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Contacts between individuals are key for the spread of infectious disease. Although essential to understanding
disease spread, contact rates are difficult to predict, based simply on population demographics in wildlife
populations, because contact rates depend upon environmental features as well as the nature of social in-
teractions within and between groups of individuals. We developed a detailed, behaviorally structured,
individual-based model (IBM) in Netlogo to simulate contacts between- and within-groups of individual mule
deer (Odocoileus hemionus), a species particularly susceptible to chronic wasting disease. The model tracks
contacts (defined as two individuals coming within five meters of one another), recorded as between- or within-
group depending on the social group membership of the two individuals (dyad). We parameterized the model
with data from mule deer with global positioning systems (GPS) collars in east-central Alberta, Canada. In-
dividuals move according to habitat preferences, home range attraction, and grouping behaviours. Animals were
tracked at two-hour time steps and were modelled as selecting locations relative to preferred resources based on
sex-specific integrated step-selection functions (iSSFs) with steps biased toward a home range centroid. Total
within-group contacts increased with group size and were sensitive to changes in movement cohesion of the
group and movement persistence, particularly movement cohesion. Total between-group contacts were sensitive
only to the number of groups. We compared model predictions for where the locations of deer contacts occurred
against an existing statistical model for the relative contact probabilities (RCP) on the same landscape (Dobbin
et al. 2023). Predicted locations of deer contacts generally were consistent with higher predicted RCP values.
When disease transmission is a function of contact rate, the model can be used to assess the interaction between
model components (e.g., movement rates, grouping rules, home ranges, animal densities) and the spatial dis-
tribution of key natural and artificial resources that may attract deer and potentially increase disease spread.

1. Introduction

Disease can negatively affect populations and ecosystems by causing
mortality directly or lowering individual fitness (McCallum et al., 2009;
Cotterill et al. 2018). In turn, disease-driven declines in some species can
alter ecosystem function (Herrera and Nunn 2019). A range of modelling
tools from top-down, compartmental and ordinary differential equations
models to bottom-up, individual-based models (IBMs) have been used to
gain insight to address the impact of diseases on species and ecosystems
(White et al. 2018a; Wells et al. 2019; Croft et al. 2020). Epidemiological
studies using compartment models and ordinary differential equations
can address questions related to pathogen invasion, disease dynamics
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and persistence, and population thresholds. However, because they
employ population averages and do not let each individual have unique
values and combinations of parameters (Murphy et al. 2020; Mortensen
et al. 2021), they provide limited insight on the effect that small-scale,
individual variation in host responses to heterogeneity in environ-
mental conditions have on disease dynamics.

In contrast, bottom-up IBMs have the advantage of including spatial
and, uniquely, individual heterogeneity, allowing for variation between
individuals in behaviour and state variables (White et al. 2018a; Kerr
2019; An et al. 2020). For example, Scherer et al. (2020) found that
predicted probabilities of disease persistence were up to eight times
higher when the underlying habitat structure was accounted for in
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individual movement. Responses to environmental heterogeneity may
be particularly important for wide-ranging hosts, such as large mam-
mals, where the behavioral interactions with the environment, such as
habitat selection while moving, can influence host interactions and alter
disease spread (Scherer et al. 2020; Accolla et al. 2021). Further, IBMs
can incorporate host grouping patterns and their correlated movements,
which may influence rates of contacts and disease transmission
(Schauber et al. 2007; Tosa et al. 2015; Belsare et al. 2020; Kjeer and
Schauber 2022). As a result, IBMs lend themselves to determining the
sensitivity of model outcomes to changes in individual behaviors, and
evaluating the impact of different environmental conditions on disease
transmission (Ramsey et al. 2014; Kerr 2019; Maloney et al. 2020). This
is particularly useful for evaluating disease management strategies that
focus on altering host densities or the spatial pattern in resources
influencing their movement and distribution. At the same time, IBMs
require a large amount of data to parameterize and can be highly
computationally expensive (Crooks et al. 2008; White et al. 2018a)

In this paper, we develop an IBM to simulate seasonal within- and
between-group contacts of mule deer on a real, heterogeneous landscape
and record contact rates by deer and by patch, to address the question of
whether an IBM can be used to simulate realistic contact locations, and
therefore provide a tool to evaluate management scenarios. The IBM
incorporates resource selection in the location of the home range and in
the movement steps of individuals, include interactions between in-
dividuals, and focus on winter behavior of deer, where group sizes are
larger and the sex composition of groups is mixed (Lingle 2003). The
model can be used to address applied questions such as how the density
and spatial distribution of natural and artificial resources (e.g., food
items) influence contact rates (Gritter 2022), the degree to which fre-
quency- and density-dependent transmission influence disease dynamics
(Manlove et al. 2017), and how different placement strategies of oral
vaccine baits influence their rates of encounter (Thulke and Eisinger
2008; Ramsey and Efford 2010).

We start by giving an overview of all models and analyses, with the
detailed presentation of the IBM simulation model details sequestered to
Appendix A in a standard presentation format (Grimm et al. 2006, 2010,
2020). We perform a sensitivity analysis on model parameters (group
cohesiveness, movement persistence, number of groups) to identify
model output patterns in response to parameter changes, model
robustness, and key parameters driving outputs (Cariboni et al. 2007;
ten Broeke et al. 2016; Manlik et al. 2018; Prieto and
Ibarguen-Mondragon 2019). Finally, we evaluate whether the model
can produce realistic outcomes by comparing a map of the spatial dis-
tribution of simulated contacts across a real-world landscape to a map of
the probability of contacts occurring in a location, which was derived
statistically by Dobbin et al. (2023) based on known contacts of
GPS-collared deer.

2. Methods
2.1. Animal data

We used data from GPS-collared mule deer in east-central Alberta,
Canada (animal use protocols: Univ. Alberta 4641001 and
AUP00001369). Two-hour fix data were used for the integrated step-
selection functions, and data were rarefied to one fix per quarter of
the day for the home range resource selection functions. The margin of
error for the GPS collars across habitats and time periods ranged from
4.5 £ 0.2 m to 7.5 £ 0.2 m. Winter deer densities, group size, and
composition of groups were based on winter aerial surveys during 2008,
2009, 2018, and 2020, whereas 81 GPS-collared mule deer, monitored
over two periods (2006 - 2009, 2017 - 2020), provided the basis for
home-range sizes, home-range resource selection function, and move-
ment integrated step-selection functions.
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2.2. Models and analysis

In this paper, there are multiple analyses used to create and evaluate
the individual-based model. The relationship between these analyses
can be seen below in Fig. 1.

2.2.1. Home-range resource selection functions

The model focuses on contact rates in winter when mule deer are
more concentrated and form larger, mixed-sex groups (Lingle 2003). We
assumed home-range sizes and habitat selection patterns remain con-
stant throughout the simulation, but the model could be extended to
include changes in behaviour within or across seasons.

