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Non-technical summary
Bayesian models were built for predicting the status of macroalgae, macrofauna, and
macroalgae+macrofauna, within hard-bottom substrata of the Basque coast (Bay of Biscay,
north Atlantic), at different shore levels. However, these models were not useful when applied to
data from Portugal and Denmark, for validation. The model classification was too assertive,
with small differences in the classification between stations in each country. This is usually
desirable because it shows a classification with low uncertainty. However, in this specific
domain it is a disadvantage since the spatial heterogeneity must be observed in the classification
of different stations in an area. Bayesian models can be useful if a large data set is available,
including different levels of quality, within a gradient of human pressure.
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1 Introduction
Most of the studies dealing with responses of macroinvertebrates to human pressures in marine
waters have been undertaken in soft-bottom substrata (Borja et al., 2011. Probably, this is
because tools assessing the ecological status in marine waters are more developed in soft rather
than in hard-bottom substrata (see a list for the European Water Framework Directive (WFD,
2000/60/EC) in Borja et al., 2009).
Therefore, the responses of hard-bottom biota to a plethora of pressures have been studied wordwide. The studied pressures include sewage/outfall/nutrient enrichment (e.g., Archambault et al.,
2001; Arévalo et al., 2007; Axelrad et al., 1981), chemical pollutants/oil spills (e.g., Addison et
al., 2008; Lewis et al., 1982), thermal pollution (e.g., Langford, 1990), or hydrological changes
(e.g., Alongi et al., 2004). In general, studies on hard-bottom substrata, include both macroalgae
and macrofauna (Littler and Murray, 1975; Nelson, 1982; Bishop et al., 2002; Crowe et al.,
2000; Kraufvelin, 2007; etc.).
This previous research has identified indicators or metrics that can response to those pressures.
These include, among others, changes in: presence of ephemeral green algae; presence of
perennial, canopy-forming seaweeds; similarity of the species structure/composition with
reference sites; total number of species (alpha-diversity); number of herbivore species; in stresstolerant taxa; opportunistic taxa; engineering species; functional-form groups; dominance of
species; variability in community parameters (among replicates); highly resistant, thionitrophilic
or opportunistic species; nitrofilus macroalgae; Rhodophyta/Phaeophyta mean Ratio Index;
sensitivity level; filter feeders (mussel, barnacle); detritivores; herbivores; micrograzers;
ephemeral green algae/bilvalves ratio; vegetation/filter feeders ratio; average taxonomic
distinctness; settlement of barnacles; and growth of filter feeders.
The research carried out has allowed developing methodologies and indices that allow
evaluating the ecological status of benthic communities, especially within the WFD context.
These include: CAR-LIT (Ballesteros et al., 2007b); BENTHOS (Pinedo et al., 2007);
Ecological Evaluation Index (EEI) (Orfanidis et al., 2001; Orfanidis et al., 2003); Ecological
Evaluation Index continuous (EEI-c) (Orfanidis et al., 2011); Rhodophyta/phaeophyta mean
ratio index (Cormaci et al., 1985); TWo-stage INdex (TWIN) (Marchini and OcchipintiAmbrogi, 2007); Reduced species list (RSL) index (Wells et al., 2007); Quality of rocky
bottoms (CFR) index (Juanes et al., 2008); Benthic Index for Rocky Shore (BIRS) (OrlandoBonaca et al., 2012) or Rocky Intertidal Community Quality Index (RICQI) (Diez et al., 2012).
However, most of these indices/methodologies are based upon the macroalgae, without taking
into account macrofaunal communities. This is probably because some of these
indices/methodologies have been proposed within the WFD, and this legislation takes into
account each biological quality element of the aquatic system separately (i.e.
phytoplankton,macroalgae, macrobenthos, etc.). Hence, few attempts have been made to
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develop an index for assessing the quality of hard substratum fauna (see Hiscock et al., 2005).
Ecological knowledge of rocky invertebrate assemblages is capable of detecting environmental
effects; its validity as a marine ecosystem indicator is extensively acknowledged (Clarke and
Warwick, 1994; Hiscock et al., 2005; Hiscock and Tyler-Walters, 2006; Rogers and Greenaway,
2005). In spite of this observation, gathering the evidence necessary to distinguish between
various degrees of community alteration, to establish an ecological status classification
