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ABSTRACT 

 The Mojave desert tortoise is a threatened species that is facing habitat 

fragmentation from human development. Understanding the impact of fragmentation 

on this species is critical for developing appropriate conservation actions, but the effects 

of habitat fragmentation are often delayed, making it difficult to assess the impacts of 

recent landscape change. One tool often used to predict the impacts of fragmentation 

are agent-based models, which simulate the behavior and life-history of individual 

“agents”. Agent-based models allow researchers to investigate the impacts of habitat 

fragmentation under many scenarios, which is useful for guiding conservation actions. 

However, because agent-based models are computationally intense, they are often 

limited to small spatial extents and low numbers of agents – while performing these 

simulations at large scales could lead to important insights, this is often infeasible.  

In this dissertation, I use a computationally efficient agent-based model to assess 

the impact of anthropogenic development on the range-wide genetic connectivity of the 

Mojave desert tortoise. In Chapter 1, I describe the quadtree R package, which 

implements the region quadtree data structure in C++ and makes it available to the R 

programming environment – using this data structure increases the speed of the agent-

based model. In Chapter 2, I calibrate and validate an agent-based model for predicting 

desert tortoise genetic connectivity. In Chapter 3, I use the model to make range-wide 

projections of the influence of anthropogenic development on desert tortoise genetic 

connectivity. 
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INTRODUCTION 

 A major conservation concern for many species is habitat loss and fragmentation 

– human development both removes suitable areas of habitat and isolates the 

remaining habitat (Fahrig 2003). Fragmentation causes a variety of negative 

conservation outcomes. As habitat fragmentation increases, population resilience 

decreases – in connected habitat, catastrophic population declines can be mitigated by 

the ”rescue effect”, in which population losses are recouped by immigration from 

neighboring populations (Brown & Kodric-Brown 1977). Fragmented habitats, however, 

may prevent immigration between populations, making individual populations more 

susceptible to catastrophic events (Fahrig 2002; Haddad et al. 2015). From a genetic 

perspective, fragmentation reduces gene flow by limiting movement between 

populations, which can lead to a loss of genetic diversity and inbreeding depression 

(Keyghobadi 2007; Mills & Allendorf 1996). Ultimately, habitat fragmentation can lead 

to increased extinction risk (Fischer & Lindenmayer 2007). 

 The Mojave desert tortoise is a species of conservation concern for which habitat 

fragmentation is a major threat (Averill-Murray et al. 2021; Dutcher et al. 2020). Human 

development like roads, urban areas, railroads, and renewable energy facilities are 

present across much of the tortoises’ historical range (Parker et al. 2018). The limited 

dispersal ability of desert tortoises makes many anthropogenic landscape features 

formidable barriers to movement. Maintaining habitat connectivity even as human 
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development increases is critical to the conservation of this species (U.S. Fish and 

Wildlife Service 2011). 

 Assessing the impact of fragmentation is a critical first step in identifying 

conservation actions to help preserve any at-risk species. As computers have become 

more powerful and more ubiquitous, computer simulations have become a common 

method of investigating the causes and consequences of habitat fragmentation 

(Landguth et al. 2010; Rebaudo et al. 2013). While simulations are by no means a 

replacement for empirical data, they offer a powerful way to explore the impacts of 

fragmentation (Pearson & Dawson 2005). The effects of fragmentation are often 

delayed – the negative consequences may not be detectable for years after 

fragmentation occurs (Blair et al. 2012; Tilman et al. 1994). Simulations allow for 

investigations into long-term effects that empirical data simply cannot address when 

habitat fragmentation is relatively recent (Landguth et al. 2010). In addition, simulations 

allow for the testing of assumptions – many simulations are used to assess the way that 

assumptions about individual behavior impact large-scale patterns (Landguth et al. 

2010).  

 However, a major limitation for many simulations is their computational 

intensity. Computationally intense simulations are often limited in scope – while they 

may work for small study systems, their applicability to large-scale systems may be 

limited. Therefore, writing computationally efficient code can expand the capabilities 

and capacity of computer simulations, which can lead to insights at broader scales.  
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 The primary goal of this dissertation is to develop a computationally efficient 

simulation that can enable insights into desert tortoise genetic connectivity at a range-

wide scale. In Chapter 1, I describe the quadtree data structure, which is a data 

structure for landscape representation that can increase computational speed by using 

variable-sized grid cells. I present the quadtree R package, which implements a quadtree 

data structure in C++ and is made accessible to the R programming environment. In 

Chapter 2, I describe an agent-based model for assessing the genetic connectivity of 

desert tortoises. The model is computationally efficient and scalable, in part because of 

the use of the data structure discussed in Chapter 1. By comparing the model output to 

actual genetic data, I assess the performance of the model and select parameter values 

that reproduce observed patterns. In Chapter 3, I apply the agent-based model at a 

range-wide scale and assess the how human development has impacted genetic 

connectivity. 
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CHAPTER 1 

quadtree: An R Package for Region Quadtrees 

Introduction 

An important consideration when collecting and analyzing data is the data 

structure used to represent the phenomena of interest. Different data structures have 

differing strengths and weaknesses, and the "best" data structure will vary depending 

on the situation. In a spatial context, data are often represented with the "field" data 

model, which represents the variation of a single variable across space. For example, 

climate variables like average temperature and precipitation are often modeled in this 

way. By far the most common data structure used for this type of data is a raster, which 

consists of a grid of equal-sized rectangular cells over a region, each of which contains 

the value of the variable for that particular area (Anselin & Getis 1992; Couclelis 1992).  

However, a raster may not always be the best choice, and there are several 

other options for representing field data (Goodchild et al. 1992). One in particular is the 

region quadtree, a hierarchical data structure that can be used to store field data 

(Samet 1984). Unlike a raster, a quadtree can have variable sized cells, which allows for 

differing levels of detail across space. This is particularly useful for retaining fine-grain 

detail in heterogeneous areas while using larger cells for more homogeneous areas, and 

it can have more efficient storage than a raster data structure, which must have a 

uniform cell size (Samet 1984). In addition, variable cell sizes can allow for faster 
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computation of models and operations that rely on field data structures (Popinet 2011; 

van Bemmelen et al. 1993). While not as widely used as rasters, region quadtrees have 

still been used in a wide variety of contexts, including image compression (Gargantini 

1982), fracture propagation modelling (Bittencourt et al. 1996; Ooi et al. 2015), flood 

modelling (Liang & Borthwick 2009), robot navigation (Kambhampati & Davis 1986; 

Chen et al. 1997), spatial sampling design (Minasny et al. 2007), and agent-based 

modelling (Tischendorf et al. 1998), among others.  

In this paper, I present quadtree, a package written for the R environment (R 

Core Team 2022) that provides access to a quadtree data structure. For greater 

computational efficiency, the data structure is programmed in C++ and made accessible 

to R via the Rcpp package (Eddelbuettel & François 2011). In what follows, I describe the 

quadtree data structure in more depth and demonstrate how the quadtree package can 

be used. The source code is available online at github.com/dfriend21/quadtree, and the 

package can be downloaded through the Comprehensive R Archive Network (CRAN). 

The quadtree data structure 

As the name suggests, the quadtree data structure is a tree where each node has 

either zero or four children, and is well-suited for representing two-dimensional space. 

When used in this fashion, each node represents a rectangular cell, and the root of the 

tree represents a single cell that encompasses the entire area. If a node has children, 

they represent the four cells created when the parent cell is divided into quadrants. 

Each node is associated with a value for the variable being modelled (Hunter & Steiglitz 

http://github.com/dfriend21/quadtree
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1979). This creates a hierarchical data structure where any given point in space may be 

contained within many different cells at different levels. To create a space-exhausting 

surface similar to a raster where each point is associated with a single value, the 

terminal nodes (leaves) can be treated as the only value for a given point, and the values 

at the higher levels can essentially be ignored. Unlike a raster, the hierarchical nature of 

a quadtree easily facilitates variable-sized cells. When a quadtree is used in this fashion 

it is referred to as a region quadtree. See Figure 1 for an illustration of the region 

quadtree data structure. It is worth noting that quadtrees have been used for other 

types of data as well, like points, lines, and curves (Samet 1984); however, only region 

quadtrees are implemented in this package.  

The quadtree package 

The quadtree R package is coded using R and C++. The quadtree data structure 

and other classes are defined in C++ and made available in R via the Rcpp package.  

Creating a quadtree  

A B C 

Figure 1 – Visual representations of the quadtree data structure. (A) A quadtree. (B) The 2-D 
representation of the quadtree presented in A. (C) A 3-D representation that shows how the data 
structure is represented spatially. 
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In the quadtree package, quadtrees are constructed from rasters represented as 

matrices or as RasterLayer objects (Hijmans & van Etten 2021) using the quadtree() 

function. A top-down approach is used in which the raster is recursively divided into 

smaller and smaller quadrants – at each step a decision is made as to whether to divide 

a quadrant based on the values of the raster cells that fall within the quadrant. If the 

decision criteria are met, the quadrant is split into its four children and the same 

decision-making process is then applied recursively to each child quadrant. If, however, 

the decision criteria are not met, the quadrant is not split, and it is assigned a value 

based on the cells that fall within the quadrant. This procedure continues recursively 

until the decision criteria are not met or until the smallest possible cell size (i.e. the cell 

size of the input raster) has been reached.  

The process begins at the highest level – at first, the entire raster is treated as a 

single "quadrant", and all of the raster cells are used in the split decision. If it is split, it is 

divided into four quadrants (so that each quadrant contains a quarter of the cells in the 

raster), and then the same process is applied to these child quadrants.  

Before creating a quadtree, two sub-processes must be defined – the splitting 

criteria and the "combine" method. The splitting criteria uses the cell values of a 

quadrant to determine whether to split the quadrant. For example, the decision could 

be based on the standard deviation of all cell values within a quadrant – if the standard 

deviation is above a certain threshold, then the quadrant is split into its four children. 

The second process is the combine method, which is used to assign a single value to a 

quadrant based on the cell values it contains. For example, the mean or median could 
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be used since these functions aggregate multiple values into a single value. Figure 2 

shows a raster and a quadtree created using that raster as input. 

Split and combine functions  

Three built-in methods for splitting a quadrant are provided. The "range" 

method calculates the difference between the minimum and maximum values within 

the quadrant, "sd" calculates the standard deviation, and "cv" calculates the coefficient 

of variation (Samet 1984; Wu et al. 1982). Regardless of which method is used, the 

resulting value is compared to the split_threshold parameter, and if it exceeds the 

threshold, the quadrant is split. In the following example and in all other examples, an 

example raster called habitat (a RasterLayer object which is provided with the 

quadtree package) is used as the input to the quadtree() function; the original raster 

can be seen in Figure 2. 

R> data(habitat) 
R> qt_sd <- quadtree(habitat, .1, "sd") 
R> qt_range <- quadtree(habitat, .1, "range")  
R> qt_cv <- quadtree(habitat, .1, "cv")  

A B 

Figure 2 – A raster (A) and a quadtree (B) created using that raster.  
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See Figure 3 to see the result of using different split methods. 

 Four combine methods are provided – "mean", "median", "min", and "max" 

(Samet 1984; Wu et al. 1982). They aggregate values by calculating the mean, median, 

minimum or maximum, respectively, of all values in the quadrant. 

R> qt_mean <- quadtree(habitat, .1, "sd", combine_method = "mean") 
R> qt_median <- quadtree(habitat, .1, "sd", combine_method = "median")  
R> qt_min <- quadtree(habitat, .1, "sd", combine_method = "min") 
R> qt_max <- quadtree(habitat, .1, "sd", combine_method = "max")  
 
See Figure 4 to see the results of using the different combine functions.  

Users can also define custom split and combine functions, which allows for a 

high degree of flexibility in the quadtree creation process. These functions must take 

two parameters: vals, a numeric vector of the values of the cells within the current 

quadrant, and args, a named list that contains the arguments needed by the custom 

function. The split_args and combine_args parameters are passed to the args 

parameter of split_fun and combine_fun, respectively.  

A B C 

Figure 3 – Quadtrees created using different split methods. (A) A quadtree created using the ’standard 
deviation’ method with a threshold of 0.1. (B) A quadtree created using the ’range’ method with a 
threshold of 0.1. (C) A quadtree created using the custom splitting method described in the text. 
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Custom split functions must return a boolean value, where TRUE indicates that 

the quadrant should be split. For example, we could create a simple function that splits 

a quadrant if any of the values fall below a certain threshold:  

R> split_fun <- function(vals, args) { 
+  return(any(vals < args$threshold))  
+  } 
R> qt_cust_split <- quadtree(habitat, split_method = "custom",  
+ split_fun = split_fun, split_args = list(threshold = .8))  
 

Custom combine functions must return a numeric value, which will be used as 

the value of the quadtree cell. For example, the following function returns either 0 or 1 

based on whether the mean falls below a given threshold:  

R> combine_fun <- function(vals, args) { 
+  if(any(is.na(vals))) {  
+  return(NA) 
+ } 
+ if(mean(vals) < args$threshold) { 
+   return(0) 
+ } else { 
+  return(1)  
+ } 
+  } 
R> qt_cust_combine <- quadtree(habitat, .1, "sd",  
+ combine_method = "custom", combine_fun = combine_fun, 

A B C D 

Figure 4 – Quadtrees created using the same splitting method but different combine functions. Note that 
the structure of each quadtree is identical – the only difference is the value of the cells. (A) mean (B) min 
(C) max (D) the custom combine function described in the text. 



 12 

+ combine_args = list(threshold = .65))  
 
The results from using the custom methods can be seen in Figure 3 and Figure 4. 

Pre-creation dimension adjustment  

The afore-mentioned method of creating quadtrees works most naturally on 

square rasters (same number of rows and columns) with the number of cells along each 

axis being a power of two. If the number of cells along an axis is not a power of two, 

there will be a point during the splitting process when a quadrant will have an odd 

number of cells along at least one of the dimensions, and therefore cannot be divided 

into four equal-sized child quadrants.  

Forcing all input rasters to be square and have dimensions that are a power of 

two is a very restrictive requirement, so quadtree provides two methods for creating 

quadtrees from rasters that don’t satisfy these conditions, specified by the adj_type 

parameter. 

