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Summary

The influence of forest environment (forest regatien after a 1992 forest fire covered with
young stands (low quality deer habitat) and unbdifioeest of diversified stand age classes (high
quality deer habitat)) and climatic factors (theaméemperature and the total number of days with
show cover in January and February) on roe dedégraagymmetry in two age classes of roe deer
males was studied. Data were collected by locatdrarirom 366 shot males during 1998-2007.
We applied 4 generalized linear models: Poissonemdeoisson adjusted for overdispersion,
negative binomial and negative binomial with lognaaical link function. Goodness—of-fit
statistics were checked as well as residuals pldisre was a significant difference in roe deer
antler asymmetry incidence between age classeddtr considered habitats while weather
conditions didn’t influence roe deer antler asynmnet
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1. Introduction

Roe deer male quality can depend on an antler symynigy males with
symmetric antlers we mean those with an even nuwibgoints on both antlers,
otherwise they are asymmetric. Degree of antlernsgtry can be an indicator
of an environmental stress (e.g. malnutrition). § hids interesting to check the
influence of forest environment quality on roe daatler symmetry. Roe deer
are the only cervid which antlers grow in wintehem the food conditions are
the toughest among all the seasons. Furthermigaliso interesting if the snow
cover and temperature influence antler growth (is tcase its level of
asymmetry).

The number of males are a typical count data tbezelinear models are
not suitable for them. Since 1972 when Nelder amdldénburn (1972) used the
term of generalized linear models (GzLM) and adapieear model
methodology for use with non—normal data — thesdetsoare typically applied
for non—normal data. The main features of GzLMtaeelink function and the
variance function (McCullagh and Nelder, 1989; dlitet al., 2002). The link
function 7 is a mathematical model of the expected valuef a random
response variabley. With normally distributed data we fit a linear deb
directly to the mean, but in GzLM we fit the lineaiodel indirectly using a
function of the mean — the link function. The vada functionV(y) describes
the relationships between the expected value angathiance of the distribution
of the response variable.

The log likelihood formula for exponential familyisttibutions is
considered as the function 8f gandy being given (McCullagh & Nelder):

(6.03)= 20 ety @

where @ is the natural parametegis a scale parameter arfa(l)], c((J are
specific functions. The second derivative of (isl¢alled the variance function

V(L). Thus van))= gV(4).
Typically the Poisson distribution is used to madérmation on counts in

situations where there is no natural “denominatort thus no upper limit of
. - . Ae™
size of an observed count. The probability of thenty is P(Y = y) = el :
y!
where A is the mean count. For the Poisson distribution fean and the
variance are equaE(y):val(y):)l. The log likelihood of the coury is

(y)=ylog(A)- A —log(y!). According to (1.1)8 =log(4), ¢=1 andV(z)=1
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(Littel et al., 2002). The link function in the Bebn distribution is7 = log(A)
thus n= 6. Link function having the fornm = 6 is called the canonical link
function (Littel et al., 2002).

When the variance is larger or smaller than exjgettea given model, it
indicates overdispersiongé 1) or underdispersion g< 1) (Cameron &
Trivedi, 1998; McCullagh & Nelder, 1989). The scpbrameteiis also called
the dispersion parameter (McCullagh & Nelder, 19&Werdispersion causes
that standard errors are underestimated and #itiss are overestimated. For
biological count data overdispersion occurs quftero(Littel et al., 2002) and
the distribution where the variance is bigger thhe mean could be more
appropriate than the Poisson distribution. One sdistribution could be a
negative binomial distribution (Dean & Lawless, 228

The aim of this study was firstly, to check whidhemvironmental factors
and weather conditions influence roe deer’s amftewth and secondly, to find
out the most adequate generalized linear modetidesy those data.

2. Materials and methods
2.1. Data

Observations were collected by local hunters frdrmot 3oe deer bucks
during 1998-2007. The total number of males waswBére 106 bucks were
with asymmetric antlers. The date and place (buumdairned forest) of each
shot buck were noticed. The number of points ot eatler from a given male
was counted and its age was estimated on the diasisth wear. We took into
consideration 2 age classes — yearlings (i.e. years—olds) and three—year—old
bucks. Roe deer antlers were compared between dtwoasting areas: forest
regeneration after a 1992 forest fire covered withng stands (low quality deer
habitat) and unburned forest of diversified stagd elasses (high quality deer
habitat). In addition to environmental factors, thifuence of climatic variables
such as the mean temperature and the total nunhlarye with snow cover in
January and February was examined.