compliant with the WFD, is a somewhat challenging task. In this way, the simultaneous use of
both flora and fauna may be more appropriate, in determining the ecological status of hard
substrata; this is due to the low number of invertebrate taxa, correlated with a disturbance
gradient (Hiscock et al., 2005; Goodsell et al., 2009).
It has been discussed about the requisites to develop a methodology to assess water quality
within the WFD context, or in a more general context. As an example, Orfanidis (2007) argues
that it is need: (i) experimental science using quantitative data for precision and accuracy; (ii)
recognition of spatial and temporal heterogeneity of communities, stress–stressor relationship;
(iii) predictive modelling; and (iv) sound ecological theory.
Moreover, Orfanidis (2007) indicates that descriptive approaches and expert judgement should
be as much as possible avoided to develop. This was rebutted by Ballesteros et al. (2007a).
Hence, these authors argue that “no experimental science, nor predictive models, is absolutely
necessary to develop biotic indices, but descriptive studies showing the relationships between
species abundances and environmental variables are essential”. This debate and others proposals
reflect that there is not an agreement about the requirements for developing a new methodology
or index.
However, for the development of a new assessment method, the steps described by Borja and
Dauer (2008) can be followed, which included: (i) the spatio-temporal scale of the intended
application; (ii) the selection of the candidate metrics; (iii) the metric combination; and (iv) the
index validation, by testing it using an independent data set, different than the index
development data set (calibration data set).
Most of the above mentioned methodologies/indices are based upon knowledge of the
relationships between biota and ambient/pressures. However, the interactions between biota and
different environmental factors are complex and often non-linear, making it difficult to produce
robust predictions (e.g., Fernandes et al., 2010). 'Machine-learning' techniques (in particular,
supervised classification methods) have been proposed as useful tools, to overcome such
difficulties (e.g, Fernandes et al., 2010).
The novelty of the present research is based upon the well-known fact that structural parameters
of biota are related with the degree of pressures and therefore can predict the quality, but taking
into account that the relationships between biota and ambient/pressures are complex. Here, the
'machine-learning' techniques (in particular, supervised classification methods) have been
applied for identifying a set of biological elements that can predict the variability in the status of
the biota, trying to develop a new approach in assessing the ecological status, within the WFD,
in hard-bottom substrata.
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2 Materials and methods
2.1. Sites description used to develop the method
The Basque coast is located in the south-eastern Bay of Biscay and extends along 150 km
(approximately), between 43°22′ N, 1°46′ W and 43°21′ N, 3°9′ W. This coast is of high energy
and mostly erosional, with extensive cliffs. It has been affected by anthropogenic impacts,
especially urban and industrial wastewater discharges. In recent times, water treatment
programmes has been carried out, with an improvement in the status of the ecosystems.
One of the main pressures in the hard-bottom habitats is the presence of sewage outfalls (Borja
et al., 2006; Franco et al., 2004). These include submarine outfalls and intertidal outfalls.
Previous data from several monitoring programs include sampling sites have been sampled
yearly during 1992-2009. This data was evaluated and it was concluded that more sampling sites
was required due to the fact that the statistical approach used (see Section 2.3) requires a
minimum data of samples in each of the classes of the variable to be predicted (i.e., ‘high’,
‘good’, ‘moderate’, and ‘poor’ status1). Hence, some of the classes had a low number of data,
and therefore new sampling sites were sampled in order to achieve the requirement that all the
classes have an enough number of data. These new samplings were carried mainly in the
proximities of the outfalls of Oiartzun, Atalerreka, Mompas-Pasaia and Bermeo (all of them in
the Basque coast). In Figure 1 it is shown the localities included in this study (i.e, those sampled
previously together those sampled for this study).
Figure 1. Study sites, showing all locations sampled.Key: o - Oiartzun, a - Atalerreka, m -MompasPasaia, b -Bermeo

