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Abstract:

The delineation of essential fish habitats is necessary to identify, design and prioritize efficient marine
protected area (MPA) networks with fishery objectives, capable, in addition to other possible objectives
and functions of MPAs, of sustaining the renewal of marine living resources. Both the methods
available to map essential fish habitats and the usefulness of these maps are discussed in this paper.

Generally, the first step to obtain maps of essential fish habitats consists in choosing one of the
numerous existing statistical approaches to build robust habitat suitability models linking relevant
descriptors of the marine environment to the spatial distribution of fish presence or density. When
these descriptors are exhaustively known, i.e. maps are available for each of them, geo-referenced
predictions from these models and their related uncertainty may be imported into Geographic
Information Systems for the quantitative identification and characterization of key sites for the marine
living resources.

The second part of this paper deals with the usefulness of such quantitative maps for management
purposes. These maps allow for the quantitative identification of the different habitats that are required
for these marine resources to complete their life cycles and enable to measure their respective
importance for population renewal and conservation. The consequences of anthropogenic pressures —
not only fishing but also land reclamation, aggregate extractions or degradation of habitat quality (e.g.
nutrient excess or xenobiotics loadings, invasive species or global change) — on living resources, may
also be simulated from such habitat models. These quantitative maps may serve as input in specific
conservation planning software based on the systematic conservation approach. Fish habitat maps
thus may help decision makers to select relevant protection areas and design coherent MPA networks
which objectives are to sustain fishing resources and fisheries.

Highlights

» The delineation of fish habitats is needed to identify MPAs with fishery objectives. This paper
reviews:

» The quantitative methods to map fish habitats and identify key sites for fishery resources.

» The usefulness of maps to measure the importance of habitats to sustain resources.

» The relevance of fish habitat maps to design MPA networks.
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1. Introduction

Many populations, particularly of fishes, are only remnants of their original numbers due to
direct or indirect human pressure and, as such, need to be protected. Following the
establishment of the Convention on Biological Diversity, the 2002 World Summit on
Sustainable Development (Johannesburg) recommended to adopt an Ecosystem Approach
to Fishery management to both achieve conservation of marine ecosystems and maximise
economic profitability of fisheries (Brownman et al., 2004). If measures of regulation at stock
scale remain necessary (e.g., limiting fishing pressure to maintain the size of the spawning
stock; Hilborn and Walters, 1992), it has been agreed to develop complementary methods to
manage ecosystems, in particular to establish a worldwide system of marine protected areas
(MPAs) (Mora et al., 2006). MPAs are considered efficient instruments for the protection of
critical habitats, biodiversity, and ecosystem functions (Leathwick et al., 2008) and there is
growing evidence of their usefulness in the management of fisheries (Halpern and Warner,
2002; Gell and Roberts, 2003; Vandeperre et al., 2011; Mesnildrey et al., 2013).

Although marine reserve objectives increasingly include the protection of marine living
resources to maintain fish populations and fisheries, uncertainties remain about their optimal
design to that aim (Claudet et al., 2008; Mesnildrey et al., 2013). Marine reserves are
considered for their ability to improve species conservation within their limits and fishery
yields outside, through the export of fish and larvae to fished areas (Gell and Roberts, 2003;
Griss et al., 2011b). Their positive influence on densities, biomass, size structure and life
history traits of living resources inside their limits is well established (Lester et al., 2009).
However, there is still a high level of uncertainty regarding their impact on surrounding
exploited areas (Sale et al., 2005; Gruss et al., 2011b; Mesnildrey et al., 2013).

Marine fish populations are not randomly distributed, but exhibit distributions that are
structured both in space and time (Mello and Rose, 2005). A species distribution results from
the combined action of several forces (Planque et al., 2011a), some of which are external
(such as environmental conditions or food availability), whereas others are internal to the
considered species, population or community (such as total population size; Aarts et al.,
2013). The set of conditions required for individual survival and reproduction constitute the
“ecological niche” within which a species may indefinitely sustain itself. The geographical
projection of this fundamental niche corresponds to the habitat of the considered species
(Chase and Leibold, 2003). The analysis of relationships between species and their habitats
has always been a central issue in ecology and is used to investigate the role of the different
factors that may affect a population and to characterize the mechanisms determining habitat
suitability.

