 field absence points 

incorrectly predicted). 
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Figure 2.9. Receiver operator characteristic curves, showing validation data curves in blue and training data curves in red. 

 

  

Dominant Class Treatment Multiple Classes Treatment 
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Figure 2.10. Moquin’s sea-blite field observation points located on a correctly predicted 
presence, shown as red dots, and field observation points located on an incorrectly 
predicted presence (omission error points), shown as black dots, for a) DC treatment and 
b) MC treatment.  

a) 

b) 
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Discussion 

Model Predictions 

For both treatments, the distribution of predicted presences was clustered around 

the Milk River and associated coulee system (Figure 2.4), which was visually consistent 

with the actual distribution as represented by ACIMS occurrences and field observations 

(Figure 1.2). Both models performed well when validated against an independently 

collected field dataset, as shown in the threshold-independent AUCPO values. 

Conceptually, the AUCPO is a relative measure (Yackulic et al., 2013), which showed a 

higher value for the DC treatment; however, by validating predictions against an 

independently collected field dataset, greater confidence can be placed when interpreting 

the AUC value as representative of true conditions. Further evaluation using a threshold 

for classifying predictions to presence/absence and comparing it to field presence/absence 

data showed that for both treatments omission error was high and commission error was 

low. The threshold was arbitrarily selected specifically for this comparison, so the only 

conclusion that can be applied with confidence is that a) the DC model performed 

superior in all three validation measures, with half the omission error of the MC model, 

and b) there is a large relative relationship between omission and commission error for 

the DC model, which indicates bias exists in model predictions. 

Bias in interpretation of model predictions was reduced by validating model 

results with an independently collected set of field presence/absence observations and by 

critically evaluating the model output through a comparison analysis between the two 

predictor data treatments (Yackulic et al., 2013; Barry and Elith, 2006).  
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A limitation associated with the independent set of field data was the relatively 

small and localized field assessment area within which validation data was collected. 

Results of the model performance assessment were extrapolated from the assessment area 

to the entire study area. Addressing this limitation associated with the small and localized 

assessment area would require considerable time and effort to obtain permission from 

land owners to access other places in the study area for field data collection, because in 

the grasslands of southern Alberta the land has been subdivided into many land parcels, 

which are either owned privately or owned publicly by municipal, provincial and federal 

governments. It should be noted that although the assessment area was small and 

localized, Moquin’s sea-blite was detected in sufficient quantities for validation in the 

model. Moquin’s sea-blite was easily detected in the field because it is a perennial sub-

shrub, is not reliant upon germination conditions for annual growth, it was observed in 

the field to be the dominant plant species where it occurred, and it was not obscured by 

the growth of other plant species. For other study species, field surveys to collect 

validation data should be conducted at optimal times during the growing season (e.g., 

when diagnostic characteristics of the study species are apparent); however, that does not 

guarantee detection of the plant if growing conditions for that year are not optimal for the 

germination or reproduction of the study species or if growth of other plants obscures the 

study species. 

  

64 



 

Modelled Relationships 

 For this case study, Moquin’s sea-blite habitat was described through a review of 

ACIMS occurrence records and published treatments (Flora of North America, 2013; 

ATPR, 2010; Kershaw et al., 2001), which provided the basis for identifying 

environmental variables represented in available source datasets. Understanding the 

format of these datasets and selecting a grain size to retain fine-scale features allowed for 

creation of ecologically relevant environmental predictors. A comparison of predictor 

compositions between treatments (Table 2.3) showed that both similarities and 

dissimilarities exist. For discussion purposes soil series and site type predictor datasets 

from the MC treatment were grouped according to source dataset (AGRASID and GVI, 

respectively) and compared to their counterparts, dominant soils series and dominant site 

types predictor datasets, in the DC treatment.  

The top three predictors (soil series, site types and slope) were consistent between 

the two treatments, which established a trend that indicated these as important and 

relevant environmental predictors regardless of data handling treatment. Similarities 

between models showed only one continuous predictor dataset in common, percent slope, 

which had large contributions to both models, which suggests that slope influences the 

distribution of Moquin’s sea-blite. Specific soil series and site types common for both 

treatments were: Undifferentiated mineral soil series (ZUN), Badlands (BdL) site type, 

and Saline Lowlands (SL) site type.  

Similarities between the habitat description and model output were identified by 

reviewing the habitat description of Moquin’s sea-blite, identified as saline or alkaline, 
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moist to very dry clays (bentonitic) associated with badlands with slopes ranging from 

0% to 60%. Obvious similarities between this habitat description and important model 

predictors are found in Badlands and slope descriptors. A less obvious similarity lies in 

the ranges of soil properties (“saline to alkaline” and “moist to very dry clays”) in the 

habitat description, which may relate to inherent properties of the undifferentiated 

mineral (ZUN) soils series, which is described as soils with undifferentiated texture, 

drainage and chemical properties (Government of Alberta, 2013). Another less obvious 

comparison lies in the Saline Lowlands site type, which is described as areas with low 

vegetation cover due to limitations in growth due to high electrical conductivity and/or 

sodium-adsorption ratio (Government of Alberta, 2011) and may relate to the saline to 

alkaline preference of Moquin’s sea-blite identified in the habitat description. 

An examination of dissimilarities in environmental predictors between the two 

treatments showed that NDVI was only present in the DC treatment model, and southness 

was only present in the MC treatment model, both in low proportions (i.e., < 10%). This 

indicates that the distribution of Moquin’s sea-blite has some correlation with NDVI and 

southness, but the relationship is sensitive to the treatment of other predictors in the 

model.  

The fact that the predicted distribution of Moquin’s sea-blite responded positively 

to the dominant class treatment can speak somewhat to its habitat specificity, which 

illustrates that it is not only the existence of these specific soil series and site types on the 

landscape, but also their prevalence and distribution which influences model results. By 

reframing it, it can be stated that there is a positive correlation between the predicted 
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distribution of Moquin's sea-blite and the distribution of dominant soil series and site 

types on the landscape. Miller and Voskuil (1964) described generalization as the 

"...simplification or elimination of unessential detail", which appears to be the case for 

this study.    

Conclusions 

Study design considerations to address challenges associated with modelling rare 

plant distribution were explored, with an emphasis on ecologically relevant predictor data 

and addressing bias introduced through model development. By comparing model 

predictions between two treatments of predictor data where bias was equivalent, and 

validating model performance against independently collected field data, this approach 

allowed for critical analysis of the model performance and identifying relative trends in 

the model output. 

Results showed that overall accuracy of DC treatment model predictions was 

outstanding (Gogol-Prokurat, 2011) and the DC model outperformed the MC model in all 

three validation measures. Model predictions were validated against an independently 

collected set of field data, which increased confidence in the accuracy of model 

predictions. However, results showed that there was a large difference between omission 

and commission errors, which indicates that bias exists in model predictions.  

This study showed that the modelled distribution of Moquin’s sea-blite was 

sensitive to the different data handling methods used to derive predictor datasets. 

Through selection of source datasets based on Moquin’s sea-blite habitat description, 

selection of source dataset transformation methods, and comparison of two different data 
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treatments, uncertainty associated with rare plant habitat specificity was reduced. As 

Araújo and Guisan (2006) state, model output is dependent on choice of environmental 

predictors and how the model achieves the best fit. Further exploration into different 

types of environmental predictors and how they are handled by the model provides a 

better understanding of the environmental predictor datasets used (Zimmermann et al., 

2007) and the environmental variables preferred by a study species, through the modelled 

relationships. 

