
Oikos           OIK-01883
    Benson, J. F., Mahoney, P. and Patterson, B. 2015.

    Spatiotemporal variation in selection of roads influences

    mortality risk for canids in an unprotected landscape.  ‒ Oikos

    doi: 10.1111/oik.01883 

Appendix 1
Supplementary methods 

Telemetry and field methods 

In addition to GPS collars, we also deployed Very High Frequency (VHF) collars on all other 

captured canids to monitor survival and broader movement patterns, but movement data from 

VHF telemetry were not included in the analyses described in the current study.  

Resource variables 

We developed separate roads layers for primary, secondary and tertiary roads using the 2010 

Ontario Roads Network (ORN) and Ontario Trails Network (OTN) layers (OMNR, Land 

Information Ontario, unpublished data).  Primary roads were paved roads with relatively high 

traffic volume classified as freeways or expressways or highways in the ORN.  Secondary roads 

were generally paved and were classified as arterial, local/street, or collector roads in the ORN.  

Tertiary roads were unpaved roads that received light traffic, mostly from recreational vehicles 

and hikers, classified as resource/recreation in the ORN or as trails in the OTN.  We created 

distance raster maps for each road type using the ‘Euclidean Distance’ tool in the Spatial Analyst 

toolbox in ArcGis 10 (ESRI, Redlands, CA, USA) to calculate the distance from every 30 m 

pixel to the closest road of each type.  

We also developed a GIS layer for 6 broad habitat classes (hardwood forest, conifer 

forest, mixed forest, wetlands, water, and rock/grass; Appendix 3) with raw Ontario Forest 

Resource Inventory (FRI; OMNR 2008) data (updated to 2008) which we converted into habitat 

classes using Ontario’s Landscape Tool 3.0 (Elkie et al. 2009).  We followed the 

recommendations of Maxie et al. (2010) for combining forested habitat classes to improve 



classification success based on field validation analyses conducted in our study area.  We 

calculated distances from all used and available locations to the closest pixel of each of the 6 

habitat classes.  Distance-based variables are effective for assessing selection and/or avoidance 

of habitat classes (Conner et al. 2003).  Using continuous, distance-based variables for habitat 

classes, rather than categorical variables, also eliminated the need to base inference on 

subjectively chosen reference categories in resource selection models.  Topographical features 

can strongly influence canid resource selection patterns (Whittington et al. 2005), so we 

estimated slope and elevation from digital elevation models (DEM) in ArcGis 10.  DEM data 

were estimated at 10 m (93%) or 20 m (7%) resolution in different portions of the study area, but 

we averaged all data across the 30 m used and available pixels for our analyses. 

Correlation between individual predictor variables was low or modest (all r < 51%) so we 

included all variables described above in our global model sets.  Prior to modeling, we rescaled 

values for all continuous variables by subtracting their mean and dividing by 2 standard 

deviations following Gelman (2008). 

Bayesian resource selection modeling 

We developed seasonal resource selection function (RSF) models for canids with Bayesian 

generalized linear mixed models (GLMMs) with a binary (0 = available, 1 = used) response 

variable.  Given that we only included a single GPS collared canid in most (92%) packs, we used 

the random term for pack purely to account for potential intrapack correlation rather than to 

make inference.  In two cases an individual included in one pack dispersed and joined or 

established a different pack in a new area.  To avoid the added statistical complexity of a 

partially-crossed design, we changed the individual IDs of these two individuals upon dispersal. 



We used priors for fixed effects that were normally distributed and diffuse with mean = 0 

and a large variance (108).  We fixed the residual variance at 1, as recommended for binary-

response GLMMs (Hadfield 2010).  We specified an inverse-Wishart distributed prior for 

random effects with variance = 1 at the limit and low belief parameter (nu) = 0.002.  Using a low 

value for nu reflected the lack of prior information provided in the models.  Thus, these priors 

were intended to be uninformative or weakly informative, and we confirmed that the posterior 

distribution was robust to variation in prior specification by manipulating the priors and 

assessing consistency of parameter estimates (Reid et al. 2012).  ‘MCMCglmm’ estimates the 

height of the posterior distribution using Markov chain Monte Carlo (MCMC) simulation to 

draw samples from approximate distributions to provide robust parameter estimates for fixed and 

random effect terms from the marginal posterior distribution.  We ran models for 200 000 

iterations with a burnin period of 30 000 and thinning interval of 200.  These specifications 

ensured that autocorrelation was low (<0.10) between thinned samples and that independent 

effective sample sizes of 500-4000 were generated for each term included in the model.  We 

further assessed MCMC chain convergence and healthy chain mixing properties by inspecting 

