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ABSTRACT  
 

We often do not know the total number of extant populations of species of conservation 

concern. Species distribution models (SDMs) can be used to predict the probability of species’ 

occurrence. We tested the use of validated SDMs to estimate the number of occurrences of rare plant 

species across Southern Ontario. We built SDMs for six rare species using known occurrence records and 

then surveyed 282 new sites and used presence/absence records from these sites to predict probability 

of occurrence based on the SDM output. We summed these probabilities to estimate the number of 

occurrences on the landscape. We then used simulation exercises to estimate the likelihood that our 

sample size was large enough to make a confident estimate. Simulation results showed that the true 

number of extant occurrences can be overestimated with fewer than 1,000 SDM-directed survey sites. 

Therefore, our estimates may be overestimates of the true number of extant occurrences, and more 

surveys will be required to obtain more accurate estimates. This technique for estimating the number of 

remaining rare species occurrences will inform researchers and managers as they prioritize time and 

money towards decisions around species recovery and protection, and where to allocate additional 

survey effort.    
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CHAPTER ONE: INTRODUCTION 

 

The threats to species at risk are largely human caused and widespread including habitat 

loss, degradation, fragmentation, invasive species, disease and insect outbreaks (Bickerton & 

Thompson-Black 2010; Boland et al., 2012; Faber-Langendoen et al., 2012; Donley et al., 2013). 

Habitat loss due to land use change is considered the principal threat to species at risk (Kerr & 

Cihlar, 2004; Kerr & Deguise, 2004; Pimm et al., 2014) and occurs most rapidly and extensively 

in areas with the highest human population densities (Cardillo et al., 2004; Coristine et al., 

2018; Kerr & Currie, 1995). Humans have modified more than 80% of the world’s terrestrial 

surfaces (Sanderson et al., 2002; Tulloch et al., 2016). Even in areas where human population 

densities are lower, ecosystems are still subject to anthropogenic influence. These increasing 

pressures threaten the persistence of our national and global biodiversity into the future.  

The value of nature as a whole is incalculable, making it difficult to estimate the distinct 

consequences of its losses (Balmford et al., 2011).  Biodiversity is worth more than solely its 

intrinsic value, and its loss is more than simply the loss of ecosystem services (Balmford et al., 

2011). In an essay on the significance of an individual species, Aldo Leopold wrote “To keep 

every cog and wheel is the first precaution of intelligent tinkering” (Leopold, 1949). Whether 

you consider their inherent value, or the roles they play in maintaining healthy ecosystems and 

supporting human populations, species on the brink of extinction are worth conserving.  
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What is being done?  

There are several mechanisms by which species at risk are protected, one being through 

the protection of their habitat in the form of protected area networks. However, Heywood 

(2019) claims that, on a global scale, protected areas are not living up to their intended 

potential in their capacity to conserve biodiversity. It is apparent that current approaches are 

inadequate, as protected areas are often not very representative of where species at risk are 

(Havens et al., 2014; Heywood, 2017).  

It is becoming increasingly important that we consider conservation on privately owned 

land as a supplementary approach to our current deficient efforts to protect land. While it is 

often assumed that protected areas contain more biodiversity than private lands due in part to 

their strategic placement and management, this is not always the case (Rayner et al., 2014; 

Richart & Hewitt, 2008). McCune et al. (2017) found that native plant species richness tended 

to be higher on privately-owned sites in Southern Ontario. They also found that privately-

owned sites had a higher likelihood of supporting a species of conservation concern than sites 

within protected areas when controlling for landscape context, land use history and forest age.  

Biological surveys on private land are far less common than those conducted on 

protected lands (Hilty & Merenlender, 2003; Wilcove et al., 2004). This disparity presents a 

challenge for comparing efficacy of protected areas and private lands for conservation (McCune 

et al., 2017). Few surveys being done on private land naturally leads to an incomplete 

understanding of how many occurrences exist on the landscape, and subsequently to their 

protection being under-explored. This could indicate that we are not only failing to protect 
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many of these rare species occurrences, but also, we do not know how many populations of 

rare species are extant.  

Systematic prioritization has become a common strategy to maximize efficient 

conservation efforts, resources, and spending (Bennett et al., 2015; Di Fonzo et al., 2016; 

Tulloch et al., 2015). These methods prioritize rare species by their extinction risk and other 

factors such as the potential cost of management, and concentrate attention on conservation 

actions designed to protect them (Possingham et al., 2002). A comprehensive understanding of 

the location and size of populations of rare species is fundamental to effective prioritization for 

the purpose of conservation planning (Elith et al., 2006).  

Rare species pose a challenge in that there are often very little data on their population 

locations, making it difficult to estimate their true abundance and distribution (McDonald, 

2004). Estimating the proportion of suitable sites occupied by a rare species is a necessary step 

toward effective monitoring programs and often less expensive than abundance estimations 

and comprehensive species inventories (Mackenzie et al., 2003).  

Species Distribution Models 

Species distribution models (SDMs) have become popular tools for ecologists to 

understand the underlying environmental and geospatial variables that make a site relatively 

suitable or unsuitable for a given species (Guisan et al., 2013). These models are designed to 

correlate environmental variables with known occurrence records to provide a measure of 

species’ occupancy potential across a region (Elith & Graham, 2009; Hernandez et al., 2006). 

There are many applications of SDMs in the literature, including use in climate change and 
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invasive species research, evolutionary biology, and epidemiology (Elith & Graham, 2009). 

SDMs and ecological niche models have also been used to determine and prioritize areas for 

species reintroductions (Martinez-Meyer et al., 2006).  

SDMs have been used to map distributions and predict occurrences of rare species 

(Boetsch et al., 2003; Dunk et al., 2004; Engler et al., 2004; Gogol-Prokurat, 2011; Guisan et al., 

2006; Williams et al., 2009). However, it does not appear that SDMs have previously been 

employed to estimate how many occurrences or populations exist of a given species in a region 

of interest. We define ‘occurrence’ in this study as a location at which a species is present, 

regardless of abundance. In many cases ‘occurrence’ is interchangeable with population, 

however multiple occurrences within a 1 km distance of each other are sometimes considered 

the same population, or same ‘element occurrence’ (NatureServe, 2002).  

Study purpose 

In this study we used a maximum entropy modelling (MaxEnt) approach to estimate the 

extent of suitable habitat across our study region (Elith & Graham, 2009) and subsequently 

calculate occurrence estimates.  Modelling species distributions for rare species can be difficult 

due to limited occurrence records (Williams et al., 2009). We used MaxEnt to build SDMs 

because it performs well with few species’ occurrence records as well as presence-only data 

(Hernandez et al., 2006; Pearson et al., 2007; Phillips et al., 2006; Van Proosdij et al., 2016). The 

specific objectives of this research are: 1) to estimate the number of remaining occurrences of 

selected rare plant species, and 2) to examine the confidence of these estimates using a 

simulation process. The simulation process allows us to assign presences to a landscape, 
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subsequently sample them, calculate estimates, and compare estimates to the known number 

of presences. Estimating the true number of occurrences is important in order to more 

accurately assess the conservation status of species and prioritize them for conservation. The 

results of these tests therefore have the potential to contribute to species at risk prioritization 

provincially, nationally and globally. 

A previous study in our study region found that targeted sampling, informed by species 

distribution models (SDMs), effectively identified previously unrecorded occurrences of several 

rare woodland plant species in Southern Ontario (McCune, 2016; Rosner-Katz et al., accepted). 

Building on these methods, we used SDMs followed by testing with independent presence and 

absence data to predict the probability of selected rare species being present at a given site, 

and then summed the probabilities to estimate the total number of sites predicted to contain a 

selected species. The focus of this study is to provide tools for assessing rarity and risk of 

extinction by estimating the number of rare plant species occurrences that have yet to be 

discovered. We define ‘rare’ as those species which are considered vulnerable, imperiled, or 

critically imperiled at the provincial level in Ontario (S-rank S3, S2, or S1 respectively; Faber-

Langendoen et al., 2012).  

Because we were able to detect previously unrecorded occurrences of rare woodland 

plants using a targeted sampling method at sites identified as suitable, we concluded that there 

are more occurrences of several species than formerly thought. This does not mean that these 

species are not threatened. It tells us that knowing the landscape composition and 

environmental variables associated with sites where the species are known to occur can help us 
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predict potential population trends as the landscape is modified by human use and climate 

change.  
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CHAPTER TWO: ESTIMATING THE NUMBER OF UNDISCOVERED RARE 

PLANT OCCURRENCES IN SOUTHERN ONTARIO 

 

1 | INTRODUCTION 

In Canada there are over 500 species listed under the federal Species at Risk Act (SARA) 

(Government of Canada, 2019). Most of these species occur in Canada’s southern regions 

where land use change is highest (Kerr & Cihlar, 2004). The protection and recovery of species 

at risk in such areas are critical to slow down the current rapid rate of species extinction 

worldwide (Myers et al., 2000).  

Determining conservation status for species at risk requires an assessment of the 

number of individuals, number of populations, their geographic locations, changes in the 

population size over time and threats to the species’ persistence (COSEWIC, 2017). A species of 

conservation concern requires some form of status assessment and formal listing to be 

acknowledged as ‘at risk’. This poses a challenge because rare species often lack complete data 

on population sizes and locations, and on trends in populations over time (McCune, 2016; 

Schemske et al., 1994). In response to small and/or declining populations, many of these 

recovery strategies advise some form of inventory, along with surveying and monitoring of 

known and newly discovered occurrences (Bickerton & Thompson-Black, 2010; Boland et al., 

2012; Donley et al., 2013; Faber-Langendoen et al., 2012). These surveys are often expensive, 

and may be biased towards publicly owned lands, which may be easier for surveyors to access 

(Hilty & Merenlender, 2003). In some cases, increased survey effort as a result of species being 
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listed by COSEWIC has led to the discovery of several previously unknown populations (Favaro 

et al., 2014.) This shows that many undiscovered populations of species at risk remain 

unprotected, because they remain unreported. 