b
m o

1

a

Those azoic sampling sites were classified as ‘bad’ status and were not included in this
research.
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The sampling sites included intertidal (e.g., Figures 2, 3 and 4) and subtidal localities. Hardbottom macrophytobenthos and macrozoobenthos were sampled in replicated squares of 0.25 m
x 0.25 m, in intertidal areas, and 0.5 m x 0.5 m, in subtidal areas. Biota was counted and
identified to the lowest taxonomic level possible. Biomass (dry weight, 60ºC 48 h) was
measured for each taxon.
Figure 2. Intertidal sampling site in Bermeo.
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Figure 3. Intertidal sampling site in Bermeo.

Figure 4. Intertidal outfall in Bermeo.
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2.2. Preparation of data to be used in the method
All the analyses carried out were based upon the biomass data (dry weight per square meter of
each taxon). The taxonomy of data was verified by means of the WoRMS (World Register of
Marine Species, www.marinespecies.org) and ERMS (European Register of Marine Species;
http://www.marbef.org/data/erms.php). Those azoic sampling sites were classified as ‘bad’
status and were not included in this research.
A total of 288 samples were taken into account. Data was classified in the following shore
levels: (i) Supralittoral zone (intertidal area, only covered by water in high tides); (ii) Midlittoral
zone (intertidal area, subjected to daily tides); (iii) Infralittoral zone (intertidal area, only
discovered in very low tides); (iv) Subtidal zone depth 5-15 m; and (v) Subtidal zone depth
>15m. However, from the supralittoral zone a low number (9) of samples was available and
therefore this data was excluded.
2.3. Bayesian method used to assess the status
2.3.1. Classification of data based upon expert judgment.
The Bayesian method of classification requires a set of data with values of predictor variables
(i.e, biological characteristics) and response variables (i.e., ecological status). In order to build
the required data set classification of data ecological status was assigned taking into account
only macrofauna, only macroalgae and both together (macroalgae+macrofauna). This was done
based by means of expert judgment.
A total of 279 samples were sent to four researchers with previous experience in benthic studies
relating biota status to pressures, including: (i) shore level; (ii) composition of species
(macrofauna and macroalgae); and (iii) biomass of each taxon.
Each of the researchers classified each of the samples in one status (i.e., ‘high’, ‘good’,
‘moderate’, and ‘poor’) taking into account: (i) only macrofauna data; (ii) only macroalgae data;
and (iii) macroalgae and macrofauna data.
After the classification of the researchers it was found samples: (i) with total coincidence in the
four researchers’ classification; (ii) samples with (partial) coincidence in three researchers’
classification; (iii) samples with (partial) coincidence in two researchers’ classification; and (iv)
samples without agreement.
These last ones were removed, with a final set of 268 data. In those samples without 100% of
agreement the classification assigned was done following: (i) sample with partial coincidence in
three researchers’ classification. The final classification is those in agreement by the three
researchers; and (ii) samples with partial coincidence in two researchers. Final classification is
those averaged, using values of ‘high’=4, ‘good’=3, ‘moderate’=2, and ‘poor’=1. Averaged
values were used for final classification: criteria: high’ >3.5 >‘good’ >2.5 > ‘moderate’ >1.5
‘poor’.
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2.3.1. Parameters used as predictor variables.
The Bayesian method allows selecting those variables (i.e., biological parameters) that better
predict the response variable (i.e., ‘high’, ‘good’, ‘moderate’, and ‘poor’). This does not imply
that the selected variables are those that have a more ecological significance or that better
response to pressures (i.e., individual response).
A total of 186 parameters were calculated from biomass (Table 1), using PRIMER 6 (Plymouth
Routines In Multivariate Ecological Research, www.primer-e.com) software.
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Table 1. Parameters derived from biotic data (based upon biomass). Key: S-number of taxa, d richness(Margalef), Jbis - Pielou’s eveness, Brillouin - H index, H(log2) - Shannon-Wiener diversity index
(H‘), Lambda - Simpson’s Lambda, 1-Lambda - Simpson’s 1-Lambda, Lambda
Bis
Simpson’s
Lambda‘, 1-Lambda Bis - Simpson’s 1-Lambda‘, N10 - Hill’s N10, N10Bis - Hill’s N10‘, N21 - Hill’s N21,
N21Bis - Hill’s N21‘, Delta -Taxonomic diversity, Delta* - Taxonomic distinctness, Delta+ - Average
Taxonomic
distinctness
(Presence/Absence),
sDelta+
Total
taxonomic
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(Presence/Absence), Lambda+ - Variation in taxonomic distinctness (Presence/Absence), Phi+ Average Phylogenetic diversity averaged over number of species in sample, sPhi+ - Total Phylogenetic
diversity.

Some of these parameters require an aggregation file that contains the appropriate taxonomic
structure of the taxa included in the analyses. The taxonomic structure was created at seven
levels, and the weights used for the analyses were of branch length of value 1. The seven
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taxonomic levels were: Kingdom; Phylum or Division (depending upon the taxa); Class;
Subclass, Order or Suborder (depending upon the taxa); Family; Genus and Species.
Some of the biota was not identified at species level. Hence, for the taxonomic levels below,
virtual taxa were use. As an example, if an individual was identified as Ascidiacea the following
taxa levels were used:
1) Aminalia
2) Chordata
3) Ascidiacea
4) AscidiaceaVirtualSubclass
5) AscidiaceaVirtualFamily
6) AscidiaceaVirtualGenus
7) AscidiaceaVirtualSpecies
Moreover for some of the biota it is not defined all the taxonomic levels, and virtual taxa was
also used. A total of 1579 taxa were used.
Based upon the datasets built for learning, 12 Bayesian models (Table 2) were created.

Macrofauna

Macroalgae

Macrofauna+
macroalgae

Table 2. Preliminary Bayesian models.

Supralittoral zone

Yes

Yes

Yes

Midlittoral zone

Yes

Yes

Yes

Infralittoral zone

Yes

Yes

Yes

Subtidal zone

Yes

Yes

Yes

It was found that some of these models had not good confidence in predictions. One of the
reasons was that some of the classes to be predicted (e.g., ‘poor’ status) had low number of data
in the learning data set. Hence, if the number of data was low, for some models the response
variable was grouped into two classes (i.e., ‘high-good’ and ‘moderate-poor’) or three classes
(i.e., ‘high’, ‘good’, and ‘moderate-poor’), instead of four response classes (i.e., ‘high’, ‘good’,
‘moderate’, and ‘poor’).
The Bayesian Network models where fitted in three steps:
1) Hall’s multivariate Correlation-based Feature subset Selection (CFS) method (Hall and
Smith, 1997) was used to select the predictive factors. CFS is based upon an intuitive
formulation, the assumption that a good subset of factors is one that is highly correlated with the
response variable and, at the same time, the predictive factors have low correlation between
them. The method is implemented in the machine learning free software Weka.
Page 11/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

2) The predictor variables were discretized into levels (less than x, more than x) using the
Fayyad and Irani's Multi-Interval Discretization (MID) method (Fayyad and Irani, 1993). It
searches, in each predictor, for a set of cut-off points that reduces the response variable
uncertainty measured in terms of entropy and conditional entropy (Information Theory based).
3) A naive Bayes model was fitted (Minsky, 1961; Duda et al., 2001). Naive Bayes is one of the
simplest Bayesian Networks Classifiers (Larrañaga et al., 2005). The Naive Bayes is a
probabilistic model, which assumes that, given the class variable, all of the factors are
independent. This assumption implies that a naive Bayes classifier requires the specification of a
small number of parameters. This leads to robust models and parameter estimation when sparse
training data available. The commercial software Bayesia was used to fit the models and
perform the inference showed in the figures.