MCMC trace and density plots for each parameter.  

We compared the fit of four marginal and one conditional models of varying complexity using 

deviance information criteria (DIC), a Bayesian analogue to Akaike’s Information Criteria 

(Spiegelhalter et al. 2002, Hooten and Hobbs 2014).  DIC estimates an automatic penalty for 

model complexity and provides a relative measure of model fit with lower DIC scores indicating 

reduced deviance and increased information gained from model parameters (Spiegelhalter et al. 

2002).  

Individual response to roads modeling 



We used generalized additive models (GAMs) implemented in the R package ‘mgcv’ (ver. 

1.7-19) to investigate the responses of canids to human disturbance by modeling differences in 

selection of secondary roads between night and day as a function of their availability.  With 

GAMs, non-parametric predictor variables are specified in terms of smoothing functions, which 

in our models were thin-plate regression splines (Wood 2006).  

Benson et al. (2012) showed a positive, non-linear relationship between coyote ancestry 

and secondary road density within resident home ranges across the hybrid zone.  However, 

coyote ancestry and secondary road availability were only moderately correlated (winter: r = 

0.54, summer: r = 0.56) within the dataset used here (limited to GPS collared-animals).  

For each model, we present the GCV score and percent deviance explained.  For smooth 

predictor variables, we present estimated degrees of freedom (EDF), F statistics, and 

(approximate) p-values.  Edf is a measure of non-linearity in the relationship between a predictor 

variable and the response variable with 1 being the lowest possible value indicating no 

significant departure from linearity (Wood 2006).  Finally, we compared the best GAM (with 

main effects only) for both winter and summer to a GLM with the same data and parameters to 

evaluate whether use of GAMs was justified by improved model fit.  There was no equivalent 

GLM to the GAMs fitting separate smooth functions by fate, so we were unable to make similar 

comparisons for GAMs considering the availability × fate interaction. 

Mortality data 

Fifteen of 36 GPS collared canids died during the study.  Most were definitively (n = 11) 

or suspected to be (n = 1) killed by humans (shot, trapped or killed by vehicles).  We could not 

determine cause of death for one additional canid, but given the proximity to a road (200 m) and 

evidence of recent hunting in the area, we suspected it also may have been killed by humans.  



Unlike mortality from shooting and collisions with vehicles, trapping mortality (n = 5) did not 

result from direct encounters with humans.  However, we assumed that in addition to directly 

reducing encounters with humans, avoidance of roads during day provided an indication of an 

animal’s wariness and its ability to act adaptively towards human disturbance (e.g. trap sites).  

Finally we also included the two natural (not human-caused) mortality events (from mange and 

territorial aggression) in our analyses because we were interested in both positive and negative 

effects of roads.  If there was a tradeoff associated with roads, we suspected survival might be 

enhanced by using roads for traveling or to acquire food resources.  However, we also modeled 

the functional response without the two natural mortality events to verify that the results were not 

strongly influenced by the decision to consider mortality from all sources. 

We made two adjustments to the dataset to avoid misclassifying the fate of individuals.  

