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1 Appendix: Supplementary Material15

1.1 Additional modelling details16

We applied a discrete-time movement model developed by Thompson et al.17

(2021) that allows for inference on animal behaviour and cognition. We fit the18

model to data using maximum likelihood estimation, calculating the likelihood19

function as the product of individual likelihoods for each point (Thompson et al.,20

2021). The probability of taking a step is equal to the probability of taking21

that step from the non-stationary state (fns) multiplied by the probability of22

being in the non-stationary state, plus the the probability of taking that step23

from the stationary state (fs) multiplied by the probability of being in the24

stationary state. Multiplying these probabilities together for each step yields the25

probability that the animal would produce a track exactly like the observed data26

under a given set of model parameters (Whoriskey et al., 2017). We optimized27

the negative logarithm of this function to maximize numerical precision, since28

these probabilities are always very, very small numbers.29

We fixed the conditional likelihood function for the stationary state, fs,30

to remedy the model of additional complexity (Thompson et al., 2021). We31

assumed that the animal is not influenced by resources or memory in this state,32

as most of the “movement” we observe in the stationary state arises from GPS33

error anyway. We assume that when in the stationary state, the animal’s turning34

angles follow a uniform distribution and its step lengths follow a half-Gaussian35

distribution:36

fs(xt, ϕt|xt−1, ϕt−1, ρs) =

[
1

2π

]
2

πρs
exp−∥xt − xt−1∥2

πρ2s
. (1)

Here we fixed ρs such that the average step length was 30 m long, equal to the37

length of one grid cell from our environmental data.38

We used automatic differentiation, via the Template Model Builder R pack-39

age (Kristensen et al., 2016), to accurately fit the model amid high numerical40

complexity. For multidimensional functions such as ours, optimization routines41

typically require the calculation of the function’s gradient. When the gradi-42

ent of a function is 0 in every direction, there is potential that the optimizer43

has found a local optimum of that function. Traditional optimization does not44

require the user to provide a gradient along with their objective function, in-45

stead approximating the gradient at each point using finite-difference methods.46

Providing a gradient up front is faster computationally but difficult if there47

is no analytical expression for the gradient (as in most likelihood functions).48

TMB uses a pseudo-analytical automatic differentiation algorithm to calculate49

the gradient of a multidimensional likelihood function, alleviating the need for50

finite-difference approximation (Kristensen et al., 2016). While the negative51

log-likelihood function and its gradient are returned from TMB as R functions,52

the computational work is executed in C++, which also speeds up the optimiza-53

tion (Kristensen et al., 2016). We used the R nlminb function to optimize the54

appropriate TMB function for each model.55
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To prevent our model from producing errors or unrealistic results, we im-56

posed bounds on some of the parameters. We bounded the estimation for µ57

at 365 days, the amount of GPS data we set aside for “training” the bears’58

memory. If µ were to be greater than this value, there would not be a testable59

memory signal for some of the data (i.e., we would not always know where the60

bear was µ days before). To identify potential signals greater than 365 days, we61

would have to sacrifice bears with insufficient data, thus decreasing our “popu-62

lation size” and our statistical power. We performed the optimization routine63

twice for each bear with different “initial values” for µ, since there was poten-64

tial for local optima along the axis of this parameter (Thompson et al., 2021).65

We applied lower optimization bounds for µ and σ of 5 and 18 GPS fixes (2066

hours and 3 days, respectively). When σ < 3 days, the partial derivative of our67

likelihood function with respect to µ became noisy, leading to computational68

errors in optimization. We additionally required α < − log10
30

1000 ≈ 1.52. We69

chose this bound because each grid cell is 30
1000 km in length. For parameters70

with fairly restrictive bounds (λ, γ, βd, and β0, which are bounded between 071

and 1), we performed logit transformations (λ̃ = log 1
1−λ , for example) so the72

optimizer would more effectively traverse the parameter space.73

Instead of using traditional Wald-type confidence intervals for our parame-74

ters, we found them explicitly using likelihood profiling techniques (Fischer and75

Lewis, 2020). The algorithm used here finds confidence intervals for one param-76

eter at a time by performing a binary search algorithm for a target function77

value (the optimal function value minus a confidence threshold of 1.96). The78

algorithm searches for each parameter by moving away from the optimal value79

in parameter space, fixing that parameter and optimizing the other ones. This80

process goes on until the algorithm gets close enough to the target function81

value. This means that, unlike traditional confidence intervals, the lower confi-82

dence bound may be farther away from the parameter estimate than the upper83

confidence bound.84

1.2 Generating the berry density raster85

We generated a vegetation class raster using the decision tree from Ducks Un-86

limited (2002) to classify each 30 x 30 m grid cell in the Mackenzie Delta region87

into one of 46 classes. Table S1 describes each class as well as its value for the88

berry probability raster used in the model.89

1.3 Supplementary tables90
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Description Berry probability Percent of landscape
Open needleleaf 0.5 0.397

Woodland needleleaf (other) 1 1.481
Woodland needleleaf (moss) 1 0.303
Woodland needleleaf (lichen) 1 0.524

Closed deciduous 0.5 0.082
Open deciduous 0.5 0.344
Closed tall shrub 0 1.476
Open tall shrub 0 0.007

Medium willow shrub 0 0.480
Medium-tall willow shrub 0 0.356
Medium-tall shrub (other) 0 0.027

Low shrub (other) 0 14.087
Low shrub (recently burned) 0 0.352

Low shrub (wet) 0 0.004
Low shrub (floodplain) 0 0.688

Low shrub (delta lowlands) 0 1.243
Low shrub - wet graminoid 0 0.012

Low shrub - tussock 0 1.135
Low shrub (upland) 0.5 0.368
Dwarf shrub (other) 1 9.097
Dwarf shrub (tussock) 0 5.331
Dwarf shrub (lichen) 1 2.239

Dwarf shrub (unknown - Kendall area) 0.5 0.046
Dwarf shrub (tussock/Dryas) 0 0.072
Dwarf shrub (Dryas/heather) 0.5 0.796

Dwarf shrub (sloped hummocks) 0 0.035
Dwarf shrub (wet graminoid) 0.5 0.160

Tussock tundra 0.5 1.407
Lichen 0.5 0.243

Wet graminoid (wetland depressions or lake edges) 0 1.762
Wet graminoid (northern delta) 0 1.429
Wet graminoid (floodplain) 0 1.101

Wet graminoid (some shrubs) 0 0.111
Wet graminoid (unknown) 0 0.003
Dwarf shrub mosaic (wet) 0.5 0.355

Dwarf shrub mosaic (very wet) 0.5 0.761
Aquatic bed 0 0.014

Emergent vegetation 0 1.002
Emergent and other wet wetland areas 0 1.424

Clear water 0 20.108
Turbid water 0 25.385

Sparse vegetation 0 0.394
Sparse / non-vegetated (unsure) 0 0.030

Non-vegetated 0 0.670
Other 0 0.001

Unclassified 0 2.655

Table S1: Classification method used to generate the berry density raster for
the resource-only and resource-memory models. The name of each original veg-
etation class is shown along with the assigned probability, representing how
correlated each habitat type is to the presence of berries, as well as the percent-
age of the landscape that is covered by each class.
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