Sex-specific resource selection functions (RSFs) were developed for
home range placement, because the sexes have different median home-
range sizes. These were based on empirical data from winter/spring (16
December — 9 May). The winter home-range selection function was
derived using movement data from 54 female and 21 male GPS-collared
mule deer, each of which had between 309 and 584 fixes (GPS locations)
for the winter when including only one fix from each quarter day. Then
home ranges were delineated base on 95 % utilization distributions
calculated with the adehabitatHR (version 0.4.19) software package
in R (Calenge, 2006). The analysis was based on a “used” versus
“available” structure for the home range habitat. Home ranges (used
units, denoted by 1) derived from the empirical data were compared to
randomly placed circular areas (available units, denoted by 0), where
available units were equal in area to the median home-range size (16.05
km? for males, 14.36 km? for females) and the entire landscape was
assumed to be available. Median home-range size was used to represent
the deer instead of the mean to avoid overrepresentation of large
home-range values that resulted from dispersal movements included in
the GPS data. Five available units were generated for each used unit
(Gustine et al. 2006; Ladle et al. 2018).

Covariate values for each used and available home range unit
(Table 1) were measured using the average covariate value within the
home range. Distance covariates were transformed using a negative
exponential function in order to represent a more realistic effect of these
features. Transforming the distance values restricts the effect of features
past a particular distance as opposed to allowing for continued effects of
a feature at an unrealistic distance (Nielsen et al. 2009). Covariates were
assessed for collinearity and variables correlated with | r | > 0.7 were
not included in the same RSF model. RSF models were fit using a
generalized linear model with a logistic function, with the dependent
variable being whether the home range was used (1) or available (0)
(Boyce et al. 2002; Bates et al. 2015). The lme4 (version 1.1-26)
package in R was used for a standard set of models plus the model
including covariates that did not overlap zero in the global model. We
initially fit home range RSFs separately for male and female mule deer to
see if the top model was the same for both and to identify the set of
candidate models for the mixed-sex analysis. However, there is an
advantage to combining males and females if possible, because of the
need to place mixed home-ranges with one home-range centroid for all
group members (Lingle, 2003; unpublished data). Therefore, the top 5
models from males and females were taken as the candidate models for
the winter category and male and female data were pooled to parame-
terize a winter RSF for both sexes (Appendix B). Spatial weights on the
landscape were then calculated using home-range-sized moving window
layers. Prior to creating mixed home-ranges, male and female RSF layers
were calculated, as the sexes have different home-range sizes, and
therefore a different moving window size was necessary. After the
separate male and female layers were calculated a mixed RSF layer for
both sexes was created by averaging the separate female and male layers
with a 70:30 weighting for females: males.

We assessed the degree of support for each model of home-range
selection based on Akaike’s information criterion (AIC), corrected for
small sample size, and parsimony. We assessed model performance
using k-fold cross validation with a circular moving window to calculate
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Fig. 1. Relationship between analyses used to create and evaluate the individual-based model presented in this paper.

covariate values for each cell (Burnham and Anderson 2002; Boyce et al.
2002).

2.2.2. Individual based model (IBM) for deer movement

The overall purpose of our individual-based model (IBM) was to
realistically simulate within- and between-group contacts of mule deer
on a real, heterogeneous landscape and to record contact rates by deer
and by patch, and therefore provide a tool to evaluate management
scenarios. Netlogo was used for programming the IBM as it is open
source and relatively intuitive to program in.

Patterns that were expected to be reproduced include home range
behaviours, within-group contacts being higher then between-group
contacts, and habitat selection for more favourable environments. To
consider our model sufficient for its purpose, realistic simulation of
contacts was defined as congruence with empirical data on contacts
collected via GPS-collared mule deer. The IBM incorporated key deer
behaviours such as seasonal grouping, home ranges, and resource se-
lection, with the aim of producing a depiction of potential contact rates
and locations that may be representative of disease transmission on a
heterogeneous landscape. State variables for the spatial patches and for
the deer are given in Table 2. The spatial and temporal resolution and
extent are given by Wildlife Management Unit (WMU) 234 in Alberta,
Canada (UTM: xmin 528,756.4, xmax 566,706.4, ymin 5,816,805, ymax
5,854,755) over a winter-spring period (16 December — 9 May) broken
into two-hour intervals.

The most important processes of the model, which are repeated every
time step, are (i) calculation of turning angle distribution based on
persistence and direction of home range centroid for all individuals, (ii)
selection and movement of group leader and followers, and (iii) con-
tacts, recorded by deer pair (hereafter referred to as dyad) and group

type (see also Figure A.1).

The most important design concepts of the model are (i) emergence
of patterns of space use (e.g., home-range size and shape), and of con-
tacts between deer, (ii) sensing by deer of resource covariates, direction
of home range centres and of leadership status, (iii) stochasticity with
respect to home range placement and movement of deer, (iv) collective
group formation by deer, and (v) observation of dyad-specific (FF, MM,
MF) total within- and between-group contacts (recorded both by deer
and by patch).

Details of the IBM simulation are given in Appendix A using the ODD
protocol (Grimm et al., 2020).

2.2.3. Integrated step-selection function

A step-selection function (SSF) was used as a key ingredient for the
IBM simulation for the movement of deer. Here we describe the Inte-
grated Step-Selection Function (iSSF) method used to parameterize the
movement weights for the SSF. We parameterized the iSSF weight by
comparing covariate values associated with the end point of each step of
a GPS-collared deer (used=1) to those at the end point of 15 random
steps (used=0), initiated at the same location but with direction and step
length chosen at random from the empirical distributions of the GPS-
collared deer (Female = 52, Male = 25). We drew step lengths from
an exponential distribution fit to data pooled across individuals for each
sex and used a step-specific Von Mises modified turning angle distri-
bution with empirically determined strength parameters k1 and k2
(details are given later in Equation 2). We measured the landscape at-
tributes given in Table 1 at the end point of a step. Models were fit using
a conditional logistic regression, using the amt (version 0.1) package in
R (Signer et al. 2019). The candidate models included a set common to
both sexes plus the model including only variables in the global model
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Table 1

Variables, units, and analysis scale characterizing landscape attributes within
30-m patches in a landscape of east central Alberta, Canada used in simulating
mule deer contact rates. All distance layers were transformed with a decay
function: exp(—0.001*distance). A description of layer creation and visualiza-
tion layers can be found in Gritter (2022).

