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Abstract. Categorical regression models are used to model relationships betaegatytomus re-
sponse and a set of regressor variables. Since these respomsbs cadered or unordered, different
models are proposed. In our example, the study of the distribution amedaimce of mussel seed, the
response variable is ordinal. Hence, a cumulative model would be theahafption, but we also opt
for a multinomial model, since it is plausible that different effects can beeptdsr each category.
Therefore, the use of both models could be much more informative frontogibad point of view.
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1 Introduction

In ecology, Generalized Linear Models (GLM, [9]) have been the madthyw used statistical models to
assess relationships between species distribution and environmentwadays, the use of the Gener-
alized Additive Models (GAM,[6] ; [10]), is extended to species distributiwodelling, due to its ability
to handle non-linear data [1], [5]. However, spatial autocorrelatibenoéxists in this kind of data [8].
Since the spatial correlation is difficult to handle in the GAM framework, a ngemeral regression
model is then required. One of these kind of models are the Bayesian &tdi&tdditive Regression
models (STAR, [3]). These models have great advantages in the cohspdtial data, as they allow to
incorporate smooth effects of continuous covariates and spatial efféhtfiexible forms. The spatial
effects can be split in a conditional (structured) part, and an unconditfanstructured) part which al-
lows to explain the overdispersion caused by unobserved heterogenttiypresence of autocorrelation
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[3]. In the present work, we model the distribution and abundance o$ehgsed using the STAR mod-
els for categorical responses, based on a mixed model representdt@mussel is the most important
marine resource in galician aquaculture sector, producing over 95%ssahin Spain, the first producer
of this resource in Europe (over 40% of production). This importartbselepends on natural resources
of mussel seed, so it is necessary to increase the knowledge of feegatating the spatial distribution
and abundance of this resource.

2 Themussa seed data

The study was carried out in 93 sites on the galician atlantic coast, durimg $jles, from march to
september, in 2005-2006 and 2008-2009. In each site, a transpengéemular to the coastal line was
placed in the intertidal zone. A sample quadrat of 20x20 cm was settings@awh, and the percentage
cover of mussel seed was measured. In the present work, two degdnave been selected: tidal height
(in meters) and magnetic course (in degrees).

The response is given by a categorical variable representing pegesrof observation plots covered by
mussel seed, with four categories: (a) category 1 (reference cgelpov abundancel5%, (b) category

2: medium ( 5%-25% ], (c) category 3: high ( 25%-50% ], and (d) catedo very high>50%. All
computations are carried out with BayesX package [2].

3 Statistical methodology: Categorical structured additive regression

Categorical regression models are used to model relationships betwelgtoaus response and a set of
regressor variables. Since these responses can be ordereddaeredo different models are proposed.
In our example, the response variable is ordinal and a cumulative modgd Wwe the natural option.
However, we also opt for a multinomial model, since it is plausible that diffexffacts can be present
for each category. Therefore, the use of both models could be muchimhom@ative from a biological
point of view.

For nominal responses, the multinomial logit is the most common choice, whepeatlbbility of cate-
goryr is defined as
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with linear predictom(") = u'a(” depending on covariatesand category-specific vector of regression
coeficientsa("). For ordered responses, the usual choice is the cumulative logit medieled via the
cumulative distribution functiofr of the standard extreme value distributionrPy <r) =F (n(r)) or

P(Y=r)=n" =h" (n(l),...,r](‘”) =F (n(r)> —F (n(r‘l)) r>1

with linear predicton ") = 8() —u’a(, whereB < ... < 8(@ are the ordered thresholds.

With the specification of categorical structured additive regression matislgossible to include non-
linear effects of continuous covariates and spatial effects in an unifiedlexible framework [3] [7].
The resulting predictors for both the multinomial logit and cumulative logit ardaé&ollowing
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where fy,..., fi are smooth functions of the covariates...,x, and fspa is the non-linear effect of
spatial indexs € {1,...,S}. For the multinomial model, the covariates are assumed to be independent
of the category while effects are category-specific. For the ordinaleimeadl effects apart from the
thresholds are constant across categories.

To estimate smooth effect functions and model parameters, an empiricali@aggproach, based on
mixed model representation is employed. Since we use a Bayesian apptaaciecessary to specify
priors for the effects. For the fixed effects parametediffuse priorsp(y) [l constare assumed. For

the unknown smooth functiorfswe assume Bayesian penalised splines with second order random walk
priors. For the structured spatial effects, a Markov Random Field [gr&elected, since the regions are
clustered in connected geographical regions [3].

Inference is performed with empirical Bayes (EB) posterior analysiedas generalized linear mixed
model (GLMM) methodology, once an appropiate reparameterization oktiression terms is given.
Based on the GLMM approach, regression and variance parametelt® @stimated using iteratively
weighted least squares (IWLS) and (approximate) restricted maximum likelifREML) developed

for GLMM's [4]; [7].

4 Resultsand conclusions

Multinomial and cumulative logit models were applied to assessing the possibkenioflwf tidal height
and magnetic course on the spatial distribution of mussel seed abund@aecestimated smooth effects
of the two covariates are shown in Figure 1. Results from the cumulative lrmatieate that higher
values of the predictors correspond to lower abundance of musskl ¥éale the functional effect of
tidal height is quite similar for the ordinal model and the multinomial model for categ 2 and 3, some
deviations from this pattern were found for category 4. As regards ginet&c course, qualitatively
similar results were obtained for both the ordinal model and the multinomial modehtegory 2, while
no effect of this covariate was encountered for the two remaining caésg8rand 4.

Almost no spatially structured effects were found when using ordinal méttevever, a more detailed
picture through the separated effects given by the multinomial model inditetespatially structured
effects are quite pronounced for categories 3 and 4. Also, largatiear of the unstructured effect
among categories was observed, as compared to that encounteresldutiiured effect.

As a general conclusion, compared to the ordinal model, the multinomial maulétlps more insight
into the factors that influence the spatial distribution of mussel seed. Siese ttodels allow for differ-
ent covariate effects along the various response categories, weetdifyigvhether factors determining
the presence of the resource are different from those determininguitsiaice.
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(a) Estimated effects of magnetic course.

(b) Estimated effects of tidal height.

Figure 1: Estimated smooth effects of covariates with 95% pointwise credibleatgefor cumulative
(first column), and multinomial models: category 2 (second column), catey¢third column) and
category 4 (fourth column). Category £%%) is taken as reference category.

(b) Posterior mode estimates of the unstructured spatial effects

Figure 2: Estimated spatial effects, for cumulative (first column), and mutii@mlomodels: category 2
(second column), category 3 (third column) and category 4 (fourth cglumn
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