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a b s t r a c t

Grab samples to monitor the distribution of marine macrobenthic species (animals >1 mm,

living in the sand) are time consuming and give only point based information. If the habitat

preference of a species can be modelled, the spatial distribution can be predicted on a full

coverage scale from the environmental variables. The modelling techniques Generalized

Linear Models (GLM) and Artificial Neural Networks (ANN) were compared in their ability

to predict the occurrence of Lanice conchilega, a common tube-building polychaete along the
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North-western European coastline. Although several types of environmental variables were

in the data set (granulometric, currents, nutrients) only three granulometric variables were

used in the final models (median grain-size, % mud and % coarse fraction). ANN slightly

outperformed GLM for a number of performance indicators (% correct predictions, specificity

and sensitivity), but the GLM were more robust in the crossvalidation procedure.

© 2007 Published by Elsevier B.V.

. Introduction

o scientifically underpin management decisions, there is a
rowing need to have detailed knowledge on the distribution
f marine species. Predictive modelling is a time and cost
ffective method to produce detailed distribution maps. Pre-
ictive modelling objectively investigates the relation between
he occurrence of a species and the abiotic habitat. This habitat
s quantified by a number of environmental variables, directly

easured at the time of sampling, through remote sensing or
erived from other models (e.g. currents).

This research will focus on Lanice conchilega, a common
ube-building polychaete along the North-western European
oastline. This species was chosen because of its role as habi-

∗ Corresponding author. Tel.: +32 92648524.
E-mail address: wouter.willems@ugent.be (W. Willems).

tat engineer, increasing macrobenthic species diversity and 15

abundance in rather low structured soft sediments through 16

enhancement of the habitat complexity (Zühlke, 2001; Zühlke Q1 17

et al., 1998). Lanice conchilega is also an important food 18

source for several demersal fish (Rijnsdorp and Vingerhoed, 19

2001) and, when occurring in high densities Lanice acts as 20

a refugium against predation for many organisms (Woodin, 21

1978). 22

The aims of this research were: (1) to identify the environ- 23

mental variables determining the distribution of L. conchilega, 24

(2) to search for the most optimal model describing the habitat 25

preferences of L. conchilega and (3) to compare the modelling 26

performance of General Linear Models and Artificial Neural 27

Networks when applied to a marine dataset. 28

304-3800/$ – see front matter © 2007 Published by Elsevier B.V.
oi:10.1016/j.ecolmodel.2007.10.017
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2. Materials and methods