Variable Unit Analysis Description Source
scale
Distance to m - Distance to nearest (Governement of
wells oil well site. Saskatchewan
2015; Alberta
Energy Regulator
2020)
Distance to m - Rivers were all (Government of
rivers primary or Canada 2017;
secondary rivers in Altalis 2018a)
Alberta; in
Saskatchewan rivers
were the Battle
River, North and
South Saskatchewan
River.
Distance to m - Streams included all (Government of
streams permanent linear Canada 2017;
water feature Altalis 2018a).
besides Battle River,
North Saskatchewan
River, and South
Saskatchewan River
in Saskatchewan,
and all perennial
and indefinite
streams in Alberta.
Distance to km - Distance to nearest (Governement of
roads road, paved and Saskatchewan
unpaved. 2019; Altalis
2020).
Agriculture % 250 m Proportion (Latifovic, 2019;
agriculture land Merrill
cover from Landsat unpublished data)
imagery.
Woody % 250 m Proportion woody (Latifovic, 2019;
cover cover from TM Merrill
Landsat imagery. unpublished data)
Woody km/ 250 m Linear density of (Latifovic, 2019;
cover km? woody cover edge. Merrill
edge unpublished data)
Ruggedness Unitless 30 m Terrain ruggedness ( (Government of

Riley et al., 1999) Canada 2016;

Altalis 2018b).

that did not overlap zero for each sex. The top model for each sex/season
was selected using AICc and parsimony.

2.2.4. Sensitivity analysis

We conducted a sensitivity analysis of three key model parameters
while holding all other parameters constant. These three were chosen as
they are the three variables with the most limited empirical data,
whether from our studies or the literature, that could be used to inform
their values. We varied the movement persistence parameter that in-
fluences home-range size (x;, see Equation 2, Appendix A), with values
from O to 1. While holding population size constant we varied the
number of groups from 196 to 240 to represent how aggregated deer
were across the landscape as well as variation in group size. Finally, we
varied the 30° restriction angle for the deer following the leader deer
(described in Appendix A) to represent varying movement cohesion
within deer herds. We employed a Latin hypercube sampling procedure
using the n1rx (version 0.4) package in R (Salecker et al. 2019), using
one hundred iterations, each running for 1840 timesteps. We present
partial correlation coefficients (PCC) as well as partial rank correlation
coefficients (PRCC) to look for non-linear effects (Helton and Davis
2003). Confidence intervals for the correlation coefficients were

Ecological Complexity 58 (2024) 101082

Table 2
State variables for patches and deer in the IBM.

Patches

Used to determine whether an individual
accepts or rejects a step when simulating deer
movement from the iSSF, calculated by dividing
the cell weight (as determined by step-selection
function) by the maximum weight across all
cells

Total number of within/between-group contacts
that have occurred on that cell between the
given dyad type (female-female, FF MF; male-
male, MM; male-female, MF).

proportional-Mweight/
proportional-Fweight

within-contacts-winter-XX /
between-contacts-winter-XX

Deer

male?/female? True/false variables that define the sex of
the individual

Leader True/false variable that defines the leader

of the group
Group Group number of the individual, defines
group membership

Leaderangle [who] (ID) of the deer in group with
leader=true

HRX/HRY x and y coordinates of the home range
centre

Angle The turning angle for the deer’s step

step-length The step length for the deer’s step

Result A 0/1 parameter, 0 when not accepting

step, switches to 1 when step is accepted
and breaks the loop in the code

Point The proportional weight value of the cell to
which the drawn step sends the individual

sine/cosine Parameters calculated using the direction of
persistence and direction towards the home
range centre, used to determine the new
heading for the individual

vm-length Spread parameter for the Von mises turning

angle distribution
Within-group-winter-same or mixed /  The total number of contacts that have
between-group-winter-same or occurred for that deer, with deer of the
mixed same sex and with deer of the opposite sex
(mixed).
Step-within-winter-same or mixed The number of contacts occurring in the
/step-between-winter-same or current step that are with the same sex or
mixed with the opposite sex (mixed).

calculated using bootstrapping.

2.2.5. Model assessment

We used predicted values from an empirically derived, statistical
model of the relative probability of a contact (RCP) occurring at a
location to assess the distribution of simulated contacts. RCP values for
our study area were derived in Dobbin et al. (2023) where values
represent the spatial probability of a direct contact (proximity < 3 m)
occurring between two mule deer collared in east-central Alberta
(2019-2020). The RCP models were derived by comparing environ-
mental characteristics (Table 1) at known contact locations (1) to those
of random locations (0) within the space-use overlap of two
GPS-collared mule deer using a logistic regression to derive the pa-
rameters of an exponential model. Contact probability can be dependent
on environmental features as deer can avoid or select features that in-
fluence their movement and home-range selection. RCP values were
scaled between 0 and 1 by dividing by the maximum value. High values
indicate a high relative probability of deer contact at a location given its
environmental characteristics (see Dobbin et al. 2023 for more details).
Dobbin et al. (2023) used group- and dyad-type-specific RCP models to
predict RCP values for each patch on the landscape. We compared these
values to the number of contacts for a patch (Table 2) averaged from 10
simulations using ten different random seeds to determine where con-
tacts were occurring. We used a two-tailed t-test to compare the mean
RCP of cells where contacts occurred in the simulations to the mean RCP
at the equivalent number of random points within the study area.
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Random points were placed with an equal probability of placement
across the landscape, with no two points in the same cell. Because the
data were continuous and randomly sampled and had a sufficiently large
sample size, the two distributions satisfied the requirements for per-
forming a t-test.

3. Results
3.1. Home-range resource selection functions

There were 4 competing models (AAICc < 2) for the pooled mule
deer selection of home range locations (see Section 2.2.1 for methods),
and there was considerably more support for these models than the null
model (Table 3). The top models all included distance to river, streams,
well sites, and extent of woody cover, although models differed with
respect to the linearity in the selection for woody cover. Deer avoided
roads in 3 of the top models. We used the top, most parsimonious model,
which reflected winter home ranges located in areas closer to large
rivers and well sites, but further from streams and with more woody
cover, with woody cover having the greatest influence on home range
placement (Table 3).

RSF-selection values across the study area indicated that there was
one large cluster of high RSF values in the center and one on the western
portion of the study area, with a few other clusters scattered throughout
that correspond to areas of high woody cover (Fig. 2). Five-fold cross
validation revealed an average correlation of 0.82 + 0.08 (+ SD) be-
tween training and testing datasets for the winter RSF.

3.2. Integrated step-selection function

Empirical step length distributions of male and female deer (see
Section 2.2.3 for methods) had exponential rate coefficients of —0.0037
and —0.0041, respectively (Fig. 3). Turning angle distributions were
unique to every step of each individual due to the influence of persis-
tence and bias to the home range centroid. The value of the x; param-
eter, which influenced the persistence, and the xy which influenced
home range centroid bias using simulation were 0.4 and 0.5, respec-
tively (Appendix C). When simulating, the same x values and target
home-range size were used for both sexes as their empirical median
home-range size was less than one standard error different (target home-
range size was 14.87 km?, a 70:30 weighted average of female and male
home-range sizes).

