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Abstract: Modeling the number of uses of discrete habitat types by animalswithamultinomial distribution, weillustrate
the use of Bayesian methods to estimate selection. An advantage of this approach in assessing selection is the
construction of credibility intervalsthat do not rely on large sample normal theory. Inaddition, credibility intervalsfor
ranked sel ection of habitatsare easily obtained. Bayesfactorsand Bayesian posterior predictivevaluesare used to test
the hypothesisof selection. Wecompare our method to alternative methodswith respect to general characteristics, such
as the unit sum constraint, and for areal dataset. Freely available WinBugs software is used to fit the model and test
hypotheses.
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INTRODUCTION

A common resource selection study designisillustrated by Smith et al.”’s(1982) study of gray partridges (Perdix
perdix). They uniquely marked a sample of individual birds and classified their rel ocations over time into one of five
habitat types. Thus, habitat usewasrecorded for each bird. A map of the study areawas partitioned into thefive habitat
types and the proportional areaof each typedetermined, i.e., acensusof availability wasconducted. Availability of the
habitat categories was assumed to be the samefor all animals. A summary of theinformation resulting from a portion of
this study described by Alldredge and Ratti (1986) isgivenin Table 1. Thisdataset hasbeen used by otherstoillustrate
new methods and compare hypothesistests of selection (seefor example, Dasguptaand Alldredge 1998 and 2002). We
usethis data set to illustrate a Bayesian analysis of categorical resource selection and to compare our results to those
of Dasgupta and Alldredge (2002) and White and Garrott (1990).

A BAYES AN MODEL

For theith animal, et the random vector X; be an h dimensional vector with elements X;; = the number of usesof habitat
h

j by animal i among n, = é_ X; observationsonanimal i; wherei = 1tomandj = 1toh. If then, observations on animal
j=1
i are independent, then X; is multinomially distributed with parametersn; andp, where p, is an h dimensional vector (p;,,
Pizs Pias - - - » Pi) With elements p;; = the probability that animal i uses habitat j. That is, the probability density of X; is
& n, 0
f(xIn,p;) = | PPy PR P
8% X 00K+, X0

fori=1tom. Wenotethat the p; are subject to the unit sum constraint
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Tablel. The Gray Partridge data set.

Smdl Row
Gran  crop hay pasture ide
Availability 282 A17 102 135 .063
Animal Use = number of relocations
1 0 8 0 20 2
2 25 21 0 0 1
3 17 11 0 0 2
4 0 0 0 2
5 20 0 0 9 0
6 22 0 0 2 0
7 0 7 6 0 1
8 10 26 2 8 0
9 21 0 4 0 3
10 44 1 0 0 5
Total 163 74 12 39 16

* - note that animal 8 isthe only animal for which useis not significantly different from availability

Similar to Manly et a (2002), Barmi and Pontius (2000) and Aebischer et a (1993) weuseaselectionfunctionw to
model thep as
B = ,
o
a w3
=1

where g isthe known proportion of the jth habitat available to al animals and w; isthe unknown relative probability
of selection of the jth habitat by animal i if all habitats were equally available (see, Manly et al 2002 for more detail).
There are many possible prior distributions that could be used for the selection proportionsw;. Forexample, one
choice would bethe h-dimensional Dirchelet distribution becauseit isaconjugate prior for the multinomial distribution.
However, like Atchison (1986), we found the Dirchelet lacks the flexibility needed to model complex settings such as
differencesin selection between genders or age groups, groups of animals selecting habitats together, or changesin
selection over time. Following Atchison and Agresti (1990; Chapter 9), we prefer the use of alogit type model for
flexibility and write

w, = g,

This approach allows the flexibility needed for future development because now the a; may be modeled using
multivariate distributions with ageneral covariance matrix.

Toillustratetheutility of alogit model for asimplesituation, we useindependent |og normal distributionsfor priors
for the selection functionsw;.  An aternative perspective of these priorsis that we use independent normal priors
with mean 0 and variance 200 for the a; so the priors are vague (non-informative). For identifiability we impose the
constraint a;; =0 (or w;; = 1) for each animal (i). Thus, selection of habitat j is relative to habitat 1 for j = 2, 3, 4, ..., h.
Note that any other constraint, e.g.,

h
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j=1
may be used and the choice of habitat 1 for comparison is arbitrary; any other habitat may be used for comparison.