2.1. Data availability29

All data used were collected in the near shore part of the30

Belgian continental shelf (Southern North Sea) within the31

framework of the HABITAT-project (Degraer et al., 2002, 2003)32

in October 1999, March 2000 and November 2000. The major33

part of the samples (265) were collected in the area of the34

Western Coastal Banks (WCB), a small complex of sandbanks35

and swales covering a wide range of soft sediment habitats36

(Degraer et al., 1999). Outside of the WCB, 38 additional sam-Q237

ples were collected in November 2000, along four transects38

perpendicular to the coastline. The samples were collected39

with a Van Veen grab (sampling surface area: 0.1 m2) and40

sieved over a 1 mm sieve. In each sample all adult L. conchilega41

individuals were counted. Since the goal was to predict pres-42

ence or absence of the species, the densities were transformed43

to presence/absence.44

A sediment subsample was taken with a 3.6 cm diame-45

ter core to measure nutrient concentrations (NO3 + NO2, NH4,46

PO4 and Si) in the interstitial water. Sediment granulometry47

was determined: the sediment fraction <1 mm was analysed48

with a LS Coulter laser counter (vol.%), while the sediment49

fraction >1 mm was weighted (mass%). The following vari-50

ables were calculated: median grain-size, mean grain-size,51

mean/median grain-size ratio, mode, variance, skewness, kur-52

tosis, the volume percentages of the 0–63 �m (hereafter: %53

mud), 63–125 �m, 125–250 �m, 250–500 �m and 500–800 �m54

fractions, as well as the mass percentage of the >1 mm fraction55

(hereafter % coarse fraction).56

Bottom current speed and bottom shear stress were57

obtained from the 3D baroclinic hydrodynamic COHERENS58

model (Luyten et al., 1999). This model has a horizontal res-59

olution of about 250 × 250 m and a vertical resolution of ten60

layers. U and Umax are the maximum and median bottom cur-61

rent, and BSRTM and BSRTX are the median and maximum62

bottom shear stress. Median and maximum chlorophyll-a con-63

centration in the surface water were obtained from MERIS64

satellite images of 2003 from the REVAMP-project (Peters et al.,65

2005).66

3. Modelling techniques

3.1. Variable selection67

Since related variables (i.e. granulometry, nutrients) were68

expected to be highly correlated and thus redundant, Prin-69

cipal Component Analysis (PCA) was used to analyse the70

relationships between the variables for inclusion the models.71

A varimax rotation was performed to maximise the indepen-72

dence of the Principal Components (PCs). The non-parametric73

correlation coefficient Kendall’s � was used to explore the cor-74

relation between the potential environmental variables for75

the modelling, because it can deal better with outliers and76

extreme distributions of the variables (Arndt et al., 1999).77

Based on the PCA and the correlation analysis different sets78

of variables were offered to the forward selection algorithm79

of the GLM (see further). It was avoided to enter highly corre- 80

lated variables in such a set or too much variables which were 81

highly associated with one PC. 82

3.2. GLM: logistic regression 83

To predict the absence or presence of L. conchilega multiple 84

logistic regression (Trexler and Travis, 1993), a type of GLM, 85

was used. Logistic regression has been widely used in ecol- 86

ogy (Paruelo and Tomasel, 1997; Ysebaert et al., 2002) and 87

predicts the probability (between 0 and 1) that a species will 88

occur, based on the environmental variables. Since the sam- 89

ple distribution was binary (absent or present), the logit link 90

was used. The forward stepwise likelihood ratio method was 91

used to select the best set of variables. Interaction terms and 92

non-linear terms (i.e. quadratic) of each variable were also 93

included in the set of variables. A cut-off value for species 94

presence was based on the percentage of the samples in 95

which L. conchilega was present in the data set (26% of the 96

samples, cut-off of 0.26) (Ysebaert et al., 2002). The analysis 97

was performed with SPSS version 12.0 (SPSS, Inc., Chicago, 98

IL). 99

Threefold crossvalidation was used to test the robustness 100

of the models. The data set was randomly split in three parts 101

and two parts were iteratively used to construct a model, and 102

the third part to test the model. If the predictive performance 103

of the model for each fold was similar, a final model was con- 104

structed with all the data. 105

3.3. Artificial neural networks 106

Artificial Neural Networks (ANN) are a technique from the 107

field of artificial intelligence (Lek and Guégan, 1999). They 108

have a similar structure as the human brain: a network of 109

connected neurons. The neurons are the building blocks of 110

the ANN. Data enters a neuron from several other neurons, 111

is summed and then fed into an activation function, which 112

generates the output of the neuron. Neurons can pass on 113

information because they are connected. The importance of 114

a connection is expressed as an interconnection weight. The 115

adjustment of these weights will influence the model output 116

(Lek and Guégan, 1999). Through a learning algorithm, the 117

weights will be adjusted iteratively, increasing the agreement 118

between the observed and predicted presence of the species 119

(Lek and Guégan, 1999). The Ann’s in this research have their 120

neurons organised in three layers: environmental variables are 121

presented at the input layer, are passed on to the hidden layer 122

which processes the information and finally the output layer 123

generates the prediction of the probability of presence of L. 124

conchilega. As with GLM, threefold crossvalidation and output 125

visualisation were used (Fig. 1b and d) was used to test the 126

robustness of the models. For the ANN the species was pre- 127

dicted to be present if the model output was larger than 0.5. 128

The ANN’s were constructed in MATLAB 6.1 using the neural 129

networks toolbox. 130

3.4. Model performance and variable importance 131

In order to assess and compare the predictive power of 132

GLM and ANN several performance indicators were cal- 133

dx.doi.org/10.1016/j.ecolmodel.2007.10.017
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Fig. 1 – Predicted probability of presence of L. conchilega for the GLM (a and c) and ANN-models (b and d) with all samples.