2.4. Data used for the validation of the method
The Bayesian models created with data set from Basque Country was validated with data from
Denmark and Portugal.
Data from Denmark was provided by Karsten Dahl (Department of Bioscience - Section for
Marine Ecology, National Environmental Research Institute). These data include macrofauna
and macroalgae biomass aggregated in 3 depth intervals each representing 12 (0.1 m2)
subsamples. Data were from a subtidal zone.
Data from Portugal include macrofauna biomass from a re-colonisation field experiment in
intertidal rocky shore. Details of sampling are given in Patrício et al. (2006).
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3 Results
3.1.Bayesian models based upon macrofauna
3.1.1. Midlittoral zone
The response variable (status) included two classes: ‘high-good’ and ‘moderate-poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 5):
H’ [Polychaeta]
H’ [Arthropoda without Copepoda]
H’ [Animalia without Nematoda, Platyhelminthes, Foraminifera and Copepoda]
Total taxonomic distinctness (Presence/Absence) [Mollusca]
Hill’s N21 [Animalia without Nematoda, Platyhelminthes, Foraminifera and Copepoda]

Regarding to the performance of the model, the accuracy was of 75.3±3.8 and the Brier score
was of 0.11 (‘superior’ performance). A ‘superior’ performance in accuracy is the highest
(between 0 and 100); whereas in Brier score is the lowest (between 0 and 1, or 2 if not
normalized). An interpretation of Brier score in terms of ‘excellent’, ‘superior’, ‘adequate’,
‘acceptable’ or ‘insufficient’ can be consulted in Fernandes (2011).

3.1.2. Infralittoral zone
The response variable (status) included three classes: ‘high-good’, ‘moderate’ and ‘poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 6):
Hill’s N21 [Animalia]
Average Taxonomic distinctness (Presence/Absence) [Arthropoda without Copepoda]
Taxonomic diversity [Mollusca]
Hill’s N21 [Mollusca]
Total taxonomic distinctness (Presence/Absence) [Animalia without Nematoda,
Platyhelminthes, Foraminifera and Copepoda]
Regarding to the performance of the model, the accuracy was of 57.6±1.3 and the Brier score
was of 0.31 (‘adequate’ performance).
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Figure 5. Midlittoral zone. Bayesian variable selection. Macrofauna. Key: A – ‘moderate-poor’ status; B –
‘high-good’ status.

Page 14/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

Figure 6. Infralittoral zone. Bayesian variable selection. Macrofauna. Key: A – ‘moderate’ status; B –
‘high-good’ status, D - ‘poor’ status.

3.1.3. Subtidal zone depth 5-15 m
The response variable (status) included three classes: ‘high’, ‘good’, and ‘moderate-poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 7):
H’ [Arthropoda without Copepoda]
H’ [Animalia without Nematoda, Platyhelminthes, Foraminifera and Copepoda]
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Total taxonomic distinctness (Presence/Absence) [Animalia without Nematoda,
Platyhelminthes, Foraminifera and Copepoda]
Regarding to the performance of the model, the accuracy was of 49.6±3.8 and the Brier score
was of 0.32 (‘adequate’ performance).
Figure 7. Subtidal zone depth 5-15 m. Bayesian variable selection. Macrofauna. Key: A – ‘moderatepoor’ status; B – ‘good’ status, MB - ‘high’ status.

3.1.4. Subtidal zone depth >15m
The response variable (status) included three classes: ‘high’, ‘good’, and ‘moderate-poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 8):
Taxonomic diversity [Arthropoda without Copepoda]
Total taxonomic distinctness (Presence/Absence) [Animalia]
Total Phylogenetic diversity [Animalia]
Total Phylogenetic diversity [Mollusca]
Average Phylogenetic diversity [Arthropoda without Copepoda]
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Regarding to the performance of the model, the accuracy was of 70.2±4.8and the Brier score
was of 0.22 (‘superior’ performance).
Figure 8. Subtidal zone depth >15 m. Bayesian variable selection. Macrofauna. Key: A – ‘moderate-poor’
status; B – ‘good’ status, MB - ‘high’ status.

3.2.Bayesian models based upon macroalgae
3.2.1. Midlittoral zone
The response variable (status) included four classes: ‘high’, ‘good’, ‘moderate’ and ‘poor’
status. The selected variables (i.e, those variables that better predict the status) were (Figure 9):
H’ [Plantae]
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Average Phylogenetic diversity [Plantae]
Total taxonomic distinctness (Presence/Absence) [Plantae, Bacteria and Chromista]
Regarding to the performance of the model, the accuracy was of 64.4±3.2 and the Brier score
was of 0.21 (‘superior’ performance).
Figure 9. Midlittoral zone. Bayesian variable selection. Macroalgae. Key: D – ‘bad’ status, A – ‘moderate’
status; B – ‘good’ status, MB - ‘high’ status.

