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Abstract

Spatial autocorrelation in species abundance can be induced by ecological processes operating at multiple
spatial scales. In stream and river networks, autocorrelation in fish counts can arise from (1) directional
aquatic processes constrained by waterflow, such as upstream and downstream fish movements and down-
stream transport of waterborne nutrients and pollutants; (2) terrestrial processes that influence watershed
soil structure, local topography, and water chemistry at various spatial scales. We used a moving-average
(convolution) construction to model fish counts in a stream network by means of a Poisson log-normal mix-
ture incorporating random effects for time and space. The spatial component incorporated both hydrological
(“as the fish swims”) distance, to capture directional effects, and Euclidean (“as the crow flies”) distance, to
capture latent terrestrial effects, such as geological processes. Additionally, covariates were used to account
for local environmental effects. We used a Bayesian approach to fit a set of models representing different com-
binations of temporal and spatial effects, including complete independence. We compared models by means
of information criteria and used prior-posterior differences to clarify the relative contribution of different
processes to variation in fish counts.
Keywords: Bayesian inference; count data; ecological processes; hydrological distance; mixed model; mov-
ing average.

1. Introduction
Ecologists often seek to interpret variation in the spatial distribution of populations in terms of responses
to environmental features. However, population distributions are influenced simultaneously by numerous
environmental variables which vary in space and time and can not always be directly observed. Disentan-
gling the individual effects of these variables on populations and, more generally, interpreting environmental
effects in ecological analyses, can be difficult if the influence of latent (unobserved) variables and spatial and
temporal correlations are not accounted for properly. Our aim in this study is to understand the spatial
variation of brook trout counts, Salvelinus fontinalis, observed in tributary streams of the Cascapedia River
basin, Quebec, Canada. To this end, we use a hierarchical model approach to incorporate spatially varying
environmental covariates that represent local habitat characteristics, and random spatial and temporal ef-
fects to capture the effects of unobserved ecological processes. To account for the spatial arrangement of the
sampling locations we explore models based simultaneously on hydrological and Euclidean distances. The
former is able to capture directional aquatic processes, such as upstream and downstream fish movements,
and downstream transport of waterborne nutrients and pollutants, while the latter captures terrestrial pro-
cesses that influence watershed soil structure, local topography, and water chemistry.

2. Sampling Design and Data
As described in Deschênes and Rodŕıguez (2007), brook trout counts and environmental variables were
quantified at 600 sections distributed among 120 sampling sites and 22 tributary streams in the Cascapedia



River basin (3179 km2), Québec, Canada (Figure 1). Sites were visited in random sequence during low flow
from mid-June to late August in 2000 (24 sites), 2001 (48 sites), and 2002 (48 sites). At each site, samples
were collected from a 75-m stream reach comprising five adjacent sections, each approximately 15 m in length.
Fish counts are expected to respond locally to habitat conditions at the site of capture, which are characterized
in this study by a set of six environmental covariates: mean current velocity (VELO), mean substratum size
index (SUBS), large woody debris (WOOD), height increment at flood (FLOO), mean width (WIDT) and
mean depth (DEPT). These six covariates plus dummy variables indicating the sampling year were included
in the mean structure of all fitted models.

Figure 1: Location of the 120 sampling sites distributed among 22 tributary streams in the Cascapedia
River basin, Québec, Canada, over the years 2000, 2001 and 2002.

3. Proposed Model
Let Y (s) represent the number of individuals (counts) observed at a location s. We assume that, conditional
on α(s), Y (s) follows an independent Poisson distribution, such that

Y (s) | α(s) ∼ Poi(α(s)),

where log α(s), the logarithm of the mean count, is decomposed as the sum of covariate and latent effects,
such that

logα(s) = log e(s) +X(s)′β + γ(ti(s)) + ν(s),

where e(s) is an offset term, described by the mean area of the section; X(s)′β describes fixed effects that
capture local habitat effects, where β is a p−dimensional column vector of coefficients to be estimated; γ(ti(s))
captures temporal effects common to the locations sampled on a particular day, where ti(·) is a deterministic
function that assigns to each location s the ordinal rank corresponding to the day on which the location was
sampled within a particular year i, that is, ti(·) ∈ {1, 2, . . . , Ti} where Ti is the number of days observed in
year i (i = 2000, 2001, 2002); and ν(s) captures local effects that remain after accounting for covariate and
temporal effects.