First, one animal was alive when its GPS collared failed but was found dead <5 m from a 

secondary road 9 months later.  We coded this animal as having died even though the mortality 

occurred beyond the monitoring period because coding an animal that died on a secondary road 

as alive would have confounded our analysis.  All other animals were right-censored at the end 

of their monitoring period.  Second, we excluded data from one GPS-collared canid from the 

GAMs because her space use was irregular and her fate uncertain.  This individual was the 

breeding female for a pack of 5 radio-marked (4 with VHF, 1 with GPS) coyotes that occupied 

an unusually small (8 km2) home range (area of other home ranges ranged from 20-536 km2), 

centered on a municipal landfill.  In winter 2011, 3 marked animals from the pack were 

harvested and we simultaneously lost telemetry contact with the remaining two animals, including 

the GPS-collared female.  We suspected the missing animals were also killed although we could 

not rule out collar failure or dispersal.  Thus, we excluded this female because her atypical 



movement behavior around roads could have strongly influenced our results and yet her fate was 

uncertain.  
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Appendix 2
Information about 36 canids tracked with GPS telemetry in central Ontario, 2004-2011.  

ID Canis type Age Sex 

                         Secondary road densityd 

Daysa Locationsb %Successc Winter Summer Fate 

1 Eastern wolf adult female 384 1571 0.90 0.32 0.04 trapped 

2 Coyote × Gray wolf yearling female 81 124 0.93 NTe 0.59 survived 

3 Eastern wolf × Coyote yearling male 59 249 0.84 NTe 0.38 unk.f

4 Eastern wolf × Coyote adult female 141 1636 0.95 0.18 0.06 trapped 

5 Coyote adult female 144 1686 0.96 0.48 0.21 survived 

6 Coyote adult male 122 354 0.98 0.81 0.95 trapped 

7 Eastern wolf adult male 40 601 0.97 0.52 NT shot 

8 Eastern wolf adult female 148 1320 0.87 0.00 0.00 survived 

9 Coyote adult male 379 1555 0.95 0.37 0.05 survived 

10 Coyote yearling/adult female 335 913 0.93 0.76 0.34 survived 

11 Coyote adult female 268 1950 0.93 0.11 0.36 survived 

12 Eastern wolf female 31 129 0.84 NTe 0.13 survived 

13 Eastern wolf × Coyote male 330 3815 0.94 0.61 0.54 survived 

14 Eastern wolf × Gray wolf female 340 1007 0.86 0.51 0.48 survived 

15 Coyote male 329 272 0.91 NTe 0.47 HBCg

16 Eastern wolf × Gray wolf male 293 2006 0.81 0.53 0.52 survived 

17 Eastern wolf × Coyote female 708 2324 0.79 0.19 0.13 trapped 

18 Eastern wolf × Coyote female 668 2140 0.83 0.49 0.45 mange 

19 Coyote × Gray wolf 

adult 

adult 

adult 

adult 

adult 

adult 

adult 

adult male 306 1557 0.97 0.75 0.62 human 

20 Eastern wolf × Gray wolf yearling/adult female 561 7291 0.84 0.65 0.48 trapped 

21 Coyote adult male 180 2957 0.98 0.54 0.46 survived 

22 Eastern wolf × Coyote adult male 693 5075 0.88 0.64 0.95 shot 

23 Coyote adult male 286 1063 0.87 1.31 1.62 HBCg

24 Eastern wolf × Coyote adult male 341 1394 0.89 0.84 0.78 strife 



ID Canis type Age Sex Daysa Locationsb %Successc Winter Summer Fate 

25 Coyote adult male 330 823 0.76 0.32 0.47 survived 

26 Coyote yearling male 63 267 0.91 NTe 1.06 

27 Coyote adult female 565 3697 0.91 0.34 0.32 

28 Coyote adult female 270 1700 0.88 0.53 0.31 

29 Coyote adult male 314 3749 0.93 0.81 0.95 

30 Coyote adult male 313 3034 0.75 0.32 0.10 

31 Eastern wolf × Coyote adult female 113 1193 0.90 0.53 0.34 

32 Eastern wolf × Coyote adult female 180 1066 0.83 0.21 0.19 

33 Coyote × Gray wolf adult male 94 803 0.94 0.11 0.26 

34 Eastern wolf adult male 174 1616 0.96 0.17 0.28 

35 Coyote adult male 104 2355 0.94 0.90 0.35 

36 Eastern wolf × Gray wolf adult male 419 1232 0.86 0.25 0.32 

HBCg 

survived 

survived 

survived 

survived 

shot 

survived 

survived 

survived 

survived 

survived 

Mean 281 1792 0.89 0.49 0.45 

Total 10106 64524 

aDays = number of days monitored by GPS telemetry, blocations = number of GPS locations used in RSF models, c% Success = 
percentage of successful locations, dSecondar road density shown for winter and summer home ranges, eNT = not tracked 

during that season, funk. = unknown, gHBC = hit by car. 



