
Appendix 1. Hidden Markov Model Methods.  
 

In the context of wildlife movement data, HMM’s provide a method to estimate unobservable 
behavioral states using observed movement data (Langrock et al. 2012, van de Kerk et al. 2015, 
Patterson et al. 2017). These are first-order state space models with discrete times and states 
(Langrock et al. 2012, Michelot et al. 2016, Patterson et al. 2017). Here, the individual’s 
unobserved behavioral state and the state transition matrix specifying state transition 
probabilities are latent variables, while GPS locations and computed step lengths and turning 
angles are directly observed. We assume only process error is present as GPS fixes are recorded 
with high accuracy in relation to the scale of movement, meaning observation error can be 
considered negligible.  

 
Thus, we first used HMM’s in the moveHMM R package (Michelot et al. 2016) to assign a 
movement state to each goose location using step length and turning angle distributions. Step 
length is the distance (m) between two consecutive GPS locations and turning angle (radians) is 
the angle measured from the last direction of movement: for example, an animal that continued 
moving in the same direction as in the previous step would have a turning angle of 0 while an 
animal that turned and moved in the opposite direction as the previous step would have a turning 
angle of pi. We used a gamma distribution for step length and a Von Mises distribution for 
turning angle. We resampled the data to a location every 30 minutes to ensure time between each 
location was consistent and only used successive locations to calculate step lengths and turning 
angles (Table A1.1).  

 
Application of HMM’s to ecological data often result in models with more states than are 
biologically relevant being favored in maximum likelihood-based model selection (Li and Bolker 
2017, Pohle et al. 2017, Karelus et al. 2019). Therefore, we limited the number of possible states 
in candidate models to either 2 or 3. Two-state models could represent resting and small 
movements in one state and larger movements associated with flight in another. Three-state 
models could contain a state for resting, small movements associated with foraging, and larger 
movements resulting from flight. We also expected goose movement could vary by time period 
(autumn [September-October], winter [November-December], and late winter [January-mid-
February]), site (urban or rural), and through circadian patterns occurring daily. Thus, we 
included time period, site, and hour of the day as additive effects in HMM’s. Initially we 
determined whether a 2- or 3-state model was most supported, then we ran all combinations of 
additive effects of time period, site, and hour of day for the most supported number of states. We 
performed model selection using AIC (Burnham and Anderson 2002) to identify the most 
supported model (Table A1.2). We assigned the most probable state to each location using states 
predicted for each goose’s locations by the top model. Because we used data collected only 
during each hunting season (2018-19 and 2019-20 hunting seasons), our dataset was not 
contiguous through time (i.e. we did not use movement data collected late February through 
August) and some geese were present in both seasons. Therefore, we fitted HMM’s, conducted 
model selection, and estimated each goose’s state at each location separately for each hunting 



season, then pooled HMM data from each season for further analyses to estimate habitat 
selection across both hunting seasons.  

 
At each observed step we calculated unused but available steps using a random sample from the 
distribution of step lengths and turning angles of the state corresponding to the observed step. 
There are no widely accepted methods of determining the number of random steps to use, but 
others advised against using a large number of steps (Thurfjell et al. 2014), thus we selected 6 
random steps for each step observed to describe available locations (Karelus et al. 2019). After 
the available random locations were identified for each used step, we extracted the land cover 
type at all used and available locations using the R-package raster (Hijmans 2020). Each group 
of used and available steps was assigned a step ID. Next we utilized mixed-effects conditional 
logistic regression, allowing us to account for individual variation in resource selection (Karelus 
et al. 2019, Signer et al. 2019). In conditional logistic regression, a cluster is the experimental 
unit. In the context of animal resource selection, a cluster should contain the data generated by a 
single animal or group of correlated animals (Craiu et al. 2011). Strata are observations of each 
experimental unit, or animal, and in this case are selected locations and the available but 
unselected locations associated with each selected location. 

 

 

Table A1.1 Mean step lengths (meters) and turning angles (degrees) for each movement state 
during the 2018-2019 and 2019-2020 Mississippi Flyway goose hunting season frameworks 
estimated with hidden Markov models (HMM’s) for adult female Canada geese marked during 
brood rearing in Iowa, USA. State 1 may represent small movement associated with rest and 
feeding, state 2 may represent local movements (e.g. movement between roosting and feeding 
areas), and state 3 may represent long distance movements associated with migration and 
exploratory flights to new areas. 

Hunting 
Season State Mean Step Length (95% CI) (m) Mean Turning Angle (⁰) 
2018-2019 1 8.58 (8.49-8.68) -179.88 

 2 47.05 (46.63-47.47) -177.89 
 3 1170.76 (1150.72-1191.16) -0.55 

2019-2020 1 11.46 (11.35-11.58) 177.03 
 2 54.35 (53.87-54.83) -177.62 

  3 1250.42 (1231.34-1269.82) -1.72 
 

 

Table A1.2 Model selection table for hidden Markov models (HMM’s) using Iowa adult female 
Canada goose movement data for the 2018-2019 and 2019-2020 Mississippi Flyway goose 
hunting season frameworks. Model rankings were identical for each season, and the top model 



received all the Akaike weight (ω) in each case, thus only the top three models of eight for each 
hunting season are displayed. 

Model logLik AIC ΔAIC ω      
2018-2019          
3 State: Hour + Site + Time Period 1948423 3896921 0.0 1.0 
3 State: Hour + Time Period 1948591 3897246 324.6 0.0 
3 State: Hour + Site 1949552 3899168 2247.1 0.0 
2019-2020     
3 State: Hour + Site + Time Period 2179023 4358122 0.0 1.0 
3 State: Hour + Time Period 2179482 4359029 906.8 0.0 
3 State: Hour + Site 2180107 4360277 2155.3 0.0 
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