SDMs, also known as ecological niche models, correlate geospatial variables with known 

occurrence records to provide a measure of habitat suitability across a region (Elith & Graham, 

2009; Hernandez et al., 2006). SDMs allow researchers to model the probability of species 

presence using the relationship between presence/absence species data and associated 

environmental variables to predict a species distribution at unsurveyed sites over a continuous 

area. While species distribution maps are increasingly being used to set conservation priorities 

based on modeled distributions (Guisan et al., 2013; Schuster et al., 2019), their utility for 

predicting numbers of occurrences is underexplored to date.  

In this study we use species distribution models (SDMs) combined with independent 

presence and absence data to predict how many occurrences of rare plants remain 

undiscovered in Southern Ontario. Analyses using both presence and absence data are 

becoming increasingly useful to inform biodiversity conservation planning, even for rare species 

with few data (Bayley & Peterson, 2001). The scarcity of data regarding rare species results in 

difficulty applying the usual statistical approaches to modeling distributions (Engler et al., 2004). 

However, although the distributions of rare plants may be difficult to model, plants offer the 

advantages of sessility and a relatively limited dispersal ability compared to vagile organisms. 

Their presence at a given site offers insights into the species tolerance to both current and past 

site conditions and their ability to persist at the site (Dunk et al., 2004). There have been 

examples of past successes, whereby researchers have used SDMs to predict rare plant species 
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habitat and subsequently identified new occurrences (e.g. Fois et al., 2018; McCune, 2016; 

Rhoden et al., 2017). 

The lack of data and often poor quality of available data on rare species leads to 

uncertainty in the species prioritization process (Langford et al., 2011). This gap in the 

knowledge base provides clear rationale for this project, aimed at developing methods for 

predicting species occurrence on the landscape while accounting for sampling biases and 

uncertainties (Arponen, 2012). The objectives of this research are: 1) to estimate the number of 

remaining occurrences of six rare plant species in the study area, and 2) to examine the 

confidence of these estimates using a simulation process. Estimating the true number of 

occurrences is important in order to more accurately assess the conservation status of species 

and prioritize for which species more field surveys are necessary to locate undiscovered 

populations. The results of these tests therefore have the potential to contribute to species at 

risk prioritization provincially, nationally and globally. 

 

2 | METHODS 

2.1 | Southern Ontario Case Study 

We chose Southern Ontario for this study (Figure 1) for three main reasons: 1) Southern 

Ontario is one of Canada’s biodiversity hotspots (Coristine et al., 2018; Kerr & Cihlar, 2004). 2) 

Southern Ontario is among the least protected ecoregions in the country (Coristine et al., 2018). 

3) Southern Ontario is highly developed (agriculture, industry, urban, suburban, and rural) with 

limited remaining forested land, most of which tends to be relatively small in area and privately 
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owned. As the remaining forest patches tend to be small and isolated, this region provides a 

prime example of a context where protection of small areas is paramount (Goefroid & Koedam, 

2003). 

Southern Ontario has a very high number of species at risk coinciding with heavily 

developed and densely human populated areas. This region is of both national and provincial 

ecological importance as over 40% of Canada’s plant species are known to occur in this small 

southern region (Oldham, 2017). It is also home to 35% of Canada’s human population, though 

it represents a mere 1% of Canada’s terrestrial area.  

 

Figure 1: Study area map of Southern Ontario showing survey sites over four field seasons. The 

study extent is shown in grey. 
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2.2 | Focal species  

McCune (2016) and Rosner-Katz et al. (accepted) built SDMs for 41 species to test the 

efficiency of SDMs to target field surveys for rare plant species. We chose six of these species, 

hereby referred to as our ‘focal’ species, based on the high number of new occurrences 

detected over four field survey seasons (Table 1).  
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Table 1: Focal species conservation status and our current understanding of how many populations exist in Southern Ontario. *Natural History 

Information Centre (NHIC) 

SPECIES 
(SCIENTIFIC NAME) 

COMMON NAME NATIONAL 
STATUS 
(COSEWIC) 

ONTARIO 
STATUS (SRANK) 

Field survey 
records  
(2014 – 2018)  

records of 
occurrences 
(field surveys + 
*NHIC presences) 

Arisaema 
dracontium 

green dragon Special 
Concern 

S3 - vulnerable 19 98 

Lithospermum 
latifolium 

American gromwell N/A S3 - vulnerable 9 22  

Symphyotrichum 
prenanthoides 

Crooked-stem aster Special 
Concern 

S2 - imperiled 11 30  

Fraxinus 
quadrangulata 

blue ash Threatened S2 - imperiled 5 51 

Cornus florida Eastern flowering 
dogwood 

Endangered S2 - imperiled 14 387 

Castanea dentata American chestnut Endangered S2 - imperiled 8 160  
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Arisaema drac0ontium (green dragon) is a perennial herb that grows in moist deciduous 

woods along rivers, creeks and seasonal floodplains (Boles et al., 2000). A. dracontium produces 

a single compound leaf at the end of a short stalk 15 – 90 cm tall (Donley et al., 2013). Because 

its climatic tolerances limit its range to the heavily populated region of Southern Ontario, A. 

dracontium is confined to increasingly small and isolated habitat fragments (Rothfels & Smith, 

2003). Several of these isolated populations have very few individuals, which exacerbates their 

risk of extinction (Donley et al., 2013).  

Lithospermum latifolium (American gromwell) is a tall, hairy perennial herb that grows 

along shaded riverbanks and forested floodplains in deciduous woodlands (Reznicek et al. 

2011). As for many species at risk in Ontario, L. latifolium’s range extends south into the United 

States. It is uncommon in its range and listed as endangered in the states of Maryland and 

Pennsylvania (USDA, 2019). There are few known occurrences of this species and it appears to 

be declining range wide for unclear reasons, one of which could be that its habitat is often 

prime for development (NatureServe, 2019).  

Symphyotrichum prenanthoides (Crooked-stem aster) is a perennial herb with zig-

zagging stems. S. prenanthoides occurs in a wide range of habitats including floodplains, along 

creeks, edges of woods in riparian forests, and even along some roadsides as it is tolerant to 

moderate disturbance (ECCC, 2018). It is distinguishable from other asters by its clasping leaf-

bases attached to the stem. The major threats to S. prenanthoides include habitat loss from 

invasive/non-native alien species which occur at most of its sites, use of herbicide on roadsides, 

residential development, livestock grazing, and logging (ECCC, 2018).  
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Fraxinus quadrangulata (blue ash) is a medium-sized tree growing up to 20 metres with 

a straight and slender trunk between 15 and 25 centimetres in diameter (COSEWIC, 2014). It 

has opposite and compound leaves with up to 11 leaflets.  F. quandrangulata grows most 

commonly in deciduous forests along floodplains, sandy beaches and even on limestone 

outcrops associated with Lake Erie (COSEWIC, 2014). F. quadrangulata populations extend 

south as far as Georgia, United States. In Canada its range is restricted to within Ontario’s 

southwestern region in the Carolinian forest zone (COSEWIC, 2014). F. quadrangulata is 

threatened by loss and fragmentation of its habitat, along with browsing by white-tailed deer 

and the potential infestation of the Emerald Ash Borer (COSEWIC, 2014).  

Cornus florida (Eastern flowering dogwood) is a small deciduous tree native to eastern 

North America (Bickerton & Thompson-Black, 2010). It occurs most commonly in habitats 

ranging from open dry-mesic oak-hickory woodlands to moderately moist maple-beech 

deciduous or mixed forests (Bickerton & Thompson-Black, 2010). The primary threat to this 

species is the dogwood anthracnose fungus infection, causing population declines at an 

estimated rate of 7 percent annually (Bickerton & Thompson-Black, 2010).  

Castanea dentata (American chestnut) is a large deciduous tree with smooth dark bark 

that has broad, flat-topped ridges and can grow up to 30 m tall (Boland et al., 2012). C. dentata 

was once a dominant tree species in northeastern North America, comprising 25 percent of the 

eastern deciduous forest in the United States before the introduction of the devastating fungal 

pathogen chestnut blight in 1904 (Boland et al., 2012). Chestnut blight was the main cause of 

the decline of C. dentata, which now persists as remnant populations of individuals throughout 

its range (Boland et al., 2012).  
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2.3 | Initial records and models 

We used MaxEnt (Phillips et al., 2006) to build SDMs because it performs well with few 

species’ occurrence records as well as presence-only data (Hernandez et al., 2006; Pearson et 

al., 2007; Van Proosdij et al., 2016). MaxEnt is a machine learning method that is centered on 

the principle of maximum entropy. For the purposes of species distribution modeling, this 

principle ensures that the range of environmental conditions over which habitat is predicted to 

be suitable for a species is constrained only as much as is warranted by the available data 

(Phillips et al., 2006; Elith et al., 2011; Merow et al., 2013). The MaxEnt program is used to 

estimate the range of tolerable environmental conditions for a species based on the known 

occurrences without unjustifiably narrowing the species range by extrapolating beyond the 

known occurrences (McCune, 2019).  

We obtained presence records from Ontario’s Natural History Information Center (NHIC) 

and excluded any records with spatial uncertainty greater than 100m (McCune, 2016). These 

records were used to build SDMs based on climatic, topographic, soil, forest contiguity, land 

cover, and surficial geology variables (Appendix table 2), at a 100 x 100m resolution. The extent 

of the models included all Southern Ontario (Figure 1). MaxEnt ranked each 100m x 100m grid 

cell with a score from 0 to 100 and refers to these values as the cumulative outputs (Merow et 

al., 2014). Each cell was ranked based on the percentage of cells in the study area that have a 

cumulative output value equal to or less than that cell’s value (Merow et al., 2013). For the 

purposes of this study I will refer to MaxEnt’s cumulative output values as the habitat suitability 

score. 
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2.4 | Field surveys 

A total of 282 cells were surveyed over 4 field seasons: 51 cells in 2014, 105 cells in 

2015, 70 cells in 2017, and 56 cells in 2018. The survey sites were selected non-randomly based 

on predicted habitat suitability of one or several plant species of conservation concern, while 

trying to survey at least 10 ‘suitable’ cells for each focal species (Rosner-Katz et al., accepted). 