 Given the positive results in this case study, it is felt that model predictions can be 

used to inform conservation efforts of Moquin's sea-blite by a) using model predictions to 

stratify future pre-disturbance survey efforts, and b) incorporating this species into the 

MULTISAR suite of species being managed under the program. However, model 

predictions should be used in the context of each application and consider threshold 

selection, scale and format, as well as the effect of bias in model predictions on 

conservation efforts. 
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CHAPTER THREE: SITE TYPE COMPOSITION EVALUATION 

Introduction 

 Source datasets used to derive ecologically relevant predictors are an important 

component when modelling rare plant species distributions; however, little consideration 

is given to the spatial and classification accuracy of these datasets (Barry and Elith, 

2006). For modelling, spatial and classification accuracy relates not only to the accuracy 

of the original data source, but of the resulting derivative predictor dataset, which is 

influenced by the scale of analysis. Generally, spatial accuracy refers to the discrepancies 

between the locations of boundaries between values within a dataset versus those found 

on the ground and classification accuracy refers between values in the dataset versus 

those found on the ground. Accuracy can be influenced by the resolution of data capture 

and storage, as well as the through generalizing between a two-dimensional dataset and a 

three-dimensional world. Potential sources of error in predictor datasets are abundant and 

are not always consistently distributed within the study area (Barry and Elith, 2006).   

 In an effort to explore predictor datasets and illustrate the potential for introducing 

bias into model development, this chapter focussed on determining the classification 

accuracy of the Grassland Vegetation Inventory (GVI), because it is a new spatial dataset 

currently being produced by the Government of Alberta (as of 2014) for use in informing 

land management decisions in southern Alberta. The objective was to identify potential 

misclassifications in GVI site type composition that could have been propagated to model 

predictions in Chapter Two. Misclassifications were determined within the assessment 
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area using three measures to characterize differences between GVI field data: 1) rare site 

types, 2) Wilcoxon signed-rank test, and 3) cumulative distribution function test.  

Assessment Area 

 The assessment area, a small area within the study area (as described in Chapter 

One), covers 12,768 hectares along the Milk River (Figure 3.1). This area was selected 

for use in this evaluation because land cover was predominantly natural, it contained a 

variety of topographic features, and access to the land for a field survey was permitted.  

GVI Dataset 

 GVI is a vector-based land cover dataset that is currently being produced for the 

grasslands of southern Alberta (Government of Alberta, 2011). The GVI classification 

hierarchy was created for the GVI mapping project and includes primary class, land class, 

land sub-class and site type (Table 3.1) (Government of Alberta, 2011). Land cover 

classes, termed site types under the GVI classification scheme, reflect a combination of 

land use, landform, landscape position, soils, moisture regime and vegetation structure 

(Adams et al., 2005). Within a polygon, up to four site types can be attributed to reflect 

dominant (or co-dominant), major and minor components within the polygon. Several 

attributes are associated with each site type mapped in a polygon, such as percent of 

polygon and site type modifiers.   

 Polygons were sampled in ArcGIS by stratifying them first based on the 

proportion of the area of that polygon that fell within the assessment area and further 

based on the proportion of site type within a polygon, using the following criteria: 

proportion of area within assessment area greater than 75%, or if less than 75% area is 
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attributed with a single site type (i.e., pure polygon) (Figure 3.2). These selected 

polygons were then clipped to the assessment area boundary and finally sampled by 

selecting those polygons that spatially intersected field data transect lines when overlain 

(Figure 3.1). For this assessment, site type identifier (Table 3.1), percent of polygon and 

polygon area attributes from the GVI dataset were used to determine site type proportions 

per polygon and aggregate site type proportions across all polygons sampled.  

Field Dataset 

 Field site type data were collected systematically in the field along transects 

within the assessment area for use in this assessment (Figure 3.1). This data collection 

method was selected because field data collection was performed in conjunction with 

collecting Moquin’s sea-blite presence/absence data for use in the SDM research. As 

described in Chapter Two, this survey method was used because surveying along 

transects is the recommended survey type when trying to locate rare plant occurrences in 

the grassland (Henderson, 2009), the primary objective of this study. Furthermore, due to 

time and access constraints, neither a probability sampling design (such as random 

sampling) nor an area-based field sampling design were feasible in addition to the field 

survey to collect Moquin’s sea-blite presence data. This sampling approach maximized 

the amount of site type data collected across the assessment area. 

 Prior to the field survey, transects were created in ArcGIS by digitizing lines one 

kilometre apart and oriented in an east/west direction in the assessment area. These lines 

were uploaded as tracks to a handheld Garmin 60CS GPS for navigation in the field. 

During the survey (conducted in May and June 2011), the start and end waypoints of a 
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site type observed along the survey transect were captured as waypoints in the GPS and 

the waypoint numbers and observed site type were recorded. The field survey was 

conducted by a GVI interpreter certified by the Government of Alberta and identification 

of site types in the field was based on the same criteria as those identified in the GVI 

mapping specifications: land use, landform, landscape position, soils, moisture regime 

and vegetation structure (Government of Alberta, 2011; Adams et al., 2005). To maintain 

consistency between the GVI and field datasets a minimum distance of 20 metres was 

applied when capturing a new site type in the field based on minimum polygon width in 

the GVI production specifications (Government of Alberta, 2011). 

 To convert field waypoints to line segments, waypoints were downloaded from 

the handheld GPS into ArcGIS and snapped to the digitized transect lines (waypoint 

offset from line ranged from 1 metre to 14 metres). The transect lines were broken in 

ArcGIS at the waypoints, and each line segment was attributed with the observed site 

type. Transect line segments were then spatially overlain on the sampled GVI polygons 

and lines broken where they intersected polygon boundaries. Transect lines that fell 

within sampled polygons became the sampled transect lines (Figure 3.2). Using spatial 

join and field calculator in ArcGIS, unique polygon identifier values were calculated for 

each line segment. For this assessment, observed site type and line length were used to 

determine site type proportion per polygon and aggregate site type proportion across all 

sampled transect lines (Figure 3.2).   
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Figure 3.1. Sampled field transect lines (orange) and GVI polygons (green) within assessment area, with inset showing assessment 
area within thesis study area. 
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Table 3.1. GVI classification hierarchy and site type codes (Government of Alberta, 2011). 