The resulting posterior distribution of the selection proportions has the following form:
i p (Xi N LP; (W )) fu, (W;)
Of i (Xi:1P (W) fu, (W)

fw, hp; (wiln,p;) =
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wheref, () isamultinomial distribution with parameters n; and p and the prior,f,,() ,isalog normal distribution with
parameters 0 and 200 (the mean of In(w) = 0 and variance of In(w) = 200).

The Bayesian model proposed hereis alog ratio model similar to that of Aebischer et al’s(1993) compositional
analysis approach where theratio of proportion use of habitat j iscompared to that of thefirst habitat viathe following
relationship:

| aep 0 - o’EW 0 O aea 0
po &wo Ean
forj= 2,...,h. However, in our model we do not haveto evaluate thelog ratios of use or thelog ratios of availability
so zerosin any of these terms create no problems.

We usefreely available WinBUGS softwaretofit thismodel (seehttp://www.mrc-bsu.cam.ac.uk/bugs/, Spiegel halter
et a 1999 and Gilks et al 1994). The name WinBUGS refersto the Windows version of Bayesian inference Using Gibbs
Sampling (see, for exampl e, Casellaand George 1992). Thissoftwareiscommonly used for Bayesian analysisof statistical
models. Fitted modelsyield estimated posterior distributions, Bayesestimates (means of these posterior distributions),
and credibility intervals for each w;. The default credibility intervals, 2.5% and 97.5% quantiles of the posterior
distribution, are shown here.

Gibbs sampling as implemented in WIinBUGS, has the ability to evaluate arbitrary functions of unknown model
parameters at eachiteration. Weusethiscapability torank thew;; for each animal at eachiteration. Thisyieldsasample
from the posterior distribution of ranks, P(w; isthe k" largest among the h habitats | x;), from which credibility intervals
for rank selection are determined. Seethe WinBUGS manual for additional information on posterior rank distributions.

In addition, weuse WinBUGSfor Bayesian model sel ection (hypothesi stesting) by determining Bayesian posterior
predictivevaluesand theval uesof Bayesfactorsfor competing models. Bayesfactorsaresimilartolikelihoodratio tests
and 2*In(Bayes factor value) may be used to assess evidence against anull hypothesis (Kass and Raftery 1995). We
determined Bayesian posterior predictive values following aprocessdescribed by Congdon (2001). Ineachiterationwe
generated anew multinomial random variable, X", assuming no selection, thatis, p; =g and new selection values, w'®,
were estimated using the model described above. Posterior predictive values were determined by examining how often
astatistic under the null hypothesis of no selection exceeded the value of the same statistic for fitted selection values
(p isafunction of the fittedw). The statistic varied depending upon the hypothesis being examined. The hypothesis
of no selection by an individual animal, say animal i, was assessed using a posterior predictive value based upon the
usual chi-square statistic,
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Similarly, the hypothesis of no selection across animals was tested using the sum of the usual chi-square statistics,
2 2 0
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Finally, the hypothesis of no difference in selection of habitat j and habitat j’ for animal i was tested using
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Alternative statistics could be used for any of these posterior predictive values. For example, the maximum of the chi-
square statistic across animals could be used rather than the sum to test the hypothesis of no selection across animals.

To determine the sensitivity of our model to the choice of the normal prior, we also ran the model using uniform
(-10, 10) priorson the a;.

RESULTS

A two stage analysisis commonly performed when analyzing selection using data like that given in Table 1 (see
Whiteand Garrott 1990). First, an analysisof selectionisconducted for each animal then an overall analysisof selection
across animalsisconducted. Wefollow thisstrategy using the Bayesian approach described here by first showing the
analysis for partridge number 8 then showing overall results.

Table 2 providesasummary of thefit of our modelswith normal priorsand uniform priorsfor animal number 8 and
compares our results to those of the usual use divided by availability estimator of selection (selection ratio;see Manly
et a 2002). Itisclear from thistable that ourmodel providesagood fit and our estimates of selection aresimilar tothose
of the more usual estimator. In addition, this comparison shows little impact of choice of prior on the a; ;all further
results are for nomal priorsonly. Notethat in Table 2 our Bayesian estimates have been re-scaled to sum to the total of
selection ratios for comparison purposes. Our WinBUGS programyieldsw;; ", scaled valuesof w;;, with val ues between
0 and 1 for each habitat using