SDMs were built for a total of 41 plant species (Rosner-Katz et al., accepted), though in this 

study we examined the six species for which we observed the most new presences. We 

excluded absence records when surveys were conducted outside of the timeframe in which 

each species is known to be the most visible (flowering, fruiting, or vegetative) to minimize the 

potential for false absences. These surveyed grid cells were within remnant forest patches, the 

majority of which (n= 221) were privately owned woodlots; the others were on lands owned by 

the Province of Ontario, Conservation Authorities, or private Land Trusts. During the years 

2014, 2015, and 2017 landowners were contacted in person to ask permission to conduct a 

survey on their property. Prior to the 2018 field season, targeted letters were sent out via mail 

to private landowners whose land contained suitable forest habitat. 

At each site the lead surveyor (J.L. McCune, H. Rosner-Katz or K. Tisshaw) navigated to 

the centre of the focal cell using a handheld GPS unit. We used a compass and laser rangefinder 

to mark out 50m lines in each cardinal direction by temporarily placing flagging tape (Figure 2). 

We systematically searched each quadrant of the cell, and all vascular plant species present 

were recorded. Each survey lasted approximately 3-10 person hours.  
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Figure 2: Field survey technique. The focal cell on the right depicts a cell targeted for a rare 

plant survey using the methods described above.  A compass (centre of targeted cell and 

rangefinder (right middle of targeted cell) were used to delineate survey quadrants. The grid on 

the left shows the SDM habitat suitability scores of 100m x 100m cells.     

 

 

2.5 | Choosing the best SDM 

Eight SDM versions were created for each of the six focal species (Appendix Table 1). All 

model versions were built with 14 environmental predictor variables including topographic, 

climatic, soil, and geology predictors (elevation, slope, aspect, soil texture, soil drainage, 

surficial geology, isothermality, mean temperature of wettest quarter, annual precipitation, 

precipitation seasonality, precipitation of the warmest quarter, total precipitation for growing 

season, annual mean temperature, and mean temperature of growing season).  In addition, 

some SDM versions included forest contiguity (the number of forested cells in the 81-cell 

neighbourhood of each cell) and/or land cover (Southern Ontario Land Resource Information 

System data including 25 categories) or both. We added these two variables because a pilot 
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study (McCune, 2016) showed that some species responded to landscape context or land cover 

in addition to climatic, edaphic and topographic variables and because the ‘best’ model version 

was different for different species (Rosner-Katz et al., accepted). All variables were resampled 

to a resolution of 100m x 100m.  We tested for multicollinearity between environmental 

predictors (cf. Merow et al., 2014). When two variables were correlated at r < 0.7 we used the 

more generalized variable (e.g. there was a correlation between mean annual temperature and 

mean temperature of the warmest quarter, therefore the first was retained).  

To choose the “best” SDM for each species, we evaluated each model version for the 

highest AUC (area under the curve) and TPR (true positive rate). We used independent 

presence/absence records (from our four years of field surveys, and additional independent 

presences from the NHIC) to test each model’s performance. AUC is a threshold independent 

measure which has a value from 0 to 1. The closer the AUC is to 1 the better the model is at 

discriminating between presences and absences. An AUC of 0.5 indicates a model that does no 

better than random at discriminating between the two (Fielding & Bell, 1997). TPR, as a 

sensitivity measure, is dependent upon a chosen threshold for classifying a cell as ‘suitable’. We 

chose thresholds for each SDM to ensure that 90% of the occurrences used to build the SDM 

would be predicted to be suitable, a 10% total omission rate. Evaluating which model has the 

highest TPR will indicate the percent of actual presences that are correctly classified as 

presences by the model. We evaluated the models in R (using the evaluate() function in the 

‘dismo’ package), testing the models using all the presence and absence records from all 4 

survey years. We first chose the model with the highest AUC. If there were two model versions 
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that tied for highest AUC then we chose the model with the highest TPR. For all analyses we 

used R version 3.6.2. 

2.6 | Estimating occurrences  

The MaxEnt predicted habitat suitability score cannot be directly interpreted as the 

probability of occurrence (Gogol-Prokurat, 2011). Therefore, we used a generalized linear 

model (GLM) with binomial link function to convert habitat suitability, as predicted by the best 

performing SDM, to probability of presence (cf. Rosner-Katz et al., accepted). We used 

presence/absence records from field surveys as the binary response variable, and the MaxEnt 

cumulative output measuring relative habitat suitability (0-100) as the continuous predictor. 

We first confirmed that the GLM performed better than an intercept-only model of 

presence/absence. Then, we predicted the probability of occurrence along with upper and 

lower confidence limits for each of the 7.2 million cells across the region based on the fitted 

GLM.  

To estimate the total number of remaining occurrences across all 7.2 million 100m x 

100m cells in the study region, we used the linearity of expectation property of summed 

random variables whereby independent probabilities can be summed to obtain an aggregate 

expected value (Ross, 1994). Specifically, we summed the predicted probabilities across all cells 

from the GLMs predicted probability of presence outlined above. We also estimated potential 

ranges of remaining occurrences using the upper and lower 95% confidence limits based on 

upper and lower confidence limits of occurrence probabilities for cells. 
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2.7 | Testing for the effect of filters 

After summing the probabilities across the study region, we tested the effect of two 

filters designed to remove likely non-suitable cells by setting the model predictions to zero 

where unsuitable land occurred (Engler et al., 2004). The first filter removed cells with no 

forest. We used a binary forest raster, derived from the SOLRIS (Southern Ontario Land 

Resource Information System) ‘wooded’ layer accessed through Scholars GeoPortal. This is a 

generous depiction of forest areas as it over-estimates forest cover by assigning a ‘1’ to all cells 

that have some forest in them. This filter decreases the number of cells potentially harbouring 

an occurrence from 7.2 million cells to 3.6 million cells. All cells that had 0 forest cover were 

removed and cells with at least some forest were retained. Cells with even small amounts of 

forest were retained because plants, even rare species, can persist in small patches (Bennett & 

Arcese, 2013).  

The second filter eliminated cells with the ‘lowest’ probability (Table 2). We determined 

the cell with the lowest probability of presence that actually contained a presence and assumed 

that to be the lowest possible probability that may harbour an occurrence. For each respective 

species we removed all cells with a probability of presence lower than these values (see Figure 

4 for methods overview). Note that the lowest probability cell where a species is present is 

different for each species (Table 2).  
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Table 2: Filter 2 lowest probabilities 

SPECIES NAME Filter 2: lowest 
probability  

Arisaema dracontium 0.0158 

Lithospermum latifolium 0.0569 

Symphyotrichum prenanthoides 0.0186 

Fraxinus quadrangulata 0.0200 

Cornus florida 0.0154 

Castanea dentata 0.0472 

 

SIMULATION 

2.8| Using SDMs to simulate presences  

Theoretically (if the SDMs and GLMs are correctly specified), using the linearity of 

expectation assumption we should be able to extrapolate the number of occurrences. However, 

there is no way of testing this assumption using ‘true’ species occurrences, since the number of 

actual occurrences for all focal species is unknown. Thus, we used a simulation to test the 

accuracy of our approach. We took the ‘best’ SDM for the species with the most independent 

presences collected during our field surveys, A. dracontium, and then simulated several 

estimates of occurrence by varying the sample size and the number of simulated presences 

assigned to the landscape (see ‘2.9 sampling regimes’ for details). For the sake of 

computational efficiency, the SDMs (landscapes used for simulations) were cropped from 7.2 

million cells to the size of 2.6 million cells in the area of Southern Ontario where the species is 

most likely to occur (Figure 3). This cropped SDM raster will hereafter be referred to as the 

‘landscape’. The blank sections of the SDMs shown in figure 3 and Appendix figure 23 for A. 
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dracontium and F. quadrangulata are a result of missing data from the environmental predictor 

variables used to build the models (i.e. soil survey data from the Ontario ministry of agriculture 

is missing within city boundaries).  

 

                        

Figure 3: A. dracontium SDM used as landscape for simulation. Cropped landscape (right) shows 

2.6 million cells. SDMs depicted as heat maps showing suitable sites in red/orange and less 

suitable sites in green/blue. The blank sections of the SDM raster are a result of missing 

environmental predictor variable data used to build the models (i.e. soil survey data is missing 

from cities).  

 

We also ran our simulation process for F. quadrangulata to compare estimation trends 

for a species that has less suitable habitat (Appendix Figures 14 - 23). We chose F. 

quadrangulata as a species for comparison because there are far fewer suitable sites for F. 

quadrangulata within the range of our SDMs (see Appendix Figure 23). We assume that any 

general patterns of over- or under-estimation due to rarity of the species being sampled (and 

resulting uncertainty in models) would be similar for other focal species. In the same way that 

the predicted probabilities were calculated for each focal species, we predicted the probability 

of species occurrence across each cell in the landscape creating a probability raster map. 
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Simulated presences were assigned to the landscape based on this probability map, and then 

presences were removed using a Bernoulli draw for each cell based on assigned occurrence 

probabilities, until an assigned number of presences on the landscape was retained. To ensure 

that presences were not assigned to cells which would later be filtered out, we set the 

probability of occurrence in each filtered cell to 0 (using criteria described in 2.7 above), and 

then assigned presences using the probability of occurrence as a weight. We also ran a test to 

confirm that no presences had been assigned to cells with no forest by filtering our presence 

records using the forest filter and checking that none of the presences fell in cells with a ‘0’ 

value indicating no forest. We tested the following range of ‘true’ presences assigned to the 

landscape: 200, 400, 800, 1600, 3200, and 6400. 