There were two competitive iSSF models (AAICc <2) for females and
one iSSF model for males (Table 4). We used the model for females
without the interaction between ruggedness and distance to the nearest
river to simulate deer movements based on parsimony because including
an interaction term did not considerably improve the model. Male iSSF
models differed from that of females in that female step selection
increased at high extents of woody cover whereas males selected high
and low values of woody cover. In contrast, female movement was less
influenced by the distance to well sites compared to males. Values of
selection across the study area were generally high in the central-west
and along the eastern edge of the study area. The distribution of step-
selection values in the study area did not differ significantly between
males and females (KS test D = 0.291, p < 0.001). While males and

Table 3
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females select for similar areas, we do see some minor visual differences
such as the males’ higher selection values, especially in the center-west
of the map, appear more diffuse than the females’ values, likely because
they also select for low woody cover values (Fig. 4).

3.3. Sensitivity

Partial correlation coefficients (PCC) revealed an extreme sensitivity
of within-group contacts to movement cohesion (i.e., influencing prox-
imity among individuals in a group), a slight sensitivity of within-group
contacts to the number of groups, and a sensitivity of between-group
contacts to the number of groups, while none of the other parameters
have a substantial impact (all other confidence intervals overlap zero;
Fig. 5a). PCC of movement cohesion was —0.93 for within-group con-
tacts, indicating that as the restriction angle controlling movement
cohesion increased and the group became less restricted in following the
group leader, this resulted in fewer overall contacts within a group, but
not between-group contacts. As the number of groups got larger, the
number of between-group contacts and within-group contacts decreased
as indicated by PCCs of —0.29 and —0.21, respectively. This is because
we held the total number of individuals in the simulation constant, such
that as the number of groups increased, number of individuals in a group
(group size) decreased; therefore, there are fewer individuals contacting
each other within groups, and in areas of overlap between groups there
are now fewer individuals to contact each other resulting in fewer
between-group contacts overall. Persistence, which influences home-
range size, did not significantly affect within- or between-group
contacts.

Partial rank correlation coefficients (PRCC) reveal non-linear in-
fluences not seen by looking at partial correlation coefficients (Fig. 5b).
Within-group contacts remained extremely sensitive to movement
cohesion (PRCC = -1.00), but were also sensitive to both number of
groups (PRCC = -0.62) and movement persistence (PRCC = -0.29) in a
non-linear manner. Between-group contacts were only slightly sensitive
to the number of groups (PRCC = -0.26).

3.4. Model assessment

Mean RCP values at simulated contact locations were significantly
higher than at random locations (Table 5), indicating that in all cases
simulated contacts were more closely related to where real-world con-
tacts are expected than would be at random except for where male-male,
within-group contacts occur (Table 5, Fig. 6).

4. Discussion

We developed an IBM of mule deer to determine the spatial distri-
bution of contact rates in heterogeneous landscapes. Although we
parameterized the model for winter, the model could be extended to
multiple seasons to incorporate changes in contact rates reflecting sea-
sonal changes in movement rates, habitat selection, group composition
and size, and home-range size. We assumed that within winter, home
range location, group size, composition, and membership did not
change. While previous IBMs for deer have included elements of home
ranges and grouping, they have not incorporated habitat selection in

Parameters of top models for the winter home-range resource selection function of mule deer based on pooled movement data of 54 female and 21 male GPS-collared
mule deer in east-central Alberta, Canada. * indicates that the confidence interval does not overlap zero.

Intercept Distance to rivers Distance to roads Rugged Terrain Distance to streams Woody cover Woody cover? Distance to wells AAICc
—4.64+ 0.44* 1.21+ 0.36* —1.34+ 0.65* 7.48+ 0.87* 0.91+ 0.31* 0
—5.59+ 0.77* 0.97+ 0.41* —0.59+ 0.58 091+ 1.16 —1.33+ 0.64* 16.94+ 5.30* —10.44+ 5.70 1.09+ 0.41% 0.462
—4.61+ 0.44* 1.18=+ 0.36* —0.60+ 0.59 —1.30+ 0.65* 7.46+ 0.87* 1.17+ 0.40* 0.962
—4.56+ 0.45* 0.94+ 0.41* —0.63+ 0.60 1.22+1.16 —1.45+ 0.65* 7.53+ 0.88* 1.18+ 0.41% 1.865
—419+ 0.39* 0.85+ 0.39* 1.28+1.16 —1.21+ 0.62* 6.91+ 0.81* 6.953
—-1.61+0.13* 128.16
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Fig. 2. Scaled, calculated winter home range RSF weights in simulation area based on weighted average of male and female calculated RSF layers. Green dots

represent Edgerton (upper left) and Chauvin (center right).
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distribution fit lines overlaid.

Table 4

Parameter values for the top 3 sex-specific, integrated step-selection functions for mule deer in winter in east-central Alberta, Canada (F = 52, M = 25). Bolded is the
top model, used to perform simulations, selected based on AICc and parsimony. * indicates that the confidence interval does not overlap zero.

Agriculture Edge Distance to Distance to Rugg x Rugged Distance to Woody Woody Distance to AAICc
density rivers roads Rivers Terrain streams cover cover? wells

Male
—0.70+ 0.09+ —0.10+ —0.16+ —0.11+ 0.28+ —0.12+ —0.73+ 0.73+ —0.03+ 0
0.09* 0.02* 0.02* 0.01% 0.04* 0.02* 0.02* 0.26* 0.25* 0.01*
—0.69+ 0.09+ —0.08+ —0.16+ 0.28+ —0.11+0.02*  —0.70+ 0.70+ —0.03+ 10.70
0.09* 0.02* 0.02* 0.01% 0.02* 0.26* 0.25* 0.01*
—0.68+ 0.06+ —0.08+ -0.17+ 0.28+ —0.12+ 0.02*  0.03+ 0.06 -0.03+0.01  56.12
0.09* 0.01% 0.02* 0.01% 0.02*

Female
-0.31+ 0.07 + —0.05 + -0.12 + -0.02 + 0.25+ —0.12+ 0.01*  0.46+ 0
0.06* 0.008* 0.007* 0.009* 0.008* 0.01* 0.04*
—0.31+ 0.07 + —0.05 + —0.12 + 0.25+ —0.12+ 0.46+ 1.87
0.06* 0.008* 0.007* 0.009* 0.01* 0.01* 0.04*
-0.31+ 0.06-+ —0.05 + -0.12 + 0.25+ —0.124+0.01*  0.59+ -0.13+ 0.003+ 5.01
0.06* 0.01% 0.007* 0.009* 0.01* 0.17* 0.16 0.007

home-range location and animal movement based on multiple envi-
ronmental variables (Belsare et al. 2020; Mysterud et al. 2021; Kjaer and
Schauber 2022). However, in using an approach with habitat selection,
we assumed deer had knowledge of surrounding habitats within its
home range. Deer have been shown to have good memory when it comes

to habitat, so it is not unrealistic that they would remember habitat
within their home range, where they would typically be moving
(Jakopak et al. 2019).