3.2.2. Infralittoral zone
The response variable (status) included three classes: ‘high-good’, ‘moderate’ and ‘poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 10):
Average Phylogenetic diversity’ [Rhodophyta]
Total taxonomic distinctness (Presence/Absence) [Plantae, Bacteria and Chromista]
H’ [Plantae]
Total Phylogenetic diversity [Rhodophyta]
Number of taxa [Chromista]
Regarding to the performance of the model, the accuracy was of 67.8±3.9 and the Brier score
was of 0.16 (‘excellent’ performance).
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Figure 10. Infralittoral zone. Bayesian variable selection. Macroalgae. Key: D – ‘bad’ status, A –
‘moderate’ status; B – ‘high-good’ status.

3.2.3. Subtidal zone depth 5-15 m
The response variable (status) included two classes: ‘high-good’ and ‘moderate-poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 11):
H’ [Chromista]
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Total taxonomic distinctness (Presence/Absence) [Plantae, Bacteria and Chromista]
Total Phylogenetic diversity [Rhodophyta]
Taxonomic diversity [Rhodophyta]
Regarding to the performance of the model, the accuracy was of 86.7±0.8 and the Brier score
was of 0.08 (‘excellent’ performance).
Figure 11. Subtidal zone depth 5-15 m. Bayesian variable selection. Macroalgae. Key: A – ‘moderatebad’ status; B – ‘high-good’ status.

3.2.4. Subtidal zone depth >15m
The response variable (status) included four classes: ‘high’, ‘good’, ‘moderate’ and ‘poor’
status. The selected variables (i.e, those variables that better predict the status) were (Figure 12):
Number of taxa [Chromista]
Total taxonomic distinctness (Presence/Absence) [Rhodophyta]
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Regarding to the performance of the model, the accuracy was of 84.8±3 and the Brier score
was of 0.07 (‘excellent’ performance).
Figure 12. Subtidal zone depth >15 m. Bayesian variable selection. Macroalgae. Key: A – ‘moderate’, D
– ‘bad’ status; B – ‘good’ status and MB - ‘high’ status.

3.3.Bayesian models based upon macroalgae and macrofauna
3.3.1. Midlittoral zone
The response variable (status) included two classes: ‘high-good’, ‘moderate-poor’ status. The
selected variables (i.e, those variables that better predict the status) were (Figure 13):
H’ [Plantae]
Average taxonomic distinctness (Presence/Absence) [Plantae, Bacteria and Chromista]
Total Phylogenetic diversity [Arthropoda]
Total taxonomic distinctness (Presence/Absence) [Plantae]
Average taxonomic distinctness (Presence/Absence) [Mollusca]
Total taxonomic distinctness (Presence/Absence) [Mollusca]
Variation in taxonomic distinctness (Presence/Absence) [Rhodophyta]
Regarding to the performance of the model, the accuracy was of 73.9±2.1 and the Brier score
was of 0.10 (‘excellent’ performance).
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Figure 13. Midlittoral zone. Bayesian variable selection. Macroalgae and macrofauna. Key: A –
‘moderate-bad’ status; B – ‘high-good’ status.

3.3.2. Infralittoral zone
The response variable (status) included three classes: ‘high-good’, ‘moderate’ and ‘poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 14):
Pielou’s eveness [Animalia]
Hill’s N21 [all taxa]
Total Phylogenetic diversity [Florideophyceae]
Total Phylogenetic diversity [Animalia]
Average Taxonomic distinctness (Presence/Absence) [Animalia]

Regarding to the performance of the model, the accuracy was of 68.4±1 and the Brier score was
of 0.25 (‘superior’ performance).

Page 22/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

Figure 14. Infralittoral zone. Bayesian variable selection. Macroalgae and macrofauna. Key: A –
‘moderate’ statuts; D – ‘bad’ status; B – ‘high-good’ status.

3.3.3. Subtidal zone depth 5-15 m
The response variable (status) included three classes: ‘high’, ‘good’ and ‘moderate-poor’ status.
The selected variables (i.e, those variables that better predict the status) were (Figure 15):
Richness (Margalef) [all taxa]
Brillouin-H index [all taxa]
H’ [Cnidaria]
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Average Phylogenetic diversity [Bryozoa]
Simpson’s Lambda‘ [Polychaeta]
Taxonomic diversity [Arthropoda]
Total taxonomic distinctness (Presence/Absence) [Arthropoda]
Regarding to the performance of the model, the accuracy was of 61.9±1.8 and the Brier score
was of 0.26 (‘superior’ performance).
Figure 15. Subtidal zone depth 5-15 m. Bayesian variable selection. Macroalgae and macrofauna. Key: A
– ‘moderate-bad’ status; MB – ‘high’ status; B – ‘high-good’ status.
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3.3.4. Subtidal zone depth >15m
The response variable included two classes: ‘high-good’ and ‘moderate-poor’ status. The
selected variables (i.e, those variables that better predict the status) were (Figure 16):
Average Taxonomic distinctness (Presence/Absence) [all taxa]
Brillouin-H index [all taxa]
Taxonomic distinctness [Plantae]
Total taxonomic distinctness (Presence/Absence) [Plantae, Bacteria and Chromista]
Regarding to the performance of the model, the accuracy was of 89.9±2.1and the Brier score
was of 0.09 (‘excellent’ performance).
Figure 15. Subtidal zone depth >15 m. Bayesian variable selection. Macroalgae and macrofauna. Key: A
– ‘moderate-bad’ status; B – ‘high-good’ status.
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3.2. Validation of the created Bayesian models
3.2.1. Denmark
The results of the Bayesian models for: (i) only macrofauna, (ii) only macroalga, and (iii)
macrofauna and macroalgae applied upon data found that the status was ‘good’ or ‘high’ (Table
3).
These results do not agree with the status observed in biota, since data are from an area affected
by eutrophication (Karsten Dahl, pers. com.).
Table 3. Results of the Bayesian models for macrofauna, macroalgae and macrofauna+macroalgae.
Probability of each quality class is shown. Key: A – ‘moderate-bad’ status; B – ‘high-good’ status.
Sampling site
Sample3,4-5,4