The first method, referred to as the "expand" method, adds NA rows and 

columns to both dimensions until the numbers of rows and columns are the same and 

are a power of two. For example, if a raster has 52 rows and 97 columns, NA rows and 

columns could be added to produce a raster with 128 rows and columns (which is a 

power of two). See Figure 5 for an example.  

R> qt_expand <- quadtree(habitat, .1, "sd", adj_type = "expand")  
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The second method, called the "resample" method, resamples the raster so that 

the dimensions fulfill the requirement. This can be performed on a non-square raster – a 

raster with 52 rows and 97 columns could be resampled to have 128 rows and columns. 

However, doing so means that the quadtree cells will be differently proportioned than 

the original raster cells. For example, if the original raster cells are square, this will 

create a quadtree with rectangular but non-square cells. This may not be desirable, so 

an additional first step can be taken to prevent this. Before resampling, NA rows or 

columns can be added to the smaller dimension to make the raster square. For example, 

we can add NA rows to the raster with 52 rows and 97 columns to create a raster with 97 

rows and columns that can then be resampled to have 128 rows and columns (or any 

other power of two). See Figure 5 for examples of both methods.  

R> qt_resample_pad <- quadtree(habitat, .1, "sd",  
+ adj_type = "resample", resample_n_side = 256, 
+ resample_pad_nas = TRUE) 
R> qt_resample_no_pad <- quadtree(habitat, .1, "sd", 
+ adj_type = "resample", resample_n_side = 256, 

A B C 

Figure 5 – Examples of quadtrees created using different pre-creation adjustment methods. (A) A 
quadtree created by padding both dimensions with NA rows and columns before constructing the 
quadtree. (B) A quadtree created by resampling the raster before constructing the quadtree so that the 
number of rows and columns are both a power of two. Note that the cells are not perfectly square. (C) A 
quadtree created by resampling the raster before constructing the quadtree so that the dimensions are a 
power of two, where the shorter dimension was padded with NA’s before resampling so that the resulting 
quadtree has square cells, like the original raster. 
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+ resample_pad_nas = FALSE)  
 

Using templates to create quadtrees  

A quadtree can also be created using another quadtree as a template. In this 

case, the quadtree is created such that its structure is the exact same as the template 

quadtree, but the values of the quadtree are calculated from a new, user-provided 

raster. This is useful if the quadtree structure should be determined by a different 

variable than the variable represented in the input raster.  

For example, a raster representing the presence or absence of roads (where zero 

indicates absence and one indicates presence) could be used to make a quadtree, where 

cells are split whenever a quadrant contains a one, resulting in the smallest possible cell 

size in areas that contain a road. First, we can define a splitting function for the 

situation:  

R> split_if_one <- function(vals, args) {  
+   if(any(vals == 1, na.rm = TRUE)) return(TRUE)  
+   return(FALSE) 
+  }  

A B C 

Figure 6 – An example of using a template to create a quadtree. (A) A raster representing the presence or 
absence of roads. (B) A quadtree created from the roads raster. (C) A quadtree created using the same 
raster as in previous examples but using the roads quadtree  as a template. 
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Once we make this quadtree, we can use it as a template to create a new quadtree that 

has the same structure as the template. Note that the new raster should have the same 

resolution and extent as the raster used to create the template.  

R> data(habitat_roads) 
R> qt_template <- quadtree(habitat_roads, split_method = "custom",  
+  split_fun = split_if_one) 
R> qt_roads <- quadtree(habitat, template_quadtree = qt_template)  
 
See Figure 6 for plots of the quadtrees created from the sample code. 

Other options for quadtree creation  

There are other parameters that also control the construction of a quadtree. In 

particular, the user can specify a minimum and/or maximum cell size, thereby 

controlling the allowable cell size of the quadtree. When a maximum cell size is set, any 

quadrants with dimensions larger than the maximum size are forced to split. When a 

minimum size is set, a quadrant cannot be split if its children would be smaller than the 

minimum cell size. See Figure 7 for the plots of the quadtrees created by the following 

code.  

A B 

Figure 7 – Quadtrees created using (A) a maximum cell size of 1000 and (B) a minimum cell size of 1000. 
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R> qt_max_cell <- quadtree(habitat, .15, max_cell_length = 1000) 
R> qt_min_cell <- quadtree(habitat, .15, min_cell_length = 1000)  
 

In addition, users can specify how NA values should be treated during the 

creation process. By default, a quadrant is split if it has any NA values – this preserves 

the shape of a landscape if it is not square. This can be disabled, although it can 

sometimes produce unexpected results. In addition, by default quadrants that contain 

only NA cells are not split, but this can be disabled. In practice this causes all quadrants 

containing entirely NA cells to be split to their smallest possible cell values. Examples of 

quadtrees created using these options can be seen in Figure 8. 

R> qt_any <- quadtree(habitat, .15, split_if_any_na = FALSE) 
R> qt_all <- quadtree(habitat, .15, split_if_all_na = TRUE)  
 

Working with quadtrees  

Retrieving basic info about a quadtree  

A B 

Figure 8 – Quadtrees created using different ways to handle NA values. (A) A quadtree created without 
forcing quadrants that contain NA values to split. (B) A quadtree created while forcing quadrants with only 
NA values to split. 
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Functions are provided for retrieving basic information about a quadtree. 

summary() can be used to print out basic information about a quadtree, while other 

functions like projection(), extent() and n_cells() can be a used to retrieve 

information about a quadtree.  

R> qt <- quadtree(habitat, .2)  
R> summary(qt)  
 
class         : Quadtree 
# of cells    : 3277 
min cell size : 250 
extent        : 0, 64000, 0, 64000 (xmin, xmax, ymin, ymax) 
crs           : NA 
values        : 0.109, 0.974 (min, max) 
 
R> extent(qt) 
 
class      : Extent 
xmin       : 0 
xmax       : 64000 
ymin       : 0  
ymax       : 64000  
 
R> n_cells(qt)  
 
[1] 3277  

Retrieving cell-level data  

Other functions can be used to retrieve information about quadtree cells. The 

extract() function allows users to retrieve the values at point locations. In addition, 

the extents parameter can be set to TRUE to return information on each cell (cell ID 

and extent) in addition to the cell value.  

R> pts <- cbind(x = c(3959, 5609, 20161, 27662, 32763), 
+               y = c(29586, 10835, 31836, 10834, 36337)) 
R> extract(qt, pts) 



 18 

  
[1] 0.1451094     NaN 0.8269687 0.9556426 0.7241875  
 
R> extract(qt, pts, extents = TRUE) 
 
       id  xmin  xmax  ymin  ymax     value 
[1,] 1454  2000  4000 28000 30000 0.1451094 
[2,] 3223     0  8000  8000 16000       NaN  
[3,] 2593 20000 22000 30000 32000 0.8269687 
[4,] 3449 24000 32000  8000 16000 0.9556426 
[5,] 1235 32000 33000 36000 37000 0.7241875  
 

Another function, get_neighbors(), returns the cells that neighbor a given cell. 

This is especially useful for models of movement across a quadtree, as will be 

demonstrated in the “Example” section.  

R> head(get_neighbors(qt, pts[1, ]))  
 
       id xmin xmax  ymin  ymax     value 
[1,] 1427 1750 2000 30000 30250 0.1840000 
[2,] 1428 2000 4000 30000 32000 0.1364688  
[3,] 1439 1000 2000 29000 30000 0.1478750 
[4,] 1453 1000 2000 28000 29000 0.1163750  
[5,] 1463 4000 5000 30000 31000 0.1403750 
[6,] 1495 4000 5000 29000 30000 0.1693750 
 

Copying a quadtree  

As previously mentioned, the quadtree data structure is defined in C++. The R 

object accessible by the user consists of a pointer to the underlying C++ object. This 

means that copying a quadtree simply by assigning it to a new variable makes a shallow 

copy rather than a deep copy since only the pointer is copied rather than the underlying 

C++ object. The copy() function can be used to make a deep copy of a quadtree. This is 
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useful if the user wishes to make changes to a quadtree without modifying the original, 

as demonstrated in the next section.  

Modifying cell values  

Two functions are provided that modify the values of an existing quadtree. 

transform_values() applies a user-provided function to all cells. For example, it could 

be used to multiply all cell values by a constant or to take the square of all values.  

R> qt_transform <- copy(qt) 
R> transform_values(qt_transform, function(x) x * 2) 
R> old_vals <- as_vector(qt) 
R> new_vals <- as_vector(qt_transform) 
R> old_vals[1000:1004] 
 
[1] 0.5335 0.6510 0.7340 0.5120 0.7540  
 
R> new_vals[1000:1004] 
 
[1] 1.067 1.302 1.468 1.024 1.508 
 

set_values() takes a set of points and values and changes the value of the cell 

each point falls in to its corresponding value.  

R> qt_set_values <- copy(qt) 
R> set_values(qt_set_values, pts[, 1:2], 1:5) 
R> extract(qt_set_values, pts[, 1:2])  
 
[1] 1 2 3 4 5  
 

Reading and writing quadtrees  

The quadtree package makes use of an external C++ library called cereal (Grant & 

Voorhies 2017) to facilitate reading and writing quadtrees to the file system, which can 

be done via the read_quadtree() and write_quadtree() functions.  
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R> write_quadtree("quadtree.qtree", qt) 
R> qt_read <- read_quadtree("quadtree.qtree") 
  

Converting quadtrees to other data types  

Functions are also provided to convert the quadtree to other representations –  

as_vector() returns all cell values as a vector, as_data_frame() returns a data frame 

containing information on all cells, and as_raster() converts a quadtree to a 

RasterLayer (a class from the raster package).  

R> head(as_vector(qt))  
 
[1] NaN NaN NaN NaN NaN NaN 
 
R> head(as_data_frame(qt)[,-9])  
 
   id hasChildren level  xmin  xmax  ymin  ymax value parentID 
3   2           0     2     0 16000 48000 64000   NaN        1 
4   3           0     2 16000 32000 48000 64000   NaN        1 
7   6           0     4     0  4000 44000 48000   NaN        5 
9   8           0     5  4000  6000 46000 48000   NaN        7 
10  9           0     5  6000  8000 46000 48000   NaN        7 
11 10           0     5  4000  6000 44000 46000   NaN        7 
 
R> as_raster(qt) 
 
class      : RasterLayer 
dimensions : 256, 256, 65536  (nrow, ncol, ncell) 
resolution : 250, 250  (x, y) 
extent     : 0, 64000, 0, 64000 (xmin, xmax, ymin, ymax) 
crs        : NA 
source     : memory 
names      : layer  
values     : 0.109, 0.974 (min, max)  
 

Calculating least-cost paths  
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The quadtree package also includes functionality for calculating least-cost paths 

(LCPs) using the quadtree as a cost surface, which can be done by treating the quadtree 

as a network and then using a network-based shortest path algorithm (Huber & Church 

1985; van Bemmelen et al. 1993). To interpret a quadtree as a network, each cell 

centroid is treated as a node, and two nodes are connected by an edge if they are 

adjacent to one another. Each edge has an assigned cost which is derived from the 

underlying surface. Because edges will always travel through two cells, the cost is 

determined by first dividing the edge into two so that each sub-segment falls in a single 

cell. The length of each sub-segment is multiplied by the cost of the corresponding cell, 

and then these two values are added together to determine the total cost of the edge. 

Once the network has been constructed, we can use Dijkstra’s algorithm to find the LCP 

between two nodes.  

Dijkstra’s algorithm essentially builds a tree data structure where the starting 

node is the root of the tree. It iteratively builds the tree structure, and in each iteration 

it adds the node that is closest to the current tree – that is, it chooses the node which is 

easiest to reach. The result is that even if only one LCP is desired, LCPs to other nodes 

are also calculated in the process (Dijkstra 1959).  

Once the tree has been constructed, LCPs can be found to any of the other 

nodes without further computation, allowing for efficient computation of multiple LCPs 

from a single point. The LCP functionality implemented in quadtree saves state – 

whenever an LCP is asked to be calculated, it first checks whether a path has been found 
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to that node already. If so, it simply returns the already-calculated path. If not, it builds 

out the existing tree until the desired node has been reached.  

Two functions for calculating LCPs are provided that essentially differ in the way 

the algorithm stops running. find_lcp() finds the path between two points, so as soon 

as the path to the destination point is found, it stops and returns the path as a matrix.  

R> qt_lcp <- quadtree(habitat, .05, "sd")  
R> start_pt <- c(6989, 34007) 
R> end_pt <- c(33015, 38162) 
R> lcpf <- lcp_finder(qt_lcp, start_pt)  
R> lcp <- find_lcp(lcpf, end_pt)  
R> head(lcp)  
 
        x     y cost_tot  dist_tot cost_cell  
[1,] 6750 34250   0.0000    0.0000   0.47825  
[2,] 6250 33750 301.4926  707.1068   0.37450 
[3,] 5875 33375 489.4063 1237.4369   0.31400 
[4,] 5625 33125 591.5832 1590.9903   0.26400 
[5,] 5250 32750 718.5089 2121.3203   0.22700 
[6,] 5250 32250 815.9464 2621.3203   0.16275 

 
find_lcps(), on the other hand, uses a user-provided threshold and finds all 

paths whose cost-distance is less than the threshold. Alternatively, no threshold can be 

provided, in which case all possible LCPs from the given start point are found. Since the 

goal of find_lcps() is to find many paths rather than one specific path, it returns a 

summary matrix of all paths found rather than the path to any particular point. 

Individual paths can be extracted using find_lcp() with the LcpFinder object, which 

doesn’t require any extra computation since the paths have already been found.  
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R> start_pt <- c(6989, 34007) 
R> lcpf <- lcp_finder(qt_lcp, start_pt) 
R> lcps <- find_lcps(lcpf, 4000) 
R> head(lcps)  
 
    id xmin xmax  ymin  ymax     value    area lcp_cost lcp_dist 
1 2996 6500 7000 19500 20000 0.4382500  250000 3830.877 16544.39  
2 2999 7000 8000 19000 20000 0.3544375 1000000 3774.968 16483.73 
3 2774 3000 3250 20750 21000 0.3490000   62500 3747.612 15953.26 
4 2775 3250 3500 20750 21000 0.3410000   62500 3784.512 16056.81 
5 2778 3500 4000 20500 21000 0.4857500  250000 3957.449 16452.10 
6 2757 2750 3000 21000 21250 0.4300000   62500 3621.361 15599.71 
 
See Figure 9 for the output of the example code.  

