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Introduction

The harbour porpoise Phocoena phocoena has
recently become a focal species in marine manage-
ment and conservation, e.g. in relation to the construc-
tion of offshore wind farms (Nedwell & Howell 2004,
Madsen et al. 2006, Thomsen et al. 2006, Tougaard et
al. 2006) and the implementation of the EU Habitats
Directive (EU 1992) According to Annex 2 in EU
(1992), member states of the European Union are
obligated to designate marine protected areas that
provide physical and biological features essential to
the life and reproduction of the species. Due to the lim-
ited knowledge of the habitat requirements of harbour
porpoises in EU waters the implementation of the EU
Habitats Directive has been incomplete for this spe-

cies, and thus research to disentangle the key drivers
for the distribution dynamics of harbor porpoises is
much needed. Tougaard & Wisz (2010, this volume)
questioned our conclusion in Skov & Thomsen (2008)
of analyses of sightings and acoustic data from Horns
Reef, North Sea, that the most important factor govern-
ing the distribution of harbour porpoises at this loca-
tion is tidally-driven upwelling. The debate between
Tougaard and Wisz and ourselves stems from opposing
approaches to the selection of predictor variables and
to the design and programming of marine habitat
models.

Tougaard and Wisz argued that the conclusion was
poorly founded by the analyses, due to inclusion of
data collected during the construction of a wind farm,
the selection of explanatory variables based on data
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dredging and the lack of assessment of statistical
uncertainty and model validation.

Data selection should be controlled by an ecosystem-
and process-based approach

The visual survey data used for the habitat models
included results obtained on 2 d during the construc-
tion phase of the Horns Rev 1 offshore wind farm. On
one of these days ramming of monopile foundations
was undertaken. Tougaard and Wisz found that the
previously documented behavioural responses of
harbor porpoises to pile-driving would have made the
data unrepresentative. However, the behavioural
responses demonstrated by the same POD data
(Tougaard et al. 2003, 2009) were shown to be short-
term (6 to 24 h), and since surveys were chiefly under-
taken between ramming periods, the distribution on at
least 3 of the 4 periods selected can be considered as
undisturbed, whereas the distribution during the 4th
period may have been moderately modified. Neverthe-
less, the distribution of sightings during northward and
southward tidal currents during the 4th period was
similar to the distribution of the animals recorded dur-
ing the other 3 periods, during which ramming activi-
ties did not take place.

Tougaard and Wisz stated that ecological theory to
guide the selection of marine habitat parameters to
harbour porpoises is limited. We claim that a great
amount of scientific literature exists on spatial distri-
bution of marine predators, with particular attention
having been paid to scale-dependence of observed
patterns (Schneider & Piatt 1986, Russell et al. 1992,
Fauchald 1999). The theory of hierarchical patch
dynamics (Kotliar & Wiens 1990) proposed an ecologi-
cal framework to study the spatial distribution of ani-
mals, and the framework has been applied to marine
predators (Fauchald et al. 2000, Certain et al. 2007).
The history of marine mammal habitat modeling has
shown the need to develop novel and more realistic
habitat models based on an understanding of the
scale-dependence of driving ecological processes
(Gregr 2009). This point touches on the primary goal of
our analyses: to derive a more realistic parameteriza-
tion of habitat models for harbour porpoises and other
marine animals. The robustness of habitat models is
not only related to their statistical properties, but also
to the ability of predictor variables and modeling scale
to correctly describe the hierarchy of physical oceano-
graphic processes that constitute the domain of habi-
tats suitable to the target animals. Of course, habitat
suitability should be evaluated in relation to the spe-
cific objectives of the management or conservation
decisions that the model addresses. Attempts to

develop realistic models of the fine-scale habitats of
marine animals have often failed, not due to poor
model performance but due to a lack of knowledge of
the scale-dependence of habitat drivers, resulting in
biased estimates of distribution patterns (Wiens 1989).
This bias can, for instance, be identified by a poor
match between the habitat identified as suitable by the
model and the aggregative response by the animals
shown in survey data; Tougaard et al. (2006) is an
example of biased prediction models, in this case
based on the same survey data as Skov & Thomsen
(2008). The latter focuses on scale-dependence of habi-
tat drivers for harbour porpoises at one location in the
North Sea; by integrating a long time series of parallel
visual surveys, acoustic monitoring and hydrodynamic
modeling Skov & Thomsen (2008) demonstrated how a
process-based approach can enhance both parameter
selection and model design.