1 )
aw
J

Table 3 provides a comparison of commonly used large sample normal theory confidence intervals (W + Z(1-

a/2)*se[W]; see Manly et al 2002 equation 4.15) with Bayesian credibility intervals for each habitat for bird number 8.
No effort hasbeen madeto control simultaneouserror ratesin thiscomparison; 95% confidenceisused for eachinterval.
Note that both types of intervalsindicate no selection for small grain or pasture (1isin both intervals).
However, for hay and row crop habitats the Bayesian credibility interval suggests no selection while the large sample
normal method suggests selection. Intervals for small grain and pasture were narrower for the large sample normal
theory method while Bayesian intervals were narrower for hay and pasture habitats. We expect these differences are
due to large sample versus small sample theory.

Bayesian intervals have several advantages. First, they are not dependent onlarge sample (normal) theory; They
work with thesamplesizesgiven. Second, negativelower bounds, likethat for habitat hay inthenormal theory intervals,
are not possible. Third, Bayesian intervals for unused habitats, like idle habitat for animal 8, till result in intervalsthat
include zero and based on the number of relocations of the bird, give someideaof likelihood of selection. Zero usefor
agiven sample size does not mean that zero use is guaranteed for all sample sizes. Thus, Bayesian credibility intervals
incorporate the variability of selection of the other habitatsinto the interval for selection of azero use habitat. That is,
this interval is a direct result of the unit sum constraint and the prior distribution on w;. Lastly, intervals for any
function of thevariables, e.g., estimating proportion use or selection when combining two habitats or the difference or
ratio of selections are easy to implement in WinBUGS.

Figure 1 shows the posterior densities of selection for each habitat for animal 8 as estimated by WinBUGS.
Quantiles of these estimated densities are used to form the credibility intervalsin Table 2. The posterior densities for
the selection functionsfor habitats 3 (hay) and 5 (idl€) are clearly non-normal while the posterior densitiesfor selection
of habitats 1 (small grain), 2 (row crop) and 4 (pasture) appear approximately normal. The posterior density for habitat
5, idle, illustrates the case for a0 use habitat.

Figure 2 showsthe posterior rank distributionsfor selection functionsw; andtheir associated credibility intervals
generated by WinBUGS as part of the analysisfor animal 8. Higher ranksrelateto higher probability of selectioninthis
presentation. Credibility intervalsfor rank use for each habitat for animal 8 are given in Table 4. Notethat habitat 1,
small grain, is ranked somewhere from 2™ to 4", thus, it is not the most selected habitat by this animal nor the |east
selected by thisanimal. Habitat 5, idle, with rank 1 isthe least selected habitat by bird 8.

Table 5 shows model selection results for each bird and across all birds using the two forms of Bayesian model
selection statistics, Bayesfactors and Bayesian posterior predictivevalues. Significance of Bayesfactor results follow



Table 2. Estimates of selection for animal 8

Smdl Row
Gran Crop Hay Pasture Idle
Relocations 10 26 2 8 O
Observed % use 217 565 043 174 000
% Availability 282 A17 102 135 .063
Modeled % use
normal priors 217 565 044 174 001
uniform priors 215 566 043 174 002
W = u/a(selection ratio) 771 1355 425 1283 .000
Scaled Bayesian w
normal priors 773 1372 416 1269 .008
uniform priors 762 1367 412 1261 .036

Table 3. A comparison of 95% confidence intervals and 95% credibility intervals (normal priors) and interval widths
for animal 8

Habitat W % Z(1-a/2)* se(W) width Bayesian interval width
Smadl Grain (0.349, 1.195) 0.846 (0.381, 1.267) 0.886
Row Crop (1.030, 1.718) 0.688 (0.882,1.933) 1051
Hay (-0.159, 0.995) 1154 (0.056, 1.038) 0.982
Pasture (0.456, 2.078) 1622 (0.652, 1.941) 1.289

de 00 (0.000, 0.093) 0093



Figure 1. Posterior densities for selection functions for habitat 1 (small grain), 2 (row crop), 3 (hay), 4 (pasture) and
5 (idle) for partridge number 8 using log normal priors. Note that the idle habitat had zero use by partridge number
8; normal priors.
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Figure 2. Posterior rank distributions for selection functions for partridge number 8. 1 = small grain, 2 = row crop,
3=hay, 4 = pastureand 5 = idle; normal priors.
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Table 4. Posterior rank distribution summary of selection function for partridge 8; normal priors.

