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Abstract. In community ecology studies the goal is to evaluate the effect of environmental covariates
on a response variable while investigating the nature unobserved heterogeneity. We focus on one-
factor mixed models in a Bayesian setting and introduce an intuitive Penalized Complexity (PC) prior
to balance the variance components of the model. We start with the simple one-way anova and discuss
extension to spatially structured residuals, following a Matern exponential covariance.
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1 Mixed models in community ecology

When modelling ecological data several authors report high levels of unexplained variation after con-
sidering the effect of environmental covariates [1]. In this cases, the linear regression framework is
abandoned in favour of linear mixed models. From a statistician’s point of view, accounting for lack of
independence in the residuals is required to “adjust” estimates of the regression coefficients. From an
ecologist’s perspective, investigating the type of residual structure is important in itself to improve under-
standing of, or generating hypothesis on, the underlying ecological community. For instance, residuals
that are correlated within some pre-specified groups/clusters of observational units can be associated to
interactions between members of the community, including negative (like competition, predation and
parasitism) and positive interactions (like mutualism and commensalism).

We analyze macroinvertebrate community data collected in 6 sampling campaigns carried out in
three streams tributaries of the Po River (Northern Italy): Nure Stream, Parma Stream and Enza Stream.
For each river a sampling area was sampled twice (in summer and winter), the spatial design including
fifty random points aligned along several transects (in total, there are 38 transects). At each point, abun-
dance of macroinvertebrates (response) and environmental covariates such as flow velocity, water depth,
substrate composition and benthic organic matter were recorded. The main goals are 1) to investigate
the role of the environmental covariates and 2) to assess the presence of small scale interactions within
macroinvertebrate communities.

The questions above could be addressed by applying the mixed model framework. In mixed models
the effect of the observed covariates and unobserved processes can be neatly separated. Assuming a
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Gaussian response Y and covariatesX the general formulation of a mixed model is

Y =Xβ+Zb+ε, ; b∼ N (0,Σb) ; ε∼ N (0,σ2
eI)

where β are the fixed effects and b the random effects. The common interpretation in ecology is that
the β’s account for variability explained by observed abiotic factors, while the b’s account for variability
driven by unobserved abiotic or biotic factors [4]. MatrizZ incorporates information about the grouping
factors under consideration. In our case study, it is expected that observations tend to be similar within
the same sampling campaign or the same transect, thus grouping factors to be considered in the following
analysis will be campaign (a factors with 6 levels) and transect (a factor with 38 levels).

1.1 Exchangeable case: one-way anova

Assume data are grouped according to the levels of a certain grouping factor, with yi j being the response
at unit i = 1, . . . ,m j within group j = 1, . . . ,n. The simplest mixed model case is one-way anova,

yi j = α+xT
i jβ+b j + εi j i = 1, . . . ,m j j = 1, . . . ,n (1)

b j ∼ N (0,σ2
b)

εi j ∼ N (0,σ2
ε)

where b j’s are random effects quantifying group-specific deviations from the intercept α and εi j are i.i.d.
noise terms. It is important to note that introducing the group-specific random effects induces correlation
among the residuals (yi j − (α+xT

i jβ)). For this reason, we refer to model (1) as to the exchangeable
case.

We note that the b j’s and εi j’s compete to capture the variance unexplained by environmental co-
variates. The balance between the two components is regulated by the hyper-parameters σ2

b and σ2
ε . In

particular, when σ2
b = 0 model (1) corresponds to the linear regression yi j =α+xT

i jβ+εi j; the ecological
conclusion would be that only environmental covariates matter and the rest is i.i.d. variation. Instead, if
σ2

b > 0 there is a certain amount of unexplained variability in the data; the interpretation would be that
covariates matters but residuals are not independent, investigating the structure in there can give useful
insights on the behaviour of the ecological community.

2 Prior specification in one-factor mixed models

Because the estimates of the variance components σ2
b, σ2

ε drive most of the ecological interpretations
on the behaviour of underlying communities, the choice of priors for the hyper-parameters σ2

b, σ2
ε is an

important aspect of model specification. [3] address this issue in a general class of one-factor Bayesian
mixed models: their proposal is to tackle the choice of priors for the variance components jointly, by
specifying a prior on the intraclass correlation (ICC) parameter, ρ = σ2

b/(σ
2
b +σ2

ε). This prior is derived
under the Penalized Complexity (PC) prior framework [2]. By definition, a PC prior is an exponential
distribution with rate parameter λ defined on a distance scale, d. Such distance d quantifies the increased
complexity of the model under consideration w.r.t. to its base model, in our case the base model being the
linear regression yi j = α+xT

i jβ+ εi j. Thus λ is a scaling parameter controlling the degree of shrinkage
to the base model and needs to be specified by the expert user/ecologist. Once the PC prior has been
scaled according to a given λ, the prior on the original parameter, ρ, can be computed by the change of
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variable rule. For a detailed discussion of the principles underpinning the construction of PC priors and
their properties see [2].

In [3] group models assuming different correlation structures for the within group residuals are pre-
sented and the prior for the associated correlation parameter (e.g., ρ in the exchangeable case) is always
derived under the same principles. There are several practical advantages for the user/ecologist. First,
the PC prior ensures proper shrinkage to the base model, thus avoiding overfitting. Second, in the ex-
changeable case, the scaling parameter λ can be elicited upon a prior statement on the ICC, i.e. the
proportion of total variance explained by the grouping factor; for instance, one may compute λ such that
P(ρ < 0.5) = 0.5. Third, the prior for ρ is actually defined on an underlying distance scale, which is
common to all group models (e.g. exchangeable residuals within transects, serially correlated residuals
within transect, they both are extension of the same base model). Thus, the intuitive choice of λ based
on eliciting the ICC, is one that can be applied in general for any group model.

2.1 Spatially correlated case

In the present work we extend to the case of spatially correlated residuals, according to a Matern expo-
nential covariance. The spatially correlated group model is

yi j = α+xT
i jβ+θi j i = 1, . . . ,m j j = 1, . . . ,n

(θi j, . . . ,θm j)
T ∼ N (0,σ2R j(φ))

where the correlation matrix depends on a range parameter φ > 0,

R j(φ) =



1 exp(−u1,2/φ) · · · · · · exp(−u1,m/φ)

exp(−u2,1/φ) 1
. . .

...
...

. . . . . . . . .
...

...
. . . 1 exp(−um−1,m/φ)

exp(−um,1/φ) · · · · · · exp(−um,m−1/φ) 1


. (2)

Notation ui,h in matrix (2) indicates the euclidean distance between spatial units i and h. We note that the
base model is achieved at φ = 0, in which case we are back to i.i.d. residual case. The PC prior for φ can
be derived numerically.

3 Concluding remarks

We emphasize that a very intuitive aspect of the proposed PC prior on φ is that the scaling parameter
λ can be chosen according to a prior statement on the ICC, like in the exchangeable case. We believe
this intuitive way to define λ provides an easy-to-elicit prior. The user is then able to balance variance
components in an intuitive manner, even in complex models where the variance parameters are difficult
to interpret.

The poster presentation will focus in particular n the benefits of using PC priors for residual correla-
tion parameters in a model comparison setting. We will discuss comparison of two different one-factor
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mixed models, having different residual structures: exchangeable residuals within campaign versus spa-
tially correlated residuals within campaign. This comparison would provide insights into the strength of
spatial correlation in the residuals, as a preliminary answer to the main questions under study in our mo-
tivating example, the one about the presence of possible interactions between members of the ecological
community.
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