culated. Most indicators were based on a two by two134

contingency table containing the number of True Positive135

(TP), False Negative (FN), True Negative (TN) and False136

Positive (FP) predictions. The overall percent of correct137

predictions is expressed as Correctly Classified Instances138

(CCI) = (TP + TN)/(total # samples). The number of correctly139

classified species absences on the total number of predicted140

species absences was calculated as the Negative Predictive141

Value: NPV = TN/(TN + FN). Similarly, the Positive Predictive142

Value was calculated: PPV = TP/(TP + FP). The model speci-143

ficity and sensitivity were calculated as TN/(FP + TN) and144

TP/(TP + FN), respectively. Cohen’s � (Dedecker et al., 2004)145

assesses the correctness of the prediction independent of the146

prevalence of a species in the original data set. An alternative147

statistical parameter to express the performance of a model148

is the Area Under the Curve (AUC) (Fielding and Bell, 1997).149

The AUC is not dependent on a cut-off value at which the150

species is present. In this way it evaluates the model output151

in a continuous, instead of discrete manner. Finally, the Pear-152

son correlation between the output of the ANN and GLM final153

models was calculated to assess the similarity of the predic-154

tions.155

The relative importance of an environmental variable156

in the prediction of the occurrence of L. conchilega was157

assessed. For the GLM, the Wald statistic for each variable158

in the GLM was compared (Ysebaert et al., 2002). Equiv-159

alently, the partial derivatives (PaD) method was used for160

assessing variable importance for the ANN (Dedecker et al.,161

2004).

4. Results

4.1. Variable selection 162

The first five PCs explain 78% of the variance in the data and 163

were clearly associated with groups of related environmental 164

variables (Table 1). PC1 was most correlated with the sorting 165

of the sediment and the fine sediment fraction, PC2 with the 166

coarser fraction and with general sediment variables, PC3 only 167

with current characteristics, PC4 with the shape of the grain- 168

size distribution and PC5 with the nutrient concentrations in 169

the interstitial water. 170

The results of the correlation analysis agree with those of 171

the PCA. The sediment variables were highly correlated with 172

each other, but % mud and % coarse fraction have a low corre- 173

lation with the rest of the sediment variables and each other. 174

The bottom current variables were moderately to highly cor- 175

related (r = 0.4–0.7) with each other, while there was a very 176

low correlation between the nutrient concentrations (r = <0.3) 177

and very little (r = −0.2) correlation between the maximum and 178

median chlorophyll-a concentration. The correlation between 179

the variables of the final models is low (median grain-size- 180

% mud: r = −0.45; median–% coarse: r = 0.31; % mud–% coarse: 181

r = 0.0). 182

4.2. Comparison techniques and variable importance 183

The forward selection algorithm allowed to select the most 184

optimal set of environmental variables for the models. The 185

Table 1 – Principal component analysis: rotated scores (Varimax rotation) of the variables for the first five principal
components (PC)

PC1 38% PC2 16% PC3 10% PC4 9% PC5 5%

S.D. 0.96 500-800 �m 0.94 U 0.93 Skewness 0.96 NH4 0.73
38–63 �m 0.92 Mode 0.91 Umax 0.93 Kurtosis −0.93 PO4 0.65
% mud 0.87 d90 0.89 BSTRM 0.92 NO3 + NO2 −0.56
63–125 �m 0.78 Median 0.84 BSTRX 0.76
M/M ratio −0.78 125–250 �m −0.79
d10 −0.77 Mean 0.75
Mean −0.62 % coarse fr. 0.71

The percentage of variance explained is shown in the upper right for each PC. Only scores with an absolute value above 0.50 are shown.

dx.doi.org/10.1016/j.ecolmodel.2007.10.017
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Table 2 – Model performance indicators for the threefold and the models with all data