We simulated field surveys of the resulting simulated landscapes (one for each of the six 

levels of simulated presences) by sampling 10 to 1,000,000 cells, increasing from 10 by an order 

of magnitude each time. We used two sampling strategies: random and informed (see section 

2.9, below). We recorded the number of simulated presences and absences captured in each 

sample and then used them to build a GLM, with presence/absence as the response variable 

and the SDM habitat suitability score as the predictor. If the sample detected fewer than three 

simulated presences, we did not construct a GLM because we assumed that this was too few to 

produce a useful model. Using the GLMs, we summed predicted probabilities to estimate the 

total number of occurrences. We note that three occurrences is a small number for creating a 

GLM (even with a single predictor variable); however, we used this number because field 

surveys for rare species often detect very few new populations, and researchers may wish to 

create models even with such limited data.   
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2.9 | Sampling Regimes  

We used two sampling methods: random and informed.  First, at each sample size, we 

sampled the landscape randomly without replacement. Random sampling is often encouraged 

for statistical analysis. However, surveyors for rare species are unlikely to sample randomly, and 

are instead more likely to search predominantly suitable habitats to be more efficient with 

limited resources. Indeed, the data we used to calculate the focal species estimates came from 

previous targeted field surveys (Rosner-Katz et al., accepted). These surveys could not be 

directly mimicked via simulation. Some cells were surveyed based on the highest suitability for 

a single species, while some cells were targeted due to relatively high suitability for multiple 

species (Rosner-Katz et al., accepted). Thus, we also performed informed sampling using the 

probability from the GLM as a weight to choose samples in a binomial draw (without 

replacement) from candidate cells. Cells were removed from the available pool of cells once 

they had been sampled, thus reassigning weights and reshuffling the remaining cells.  

 

2.10 | Testing for the effect of filters 

Following the methods used to obtain the focal species estimates based on our real 

survey data, we applied the same two filters when calculating the total occurrence estimates 

for Arisaema dracontium and Fraxinus quadrangulata based on our simulated sampling data 

(Figure 4).  Since the filters were applied after the SDMs were built and the probabilities were 

assigned to each cell, the same order of operations was used when simulating presences, 

sampling and estimating. The first filter (described in section 2.7) removed the cells with no 
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forest. The second filter removed cells with a probability of presence lower than the lowest 

probability cell that contained a presence (Table 2).  
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Figure 4: Flowchart of focal species estimation and simulation methods. (a) Methods of focal species 

estimation process. (b) Methods of presence/absence simulation and simulated sampling. 

(a) (b) 
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3 | RESULTS 

3.1 | Focal species population estimates  

Estimates of the number of occurrences varied among species and appeared to be 

related to the number of surveyed presences and absences. More survey presences typically 

meant higher occurrence estimates. The “best” model chosen for each species was the SDM 

with the highest AUC which, in the case of all six focal species, was also the model with the 

highest TPR, or at least tied with another model for highest TPR (Appendix Table 1). All GLMs 

used to relate presence/absence records to the habitat suitability score performed better than 

a null model using the criterion of ΔAIC <2 (Burnham & Anderson, 2002). The predictor 

variables included in each of the ‘best’ SDM versions for each focal species are shown in 

Appendix Table 1.  

Filters  

We calculated the final occurrence estimates using both the forest filter and the lowest 

probability filter (Table 3). In every case these estimates of the number of occurrences of each 

focal species in Southern Ontario is considerably greater than the best current record of the 

number of occurrences (Table 3).  
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Table 3: Focal species occurrence estimates with no filter, forest filter (removed all non-forested cells), and lowest filter (removed 

cells with a probability lower than the lowest probability cells to harbour a presence). Lower and higher estimates calculated using 

95% confidence intervals for individual cells. SDM performance for each species is shown as area under the curve (AUC) and true 

positive rate (TPR) values. Field survey presences and absences are shown, along with current records of the number of occurrences 

in Southern Ontario for each species. The number of absences varies, and is less than 282 minus # of presences, due to the removal 

of absence records recorded outside of the timeframe in which each species is known to be most visible (flowering, fruiting, or 

vegetative) to minimize the potential for false absences. *Natural Heritage Information Centre (NHIC) 

 

 

SPECIES NAME SDM 
AUC 

SDM 
TPR 

# 
survey 
pres 

# 
survey 
abs 

SUM OF 
PREDICTED 
PROBABILITIES:  
No filter (mean)  

Forest filter 
(mean) 

Lowest filter  
mean [lower, higher] 
  

# of known 
occurrences (field 
surveys + *NHIC 
presences) 

Arisaema 
dracontium 

0.87 0.95 19 250 62166 33931 5840 [2056, 9624] 98 

Lithospermum 
latifolium 

0.92 1 8 243 26129 16496 1859 [517, 3767] 22 
 

Symphyotrichum 
prenanthoides 

0.91 0.5 10 226 2157 5572 5206 [1311, 8901] 30 
 

Fraxinus 
quadrangulata 

0.90 1 5 275 70425 269 251 [18, 484] 51 

Cornus  
florida 

0.84 0.85 13 245 160226 12507 12344 [3457, 21231] 387 

Castanea 
dentata 

0.87 0.86 7 250 65609 3957 2707 [406, 5008] 160 
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3.2 | Arisaema dracontium simulation results 

3.2.1 | Random sampling  

At low sample sizes there was consistent over-estimation of the number of occurrences 

in the simulated data. When we assigned the ‘true’ number of presences to the landscape as 

200, on such a large landscape (2.6 million cells), it was very difficult to detect any presences 

especially at low sample sizes. The mean estimates of occurrence, when extrapolating from 

GLMs, approached the ‘true’ number of presences when there were 1,600 or more presences 

on the landscape and the simulation took at least 10,000 random samples (Figure 5).   
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Figure 5: Random sampling of simulated presences (200-6400) of A. dracontium, with 50 sampling 

iterations at each sample size (10 – 1,000,000). No filter was used to obtain these occurrence estimates. 

The horizontal dashed red line is the known number of presences assigned to the landscape. 

 

Forest filter   

After filtering out cells with no forest, the mean estimates of total predicted presences 

leveled out below the ‘true’ number of presences at large sample sizes, regardless of the ‘true’ 

number of presences (Figure 6). At the largest sample sizes, the predicted presence values are 

approximately 25-55% lower than the actual number of presences.  
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Figure 6: Random sampling of simulated presences (200-6400) of A. dracontium. Non-forested cells 

were removed prior to estimating occurrence numbers. The horizontal red line is the known number of 

presences assigned to the landscape.  

 

Lowest probability filter   

After filtering out cells with a probability of presence lower than the lowest probability 

cell that contained a presence, the effect of the filter appears even stronger (Figure 7). The 

predicted presence values are approximately 37-72% lower than the actual number of 

presences (Figure 7).  
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Figure 7: Random sampling of simulated presences (200-6400) of A. dracontium SDM, with 50 iterations 

at each sample size (10 – 1,000,000). The cells with a probability of containing a presence lower than 

0.0158 were removed from occurrence estimates. The horizontal dashed red line is the known number 

of presences assigned to the landscape.  

 

3.2.2 | Informed sampling 

Sampling the landscape using an informed sampling method resulted in the same 

general trend of overestimation at low sample sizes as with random sampling. The difference is 

that the mean estimates leveled out at the ‘true’ number of occurrences at sample sizes of 

approximately 1,000, an order of magnitude lower than the sample size of 10,000 required 
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before estimates level out at the ‘true’ number of occurrences seen in the randomly sampled 

simulations. The informed sampling detects more presences, as it is designed to do so, allowing 

us to obtain accurate predictions at lower sample sizes (Figure 8).  

 

 

Figure 8: Informed sampling of simulated presences (200-6400) of A. dracontium, with 50 iterations at 

each sample size (10 – 1,000,000). No filter was used to obtain these occurrence estimates. The 

horizontal dashed red line is the known number of presences assigned to the landscape.  
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Forest filter  

The results are similar with informed sampling as they are with random sampling after 

filtering out cells with no forest. The total estimated number of occurrences leveled out below 

the ‘true’ number of presences regardless of that ‘true’ number (Figure 9). The rate at which 

the estimated occurrence values decrease after applying this filter is comparable to that of the 

randomly sampled landscape predictions.  
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Figure 9: Informed sampling of simulated presences (200-6400) of A. dracontium, with 50 iterations at 

each sample size (10 – 1,000,000). Non-forested cells were removed prior to estimating occurrence 

numbers. The horizontal dashed red line is the known number of presences assigned to the landscape.  

Lowest probability filter 

The effect of applying the lowest probability filter to the informed sampling results 

shows the same trend of underestimating occurrences at larger sample sizes as with random 

sampling (Figure 10).   
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Figure 10: Informed sampling of simulated presences (200-6400) of A. dracontium, with 50 iterations at 

each sample size (10 – 1,000,000). The cells with a probability of containing a presence lower than 

0.0158 were removed from occurrence estimates. The horizontal dashed red line is the known number 

of presences assigned to the landscape.  

 

 

3.3 | Comparing random to informed sampling  

The informed sampling resulted in a mean estimated number of presences closer to the actual 

number at an order of magnitude lower simulated sample size (Figure 11). By using the informed 

sampling technique, we detected more presences in our sample than by using the random sampling 
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technique (Figure 12). At simulated sample sizes <1000, random sampling did not find the necessary 

number of presences to produce a model, regardless of the number of assigned presences in the 

simulation (Figure 13).  

 

 

Figure 11: Random (blue) and informed (red) sampling of simulated presences (200 – 6400) of A. 

dracontium, with 50 sampling iterations at each sample size (10 – 1,000,000). No filter was used to 

obtain these occurrence estimates. The horizontal dashed red line is the known number of presences 

assigned to the landscape.  
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Figure 12: Panels A - F delineate the simulations by the number of presences assigned the landscape 

shown next to each letter. The mean number of observed presences for both informed (blue) and 

random (red) sampling techniques are depicted along the y-axis. No filter was used to obtain these 

occurrence estimates. The horizontal dashed red line is the known number of presences assigned to the 

landscape. 
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Figure 13: Panels A - F show the mean estimated number of occurrences at each number of presences, 

informed vs random sampling. No filter was used to obtain these estimates of occurrence. 
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DISCUSSION 

Accurately assessing the conservation status of rare species relies in part on our 

knowledge of the true number of occurrences, through inventories and ongoing monitoring 

(Bickerton & Thompson-Black, 2010; Faber-Langendoen et al., 2012; Donley et al., 2013). Using 

SDMs to estimate habitat suitability and target field surveys for rare plants allows us to link 

SDM output to probability of occurrence, and theoretically estimate how many undiscovered 

populations may exist on a landscape. In this study we explored this novel application of SDMs 

using a case study of rare plant species in Southern Ontario. Specifically, the purposes of this 

study were: 1) to estimate the number of select rare plant species occurrences that remain 

undiscovered, and 2) to examine the confidence of these estimates using a simulation process. 