Primary Class Land Class Land Sub-class Site Type Code Number 

N
at

iv
e/

N
at

ur
al

 

W
et

la
nd

 
Lentic 

Lentic (Temporary) LenT 1 
Lentic (Seasonal) LenS 2 
Lentic (Alkali) LenA 3 
Lentic (Semi to Permanent) LenSP 4 
Lentic (Open Water) LenW 5 

Lotic 

Lotic (River) LtcR 6 
Lotic (Deciduous) LtcD 7 
Lotic (Coniferous) LtcC 8 
Lotic (Shrub) LtcS 9 
Lotic (Herbaceous) LtcH 10 

U
pl

an
d 

N/A 

Subirrigated Sb 11 
Overflow Ov 12 
Clayey Cl 13 
Loamy Lo 14 
Sandy Sy 15 
Limy Li 16 
Sand  Sa 17 
Blowouts/Solonetzic BlO 18 
Choppy Sandhills CS 19 
Thin Breaks TB 20 
Shallow to Gravel SwG 21 
Saline Lowland SL 22 
Gravel Gr 23 
Badlands/Bedrock Bdl 24 

74 



 

Primary Class Land Class Land Sub-class Site Type Code Number 
A

nt
hr

op
og

en
ic

 

Agricultural 
Crop Crop (Irrigated) CI 25 

Crop (Non-irrigated) CN 26 

Tame Pasture Tame Pasture/Hay (Irrigated) PI 27 
Tame Pasture/Hay (Non-irrigated) PN 28 

Industrial 
N/A 

Pits Pit 29 
Developed Dev 30 

Settled 
Urban Ur 31 
Rural Ru 32 
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Figure 3.2. Diagram showing methods for sampling datasets and calculating site type proportion per polygon (PP) and aggregated site 
type proportion (A), where n = number of polygons sampled and i = site type number. 
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Methods 

 Misclassifications were determined using three measures to identify differences 

between GVI site types and field data site types in the assessment area: 1) rare site types, 

2) Wilcoxon signed-rank test, and 3) cumulative distribution function. To further the 

comparison between different data handling methods of GVI data established in Chapter 

Two, dominant class (DC) and multiple classes (MC) treatments of GVI were used for 

this assessment, following the same methods. As the basis for comparison, site type 

proportions were calculated for both GVI data and field data a) per polygon and b) 

aggregated across all polygons sampled (Figure 3.2). 

GVI Data 

For the DC treatment, per polygon proportions for each dominant site type were 

calculated as 1. For the MC treatment, per polygon proportions for each mapped site type 

were calculated by multiplying the percent of polygon (stored as a decile, therefore 

divided by 10) with the polygon area. For the DC treatment, aggregated proportions were 

calculated by summing up polygon areas for each site type and dividing by the total area 

of sampled polygons. For the MC treatment, aggregated proportions were calculated for 

each site type by first multiplying the percent of polygon by the polygon area and 

summing these up, then dividing this value by the total area of sampled polygons.  

Field Data 

For the field data, per polygon proportions were calculated by summing up lengths 

of each site type and dividing by the total length of transect line within that polygon. To 

calculate aggregated proportions for each site type, transect line segment lengths were 
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summed up across all polygons sampled and divided by the entire length of sampled 

transect line.  

Aggregated site type proportions were graphed to compare GVI data using the 

field data as baseline. For the purpose of comparison, a negative value on the graph 

indicated that site type proportion was under-estimated by the GVI data compared with 

the field data. 

Rare Site Types 

The purpose of identifying rare site types was to qualitatively describe the site 

type composition, focussing on those site types that were not prevalent in the assessment 

area and could not be tested statistically due to low sample size. Rare site types were 

identified as those site types with an aggregated proportion of less than two percent across 

all polygons sampled (Zhu et al., 2000). Rare site types and aggregate proportions were 

tabulated for both GVI treatments and field data for comparison. 

Analysis of Individual Site Types: Wilcoxon Signed-rank Test 

 For every site type, the proportion of that site type within each GVI polygon was 

paired with observed values from the field (proportion of the sampled transect length 

within that polygon) and analyzed using the non-parametric Wilcoxon signed-rank test 

(Wilcoxon, 1945) to determine if there were significant differences between the amounts 

expected from the GVI and what was actually observed on the ground. The Wilcoxon 

signed-rank test relies on the following assumptions: two independently-collected 

samples are used, the dependant variable is ordinal or continuous (a proportion in this 

case), and the independent variables are a matched pair (GVI versus field data in this 
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case). Although GVI and field data were spatially dependant, the data collected within 

each sampled polygon was independent.  

The non-parametric Wilcoxon signed-rank test was chosen for this assessment 

because samples were drawn from the same population, the sample sizes of some site 

types were low and the proportions were not normally distributed, which limits the types 

of statistical analysis that can be applied. Additionally, the Wilcoxon test has been used in 

other studies to evaluate land cover classification under different sampling events, such as 

before and after comparisons of land use change (Patarasuk, 2013; Vanwambeke et al., 

2012; McMahon, 2007). For each site type, the analysis was conducted using SPSS 

Statistics version 22 (IBM, 2013), which tested the null hypothesis that there was no 

significant difference between the proportion of that site type expected from the GVI and 

that observed in the field samples, integrating across all polygons sampled. Significance 

between GVI and field site type proportions was determined for each site type using an 

alpha level of 5%. A significant test result would indicate that there were differences 

between the proportion of a site type expected from the GVI and that observed in the 

field, which can be interpreted as a significant bias (either over-prediction or under-

prediction depending on the direction of the difference) and evidence of misclassification. 

Significantly misclassified site types were discussed in the context of being an influential 

model predictor.  

Analysis Integrating Across All Site Types: Cumulative Distribution Function Test 

An overall test to examine the cumulative differences among all site types 

examined (see above) was derived using a cumulative distribution function (CDF) test, 
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based on the Fisher Method (Fisher, 1932). The CDF statistic was calculated using 

Equation 3.1 (following Fisher, 1932). 

    χ2 = − 2∑  k
𝑝𝑝=1 ln(𝑃𝑃𝑝𝑝)        (3.1) 

where k = number of site types, Pi = the Wilcoxon p-value for site type i and d.f. = 2k 

For all site types analyzed with the Wilcoxon test above, individual probability 

values (p-values) generated from each Wilcoxon test were analyzed using the CDF test, 

which tested the null hypothesis that the individual p-values represent a random sample of 

the population and have a mean of 0.5 (Elston, 1991). If the null hypothesis is true (p-

values are normally distributed), it is considered a realization of a random variable that is 

uniformly distributed on [0,1] and can be related to chi-square distribution (Elston, 1991). 

Thus, the CDF statistic tested the null hypothesis that the distribution of p-values for all 

site types analyzed in the Wilcoxon test were randomly drawn and normally distributed. 

A uniform distribution of p-values is represented by a low CDF value, which would 

indicate that a small number of site types had low p-values, whereas a large CDF value 

would indicate that a significantly large number of site types had low p-values, which is 

evidence of a significant number of site type misclassifications.  
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Results 

Rare Site Types 

 Differences in aggregated site type proportions for both GVI treatments were 

graphed using field data as a baseline for comparison (Figure 3.3). Of the 27 site types 

sampled in the assessment area 20 were rare in at least one dataset. Of the 19 site types 

sampled in the DC treatment 10 were rare, of the 25 site types sampled in the MC 

treatment 13 were rare, and of the 20 site types sampled in the field data 11 were rare 

(shown in Table 3.2 and sorted alphabetically by site type code). 

Table 3.2. Summary of rare site types sampled in the assessment area. 