For numerous marine organisms, habitat requirements change over the course of their
development (Harden Jones, 1968), resulting in distinct distributions along the life cycle; the
displacement between these zones being ensured by passive or active migration (Gruss et
al., 2011ab). Ontogenic habitat switching structures the spatial distribution of organisms from
each phase throughout the entirety of their life cycles (van de Wolfshaar et al., 2011).
Indeed, the life strategy of most marine fishes is characterized by high fecundity and high
mortality in young life stages (Juanes, 2007). The low survival of eggs, larvae (Houde, 2008)
and juveniles (Le Pape and Bonhommeau, in press.) strongly depends on abiotic and biotic
environmental factors. This high mortality at early life stages has been identified as a main
determinant of the abundance of marine populations (Houde, 2008) that reduces the
correlation between the spawning biomass and the subsequent year class (Hilborn and
Walters, 1992). As a consequence, the functionality of essential fish habitats, such as
spawning or nursery grounds (Le Pape et al., 2003; van de Wolfshaar et al., 2011) but also
migration routes along ontogenic migrations, is essential to sustain the renewal of marine fish
populations (lles and Beverton, 2000). Interactions between fisheries and species habitats
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must be included in management plans (Peterson, 2003) and there is a need to protect the
ecological function of essential fish habitats, not only for sustaining marine fish population
and associated fisheries (Hall, 1998) but also for conservation purposes (e.g. the protection
of endangered species; Martin et al., 2012).

Planque et al. (2007) distinguished three types of habitats for given functions: potential,
realized and effective. The potential habitat represents the suitable areas for the function
studied. The realized habitat corresponds to the portion of the potential habitat that is
effectively occupied at a given time. The effective habitat corresponds to that portion of
realized habitat that will be proved to contribute the most to the survival of the species by
allowing the completion of its life cycle (Dahlgren et al., 2006). Taking into account effective
fish habitats in marine reserve design, thus protecting successive fish habitats along their life
cycle (i.e., spawning, nurseries, feeding grounds, migration routes), for exploited and
endangered species is of major importance. Larval, juvenile and adult habitat selection, and
also mobility and ontogenic migrations along the life cycle, have a considerable influence on
the efficiency of MPAs in reaching fisheries goals (Kaplan, 2009; Moffit et al., 2009). For
mobile populations, MPAs should cover a large fraction of the total distribution area to offer
effective protection (Griuss et al., 2011ab). Protecting targeted zones where animals are
associated with particular developmental stages could be as effective, or even more
effective, (Gruss et al., 2011a) than closing off large parts of the population distribution area
to fishing and other anthropogenic activities. For instance, protecting restricted but highly
productive areas where juvenile fitness is enhanced through optimal feeding conditions
(Pelletier and Magal, 1996; van de Wolfshaar et al., 2011), establishing spawning area
closures to preserve fecund individuals, to provide sufficient spawning habitat for optimal
stock abundance and improve fish reproductive capacity, or temporarily closing migration
routes should increase recruitment success and be especially effective (Mesnildrey et al.,
2013).

Among suitable tools matching the ecosystem approach to fisheries (de Jonge et al., 2012),
there is a need to identify and map essential fish habitats in order to improve design, and
furthermore, to prioritize fishery oriented MPA networks, to ensure that they are efficient in
maintaining the renewal potential of marine living resources. To that aim, it is possible to
predict the geographic distributions of species through life stages from habitat mapping
approaches (Rubec et al., 1999, Martin et al, 2009, Lauria et al., 2011); then to combine
these life stages and/or species specific maps in multiscale Habitat Suitability (HS) maps
(Brown et al., 2000; Store and Jokimaki, 2003); or to integrate these maps on portfolios for
measuring integrated conservation value (Delavenne et al., 2012). HS maps are essential
elements in the identification and prioritization of suitable areas for conducting spatial
ecosystem assessments and conservation actions (Brown et al., 2000; Cogan et al., 2009).
Especially, HS maps may answer questions about what exactly constitutes high value or
even critical fish habitat for exploited (Fodrie and Mendoza, 2006) or endangered (Martin et
al., 2012) species, and may provide information needed to conserve essential fish habitats
(Stoner, 2003). The successive steps of the general and most widespread approach to build
quantitative maps of essential fish habitats is described here first (defining goals and chosing
species and habitats descriptors, modelling then mapping; Fig. 1). Then we focus on the
usefulness of these maps to investigate and delineate fish habitat, to compare the respective
importance of different habitats on population renewal and to estimate and/or to simulate the
consequences of anthropogenic pressures on living resources. The use of these maps and
quantitative information to prioritize protection areas and improve fisheries management
systems is finally discussed.