It’s important to note that the variable-sized cells of a quadtree will cause the 

least-cost path to differ from the path that would be found if the original raster data 

were used (van Bemmelen et al. 1993). Thus, it is important for anyone using the LCP 

functionality on a quadtree to evaluate whether this error is significant in the given 

context.  

Example 

A B 

Figure 9 – Plots illustrating the least-cost path (LCP) functionality. (A) An LCP found between two points. 
(B) All LCPs from a starting point (red) that have a cost-distance of 4000 or less. 
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To demonstrate how the quadtree can be used, I present a simple example of a 

situation in which a quadtree can result in significant performance gains over a raster – 

in this case I construct an agent-based model that simulates the movement of individual 

agents. This type of simulation is frequently used in ecological applications to model 

populations over time while taking the landscape into account (Gallien et al. 2010; 

Philips 2020). Note that the use of quadtrees is by no means limited to this type of 

situation – the example is simply meant to illustrate one situation where it can be 

useful.  

The simulation presented here tests the speed at which agents can travel to the 

other side of a landscape when linear barriers are present. There are two objectives of 

the simulation. First, I will compare the rate at which agents can move northward using 

two landscapes – one with barriers, and one with no barriers. Secondly, I will run the 

barrier simulation twice, once using a raster and once using a quadtree, and then 

compare the run time of the two simulations.  

The landscape  

The original landscape is represented by a raster with 256 rows and columns 

where all cells have a value of one except for "barrier" cells, which have a value of NA. 

Therefore, the no-barrier landscape is simply a uniform raster where every cell is one. 

The barrier landscape, on the other hand, has several linear barriers running more-or-

less horizontally through the landscape – see Figure 10.  
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Quadtrees are created from both landscapes – in the case of the uniform 

landscape, the result is a single-cell quadtree. When creating the quadtree from the 

barrier landscape, any quadrant that has any NA cells are split, resulting in small cells 

near the barriers.  

As mentioned above, one of the goals is to compare the run-times of a 

simulation using a quadtree and a simulation using a raster. However, for the latter 

simulation, a quadtree that has been split down to the smallest possible cell size is used, 

which results in a quadtree that is equivalent to the raster (I refer to this as the “raster-

like quadtree”). The reason for this is so that the effect of the larger cell sizes on the 

simulation speed can be assessed more directly. If using a raster, I would need to use 

least-cost path functionality that was suitable for a raster data structure, which would 

make it very difficult to determine whether speed differences are due to the quadtree 

data structure or simply due to differing implementations of the least-cost path 

algorithm. In fact, a simulation was originally run using a RasterLayer from the raster 

package, but the least-cost path functionality available for RasterLayer objects is not 

efficient for this specific scenario, so it ran significantly slower. Since there are other 

factors causing the speed disparity besides the inherent difference between rasters and 

quadtrees, comparing the two has little value with regards to the goal of this exercise. 

However, using two quadtrees means that the same least-cost path functionality will be 

used for both, making the comparison more meaningful.  

Movement process  
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Each agent moves in an uncorrelated random walk – they move with a consistent 

step size and with no directional bias, and they travel for a pre-defined number of steps. 

However, they are not allowed to cross NA cells. In the case that the chosen point for a 

step is unreachable, a different, reachable point is chosen. Determining "reachability" is 

greatly facilitated by the quadtree data structure. If a chosen point falls in the same cell 

that the agent is currently in, it is guaranteed to be reachable, and the agent moves 

there. If the chosen point falls in a neighboring cell and that cell is not NA, then that cell 

is also guaranteed to be reachable. If the chosen point is not in a neighboring cell, the 

LCP functionality is used on a constrained area (so that an agent doesn’t follow an 

unrealistically long path around a barrier) to check if the point is reachable.  

In this way, agents moving in larger cells where the cell size is greater than the 

step size will never need to perform the more costly least-cost path calculations, which 

greatly reduces the amount of computation necessary while still maintaining the finer 

cell resolution near roads. When the raster-like quadtree is used, however, the LCP 

functionality is used at every step, greatly increasing the amount of computation.  

Simulations  

In each simulation, the agents start in the bottom quarter and the goal is to 

assess the agents’ northward movement. To this end, the number of agents in the 

northern half is recorded after each iteration.  

As mentioned above, three simulations were run – one using a quadtree of the 

no-barrier landscape, one using a quadtree of the barrier landscape, and one using a 
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raster-like quadtree of the barrier landscape. The two simulations using the barrier 

landscape used the same random seed and therefore produced identical results – the 

only difference between the two is runtime. Each simulation used 100 agents and ran 

for 50 iterations.  

Results  

The results are graphically displayed in Figure 10. Unsurprisingly, the barrier 

landscape showed slower northward movement than the no-barrier landscape – at the 

end of 50 iterations, the simulation using the no-barrier landscape had approximately 

twice as many agents in the northern half as the simulation using the barrier landscape. 

Clearly, the barriers significantly slowed the agents’ northward movement. 

A B C 

D E F 

Figure 10 – The results of the simulation described in the text. (A & B) The initial distribution of agents on 
(A) the no-barrier landscape and (B) the barrier landscape. (C) The number of agents in the northern half 
of the landscape over time, for both landscapes. (D & E) The distribution of the agents after 50 iterations 
on (D) the no-barrier landscape and (E) the barrier landscape. (F) The runtime of each of the three 
simulations in seconds. “R” stands for “raster” and “Q” stands for “quadtree”. 
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For the barrier landscape, the simulation using the raster-like quadtree 

performed about 12 times slower than the simulation using the variable cell-size 

quadtree (Figure 10) thus demonstrating the advantage of the quadtree data structure 

in this situation.  

Conclusion 

As illustrated by the example, region quadtrees can be used to speed up certain 

operations. However, the variable cell sizes of quadtrees can be useful for reasons other 

than computational speed. For example, they have been used to develop sampling 

schemes that have more sampling points in areas where a related variable has a high 

degree of variability, which can result in a relatively small number of sampling points 

that still cover the entire range of variability in the variable of interest (Minasny et al. 

2007).  

However, quadtrees have some disadvantages, and in many cases a raster will 

still be the best data structure to use. Quadtrees have the potential to save space in 

comparison with a raster, but they also have a considerable amount of overhead and 

can sometimes use more memory than a raster. While rasters need only store a cell’s 

value, at minimum a quadtree must store the value as well as pointers to its children, 

meaning that a quadtree requires more memory per cell than a raster. If a quadtree is 

made to be identical to a raster by splitting it down to the smallest possible cell size, the 

quadtree will use more memory. It is only by aggregating enough cells that a quadtree 

can use less memory than a raster. In addition, the quadtree package stores additional 
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information about each cell, like the x and y limits as well as pointers to neighboring 

cells. While storing this information can make certain operations more efficient (like 

retrieving the neighbors of a given cell), it also makes it less space-efficient. Future 

versions of the package may implement a more efficient quadtree representation.  

Another potential downside of using quadtrees is the arbitrary location of cell 

boundaries. This means that slight alterations to the dimensions of a raster will likely 

lead to a different quadtree structure – for example, if a raster is trimmed to a smaller 

extent, a quadtree created on the smaller raster will not simply be a trimmed version of 

the quadtree created on the original raster. Changing the extent changes the boundaries 

where a cell will be split, thereby changing the quadtree structure. 

The quadtree package offers a data structure for region quadtrees, giving users 

another option for representing spatial data. In many cases a raster will still be the best 

data structure to use; as the example illustrates, however, region quadtrees can provide 

distinct advantages over rasters in certain contexts. 
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CHAPTER 2 

Calibrating and validating a landscape-genetic agent-based model for the Mojave desert 
tortoise 

Introduction 

Before humans started large-scale development in the Mojave Desert, Mojave 

desert tortoise habitat was largely contiguous (Averill-Murray et al. 2013). However, 

anthropogenic development, which began in the 19th century and has increased rapidly 

in recent years (Parker et al. 2018; Theobald et al. 2013), has caused this habitat to 

become fragmented. Human-built structures like railroads, interstates, solar facilities, 

and urban development have reduced both the quantity and connectivity of available 

habitat (Carter et al. 2020; Dutcher et al. 2020; Hagerty et al. 2011). Indeed, habitat 

fragmentation is a major threat to the species, and fragmentation of tortoise habitat is 

unlikely to slow. Las Vegas has been growing rapidly, and the recent emphasis on 

renewable energy has resulted in many large-scale solar facilities being built in tortoise 

habitat (Farnsworth et al. 2015). Previous studies have shown that anthropogenic 

development has already caused detectable genetic differentiation between 

populations (Dutcher et al. 2020). Therefore, finding ways to maintain tortoise 

connectivity in the face of development is a major conservation concern (Averill-Murray 

et al. 2013). Tools that can assess the impact of anthropogenic development on tortoise 

connectivity, and thus inform building plans and conservation actions, are important for 

this species’ conservation (Averill-Murray et al. 2021). 
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In order to implement conservation actions to improve genetic connectivity, an 

understanding of the current genetic pattern on the landscape as well as the features 

inhibiting tortoise movement connectivity is critical. An important step towards this goal 

is collecting genetic data from tortoises across the Mojave and using it to assess current 

patterns of genetic connectivity while identifying features that may inhibit gene flow 

(Dutcher et al. 2020; Hagerty et al. 2011; Latch et al. 2011; Sánchez-Ramírez et al. 2018). 

Genetic data have limitations, however. One of the most significant limitations is the lag 

time between landscape changes and their subsequent appearance as a signal in the 

genetic data (Gregory & Beier 2014; Landguth et al. 2010; Safner et al. 2011). This 

makes it difficult to assess the genetic effects of recent landscape changes, particularly 

in long-lived species like the desert tortoise – their long generation time means that 

current genetic data likely reflect the past landscape more than the current landscape. 

Therefore, genetic data can provide little information on the impact of recent landscape 

change, making it difficult to predict the future impacts of landscape changes whose 

effects are not yet present in the genetic signal. 

While not a replacement for genetic data, simulations can help fill some of these 

gaps. In particular, agent-based modelling (also referred to as individual-based 

modelling) can be used to model individual agents while taking into account the 

landscape and the species’ life history (Shirk et al. 2012). By allowing the researcher to 

run the model with various landscape scenarios, these models can provide inference on 

the possible genetic effects of landscape change (Aben et al. 2016; Gauffre et al. 2008; 
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Thatte et al. 2018), which is especially valuable for conservation purposes as the models 

can be used to predict how genetic connectivity might change under different 

development scenarios. 

However, an obvious challenge in using agent-based models is the potential for 

unrealistic results, which is of particular concern when the model will influence 

management decisions – incorrect inferences drawn from a simulation model could lead 

to ineffective or, at worst, harmful conservation actions. It is therefore critical that 

models be evaluated to ensure that they lead to reliable inferences.  

Model performance can be evaluated by running the model on a real-world 

system and then comparing the results to empirical data, allowing researchers to adjust 

the model to produce results in line with observed data (Augusiak et al. 2014; Shirk et al. 

2012). While a model that reproduces real-world patterns is not guaranteed to be 

structurally correct, it is still an important step in the modelling process, especially if the 

model will be used to make predictions into the future. When applied to agent-based 

modelling, this approach is called pattern-oriented modelling, a framework in which 

complex models are refined by tuning parameters and mechanisms to produce a model 

that closely reproduces real-world patterns (Grimm et al. 2005; Grimm & Railsback 

2012). In addition to testing model performance, running a model with a variety of 

parameters and mechanisms helps the researcher to better understand how certain 

factors influence the model output. 

In this chapter I describe an agent-based model for predicting genetic 

connectivity of the Mojave desert tortoise in the Ivanpah Valley area. If the model’s 



 35 

performance is considered acceptable, the model can be run on a larger scale to assess 

range-wide genetic connectivity (see Chapter 3). Therefore, the goal of this chapter is to 

assess the performance of the model and inform the selection of parameter values. I 

use previously published genetic data for this area (Dutcher et al. 2020) to assess how 

well the model predicts observed genetic patterns on the landscape. In addition, I use a 

range of parameter values to assess the sensitivity of the model and to find a parameter 

set that produces accurate results.  

Review of tortoise movement  

Before describing the methods used, it is valuable to briefly discuss Mojave 

desert tortoise movement and how it impacts the species’ landscape genetics. The 

spatial genetic pattern of tortoises is influenced by both small-scale and large-scale 

movements. Small-scale tortoise movement (e.g. at a daily time scale) reflect behaviors 

like feeding and mating (Bulova 1994; Ruby et al. 1994). These movements typically take 

place within an established home range that remains largely constant from year to year 

(Freilich et al. 2000; Harless et al. 2009; Lovich et al. 2018; Nussear et al. 2012) and 

allow tortoises with overlapping home ranges to encounter and mate with each other, 

resulting in genetic exchange between these nearby tortoises. In addition to shorter 

movements within a home range, tortoises are also known to occasionally make longer-

distance dispersal movements (Berry 1986; Nussear et al. 2012). Longer-distance 

dispersal movements also contribute to genetic connectivity and can result in more 

rapid genetic interchange. 
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Relative to the overall range of the desert tortoise, even long-distance dispersal 

movements of desert tortoises can only cover a small portion of the range, meaning that 

direct gene flow is limited to populations within the tortoises’ maximum dispersal 

distance. At a landscape level, these types of movements can lead to genetic 

connectivity that emerges not from direct genetic exchange between populations but 

rather at a multi-generational time scale (Boulanger et al. 2020; Dutcher et al. 2020). 

Genetic exchange limited by distance leads to a pattern called isolation-by-distance 

where nearby tortoises tend to be more genetically similar than distant tortoises, and 

previous genetic studies have indeed detected a pattern of isolation-by-distance for the 

Mojave desert tortoise (Dutcher et al. 2020; Hagerty et al. 2011; Murphy et al. 2007; 

Sánchez-Ramírez et al. 2018). When habitat is largely continuous, this results in a 

gradient of genetic differentiation across the landscape with no clear boundaries. In 

addition to distance, landscape structure can also shape spatial genetic patterns. 

Tortoise movement can be restricted by natural features like mountains and rivers as 

well as human features like roads and urban areas (Dutcher et al. 2020). Restricted 

movement leads to reduced gene flow, and two populations with little to no gene flow 

are likely to become more genetically different over time (Landguth et al. 2010). 