Sample5,4-7,4

Sample7,4-9,4

'ModerateBad'

Model
Macroalgae
macrofauna
Macrofauna
Macroalgae
Macroalgae
macrofauna
Macrofauna
Macroalgae
Macroalgae
macrofauna
Macrofauna
Macroalgae

and

and

and

'Good' 'High'

'Highgood'

0

0.77

0.23

-

0.01

0.37

0.62

-

0.01

-

-

0.99

0

0.77

0.23

-

0.01

0.37

0.62

-

0.01

-

-

0.99

0

0.77

0.23

-

0.01

0.37

0.62

-

0.01

-

-

0.99

3.2.2. Portugal
The results of the Midlittoral zone Bayesian model for macrofauna applied upon data from
succession experiment carried out at Portugal did not find differences in the status between the
control and the treatment zones (Table 4). The Bayesian model predicts ‘high-good’ status in all
dates. These results do not agree with the successional pattern found (Patrício et al., 2006).
Hence, in the two first samples after removing biota, number of taxa and eco-exergy was lower
in the succession samples. Moreover, multidimensional analysis carried out on the macrofauna
data did found different species assemblages in control and treatment zones. In other words, a
lower status was expected in the first samplings after removing biota.
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Table 4. Results of the Midlittoral zone Bayesian model for macrofauna. Probability of each quality class
is shown. Key: A – ‘moderate-bad’ status; B – ‘high-good’ status.
Sampling
site

Date

Cleared

A

B

21/03/1999

0.01

0.99

Cleared

17/05/1999

0.00

1.00

Cleared

16/06/1999

0.01

0.99

Cleared

14/07/1999

0.01

0.99

Cleared

29/09/1999

0.00

1.00

Cleared

25/11/1999

0.00

1.00

Cleared

23/01/2000

0.00

1.00

Cleared

21/03/2000

0.01

0.99

Cleared

17/05/2000

0.00

1.00

Control

18/02/1999

0.00

1.00

Control

17/05/1999

0.00

1.00

Control

16/06/1999

0.00

1.00

Control

29/09/1999

0.01

0.99

Control

25/11/1999

0.01

0.99

Control

23/01/2000

0.01

0.99

Control

21/03/2000

0.02

0.98

Control

17/05/2000

0.00

1.00
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4 Discussion
The statistical approach tested in this investigation has a priori several advantages:
i)

Can create a model even if relationships between biota and different environmental
factors are complex or non-linear (e.g., Fernandes et al., 2010).

ii)

The used 'machine-learning' techniques allow to identify those biotic parameters that can
predict better the ecological status (e.g, Fernandes et al., 2010).

iii)

The number of biotic parameters that can predict with high confidence can be low.

iv)

The biotic parameters can be highly correlated.

v)

The predictions allow knowing probability of occurrence in different statuses.

The point (i) is important, within a statistical point of view, since relationships between the
ecological status and the environment are often complex. Additionally, points (ii) and (iv) are
important when the number of biotic variables is high.
The point (iii) is of interest within monitoring networks. As example, if biotic parameters
related with only three taxonomic groups (and not the whole biota) are enough to predict the
status, the monitoring can be focussed only in those taxa.
In turn, we have found the following disadvantages using this method: (i) this statistical
approach requires a high number of data for build a ‘learning’ data set; and (ii) in some cases,
different statuses have to be joined to increase confidence level of the model.
On the other hand, the validation of the models in areas from Portugal and Denmark did not
find coherent results. This suggests that the Bayesian models developed in this study can be
useful only for the Basque Country area. This can be due to the fact that the pressure taken into
account in the Basque coast is related mainly to outfalls. Additionally, biogeographical
differences in taxonomic composition (or differential responses to pollution) can be related also
to the lack of response in Portugal and Denmark. On the other hand, differences in sampling
strategy can also have influence on the approach.
Nevertheless, we have found that it is possible to build Bayesian models that can predict the
ecological status in hard-bottom substrata. Therefore, in those countries with a high number of
data, obtained with the same sampling methodology, Bayesian models could be applied.
However, this approach can imply difficulties in the intercalibration procedures required within
the WFD, since it is possible that the Bayesian models can be only useful for a specific area and
not applicable to another.
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5 Conclusions
Bayesian models were built for predicting the ecological status of macroalgae, macrofauna, and
macroalgae+macrofauna, within hard-bottom areas of the Basque Country, at different shore
levels, within intertidal and subtidal areas.
-

The number of statuses that can be predicted varied from two to four.

-

The accuracy of the models differs between shore levels.