Our model corresponded well with statistical predictions of where
the contacts were expected to occur based on a previous model (Dobbin
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Fig. 5. Sensitivity plots for population between- and within-group contact metrics. For a), partial correlation coefficient is displayed on the y-axis, indicating
sensitivity, whereas the test parameters of movement cohesion, number of groups, and movement persistence are on the x-axis. For b), partial rank correlation
coefficient, looking for non-linear effects, is displayed on the y-axis, indicating sensitivity, whereas the test parameters of movement cohesion, number of groups, and
movement are on the x-axis. Confidence intervals were obtained via bootstrapping.

Table 5

Mean (+SD) of relative contact probability (RCP, Dobbin et al. 2023) and t-test
results comparing mean RCP values at locations where simulated contacts
occurred and at random locations within the simulation landscape. Sample size
(n) indicates the number of cells where contacts occurred and an equal number
of random points.

Mean RCP
Contact Random t pvalue n
location locations
Within group
Female- 0.65 + 0.05 0.59 + 0.09 64.05 <0.001 13,823
female
Male-female 0.47 + 0.07 0.35 +£0.13 87.56 <0.001 10,852
Male-male 0.24 + 0.05 0.25 + 0.05 -0.21  0.835 2,578
Between
groups
Female- 0.45 + 0.04 0.40 + 0.06 28.77 <0.001 2,002
female
Male-female 0.91 + 0.04 0.69 + 0.23 36.42 <0.001 1,564
Male-male 0.26 + 0.06 0.24 + 0.06 5.53 <0.001 379

et al. 2023). The RCP models and IBM use two different distance
thresholds for a contact (3 vs. 5 m) and, therefore, do not represent the
exact same measurement; however, we are simply using the RCP as a
metric to assess the general areas where contacts are most likely to occur
as predicted by the IBM. Indeed, because the contact locations emerging
from the IBM have higher RCP values predicted from the statistical
model than would be expected at random, we use this as support that our
model reasonably predicts where contacts occur in space.

We attribute the correspondence in where contacts occurred in the
study area between the IBM prediction and the empirically based, sta-
tistical model to several major components of the IBM. First, the initial
locations of the deer in the simulation were informed by empirically
based home-range selection patterns on the landscape. Indeed, in this
landscape both males and females selected relatively similarly with
woody cover being particularly important at both scales, which has been
shown in previous studies (Habib et al., 2011; Nobert, 2012; VerCau-
teren and Hygnstrom, 2004). Second, similarity in what landscape fea-
tures selected for in the iSSFs and RCPs contributed to the
correspondence in outputs between the models. The majority of the
variables, including agricultural areas, roads, ruggedness, woody cover,
streams, and wells, were the same in both models. As a result, the
environmental variables in the iSSF attract deer to specific types of areas
within a home range, which can increase overlap at small scales leading
to contacts occurring in those areas. Bonnell et al. (2010) also used an
IBM for red colobus monkeys with resource selection influencing animal
distribution. They showed that in an environment where there are few
high-quality patches and individuals have a memory of those patches,
use by multiple groups can increase between-group contacts and
therefore facilitate disease transmission. Similarly, animals following
the rules of the iSSF select for specific types of areas as they move across
the landscape, which would draw individuals into high quality areas
influencing where contacts are most likely to occur. High quality patches
effectively increase local density and may facilitate more contacts be-
tween deer (Joly et al. 2006; Storm et al. 2013). In fact, White et al.
(2018b), also using an IBM, found that strong resource selection and low
resource availability in more fragmented landscapes promoted disease
persistence and higher outbreak peaks (see also Kjar and Schauber
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Fig. 6. Simulation contacts overlaid on relative contact probability layers (Dobbin et al. 2023) for within female-female (left) and within male-female (right).
Simulation contacts were averaged across runs from 10 random seeds and resampled bilinearly to 300 m by 300 m from 30 m by 30 m for visibility. Red represents
where contacts occurred in the simulation. Lighter indicates a higher value for the relative contact probability layers. Remaining overlays can be seen in Grit-

ter (2022).

2022). This predicts that a more homogeneous landscape, where
selected habitat is more evenly distributed, could help to reduce contacts
as it would spread the deer out more over the landscape and not keep
them all in the same few areas (Dion et al., 2011; Dion and Lambin,
2012; Habib et al., 2011; Real and Biek, 2007).

There were two discrepancies between the iSSFs and the RCP model
in how environmental variables influenced where contacts occur. First,
in both sexes individuals selected for areas of high edge density as they
moved across the landscape, but the probability of a contact decreased
in areas of high edge density. As edge densities increased, it is likely that
the preference of deer for edges spread them out. Second, females
selected for areas of high woody cover when moving across the land-
scape whereas high probabilities of contact reflected in RCP values were
higher in areas of both low as well as high local woody cover. In low
woody cover, this may not reflect the influence of preference but may
reflect that deer group more tightly in open areas due to predation risk,
increasing contacts (Lingle 2001; Lendrum et al. 2018). In high woody
cover, individuals congregate in high quality areas, leading to more
contacts.

Our model also predicted that contact rates within groups were
higher than between groups, similar to what has been noted in field
studies (Dobbin, 2022; Schauber et al., 2007). This was expected
because we assumed cohesiveness in group movement and that the
group stays together on the landscape. Overall, our average ratio of
within:between-group contacts was ~ 6.98, which was low compared to
those reported for real deer based on proximity of GPS-collared in-
dividuals or individuals with proximity loggers (from 5.0 to ~100;
Dobbin, 2022; Schauber et al., 2007). Higher ratios of contacts among
collared individuals within a group in the field, particularly with prox-
imity collars, than we observed in our simulations, may reflect how
collars record contacts and the density of groups in an area. We
considered a contact to be when individuals are within 5 m of each other
at 2-hr time step, whereas proximity collars reflect measurements made
in continuous time. Thus, outputs of our IBM may not be comparable in
terms of the magnitude of contact rates, but simulate where they are
likely to occur.

At the same time, we provide insight on the sensitivities of within-
and between-group contact rates to variation in model parameters.
Contacts were sensitive to the number of groups and corresponding
group size. The sensitivity of both within and between-group contacts to
group size indicates that it is key to controlling contacts. Larger group
size facilitates more contacts among individuals within a group as there
are simply more individuals to come in contact with each other; at the

same time it also influences between group contacts because there are
potentially more individuals to contact each other in areas where the
groups overlap (Cross et al. 2005b; White et al. 2017; Kjeer and Schauber
2022). Unlike between-group contacts, within-group contacts also were
sensitive to movement persistence, the variable which influences
home-range size. As directional persistence, and therefore home-range
size, increased, within-group contacts decreased, likely due to in-
dividuals being more spread out within their home range.