Our study confirmed that there are undiscovered occurrences of our focal species on the 

landscape. Even after applying two logical filters to the focal species estimation process, which 

decreased the number of presences by eliminating cells that had a very low probability of 

presences, the estimated number of occurrences of each focal species in Southern Ontario 

appears considerably greater than the current record of known occurrences (Table 3). However, 

the use of sampling and estimation simulations suggest that estimates of the total number of 

undiscovered populations are highly uncertain, especially when based on small sample sizes.  

When this process of sampling and estimating is simulated on the A. dracontium SDM 

landscape, a pattern emerges where the predicted occurrences are overestimated at low 

sample sizes and settle around the ‘true’ number of presences once a random sample of at 

least 10,000 cells is taken. Notably, when no filter was applied the simulation produced 
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accurate estimates at larger sample sizes (>100,000). The simulations using informed sampling 

produced reasonably accurate estimates below this, at around 1,000 samples. When we 

applied the same filters to the simulated data as we did to the model results using real data, 

overall estimates of occurrences were lower than those assigned to the simulations.  

Conservation implications 

Given the apparent relative accuracy of our results using no filters, our method may 

have a practical application in the listing process (whether species are decidedly at some level 

of risk) by saving time and money before species are listed and re-assessed. If we can 

effectively estimate how many occurrences are on the landscape before a species is listed then 

we might be more efficient at ranking, monitoring, and effectively recovering species. With 

appropriate caution, the methods we have employed may be used to inform scientists on how 

to best proceed with species monitoring and abundance surveys/sampling programs. If 

occurrence estimates are high for a given species, then targeted surveys are more likely to be 

successful. If estimates are low, then resources should be allocated to the preservation and 

conservation of existing known habitat for these species.  

SDMs can be used effectively to increase the efficiency of field surveys for undiscovered 

populations of rare plants (McCune, 2016; Rosner-Katz et al., accepted). However, without a 

large survey effort (on the order of at least 1,000 survey sites using an informed sampling 

method), we cannot accurately estimate the ‘true’ number of occurrences on the landscape. 

Therefore, although we predict that there are likely more populations of A. dracontium (for 

example) than are currently known, we cannot say with certainty how many remain 
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undiscovered. We recognize that there are practical limitations to surveying 1,000 cells for a 

rare species. Nevertheless, we still must make conservation decisions based on the best 

information we have (i.e. the number of known occurrences) until further survey efforts result 

in a total number of known populations that is greater than the threshold for species-at-risk 

status.   

Even though our analysis suggested many undiscovered occurrences for the focal 

species (Table 3), we caution against using such information to downgrade the conservation 

status of these species. Undoubtedly, undiscovered occurrences exist, otherwise the surveyors 

would not have found them. For example, in 282 plots surveyed over the course of four field 

seasons, 13 new occurrences of C. florida were discovered when surveying only a small portion 

of remaining habitat (Appendix Table 1). Though these new discoveries are crucial to the 

process of understanding the status of these at-risk species, it is important to note that the 

number of populations and their abundance is not the sole deciding factor as to whether a 

species should be listed. There are other criteria that are considered, including range extent, 

population size, distribution and current and future threats.  

Main caveats and limitations 

There are many limitations and assumptions to this study including the use of SDMs for 

modeling rare species distributions, the uncertainty in our probability estimations, and the use 

of the logical filters to reduce over-estimation. Limited occurrence data regarding rare species 

results in difficulty applying the common approaches to modeling species distributions (Engler 

et al., 2004; Williams et al., 2009). The SDMs also incorporate the sampling biases inherent in 
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the occurrence data by modeling a species’ realized niche rather than its fundamental niche 

(Williams et al., 2009). We acknowledge that the SDMs used as the foundation of the 

simulations are incomplete depictions of the true species distributions and habitat 

requirements and that we are assuming these models to be accurate when using them as we 

have. We recognize that there may be ecological constraints such as dispersal barriers or 

edaphic constraints that fundamentally limit the species distribution. However, the successful 

discovery of multiple new occurrences directed by our focal species SDMs which were validated 

using independent data, gives us a level of confidence in the high-performance metrics of these 

models. 

The six focal species (Table 1) chosen in Southern Ontario are found at the northern edge of 

their range and have large portions of their ranges which extend south into the United States. 

Consequently, our study region only captures part of each species range in their corresponding 

SDMs rather than their entire global ranges of occurrence; this is not likely a concern however 

when it comes to model accuracy. According to Luoto et al. (2005), distribution models 

representing species at the margin of their range are in many cases more accurate than for 

widespread species whose full range is included in the model.  

Our focal species occurrence estimates have wide margins of uncertainty  (i.e. based on our 

field surveys, we obtained an estimate of between 2,056 and 9,624 occurrences of A. 

dracontium in our study area, Table 3), which supports our rationale for exploring the 

simulation of species occurrence estimation. The simulation results reveal a trend that larger 

sample sizes allow for more accurate estimates to be calculated. However, the simulations also 

allowed us to recognize potential systematic errors in GLMs leading to biases in the estimates 
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of remaining occurrences. There is consistent overestimation of occurrences at low sample 

sizes when we simulate presences on a landscape and then simulate the sampling of those 

presences. This is likely due to the bias in only creating a GLM in a sample where a sufficient 

number of occurrences were detected in our simulated samples (i.e. we removed all resulting 

samples that observed/detected less than 3 presences). The average number of presences 

observed at each sample size is shown in Figure 12. At small sample sizes, the simulated 

samples that could be used in models represent potential outliers: most samples did not 

contain any occurrences. Thus, they may lead to biased models overestimating habitat 

suitability and therefore number of occurrences. In the real world, there is risk of a similar 

phenomenon occurring: when biologists survey for rare species and don’t find many, even just 

by chance, they will not have sufficient data to build a model. However, if by chance they do 

find many detections they could build a model. The potential implications of this phenomenon 

for modeling occurrences has, to our knowledge, not been explored.  

Applying the filters to our simulated occurrence results also reveals a challenge with using 

the GLMs. Figure 6 shows how removing the non-forested cells underestimates the number of 

occurrences. This may be due to an inherent property of binomial GLMs. Even a well-fit 

binomial GLM may underestimate the highest predicted probability values (i.e., cells where a 

species is actually present will have predicted probability <1 in the model), and overestimate 

the lowest predicted probability values (i.e. assigning small but non-zero component of 

probability space to areas where occurrence is impossible). The filters effectively cut off the low 

values where the curve is slightly overfit, which across the many removed low-probability cells, 

results in an overall underestimation of the summed probability of the species being present in 



  

45 
 

remaining cells. Filtering out the many values with very low probabilities thus resulted in 

estimated occurrence numbers which were less than the true number of occurrences that were 

assigned to the landscape. Removing non-forested cells will also tend to remove low-predicted-

probability cells, resulting in the same underestimate as when filtering out cells below the 

lowest probability cell that contains a known occurrence. 

Filters such as these may help to direct surveys as a logical technique to refine a search, 

however, they may not always be useful to assist estimates of occurrence numbers. Thus, we 

caution the use of filters of this type because of the high uncertainty in our range of estimates 

(Table 3). 

Future work 

This study cannot, on its own, be used to suggest population trends over time. Rather, it 

takes known presence and absence records from a 4-year window in time and attempts to 

estimate the number of current occurrences. We recognize that the discovery of previously 

unknown occurrences on the landscape may not balance out the concurrent losses from 

unreported extinctions (Kaye et al., 2019). We suggest future work to use these occurrence 

estimation methods (including the building of SDMs) along with updated land use and land 

cover data to show how the species distributions may shift along with the estimates of how 

many occurrences are out there, and further exploration as to whether this would work. We 

know that land use change resulting in habitat loss is a major cause of biodiversity loss (Kaye et 

al., 2019), therefore in a region like Southern Ontario we can expect the amount of suitable 

habitat for these species to continue to decline. 
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We also suggest a companion study looking at population densities be conducted in 

Southern Ontario, following methods used by Tôrres et al. (2012) to examine jaguar 

distributions and abundance in the Neotropics. Tôrres et al. (2012) found that low jaguar 

densities occurred in areas with both low and high habitat suitability, while high values were 

restricted to areas where the habitat was highly suitable. A similar study conducted in Southern 

Ontario could test the same methods on rare plant species distributions and abundance. 

Perhaps this could be another way to limit the cost of surveys while still being able to 

determine the level of threat that these species face in their remnant habitat patches. Results 

from Tôrres et al. (2012) implied that the more highly suitable the area is, the more that jaguars 

are able to persist in those areas, suggesting the importance of conserving the highest quality 

habitat for species at risk of extinction.  

Conclusion 

 

There are numerous challenges in the field of conservation when it comes to 

understanding and protecting species at risk. Due to their rarity, some species can be difficult to 

study, and their occurrences can be difficult to predict.  We have developed methods for 

predictive modelling of select species probabilities of occurrence in order to estimate how 

many undiscovered populations remain on the landscape. When using high performing SDMs, 

we can predict sites with a high likelihood of occurrence. This higher likelihood results in an 

overall higher estimate of the number of occurrences than known records would suggest. Our 

technique appears to provide accurate estimates; however, we advise caution and further 

exploration of the effect of low sample sizes typical in rare species studies. 
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APPENDICES 
 

Appendix Table 1: Environmental predictor variables included in each of the eight models built 
for each focal species, and model evaluations (including AUC and TPR values). 
Bolded/highlighted text indicates the best model (see main text for criteria).  
 