Modelling the temporal effect We believe it is reasonable to assume that observations are indepen-
dent across years but we allow for some possible correlation within a year. For this reason, we assume the
random effects, γ(ti(s)), follow a zero mean multivariate normal distribution, with covariance structure given
by

Cov(γ(ti(s)), γ(tk(s′)) =

{
0, i 6= k

τ2 exp
{
− 1
φγ
|Ji(s)− Jk(s′)|

}
, i = k,

where i = 2000, 2001, 2002, and |Ji(s) − Ji(s′)| is the absolute difference between the days of observations
taken at locations s and s′, within year i. The parameter τ2 > 0, assumed common across the years, captures
the variance structure of γ(ti(s)); and φγ > 0 captures how fast the correlation decays to zero, as the days
within a year, become further apart.



Modelling the spatial effect It is reasonable to assume that ν(s) and ν(s′) tend to be more correlated
if s and s′ are close together, and more independent if s and s′ are further apart. When modelling data
observed over a stream network it might be interesting to consider hydrological distance, which is defined
as the shortest distance between two locations, where distance is computed only along the stream network
(Figure 2).

Figure 2: Examples of stream distance between two flow-connected locations, two flow-unconnected loca-
tions, and Euclidean distance.

Ver Hoef et al. (2006), Cressie et al. (2006) and Ver Hoef and Peterson (2010) develop a class of valid
covariance functions which use hydrological distance and, in addition, incorporate river features as flow and
flow-connectivity by convoluting moving-average functions. These are called tail-up and tail-down models.
We consider this methodology to model the covariance structure of the proposed model. Specifically, we
assume ν(·) follows a zero mean Gaussian process whose covariance structure is assumed to be a mixed-
model construction based simultaneously on hydrological and Euclidean distance. Let ν = (ν(s1), · · · , ν(sn))′,
where n is the total of sampling locations. We assume ν ∼ N(0,Σ), where Σ is a covariance matrix with
a general structure given by Σ = Cu + Cd + Ce + σ2I. Here, Cu and Cd correspond to covariance matrices
depending on the hydrological distance related to the tail-up and tail-down models; Ce corresponds to a
covariance matrix depending on the Euclidean distance; and σ2I corresponds to a nugget effect. We focus
on exponential Euclidean models, that is, Ce = σ2

e exp(−d/φe), where σ2
e > 0 is the variance related to the

Euclidean component and φe > 0 is a decay parameter describing how fast the correlation decays to zero,
as the Euclidean distance between locations, d, increases. Also, we focus on tail-up and tail-down models
considering a Mariah moving-average function (Ver Hoef et al., 2006) which are described below.

Tail-up Mariah model Under the Mariah moving-average function the covariance of the process ν(·)
is given

Cc(h | σ2
u, φu) =

{
σ2
u

(
log(h/φu+1)

h/φu

)
, if h > 0

σ2
u, if h = 0,

where σ2
u > 0 is the variance related to the tail-up component and φu > 0 is a decay parameter describing

how fast the correlation decays to zero, as the hydrological distance between locations, h, increases. Let Cc
be the n−dimensional covariance matrix resulted from considering the covariances among the n components
of ν. In order to ensure the stationarity of the process ν(·), the resulting covariance matrix related to the
tail-up model is given by Cu = W �Cc, where W is a weighting matrix and � corresponds to the Hadamard
product.

Tail-down Mariah model Different from the tail-up models, the tail-down ones need to consider the
cases of locations connected and unconnected by the flow. The Mariah covariance function for the tail-down
model (Ver Hoef and Peterson, 2010) is given by

Cd(h, a, b | σ2
d, φd) =



σ2
d

(
log(h/φd+1)

h/φd

)
, if flow-connected and h > 0

σ2
d, if flow-connected and h = 0

σ2
d

(
log(a/φd+1)−log(b/φd+1)

a−b/φd

)
, if flow-unconnected and a 6= b

σ2
d

(
1

a/φd+1

)
, if flow unconnected and a = b.