The goal of the simulation presented here is to accurately simulate desert 

tortoise movement, as well as other processes like reproduction and mortality, to 

produce realistic predictions of the spatial genetic pattern. Comparing the simulated 

genetic pattern to the observed genetic pattern allows for evaluation of how realistic 

the simulation results are.  
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Methods 

Study area and data collection 

Genetic data were collected at eleven sites located in the central Mojave desert. 

Most of the sites were located in the Ivanpah Valley, with other sites located in the 

Mesquite and Piute-Eldorado Valleys (see Figure 11). A total of 299 genetic samples 

were collected, with varying numbers of samples per site. For each sample, 20 variable 

microsatellite loci were amplified (Edwards et al. 2003; Hagerty et al. 2008; Schwartz et 

al. 2003). See Dutcher et al. 2020 for more details. 

Landscape representation 

Movement resistance 

An updated version of the habitat model described in a previous study was used 

to represent the landscape (Nussear et al. 2009). The habitat model uses variables 

related to topography, soil characteristics, climate, and plant cover to produce a raster 

of habitat suitability values ranging from zero to one, where zero indicates poor habitat 

and one indicates high quality habitat. I cropped the surface down to an extent that 

included all 11 plots using a set of contiguous watershed polygons (U.S. Geological 

Survey 2015). The resulting raster was scaled up to a 1km cell size from the original 

resolution of 250m. Initial results showed that simulations on the 1km surface produced 
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very similar results as those performed on the 250m surface while running considerably 

faster, so the 1km surface was used.  

The movement algorithm used in the simulation requires that the raster 

represent resistance to movement rather than habitat suitability. One approach towards 

creating movement resistance rasters is by taking the inverse of a habitat suitability 

raster (Beier et al. 2008; Chetkiewicz et al. 2006; Hagerty et al. 2011) – following this 

approach, I inverted the habitat suitability raster by subtracting the cell values from one, 

resulting in values between zero and one, where zero represents low resistance to 

movement and one represents high resistance to movement.  

Figure 11 – The location of the 11 sites overlaid on the resistance surface used for the simulation. 
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It is important to note, however, that this approach makes some important 

assumptions that have been criticized. Habitat suitability models represent the 

likelihood of occurrence, and the variables that influence occurrence may not be the 

same as those that influence movement (Keeley et al. 2017; Mateo-Sánchez et al. 2015; 

Zeller et al. 2012). For example, many animals are able to easily travel over areas that 

are not habitable, which violates the assumption inherent in the approach used here 

that areas of bad habitat are more difficult to travel through. 

That being said, the validity of this approach depends to a large degree on the 

characteristics of the species in question. The desert tortoise is considered to be a 

“corridor dweller” – due to its limited dispersal capabilities it generally can only move 

through areas that also offer suitable habitat for longer-term survival (Averill-Murray et 

al. 2013; Beier & Loe 1992). Because of these characteristics, it is more likely that the 

inverse of habitat suitability represents movement resistance than it would in other, 

more dispersal-capable species (Keeley et al. 2017). A recent study found the same 

habitat model used here to be a significant predictor of fine-scale tortoise movement 

(Hromada et al. 2020), suggesting that the habitat model at least somewhat 

corresponds with movement suitability.  

Quadtree representation 

To improve processing time, the movement resistance surface was converted to 

a quadtree representation (see Figure 12 and Chapter 1). The quadtree data structure 

allows for variable cell sizes, and the quadtree was constructed by dividing quadrants 
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into smaller cells when the range between the minimum and maximum values exceeded 

0.1. If the values of all cells within a quadrant fell within a range of 0.1, the cells were 

combined into a single, larger cell and the mean was used as the value for that cell. The 

threshold of 0.1 was chosen because the resulting quadtree had some areas with larger 

cells while still maintaining the landscape structure present in the original raster. 

Because the original raster used had a resolution of 1km, quadtree cells ranged from 

1km to 8km. Using variable cell sizes allows for faster computation of movement by 

limiting small cell sizes (which result in higher computation times) to areas with a higher 

level of heterogeneity (see Chapter 1). 

Simulation 

Figure 12 – The quadtree created from the original landscape raster. Cell sizes range from 1km to 8km. 
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An individual-based model was used to simulate individual tortoise life-histories 

and genetics. The model was coded in C++, and analysis of model output was done in R 

(R Core Team 2022). The model runs on a yearly basis and consists of three main 

processes: movement, reproduction, and mortality (Figure 13). 

Movement 

The movement algorithm operates by moving a tortoise some amount of cost-

distance. When a segment is contained within a single cell, the cost-distance of that 

segment is defined as:  

distance + distance u cost  

When a path passes through multiple cells, the distance traveled through each cell is 

calculated. The formula is used to calculate the cost-distance for each segment that 

passes through a different cell, and the results are summed to get the total cost-

distance of the path. 

Every iteration (year) a tortoise has the possibility of moving to a new location. 

For each tortoise, a random distance is drawn from a pre-defined distribution, which is 

considered to be the maximum cumulative cost-distance that the tortoise can travel. 

Next, a random angle is selected and is used with the chosen distance to define the  

“destination point”. If the cell containing the destination point has a value (i.e. is not 

NA), a path from the initial point to the destination point is calculated, with three 

situations possible:  
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 Figure 13 – Flow charts depicting the movement, reproduction, and mortality processes. 
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1. The destination point falls within the same cell as the initial point. In this case, 

the path simply consists of these two points. The point along this path where the 

maximum cost-distance is reached is used as the new location of the tortoise 

(see Figure 14). 

2. The destination point falls in a neighboring cell. If a straight line between the two 

points would pass through a third cell, the path is adjusted so that it travels 

through the closest corner at which the cells meet, thereby creating the shortest 

path that doesn’t travel through a third cell (see Figure 14). After the path has 

been determined, the point along this path where the cumulative cost distance 

is reached is used as the new location of the tortoise. 

3. The destination point is not in the initial cell or a neighboring cell. In this case, 

the least-cost path algorithm is used on the quadtree (see Chapter 1) to find the 

least-cost path from the tortoise’s current location to the destination point. The 

algorithm uses a single point to represent each cell – the initial point and the 

destination point are used to represent their respective cells, while all other cells 

are represented by their cell centroid. After the path has been calculated using 

the least-cost path algorithm, the first point along the path where the maximum 

cost-distance is exceeded is found. If this point is not the destination point, then 

it is a cell centroid; to avoid agents congregating along a straight line between 
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centroids, a random point is selected within this cell. The path between this 

point and the previous point is found. If the path passes through a third cell, the 

same procedure described in situation 2 is used to adjust the path, and then the 

point along the path where the maximum cost-distance is reached is calculated 

and used as the tortoise’s new location. If the randomly chosen point is closer to 

the previous point than the centroid, it is possible that the new point may be 

beyond the chosen point. Very rarely this can result in the final point being in a 

different cell – in this case, the randomly chosen point is used as the tortoise’s 

new location. See Figure 14 for an illustration of the method. 

Figure 14 – An example of the movement algorithm. The last segment of the path (the segment that 
contains the final point) demonstrates the method used to adjust a path so it only travels through two 
cells – this method is used in both the second and third situations described in the text. It also 
demonstrates the process of selecting the point on the segment at which the maximum allowed cost-
distance is reached – this method is used in all three situations. 
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The movement algorithm is split into these three cases because finding the least-

cost path is a computationally expensive operation – only using the algorithm when the 

destination is more than one cell away (situation 3) helps speed up model computation. 

Reproduction 

Every year adult female tortoises have the possibility of reproducing. Adults are 

defined as tortoises that are 17 years or older, which falls within the range of predicted 

sexual maturity reported by previous studies (Curtin et al. 2009; Medica et al. 2013). 

When one or more adult males are within 1000m of a female, that female reproduces. A 

random number of offspring is drawn from a Poisson distribution with a lambda of six, 

which approximates the number of eggs laid per year by desert tortoises (Mitchell et al. 

2021). Desert tortoises are known to have multiple paternity (Davy et al. 2011), so the 

father of each offspring is chosen randomly (with replacement) from the set of males 

within the mating distance of the female. The genetics of each offspring are created by 

randomly selecting one allele from each parent for each of the 20 loci.  

In some simulations, a mutation rate is specified. When a tortoise is born, the 

mutation rate is applied to each locus – if a locus is chosen for mutation, one of the two 

alleles is chosen. Mutation is modelled in a stepwise fashion, such that one is added to 

or subtracted from the current value for an allele.  

Mortality 

At the end of the year, each tortoise has some probability of dying that is based 

on three factors: age, local tortoise density, and habitat value. For each of these three 
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factors a sigmoidal function is defined for calculating the amount of “risk” assigned to 

each tortoise (Figure 15 and Table 1).  

Mortality risk for tortoises is not equal across age classes. Juvenile tortoises are 

known to have high mortality rates (Nagy et al. 2015), so tortoises less than 10 years old 

are assigned high risk. The risk decreases for adult tortoises, and then starts increasing 

once the tortoises are approximately 50 years old. 

Habitat-related variables have been shown to be correlated with tortoise density 

and mortality rates (Andersen et al. 2000; Berry et al. 2013; Esque et al. 2010; 

Longshore et al. 2003; Nafus et al. 2017). Therefore, the value of the habitat model at a 

tortoise’s location impacts its probability of dying. Tortoises in high quality habitat 

(represented by low resistance values) have a lower probability of dying while those in 

low quality habitat (high resistance values) have a higher probability of dying. 

Finally, to prevent exponential growth, tortoises in areas with a higher local 

tortoise density are considered to be at a greater risk of dying. A grid of 1000m cells is 

overlaid over the area and the number of tortoises in each cell is calculated. The 

Figure 15 – The functions used to determine risk for habitat, age, and density. 
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number of tortoises in a cell is used to calculate the density risk for each tortoise within 

that cell.  

The risk determined by these three functions is then summed for each tortoise 

to get the total mortality risk. The final risk score for a tortoise is determined by using a 

random Poisson draw with the risk score as lambda – the resulting number is divided by 

100 and treated as the tortoise’s probability of dying. A random number between zero 

and one is drawn from a uniform distribution, and if it is less than the final risk score the 

tortoise is considered to have died.  

Table 1 – Parameter values that were constant for all simulations. 

Parameter Value 
Number of years 25,000 
Number of replications 10 
Mating age 17 
Number of offspring (lambda of Poisson 
distribution) 

6 

Mating distance 1000m 
Maximum age 100 
Age risk score functions juveniles:   14 / (1 + e2 * (x - 10)) 

adults:         6 / (1 + e0.2 * (x - 60)) 
Habitat risk score function 10 / (1 + e15 * ((1 - x) - 0.3)) 
Density risk score function 10 / (1 + e0.2 * (x - 60)) 

Parameter calibration 

In order to test the sensitivity of the model, I adjusted the values of certain 

parameters to observe how this affected the model output. Ideally, I would use a full 

factorial design, in which all possible parameter combinations are tested (Thiele et al. 

2015), but because of the long run time of the model, this is not realistic.  Therefore, I 
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chose to test three parameters that are likely to affect the model output: movement 

distance, the resistance surface, and mutation. 

Movement distance  

One of the key factors influencing genetic patterns on a landscape is the 

dispersal behavior of an organism. In order to explore the influence of dispersal distance 

on the output of the model, I ran the simulation with different distributions used for the 

distance parameter.  

The original distribution of dispersal distances was based on the yearly home 

range shift of resident radio-telemetered tortoises tracked for multiple years at eight 

sites in the Mojave Desert (previously reported in Nussear et al. 2012; Drake et al. 2012, 

2015; Sah et al. 2016; Hromada et al. 2020). The data was grouped into 100m bins and 

the frequency of occurrence for each bin was used as the probability of that distance 

being selected for a given tortoise. 

In order to test different distance distributions, I modified the base distribution 

by multiplying the binned distance by some constant while keeping the probabilities the 

same. The values were then interpolated at 100m increments and the maximum 

distance was cut off at 3100m, the same as in the original data. Finally, the probabilities 

were scaled to sum to one. The five different distributions used can be found in Figure 

16. 

There is one aspect of the movement algorithm that is worth noting since it 

affects the interpretation of the movement distance parameter. The distance parameter 
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is actually interpreted as “cost-distance” rather than as distance alone. For example, if a 

distance of 2000m is selected from the provided distribution, the tortoise will move 

2000 cost-distance units as defined in the formula previously discussed. Unless the path 

passes only through cells with a resistance of 0, the tortoise will travel less than 2000m. 

Therefore, on the habitat surface, the resulting distribution of simulated movement 

distances will always have shorter distances than the distribution used as the input 

parameter.  

Landscape 

In landscape genetics it is common to test for a genetic pattern of isolation-by-

distance (IBD), which occurs when the only factor influencing genetic connectivity is the 

distance between populations (i.e. landscape structure has no influence) (Wright 1943). 

In order to explore the outcome of the IBD hypothesis on this landscape, I conducted 

Figure 16 – The five movement distributions used in the simulations. 
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simulations on a neutral surface in addition to the habitat surface described above. This 

surface had the same extent and all cells had a resistance of zero, indicating unrestricted 

movement across the landscape (Figure 17).  

Mutation 

To assess the impact of mutation on the results, I varied the mutation rate while 

keeping the other parameters constant. The habitat surface and the “base u 4” distance 

parameter were used in conjunction with mutation rates of 0.0001, 0.0003, and 0.0005. 

The mutation rate of 0.0001 reflects the upper limit of the range of estimated mutation 

rates for desert tortoises (0.00001 – 0.0001, Edwards et al. 2015) and uses 0.0005 as the 

maximum mutation rate since this has been used in previous simulations of desert 

tortoises (Dutcher et al. 2019). 

Figure 17 – The neutral landscape. 
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Table 2 – The parameter sets used for the simulations. “Base” refers to the original distances calculated 
from the home-range shift data. 

Landscape Distance Mutation rate 
Habitat Base u 1 0 
Habitat Base u 2 0 
Habitat Base u 3 0 
Habitat Base u 4 0 
Habitat Base u 4 0.0001 
Habitat Base u 4 0.0003 
Habitat Base u 4 0.0005 
Habitat Base u 5 0 
Neutral Base u 1 0 
Neutral Base u 2 0 
Neutral Base u 3 0 

Initialization and simulation runs 

A burn-in step was used to create the set of initial agents used in each 

simulation. First, 200,000 tortoises were randomly placed on the landscape. A 

preliminary simulation was then run with the chosen parameters until the population 

size stabilized. The final set of agents was used as the initial state for the simulation. 