 
 

Legend for environmental predictor variables column:  

original(1) = original 14 variables only, regularization set to 1 
original(0.5) = as above, regularization set to 0.5 
orig+SOLRIS(1) = original 14 variables plus SOLRIS land use/land cover, regularization set to 1 
orig+SOLRIS(0.5) = as above, regularization set to 0.5 
orig+cont(1) = original 14 variables plus forest contiguity, regularization set to 1 
orig+cont(0.5) = as above, regularization set to 0.5 
orig+SOLRIS+cont (1) = original 14 variables plus SOLRIS land use/land cover + forest contiguity, regularization set 
to 1 
orig+SOLRIS+cont (0.5) = as above, regularization set to 0.5 

 

 

species model environmental 

predictor variables

# indep 

presences 

(surveys only)

# independent 

presences 

(survey + NHIC)

# independent 

absences

AUC_indep 

(surveys 

only)

TPR_indep 

(surveys only)

AUC_indep 

(surveys + NHIC 

central data)

TPR_indep (surveys 

+ NHIC central 

data) 

Arisaema dracontium arisdra_03 original(1) 19 113 261 0.8332 0.9473 0.7062 0.8230

Arisaema dracontium arisdra_06 original(0.5) 19 113 261 0.8260 0.8947 0.7096 0.6549

Arisaema dracontium arisdra_10 orig+SOLRIS(1) 19 113 250 0.8149 0.9474 0.637 0.7965

Arisaema dracontium arisdra_11 orig+SOLRIS(0.5) 19 113 250 0.8038 0.9474 0.637 0.6814

Arisaema dracontium arisdra_12 orig+cont(1) 19 113 261 0.8500 0.8947 0.71 0.7257

Arisaema dracontium arisdra_13 orig+cont(0.5) 19 113 261 0.8532 0.8947 0.7601 0.7257

Arisaema dracontium arisdra_14 orig+SOLRIS+cont (1) 19 113 250 0.8722 0.9474 0.7185 0.7788
Arisaema dracontium arisdra_15 orig+SOLRIS+cont (0.5) 19 113 250 0.8606 0.9474 0.7357 0.7080

Cornus florida cornflo_01 original(1) 13 86 245 0.8421 0.8462 0.7637 0.6744

Cornus florida cornflo_04 original(0.5) 13 86 245 0.8200 0.7692 0.8025 0.6744

Cornus florida cornflo_08 orig+SOLRIS(1) 13 86 234 0.8360 0.8462 0.7297 0.6977

Cornus florida cornflo_09 orig+SOLRIS(0.5) 13 86 234 0.8248 0.7692 0.7841 0.7209

Cornus florida cornflo_10 orig+cont(1) 13 86 245 0.8245 0.6154 0.7087 0.3837

Cornus florida cornflo_11 orig+cont(0.5) 13 86 245 0.7997 0.6154 0.7872 0.5698

Cornus florida cornflo_12 orig+SOLRIS+cont (1) 13 86 234 0.7906 0.7692 0.6803 0.4602
Cornus florida cornflo_13 orig+SOLRIS+cont (0.5) 13 86 234 0.8198 0.6923 0.7326 0.4884

Symphyotrichum prenanthoides symppre_01 original(1) 10 30 226 0.9119 0.5000 0.8861 0.3667

Symphyotrichum prenanthoides symppre_02 original(0.5) 10 30 226 0.9119 0.3000 0.8951 0.2000

Symphyotrichum prenanthoides symppre_03 orig+SOLRIS(1) 10 30 215 0.8972 0.1000 0.8730 0.2000

Symphyotrichum prenanthoides symppre_04 orig+SOLRIS(0.5) 10 30 215 0.9093 0.4000 0.8884 0.2667

Symphyotrichum prenanthoides symppre_05 orig+cont(1) 10 30 226 0.9049 0.2000 0.8873 0.2333

Symphyotrichum prenanthoides symppre_06 orig+cont(0.5) 10 30 226 0.9097 0.1000 0.8982 0.1333

Symphyotrichum prenanthoides symppre_07 orig+SOLRIS+cont (1) 10 30 215 0.9033 0.4000 0.8826 0.2000
Symphyotrichum prenanthoides symppre_08 orig+SOLRIS+cont (0.5) 10 30 215 0.9047 0.3000 0.8786 0.2667

Fraxinus quadrifolia fraxqua_1 original(1) 5 69 275 0.8938 1.0000 0.8246 0.7536

Fraxinus quadrifolia fraxqua_2 original(0.5) 5 111 275 0.8800 0.8000 0.8536 0.6957

Fraxinus quadrifolia fraxqua_3 orig+SOLRIS(1) 5 111 264 0.8833 1.0000 0.7873 0.7101

Fraxinus quadrifolia fraxqua_4 orig+SOLRIS(0.5) 5 111 264 0.8962 0.0000 0.7885 0.0000

Fraxinus quadrifolia fraxqua_5 orig+cont(1) 5 111 275 0.8822 1.0000 0.7803 0.6811

Fraxinus quadrifolia fraxqua_6 orig+cont(0.5) 5 111 275 0.9033 1.0000 0.8203 0.6377

Fraxinus quadrifolia fraxqua_7 orig+SOLRIS+cont (1) 5 111 264 0.8561 1.0000 0.7751 0.7246
Fraxinus quadrifolia fraxqua_8 orig+SOLRIS+cont (0.5) 5 111 264 0.8795 1.0000 0.8092 0.5942

Lithospermum latifolium LITHLAT_1 original(1) 8 29 243 0.8631 1.0000 0.6044 0.6552

Lithospermum latifolium LITHLAT_2 original(0.5) 8 29 243 0.8879 1.0000 0.6093 0.6207

Lithospermum latifolium LITHLAT_4 orig+SOLRIS(1) 8 29 243 0.8049 0.6250 0.5515 0.4138

Lithospermum latifolium LITHLAT_5 orig+SOLRIS(0.5) 8 29 243 0.7268 0.6250 0.5187 0.4483

Lithospermum latifolium LITHLAT_6 orig+cont(1) 8 29 243 0.9192 1.0000 0.6330 0.6552

Lithospermum latifolium LITHLAT_7 orig+cont(0.5) 8 29 243 0.9203 1.0000 0.6374 0.6207

Lithospermum latifolium LITHLAT_8 orig+SOLRIS+cont (1) 8 29 243 0.8179 0.8750 0.5658 0.4827
Lithospermum latifolium LITHLAT_9 orig+SOLRIS+cont (0.5) 8 29 243 0.8400 0.6350 0.5658 0.5862

Castanea dentata castden_01 original(1) 7 276 250 0.8309 0.8571 0.8408 0.8913

Castanea dentata castden_02 original(0.5) 7 276 250 0.8451 0.8571 0.8641 0.7681

Castanea dentata castden_05 orig+SOLRIS(1) 7 276 239 0.8398 0.8571 0.8193 0.9058

Castanea dentata castden_06 orig+SOLRIS(0.5) 7 276 239 0.8219 0.7143 0.8387 0.8080

Castanea dentata castden_07 orig+cont(1) 7 276 250 0.8497 0.8571 0.8545 0.8986

Castanea dentata castden_08 orig+cont(0.5) 7 276 250 0.8526 0.8571 0.8665 0.8986

Castanea dentata castden_09 orig+SOLRIS+cont (1) 7 276 250 0.8417 0.8571 0.8488 0.9203

Castanea dentata castden_10 orig+SOLRIS+cont (0.5) 7 276 250 0.8651 0.8571 0.8457 0.8406
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Appendix Table 2: Environmental predictors used in SDMs, and their source. 

type variable description source/reference web 

‘original’ 
set: 
topography, 
soil, 
geology, 
climate 

elevation elevation in meters Canadian Digital 
Elevation Model 

http://geogratis.gc.ca/ 

slope slope in degrees Canadian Digital 
Elevation Model 

http://geogratis.gc.ca/ 

aspect aspect converted to a linear 
variable using formula in 
Williams et al. 2009 

Canadian Digital 
Elevation Model 

http://geogratis.gc.ca/ 

soil texture texture of the majority soil 
type, e.g. “clay loam”, 
categorical with 24 
categories 

Soil Survey Complex, 
Ontario Ministry of 
Agriculture 

https://www.ontario.ca/p
age/land-information-
ontario 

soil drainage drainage of the majority 
soil type, e.g. “well-
drained”, categorical with 9 
categories 

Soil Survey Complex, 
Ontario Ministry of 
Agriculture 

https://www.ontario.ca/p
age/land-information-
ontario 

surficial 
geology 

main type of surficial 
deposit, categorical with 40 
categories 

Surficial Geology of 
Southern Ontario, 
Ontario Geological 
Survey 2010 

https://www.ontario.ca/p
age/land-information-
ontario 

annual mean 
temperature 

the average of the average 
monthly temperature (°C) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

mean 
temperature 
of the growing 
season 

average temperature 
during the growing season 
(°C) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

isothermality measure of how large the 
day-to-night temperature 
oscillation is in comparison 
to the summer-to-winter 
oscillation 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

mean 
temperature 
of the wettest 
quarter 

the average temperature 
for the three months with 
the highest cumulative 
precipitation (°C) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

annual 
precipitation 

sum of all totally monthly 
precipitation (mm) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

total 
precipitation 
for the 
growing 
season 

sum of precipitation 
recorded during growing 
season (mm) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

precipitation 
seasonality 

variation in monthly 
precipitation over one year 
(%) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 
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precipitation 
of the 
warmest 
quarter 

total precipitation for the 
three warmest months 
(mm) 

Canada Forest Service 
(McKenney et al. 
2011) 

https://cfs.nrcan.gc.ca/pr
ojects/3/2 

land cover 
type 

land use/land 
cover 

land cover type, e.g. 
“deciduous forest”, 
categorical with 25 
categories 

Southern Ontario 
Land Resource 
Information System 
(MNRF) 

https://www.ontario.ca/d
ata/southern-ontario-
land-resource-
information-system-
solris-20 

landscape 
context 

forest 
contiguity 

calculated the number of 
cells within an 81 cell 
neighborhood including the 
focal cell that are >50% 
forested 

Southern Ontario 
Land Resource 
Information System 
(MNRF) 

https://www.ontario.ca/d
ata/southern-ontario-
land-resource-
information-system-
solris-20 
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Appendix Table 3: Mean number of presences detected in simulation using both random and informed 
sampling, with no filters for low-probability cells, and the true number of occurrences assigned to the 
landscape (A. dracontium). 