-

The results of the Bayesian models applied to data from Portugal and Denmark, as
validation exercises, were not coherent.

-

Bayesian models can be useful if a long data set is available. However, the results
obtained from a particular area could be not extended to another. Hence, local models
should be developed, making difficult to apply the same approach to large areas.

-

More research is required to apply this approach to other areas, looking for similar
sampling methods and data availability.

Acknowledgements
Karsten Dahl (Aarhus University) and Joana Patricio (IMAR) provided data for validation, from
Denmark and Portugal, respectively. Dorte Krause-Jensen (Aarhus University) provided some
indications on Danish datasets. Diputación Foral de Gipuzkoa (Red Gipuzkoana de Ciencia y
Tecnología) provided some funds for sampling areas additional to those sampled within the
WISER project.

Page 29/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

References
Addison PFE, Knott NA, Keough MJ. 2008. Spatially variable effects of copper on sessile
invertebrates across a marina. Journal of Experimental Marine Biology and Ecology
364(1):19-23.
Alongi G, Catra M, Cormaci M, Furnari G, Serio D. 2004. Spring marine vegetation on rocky
substrata of Pantelleria island (the Straits of Sicily, Italy). Nova Hedwigia 79(447-478).
Archambault P, Banwell K, Underwood AJ. 2001. Temporal variation in the structure of
intertidal assemblages following the removal of sewage. Marine Ecology-Progress Series
222:51-62.
Arévalo R, Pinedo S, Ballesteros E. 2007. Changes in the composition and structure of
Mediterranean rocky-shore communities following a gradient of nutrient enrichment:
Descriptive study and test of proposed methods to assess water quality regarding
macroalgae. Marine Pollution Bulletin 55(1-6):104-113.
Axelrad GCB, Poore GH, Arnott J, Bauld V, Brown RRC, Edwards, Hickman NJ. 1981. The
effects of treated sewage discharge on the biota of Port Phillip Bay, Victoria, Australia.
In: Neilson BJ, Cronin LE, editors. Estuaries and Nutrients. New Jersey: Humana Press.
p 279–306.
Ballesteros E, Pinedo S, Arevalo R. 2007a. Comments on the development of new macroalgal
indices to assess water quality within the Mediterranean Sea: A reply. Marine Pollution
Bulletin 54(5):628-630.
Ballesteros E, Torras X, Pinedo S, García M, Mangialajo L, De Torres M. 2007b. A new
methodology based on littoral community cartography dominated by macroalgae for the
implementation of the European Water Framework Directive. Marine Pollution Bulletin
55(1-6):172-180.
Bishop MJ, Underwood AJ, Archambault P. 2002. Sewage and environmental impacts on rocky
shores: necessity of identifying relevant spatial scales. Marine Ecology-Progress Series
236:121-128.
Borja A, Barbone E, Basset A, Borgersen G, Brkljacic M, Elliott M, Garmendia JM, Marques
JC, Mazik K, Muxika I, Neto JM, Norling K, Rodriguez JG, Rosati I, Rygg B, Teixeira
H, Trayanova A. 2011. Response of single benthic metrics and multi-metric methods to
anthropogenic pressure gradients, in five distinct European coastal and transitional
ecosystems. Marine Pollution Bulletin 62(3):499-513.
Borja A, Dauer DM. 2008. Assessing the environmental quality status in estuarine and coastal
systems: Comparing methodologies and indices. Ecological Indicators 8(4):331-337.
Borja A, Galparsoro I, Solaun O, Muxika I, Tello EM, Uriarte A, Valencia V. 2006. The
European Water Framework Directive and the DPSIR, a methodological approach to
assess the risk of failing to achieve good ecological status. Estuarine, Coastal and Shelf
Science 66(1-2):84-96.
Borja A, Miles A, Occhipinti-Ambrogi A, Berg T. 2009. Current status of macroinvertebrate
methods used for assessing the quality of European marine waters: implementing the
Water Framework Directive. Hydrobiologia 633(1):181-196.
Clarke KR, Warwick RM. 1994. Change in marine communities. An approach to statistical
analysis and interpretation. Natural Environment Research Council, UK.
Cormaci M, Furnari G, Giaccone G, Colonna P, Mannino AM. 1985. Metodo sinecologico per
la valutazione degli aporti inquinanti nella rada di Augusta (Siracusa). Bollettino
Accademia Gioenia Scienze Naturalli 18:829–850.
Crowe TP, Thompson RC, Bray S, Hawkins SJ. 2000. Impacts of anthropogenic stress on rocky
intertidal communities. Journal of Aquatic Ecosystem Stress and Recovery 7(4):273297.
Page 30/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