2. Building quantitative maps of essential fish habitats

Identifying factors that condition the spatial distribution of a given species represents the core
of predictive geographical modelling in ecology. Habitat modelling (modelling species
distribution) and Geographic Information Systems (GIS) are key tools that lead to a better
understanding of species-environment relationships. Developing quantitative maps of fish
distribution, based on environmental descriptors, requires successive steps (Fig. 1): (i)
selecting the species accounted for, (ii) fitting and evaluating HS models that relate species
or stage specific distribution to environmental factors, (iii) using HS indices from model
outputs to create predicted distribution maps within a Geographic Information System (GIS)
and (iv) combining these maps to help decision making.

2.1. Developing HS models for marine fish communities, populations or life stages

2.1.1. Selecting study areas, species and life stages

Designing efficient MPA networks to maintain sustainable living resources and fisheries
requires the identification of priority areas (Delavenne et al., 2012) for both conservation
purposes (e.g., conservation of endangered species) and fisheries related ecosystem
services (Barbier et al., 2011). To that aim, and within the framework of an ecosystem
approach (Brownman et al., 2004; de Jonge et al., 2012), the European Commission (EC) is
promoting the concept of marine spatial planning to improve the management of marine
activities. Accordingly, for management objectives to be efficiently achieved, information from
habitat maps needs to represent habitats at a spatial scale relevant at the ecosystem and
fish population level (Le Pape et al., 2003; Planque et al., 2011a), to allow accurate
estimates to be made of the potential effects of pressure and protection. Therefore, the
spatial extent of essential fish habitat mapping must take into consideration the scale of
relevant ecosystem processes and the related spatial shifts in fish population structure.

The following task of the procedure involves selecting communities (Vaz et al., 2007), fish
species and life stages to be included in the mapping procedure (Martin et al., 2009). To
meet the requirements of efficient MPA networks, this selection should include (i) species of
main interest for fisheries (Riou et al., 2001; Le Pape et al., 2003; Fodrie and Mendoza,
2006), (ii) keystone species for fish communities and the ecosystem (Brown et al., 2000;
Smith et al., 2011) and (iii) Endangered, Threatened and Protected (ETP) species (Martin et
al., 2012).

Species selection usually takes into account both the aforementioned requirements and data
availability for candidate species. To evaluate resource distribution and requirements, access
to a large amount of data is necessary. These data are generally based on scientific surveys,
less influenced by the sampling bias generally present in other types of data (e.g., fisheries
catches). However, gathered information seldom covers the entirety of a given ecosystem
nor is it available regularly over time. These observations, too rare and carried out on
restricted periods and zones, result in an incomplete understanding of the ecosystem
functioning and the impact of the multifarious human pressures and their interactions. When
aggregating data from various source, data heterogeneity constantly dampens efforts at
meta-analyses of data, as sampling protocols often differ. Thus, data to be used for habitat
mapping should be given special attention with regard to quality, reliability, standardization
and relevance. Two main categories of fish survey data may be used as response variables
to develop HS indices (Fig. 1): occurrence and/or density (Rubec et al., 1999). The
availability of large sets of reliable spatialized survey data, for several periods, to account for
seasonal and interannual variability of fish distribution and abundance (Sluka et al. 2001; Le



Pape et al., 2003; Loots et al., 2010), will drive species selection and, if necessary, lead to
additional surveys (Guisan and Zimmermann, 2000).

When the list of species is finalised, knowledge on their life cycles and levels of dependence
on specific habitats at particular developmental stages — e.g. spawning (Loots et al., 2010)
and/or juvenile growth (Beck et al., 2001; Le Pape et al., 2003) — in addition to availability of
size and/or age structured data allowing estimation of life stages, will drive the need and
opportunity to discriminate life stages in HS models and maps.