Calculation = ((# of true occurrences – mean # of presences detected)/# of true occurrences *100) 

 

  

Mean # 

presences 

detected 

Difference between true 

and detected (% decrease 

between detected and 

true)

Mean # 

presences 

detected

Difference between true 

and detected                   

(% decrease between 

detected and true)

10 0 -100.00 0.02 -99.99

100 0 -100.00 0.00 -100.00

1,000 0 -100.00 0.02 -99.99

10,000 0 -100.00 0.04 -99.98

100,000 0.04 -99.98 0.08 -99.96

1,000,000 0.04 -99.98 1.00 -99.50

10 0 -100.00 0.22 -99.95

100 0.04 -99.99 0.34 -99.92

1,000 0.1 -99.98 0.44 -99.89

10,000 0.02 -100.00 0.72 -99.82

100,000 0.02 -100.00 0.80 -99.80

1,000,000 0.16 -99.96 1.54 -99.62

10 0.08 -99.99 1.76 -99.78

100 0.18 -99.98 2.48 -99.69

1,000 0.34 -99.96 3.46 -99.57

10,000 0.54 -99.93 5.42 -99.32

100,000 1.08 -99.87 8.52 -98.94

1,000,000 2.4 -99.70 14.10 -98.24

10 0.66 -99.96 13.72 -99.14

100 1.6 -99.90 21.78 -98.64

1,000 2.9 -99.82 34.04 -97.87

10,000 6.2 -99.61 56.08 -96.50

100,000 12 -99.25 79.50 -95.03

1,000,000 25.06 -98.43 130.80 -91.83

10 6.98 -99.78 83.52 -94.78

100 15.5 -99.52 133.14 -91.68

1,000 32.3 -98.99 214.84 -86.57

10,000 65.9 -97.94 351.62 -78.02

100,000 123.7 -96.13 534.90 -66.57

1,000,000 249.3 -92.21 880.38 -44.98

10 77.1 -98.80 147.06 -97.70

100 156.14 -97.56 273.66 -95.72

1,000 320.8 -94.99 514.58 -91.96

10,000 662 -89.66 988.96 -84.55

100,000 1239 -80.64 1753.26 -72.61

1,000,000 2482 -61.22 3350.02 -47.66

6400

800

1600

200

400

# of true 

occurrences

Random sampling Informed sampling

Sample size

3200
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Appendix Table 4: Mean number of estimated occurrences in simulations using both random and 
informed sampling, with no filters for low-probability cells, and the true number of occurrences assigned 
to the landscape (A. dracontium). 

Calculation = ((mean estimate of occurrence - # of true occurrences)/mean estimate of occurrence *100) 

 

Mean estimate 

of occurrence 

Difference between 

true and estimate   

(% increase "+" or % 

decrease "-")

Mean estimate 

of occurrence

Difference between 

true and estimate  

(% increase "+" or % 

decrease "-")

10 NA NA NA NA

100 NA NA NA NA

1000 NA NA 654.00 69.42

10,000 780.46 74.37 162.31 -18.85

100,000 185.69 -7.16 170.35 -14.83

1,000,000 202.73 1.35 188.00 -6.00

10 NA NA NA NA

100 NA NA NA NA

1000 NA NA 769.04 47.99

10,000 983.06 59.31 324.45 -18.89

100,000 404.26 1.05 345.31 -13.67

1,000,000 409.39 2.29 391.05 -2.24

10 NA NA NA NA

100 NA NA NA NA

1000 NA NA 855.72 6.51

10,000 1079.17 25.87 725.97 -9.25

100,000 842.27 5.02 739.07 -7.62

1,000,000 841.94 4.98 805.89 0.74

10 NA NA NA NA

100 NA NA 16745.45 90.45

1000 7905.42 79.76 2075.94 22.93

10,000 1677.72 4.63 1567.97 -2.00

100,000 1723.48 7.16 2845.00 43.76

1,000,000 1735.45 7.80 1688.98 5.27

10 NA NA NA NA

100 NA NA 3739.93 14.44

1,000 9066.28 64.70 3220.78 0.65

10,000 3142.47 -1.80 2845.32 -11.08

100,000 3239.73 1.23 3073.53 -3.95

1,000,000 3251.25 1.58 3202.82 0.09

10 NA NA NA NA

100 NA NA 14782.88 56.71

1,000 10529.36 39.22 6601.01 3.05

10,000 6559.32 2.43 6605.59 3.11

100,000 6537.18 2.10 6254.13 -2.28

1,000,000 6512.31 1.72 6442.34 0.66

6400

# of true 

occurrences
Sample size

Random sampling Informed sampling

1600

3200

800

400

200
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Appendix Figure 14: Random sampling of simulated presences (200-6400) assigned to the F. 

quadrangulata SDM (landscape). 50 iterations at each sample size (10 – 1,000,000). No filter was used to 

obtain these occurrence estimates. The horizontal dashed red is the known number of presences 

assigned to the landscape. 
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Appendix Figure 15: Random sampling of simulated presences (200-6400) assigned to the F. 

quadrangulata SDM (landscape). 50 iterations at each sample size (10 – 1,000,000). Non-forested cells 

were removed from occurrence estimates. The horizontal dashed red is the known number of presences 

assigned to the landscape.  
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Appendix Figure 16: Random sampling of simulated presences (200-6400) of F. quadrangulata SDM, 

with 50 iterations at each sample size (10 – 1,000,000). The cells with a probability of containing a 

presence lower than 0.02 were removed from occurrence estimates. The horizontal dashed red line is 

the known number of presences assigned to the landscape.  
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Appendix Figure 17: Informed sampling of simulated presences (200-6400) assigned to the F. 

quadrangulata SDM (landscape). 50 iterations at each sample size (10 – 1,000,000). No filter was used to 

obtain these occurrence estimates. The horizontal dashed red is the known number of presences 

assigned to the landscape. 
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Appendix Figure 18: Informed sampling of simulated presences (200-6400) assigned to the F. 

quadrangulata SDM (landscape). 50 iterations at each sample size (10 – 1,000,000). Non-forested cells 

were removed from occurrence estimates. The horizontal dashed red is the known number of presences 

assigned to the landscape. 
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Appendix Figure 19: Informed sampling of simulated presences (200-6400) of F. quadrangulata, with 50 

iterations at each sample size (10 – 1,000,000). The cells with a probability of containing a presence 

lower than 0.02 were removed from occurrence estimates. The horizontal dashed red line is the known 

number of presences assigned to the landscape.  
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Appendix Figure 20: Random (blue) and informed (red) sampling of simulated presences (200 – 6400) of 

F. quadrangulata, with 50 sampling iterations at each sample size (10 – 1,000,000). No filter was used to 

obtain these occurrence estimates. The horizontal dashed red line is the known number of presences 

assigned to the landscape. 
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Appendix Figure 21: Panels A – F delineate the simulations by the number of presences assigned the 

landscape shown next to each letter. The mean number of observed presences for both informed (blue) 

and random (red) sampling techniques are depicted along the y-axis. No filter was used to obtain these 

occurrence estimates. The horizontal dashed red line is the known number of presences assigned to the 

landscape. 
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Appendix Figure 22: Panels A - F show the mean estimated number of occurrences at each number of 

presences, informed vs random sampling. No filter was used to obtain these estimates of occurrence.  
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Appendix Figure 23: F. quadrangulata SDM used as landscape for simulation. Cropped using the same 

dimensions as for A. dracontium to contain 2.6 million cells. The SDM is depicted as a heat map showing 

suitable sites in red/orange and less suitable sites in blue.   

 

Appendix 24: R code used for simulations 

 

rm(list=ls()) 

 

library(cowplot) 

library(dplyr) 

library(ggplot2) 

library(reshape) 

library(scales) 

library(viridis) 

library(visreg) 

library(parallel) 

library(doParallel) 

library(foreach) 
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library(iterators) 

library(sp) 

library(raster) 

 

# load in SDM raster 

SDM<-raster("~/R/projects/landscape_simulation/Arisdra_simulation/ARISDRA_14.asc") 

str(SDM) 

names(SDM) 

 

dim(SDM$layer) 

# Crop the raster to make it a more manageable size  

SDM = crop(SDM, extent(300000, 700000, 4600000, 4850000)) 

plot(SDM) 

# need to work out what a sensible row and column to crop at are. you could use dim(SDM$layer),  

# make sure you use plot(SDM) to view the results to make sure the crop is where you want it.  

# However you crop the SDM you will have to crop forest in the same way so they match up  

 

# load in pres/abs records 

survey<-

read.csv("~/R/projects/landscape_simulation/Arisdra_simulation/ARISDRA_v14_sim_records.csv") 

head(survey) 

 

names(survey)[names(survey)=="arisdra14"]<-"ARISDRA_14" 

head(survey) 

names(SDM)[names(SDM)=="layer"]<-"ARISDRA_14" 

names(SDM) 

dim(SDM$ARISDRA_14) 

 

# load in binary forest raster 
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forest<-raster("~/R/projects/landscape_simulation/Arisdra_simulation/forestnow.asc") 

 

dim(forest) 

forest = crop(forest, extent(300000, 700000, 4600000, 4850000)) 

dim(forest) 

plot(forest) 

 

# Create a glm to relate the presabs to the habitat suitability (ARISDRA_14) as the explanatory factor 

glm1<-glm(presabs ~ ARISDRA_14, family="binomial",  

          contrasts = c("contr.sum", "contr.poly"),  

          data = survey) 

summary(glm1) 

 

 

glm_plot <- ggplot(data = survey, aes(y = presabs, x = ARISDRA_14)) +  

  geom_smooth(method = "glm",  

              method.args = list(family = binomial(link = "logit"))) +  

  geom_point(size = 2.5) 

 

glm_plot 

 

# now create a new raster by predicting the probability of occurrence in each cell 

# based on glm1: 

# predict from raster isn't properly predicting values from the glm to the raster ---------- 

# need to run example in help for predict from raster package  

 

prob_map_rast<- predict(SDM, glm1, fun=predict, na.rm=TRUE, progress="text" 

                     , type = "response" 

                     )  
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str(prob_map_rast) 

min(prob_map_rast) 

max(prob_map_rast) 

 

names(prob_map_rast)  

names(prob_map_rast)<-"ARISDRA_14" ### ### ###  

dim(prob_map_rast) 