Notice that the covariance function above depends on the hydrological distance h for flow-connected loca-
tions, whereas for flow-unconnected locations it depends on a and b, which are hydrological distances between
these flow-unconnected locations and the closest mutual fork.

4. Inference Procedure
Let y be the vector containing all available observations y(si), i = 1, · · · , n, at all sampling locations across all
years. And let θ be the parameter vector containing all parameters and hyperparameters present in the model.
If we consider the general model proposed in the previous section, θ = (β, γ, τ2, φγ , σ

2
u, φu, σ

2
d, φd, σ

2
e , φe, σ

2).
Assuming observations are independent conditional on θ, the likelihood function is proportional to f(y |
θ) ∝

∏n
i=1 exp {−α(si)} [α(si)]

y(si). Model specification is complete after assigning a prior distribution for θ.
Following Bayes’ theorem, the resultant posterior distribution is proportional to the product of the likelihood
by the prior distribution. In our case, it does not have a closed analytical form and we make use of Markov
Chain Monte Carlo (MCMC) methods to obtain samples from the posterior distribution. In particular, we
use a hybrid Gibbs sampler with some steps of the Metropolis-Hastings (M-H) algorithm.

5. Results
Following the general structure of the proposed model, we fit models with different covariance structures for
the local effects ν(·). More specifically, all fitted models allow for correlation of the temporal effects γ(·) and
incorporates an independent component. In particular, we fit the following models:

M1. Independent model: (Σ = σ2In); equivalent to assume independence among the ν(·)’s;

M2. Euclidean model: (Σ = Ce + σ2In); the latent effect captures correlation among possible unobserved
geological processes on the mean of the process;

M3. Tail-up model: (Σ = Cu + σ2In); the latent effect captures possible correlation among flow-connected
locations;

M4. Tail-down model: (Σ = Cd+σ2In); the latent effect captures possible correlation among flow-connected
and flow-unconnected locations;

M5. Full model: (Σ = Ce+Cu+Cd+σ2In); this model is able to capture all different correlation structures.

Table 1 shows the variance components present in each of the fitted model as well as the values of the model
comparison criteria obtained under each of the models. DIC (Deviance Information Criterion) (Spiegelhalter
et al., 2002) and RPS (Ranked Probability Scores) (Gneiting et al., 2007) point that M1, which assumes prior
independence among the ν(·)’s, is the worst model among those fitted. In other words, the data requires
some sort of covariance structure, besides the temporal one. The values of RPS under models M2-M5 do not
differ much. Model M5, that considers the covariance structure of ν(·) as a sum of all covariance components,
has the smallest value of DIC, followed closely by M2 and M3.

Fitted Variance component Model comparison criteria

Model NUG TEMP EUC TD TU D pD DIC RPS
M1 X X 0 0 0 2592.15 367.59 2959.74 1.3425
M2 X X X 0 0 2537.14 316.46 2853.60 1.3167
M3 X X 0 0 X 2537.41 316.32 2853.75 1.3165
M4 X X 0 X 0 2539.94 315.30 2855.23 1.3173
M5 X X X X X 2537.54 314.48 2852.02 1.3167

Table 1: Summary of the fitted models ( Xmeans that the respective component is in the model, 0 means
that the respective covariance structure is not present in the model) together with values of DIC, and its
components, and RPS, under models M1-M5. For both DIC and RPS, smaller values indicate best models.

Panels of Figure 3 show the posterior summary of the coefficients of the covariates, β, under each of the
fitted models. The estimated values of the intercept do not change under the different models. Mean current



velocity (VELO) and mean width of the section (WIDT) have a negative effect, whereas large woody debris
(WOOD) have a positive effect on the logarithm of the mean of fish counts. For the other covariates,
regardless of the fitted model, 0 is included within the 95% posterior interval of the coefficient. In particular,
the sampling year does not seem to affect the logarithm of the mean of fish counts.
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Figure 3: Posterior summary, mean (solid circle) and 95% credible interval (solid line) of the coefficients of
the covariates under each of the fitted models.