2.1.2. Collating available environmental factors that drive fish distribution

Habitat occupation results from the influence of a large number of constraints. These
constraints may be of very different nature, and are linked either to the individuals" external
environment, or to the individuals themselves, whether they belong to the studied
population/species or other ones (Ashcroft et al., 2010; Gruss et al., 2011a; Planque et al,
2011a; Aarts et al., 2013). In order to identify factors controlling species spatial distribution,
HS models may be used to link the response of a population to different control hypotheses,
which can be external (geographic location, environment, associated fauna) or internal to the
population (spatial autocorrelation, population size, age structure). With regard to available
knowledge and data, HS models are often only based on hypotheses on how external
environmental factors control species distribution and/or life stages (Guizan and
Zimmermann, 2000), although their capability to explain the observed distribution may
sometimes be limited when they are used alone. Indeed, although many other factors may
be responsible for constraining fish distribution, in this paper, like most studies dealing with
habitat mapping (e.g. MacNally, 2000; Boisclair, 2001; Austin, 2007; Rushton et al., 2004;
Araujo and Guisan, 2006; Guisan et al., 2006; Randin et al., 2006), we will generally reduce
fish habitat to the environmental conditions suitable for a given population.

Before developing HS indices, there is a need to select the potential driving environmental
factors of habitat choice and distribution for each of the retained species and life stages
(Merow et al., 2013). Both abiotic (generally non-consumable habitat features) and biotic
factors, including both consumable resources and non-consumable features, drive habitat
choice and species distribution (Hayes et al., 1996) at different scales (Meng et al., 2005;
Gruss et al., 2011a; Aarts et al. 2013). The environmental variables retained as potential
descriptors in HS models must be selected in relation to these species and any life stage-
specific requirements (Harden Jones, 1968; Le Pape et al., 2003; Loots et al., 2010).

The final aim is to develop fish HS maps by using models in a GIS to predict HS for a
combination of habitat layers (Rubec et al., 1999; Fig. 1). To achieve this goal, there is a
need for an exhaustive knowledge of retained descriptors, i.e. obtaining static and/or
temporal maps of the factors used in HS models. Therefore, the selection of environmental
descriptors is a compromise between driving factors and available data. In particular, biotic
conditions (e.g. food availability and predation) are essential driving factors of habitat choice
and significantly improve the description based on physical descriptors and the power of HS
models (Diaz et al., 2003; Le Pape et al., 2007). There is a clear interest for the integration of
biotic variables and a relative increase of the spatial resolution in approaches linking fish
species to habitat (Johnson et al., 2012). Nevertheless, exhaustive fine scale knowledge
about relevant biotic factors is presently seldom available and habitat mapping is
predominantly based on abiotic factors only.



2.1.3. Coupling fish and environment data within a GIS

Selected environmental descriptors are included in a GIS, which allows different layers of
data to be intersected to obtain a stratification of the study area based on environmental
parameters (Fig. 1). Information on physical and geographic factors is combined with survey
data; the latter, identified from the geographic position of samples, are imported into the GIS
to associate, for each sample, the local values of the related environmental descriptors. This
association also needs to account for the sampling date when temporal maps are used (Le
Pape et al., 2003).

2.1.4. Developing an HS model

For the purpose of statistical modelling of species habitat, methods aim to define an HS for a
species by providing a numerical estimate of species response (e.g. in terms of abundance
and/or presence probability) to changes in one or more environmental factor(s). There are
numerous statistical modelling techniques to predict species distribution and several
methods may be used to reach this objective. The first criterion driving the choice of an HS
model is related to fish data. Indeed, fish occurrence and fish density are described by
different methods in habitat models:

When only occurrence data are available, the modelling approach covers only the
identification of determining conditions for fish and/or life stages to survive (Galparsoro et al.
2009). These are called ecological niches (Sillero, 2011) and are based on canonical
response variables, allowing first the identification, then the mapping of suitable habitats
(Rotenberry et al., 2006). Logistic regressions (Store and Jokimaki, 2003; Norcross et al.,
1999) and their generalized form (Generalized Linear Models (GLM) or Generalized Additive
models (GAM), using Bernouilli distribution) are widely used to describe presence/absence
data. An alternative method consists of using multivariate factorial analysis, such as
canonical analysis, linear discriminant function analysis (Norcross et al., 1997), redundancy
analysis (Whaley et al., 2007) or fourth corner analysis (Legendre et al., 1997) to describe
fish assemblages structure or functionalities. Another widely used method, the Ecological-
Niche Factor Analysis (ENFA; Hirzel et al., 2001), computes suitability functions by
comparing species distribution within the eco-geographical variable space with that of the
whole set of cells. The ENFA was created to predict faunal distributions sensitive to
erroneous absences (Hirzel et al., 2001). ENFA is considered particularly advantageous
because it does not require absence data (Hirzel, et al., 2006; Galparsoro et al., 2009),
allowing for the use of non-survey observation data, and especially data compiled by
volunteer opportunistic observations and sightings (Edgar and Stuart Smith, 2009) in HS
modelling, particularly for endangered species and conservation purposes. Other recent
advances allowed the development of methods to fit presence distribution on presence-only
data (e.g. MaxEnt free software; VanDerWal et al., 2009; Merckx et al., 2011; McDonald et
al., 2013; Merow et al., 2013).