After the initial set of tortoises had been generated, randomly generated genetic 

data were assigned to each tortoise. To initialize the genetics, the allele frequencies for 

each of the 20 loci from the real data were calculated, and then these frequencies were 

used to randomly assign alleles to each of the tortoises, resulting in a panmictic 

population. 

Each simulation was run for 25,000 years with 10 repetitions.  

Output analysis 

Basic metrics 
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Basic metrics like the total number of tortoises present in the simulation were 

tracked and then compared among simulations, and tortoise density of the final year of 

the simulation was calculated using a quadrat count with 1km u 1km cells. These 

quadrat counts were performed for all tortoises regardless of age as well as for adults 

only (those 17 years or older). 

Genetic metrics 

To evaluate genetic distance between the 11 sites, I calculated the Weir and 

Cockerham pairwise FST for all pairs of sites (Weir & Cockerham 1984). In addition, I 

calculated the overall FST, the expected and observed heterozygosity, and the number of 

alleles present per locus. These metrics were calculated for both the real data and the 

simulated data; for the simulated data, these metrics were calculated every 100 years. 

Comparison with empirical data 

To assess how well the simulated genetic pattern matched the actual genetic 

pattern, I calculated the correlation between the empirical pairwise FST values and the 

simulated pairwise FST values. In addition, I used Mantel tests to test for a significant 

relationship between the simulated pairwise values and the empirical values and 

reported the resulting p-values (Shirk et al. 2012). 

Correlation can identify a relationship between two variables but does not check 

for similarity in the magnitude of the values. To evaluate how closely the values from 

the simulated data matched the actual data, I calculated the root mean squared error 

(RMSE) between the simulated pairwise FST and the observed pairwise FST. I also 
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compared the empirical and simulated values of the overall FST and the expected and 

observed heterozygosity (He and Ho, respectively). 

Simulation code and computation 

The simulation was written in C++ and run on an 80-core Linux machine with 

377GB of RAM. Multiple simulation runs were run in parallel, and computation time for 

a single run ranged from 26-51 hours. All data analysis was performed in R (R Core Team 

2022).  

Results 

Simulation output 

Most simulations resulted in similar demographic results – Figure 18 shows 

results for a single repetition of one parameter set. Simulations performed on the 

neutral surface had significantly larger populations, which is as expected given that the 

entire landscape consists of suitable habitat. 

In the habitat simulations, population size was around 175,000 tortoises, with 

variation between years. The vast majority of the tortoises were juvenile – in all 

simulations, adults (defined as those 17 years or older) made up about 10% of the 

population. When all tortoises were considered, tortoise density ranged from 0 to 110 

tortoises per km2, with most densities falling between 30 and 60 tortoises per km2. 

When only adults were considered, densities ranged from about 0 to 13 tortoises per 
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km2; when zero densities were excluded, about 4 adult tortoises per km2 was the most 

common density value. 

Genetic metrics 

All simulations showed an increase in the overall FST, although the rate of 

increase varied by simulation. In addition, the observed and expected heterozygosity 

declined over time in the simulations without mutation (Figure 19). In the simulations 

with mutation, however, the observed and expected heterozygosity either remained 

steady or increased (Figure 20). A plot showing the variability in metrics for a single 

A B 

C D 

Figure 18 – Summary of demographic information from the “base u 3” simulation with no mutation at 
year 25,000. (A) The adult tortoises on the landscape. (B) Number of tortoises over time. Note that the 
number of adults is not recorded for each year and is instead estimated using the percentage of adults in 
the final year. (C) The age distribution of year 25,000. The vertical dashed line is at age 17, which is when 
tortoises are considered “adults” in this simulation.( D) The density of tortoises. Density was calculated 
using a quadrat count with 1km x 1km cells. The plot shows the frequency of each number of tortoises 
among the quadrat cells. Cells with a count of 0 were excluded from the plot. 
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Figure 19 – Results for the simulation runs, comparing between movement distances and landscape 
surfaces. All simulations displayed here had no mutation. For each statistic, the mean of the 10 
replications was calculated for each year and then a 10 data point (1000 year) rolling average was applied 
to smooth the mean. In the FST plot and the heterozygosity plot, the horizontal lines represent the 
empirical value. In the heterozygosity plot, the dashed line represents He (expected heterozygosity) while 
the solid line represents Ho (observed heterozygosity). 
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parameter set can be found in Figure 21.  

Comparison with empirical data 

All models showed a correlation near zero at the beginning of the simulation, 

which is as expected, given that the genetics were randomly initialized with no pre-

existing pattern on the landscape. Over time, all simulations showed a pattern in which 

the correlation initially increased rapidly and then leveled off at a stable value. However, 

the rate at which the simulations reached a stable value varied across the different 

scenarios. All models had a correlation between 0.55 and 0.65 by the end of the run.  

By year 25,000, all simulations had a significant p-value from the Mantel test (at 

the 0.05 significance level). However, as with the correlation, the rate of convergence 

varied between simulations. 

Figure 20 – Plots comparing the results for different mutation rates. For each statistic, the mean of the 10 
replications was calculated for each year and then a 10 data point (1000 year) rolling average was applied 
to smooth the mean. The simulations were performed on the habitat surface with the “base u 3“ distance 
parameter – the only parameter changed was the mutation rate. The horizontal lines in the FST and 
heterozygosity plots represent the empirical values.  
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While all models had high correlations and significant Mantel tests, the RMSE 

varied significantly by scenario. The RMSE increases when a simulation either 

overestimates or underestimates the observed values. 

Effects of specific parameters 

Effect of the distance parameter 

The movement distance appears to have little influence on the correlation with 

the observed FST values. Simulations using the same resistance surface but different 

distance parameters all converged on a similar correlation value. However, the 

movement distance affected the time it took for the correlation values to converge – 

scenarios with shorter movements took longer to reach a stable value. For the 

Figure 21 – Plots showing the variation in the correlation, RMSE, FST, and heterozygosity for a single 
parameter set (distance of base u 2, a mutation rate of 0, and using the habitat surface). The black lines 
represent the means across all 10 repetitions while the gray lines indicate +/- one standard deviation from 
the mean. 
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simulations performed on the habitat surface, the simulations with the longest dispersal 

distance appear to converge by year 5000, while the simulations using the shortest 

dispersal distance had still not converged by year 25,000. A similar pattern occurs in the 

Mantel tests, where simulations with shorter movement distances reach a significant p-

value more quickly (Figure 19). 

However, while the final value of the correlation is similar across all distance 

parameters used, the genetic connectivity is greatly influenced by the distance 

parameter. This trend is clearly evidenced in several of the metrics. In particular, the FST 

shows a clear pattern – simulations with shorter movement distances have higher FST 

values, indicating more genetic differentiation (Figure 19, Figure 22). In addition, the 

heterozygosity showed a relationship with movement distance – while all simulations 

without mutation showed a decrease in both observed and expected heterozygosity, 

simulations with shorter movement distances showed a more pronounced decline.  

The effect of movement on genetic connectivity can also be observed in the 

RMSE – because simulations with shorter distances had higher pairwise FST values, they 

Figure 22 – The pairwise FST values over time for three different distance parameters, all on the neutral 
surface. Each line represents the pairwise FST between one pair of plots 
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greatly exceed the empirical values, resulting in a large RMSE. Longer distances resulted 

in lower FST values – as the movement distance increased, the simulations tended to 

underestimate the empirical values, which also led to higher RMSE values. For example, 

among the simulations on the neutral landscape, “base u 1” and “base u 3” both had 

higher RMSE values than “base u 2” (Figure 19). 

Effect of the resistance surface 

The resistance surface used appears to have minimal effect on the correlation 

with the real data. That being said, simulations using the habitat surface appear to have 

slightly, but not significantly, higher correlations than simulations using the neutral 

landscape (Figure 19). In addition, the correlations for simulations on the neutral 

landscape converge more quickly than their counterparts on the habitat landscape. A 

similar pattern holds for the Mantel tests, where the neutral landscape simulations 

reach significance more quickly than the habitat simulations. 

Overall FST and Ho both show signs of increased connectivity when compared to 

the habitat landscape – FST is lower and Ho is higher than simulations run on the habitat 

landscape, a trend that is also reflected in the RMSE. For example, for “base u 1”, the 

RMSE of the neutral landscape simulation is lower than the RMSE for the habitat 

simulation (Figure 19). 

Effect of mutation 

The mutation rate had no effect on the correlation (Figure 20). However, the FST 

and RMSE appear to show slight differences between the different mutation rates, with 
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higher mutation rates having lower FST and RMSE. Of the metrics tracked here, mutation 

appeared to have the most noticeable influence on heterozygosity. In the absence of 

mutation, both expected and observed heterozygosity showed a steady downward 

trend. As the mutation rate increased, this effect was reversed – a mutation rate of 

0.0001 resulted in steady values for the heterozygosity, while 0.0003 and 0.0005 

showed an increase over time.  

Discussion 

Impact of movement distance on genetic patterns 

In general, shorter dispersal distances can cause both a decrease in 

heterozygosity and an increase in genetic differentiation between populations 

(Furstenau & Cartwright 2016; Jaquiéry et al. 2011). In addition, studies have found that 

the rate of approach to an equilibrium is longer when movements distances are short 

(Blair et al. 2012; Epps & Keyghobadi 2015; Landguth et al. 2010; Wang 1997). These 

trends are consistent with the results of the simulations presented here – longer 

movement distances resulted in a decrease in Ho, an increase in pairwise FST, and a 

slower approach to equilibrium (Figure 19, Figure 22). 

Impact of mutation rate on genetic patterns 

In the absence of mutation, genetic diversity is expected to decrease due to 

genetic drift (Allendorf et al. 2012; Varvio et al. 1986), resulting in a loss of 

heterozygosity. As mutation rates increase, heterozygosity increases and genetic 
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differentiation, as measured by FST, decreases (Hedrick 1999). In addition, higher 

mutation rates tend to cause a faster approach toward an equilibrium (Epps & 

Keyghobadi 2015). 

The results presented here largely follow these theoretical expectations. Most 

notably, an increase in the mutation rate causes a noticeable increase in Ho. In addition, 

the results appear to follow the expectation that FST decreases with increased mutation, 

as visible in Figure 20, although the difference between the four simulations appears to 

be fairly small. However, the rate of convergence does not appear to vary among the 

different mutation rates. One potential cause for why this trend is not visible in the 

results is that the simulations may not have been run long enough for an equilibrium to 

be reached – Figure 20 shows that the simulations with mutation rates of 0.0003 and 

0.0005 are still showing a steady increase in Ho at the end of 25,000 years. Therefore, it 

is possible that if the model were run for a longer period of time, Ho would reach an 

equilibrium. 

Habitat surface vs. neutral surface 

As noted in the results, there were differences in the simulations run on the 

habitat surface and the simulations run on the neutral surface. The neutral landscape 

likely affects the results in two possible ways. First, because of how the movement 

algorithm works, a tortoise can move farther when it is in low resistance habitat. The 

neutral surface offers no additional resistance beyond the distance between points, 

which means that on average the movements on the neutral surface will be longer than 
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the movements on the habitat surface. Therefore, even if simulations on the two 

surfaces use the same movement parameter, the actual movement distances in the 

neutral surface simulation will be longer than the habitat simulation. Second, the 

neutral landscape has no landscape structure to impede movement like the habitat 

surface does, likely resulting in increased connectivity. 

The differences between simulations run on the neutral and habitat surfaces 

appear similar to the effects of the distance parameter described previously, likely 

because of the increased movement distances occurring on the neutral surface. 

However, the lack of landscape structure in the neutral landscape could also be having 

an impact on the results, which makes it difficult to parse out the exact cause for the 

differences between the simulations run on the two surfaces. 

Overall sensitivity and performance of the model 

Overall, it is clear that movement distance and mutation rates have an impact on 

the results, although in different ways. It is difficult to determine if the landscape 

configuration significantly changes the results, since the neutral landscape results in 

increased movement distances in addition to landscape structure. 

However, despite the impacts that these parameters have on the output, the 

correlation remains largely the same across all simulations. This suggests that although 

the distance and mutation parameters change certain characteristics of the output, the 

overall genetic pattern resulting from the simulations remains largely the same. 

Ultimately, all simulations show good correspondence with the empirical data, as 
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demonstrated by the high correlation values and significant p-values from the Mantel 

tests, and therefore provide evidence that the simulation is able to reproduce real-

world patterns.  

Selection of parameters for use in future simulations 

In the absence of a clear best parameter set using the correlation, other metrics 

can be used to distinguish between parameter sets – indeed, using multiple patterns to 

calibrate a model can help make a model more “structurally realistic” (Grimm et al. 

2005). Even when using multiple metrics, however, selecting a single parameter set is 

challenging because of the ways the parameters can interact with each other. For 

example, both mutation and movement distance influence the heterozygosity (Figure 

19, Figure 20). Therefore, it is likely that there are multiple combinations of these two 

parameters that would result in a rate of heterozygosity that matches the empirical 

value, complicating the selection of a “best” value for each parameter. In addition, it’s 

possible that the different metrics do not uniformly suggest that one value is best. All of 

this makes selecting a value for each parameter a challenging process. 

Movement distance 

At the end of 25,000 years, “base u 5” produces the overall FST value that is most 

similar to the observed value as well as the lowest RMSE, meaning that it may be 

justified to consider this distance parameter to be the “best”. However, there are 

several caveats that complicate this logic. As previously mentioned, the results 

presented here show that multiple parameters can influence the same genetic metric. 
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Indeed, the results shown in Figure 19 were all run with no mutation, and an increase in 

mutation rate appears to cause a slight but noticeable decrease in overall FST (Figure 20). 

Therefore, it’s reasonable to predict that including mutation in the simulations 

presented in Figure 19 may change which distance parameter is deemed the “best”.  

The problem is made more challenging because only a few parameters were 

adjusted in this analysis due to computational limitations, and other parameters not 

adjusted here will almost certainly have some influence on the results as well. For 

example, a parameter like the mating radius will likely impact genetic connectivity in 

some way, which, if tested, would introduce yet another factor that could influence the 

model output. Therefore, it is entirely possible that a certain parameter value (like “base 

u 5”) could appear to be the “best” value not because it most accurately reflects the 

real-life movement distribution but because it interacts with the other parameters in a 

way that produces a value similar to that observed in empirical data.  