2.2. Statistical methods

We were interested in examining the asymmetry i@ i.e. the number
of bucks with asymmetric antlegsdivided by the total number of observed
bucks in thej™ age—habitat combination k' yearNjc. Therefore the response
variableY was count variable which is usually analyzed ugjegeralized linear
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models (GzLM). At the beginning we used a Poissgrassion model which
form was:

i = |og(/]ijk): log(Nijk)+m+ai +hj +ahj +pBt+B,s, (22.1)

where 77, =Iog(/1ijk) is the canonical log link function ankd)g(ﬁijk) is the

mean count for th§"™ age—habitat combination k" year k=1,...,10),m the
intercept,a; the i™ age effecti€l, 2), h the™ habitat effectje1, 2), ah; the
interaction effect foiij™ age—habitat combinatiom,ands are respectively the
mean temperature and the mean number of days of sower variables in
January and February in considered yegrandf, are regression slopes, which
have convenient interpretation as the natural bthe antler asymmetry rate
ratio for comparing a one unit increaset afr s respectively. The logarithm of

the total number of bucks in each cIde@(Nijk) is an offset term allowing

different number of males in considered classesnditrix notation the model
(2.2.1) has the form (Littel et al., 2002):

n=Xp, (2.2.2)

wheren is theNx1 vector of the link functionX is is theNxp design matrix and
B is thepx1 vector of the model parameters.

For model (2.2.1) we checked the evidence of ospaision using
goodness—of—fit statistics. The overdispersion rpatar ¢ is unknown and
therefore must be estimated. A method suggestedQullagh and Nelder
(1989) is using thaleviance which is the measure of discrepancy between
observed and fitted values. Tteviances defined as (Littel et al., 2002):

2e(aly)y) - e(6lxB}y). (2.2.3)

where E(H;y) is the log likelihood withé?(y) value determined from the data

and H(Xﬁ) attained from the estimate @f under the fitted modely is Nx1

vector of observations. Theeviancehas an approximatg? distribution with
N degrees of freedomNEtotal number of observatiorp= number of the
model parameters; rank of the design max)x The deviancedivided byN—p
is the estimator of the unknown overdispersion patar ¢ (McCullagh &
Nelder, 1989) and it is used to detect over — ateun- dispersion in Poisson
models:
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~ vian
:Me (2.2.4)
N-p

There are at least two ways to account for over analer — dispersion in
GzLM. One way is to adjust the covariance matrixte Poisson model with
the overdispersion parametgrThen the covariance matrix is pre—multiplied by
@ and the scaled deviance and the log-likelihooib riatsts are divided by
(Stokes et al., 2000). This approach was suggdstedcCullagh and Nelder
(1989).

Second way to manage overdispersion is to assumnmora flexible
distribution e.g. the negative binomial distributiovith the mearnd and the

variance function/ + kA?, wherek is the aggregation parameter (Littel et al.,
2002). The limiting distribution for negative bin@his Poisson whek=0. The
negative binomial distribution adds a quadratiotéo the variance representing
overdispersion. Fok>0 the variance is larger than the mean and tha alet
more aggregated (clustered) than would be expectdte Poisson distribution
(Littel et al., 2002). The canonical link functidor the negative binomial

Whenk is unknown it has to be estimated. A

distribution is 77 Iog/1 . :
simpler approach to the negative binomial distidouis using the logl) as the
canonical link.