Site Type 
Code Site Type Description 

DC 
Treatment 

MC 
Treatment 

Field 
Data 

BlO Blowouts/Solonetzic 0.76% 3.43% 0.06% 
CS Choppy Sandhills - 0.04% - 
Cy Clayey - - 0.26% 
Dev Developed - 0.31% 0.06% 
Gr Gravel 1.15% 1.17% - 
LenA Lentic (Alkali) 0.76% 1.21% - 
LenS Lentic (Seasonal) - 0.38% 0.02% 

LenSP 
Lentic (Semi-Permanent to 
Permanent) - 0.10% 0.12% 

LenT Lentic (Temporary) 0.38% 0.38% 0.88% 
LenW Lentic (Open Water) - 0.04% 0.02% 
LtcD Lotic (Deciduous) 1.15% 1.15% - 
LtcH Lotic (Herbaceous) - 4.23% 1.05% 
LtcR Lotic (River) 0.38% 0.77% 4.70% 
PI  Tame Pasture or Hay (Irrigated) 0.38% 0.38% - 
Pits Gravel Pits - - 0.72% 

PN 
Tame Pasture or Hay (Non-
irrigated) 1.53% 1.53% 0.16% 

Sa Sand 2.29% 2.16% - 
Sb Subirrigated 1.91% 2.28% - 
SwG Shallow to Gravel 6.11% 4.23% 1.26% 
Sy Sandy 0.38% 0.88% 8.87% 
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Figure 3.3. Graph showing the difference in aggregate proportions of site types between GVI and field data in the assessment area, 
with a value of zero indicating complete agreement, a negative value showing relative under-estimation and a positive value showing 
relative over-estimation in GVI. 
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Analysis of Individual Site Types: Wilcoxon Signed-rank Test 

For each data treatment, the W values and p-values were tabulated (Table 3.3 and 

Table 3.4) and sorted with site types identified as final model predictors in Chapter Two 

listed first. Site types that were present in only one polygon did not present a valid 

statistical case to perform the Wilcoxon test and were represented in the tables as a blank. 

For the DC treatment, 8 site types had significantly different proportions compared to 

field data, with two of these site types identified as final model predictors for the DC 

treatment model. For the MC treatment, 10 site types had significantly different 

proportions compared to field data, with two of these site types identified as final model 

predictors for the MC treatment model. 

Analysis of Integrating Across All Site Types: Cumulative Distribution Function Test 

 For the DC treatment, results of the CDF test showed that there was a significant 

difference between GVI and field data (χ2(1, N = 48) = 204.138, p < 0.05). For the MC 

treatment, results of the CDF test showed that there was a significant difference between 

GVI and field data (χ2(1, N = 50) = 152.670, p < 0.05). 
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Table 3.3. Summary of site types, Wilcoxon signed-rank test value, p-value, and significant difference, sorted with those used as 
model predictors first, for the DC treatment. 

Site Type 
Number 

Site Type 
Code Site Type Description 

W 
value 

p-
value 

Significant 
(0.05) 

Model 
Predictors 

10 LtcH Lotic (Herbaceous) -3.184 0.000 y Y 
18 BlO Blowouts/Solonetzic -0.736 0.500 n Y 
20 TB Thin Breaks -5.181 0.000 y Y 
22 SL Saline Lowland -0.829 0.430 n Y 
24 BdL Badlands/Bedrock -0.627 0.543 n Y 
1 LenT Lentic (Temporary) -1.550 0.148 n  
2 LenS Lentic (Seasonal) - - -  
3 LenA Lentic (Alkali) -1.414 0.500 n  
4 LenSP Lentic (Semi-Permanent to Permanent) -1.342 0.500 n  
5 LenW Lentic (Open Water) -1.342 0.500 n  
6 LtcR Lotic (River) -3.493 0.000 y  
8 LtcD Lotic (Deciduous) -1.732 0.250 n  
9 LtcS Lotic (Shrub) -1.075 0.288 n  
11 Sb Subirrigated -2.236 0.063 n  
12 Ov Overflow -1.357 0.175 n  
13 Cy Clayey -1.342 0.500 n  
14 Lo Loamy -1.264 0.207 n  
15 Sy Sandy -5.131 0.000 y  
16 Li Limy -4.208 0.000 y  
17 Sa Sand -2.449 0.031 y  
19 CS Choppy Sandhills - - -  
21 SwG Shallow to Gravel -3.145 0.001 y  
23 Gr Gravel -1.732 0.250 n  
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Site Type 
Number 

Site Type 
Code Site Type Description 

W 
value 

p-
value 

Significant 
(0.05) 

Model 
Predictors 

27 PI Tame Pasture or Hay (Irrigated) - - -  
28 PN Tame Pasture or Hay (Non-irrigated) -1.136 0.281 n  
29 Pits Gravel Pits -1.826 0.125 n  
30 Dev Developed -2.714 0.004 y  
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Table 3.4. Summary of site types, Wilcoxon signed-rank test value, p-value, and significant difference, sorted with those used as 
model predictors first, for the MC treatment. 

Site Type 
Number 

Site Type 
Code Site Type Description 

W 
value 

p-
value 

Significant 
(0.05) 

Model 
Predictors 

9 LtcS Lotic (Shrub) -0.652 0.520 n Y 
12 Ov Overflow -1.636 0.102 n Y 
14 Lo Loamy -6.879 0.000 y Y 
16 Li Limy -7.124 0.002 y Y 
22 SL Saline Lowland -0.853 0.400 n Y 
24 BdL Badlands/Bedrock -1.617 0.108 n Y 
1 LenT Lentic (Temporary) 0.000 1.000 n  
2 LenS Lentic (Seasonal) -0.447 1.000 n  
3 LenA Lentic (Alkali) -2.060 0.063 n  
4 LenSP Lentic (Semi-Permanent to Permanent) -0.447 1.000 n  
5 LenW Lentic (Open Water) 0.000 1.000 n  
6 LtcR Lotic (River) -3.139 0.001 y  
8 LtcD Lotic (Deciduous) -1.732 0.250 n  
10 LtcH Lotic (Herbaceous) -5.189 0.000 y  
11 Sb Subirrigated -4.460 0.000 y  
13 Cy Clayey -1.342 0.500 n  
15 Sy Sandy -4.766 0.000 y  
17 Sa Sand -2.812 1.000 n  
18 BlO Blowouts/Solonetzic -6.471 0.000 y  
19 CS Choppy Sandhills* - - -  
20 TB Thin Breaks -1.595 0.111 n  
21 SwG Shallow to Gravel -2.706 0.006 y  
23 Gr Gravel -2.812 0.002 y  
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Site Type 
Number 

Site Type 
Code Site Type Description 

W 
value 

p-
value 

Significant 
(0.05) 

Model 
Predictors 

27 PI Tame Pasture or Hay (Irrigated)* - - -  
28 PN Tame Pasture or Hay (Non-irrigated)* - - -  
29 Pits Gravel Pits -1.826 0.125 n  
30 Dev Developed -2.317 0.019 y  
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Discussion 

 Site type composition measures allowed for 1) identification of rare site types 

sampled in the assessment area, 2) determination of overall significance of difference 

between GVI and field data, and 3) identification of significantly different site type 

proportions between GVI and field data.  

To identify differences between rare site types mapped and those observed in the 

field, a true comparison of rare site types could only be made between the MC treatment 

and field data, which showed that both are composed of a high number of rare site types 

(48% and 26%, respectively). This qualitative assessment of rare site types provided 

insight into ways in which methodological bias can introduce classification bias into 

model predictions through transformation methods, such as generalizing to dominant 

class which resulted in the loss of eight rare site types. Loss of rare site types could 

introduce large classification bias depending on a rare plant’s habitat specificity. If the 

distribution of a rare plant is linked to rare site types on the landscape, misclassifications 

resulting from generalizing could result in completely different modelled relationships 

and model predictions. However, this was not the case in this study, given the positive 

response of model performance to the representation of dominant site types in the study 

area. A further limitation was associated with the nature of rarity, being low in number, 

which resulted in invalid statistical cases for analysis for rare some site types (Tables 3.3 

and 3.4). Therefore, only valid cases were assessed using the Wilcoxon test and 

significance of difference for some site types that occurred rarely on the landscape could 

not be determined.  
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Results of the CDF showed that for both DC and MC treatments of GVI, site type 

proportions were significantly different from field site type proportions (χ2(1, N = 48) = 

204.138, p < 0.05 and χ2(1, N = 50) = 152.670, p < 0.05, respectively), which suggests 

that a classification bias could be introduced through use of GVI; however, the CDF test 

did not show any details on the type or direction of bias. Details on which site types were 

significantly different were determined through the Wilcoxon test.  

