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Appendix 1 
Evidence that most samples belong to different individual moose  
To minimize the frequency of re-sampling the same moose multiple times, we abandoned trails 

after collecting a sample and then sought a new set of tracks to follow. Typically the next set of 

tracks was at least 0.4 km away.  

 We have been collecting samples in this manner for a number of years prior to this study. In 

prior years we had also analyzed microsatellite DNA extracted from fecal samples (13 

microsatellite loci and sex chromosomes). From those DNA profiles we determined individual 

identities of each sampled moose. The results of that analysis are described in Table A1 (next page). 

 

Table A1. The number of unique individuals was determined via the analysis of 
fecal DNA at 13 microsatellite loci and markers on the sex chromosomes. This 
determination was possible because most snow-urine samples (i.e. samples of 
urine deposited in the snow) collected between 2004 and 2010 were also paired 
with fecal pellets that had been deposited alongside in the same snow tracks where 
the urine had been sampled. The average ratio among years is 0.68. That ratio is 
an indicator of the number of unique individuals that one can expect to have 
sampled, given the number of snow-urine samples collected.   

Year No. of snow-
urine samples 

No. unique 

individuals 

Ratio of unique individuals to 

snow-urine samples  

2004 53 39 0.74 

2007 54 41 0.76 

2008 86 53 0.62 

2009 99 69 0.70 

2010 112 65 0.58 
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Appendix 2 
Accounting for differential digestibility and its influence on model results  
The forage species vary with respect to digestibility.  In particular, cedar was 42.1% digestible, 

balsam fir was 36.2% digestible, and deciduous species were 26.2% (±2.2%, standard error for 15 

species) digestible (Appendix III of Risenhoover 1987). We did not have an estimate of digestibility 

for white pine. However, it represents a very small portion of diet (i.e. <0.5%). Moreover, because 

the digestibility of conifers was greater than that of the deciduous species, the best estimate of 

digestibility that is available to us is the average digestibility of the other two conifer species (i.e. 

39.2%).  

 To verify that our results and conclusions were not influenced by differences in digestibility, 

we repeated the analysis represented in Table 1, except that diet composition was represented by 

estimates that were adjusted for differences in digestibility. The adjusted proportion of diet for food 

category i was: 

      
!!/!!
!!/!!!

 

where pi is the unadjusted proportion and di is digestibility of food category i. The regression 

analysis reported in Table 1 is presented again in Table A2, except that proportion of diet that is fir 

and evenness were recalculated with adjusted proportions.  

	 We also performed equality of proportions tests to assess a quantitative difference between 

raw diet composition and adjusted diet composition values. We compared raw proportions and 

adjusted diet proportions within each region and found no significant difference between raw and 

adjusted diet proportions (east, p = 0.77; west, p = 0.67). We repeated this test comparing diet 

proportions within each year, and found no significant difference (2013, p = 0.77; 2014, p = 0.73). 

These analyses suggest that diet composition was essentially unaffected by adjustment for 

digestibility.  

 To verify that Evenness was not affected by adjustment for digestibility, we used a paired t-

test to compare evenness values between raw diet proportions and adjusted diet proportions. There 

was no significant difference between adjusted and raw evenness values (p = 0.53), indicating that 

diet diversity indices were not affected by this adjustment.  
We then used applied the stepAIC() algorithm in R to this adjusted data to better understand 

the predictors of UN:C. The result was a model that explained 59% of the variation in UN:C and 

included Fir, GA:C, Evenness and Year as predictors, in addition to three interaction terms 

(Fir:Evenness, Fir:Year and Evenness:Year). The null model had a ΔAIC of 46.1 in comparison to 

the model resulting from the stepAIC() algorithm. The coefficients and standard errors for that 
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model (with p-values in parentheses) were, Fir = –4.3 × 10+3 ± 3.2 × 10+3 (p = 0.18), GA:C = 5.22 × 

10-2 ± 2.08 × 10-2 (p = 0.01), Evenness = – 4.4 × 10+3 ± 2.6 × 10+3 (p = 0.10), Year = –1.40 ± 1.41 (p  

0.32), and Fir:Evenness= –7.10 ± 4.82 (p = 0.15), Fir:Year = 2.15 ± 1.59 (p = 0.18), and Evenness:Year = 

2.18 ± 1.30 (p = 0.10). 

While AIC is useful for evaluating relative performance among models being compared, it 

does not indicate absolute performance (Burnham and Anderson 2003). With respect to indicators 

of absolute performance, this model has several undesirable properties. Of the model’s seven 

variance inflation factors, six were >35 and five were >106. For context, values >10 indicate a 

model that suffers from considerable multi-collinearity. That circumstance is not surprising given 

that the model’s nine parameters are supported by just 68 data points and given that four of the 

coefficients had p-values >0.10. Automated regression procedures, of any kind, are not always 

effective as finding the most appropriate model (Whittingham et al. 2006, Mundry and Nunn 2009).   
For those reasons, we also built the model that includes only the predictors that were 

included in the best model to result from an analysis of the unadjusted data set (i.e. the model 

reported in the main paper). The absolute and relative performance of this model was much better. 

In particular, the ΔAIC of the model resulting from the stepAIC() algorithm, as compared to this 

model, was 2.8. This model also explains 56% of the variance in UN:C. The coefficients, standard 

errors, and p-value for the model was: Fir = 2.50 ± 0.72 (p = 9.3 × 10-4), Evenness = –1.0 ± 0.58 (p 

= 0.09), GA:C = 4.6 × 10-2 ± 2.1 × 10-2 (p = 0.03), and Year = 1.3 ± 2.0 (p < 10-5). The variance 

inflation factors for this model were all <1.1. 
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