Diez I, Bustamante M, Santolaria A, Tajadura J, Muguerza N, Borja A, Muxika I, Saiz-Salinas
JI, Gorostiaga JM. 2012. Development of a tool for assessing the ecological quality
status of intertidal coastal rocky assemblages, within Atlantic Iberian coasts. Ecological
Indicators 12(1):58-71.
Duda RO, Hart PE, Stork DG. 2001. Pattern Classification. Second Edition ed. New York:
Wiley.
Fayyad UM, Irani KB. 1993. Multi-interval discretization of continuous-valued attributes for
classification learning. (pp. ). ,
Inc. IJCAI-93: Proceedings of the 13th International Joint Conference on Artificial Intelligence:
Morgan Kaufmann Publishers. p 1022–1027.
Fernandes JA, Irigoien X, Goikoetxea N, Lozano JA, Inza I, Perez A, Bode A. 2010. Fish
recruitment prediction, using robust supervised classification methods. Ecological
Modelling 221(2):338-352.
Franco J, Borja A, Valencia V. 2004. Overall assessment - human impacts and quality status.
Borja, A and Collins, M (Eds) Oceanography and Marine Environment of the Basque
Country, Elsevier Oceanography Series 70:581-597.
Goodsell PJ, Underwood AJ, Chapman MG. 2009. Evidence necessary for taxa to be reliable
indicators of environmental conditions or impacts. Marine Pollution Bulletin 58(3):323331.
Hall MA, Smith LA. 1997. Feature subset selection: A correlation based filter approach.
Proceedings of the Fourth International Conferenceon Neural Information Processing
and Intelligent Information Systems. p 855–858.
Hiscock K, Smith A, Jenkins S, Sewell J, Hawkins S. 2005. Development of a hard substratum
Benthic invertebrate Water Framework Directive compliant classification tool. Report to
the Environment Agency and the Joint Nature Conservation Committee from the Marine
Biological Association Plymouth: Marine Biological Association JNCC
Contract F90-01-790:54 pp + annexes.
Hiscock K, Tyler-Walters H. 2006. Assessing the sensitivity of seabed species and biotopes the Marine Life Information Network (MarLIN). Hydrobiologia 555:309-320.
Juanes JA, Guinda X, Puente A, Revilla JA. 2008. Macroalgae, a suitable indicator of the
ecological status of coastal rocky communities in the NE Atlantic. Ecological Indicators
8(4):351-359.
Kraufvelin P. 2007. Responses to nutrient enrichment, wave action and disturbance in rocky
shore communities. Aquatic Botany 87:262-274.
Langford TE. 1990. Ecological Effects of Thermal Discharges. New York: Elsevier Applied
Science.
Larrañaga P, Calvo B, Santana R, Bielza C, Galdiano J, Inza I, Lozano JA. 2005. Machine
learning in bioinformatics. Briefings in Bioinformatics 7(1):86-112.
Lewis JR, Hiscock K, Southward AJ. 1982. The Composition and Functioning of Benthic
Ecoystems in Relation to the Assessment of Long-Term Effects of Oil Pollution. Phil
Trans R Soc Lond B 297:257-267.
Littler MM, Murray SN. 1975. Impact of sewage on the distribution, abundance and community
structure of rocky intertidal macro-organisms. Marine Biology 30(4):277-291.
Marchini A, Occhipinti-Ambrogi A. 2007. TWIN: a TWo-stage INdex to evaluate ecological
quality status in lagoon environments by means of hard bottom zoobenthos. Chemistry
and Ecology 23(6):455 - 469.
Minsky M. 1961. Steps toward artificial intelligenc. Trans Inst Radio Eng 49:8-30.
Nelson WG. 1982. Experimental studies of oil pollution on the rocky inter-tidal community of a
Norwegian fjord. Journal of Experimental Marine Biology and Ecology 65(2):121-138.

Page 31/32

Deliverable 4.3-1: Manuscript on the responses of existing indicators to different
pressures

Orfanidis S. 2007. Comments on the development of new macroalgal indices to assess water
quality within the Mediterranean Sea. Marine Pollution Bulletin 54(5):626-627.
Orfanidis S, Panayotidis P, Stamatis N. 2001. Ecological evaluation of transitional and coastal
waters: a marine benthic macrophytes-based model. Mediterranean Marine Science
2(2):45-65.
Orfanidis S, Panayotidis P, Stamatis N. 2003. An insight to the Ecological Evaluation Index
(EEI). Ecological Indicators 3(1):27-33.
Orfanidis S, Panayotidis P, Ugland KI. 2011. Ecological Evaluation Index continuous formula
(EEI-c) application: a step forward for functional groups, the formula and reference
condition values. Mediterranean Marine Science 12(1):199-231.
Orlando-Bonaca M, Mavric B, Urbanic G. 2012. Development of a new index for the
assessment of hydromorphological alterations of the Mediterranean rocky shore.
Ecological Indicators 12(1):26-36.
Patrício J, Salas F, Pardal MA, Jorgensen SE, Marques JC. 2006. Ecological indicators
performance during a re-colonisation field experiment and its compliance with
ecosystem theories. Ecological Indicators 6(1):43-57.
Pinedo S, García M, Satta MP, De Torres M, Ballesteros E. 2007. Rocky-shore communities as
indicators of water quality: a case study in the Northwestern Mediterranean. Marine
Pollution Bulletin 55(1-6):126-135.
Rogers SI, Greenaway B. 2005. A UK perspective on the development of marine ecosystem
indicators. Marine Pollution Bulletin 50(1):9-19.
Wells E, Wilkinson M, Wood P, Scanlan C. 2007. The use of macroalgal species richness and
composition on intertidal rocky seashores in the assessment of ecological quality under
the European Water Framework Directive. Marine Pollution Bulletin 55(1-6):151-161.

Page 32/32