We decided to perform the analysis of the expertalesiata described by
the model (2.2.1) in four ways. Firstly we used thiassical” Poisson model
(model 1) assuming that the vector of observatipris a realization of the
random variableY having Poisson distribution. Secondly, assuming Shme
distribution of Y as in the model 1, we used adjusted for over drmler —
dispersion Poisson model (model 2). Next we assuimidresponse variabkée
had the negative binomial distribution and we u$ednegative binomial model

with the Iog(/]ijk) as link function (model 3) and the negative bir@inmodel

/]ijk
/]ijk +%
To compare negative binomial models (models 3 gndith the Poisson
ones (model 1 and 2) we carried out the likelihoatib test for significance of
overdispesion (Cameron & Trivedi, 1998), that I test of the hypothesis
H,:k =0 againstH, : k>0.
To check assessing of the fit of these models vadyaed two kinds of

residuals plots suggested by McCullagh and Nelti@8g). One of them is the
plot of standardized deviance residuals

with the link function of the forn, = log for estimatek (model 4).
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stdry, =sign(yijk ~ Ay )\/devianch NET
wherehy, is a function of the Hessian matrix, against tredizted countsflijk .

The unequal scatter on this plot indicates viokatmf the homogeneity of
variance (Littel et al., 2002). The next is thetmlecking the link function. It is

* ~ i _A
the plot of linear predictorsy, =7 +M against estimated link
ijk
function 77;, .
We used PROC GENMOD in SAS System for all compateti (SAS
Institute, 2008). Residuals values needed for marhedcking plots were
obtained using OBSTAT statement of this procedure.

3. Results

The goodness—of—fit statistics for models 1-4 aesgnted in Table 1. The
deviance has approximately chi-square distributidh the number of degrees

of freedom presented in column df. For modefoi: 39.628 33= 1.20 what
indicates slight overdispersion. The scaled dewdnc model 2 is the deviance

for model 1 divided by the estimated overdisperspiarametelrﬁ. For models 3

and 4 both criteria are the same. The third rowaidfle 1 consists of chi-square
statistics, and referred p—values for test fittifigoresented models. For none of
models 1-4 we do not reject the hypothesis thaa daime from assuming
distributions.

Table 1.Criteria for assessing goodness—of—fit for modes 1—

Model 1 and 2 Model 3 | Model 4
Criterion df Value | Value/df Value | Value/df Value | Value/df
Deviance 333 39.638| 1.207 | 43.141 1.307 44,1171 1.337
jca.'ed 33 | 33" 1% | 43.141 | 1.307 44117  1.337
eviance
Pearsorxz 35.779 1.084 39.455( 1.196 41.112| 1.246
(p-valug 33 | (0.339) (0.204) (0.157)
Log Model 1 Model 2 Model 3 Model 4
likelihood
0 31.586 38.047 38.075
f(e) 37.930 | 5001 (0.314) (0.296)
(p—value)

* for model 17 for model 2
a8 — df=33 — any 3 year—old buck was shot at bufoegst in 1999 thubl=39 (instead of 40=6
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The results of the likelihood ratio test for sigeaince of overdispesion i.e.
the hypothesisly: k=0 are presented in the last row of Table 1. Weaataeject
Ho for both negative binomial models and conclude tha Poisson model fits
well. However, we used this test also to compath Peisson models i.e. model
2 with adjustments for overdispersion with modelThere is a significant
difference between these models, so model 2 seebhesdppropriate.

We checked residuals plots next. Figure 1 presstatsdardized deviance

residualsstdrijf versus the predicted mea?fﬂk for models 3 (Fig. 1b) and 4

(Fig. 1c) and for model &td rijE against predicted mean adjusted to a constant

information scale2,/ﬁijk (Fig. 1a) as was suggested by McCullagh and Nelder

(1989). There is no overt visual evidence on unkgecatter or systematic
pattern on plots in Fig. 1 and the absolute valokestandardized deviance
residuals aren’t greater than 2.5, so none of coedpaodels can be rejected on
the basis of these plots.

Figure 2 presents linear predictoys plotted against the estimated link

function ﬁijk . These plots are unique to GzLMs (Littel et ab02). They should

be linear, departure form linearity suggests a pbmice of the link function
(Littel et al., 2002). There is the visible scatereach of Fig.2 a—c plots and no
overt departures from linearity and hence no olwievidence of a poor choice
of the link functions for considered models.