While focusing on model parsimony and perfor-
mance, Tougaard and Wisz found that the spatial
structure in the data as elucidated by the geo-statisti-
cal analysis calls for the development of a large-scale
model. However, our application of geo-statistical
analysis constitutes the initial step of the dynamic
scale-dependent decomposition of the hydrodynamics
around Horns Reef, a step which is a prerequisite for
linking survey and acoustic data to the serial and spa-
tial scales of structures and processes described by the
hydrodynamic model. The method of linking dynamic
model data to geo-statistical analyses is well estab-
lished in marine ecology, and should be a fundamental
property of all initial steps in developing marine habi-
tat models (Guisan & Thuiller 2005, Guisan et al. 2006).
The method is not straightforward, as it requires
detailed knowledge of the local and regional physical
oceanography of the model area. Tougaard and Wisz
found that the basis for the selection of model scenar-
ios was unclear; however, as we stated in Skov &
Thomsen (2008), the selection is based on the criteria
of large sample sizes (>100 porpoises observed) and
temporal overlap between sightings and the different
frontal positions of the large-scale density front off the
Danish coast. During the 4 surveys selected, the posi-
tion of the density front shifted in response to inflow of
river water, and winds, among the western, southern,
central, and eastern part of the Horns Reef Area. The
position of the localized upwelling cells did not change
with the position of the density front, however, and
always coincided with areas where strong tidal cur-
rents were interacting with the steep topography of the
reef — areas with a diameter <10 km, matching the
aggregative response of the animals as given by the
survey variograms (Fig. 1). It is correct that the avail-
able acoustic data had a coarser resolution than
required to fully reflect the pattern of upwelling
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induced by the tidal excursion and, in fact, Skov &
Thomsen (2008) acknowledged this in the ‘Discussion’.
However, the daily click data still contained strong sig-
nals induced by the upwelling activity, as higher por-
poise click rates were recorded by the T-PODs in prox-
imity to the upwelling cells, as compared to the
T-PODs located in regions of lower upwelling activity.

Statistical tools avoid problems of spurious
parameter selection

According to Tougaard and Wisz, the selection of
model parameters might have been the result of data
dredging, which should be avoided as an initial or inte-
grated step in parameter selection, as it often leads to
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Fig. 1. Location of upwelling (red pixels) during (A) south-flowing and (B) north-flowing tidal currents in the 4 survey periods. 
Bathymetry ranges from 30 (dark grey areas) to 5 m water depth (white areas)
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spurious or chance results. However, compared to mul-
tiple regression techniques, partial least squares (PLS)
analyses have improved statistical properties for teas-
ing out linkages between response variables and a
large number of potential predictor variables, includ-
ing better overall predictive performance and much
lower sensitivity to the distribution of variable values,
which for optimal performance in multiple regression
need to be individually normal and mutually orthogo-
nal. Most importantly, PLS displays a more conserva-
tive behaviour with a much lower probability of obtain-
ing significant correlations through chance (Osborne
et al. 1997, Weber et al. 2006). We specifically avoided
problems of spurious parameter selection. PLS has not
been widely used in habitat modeling, but it does have
great potential for achieving better selection of habitat
drivers than many other statistical methods.

Ecological niche factor analysis (ENFA) and
parsimony

As outlined in Skov & Thomsen (2008), the statistical
performance of the harbour porpoise spatial model was
not formally tested, i.e. spatial predictions were not val-

idated against observations. Yet as can be seen from
our results, the predictions were in agreement with the
observed pattern of distribution and the acoustic data.
These corresponding fine-scale patterns could never be
a result of chance. A formal internal validation of model
performance using Receiver operator characteristic sta-
tistics (Hosmer & Lemeshow 2000) underlines the ro-
bustness of the model with AUC values ≥0.78 for both
tidal current scenarios (Fig. 2).

Conclusion

The process-based approach for fine-scale modeling
of the habitat of harbour porpoises and other marine
mammals should be evaluated using other data, and in
other oceanographic regions. As the results of marine
habitat modeling may have considerable importance
for future management of the sea, marine habitat mod-
eling must move towards achieving a high degree of
spatial precision and a realistic display of distribution
dynamics. We think that our harbour porpoise model
for Horns Reef constitutes a promising step in this
direction.
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