Within-group contact rate also was particularly sensitive to move-
ment cohesion, as would be expected. Under high movement cohesion,
individuals moved in a more unified direction, keeping them closer in
proximity with others and more likely to contact each other. We did not
include group fission-fusion dynamics, which would impact size of
groups and within group contacts, and number of groups which could
influence between group overlap and augment disease spread (Cross
et al. 2005a; Aureli et al. 2012; Body et al. 2015). Including
fission-fusion dynamics can be complicated because it is influenced by
habitat, resources availability, group composition, and animal density
(Raman 1997; Conradt and Roper 2000; Pays et al. 2012), although they
could be key to looking at the networking between subgroups (Jepsen
and Topping 2004; Ramos-Fernandez et al. 2006). Belsare et al. (2020)
included fission by having some members lose group membership if a
group becomes too large, which is one possibility for how to incorporate
fission in the future.

Although IBMs may not be able to address exact rates of contact in
the real world, they can provide insight on the relative influence of
different factors. For example, they could address questions such as how
the density and arrangement of natural and artificial resources’ (e.g.,
food items such as hay bales) influence potential contact rates (Gritter
2022), the degree to which frequency- and density-dependent trans-
mission influence disease dynamics (Manlove et al. 2017), and how oral
vaccine bait placement strategies influence the rates of encounter be-
tween animals (Ramsey and Efford, 2010; Thulke and Eisinger, 2008).
Currently, the model outputs focus on contact rates as a surrogate for
disease transmission. An extension of the IBM to disease dynamics could
be to include the probability of disease transmission given a contact
(Bonnell et al., 2010; White et al., 2018b). Including a constant trans-
mission coefficient would allow for a simpler, less data intensive,
population-average approach, while using a statistical distribution of
different transmission coefficients, would allow for transmission het-
erogeneities due to contact duration and type of contact that depends on
seasonal host behavior, within or between groups, such as aggression,
reproductive or social attraction, or habitat-specific location, if data
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were available (Dougherty et al. 2018). However, more behavioural
detail would require a finer time step than the 2-hour timescale we used
because of our movement data.

5. Conclusions

We found that incorporating social and habitat-based movement
rules for individual mule deer in a heterogeneous environment produced
within- and between- group patterns of contact rates consistent with the
literature, and that our model predictions for contact locations corre-
sponded with empirically derived locations of contact probability.
Whereas between-group contacts were only sensitive to the number of
groups/mean group size, within-group contacts also were sensitive to
movement cohesion and movement persistence, reflecting the extent of
areas over which deer travelled within their home ranges. Key exten-
sions for our model to address disease spread would be to include het-
erogeneities in disease susceptibly of hosts and in transmission among
individuals at locations, but this would require data on disease trans-
mission and might require multiple time scales to model components
like movement and duration of contact (Dougherty et al. 2018).
Nevertheless, the current IBM can be applied to gain insight on a number
of key questions focusing related to disease spread, such as the impact of
landscape configurations and density of artificial attractants, as well as
potentially informing any future vaccine programs. Our IBM also allows
for the inclusion of key behaviours and heterogeneities to help produce
insights on the factors most influencing outcomes, making them bene-
ficial when evaluating environmental changes and management
strategies.
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Appendix A. Overview, Design concepts and Details (ODD) description of the Individual Based Model (IBM)

In this section we outline the IBM for the deer, based on the established ODD protocol (Grimm et al., 2020).

A.1. Overview

A.1.1. Purpose and Patterns

The purpose of this work is to use an IBM to simulate seasonal within- and between-group contacts of mule deer on a real, heterogeneous landscape
and to record contact rates by deer and by patch, to address the question of if an IBM can be used to realistically simulate contacts, and therefore
provide a tool to evaluate management scenarios. Realistic simulation of contacts will be defined as congruence with empirical data on contacts
collected via GPS-collared mule deer. The IBM incorporates key deer behaviours such as seasonal grouping, home ranges, and resource selection, with
the aim of producing a depiction of potential contact rates and locations that may be representative of disease transmission on a heterogeneous
landscape. Patterns that are expected to be reproduced include home range behaviours, within-group contacts being higher then between-group
contacts, and habitat selection for more favourable environments.

A.1.2. State Variables and Scales

Globals in the model include number of deer, number of HR centroids (determining the number of groups), total male and female weight (sum
across all patches; Section 2.2.3), kappa-1 and kappa-2 (how much persistence versus the home range centre are favored in the direction of move-
ment), and the turning angle restriction. The latter 3 variables are those required for home range behaviour and are explained further in section
2.5.3.1. There are two entities in the model, deer and patches, each with their own key set of state variables/variables (Table 2). The patches are
characterized by the variable of input values representing landscape features, that remain constant, derived from GIS layers (Table 2), and state
variables including proportional selection weights for the integrated step-selection functions, as well as outputs of cumulative between- and within-
group contacts and cumulative contacts that have occurred on that patch by deer dyad type. Landscape covariates include vegetation features,
topography, and distance to linear features, which are described in Table 1. Patches represent a 30-by-30-meter area for consistency across GIS layers
representing environmental variables.
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Individual deer variables include the movement variables necessary for an integrated step-selection function (iSSF; described in Section 2.2.3/
2.5.3.2) including step length, turning angle, and the proportional weight at end point destination of the step. Each deer has its own turning angle
distribution, a von Mises distribution, which depends on the vm-length that represents the agreement between the direction of persistence and the
direction towards the home range centroid and impacts the spread of the von Mises distribution, as well as sine and cosine which are used to define the
mean turning angle (see A3.3.1 for calculation details). Deer also have variables defining their ID (unique number for each deer), sex, group number,
the ID of the group leader, and the x and y coordinates of their home range centre. Lastly, deer have variables defining their cumulative and step-
specific number of contacts by group.

Timesteps representing two hours were used to run the simulation for a period representing winter-spring (16 December — 9 May, modified from
Silbernagel et al. 2011, Dobbin et al. 2023) plus a 100-timestep burn-in period yielding 1840 timesteps. This temporal extent was chosen to limit the
need for incorporating population dynamics such as reproduction and mortality; however, the model could be parameterized for other seasons. The
total simulation area is 1440 km?, which represents the largest square extent that can fit in the study area, with the study area being Wildlife
Management Unit (WMU) 234, a portion of land in eastern Alberta.

A.1.3. Process Overview and Scheduling
Within each two-hour timestep, movement occurs in 3 stages in the order presented in Figure A.1. For each module, individuals and patches are
processed in a random order.