1,5 +
0,5 - + + + +

-0,5 4 + + +

standarized residual deviance
+
+

+
1,5 | s i

-2,5

adjusted lambda

Fig. 1a.The plot of standardized deviance residuals apaitjssted predicted mean (adjusted
lambda) for model 2
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standarized residual deviance
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Fig. 1b. The plot of standardized deviance residuals agatjssted mearﬁijk for model 3

standarized residual deviance
o
!
+

lambda

Fig. 1c.The plot of standardized deviance residuals agpieslicted mean#iijk for model 4
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linear predictor

linear predictor

-1 -0,5 0 0,5 2,5
estimate of link function

Fig. 2a.The plot of linear predictorg against estimated link functidﬁijk for model 2
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-2,5 -2 -1,5 -1 -0,5 0 0,5 2,5

estimate of link function

Fig. 2b. The plot of linear predictorg against estimated link functidﬁijk for model 3
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Fig. 2c. The plot of linear predictorg against estimated link functicﬂﬁijk for model 4

None from all models 2—-4 was eliminated due to lackhe fit. Therefore
we wanted to check if there were differences betwessults of testing the
effects of the model (2.2.1). Table 2 presentsréisailts of the type 3 analysis
for all considered models. It contains likelihoadio chi-square test statistics
and associated p—values. It's worth pointing oat ttR chi—square values for
model 1 (the Poisson model without adjustments)bégger than in model 2
(the Poisson model with adjustments for overdispejs It increases because
the standard errors of the estimated effects aselli and they are too small
what makes test statistics overestimated.

Table 2 Likelihood ratio statistics (LR) for type 3 analy$is models 1-4

Source of o Chi—square statistics (p—value)

variation Model 1 Model 2 Model 3 Model 4

habitat 1 3.09 2.58 3.27 2.66
(0.078#) (0.108) (0.070) (0.103)

1 31.50 26.23 26.58 26.97
age (<0.001) (<0.001) (<0.001) (<0.001)
habitat*age 1 4.79 3.99 5.01 5.80
interaction (0.028) (0.045) (0.025) (0.016)
temperature 1/ 0.09(0.758) 0.08(0.779) 0.12(0.7130.13 (0.718)
snow 1| 0.24(0.626] 0.20(0.657) 0.32(0.572) @®340)

# (p~values in brackets)
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These results for all models are similar. Theresggrificant differences of
age groups as well as the interaction of experiatefaictors. There are no
significant differences between habitats that arenédd and unburned forest.
Considered climatic variables — the temperatureth@chumber of days of snow
cover in January and February are not significanthe influence of these
weather conditions on roe deer antler asymmetrynsasonfirmed.

We obtained the same results for all consideredetsdalt finally we chose
the Poisson model with adjustments for overdispargmodel 2) as the best
model for presented data. Our decision was detesmainly by the fact that
the Poisson distribution is the most common distiim for modelling count
data and the negative binomial distribution is &guplgenerally in these
situations where the Poisson model is a poor fit.

Table 3 presents roe deer antler asymmetry incalestores and their
significance for main and interaction effects o tmodel (2.2.1). There is a
significant difference in roe deer antler asymmeimgidence between age
classes for both considered habitats. The incidexicantler asymmetry for
yearlings was lower than for 3 —years—old onesigh fas well as for the low
guality deer habitat. Younger bucks with asymmeamtiers were more rarely
observed at the areas of the forest regeneratieered with young stands than
in unburned forest, while 3 —years—old ones withmasetric antlers lived in
both types of habitats at the comparable level.

Table 3.Roe deer antler asymmetry incidence scores for arainnteraction effects (ns — not

significant
Age category
yearlings 3—years—old | significance total

habitat bucks
unburned forest 19.4% 44 .8% *rx 32.6%
burned forest 6.8% 50.0% rhk 20.4%
significance * ns ns
total 14.6% 45.8% ok 29.0%

* — p<0.05, ** — p<0.01, *** — p<0.001)
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4. Conclusions

1) Three of four considered generalized linear modéis Poisson
model adjusted due to slight overdispersion, twgatige binomial
models with different log—link functions and fittgutesented count
data well.

2) Roe deer antler asymmetry was significantly loweryfearlings than
for 3—years—old males, while it was observed onilaievel in
unburned and burned forest. The incidence of aagmmetry for
younger bucks was lower in burned than in unbufosgst, but for 3—
years—old bucks this incidence was similar in batbnsidered
habitats.

3) The weather conditions such as average temperatoteaverage
number of days with snow cover in January and Falgrhaven'’t
affected roe deer antler asymmetry.
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