GLM ANN

Fold 1 Fold 2 Fold 3 All data Fold 1 Fold 2 Fold 3 All data

Learning set
CCI 78.1 74.5 73.5 78.0 82.1 85.7 82.0 80.6
NPV 90.4 89.8 91.1 92.3 88.1 89.7 85.6 89.4
PPV 56.3 51.3 50.0 54.6 66.0 74.0 69.2 56.4
Spec. 78.5 73.6 70.8 77.0 87.5 91.0 90.7 85.0
Sens. 76.9 76.9 80.8 81.1 67.3 71.2 57.7 65.7

Test set
CCI 74.5 71.4 73.5 / 78.6 72.5 81.6 /
NPV 51.2 47.4 50.0 / 84.7 80.8 91.7 /
PPV 91.2 86.7 88.3 / 61.5 50.0 53.9 /
Spec. 72.2 72.2 73.6 / 85.9 82.0 84.6 /
Sens. 80.8 69.2 73.1 / 59.3 48.2 70.0 /
Cohen’s � 0.45 0.36 0.41 (0.49) 0.46 0.30 0.49 (0.48)

All
AUC 82.9 80.80 82.8 82.5 84.6 85.0 88.3 85.2

CCI, Correctly Classified Instances; NPV, Negative Predictive Value; PPV, Po
Under the Curve.
The Cohen’s � for the models with all data was calculated from the perfor

selected set contained only three granulometric variables:186

median grain-size, % mud and % coarse fraction, along with187

the non-linear terms % mud2 and % coarse fraction2 (all188

interaction terms were rejected). ANN with one hidden layer189

containing three neurons were trained. The same variables190

were used as with the GLM. Only sigmoid activation functions191

were used in the neurons (Table 2).192

In the visualization (Fig. 1), the similarity between the GLM193

and ANN predictions was higher within the range of the orig-194

inal data set, but lower outside of this range. After conversion195

of the predicted outcomes to a binary coding (using the cut-off196

values), a number of performance indicators were calculated197

(Table 2). In a paired t-test the CCI, specificity and sensitivity198

of the ANN-models was significantly higher then their GLM199

counterpart (6 df; p < 0.05). The NPV and PPV and the Cohen’s200

� were not significantly higher for the neural network models201

(NPV and PPV: 6 df, p > 0.05; Cohen’s �: 3 df; p > 0.05). The AUC202

was significantly larger for the ANN models (paired t-test; 3 df;203

p < 0.05). The Pearson correlation between the ANN and GLM204

final model output was high: r = 0.89 (p < 0.01).205

For the GLM, the relative importance of the variables in pre-206

dicting the presence of L. conchilega was similar between the207

threefold and the final model with all data (Table 3.). Over-208

all the median grain-size was most important in GLM, the209

other two variables and their quadratic terms had similar210

importances, the constant was less important (Table 3). The211

ANN models showed a high variability in variable importance212

between the folds and the final model. The order of impor-213

tance in the final model was reversed compared to the GLM:214

from % coarse fraction over % mud to median grain-size.215

5. Discussion

5.1. Selection of environmental variables216

A good prior selection of environmental variables for the final217

model was found to be necessary. The inclusion of redun-218

219

220

221

222

223

224

225

226

227

228

229

230

231
 P
R

Ositive Predictive Value; spec., specificity; sens., sensitivity; AUC, Area

mance on the training set.

dant variables will complicate the assessment of the relative
variable importance, which is very helpful to derive ecological
insights from a model. The relative importance of two highly
redundant variables will be “shared” between them, underes-
timating their importance. PCA and correlation allowed only to
assess the mutual relations of the variables, but did not allow
to distinguish if the variables were important in the predic-
tion of L. conchilega. A reason for this is that these techniques
hypothesise a linear relation between variable and presence
of the species, while species response curves most likely have
a bell-shape form. The forward selection algorithm was very
important in selecting sets of appropriate environmental vari-
ables.
ECOMOD 4977 1–6
Predictive modelling of the habitat preferences of the tube-building
07.10.017