Another complication is that the values for the FST and Ho are still increasing after 

25,000 years. For example, while “base u 5” produces the overall FST value closest to the 

empirical value and the lowest RMSE at year 25,000, it is not clear from the plots in 

Figure 19 if an equilibrium has yet been reached. If run for longer, it is possible that the 

overall FST would continue to increase and therefore exceed the observed value. In fact, 

the “best” parameter will vary depending on how long the simulation is run – given the 

fairly arbitrary selection of 25,000 years, there is no reason to assume that whichever 

parameter produces the best results at year 25,000 is therefore the best. 
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Unfortunately, when these issues are all taken into consideration, it is difficult to 

select a single “best” movement parameter since the issues discussed above introduce a 

large degree of uncertainty into the interpretation of the results. However, it is 

necessary to choose a parameter value for future simulations. I suggest that the 

purpose of the model must play an important role in determining how much importance 

to attach to each of the metrics presented here. In Chapter 3, this model is used to 

predict range-wide genetic connectivity of the desert tortoise, and multiple scenarios 

are compared to assess the impact of human development on genetic connectivity. 

Given that the emphasis is on the spatial genetic pattern, I suggest that the correlation 

with the real data is the metric that should be given the most weight because this 

assesses how well the simulated spatial genetic pattern matches the observed spatial 

genetic pattern. Since four of the five movement distances tested here converge on the 

same correlation, this suggests that any of these parameter values would be suitable.  

In the absence of definitive support for one parameter over another, I have 

chosen to use the “base u 3” distance in Chapter 3. The “base u 1” and “base u 2” 

distances show very dramatic overestimates of the FST and pairwise FST, but the three 

other distance parameters show more similar results. In addition, the actual movement 

distances that occur in the simulation will always be less than those used as the 

parameter value, as described in the “Methods” section. Therefore, it is possible that 

“base u 3” may actually result in movement distances that reflect the original values 

calculated from the home-range displacement data, and if there is little distinction in 
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the simulation output it makes sense to choose the result most similar to empirical data. 

That being said, because I did not save the movement distances, I cannot directly assess 

the similarity between the simulated movement distances and the empirical movement 

distribution. 

An argument against the “base u 3” distance parameter could be made based on 

the fact that it overestimates both the overall and pairwise FST, as demonstrated in 

Figure 19. However, I suggest that given the intended use of the model in Chapter 3 this 

is unlikely to negatively impact the results. The primary goal of Chapter 3 is assessing 

the difference between three different scenarios using the pairwise FST, not making a 

prediction of the raw value of the pairwise FST. In fact, I predict that the results of 

Chapter 3 would be largely the same regardless of which distance parameter is used. 

Because the different scenarios in Chapter 3 all use the same distance parameter, they 

will likely all overestimate or underestimate the pairwise FST values. If this is indeed the 

case, then the relative differences between the simulations will likely show a very 

similar pattern regardless of which distance is used. 

Overall, the results for the movement distance parameter are ambiguous, but 

the need to choose a parameter for the simulations in Chapter 3 forces a selection of 

one of the five distance distributions used. Arguments could undoubtedly be made for 

the other distributions, but I argue that in the absence of more definitive results, the 

“base u 3” parameter is a reasonable choice for use in future simulations. 

Mutation 
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Fortunately, the values for the other two parameters are easier to select. For 

mutation rate, I suggest that a rate of 0.0001 is clearly the most supported, given that it 

results in a rate of heterozygosity that very closely resembles the value derived from 

empirical data (Figure 20). It is important to note that the different mutation rates were 

tested on the “base u 4” distance distribution, and given that the movement distance 

influences the heterozygosity (Figure 19) the results would likely change when a 

mutation rate of 0.0001 is used with “base u 3”, making it possible that a different 

mutation rate would actually be superior. However, since the difference in the 

heterozygosity between “base u 3” and “base u 4” is relatively small (Figure 19), I 

predict that the results of using a mutation rate of 0.0001 with “base u 3” will be very 

similar to the results observed using “base u 4”, making 0.0001 a reasonable choice for 

the mutation rate. 

Landscape 

For the landscape representation, I have chosen to use the habitat surface. It 

appears that the habitat surface may produce slightly higher correlations with the real 

data than the neutral surface, although as mentioned before, these differences are not 

statistically significant. In the absence of a definitive distinction between the two 

surfaces, I suggest that the habitat surface should be used. The neutral landscape is 

simply unrealistic – tortoises are known to be influenced by the landscape and cannot 

move anywhere, which is an assumption made when using the neutral surface. 
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Therefore, I have chosen to use the habitat surface for the simulations performed in 

Chapter 3. 

Conclusion 

The results presented here provide evidence that the model output 

approximates the observed genetic pattern on the landscape, lending support to the 

utility of the model for generating insights into desert tortoise genetic connectivity. In 

addition, modifying the parameter values provides a better understanding of the 

behavior of the model and helps identify parameter settings that are likely to produce 

realistic outputs. The results of this study suggest that the simulation can be a valuable 

tool for generating insights into the spatial genetic pattern of desert tortoises. 

The simulation also offers opportunities for different avenues of research – 

agent-based models are quite flexible, so while the simulation is used here to predict 

spatial genetic patterns, the model could easily be used for other purposes. For 

example, it could be run with an emphasis on demography and movement rather than 

genetics – this could involve testing how different landscape scenarios influence the 

demography and yearly movement of tortoises. Another potential use could be the 

assessment of the tortoises’ ability to track range shifts due to climate change – 

combining the model with future climate scenarios could be useful for assessing the 

speed at which tortoises can expand their range, which is an important characteristic for 

species facing climate change. In addition to its application to real-world scenarios, the 

simulation could also be used for more theoretical studies, allowing researchers to 
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investigate theoretical questions in an idealized environment. Overall, the simulation 

has the potential to support further investigations into desert tortoises in order to gain 

insights into the impact of individual tortoise behavior on large-scale spatial patterns. 
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CHAPTER 3 

Using a range-wide agent-based model to identify areas of decreased connectivity for 
the Mojave desert tortoise 

Introduction 

Habitat fragmentation resulting from anthropogenic development is a major 

conservation concern to many species. In addition to outright population loss, habitat 

loss that causes fragmentation can hinder gene flow and make subpopulations more 

susceptible to disturbances by preventing the “rescue effect” from nearby 

subpopulations in the event of a catastrophic disturbance (Haddad et al. 2015; 

Keyghobadi 2007). One species facing severe habitat fragmentation is the Mojave desert 

tortoise (U.S. Fish and Wildlife Service 2011). Historically, desert tortoise habitat was 

largely connected, resulting in a high degree of genetic connectivity across their range 

despite their relatively limited dispersal capabilities (Dickson et al. 2017; Hagerty &Tracy 

2010). In recent years, however, human development in the region has fragmented this 

once-contiguous area and poses a serious conservation concern for the desert tortoise. 

Urban growth, roads, railroads, and solar facilities all result in habitat loss and 

fragmentation, and human activities are likely to increase due to continued human 

population growth (Parker et al. 2018). 

Because of this, conservation efforts for the desert tortoise include mitigating 

the impacts of human development on the connectivity of desert tortoise habitat (U.S. 

Fish and Wildlife Service 2011; Averill-Murray et al. 2021). Making informed and 
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strategic decisions aimed towards improving or maintaining connectivity requires an 

understanding of how different landscape features impact connectivity, which can lead 

to the identification of areas that are experiencing fragmentation as well as areas that 

are important to protect in order to maintain connectivity.  

A major challenge in evaluating the impact of habitat fragmentation, however, is 

that some of its effects may take time to manifest (Tilman et al. 1994). In particular, the 

genetic effects of fragmentation may not be detectable until many generations after the 

disturbance occurs (Blair et al. 2012; Epps & Keyghobadi 2015; Landguth et al. 2010). 

Given that desert tortoises have long generation times, this is a particularly relevant 

issue for this species (Dutcher et al. 2020). Informed conservation actions require 

knowledge of how development will impact the desert tortoise – ideally, data and 

evidence about how development has affected genetic connectivity in the past could be 

used to inform future decisions. However, because the genetic effects of fragmentation 

may not be detectable for many years, little evidence of genetic differentiation may 

exist even if a landscape feature does in fact severely limit gene flow (Edwards et al. 

2004). 

Researchers often use simulations to predict the effects human development 

may have on future genetic connectivity (Landguth et al. 2010). In particular, agent-

based models can be used to simulate the movements and life history of individual 

animals in order to predict emerging genetic patterns. Many studies make use of agent-

based models in this way (Cushman et al. 2016; Kaszta et al. 2020; Thatte et al. 2018; 

van Strien et al. 2014), and software packages like CDPOP and SimAdapt have been 
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developed for running landscape-genetic simulations (Landguth & Cushman 2010; 

Rebaudo et al. 2013). By using simulations with realistic landscape scenarios, predictions 

can be made regarding the impact of landscape change on a species’ genetic 

connectivity that can help guide conservation actions. 

Α major difficulty with using agent-based models, however, is their 

computational intensity. Existing software packages, like CDPOP and SimAdapt, are 

limited to relatively small areas and population sizes. While smaller simulations can still 

be very useful and informative, a computationally inefficient model severely limits the 

scope at which it can be used. A more computationally efficient model, on the other 

hand, could be used to perform simulations at a much larger scale. When applied to 

landscape genetics, for example, a range-wide model for a species would allow for 

insights into large-scale genetic patterns that smaller simulations do not provide. In the 

context of habitat fragmentation, it could be used to identify areas that are important 

for maintaining connectivity as well as areas that are likely to experience a loss in 

connectivity due to anthropogenic development. 

In this chapter, I use the agent-based model presented in Chapter 2 at a range-

wide scale to evaluate the impact of current development on genetic connectivity 

throughout the Mojave Desert. I run the simulation for three different scenarios 

representing an undisturbed landscape, a landscape degraded by development, and a 

landscape where all development is treated as a complete barrier. The overall goal of 

this chapter is to determine the impact of barriers on tortoise connectivity and to 
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identify areas in the Mojave exhibiting increased risk of genetic isolation due to 

anthropogenic development. 

Methods 

Study area and landscape representation 

Landscape extent 

The same habitat model used in Chapter 2 (Nussear et al. 2009) was used to 

represent the landscape and the entire extent of the model was used (Figure 23), with 

one exception. The area east of the Colorado river was not included as the river is 

generally considered the eastern edge of Mojave desert tortoise range, although there 

are some Mojave desert tortoises in and around the Black Mountains of Arizona 

(Edwards et al. 2015; McLuckie et al. 1999).  

Therefore, the modelled area extended from Bakersfield in the west to about 

100km east of St. George, Utah, and from the Mexican border in the south to about 

200km north of Las Vegas, covering parts of the Sonoran Desert and most of the Mojave 

Desert. Desert tortoises do not occur across the entirety of this region – see Figure 24 

for a representation of the modelled habitat quality across the study area. 

Within the study area are some major anthropogenic features likely impacting 

desert tortoises. Las Vegas exists within the region of suitable habitat and occupies most 

of the Las Vegas Valley, and other urban areas are present in suitable tortoise habitat as 
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well. In addition, several major roads cut across the region, like I-15, I-40, and I-10, and 

solar facilities are present across the area. 

Figure 23 – The extent of the study area and the anthropogenic landscape features used in the 
simulations. 
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Habitat representation 

As previously mentioned, the landscape was represented by a raster 

representing habitat suitability, which had an approximate pixel resolution of 800m. 

Smaller cell sizes result in longer run times (see Chapter 1) – to decrease computation 

time, the raster was aggregated by a factor of two, resulting in a raster with a pixel 

resolution of 1589m u 1589m. After the landscape scenarios were constructed using this 

raster, they were converted to quadtrees (see below). 

Anthropogenic development 

In order to represent human development on the landscape, I obtained GIS data 

of anthropogenic features known to impact habitat connectivity (Figure 23).  

I used a dataset of major and minor highways that were categorized into 

multiple classes (UCLA Institute for Digital Research and Education 2015). Class one 

represents limited access roads, class two represents highways, and class three 

represents minor highways. Data on railroads and urban areas were obtained from the 

U.S. Census Bureau (U.S. Census Bureau 2017, 2019).  

An existing dataset was used for data on solar facilities. To construct the dataset, 

point data for all solar facilities with a combined nameplate capacity of one megawatt or 

more had been downloaded from the U.S. Energy Information Administration. The solar 

sites located at these points had then been digitized onscreen to create polygons 

representing each site (Wright 2021). 

Scenarios 
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I created three scenarios called “no barrier”, “degraded”, and “barrier”, which 

are defined by the landscape raster used. Each raster is based on the habitat raster, but 

they differ in their representation of anthropogenic disturbance. 

The “no barrier” scenario consists of only the habitat model with no 

anthropogenic features included. Conversely, the “barrier” scenario used all the 

features described above and treated them as impassable barriers to tortoise 

movement. These two scenarios represent the extremes and are useful for evaluating 

the connectivity in the best- and worst-case scenarios. 

The third scenario, “degraded”, factors in the spatial features by altering the cost 

of the cells that overlap with anthropogenic landscape features. Urban areas are 

impassable by desert tortoises, as are solar facilities, which are typically fenced off and 

inaccessible to desert tortoises (Hromada et al. 2020); therefore, these areas were 

impassable to the simulated tortoises. Because roads and railroads limit movement but 

do not necessarily represent complete barriers, they were assigned “conversion factors” 

which were used to decrease the habitat values of overlapping cells according to the 

following formula (Dutcher et al. 2019; Inman et al. 2013): 

degraded value = habitat value u (1 – conversion factor) 

After applying the formula for all anthropogenic features, the values were subtracted 

from one (as in Chapter 2) to obtain a resistance surface where zero indicates no 

resistance to movement and one indicates high resistance to movement. Once 

converted to a resistance value, a value that has been modified by a conversion factor 
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will always be equal to or greater than the conversion factor. For example, any cells 

containing a class one road will have a minimum resistance value of 0.9 (the conversion 

factor for class one roads), which would occur when the habitat quality is one, the 

highest value possible (1 – (1 u (1 – 0.9)) = 0.9). Thus, the conversion factor essentially 

adjusts the value such that the resulting resistance falls between the conversion factor 

and one. 