Results of the Wilcoxon test showed that for the DC treatment there were two 

misclassified predictor site types: Lotic (Herbaceous) and Thin Breaks. The effect of 

generalizing was most pronounced in the results for the Lotic (Herbaceous) site type, 

where it was a) was not present in the DC treatment of the sampled polygons, b) was rare 

in the field data, c) was not rare in the MC treatment of the sampled polygons, and d) was 

identified in Chapter Two as a site type that produced a response above the threshold in 

the response curve for the DC treatment (Figure 2.7). This indicated that when dominant 

on the landscape Lotic (Herbaceous) site type influences the distribution of Moquin’s 

sea-blite. However, it was not dominant within the assessment area and was lost through 

generalizing in the DC treatment, which indicates variability of distribution and 

prevalence on the landscape. This variability in predictor value distribution highlights the 

need for accuracy assessments to be conducted throughout the study area. Thin Breaks 

site type was significantly under-estimated in the DC treatment compared to field data, 

but not in the MC treatment. This indicates that Thin Breaks is a dominant site type on 

the landscape and although it appears as an under-estimate in the data, it was not in the 

original source dataset (as indicated by the MC treatment results), but rather a 

misclassification resulting from data transformation (generalizing).  A review of the 
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coefficient output from Chapter Two (Appendix D), showed a positive relationship 

between Thin Breaks site type and DC model predictions. Field observations provided 

further support for suggesting a positively correlated relationship between Moquin’s sea-

blite and Thin Breaks site type (Figure 2.3). Given the positive modelled relationship 

between Thin Breaks and Moquin’s sea-blite distribution, there is the potential that the 

under-estimation of Thin Breaks site type may have created an under-estimate in 

predictions, similar to an error of omission; however, given the variability of the 

distribution and prevalence of site types across the landscape, an inference of this type 

from the assessment area to the entire study area cannot be made with confidence.   

Results of the Wilcoxon test showed that for the MC treatment there were two 

misclassified site types: Loamy and Limy. Both Loamy and Limy site types were not rare 

and were present on the landscape in high quantities for both GVI data and field data; 

however, Loamy was under-estimated and Limy was over-estimated significantly in the 

MC treatment. A review of the coefficient output for the MC model derived in Chapter 

Two (Appendix D), showed a complex relationship between Loamy and Limy site types 

and the predicted distribution of Moquin’s sea-blite, which makes any direct inference on 

the direction of bias (over- or under-predictions) complex; however, it can be inferred 

that there is a classification bias in the GVI data that may have influenced MC treatment 

model predictions.  

Limitations to this assessment relate to a) the localized collection of field data, 

which was not representative of the study area, and b) the field data collection method, 

which was systematically collected along transects. Localized field data collected 
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prevented the inference of the results of the accuracy assessment to the entire study area. 

Access issues were challenging for this study; therefore, the systematic method was 

chosen because it yielded the most data in the least time, avoiding time and monetary 

constraints. Other commonly used field survey methods that have been used to collect 

field data for thematic accuracy assessments include simple random and stratified random 

(Stehman, 2000). Using random sampling methods and the same sampling unit for both 

GVI data and field data would have allowed for more statistical rigour because the 

sampled data would meet more assumptions of other tests.  

Conclusions 

 Misclassifications were evaluated through a case study using three measures to 

describe the disagreement between the GVI data and the field data sampled in the 

assessment area: 1) rare site types, 2) Wilcoxon signed-rank test, and 3) cumulative 

distribution function test. The objective of this chapter was to identify misclassifications 

in the GVI that could have been propagated into the model predictions determined in 

Chapter Two; therefore, site types identified as significantly different were examined 

further if they were also identified as important predictors in Chapter Two. 

A large number of site types in the assessment area were rare, with the loss of 

eight rare site types in the DC treatment resulting from the data handling methods. This 

illustrates how transforming data can introduce classification bias into model 

development, particularly if a rare plant species distribution is linked to rare site types on 

the landscape. Given the nature of rarity, rare site types also presented a limitation to 
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statistical analysis, where site types that were not present in more than one polygon were 

not valid statistical cases and not tested in the Wilcoxon test. 

Results of the CDF test showed that for both DC and MC treatments, site type 

proportions were significantly different from field site type proportions. Results of the 

Wilcoxon test showed that both DC and MC treatment had two site types that were 

misclassified and important predictors in the final models, as determined in Chapter Two. 

This indicated that both treatments potentially introduced classification bias into model 

predictions. However, the exact magnitude and direction of classification bias cannot be 

correctly inferred to prediction results due to the difference in distribution of predictor 

values between the assessment area and the study area, as evidenced by the loss of the 

Lotic (Herbaceous) site type in the assessment area, which was an important predictor for 

the DC model in the study area.  

This study illustrated how distribution of environmental variables can produce 

false inference when extrapolating from a small sample, the assessment area, to a larger 

sample, the study area, which is similar to the bias introduced using low numbers of 

biased occurrence data. It would be erroneous to infer that the Lotic (Herbaceous) site 

type was lost throughout the study area, because the SDM output in Chapter Two showed 

that it was not only present in the DC model, but it was also an important predictor.   

This assessment illustrated how misclassifications can be introduced through 

source datasets as well as through data handling methods. Furthermore, these 

misclassifications were not corrected for in model development, primarily because they 

were not representative of the entire study area. In addition to the natural variation in 
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distribution of site types on a landscape, subjective bias in interpretation of GVI can also 

be inconsistently distributed across the study area as some site types are easier to interpret 

than others. To properly infer results of misclassifications in GVI data, field data would 

have to be collected throughout the study area. Collecting GVI data throughout the study 

area was constrained by time, money and access to other areas, which provides insight 

into the reasons that source predictor datasets are not assessed for accuracy in SDMs. 

Furthermore, even if misclassifications can be determined across the study area, there are 

few methods that detail methods for correction of classification bias. 

For this case study classification and spatial errors in source datasets were neither 

identified nor reduced and as such were deemed persistent biases in model development, 

which is not uncommon in other studies.  
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CHAPTER FOUR: CONCLUSIONS AND APPLICATIONS  

Through this case study modelling the distribution of Moquin's sea-blite, 

challenges associated with modelling rare plant species, linked to rare plant occurrence 

data, rare plant ecology and relevant predictor data, were explored with a focus on 

deriving ecologically relevant predictors and addressing bias in model predictions when 

applying them to conservation management activities. Study design considerations for 

each component in model development (Figure 1.1) focussed on addressing potential bias 

created in model development through data handling methods, validating predictions with 

field observations, and comparing different predictor data treatments (Table 4.1). 

However, some biases persisted in occurrence data and predictor datasets, which provides 

insight into the sources of bias in model predictions.  

Table 4.1. Summary of model design components, considerations, and direction of the 
effects of considerations on bias. 