5.2. Modelled habitat preference 232

Although a data set with various types of environmental vari- 233

ables was available, only three granulometric variables were 234

Table 3 – The relative importance (%) of the variables in
the prediction of the presence of L. conchilega

Fold 1 2 3 All

GLM
Median 27.5 25.5 37.8 26.2
% mud 20.3 14.0 10.8 15.9
% mud2 16.3 13.0 14.9 15.8
% coarse 19.2 23.6 15.9 19.9
% coarse2 11.6 17.0 5.6 15.2
Constant 5.0 6.9 15.0 7.0

ANN
Median 21.2 5.1 2.6 18.7
% mud 49.8 6.3 5.9 37.2
% coarse 29.0 88.6 91.6 44.1

For the GLM the percentages are based on the Wald statistic, for the
ANN on the partial derivatives method. “all” indicates the model
created with all samples.

dx.doi.org/10.1016/j.ecolmodel.2007.10.017
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selected in the models. The relative importance of these vari-235

ables in the GLM-models was median grain-size, % coarse236

(sum of relative importance of linear and quadratic term) and237

% mud (idem % coarse). For the ANN-models the order of238

importance was not consistent between the folds and the final239

model with all samples. Previous studies did point out the240

importance of granulometric variables (Gray, 1981; Snelgrove,241

1994), but Buhr and Winter (1977) indicated that currents also242

have an important effect on a much smaller scale for L. conchi-243

lega. In the models presented here, currents were found to be244

not important. However this could be due to the resolution of245

the current model which was only 250 × 250 m. Chlorophyll-246

a was expected to be important in predicting the occurrence247

of L. conchilega, as it is a proxy for primary production. How-248

ever it was not selected for the models. Probably because it249

showed little variance on such a small scale and the fact that250

only data from the year 2003 were available. The reason that251

nutrients were not used in the final models could be due to a252

seasonal effect. Because not all of the samples were collected253

simultaneously, no relation with was found between species254

occurrence and nutrient levels, as these fluctuate seasonally.255

The modelled habitat preferences are a result of the active256

habitat selection of L. conchilega: pelagic larvae settle on the257

bottom and can return to the water column again if the258

habitat is not suitable (Bhaud and Cazaux, 1990). The mod-259

els did not perform equally well through the whole range of260

the variables. This is due to the fact that there were only261

very little samples in some parts of the range of a variable.262

The model should therefore only be used with in the vari-263

able range of original dataset used to construct the models264

(Fig. 1, dashed areas). The maximum values of the CCI are265

80–85%. This could be explained by the effect variables which266

were not measured and the patchy distribution of L. conchi-267

lega (Heuers et al., 1998). This distribution, due to biological268

interactions and recruitment fluctuations, introduces noise in269

the data set: samples in suitable environments would have no270

L. conchilega.271

6. GLM versus ANN

Although there was a very strong correlation of the model out-272

puts, ANN outperformed GLM for a number of performance273

indicators (CCI, spec. and sens.). Also the Area Under the Curve274

was significantly higher for the ANN, indicating that the dif-275

ference in performance is not due to the difference in the276

cut-off for presence of a species. For the GLM each non-linear277

relation (i.e. quadratic) and each interaction term had to be278

explicitly presented to the selection algorithm. The superior279

performance of ANN could be explained by the fact that non-280

linear functions and variable interaction are inherent to the281

architecture of the ANN, because of the connections between282

the neurons. The effect of only two variables could be visu-283

alised simultaneously, the graphs were only a simplification of284

the model predictions, which are in a multivariate space. How-285

ever, performance and relative variable importance showed a286

higher dissimilarity between the folds for the ANN-models.287

This could be due to the higher internal complexity of the288

ANN or a high dependence on the initial conditions during the289

training of the network. From a parsimonious point of view the290

GLM were superior, as the models were simpler and ANN only 291

performed slightly better. 292

Further research will deal with the testing of these mod- 293

els on a larger geographical scale and the construction of 294

models that try to predict the abundance (individuals/m2) of 295

macrobenthic species. 296
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