A wider array of models has been developed to describe and predict habitat distribution from
density data, and the variety of available statistical techniques is growing (Guisan and
Zimmermann, 2000, Guisan and Thuiller, 2005, Austin, 2007, Guisan, et al., 2006):

- HS indices based on mean calculation (Rogers, 1992; Brown et al., 2000; Vinagre et al.,
2006) allow the comparison of mean densities in different habitats, described in classes.

- Ordination, classification techniques and categorical analysis regression trees (Fodrie and
Mendoza, 2006; Froeschke and Froeschke, 2011) are factorial analysis allowing to
discriminate classes of HS based on environmental descriptors (Norcross et al., 1999).



Neural networks provide an alternative classification procedure that is rarely used in HS
modelling (Guisan and Zimmermann, 2000),

- Ordinary multiple regression, linear models and GLMs are widely used for modelling
species distribution (Riou et al., 2001; Whaley et al., 2007, Lauria et al. 2011),

- Polynomial regression (Rubec et al., 1999) and locally weighted approaches (i.e. General
Additive models, GAM; Stoner et al., 2001; Kupschus, 2003; Francis et al., 2005) require
more extensive datasets, but allow to describe non-linear and more complex responses to
habitat descriptors (Loots et al., 2007, Vasconcelos et al., 2010).

- Fitting linear or additive models to fish data usually runs up against the problem of large
amounts of null values in survey datasets. As such zero-inflated data do not fit with any of
the exponential family of distributions, required conditions for GLM or GAM approaches are
frequently not met. To solve this problem, densities could be described with zero-inflated
models. For instance, delta models treat presence/absence and positive density values in
two different sub-models (Stefansson, 1996); a binomial distribution for presence and
another GLM (Le Pape et al., 2003) or GAM (Barry and Welsh, 2002; Vasconcelos et al.,
2010) for positive abundance values are fitted separately then coupled in order to estimate
HS (Calama et al., 2011). Alternative methods, e.g. compound Poisson process or Tweedie
distribution, have also been implemented to analyze zero-inflated data (Trimoreau et al.,
2013). As abundance is represented by two sources of data with different meanings, i.e. the
level of non-zero catch rates and the probability of catching species (or the life stage), a
model that integrates both kinds of data (Ye et al.,, 2001) provides complementary
information on HS (Le Pape et al., 2004; Trimoreau et al., 2013).

- An alternative to zero-inflated models is the use of non-parametric correlation coefficients
(Norcross et al.,, 1995). In particular, use of regression quantiles allows linear model
parameters to be estimated near the upper bounds of the distribution (Eastwood et al., 2001;
Planque et al., 2008, Vaz et al., 2008). This technique is adapted to estimate the effect of
factors limiting species abundance (Hiddink, 2005). The predictions resulting from an upper
quantile illustrate the spatial distribution of a species in ideal conditions and tend to describe
potential distribution patterns that highlight every possible area exhibiting suitable conditions
to the studied species, including those areas that are not necessarily used. As previous
models provide a spatial representation of the average realized habitat, this approach, in the
same way as environmental envelopes (Guisan and Zimmermann, 2000; Cheung et al.,
2009), allows the potential habitat to be considered (Sillero, 2010). As realized habitat maps
represent simulated distributions, derived from field observations, potential habitat maps aim
to predict distributions from potential living constraints and represent minimum requirement
(Guisan and Zimmermann, 2000).

Other advances allowed the development of methods to fit models based on categorical data
(Mieszkowska et al., 2013), when density is only available from a qualitative description, but
such data, as their use for fish habitat suitability modelling, are scarce.

2.1.5. Choosing a modelling method, estimating uncertainty and evaluating habitat models

Habitat modelling involves three steps: (i) choosing the type of model that is best adapted to
the data, (ii) selecting the model, (iii) evaluating its adjustment, predictive capacity and
uncertainty.