 

# Convert prob_map would have to a matrix in order to work  

# as an argument in functions later on in the code 

# convert raster to matrix and view 

### ### ### Also remove NAs - they were causing trouble 

prob_map <- as.matrix(prob_map_rast) 

image(prob_map) 

## Removed these, not needed and pretty sure this is causing the non-conformable array problem 

tt<-as.data.frame(prob_map_rast) 

ttt<-na.omit(tt) 

prob_map<-as.matrix(ttt) 

dim(prob_map) # same as SDM  

# melt into vector 

prob_map_melt <- melt(prob_map) 

dim(prob_map_melt) 

names(prob_map_melt)[names(prob_map_melt)=="value"]<- "ARISDRA_14" 

names(prob_map_melt) 

# convert forest to matrix then multiply by prob_map to get forest filter 

forest <- as.matrix(forest) 
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# Now make the forest filter, for this to work the forest matrix has to be the same dimensions as the 

#prob_map 

forest_melt = melt(forest) # should be a vector the same length as melt(prob_map) 

dim(forest_melt) 

names(forest_melt) 

 

#convert SDM from raster to matrix first then to vector using melt() 

SDM<-as.matrix(SDM) 

SDM_melt<-melt(SDM)        ### ### ### 

names(SDM_melt)[names(SDM_melt)=="value"]<-"maxent_output"  ### ### ### 

names(SDM_melt) 

 

# remove the NA from SDM and prob_map and all filters 

NA_element = is.na(SDM_melt$maxent_output) 

SDM_NAomit = filter(SDM_melt, !NA_element) 

forest_filt = filter(forest_melt, !NA_element) 

prob_map = filter(prob_map_melt, !NA_element) 

  mutate(prob_map, ARISDRA_14 = ARISDRA_14 * forest_filt$value) 

samp_cutoff = 0.01580523 

low_filt = mutate(prob_map, filt = ifelse(ARISDRA_14 <samp_cutoff, 0, 1)) 

#forest_filt is now a single binary string of 1s and 0s 

dim(SDM_NAomit) 

dim(forest_filt) 

dim(prob_map) 

 

# quick check the X1 and X2 (lat and long) values line up,  

# also confirm no NA 

summary(SDM_NAomit) 

summary(prob_map) 
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summary(forest_filt) 

 

### ### ### Remove NAs from SDM as well at this point 

SDM <- SDM_NAomit 

 

# Assign presences to landscape (prob_map) 

 

# Assuming that we arrived at the current number of presences (n_pres) through  

# a process of random extinctions  

 

make_spp_dist_from_data <- function(SDM, prob_map, n_pres){ 

  #replaced hab_suit_scale with prob_map 

   

  # make a draw from a bernolli distribution for each cell  

  pres_map <- apply(prob_map, MARGIN = c(1, 2), FUN = function(p){ 

    return(rbinom(1, size = 1, prob = p)) 

  }) 

   

  # if the random draw has generated too many presences. The pres_map will generally have around  

  # 0.1 - 0.25 occupied, which will work well for our purposes.  

  while(sum(pres_map, na.rm = TRUE) > (n_pres * 1.1)){ 

     

    # extinction process, assume the probability of extinction is the inverse of probability of  

    # occurrence in cell, conditional on the cell being occupied, need to be the case in reality,  

    # but a plausible model 

    ext_map <- apply((1 - prob_map) * pres_map, MARGIN = c(1, 2), FUN = function(p){ 

      return(rbinom(1, size = 1, prob = p)) 

    }) 
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    # randomly choose sum(pres_map) - n_pres extinctions to actually occur 

    ext_inds <- base::sample(which(ext_map == 1),  

                             size = sum(pres_map) - n_pres, replace = TRUE) 

     

    pres_map[ext_inds] <- 0   

     

  } 

   

  return(list(maxent_output = SDM,  

              prob_map = prob_map,  

              pres_ab_map = pres_map)) 

  

} 

 

 

## Populate Landscape simulation ---- 

 

n_samp = 10 # set back to c(100) when error fixed  

max_samp = 100000 #10000 # now that the landscape is bigger we may want to sample more?  

samp_mult = 10 ### ### ### also we want to have an integer so get an integer sample size  

max_samp_reached = FALSE 

count = 1 

while(!max_samp_reached){ 

  n_samp[count + 1] = n_samp[count]  * samp_mult 

  count = count + 1 

  if(n_samp[count] > max_samp) max_samp_reached = TRUE 

} 

 

n_sim <- 50 # number of 'samples' at each individual samples size (set to 5 until code tested) 
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n_pres <- c(200,400,800,1600,3200,6400) #  of true presences  

 

# This is a more robust way to build the dataframe that will not break when you  

# change the loop structure so long as count is incremented in the inner most loop 

# This will also make it a bit easier to do in parallel. 

# I also added in some print out markers so you can see which bits are running and how long each bit  

# takes. I cleaned up the indenting, so the code is more readable and it is more obvious the loop or if  

# statement each line of code belongs to. 

 

# do this multi-threaded to seed up, there are a few ways to do this in R I this one makes the  

# fewest changes to the code 

 

# This sets up the parallel  

cl = makeCluster(15) # will use 4 cores, change number to use more  

registerDoParallel(cl) 

 

t1 = Sys.time() 

 

# do the simulations in parallel. replace %dopar% with %do% to run on single thread 

# for testing. The foreach parallel interface requires that you tell it all the  

# external libraies used in the {} that are run in parallel in this case 'scales' and 'reshape' and 'dplyr' 

 

# clears log file that tracks progress 

writeLines(c(""), "log.txt") 

 

res_list = foreach(i = 1:n_sim, .packages = c("scales", "reshape", "dplyr")) %dopar% {#this is the loop 

where we take samples a bunch of times   

   

  sink("log.txt", append=TRUE) 
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  cat(paste("Starting sim: ", i, "\n"))     

  sink() 

   

  count = 1 

  res_df = list() 

   

  for(np in n_pres){ 

     

    # make a new landscape for each sim for each number of presences 

    spp_dist_ob <- make_spp_dist_from_data(SDM_NAomit$maxent_output, 

as.matrix(prob_map$ARISDRA_14) ,n_pres = np) # use the coloumn not the whole dataframe, then 

convert to matrix 

     

    allvars <- cbind(melt(spp_dist_ob$maxent_output), melt(spp_dist_ob$prob_map),  

                     melt(spp_dist_ob$pres_ab_map)) 

     

    names(allvars)[1] <- "maxent_output" 

    names(allvars)[4] <- "prob_map" 

    names(allvars)[7] <- "pres" 

 

 

    for(ns in n_samp) { 

      # To save the results in a data.frame   

      res_df[[count]] = data.frame(sample.size = ns,  

                                   sim_id = i, 

                                   n_pres = np, 

                                   obs.pres  = NA, 

                                   pred.pres = NA, 

                                   pred.pres.forest.filter = NA,  
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                                   pred.pres.lowest.filter = NA 

      ) 

       

      #print(paste0(count, ': Sampling landscape')) 

 

# RANDOM SAMPLE 

      sampled.hab <- allvars[sample.int(nrow(allvars), ns), ]  

# run code to the end using the above sample function 

 

# INFORMED SAMPLE 

# run entire code using the line below to replace the random sample line above. This line uses the  

# prob_map to preferentially sample cells with a higher probability of presence for the species in   

# question.    

     # sampled.hab <- allvars[sample.int(nrow(allvars), ns, prob = allvars$prob_map), ] 

 

       

      obs.pres <- sum(sampled.hab$pres) ### this counts up our observed presences in our sampled # cells 

       

      res_df[[count]]$obs.pres <- sum(sampled.hab$pres)   

###this counts up our observed presences in our sampled # cells 

       

      if(obs.pres < 3) {res_df[[count]]$pred.pres = NA} else {   

        #I added this loop so that if fewer than 3 presences were counted,  

        #we could not do a GLM - 3 is arbitrary and probably low 

         

        ## Build GLM and predict() ---- 

         

        #print(paste0(count, ':  fit and predict from GLM')) 
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        test1.sample <- glm(pres ~ maxent_output, data = sampled.hab, family = "binomial")  

        #the GLM  

         

        test2.sample<-predict(test1.sample, allvars, type = "response")   ### ### ### There was an error 

here -  no object called maxent_output so this is the fix 

       ### note here we predict across whole dataset with sampled GLM,  

        ### each cell gets a probability 

         

        res_df[[count]]$pred.pres <- sum(test2.sample)        

        res_df[[count]]$pred.pres.forest.filter <- sum(test2.sample[forest_filt$value == 1])   

        res_df[[count]]$pred.pres.lowest.filter <- sum(test2.sample[low_filt$filt == 1]) 

        ###this is where we sum up the predicted # presences using the GLM 

 

         

      }  #end of if-else statement 

       

      #print(paste0(count, ':   Finished sim')) 

       

      count = count + 1 

       

    }  #end n_samp loop 

  } # end n_pres loop 

   

  # return the consolidated data frame  

  bind_rows(res_df) 

   

} # end sim loop 
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# free the workers 

stopCluster(cl)   

 

t2 = Sys.time() 

 

#time taken 

t2 - t1 

 

result_df <- bind_rows(res_list)  

 

Summary_out <- result_df %>%  

  group_by(sample.size, n_pres) %>% 

  summarise(n_obs = n(),  

            num_na = sum(is.na(pred.pres))) 

 

# Write output files to csv 

setwd("~/R/projects/landscape_simulation/R_outputs_csv_files") 

write.csv(result_df, file = "result_df_arisdra_filtered_Nov5B.csv") 

write.csv(Summary_out, file = "Summary_out_arisdra_filtered_Nov5B.csv") 

 

# To test and confirm that the simulation did not assign presences to cells with  

# no forest  

 

prob_map <- filter(prob_map, ARISDRA_14 = ARISRDA_14 *forestfilt$value > 0) 

non_forest <- filter(prob_map, ARISDRA_14 = ARISDRA_14 * forestfilt$value == 0) 

 

forest_test = filter(allvars[,c('prob_map', 'pred')]) 

non_forest_test = filter(allvars, prob_map == 0) 

 