Conversion factors were chosen to represent the hypothesized influence of the 

given landscape feature on tortoise movement. Roads and railroads are known to 

impact tortoise distribution and connectivity – previous studies have found reduced 

tortoise densities near roads (Boarman & Sazaki 2006; Nafus et al. 2013; Peaden et al. 

2015), and tortoises have been shown to avoid movement near roads, including low 

traffic roads (Peaden et al. 2017; Hromada et al. 2020; Gray et al. 2019; Sadoti et al. 

2017). Genetic studies have also found that roads and railroads are associated with 

increased genetic differentiation, indicating decreased tortoise movement (Latch et al. 

2011; Dutcher et al. 2020). In addition, studies have shown that different classes of 

roads have variable impacts on tortoise distribution (Nafus et al. 2013; Peaden et al. 

2015). 

I therefore assigned higher resistance 

values to cells containing roads and used 

different conversion factors based on the class of 

the road (see Table 3). Higher resistance values 

Feature Conversion factor 
Road, class 1 0.9 
Road, class 2 0.7 
Road, class 3 0.4 
Railroad 0.4 

Table 3 – The conversion factors used to 
represent anthropogenic features in the 
“degraded” landscape. 
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decrease the movement potential and increase the mortality risk, making it less likely 

that a tortoise will pass through the cell. Class one roads, which primarily consist of 

interstates, received the highest conversion factor, with class two and three roads and 

railroads receiving lower conversion factors. 

Quadtree representation 

After the three landscapes were created, they were converted to quadtrees 

using the “range” method described in Chapter 1 – in the process of creating the 

quadtree, any quadrant whose maximum and minimum values were greater than 0.1 

apart was split. The resulting quadtrees can be seen in Figure 24. 

Table 4 – Parameter values used in the simulations. 

Parameter Value 
Number of years 10,000 
Number of replications 10 
Mating age 17 
Number of offspring (lambda of Poisson 
distribution) 

6 

Mating distance 1000m 
Age risk score functions juveniles:   14 / (1 + e2 * (x – 10)) 

adults:         6 / (1 + e0.2 * (x – 60)) 

Figure 24 – The resistance surfaces for each of the scenarios. Black areas represent impassable barriers. 
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Habitat risk score function 10 / (1 + e15 * ((1 - x) - 0.3)) 
Density risk score function 10 / (1 + e0.2 * (x - 60)) 

Simulation 

Simulation design and parameterization 

The same simulation described in Chapter 2 was used. Based on the results from 

Chapter 2, I used the “base u 3” movement parameter and a mutation rate of 0.0001. 

All other parameters were the same as those used in Chapter 2 and can be seen in Table 

4. 

Initialization 

To create a set of demographically stable tortoises to use as the initial state, a 

set of tortoises was distributed uniformly across the “no barrier” landscape, and then 

the model was run until the population size stabilized. The resulting agents were used as 

the starting set of agents for all simulations. 

Genetics 

To initialize the genetics, I used a dataset of 748 genetic samples of tortoises 

across the Mojave (Hagerty & Tracy 2010). As in chapter 2, the genetic data consisted of 

20 diploid loci. I calculated the allele frequencies for each locus, which were then 

treated as the probability of being selected for each allele and were used to initialize the 

starting agents with random genetic data. This results in a panmictic set of agents – that 

is, the genetics show no spatial pattern. 
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Simulation runs and output 

For each landscape, 10 repetitions of 10,000 years were run. The complete set of 

tortoises were saved at 1,000 year increments, which, for every tortoise, included the 

coordinates, sex, age, and genetics. 

Data analysis 

Sampling locations 

To assess the genetic pattern, I sampled tortoises from the complete set of 

tortoises for year 10,000 using two different sampling schemes. In each sampling 

scheme, 2km u 2km squares were distributed across the landscape, and tortoises that 

fell within each of these sites were selected. For the purpose of the genetic statistics, 

the tortoises in a site were considered to be a single population. 

 

Figure 25 – The two sets of locations used for sampling tortoises. (A) The small-scale sampling scheme. (B) 
The large-scale sampling scheme. 

A B 
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In order to assess the genetic pattern at different scales, I created a “small-scale” 

and a “large-scale” sampling scheme (Figure 25). In the small-scale sampling scheme, 

the squares were arranged in a hexagonal grid, where each square was 10km from its 

nearest neighbors. To examine spatial relationships at a larger scale, I created a second 

set of squares by manually selecting 25 locations across the tortoises’ range, which I 

refer to as the large-scale sampling scheme. The sampling locations were chosen to be 

in high-quality habitat to ensure enough tortoises were present in all three simulations 

for the metrics calculated to be reliable. 

For each of the three scenarios, I sampled tortoises at the sampling sites and 

then calculated the average number of tortoises in the site across the 10 repetitions for 

each scenario. When analyzing a single scenario, I only used sites that had more than 50 

tortoises on average, and when comparing two scenarios I only used sites where both 

scenarios had more than 50 tortoises on average. Given that adult tortoises made up 

about 10% of the population (see “Results”), 50 tortoises in a 2km u 2km square results 

in a density of approximately 1.25 adults per km2. 

The analyses performed involve calculating pairwise values between sampling 

sites, and the large number of pairwise values makes visualization difficult, especially for 

the small-scale sampling scheme. To reduce the comparisons to only nearby points and 

allow for visualization of the results, I calculated the Delaunay triangulation for each set 

of sampling locations, which essentially connects points to nearby points without any 

overlapping segments (Lee & Schachter 1980). This allows for a drastic reduction in the 
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number of pairwise values while maintaining the relationships between nearby points, 

making for more interpretable visualizations. 

Genetic data analysis 

For each scenario I calculated the overall expected heterozygosity (He), overall 

observed heterozygosity (Ho), and overall FST, and took the average of these metrics 

across the 10 repetitions to obtain a single value for each scenario. In addition, I 

calculated He and Ho for each site in the two sampling schemes. He is calculated using 

the allele frequencies for each locus and indicates the percent of individuals that would 

be expected to be heterozygous if mating was random. Ho, on the other hand, is the 

actual rate of heterozygosity, and decreases in Ho can indicate increasing fragmentation. 

FST measures the genetic divergence among subpopulations, with higher values 

indicating increased genetic divergence. I used the Weir and Cockerham method to 

calculate FST values (Weir & Cockerham 1984). I only present these per-population 

metrics for the small-scale sampling scheme given that it represents a more thorough 

sampling of the tortoises than the large-scale sampling scheme. 

The primary method used for investigating the genetic connectivity across the 

landscape was the pairwise FST (Weir & Cockerham 1984), which indicates the degree of 

genetic differentiation between two populations. FST generally responds quickly to 

changes in connectivity (Epps & Keyghobadi 2015), making it a good metric for detecting 

the genetic effects of landscape change. The pairwise FST was calculated for each pair of 

sampling sites for each scenario and repetition. To obtain a single set of pairwise FST 
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values per scenario, I calculated the average for each pairwise value across the ten 

repetitions of each scenario. 

Comparison between scenarios 

To assess the effect of anthropogenic landscape features on genetic connectivity, 

I subtracted the mean “no barrier” pairwise FST values from the corresponding values for 

the “barrier” and “degraded” scenarios and then plotted these differences to identify 

areas where genetic connectivity is reduced in the “barrier” and “degraded” scenarios.  

In addition, I identified values with significant differences between scenarios by 

using a t-test to test for a significant difference between the 10 repetitions of one 

scenario and the 10 repetitions of another scenario. Because I performed multiple 

comparisons, I used the Holm-Bonferroni method to adjust the p-values (Holm 1979) 

and then identified all values where the corrected p-value was below 0.05. This method 

was used to identify significant differences in the per-population heterozygosity values 

as well as the pairwise FST values. In the latter case, I only tested the significance of the 

Delaunay edges. 

Impact of linear barriers 

To assess the impact of roads and railroads on gene flow, I found the pairwise FST 

between sites in the small-scale sampling scheme divided by a road or railroad. I found 

all 10km-long Delaunay edges (i.e. edges that connect to one of the six “neighboring” 

squares) that intersected a road or railroad and then created univariate density plots of 

the pairwise FST by road class and scenario. If a segment intersected multiple linear 
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features of different classes, it was assigned to the most impermeable class of linear 

barrier intersected by the segment. 

Simulation code and computation 

The simulation was written in C++ and run on an 80-core Linux machine with 

377GB of RAM. Multiple simulation runs were run in parallel, and computation time for 

a single run ranged from about 334-364 hours. All data analysis was performed in R (R 

Core Team 2022).  

Results 

Connectivity by scenario 

No barrier 

The “no barrier” scenario had the lowest overall FST (0.042) and the highest 

overall Ho (0.772), indicating that this scenario is the most connected of the three (Table 

5). It also had the highest number of tortoises of the three scenarios (396,253 adult 

Table 5 – Summary statistics for each scenario at year 10,000. Values are averaged across the 10 
repetitions. Values in parentheses provide the standard deviation among the 10 repetitions. Ho, He, and 
FST were calculated using the tortoises from the small-scale sampling scheme. 

 
Avg. number of 
tortoises 

Avg. number of 
adult tortoises 

Ho He FST 

Barrier 3,364,606 (3404) 340,475 (482.4) 0.724 (0.0015) 0.797 (0.0013) 0.101 (0.0011) 

Degraded 3,529,530 (4487) 357,374 (514.1) 0.765 (0.0007) 0.797 (0.0006) 0.051 (0.0005) 

No barrier 3,909,239 (4167) 396,253 (359.7) 0.772 (0.0011) 0.798 (0.0012) 0.042 (0.0004) 
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tortoises; Table 5), which is as expected given that the other two scenarios include 

habitat loss and habitat degradation.  

The results in Figure 26 depict a landscape that is largely connected. This is 

especially evident in the plot of the pairwise FST, which shows that there are very few 

areas that are cut off from the main body of the habitat. The per-population Ho provides 

Figure 26 – The tortoise density, pairwise FST, and observed heterozygosity in year 10,000 of each scenario  
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similar results – most populations have a high level of heterozygosity, with isolated 

populations and edge populations having lower Ho.  

Barrier 

The “barrier” scenario shows an extreme level of fragmentation. It has the 

lowest overall Ho (0.724) and the highest overall FST (0.101), indicating lower gene flow 

(Table 5). In addition, it has the lowest number of adult tortoises (340,475) of the three  

Figure 27 – The differences between the “barrier” and “no barrier” scenarios and the “degraded” and “no 
barrier” scenarios for per-population Ho using the small-scale sampling points. For each comparison, the 
raw differences are shown as well as the differences that were statistically significant at the 0.05 level 
(after correction using the Holm-Bonferroni method).  
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A 

B 

Figure 28 – The differences between the “barrier” and “no barrier” scenarios and the “degraded” and “no 
barrier” scenarios for pairwise FST for the (A) small-scale and (B) large-scale sampling points. For each 
comparison, the raw differences are shown as well as the differences that were statistically significant at 
the 0.05 level (after correction using the Holm-Bonferroni method).  
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scenarios (Table 5). These results are as expected – because all human development is 

 treated as a complete barrier, this scenario essentially consists of many completely 

isolated populations, thereby resulting in a very high degree of genetic differentiation. 

The pairwise FST and per-population Ho also indicate extreme fragmentation 

(Figure 26). The map of pairwise FST visibly outlines the fragmented populations – the 

lower pairwise FST within isolated areas clearly contrasts with high FST between 

populations in different fragments. The per-population Ho also highlights the isolation of 

the various fragments. Larger fragments, like the one in the western Mojave, still have 

populations with fairly high Ho. However, smaller fragments have noticeably reduced Ho. 

This aligns well with theoretical results, which suggest that small populations are likely 

to have less genetic diversity (Allendorf et al. 2012).  

The comparisons with the “no barrier” scenario (Figure 27, Figure 28) show the 

same patterns just discussed – increased differences in the pairwise FST between 

fragmented populations and decreased Ho, with the most dramatic differences occurring 

in small fragments. Both the large-scale and small-scale sampling schemes show a large 

number of significant differences across the Mojave (Figure 28). 

Degraded 

The “degraded” scenario shows increased genetic differentiation, but much less 

than the “barrier” scenario. The overall FST (0.051) and overall Ho (0.765) indicate more 

fragmentation than the “no barrier” scenario but less than the “barrier” scenario (Table 
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5). Similarly, the total number of adult tortoises (357,374) was more than “barrier” but 

less than “no barrier” (Table 5). 

The maps of pairwise FST and Ho reflect the addition of anthropogenic 

development (Figure 26). Noticeably higher pairwise FST values occur between sites 

divided by class one roads such as I-15, I-10, and I-40. Overall, the maps show a 

landscape that is not completely fragmented like the “barrier” scenario but is not as 

continuous and connected as the “no barrier” scenario. 

It is when the results are directly compared with “no barrier” that the effects of 

the added movement barriers become most evident (Figure 27). The increased pairwise 

FST values due to class one roads are very evident, and many of the edges intersecting a 

road show significant differences with the “no barrier” scenario. In addition, a few larger 

areas of increased genetic differentiation can be identified, as evidenced by increased 

pairwise FST values and decreased Ho. There is a significant loss of connectivity and 

heterozygosity in the western Mojave, in particular around the cities of Victorville and 

Ridgecrest, California, where there is a higher concentration of roads, urban areas, and 

Figure 29 – The density of pairwise FST values for 10km-long Delaunay edges intersected by a road or 
railroad. Class 3 roads and railroads are grouped together because they use the same conversion factor 
(see Table 3). 
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solar facilities. Las Vegas, Nevada, also results in fragmentation – it blocks an area 

connecting a few different patches of habitat, and as a result causes increased 

differentiation between populations on opposite sides of the city. Finally, the 

populations in Utah, which are already on the edge of the suitable habitat, appear to be 

mostly cut off from the rest of the range, likely because of I-15 and St. George as well as 

some smaller roads in the area. 

It is also interesting to note the differences in the spatial location of significant 

edges identified between the small-scale and large-scale sampling schemes. Unlike the 

small-scale sampling scheme, the large-scale sampling scheme only shows significant 

differences in pairwise FST in the areas around Las Vegas and St. George, suggesting that 

the genetic differentiation caused by roads may be detectable only at sites close to a 

road and not at more distant sites. 