Study Design Component  Consideration 
Direction of 

Effect on 
Bias 

occurrence data presence-only data   Selected PO model  - 
 low numbers  Retained number (no cross-

validation) - 

 biased collection  Persisted (indeterminable bias) + 
  data conversion   Removed locational uncertainty  - 

rare plant ecology subjectivity   Derived habitat description - 
predictor data subjectivity   Identified datasets and methods - 

 scale  Reduced spatial generalization - 
 scale  Imprecision errors persisted + 
 format  Selected flexible model  - 
 format  Compared predictor data 

treatments - 

 GVI  Classification or spatial bias + 
 AGRASID  Classification or spatial bias + 
 DEM  Classification or spatial bias + 
 Landsat7 imagery  Classification or spatial bias + 
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Study Design Component  Consideration 
Direction of 

Effect on 
Bias 

model selection subjectivity   Compared different model 
outputs - 

 Maxent  Selected flexible model - 
  Maxent   Validated performance with 

field data - 

 

Recently, methods have been proposed to address bias in occurrence data; 

however, these have been found to be constrained by the need for additional data 

(Yackulic et al., 2013; Phillips et al., 2009). The effectiveness of correction has been 

found have inconsistent results based on bias type, bias intensity and species of interest 

(Fourcade et al., 2014). A sampling correction could not be determined from available 

information for this study and as such uncertainty in sampling bias persisted in model 

predictions. Despite this bias, the models performed well when compared to an 

independently collected field presence dataset, which increased confidence in model 

predictions.  

Uncertainty in biases associated with predictor data and their influence on species 

distribution makes the representation of habitat resources in the study area an important 

consideration in study design (Elith et al., 2011). Persistent biases in predictor datasets 

are associated with the challenges in deriving ecologically relevant environmental 

predictors, as well as potential spatial and classification errors in the data, which can be 

introduced at many stages of model development (Figure 1.1). Developing a habitat 

description from various sources, such as ACIMS occurrence records, provided a 

valuable basis for identification of habitat resources. However, incomplete knowledge of 

the habitat specificity of Moquin’s sea-blite drove the development of the approach used 
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in this study, which compared model output from two different predictor data treatments 

while keeping other sources of bias equal. Comparison analysis led to a better 

understanding of suitable methods to derive ecologically relevant predictors for Moquin’s 

sea-blite, as well as how data handling methods and selection of scale can influence the 

modelled relationships and ultimately the bias in model predictions. This approach 

identified variability in the distribution of predictors across the study area resulting from 

different data handling methods, as well as trends in modelled relationships between 

Moquin’s sea-blite distribution and predictors. This study showed that model predictions 

are sensitive to different treatments of data, a major consideration when habitat 

specificity of plants is not well known, which is often the case for rare species (Wu and 

Smeins, 2000).  

It has been argued that bias can never be truly known (Yackulic et al., 2013), and 

that it is accepted that some bias will always persist (Elith et al., 2011). For this study, 

bias persisted in the sampling bias (ad-hoc collection of occurrence data) and the 

unknown potential for spatial and classification errors in the predictor datasets throughout 

the study area. This bias was evidenced in the results which showed a large difference 

between omission and commission errors. Collecting an independent field presence 

dataset (where both presence and absence data were recorded) allowed not only for 

increased confidence in model validation measures, but also for determination of 

omission and commission errors, which are important results to know when applying 

predictions to different conservation management applications. Bias, if not removed, can 

proliferate throughout model development creating an ecological bias (Figure 1.1) which 

is then inferred from model predictions in two ways: underpredictions and 
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overpredictions, which can affect the outcome of conservation decisions in different ways 

(Guisan et al., 2013; Anderson et al., 2003). Underpredictions relate to omission errors, 

where a species exists and the model predicted an absence (Kramer-Schadt et al., 2013). 

Overpredictions relate to commission errors, where a species does not exist and the 

model predicted a presence. Given the negative correlation between these two types of 

error, they are often addressed differently for each application to a specific conservation 

problem (Anderson et al., 2003; Loiselle et al., 2003).  

Further challenges are introduced when biased model predictions are applied to rare 

plant conservation activities, without consideration of the full process from model 

development to application of model predictions (Guisan et al., 2013). Recently a 

comprehensive evaluation of species distribution modelling studies showed that the 

application of predictions to specific management objectives was urgently needed to 

bridge the gap in the literature by providing practical examples that show application 

considerations for both modellers and managers (Guisan et al., 2013). To understand 

model predictions land managers need to have confidence in the validity of predictions as 

well as an understanding of the effect of bias in model predictions in each specific 

management context (Barry and Elith, 2006).  

Context of a conservation management application involves the costs (management 

and ecological) associated with the management decision and the scale associated with 

the application. Guisan et al. (2013) refer to this as the trade-offs, where the cost 

efficiency of management activities is considered against the risk of adverse impacts to 

the species of interest. Cost efficiency is specific to each management context and 
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impacts to the species are specific to each land use context, all of which are driven by 

time, money and scale. Scale of application is an important consideration when applying 

model predictions, based on the level of accuracy required, and the relationship between 

scale of application and the grain size of model predictions. The issues of scale are 

diverse and present at many stages throughout model development and application, 

particularly when inferences are made across multiple scales.  

Conservation Management Scenarios   

To illustrate how the model predictions from this case study can be applied to 

management or conservation efforts, two common conservation management scenarios in 

Alberta were selected: stratification of pre-disturbance rare plants surveys and 

identification of lands with higher conservation value (ANPC, 2012; Downey et al., 

2008). For each scenario, objectives and trade-offs of the conservation activity were 

identified; scale of activity and grain size of model were discussed; and the effect of 

prediction error on the conservation management were explored. Implicit in these 

scenarios is the clear choice for model selection, the DC treatment model as it was 

superior in all three validation measures, and had half the omission error of the MC 

treatment model. Results of omission and commission errors, in Chapter Two, showed 

that when using a threshold of 0.5 probability for presence/absence classification the DC 

treatment model had a 28.8% omission error and an 2.3% commission error. This 

threshold was selected to compare the results of two models; however, in practice these 

values simply indicate that it there is a large difference between omission error and 

commission error in model predictions.  
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Stratifying Field Surveys 

To illustrate a local-scale scenario, application of model predictions to the 

stratification of field surveys was explored. Currently in Alberta, when a change in land 

use is proposed from natural to disturbed, rare plant surveys are usually conducted within 

the disturbance footprint as part of a pre-disturbance environmental impact assessment 

(Alberta Native Plant Council, 2012). The purpose of a pre-disturbance rare plant survey 

is to identify any rare plant populations within a specified area, and subsequently, to 

describe potential effects of the disturbance on the rare plant populations. The objective 

of a survey is to find locations of rare plants in or near a proposed disturbance to assist 

with identifying ways to minimize negative effects on these populations. For this 

scenario, the scale of predictions (26 m grain size) provided an appropriate scale for 

referencing ground locations for field surveys (Gogol-Prokurat, 2011); therefore, 

converting predictions to a different resolution is not required and the only bias 

anticipated is the introduction of imprecision through the conversion of raster cells into 

point data in a GIS and then uploading them into a GPS to locate survey areas on the 

ground. 