Appendix 3
Resource variables included in resource selection function models for wolves, coyotes, and 

hybrids in central Ontario, 2004-2011.   

Resource variable Type Description (units) 

Slope continuous inclination of terrain from horizontal (percent) 

Elevation continuous vertical distance above sea level (m) 

Hardwood forest continuous maple, birch, poplar, beech, oak, etc. (distance) 

Conifer forest continuous pine, spruce, fir, cedar, etc. (distance) 

Mixed forest continuous maple, poplar, birch, ash, cedar, fir, pine, etc. (distance) 

Wetlands continuous brush and alder, treed and open muskeg (distance) 

Water continuous lakes, ponds, rivers, creeks (distance) 

Rock/grass continuous open rocky areas and grass meadows (distance) 

Primary roads  continuous feeways, highways, expressways (distance) 

Secondary roads continuous local, connector, arterial roads (distance) 

Tertiary roads  continuous dirt roads and trails (distance) 



Appendix 4
Comparison of generalized cross-validation (GCV) scores and percent deviance explained (% 

deviance) for generalized additive models (GAM) and generalized linear models 

(GLM) with identical data and parameters used to investigate the relationship between 

differences in selection of secondary roads between day and night by individual canids and 1) 

the mean distance to secondary roads within home ranges (availability), and 2) % ancestry 

derived from coyotes (ancestry).  Lower GCV scores and higher % deviance indicate superior 

model fit, respectively.  

GAM GLM 

Model GCV % Deviance GCV 

% 

Deviance 

Winter 

Availability 0.92 33.6 0.95 26.4 

Availability + ancestry 0.93 37.1 0.96 31.3 

Ancestry 1.01 21.6 1.02 21.6 

Summer 

Availability 0.40 25.6 0.44 13.9 

Availability + ancestry 0.41 27.2 0.43 13.9 

Ancestry 0.43 14.9 0.43 14.9 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix 5a.  Relationship derived between the difference in day-night selection of secondary 

roads by individual canids and the mean distance to secondary roads across their home ranges 

during winter for canids that survived (solid line) and died (dashed line) during the study in 

Ontario, Canada. 
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Appendix 5b.  Relationship derived between the difference in day-night selection of secondary 

roads by individual canids and the mean distance to secondary roads across their home ranges 

during summer for canids that survived (solid line) and died (dashed line) during the study in 

Ontario, Canada. 
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Appendix 6
Results from 2 models (with natural mortality events excluded) of individual differences in day-night selection for secondary roads 

by canids in central Ontario, 2004-2011. Availability = mean distance to secondary roads in home ranges, Ancestry = % coyote 

ancestry derived from genetic analysis, Fate = whether canids survived or died from human-causes.  

Winter Summer 

Model 1: Availability × Fate + Fate 

Non-parametric terms EDF F p n EDF F p n 

Availability (survived) 3.4 4.6 0.007 18 2.1 5.5 0.006 20 

Availability (died)  1.1 2.2 0.147 10 1.9 3.6 0.037 12 

Parametric term β t p n β t p n 

Fate 0.52 1.5 0.157 28 0.39 2.0 0.056 32 

Model 2: Availability × Fate + Fate + Ancestry 

Non-parametric terms EDF F p n EDF F p n 

Availability (survived) 3.5 3.6 0.020 18 2.7 3.4 0.040 20 

Availability (died)  1.0 1.0 0.336 10 1.8 1.7 0.199 12 

Ancestry  1.6 1.3 0.276 28 1.0 1.9 0.179 32 

Parametric term β t P n β t p n 

Fate 0.52 1.5 0.161 28 0.35 1.8 0.083 32 