Turning Angles: Calculation of turning angle
distribution based on persistence and direction of
home range centroid for all individuals (go;
Section A.3.3.1)

¥

Selection and movement of group
leader and followers
(go/Fmovetoward/Mmovetoward/Fmov
e/Mmove; Section A.3.3.2)

\ 4

Contacts: Record contacts by dyad and group type
for current step (contactwinter; section A.3.3.3)

Fig. A.1. Flow chart depicting order of scheduling for the 3 major movement stages to recording contacts at each time step (italicized is the name(s) of the module(s)
in the Netlogo code).

A.2. Design Concepts

A.2.1. Emergence

The contacts between deer are a focal output that emerges from the model, which are affected by the environment and submodels describing the
deer’s behaviour. Spatial use patterns are an emergent output that depends on the environmental input as well as the turning angle, and step length
distributions. Home-range size and shape also are emergent outputs as they are the product of a step length distribution, a turning angle distribution
modified for a bias to the home range centroid, habitat selection, and grouping behaviour.

A.2.2. Sensing

Deer are assumed to sense their environment, responding to resource covariates in the placement of their home ranges and their step-selection
process. They are assumed to ‘know’ the resource covariates and the corresponding selection weight at the end point of every drawn step, which
determines whether or not they accept the step (Fortin et al. 2005; Thurfjell et al. 2014). The deer also have an intuitive sense of the direction of their
home range centre, incorporated as a bias towards their home range centre in calculating their turning angle parameters (Moorter et al. 2009;
Duchesne et al. 2015). Deer within a group sense leadership status and consider it in their movements as the “followers” are required to move within a
defined angle on either side of the direction of the group leader (Kjeer and Schauber 2022).

A.2.3. Stochasticity

Stochasticity is included in the home range placement and movement of the deer. Deer are randomly placed on the landscape at the beginning of a
simulation at one of the predetermined home-range centroids. Because each individual deer, rather than a group of deer, is located at a centroid, the
exact group size and composition may vary slightly and differ with each iteration, although mean group size will stay the same because the number of
groups correspond to the number of home range centroids. Stochasticity is also included in deer movement within a home range as steps are randomly

10
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drawn from turning angle and step length distributions at every timestep. The sequential movement of deer proceeds via the acceptance-rejection
method for each step (Appendix D), with the probability of a step being accepted proportional to the patch weight, adding stochasticity to the
model (explained in section 2.3.3.3). We do not include stochasticity in resource weights of a patch.

A.2.4. Collectives

Deer form groups, corresponding to home range centroids, and exhibit grouping behaviour in their movement. Groups move using an approach of a
leader moving and the other group members following the leader (Kjeer and Schauber 2022). Groups will average ~6.6 individuals, which corresponds
to a mixed-sex group in winter (Habib et al., 2011; Lingle, 2003; Merrill, Unpublished data). The model does not allow fission and fusion in group
membership during an iteration.

A.2.5. Observation

The data collected from simulations for each deer and patch include the final value of the state variables of dyad-specific (MM, MF, or FF) total
within- and between-group contacts (recorded both by deer and by patch). The state variables representing the number of contacts are cumulative
throughout the simulation.

A.3. Details

A.3.1. Initialization

All model iterations were run in Netlogo with a sex ratio of 70:30 females to males and a density of 1 deer/km?, which is within the ranges observed
for mule deer in winter deer ground surveys in the study area (Merrill, unpublished data; Wilensky, 1999). Number of potential deer home ranges were
determined by dividing deer population size by target group size (~6.6) and location of home range centroid was chosen based on a sex-specific,
resource selection function derived from field data (see below). At the beginning of an iteration, each deer had a 0.7 probability of being female
and 0.3 probability of being male. Deer were randomly placed at one of the potential home range centroids to create a mixed-sex group associated with
each of the home range centroids, and group number was assigned based on centroid (group sizes ranged from 1 to 12).

A.3.2. Input

A.3.2.1. Home-range Placement. Home-range centroids were placed with the probability of a location being picked being proportional to the value of
its resource selection function weight (Manly 2002; Lele et al. 2013). In ArcGIS, more than the required number of home ranges were placed on the
landscape (1500), and then rarified to have the centroids be no less than 200 m apart (Comer et al., 2005; leaving 1092). Only 240 of these were used
in the simulation and the subset was randomly selected from the 1092.

A.3.3. Submodels
At the beginning of each time step deer are moved to a new location in three stages (Fig. A.1).

A.3.3.1. Turning Angles. First, at each time step, a turning angle distribution for each individual (leader or follower) within each group is calculated.
The turning angle distribution was derived based on the consensus method in Duchesne et al. (2015). Mean turning angle of the distribution (u) was an
angle between the direction of persistence (0) and direction of home range (y) with the position being determined by « values defining how much the
deer favors persistence versus home range (Equation 1; Duchesne et al. 2015).

u = atan(ksin(0) + xasin(y), k1cos(0) + kacos(y)). (1A)

The spread of the turning angle distribution is defined by the agreement between the direction of persistence (6) and direction of home range (y),
defined by equation 2 (Fig. A.2).

K= \/(K]sin(H) + Kasin(w))* + (kicos(0) + kacos(y))’. (2A)

k values for simulation were derived via simulation experiment and are not empirical (Appendix D).

A.3.3.2. Selection and movement of group leader and followers

11
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Fig. A.2. Graph of two von Mises distributions with two different levels of agreement between home range direction and persistence direction. Higher agreement
between these directions results in a curve will less spread, while lower agreement results in a curve with more spread.

The leader of the group was the first individual to move at each time step and moved independently of every other individual in the group. A new
group leader was randomly chosen with equal probability and designated as the leader, whose movement influences all other individuals in the group.
This assumed both male and female deer could lead the group. The leader moved according to an integrated step-selection function (iSSF, Avgar et al.,
2016), where the step length and turning angle are randomly chosen from their respective sex-specific distributions to move the leader to a new
location. These locations are not restricted to patch centroids as the deer moved in the continuous space underlying the patches that represent
environmental data. The sex-specific, exponential step length distribution was derived from empirical 2-hour GPS data pooled from GPS-collared mule
deer whose movements were monitored in 2006-2009 (M = 11, F = 20) and 2017-2020 (M = 16, F = 34) in eastern Alberta (Merrill, unpublished
data). Data used to parameterize the step length distribution were restricted to be above 20 m to avoid including spurious turning angles due to GPS
error (Hurford 2009). However, when simulating movements, deer could select below 20 m because GPS error is not a concern when simulating
movements. Turning angle was randomly chosen from the distribution of turning angles calculated for the individual animal as described above.