Trade-offs considered for pre-disturbance surveys include the cost associated with 

survey intensity (how much of the land to survey) versus the risk of not surveying where 

Moquin’s sea-blite is present. Model predictions can be used to stratify survey efforts so 

that more time and effort is spent surveying locations with predicted presences; however, 

the nature by which prediction errors can increase the costs (both survey and ecological) 

must be understood.  
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In this scenario, underpredictions could result in the potential loss of a population 

if an area is not surveyed but Moquin’s sea-blite occurs in that area and development 

results in conversion of the land to unsuitable habitat. Although overpredictions can 

result in additional costs when surveying areas where Moquin’s sea-blite does not occur, 

the ecological risk of the loss of a population is greater at this scale when the impact is 

conversion of habitat. Therefore, application of model predictions should focus on 

minimizing underpredictions, which can be accomplished through selection of an 

appropriate threshold value that minimizes omission error when classifying model 

prediction values to presence/absence when creating field maps. There are several options 

for selecting threshold values, however to increase the accuracy of predicted presences, a 

value based on a measure specific to the model should be considered (Jiménez-Valverde 

and Lobo, 2007; Pearson et al., 2007). A preferred method for reducing omission errors is 

the true positive threshold value which considers the lowest probability value where a 

known occurrence exists (Lauzeral et al., 2013; Smulders et al., 2010; Kumar and 

Stohlgren, 2009; Pearson et al., 2007; Barry and Elith, 2006; Liu et al., 2005). By 

applying a threshold value where all known occurrences are located on predicted 

presences, underpredictions are reduced and field surveyors can have more confidence 

that by focussing survey efforts in habitat deemed suitable they are more likely to detect 

Moquin’s sea-blite than surveying in habitat deemed unsuitable. However, given that bias 

exists in model predictions, areas predicted as absent should be sufficiently surveyed to 

further increase confidence in survey results. 
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Identifying Lands of Higher Conservation Value 

To illustrate a landscape-scale scenario, application of model predictions to 

identifying lands of higher conservation value were explored. Currently in Alberta, the 

MULTISAR program has been implemented with the goal of conserving multiple species 

at risk through specific conservation and stewardship recommendations applied to high 

priority areas of the Milk River Basin (Downey et al., 2008). To support this management 

outcome, MULTISAR has a) selected management species based on rarity and ability to 

be mapped, b) developed habitat suitability indices (HSI) per species, and c) spatially 

aggregated these indices to identify hotspots or lands of higher conservation value to 

focus management and stewardship efforts within the MULTISAR core area. To 

incorporate Moquin’s sea-blite into the suite of species being managed, the scale of the 

MULTISAR HSI project must be discussed in relation to the scale of model predictions 

(26 m grain size). The MULTISAR HSI project resolution was based on the quarter 

section using the Alberta Township System (ATS) grid, due to limitations in resolution of 

an important predictor used to develop HSI models. Thus, a resolution of 600 m by 600 

m for the aggregated HSI of the MULTISAR program was used (Downey et al., 2004), a 

much coarser resolution than the model predictions created for this case study. 

Incorporating model predictions into the MULTISAR HSI requires an understanding of 

the effect of generalizing on predictions, and selecting the best methods to convert 

predictions so that they are compatible with the HSI and don’t over-state the distribution 

of Moquin’s sea-blite in the MULTISAR core area. Multiple methods could be used to 

convert model predictions; however, identification of the trade-offs need to be analyzed 

to understand the effects on management and ecological costs of bias in model 
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predictions and how they can be influenced by data handling techniques and scale of 

application. Scale considerations relate to the effect of data conversion on the type of 

error in the predictions and how to minimize it given the error deemed most important for 

the management outcome.  

Trade-offs for this scenario relate to one of the goals of MULTISAR, which is to 

protect high priority areas by incorporating both the needs of the species being managed 

and the economic needs (Downey et al., 2008). Model predictions from this study applied 

within the MULTISAR HSI framework could possibly result in identifying new high 

priority locations if predictions provide large contributions, which poses a problem if 

Moquin’s sea-blite does not actually exist at these locations, resulting in management 

resources erroneously diverted from the existing high priority locations. Overpredictions 

can result in erroneously increasing the HSI value at certain locations possibly causing 

overprotection of these areas in the form of more time and effort spent than is warranted 

to protect the actual number of individuals/species present (Guisan et al. 2013). As such, 

maintaining a low commission error guides considerations for this application design.  

Model validation measures in Chapter Two resulted in low commission error 

using the 0.5 probability threshold, which meets the needs for this scenario. Further 

considerations must now be applied to selecting the method to convert presence/absence 

information to a coarser resolution for integration in the MULTISAR HSI. Conversion 

methods should seek to minimize commission error when generalizing predictions, a 

simple task achieved by selecting the majority rule when re-sampling rasters in ArcGIS.  

102 



 

Understanding the nature of the biases and how they can affect the outcome of 

different management objectives is necessary for land managers. A thorough 

understanding of the sources of biases can guide land managers on ways to improve the 

model if desired. This study sought to identify study design components associated with 

modelling Moquin’s sea-blite and to address bias during model development, in an effort 

to present a level of confidence in model predictions and to understand the implications 

of biases that persist in model predictions. Summarizing the biases in general terms 

(Table 4.1) provided an easy reference to assist with critical evaluation of the model and 

highlighted areas where bias in model predictions can be reduced if warranted. This 

exploration in methods provided two techniques for handling GVI data and demonstrated 

the sensitivity of SDMs to these different methods, which provides support for another 

objective of the MULTISAR program, to assist with integrating and applying GVI to the 

MULTISAR program (Downey et al., 2008). Comparing data handling methods for GVI 

data was an important concept to explore when deriving ecologically relevant predictor 

datasets for Moquin’s sea-blite and is recommended for modelling other rare grassland 

plants. More generally, this approach showed that habitat and species distribution was 

sensitive to treatment of categorical data such as soils and land cover.   
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APPENDIX A:  ACIMS OCCURRENCE DATA STORAGE PROCESS 

 Although the ACIMS occurrence data are available in a digital format, the 

original data were first mapped by hand on an NTS mapsheet and an associated centroid 

point digitized (Allen, 2013). When occurrence data were converted from point data to 

polygon data, the points were buffered according to an assigned precision estimate, as 

follows: 

• ‘S’ for points considered to have an accuracy of 250 m or better 

• ‘M’ for points considered to have an accuracy of 251 to 2500 m 

•  ‘G’ for a general accuracy of between 2501 and 8000 m 

•  ‘U’ for anything greater than 8000 m and therefore too uncertain to map 

  Occurrence data as processed above were converted to polygons through the 

buffer function, using the accuracy ranks as the buffer distance. Many have since been 

updated based on information provided through an ongoing review of all presences. 

Occurrence data, submitted after 2000, were generally captured using a GPS to mark the 

waypoints of the extent of the occurrence. ACIMS then created a polygon to encompass 

all waypoints as well as obvious habitat features, based on that species’ habitat 

specificity; for example, a waterbody was used to delineate the extent of an aquatic 

species. Where habitat extent was not obvious, an appropriate buffer was created around 

the GPS waypoint provided. The buffer distance selected depended on the age of the 

record and the associated information that was submitted with the data. This process is 

termed “intelligent data processing” by ACIMS, meaning that the occurrence information 

that is submitted is carefully considered and mapped as appropriate to the information 
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provided by the observer. Older GPS points were buffered by 100 metres due to the built-

in “Selective Availability” inaccuracy that was in place until May 2000 (Allen, 2013). 