Impact of roads on connectivity 

The road classes have differential effects on the pairwise FST, as shown in Figure 

29, which compares edges intersecting roads across the three scenarios. Class one roads 

(primarily consisting of interstates) have the biggest impact, while class two and three 

roads as well as railroads have noticeable but less distinct impacts. However, while class 

one roads clearly have a major impact on connectivity, some gene flow appears to be 

happening in the “degraded” scenario – the pairwise FST is still significantly lower than 

the “barrier” scenario, where all roads and railroads are impermeable, suggesting that 

some gene flow is still occurring. 
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Discussion 

Simulated population size compared with population estimates  

The overall number of tortoises ranged between 3.3 and 4 million tortoises; 

however, for each simulation, only about 10% were adults (i.e. tortoises 17 years or 

older), with the average number of tortoises ranging from 340,475 (“barrier”) to 

396,253 (“no barrier”) (Table 5). This corresponds with estimates of real-world 

population size – a recent study estimated the range-wide number of adult tortoises in 

2004 and 2012 to be 336,393 (standard error = 51,596) and 212,343 (standard error = 

31,391), respectively (Allison & McLuckie 2018). While the number of simulated 

tortoises is significantly higher than the estimate for 2012, the estimated total 

population size for all three scenarios is similar to the 2004 estimate. The difference 

between the 2012 estimate and the number of tortoises in the simulation could be 

caused by human impacts not included in the simulation. For example, the simulation 

does not take into account activities like livestock grazing or off-road vehicle use, which 

both serve to reduce the quality of tortoise habitat (Fleischner 1994; Lovich & 

Bainbridge 1999). 

Impact of population size on connectivity 

In the “no barrier” scenario, the large-scale sampling scheme shows larger 

differences in pairwise FST in the northeastern Mojave (Figure 28). In some ways, this 

may seem unexpected given the fragments are completely isolated from each other, so 

no two fragments are more connected than any other. In fact, all else being equal, there 
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should be no overall spatial pattern whatsoever between fragments since there was no 

spatial genetic pattern present when the simulations began and no interaction between 

populations in separate fragments. However, the observed differences have nothing to 

do with spatial arrangement and instead are a result of varying fragment sizes – the 

northeastern Mojave consists mostly of small fragments, while the western and 

southern portions have some relatively large fragments, and the sampling areas in this 

region all fall in these larger fragments (see Figure 25).  

Larger populations are more resilient to genetic drift, and so the populations in 

large fragments are more likely to retain the breadth of genetic diversity present in the 

initialized genetics (Allendorf 1986) – this is evidenced by the higher values of Ho in large 

fragments. Genetic differentiation still occurs between these areas – Figure 28 shows 

that nearly all the pairwise FST values in the large-scale sampling scheme are significantly 

different than the “no barrier” scenario – but occurs more slowly in large populations 

(Varvio et al. 1986; Epps & Keyghobadi 2015). The small fragments lose much of the 

original genetic variation, and therefore will be left with a smaller subset of the original 

set of alleles (Allendorf et al. 2012). Given that genetic drift is an inherently stochastic 

process, the set of alleles kept or lost will vary between the small fragments. Therefore, 

it is likely that small fragments will retain different sets of alleles, which will then 

increase the pairwise FST between populations in these fragments. In this way, the 

apparent spatial pattern of increased pairwise FST in the northeast (Figure 28B) is simply 

a product of the smaller fragments being grouped together. 
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Isolation vs. separation 

The previously discussed phenomenon is important to keep in mind when 

interpreting the results of the simulations, especially when interpreting the differences 

in pairwise FST between the two disturbed landscapes and the “no barrier” landscape. 

One possible interpretation of a significant difference in pairwise FST with the “no 

barrier” simulation could be that less gene flow is occurring between the two 

populations in the disturbed landscape than in the undisturbed landscape, and this may 

be the case. However, this may not always be a suitable explanation. A good example is 

evident in Figure 28 in the comparison between the “degraded” and “no barrier” 

scenarios – in the large-scale sampling scheme there is a significant difference detected 

between a location in Utah and a location at the very southern tip of the tortoises’ 

range, which are approximately 450km apart. In the “no barrier” simulation, no direct 

gene flow can occur between these two sites, so reduced gene flow is not a plausible 

explanation given that no gene flow occurred in the first place. Instead, the explanation 

likely lies in the pattern discussed above. The sampled population in Utah is mostly cut 

off by St. George, forming a small and isolated population which likely retains only a 

small subset of the original alleles. Thus, the significant difference is likely being caused 

by the extreme genetic drift occurring in that area. This results in the population having 

significant differences in the pairwise FST between virtually every other population, 

regardless of spatial location – indeed, every edge connecting to the Utah population 

shows a significant difference in pairwise FST with the “no barrier” scenario. In this case 

these differences likely reflect the Utah population’s isolation rather than a decreased 
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amount of gene flow between the two regions given that direct gene flow was not 

occurring in the “no barrier” scenario. 

In fact, for the purpose of interpretation, it may be useful to distinguish between 

two different reasons for significant differences in pairwise FST detected between 

scenarios. The previous discussion illustrates that some of these differences may occur 

because of the isolation of a single area. In the results presented here isolated 

populations can be detected by significant decreases in Ho (Figure 27). In addition, these 

populations typically show that every pairwise FST value is significantly different, as is 

evident in the previously discussed example. Isolation can be detected to some degree 

by both Ho and the pairwise FST, which is illustrated by the large degree of spatial 

overlap between regions with significantly different Ho and regions with significantly 

different pairwise FST (Figure 27, Figure 28). 

However, other significant differences in pairwise FST between scenarios may be 

caused by separation between the two populations rather than the extreme isolation of 

one of the populations. This is evident in sites divided by an interstate. Figure 28 shows 

that many of the edges in the degraded scenario that cross an interstate are significantly 

different than those same edges in the no barrier scenario. Comparison with the 

differences in Ho displayed in Figure 27 shows that these sites do not show dramatic 

decreases in Ho. Taken together, this indicates that the differences are not simply a 

result of the extreme isolation of one population. 

The difference between these two explanations (what I have termed “isolation” 

and “separation”) should not be carried too far, as isolation obviously implies 
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separation. However, in this case it is a useful distinction to make when attempting to 

identify the reasons for differences in pairwise FST detected between scenarios. 

Implications of results 

Long-distance vs. short-distance effect of roads 

In the “degraded” simulation, significant differences were found with the 

“barrier” simulation in nearby sites (e.g. sites from the small-scale sampling scheme) 

divided by a road, but sites at a greater distance divided by the same road (e.g. sites 

from the large-scale sampling scheme) did not have significantly different pairwise FST 

values with the “no barrier” simulation. For example, the small-scale sampling scheme 

had several edges intersecting I-40 that were significantly different than the “no barrier” 

scenario, while none of the edges crossing I-40 in the large-scale sampling scheme had 

significant differences with the “no barrier” scenario (Figure 28). This is in line with 

previous studies that have shown that the genetic effects of barriers manifest more 

slowly between sites at greater distances (or when dispersal distance decreases) (Epps 

& Keyghobadi 2015; Landguth et al. 2010). 

The practical implication of this finding is that research efforts aiming to assess 

the impact of roads on genetic connectivity should ensure that the genetic data are 

collected close to the roads whose impacts are being investigated. This is especially 

relevant given that the relatively recent addition of roads to the landscape may mean 

that if there is any detectable genetic signal caused by a road, it is likely to be weak. 
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Reduced movement leads to increased genetic differentiation 

Comparing the impact of roads on connectivity shows that road class has a 

noticeable impact on genetic connectivity, as seen in Figure 29. Class one roads clearly 

cause genetic differentiation, class two roads lead to genetic differentiation but not as 

much as class one roads, and class three roads and railroads appear to cause very slight 

but noticeable differentiation, illustrating the impact that movement reduction has on 

genetic connectivity. In the simulation, the increased resistance values both reduce 

movement distances and increase mortality, thus decreasing the number of tortoises 

that can cross from one side to another. This clearly shows that barriers that reduce 

tortoise movement increase genetic differentiation. 

Another interesting result is the vast difference between the pairwise FST values 

of the “barrier” and “degraded” scenarios evident in Figure 29. While the difference 

between the “degraded” and “no barrier” values show the impact that reduced 

movement has on connectivity, the even more dramatic difference between the 

“degraded” and “barrier” scenarios shows that even limited movement is vastly superior 

to no movement. This provides support for conservation actions that may allow even 

small numbers of tortoises to cross an otherwise-impermeable barrier (for example, 

ensuring that culverts underneath interstates are passable by tortoises). 

It should be noted that this result should be treated with some caution. Given 

that I did not save individual movement paths, I cannot assess the number of tortoises 

that crossed the barrier, and therefore cannot know how many tortoises crossed over 

any of the roads. Because of this, I cannot determine the actual rate of crossings 
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required to maintain an acceptable amount of gene flow.  An interesting avenue of 

future research would be to design a simulation that specifically assesses how different 

crossing rates affect genetic connectivity and what crossing rate is necessary to maintain 

a suitable level of gene flow. 

Areas of concern 

As mentioned in the results, the “degraded” scenario appears to show at least 

three large areas that are negatively impacted – the western edge of the Mojave, the 

Las Vegas area, and the St. George area. In each of these three areas, there are a 

number of populations that show significant decreases in Ho (Figure 27), suggesting that 

development in these areas is creating isolated subpopulations of tortoises that are 

“trapped” because of a combination of urban development and topography. Because of 

their isolation, these populations experience increased genetic drift and a loss of genetic 

diversity. 

While all three areas show increased fragmentation, Las Vegas is of particular 

concern because of its central location – the valley in which it is situated was previously 

a transitional corridor (Britten et al. 1997; Hagerty et al. 2011). Given that the city now 

occupies the vast majority of this valley, it acts as a major barrier to gene flow, resulting 

in genetic differentiation between populations located around the city (Figure 28). In 

fact, it appears to largely isolate the area northeast of Las Vegas, which makes up the 

Northeastern Mojave Recovery Unit (U.S. Fish and Wildlife Service 2011). A narrow 

corridor north of Las Vegas could potentially provide connectivity to the habitat 
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northwest of Las Vegas, but this area already has some human development, and access 

to this corridor is made more challenging because of major roads as well as solar 

facilities. Therefore, it appears that this recovery unit is at risk of being cut off from the 

rest of the desert tortoises’ range. 

In addition to these urban areas, major roads like interstates cause increased 

genetic differentiation, highlighting the importance of exploring conservation actions 

that can increase the permeability of roads. The number of major roads in the area as 

well as their location in core tortoise habitat raises concerns about their long-term 

impacts on the tortoises’ genetic connectivity. 

Sources of uncertainty in the results 

Current and future connectivity 

It should be noted that while the simulations ran for 10,000 years into the 

future, they did so on a static landscape and did not take into account future 

development or climate change, both of which are occurring rapidly. Therefore, the 

results should not be interpreted as a prediction of what will happen, but rather as a 

way of inferring the not-yet-visible impacts of current habitat degradation and 

fragmentation. Indeed, given the rate of landscape change in this area, the “degraded” 

landscape may actually be the best-case scenario since future landscapes will be 

impacted by new development as well as climate change. 

Parameterization 
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The parameterization of a simulation model is notoriously difficult, and often 

requires subjective definitions of certain parameters. There are many parameters in this 

model whose value was chosen largely subjectively. In particular, the choice of 

conversion values to apply for different landscape features is inherently subjective. As 

mentioned in the “Methods” section, different road classes are known to affect 

tortoises to varying degrees, and so varying the resistance value based on road class has 

ample justification. However, the actual values selected is much more subjective. The 

problem is made particularly challenging in that there is no clear real-world correlate to 

the “resistance” of a road as defined in the model, which means that even with a 

plethora of data about tortoise movement across roads it would be difficult to 

determine how to translate it to the representation used in the simulation.  

Unrealistic starting conditions 

The simulations began with tortoise genetics randomly assigned across the 

entire Mojave, which is clearly an unrealistic starting condition – current tortoise genetic 

patterns are a result of complex historical factors like past climates and geological 

history, and at no point were the genetics completely panmictic across the entire range. 

Also, in the real world the addition of barriers on the landscape occurred after a spatial 

genetic pattern already existed, unlike the initial panmictic state of the “barrier” and 

“degraded” scenarios. Thus, caution is required when comparing the simulated genetic 

pattern to the empirical genetic pattern. 
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That being said, even if the starting condition is unrealistic, areas of increased 

genetic differentiation in the simulation still likely reflect actual genetic differentiation 

so long as the parameterization and structure of the model is correct. For example, 

regardless of whether the panmictic starting condition is realistic, a linear barrier (like a 

class one road) will increase the genetic differentiation in the simulation, as it does in 

reality. 

Other landscape features 

While the “barrier” and “degraded” scenarios include many of the most 

prominent barriers to tortoise movement, there are other features not included that 

could change the results. For example, the models do not include minor roads or 

unpaved roads, which are known to impact tortoise movement (Latch et al. 2011; 

Hromada et al. 2020). Other features that influence tortoise habitat and therefore could 

be included in the model are mines, livestock grazing areas, areas damaged due to 

military maneuvers, and OHV areas, among others. 

Conclusion 

Habitat fragmentation and degradation is a serious concern for the Mojave 

desert tortoise. The results presented here highlight the negative impact that current 

anthropogenic development has on the tortoises’ genetic connectivity. As the first 

range-wide genetic simulation of desert tortoises, this work provides insight into the 
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way that human development influences the genetic connectivity of desert tortoises 

across the entire Mojave. 

The simulation results can help identify areas where gene flow may be reduced 

but is not currently detectable in the genetic data, and the areas identified here may be 

good places to implement actions that could help reduce the negative impact of human 

development on gene flow. For example, fencing combined with culverts could provide 

a way for tortoises to safely cross roads (Averill-Murray et al. 2021; Ruby et al. 1994), so 

placing fencing along roads identified as barriers and ensuring that culverts are passable 

could be one way to improve the connectivity of areas the simulation identified as 

limiting gene flow. Overall, models like the one presented have the potential to help 

identify areas of reduced gene flow, and taking actions in these areas could ameliorate 

these problems before more severe effects occur. 
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