Once the leader selected a location, the location was either accepted or rejected by comparing the proportional weight of selection of the patch
associated with the point at the end of the step to a random number between 0 and 1 (von Neumann, 1951; Appendix C). If that number was above the
proportional weight, the step was rejected, and a new step was taken by redrawing from the step length and turning angle distribution until the step
was accepted. Steps also were rejected if the target patch was occupied by more than 7 deer, corresponding to the average group size of 6.6, and two
groups were constrained in occupying the patch at the same time. For groups of fewer than 7 deer it is possible that a deer from another group could
land on the same patch and occupy the same area temporarily, but group composition would remain the same. Once the leader moved, other group
members followed the leader but were required to select an angle that made them move within a restriction angle of 30° on either side of the leader
(Belsare et al. 2020; Kjeer and Schauber 2022). Proportional weights of rejecting and accepting a step were derived based on sex-specific iSSF (Avgar
et al. 2016).

A.3.3.3. Contacts. A contact was defined for a current step when two deer came within 5 m of each other. We used 5 m to be approximate with
contacts of 3 m that were used in the development of the statistical RCP model used for IBM assessment (Dobbin et al. 2023). The contact was classified
as a between-group contact if the group number of the two individuals was different and otherwise as a within-group contact. At every time step, we
recorded the number of conspecifics of each sex within 5 m. We summarized the total, cumulative winter contacts by group type (within or between)
and by dyad type (female-female, FF; male-male, MM; female-male, MF) for each individual deer and for each patch in the landscape where a contact
occurred. We counted contacts only after 100 timesteps to allow for a burn-in period that allowed the individuals to spread out and take a more natural
positioning on the landscape.

Appendix B. Top 5 sex-specific winter resource selection functions

Table B.1.
Table B.1
Covariates included in the top 5 winter home-range resource selection functions for male and female mule deer.
Distance to rivers Distance to roads Rugged Terrain Distance to streams Woody cover Woody cover? Distance to wells
Males v X v v v X X
4 v v v 4 X X
4 X X v 4 X v
v v 4 v v X v
4 v X v 4 X v
Females v v v v v v v
v X X v 4 X v

(continued on next page)
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Table B.1 (continued)

Distance to rivers Distance to roads Rugged Terrain Distance to streams Woody cover Woody cover? Distance to wells
X X X X v v X
v v X v 4 X v
v v 4 v v/ X v

Appendix C. Home-range Size Simulation Testing

An experiment was done to determine the relative effect of kappa-1 and kappa-2 on home-range size, and which combination gives us the closest to
our target home-range size of 14.87 km?, which is based on the median 95% UD area for the winter-spring season. A simulation was run with 6 random
seeds and uniform SSF weights, that went through kappa values from O to 1 by 0.1 and recorded the distance to home range centre for one of the seven
individuals in the group at each timesteps. The 95% quantile was then taken and used to calculate home-range size for a given kappa-1, kappa-2
combination. This revealed that the larger the kappa-1: kappa-2 ratio was, the larger the HR size was. This makes sense as kappa-1 controls persistence
while kappa-2 control bias towards the HR. In addition to this ratio being important, kappa-2 appears to have an impact on the standard deviation
around a point. Therefore, a combination of kappa-1 = 0.4 and kappa-2 = 0.5 was chosen as this combination produced an average HR size of
14.64km? with a standard deviation of 2.38km?. This was the best combination of proximity to the target HR size and low standard deviation.

Fig. C.1.
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Fig. C.1. mean 95% utilization distribution home-range size (km?) as a function of kappa-1 to kappa-2 ratio obtained from simulation with 6 different random seed
for each combination. Kappa-1 and kappa-2 were varied from 0 to 1 by 0.1, but were never equal.

Appendix D. Step-selection function acceptance-rejection method theory
D.1. Step-Selection Function Background

The step-selection function is a probability density function based on current and previous locations, as well as environmental weightings:
f(xz+l‘xnxz—lyz(xwrl)ﬂl/) (1D)

In this equation, x; € Q ¢ R? represents the position of the animal at time t, where Q is the finite spatial domain of the animal, and Z(x) : Q@ — R™
represents the environmental covariates where m is the number of covariates in the model. The vector y € R™? represents the parameters in the
model where y = (5, a,x) has components fc R™ describing covariate weights and a, x € R describing step length and turning angle.

The probability density function can be represented by:

_ K |x, xir, k6, @)w(Z(xi01)18)
fQK(axuxt—l Sk, )w(Z(8)|p)dé
The weighting function w : R™ — R" describes habitat selection preferences and the numerator represents the location at which a step finishes,
Xt+1, in terms of the dispersal kernel K, and the weighting function w. The dispersal kernel itself depends on the locations at the previous two time

steps, x; and x;_1, as well as the step length and turning angle parameters a and x. The denominator ensures that function f is a probability density
function, which integrates to 1. The dispersal kernel can be further broken down into a distribution for step length ¢, given by

Ki(¢la) (3D)

S X1, Z(%41), @) (2D)
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and a distribution for turning angles, v, given by

Ka(wle). (4D)
Here the step length is defined by

G = e —xif (5D)

and the turning angle is defined as

Y, = 0, — 0, (6D)

the increment in the bearing where, with Axy; = xpr — xg—1 and Axy, = X3¢ — X1-1"

A
6, = tan”! ( XZ‘) + 7l(Ax; <0) (7D)
Axy

and the components of x; are given by x; = ( il‘ ) where I(Ax; < 0) represents the indicator function and is necessary to produce a range spanning the
2t

full unit circle due to the symmetry of arctan. Equations 5 to 7 yield the dispersal kernel as

K (X1 [xe X155, @) = Ky (o [0) Ko (w4 %) (8D)

where (., is given in terms of x,1, X, by equation 5 and y_, is given in terms of X1, X;, X¢.1, and « by equations 6 and 7.
D.2. Acceptance-Rejection Method (von Neumann 1951)

This method simulates via an iterative process of randomly drawing steps until one that is accepted is found and then taking this step. Generating a
value for simulation from a probability density function (pdf; f) via the rejection-acceptance method requires identifying a pdf, g, that is similar to one
being simulated, but not identical, and that the ratio é is bounded below a constant. When simulating an SSF, the dispersal kernel K(x) is taken to be the

denominator distribution g, while the SSF is the distribution we are simulating from, f. This gives us

% B ng(vg)(:v)(f)df ¢ ©D)
Rearranged this gives us

fx) _ w

K(x)  c[K(&w()ds
It is then easily seen that the numerator that will always make this true is when the maximum value of w in Q is used as the denominator constant.

For a perspective location, y, one then evaluates equation 11

<1 (10D)

_ w(y)
V)= @) (1p)

generates a random value, u, from uniform(0,1), and then compares the two values. If u is less than p(y), then the step is accepted and the individual
moves, if not, choose another step and repeat until a step is accepted.
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