Selective availability relates to the inaccuracy of a GPS based on the type of receiver the 

unit has, which relates to timing errors that were inherent in non-military GPS satellite 

transmissions. These timing errors resulted in GPS inaccuracies of approximately 

100 metres (Allen, 2013). 
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APPENDIX B:  SITE TYPE NUMBERS, CODES AND NAMES 

Number Code Name 
1 LenT Lentic (Temporary) 
2 LenS Lentic (Seasonal) 
3 LenA Lentic (Alkali) 

4 LenSP 
Lentic (Semi-Permanent to 
Permanent) 

5 LenW Lentic (Open Water) 
6 LtcR Lotic (River) 
7 LtcC Lotic (Coniferous) 
8 LtcD Lotic (Deciduous) 
9 LtcS Lotic (Shrub) 
10 LtcH Lotic (Herbaceous) 
11 Sb Subirrigated 
12 Ov Overflow 
13 Cy Clayey 
14 Lo Loamy 
15 Sy Sandy 
16 Li Limy 
17 Sa Sand 
18 BlO Blowouts/Solonetzic 
19 CS Choppy Sandhills 
20 TB Thin Breaks 
21 SwG Shallow to Gravel 
22 SL Saline Lowland 
23 Gr Gravel 
24 BdL Badlands/Bedrock 
25 CI Cultivated (Irrigated) 
26 CN Cultivated (Non-irrigated) 
27 PI Tame Pasture or Hay (Irrigated) 
28 PN Tame Pasture or Hay (Non-irrigated) 
29 Pits Gravel Pits 
30 Dev Developed 
31 Ur Urban 
32 Ru Rural 
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APPENDIX C:  SOIL SERIES NUMBERS, CODES AND NAMES 

Number Code Name Number Code Name
1 ANO Antonio 40 ORN Orion
2 BUT Bunton 41 PHN Pinhorn
3 BVL Bingville 42 PLP Philp
4 CFD Cranford 43 PTA Patricia
5 CGW Craigower 44 PUN Pemukan
6 CHN Chin 45 PUR Purescape
7 CHN-gl Chin-gleyed 46 RAM Ramillies
8 CHZ Chinz 47 RIR Rainier
9 CLR Clarinda 48 RMR Rosemary
10 CLS Chelsea 49 ROL Ronalaine
11 CMR Comrey 50 SFD Scotfield
12 CMY Carmangay 51 SIL-er Steveville-er
13 CRD Cradduck 52 SIL Steveville
14 CVD Cavendish 53 SKF Skiff
15 DHP Dishpan 54 SXT Sexton
16 DHS Duchess 55 TEP Tempest
17 EXP Expanse 56 TIK Timko
18 FMT Foremost 57 TTH Tothill
19 GEM Gem 58 VEB Verburg
20 GLS Gleddies 59 VET Ventre
21 GPH Gopher 60 VST Vendisant
22 GRG Grudge 61 WCR Woolchester
23 HDY Halliday 62 WDW Wardlow
24 HMS Helmsdale 63 WID Wilda
25 HUK Hemaruka 64 WLH Walsh
26 KBD Karlsbad 65 WNY Whitney
27 KSR Kessler 66 WTN Weston
28 KTM Kitsim 67 YTW Youngstown
29 LUP Lupen 68 ZCO Miscellaneous Coarse Materials
30 LYB Lilybrown 69 ZER Miscellaneous Eroded Materials
31 MAB Maleb 70 ZFI Miscellaneous Fine Materials
32 MCN McNab 71 ZGW Miscellaneous Gleysols
33 MCT Millicent 72 ZNA Miscellaneous Saline
34 MGR Migra 73 ZSZ Miscellaneous Solonetizic
35 MHR Maher 74 ZUN
36 MKR Milk River
37 MNA Minda 75 ZWA Miscellaneous Water
38 MSN Masinasin
39 NED New Dayton

Miscellaneous Undifferentiated 
Materials
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APPENDIX D:  MODEL COEFFICIENT OUTPUTS 

Dominant Class Treatment 

(dgvimask2=1.0), 0.0, 0.0, 1.0 
(dgvimask2=10.0), 2.99898422475201, 0.0, 1.0 
(dgvimask2=18.0), 1.8079183693657344, 0.0, 1.0 
(dgvimask2=20.0), 1.4796785568626665, 0.0, 1.0 
(dgvimask2=22.0), 2.7209425138034278, 0.0, 1.0 
(dgvimask2=24.0), 2.1518511387781873, 0.0, 1.0 
(dsoilmask=1.0), 0.0, 0.0, 1.0 
(dsoilmask=2.0), 0.6379027498295072, 0.0, 1.0 
(dsoilmask=11.0), 1.7290390726461837, 0.0, 1.0 
(dsoilmask=38.0), 0.031030178563402434, 0.0, 1.0 
(dsoilmask=74.0), 1.6158672860189522, 0.0, 1.0 
ndvi, -12.461135821012371, -0.4883720874786377, 0.4315789043903351 
slope, 0.0, 0.0, 38.65935134887695 
slope^2, -1.3888383704614102, 0.0, 1494.5454467159143 
`slope, -1.0041078417664822, 0.0, 6.2126569747924805 
`slope, -0.5639273669799488, 0.0, 6.119076490402222 
`ndvi, -0.23121128734830113, -0.4883720874786377, -0.32152876257896423 
`slope, -1.4875542849108678, 0.0, 4.926362991333008 
linearPredictorNormalizer, 1.087544857330418 
 

Multiple Classes Treatment 

but_ss, 0.0, 0.0, 90.0 
huk_ss, 0.0, 0.0, 50.0 
slope, 0.0, 0.0, 35.35533905029297 
south, 0.2497239375607182, -1.0, 0.9999184012413025 
st12, 0.0, 0.0, 100.0 
st14, 0.0, 0.0, 100.0 
st16, 0.0, 0.0, 95.0 
st22, 3.3006740743675387, 0.0, 100.0 
st24, 0.937794309088439, 0.0, 100.0 
st26, -4.000335085324391, 0.0, 100.0 
st9, 0.0, 0.0, 100.0 
zun_ss, 0.0, 0.0, 100.0 
but_ss^2, 1.5901094880792548, 0.0, 8100.0 
huk_ss^2, 3.4467603200113794, 0.0, 2500.0 
slope^2, -1.7372924378866703, 0.0, 1249.999999361171 
south^2, -0.9062938865799208, 1.5463569695829075E-4, 1.0 
st12^2, -0.8180522793854554, 0.0, 10000.0 
st14^2, -17.363394140442473, 0.0, 10000.0 
st16^2, -8.315222151082784, 0.0, 9025.0 
st9^2, 3.820388646880192, 0.0, 10000.0 
zun_ss^2, 0.49732210642054137, 0.0, 10000.0 
`zun_ss, -2.239282828866508, 0.0, 5.0 
`slope, -2.5253768017835494, 0.0, 4.926362991333008 
`st9, 1.0058642968561846, 0.0, 2.5 
`st14, -0.6925536888066647, 0.0, 2.5 
`st12, 0.6680420737125355, 0.0, 2.5 
'st24, -1.6759413741592382, 92.5, 100.0 
`slope, -0.7969892144680174, 0.0, 2.300758481025696 
`south, 0.17663477776639688, -1.0, -0.9852684438228607 
`south, 0.004022076557923977, -1.0, -0.9833353757858276 
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