Rank Selection
25%  median 97.5%
Smdl Grain 2 3 4
Row Crop 3 5 5
Hay 2 2 4
Pasture 3 4 5
Idle 1 1 1



Table5. Bayes factors and Bayesian posterior predictive values for assessing selection for each animal and across
animals; normal priors.

Smdl Row Bayes Bayesian

Animal Gran Crop Hay Pasture Idle Factor posterior predictive values
1 0 8 0 20 2 kR <.001

2 25 21 0 0 1 kR .001

3 17 1 0 0 2 o .010

4 4 0 0 O 2 * 022

5 20 0 0 9 0 kR <.001

6 2 0 0 2 0 ok <.001

7 0 7 6 0 1 * .007

8 10 26 2 8 0 n.s. 078

9 21 0 4 0 3 A <.001

10 44 1 0 0 5 ol <.001

*

Overall (with and without animal 8) *** <.001

*** —yery strong evidence, ** = strong evidence, * = evidence, n.s. = not significant

the guidelines given by Kass and Raferty (1995). Notethat the Bayesfactor for animal 8 agreeswith thejoint chi-square
analysis by Dasguptaand Alldredge (2002) while Bayesian posterior predictive values do not (their analysisindicated
non signficiance at the 10% level whilewe got aBayesian posterior predictivevalue of .078). Thus, theresultsareclose
but different. We note that the Dasgupta and Alldredge (2002) approach is based upon large sampl e theory whilethe
Bayesian posterior predictive value approach isnot. Significance levels using uniform priors were within .002 of the
levels given for normal priors.

The multiple comparison procedures of the White and Garrott (1990) and the Dasgupta and Alldredge (2002)
technique are compared to a Bayesian posterior predictive value approach in Table 6. The Bayesian method generally
identified fewer differencesin selection between habitats than the other methods. Webelievethedifferencesbetween
methods are largely caused by the fact that both the White and Garrott and Dasgupta and Alldredge methods rely on
large sample normal theory while the Bayesian methods here do not.

DISCUSSION AND CONCLUSIONS

The Bayesian model described here fits the example datawell and has several advantages over existing methods.
Credibility intervalsand model sel ection methods are sampl e size specific and do not rely on large sample normal theory.
In addition, credibility intervals can not yield negative lower bounds and zero use results in ameaningful interval.

We found it is challenging to determine Bayes factor values in fitting models for individual birds and across
animals. Commonly only alower bounds could be determined. In addition the determination of the Bayes factor must
be made in a separate run from the model fitting in WinBUGS. Thisis necessary because both a null model and an
aternative model are compared in one analysis. Because the parameters of the models may not have the same meaning
under both the null and alternative models, the Bayesfactor run cannot be used to estimate model parameters other than
the Bayesfactor. Thus, we consider these disadvantages of thismodel sel ection method and prefer Bayesian posterior
predictive values for hypothesis testing here.

Ourmodel can be extended to other common resource selection situations. First, replacing thecommon availability
of resource | for al animals, g , with avalue that is animal specific, g; , allowsfor different availability for each animal.
Second, if availability is not known but is estimated through random point sampling, the vector of availabilities can be
modeled as a multinomial random variable as part of a WinBUGS analysis. Third, dependencies among animals, e.g.,
animals in groups, can be modeled using a multivariate normal distribution for the a; rather than the independent
univariate normal distributionswe used. The structure of the covariance matrix inthiscaseisgivenin Aitchison (1986).
In addition, we can testfor selection differences among gender or age groups by including additional parametersin our
model suchasin
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Table 6. Multiple comparisons; S=small grain, R =row crop, H = Hay, P = pasture, and | =idle. W & G refersto the
procedure by White and Garrott and D & A refersto the procedure by Dasgupta and Alldredge; normal priors.

Animal W&G D&A Bayesian
1 SRHI P SRHI P SRHI P
2 PHI RS PHI RS PHI RS
3 PHRI S PHRI S PHR?
4 RPHI S RPHI S RPHSI
5 RHI PS RHI P S RHI P S
6 RHI P S RHI P S RHI P S
7 SPI RH SPI RH PSI RH
8 SI HPR
9 RPHI S RPHI S RPHI S
10 RPHI S RPHI S PHRI S
* * *

* - Due to the small number of relocationsin the asterisked habitats, differencesin selection were not detected for
pasture, hay and small grain even though other ordered differences were significant.
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