Model selection involves implicit consideration of the respective contributions of the
explanatory factors tested against species response. Factors that do not contribute



significantly to this response are withdrawn from the model. The present paper focuses on
habitat mapping and is not a review of the appropriate procedures involved in fitting and
selecting HS models. There are numerous recent reviews available on predictive habitat
distribution modelling (Guizan and Zimmermann 2000, Segurado and Araujo, 2004; Vaughan
and Ormerod, 2005; Maggini et al.,, 2006; Moisen et al., 2006; Elith et al., 2006) which
provide guidelines to choose a method with regards to both study objectives and statistical
criteria.

It is nonetheless especially important to spot that the noisy and redundant nature of data
gathered in the natural environment largely complicates the construction and the statistical
and ecological relevance of the models. Many developments were deployed to mitigate, at
least partially, these issues and we suggest referring to the following references to consider
methodological problems linked to HS models: Ashcroft et al. (2012) focused on methods
related to occurrence models. Power et al. (2000) and Maravelias (2001) highlighted frequent
problems that occur when covariates and factors used as environmental descriptors are
autocorrelated. In such case of habitat clustering, explanatory variable significance may be
over-estimated, which compromises the identification of the relevant factors. Graham (2003)
proposed an overview of methods dealing with such colinearity in descriptors. Ashcroft et al.
(2010), Planque et al. (2011a) and Blowes and Connoly (2012) provided important warnings
on the dynamic nature of spatial distribution and the importance of processes linked to
dispersal and spatial covariance. Accordingly, Lichstein et al. (2002), Calama et al. (2011)
and Ashcroft et al. (2012) focused on problems linked to spatial autocorrelation in habitat
models and related solutions. De Knegt et al. (2010) and Gottschalk et al. (2011) insisted on
the importance of scale effects in HS models.

Once HS models are fitted, an extremely important part of the procedure is evaluating their
robustness and their capacity to predict HS (Vasconcelos et al., 2013). To that aim, as long
as there are enough observations, the initial dataset may be, as a preliminary, split randomly
into calibration and validation subsets. The first is used to calibrate the model whereas the
second is used to evaluate the quality of model predictions (Guisan and Zimmermann, 2000).
Models must be tested on both of these datasets, using the model to predict response
variables, based on predictor variables to measure their fit (Vasconcelos et al., 2013). This
methodology allows the evaluation of model accuracy and robustness (Olden et al., 2002;
Power, 1993). For presence models, testing predictive capacity could be done with the Area
Under the Curve (AUC) (Elith et al., 2006; Townsend Peterson et al., 2008; Merow et al.,
2013; Hattab et al., 2013). For models based on density, the predictive capacity could be
tested according to correlation of the relation density observed versus density predicted by
the model (Pineiro et al., 2008). This validation procedure is especially important: a lack of
assessment could lead to spurious conclusions from non-robust HS models with poor and/or
biased predictive power (Planque et al., 2011b; Vasconcelos et al., 2013). This procedure of
post-validation may also be used to select the relevant descriptors based on the predictive
power of the candidate models (Loots et al., 2010, Loots et al., 2011). Moreover, testing the
model in a wide range of situations could further define the range of applications for which
model prediction is suitable (Guisan and Zimmermann, 2000).

In HS models, the measure of projective uncertainty is of particular importance because data
on fish spatial distribution have to be known with a sufficient level of confidence in order to be
useful for further management purposes (Planque et al., 2011b). “Nature is too complex to
be predicted accurately from models” (Guisan and Zimmermann, 2000), and there are
several reasons why residual variability is important in HS models (Le Pape et al., 2003;
Planque et al., 2011b): uncertainties can arise from observation processes, and especially
data paucity, small-scale variability and temporal variability, from the lack of maps of
important environmental descriptors, and from model formulation. Minimising uncertainties
requires a balance between model parsimony, generality, reality and precision (Guizan and
Zimmermann, 2000; Rotenberry et al., 2006). Residual variability is frequently high in fish
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habitat models (Le Pape et al., 2007; Trimoreau et al., 2013) and problems linked to
unexplained variability and uncertainty in model estimates are especially important
(Vasconcelos et al., 2013). In general, not enough attention is paid to most sources of
uncertainty and projections are currently less reliable than generally thought (Planque et al.,
2011b). Uncertainty in parameter estimates could be assessed from statistical models, and
related confidence intervals could be provided, even for delta models that require specific
approaches to combine uncertainty with the sub-models (Fletcher, 2008; Calama et al.,
2011). Nevertheless, other sources of uncertainty are rarely accounted for (Planque et al.,
2011b). To that end, the use of Bayesian methods in HS modelling provides the advantage
of incorporating all information within a probabilistic framework (Stewart-Koster et al., 2013).
Bayesian methods enable experts“ knowledge on sources and levels of uncertainty to be
considered and to construct credibility intervals within statistical models to provide
inferences, together with an appraisal of estimate and prediction uncertainty (Rivot et al.,
2004).