Panels of Figure 4 (a) show the posterior summary of the decay parameter of the temporal (TEMP), Euclidean
(EUC), tail-up (TU) and tail-down (TD) correlation functions, whenever they are present in the respective
model. Clearly, the inclusion of some sort of spatial correlation affects the posterior distribution of φγ . Once
the spatial correlation is included in the model, φγ tends to increase, suggesting stronger temporal correlation
within each year. Under M5 the posterior distribution of φe, φu, and φd do not seem to differ much from
the prior, whereas when only one spatial correlation structure is considered (M2, M3 or M4), the resultant
posterior distribution of the respective decay parameter is more concentrated than the prior. Panels of Figure
4 (b) show the summary of the posterior distribution of the variance components together with their prior
distribution. Clearly, there is considerably information gain as the posterior distributions of the variance
components are much more concentrated when compared to their prior. Also, under all models, the variance
of the spatial component is greater than the variance of the temporal (τ2) and nugget (σ2) effects, suggesting
that most of the variability in the logarithm of the mean density is explained by the spatially correlated
structure.

TEMP
M1

EUC TU TD

M2

M3

M4

M5

Prior

0 10 20 30 40
φγ

0 1 2 3 4
φe

0 1 2 3 4
φu

0 1 2 3 4
φd

(a)

TEMP
M1

EUC TU TD NUG

M2

M3

M4

M5

Prior (0.96, 4.0 x 104) (0.96, 4.0 x 104) (0.96, 4.0 x 104) (0.96, 4.0 x 104) (0.96, 4.0 x 104)

0.0 0.4 0.8 1.2
τ2

0.0 0.4 0.8 1.2
σe

2
0.0 0.4 0.8 1.2

σu
2

0.0 0.4 0.8 1.2
σd

2
0.0 0.4 0.8 1.2

σ2

(b)

Figure 4: Posterior summary, mean (solid circle) and 95% credible interval (solid line) of the (a) decay
parameters and (b) variances of the different latent processes under each fitted model.

Figure 5 (a) depicts the posterior summary of the temporal effects for each of the observed days along the
3 years. The temporal effects reflect seasonal trends in capturability, as smaller fish become increasingly
vulnerable to capture by electrofishing as they grow during the summer. Figure 5 (b) shows the posterior
summary of the local effects ν(·) under each fitted model. The results under models M2−M5 are quite
similar among themselves, and these differ considerably from M1. This is probably because under M1, the
temporal component is capturing all the correlation structure present in the data. Those obtained under M1



are also different from those obtained under models M2−M5. These figures suggest that the inclusion of local
spatially structured effects seem to help disentangling the different sources of variation present in the data.
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Figure 5: Posterior summary, mean (solid circle) and 95% credible interval (solid line) of the latent (a)
temporal effects (the dashed vertical lines indicate the start of a new sampling year) and (b) spatial effects
under each fitted model.

6. Conclusions
The methodology proposed by Ver Hoef et al. (2006), Cressie et al. (2006) and Ver Hoef and Peterson (2010)
for spatially referenced data in river networks can incorporate several relevant hydrological features through
convolution of different moving-average functions. Here, we focused on an extension of this methodology for
modelling count data.
Brook trout counts and environmental variables were quantified at 600 locations of the Cascapedia River
basin. At each location, observed counts were assumed to be conditionally independent realizations from a
Poisson log-normal mixture model. The logarithm of the mean of the Poisson distribution was decomposed
as the sum of fixed effects, temporal and spatially structured local effects. Particularly, under the full model,
M5, we allow the local effect to follow a mixture structure whose covariance function is based on a combination
of Euclidean, tail-up, and tail-down models. Particular cases of the full model were fitted to the data.
According to DIC and RPS, the tail-up, tail-down, and Euclidean models provided comparable fits, and these
are considered better than the model (M1) that assumes independence of the local effects ν(·). The mixture
model M5 showed marginal improvement in fit over the single-component models (M2−M4), presumably
because hydrological and Euclidean distances were very similar at spatial scales smaller than the range of
the decay parameters.
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