2.2. Coupling HS models and GIS to create predictive distribution maps

To develop predictive habitat maps, the HS model parameter estimates are used to re-code
(Eastwood et al., 2001) the environmental layers so as to produce maps reflecting HS (Fig.
1). The same method could be used to produce maps of uncertainty in order to provide an
overview of the prediction quality. Accordingly, from statistical models, prediction uncertainty
varies with the values of the predictors, and this could lead to spatial differences in the
accuracy of HS estimates.

Moreover, when models are fitted on fish density data, HS model prediction and GIS may be
coupled to calculate an index of abundance, based on the extent and surface of the
geographic units, to estimate the respective contributions of the different sectors to the
overall fish or life stage distribution (Riou et al., 2001; Le Pape et al., 2003; Rochette et al.,
2010):

- Surface areas of various combinations of descriptors are calculated within a GIS.

- For each combination, “number of fish” is calculated as the product of this surface area
multiplied by the corresponding density value, as estimated from the model.

“Number of fish” can then be used to determine the contribution of the different habitat

combinations to the total population as a percentage of the total number of fish represented
by the different habitat combinations (i.e. effective fish habitat; Dahlgren et al., 2006).

3. Fish habitat maps and decision-making for spatial management

In addition to its interest in ecological research, predictive geographic modelling may be used
for multipurpose applications, to investigate the function and importance of specific habitat to
a fish population, to assess the impact of human use and other environmental changes over
species distribution, to improve animal atlases (e.g. Martin et al., 2009), to help decision
making in spatial planning of fisheries and other human activities, to establish conservation
priorities, and/or to design fisheries-oriented MPAs.



3.1. Identifying essential and effective fish habitats

From maps describing fish or life stage presence, i.e. predicted maps of ecological niches
(Sillero, 2011), realized or potential niches can be identified spatially. Ecological niche maps
provide powerful tools for identifying suitable habitat in data poor environment, when density
or even absence data are lacking. Such methods are especially suitable for species over
large spatial extents (Rotenberry et al., 2006), when the models are based on presence data
from various and non-standardized sources. Predicted maps of presence could also be
especially useful for ETP species (Martin et al., 2012) for which an ecological niche must be
preserved for conservation purposes. Predicted maps of ecological niches could also be
combined in order to identify hotspots of realized or potential biodiversity, by overlaying
distribution maps of all considered species (Cheung et al., 2009).

When maps are based on fish densities, several approaches allow the identification of fish
habitats. According to Beck et al. (2001), a combination of environmental factors
characterizes essential fish habitat for particular fish species if it contributes
disproportionately to the total number of fish on a per-unit-area basis relative to other
habitats (i.e. if an estimated HS is locally much higher). Even if a habitat covers only a small
area, it should be considered important if it produces more fish per unit of area. It is important
to conserve and prevent the destruction of these habitats that contribute disproportionately to
the population, and HS maps allow us to focus on their location. In addition to this definition,
based on per unit of area, Dahlgren et al. (2006) developed a framework for evaluating fish
habitats based on their overall contribution to populations, and introduced the concept of
Effective Fish Habitat; they referred to habitats that make a great overall contribution,
regardless of area coverage. Accordingly, Riou et al. (2001) and Le Pape et al. (2003)
assessed effective nursery habitat for populations of estuarine and coastal nursery-
dependent flatfish species along the French Coasts, using the number of juveniles per
habitat type (i.e. the product of the surface area by the corresponding density value) to
determine the contribution of the different habitats to the population as a percentage of the
total number of juveniles at the population scales. For example, for the common sole in the
Bay of Biscay, Le Pape et al. (2003) showed the important role of very shallow (<5 m depth)
areas in providing nursery grounds for the population; these areas represented only one
quarter of the coastal area within the 50-m depth limit, but contributed more than 80% of the
total number of juveniles. For the plaice in the eastern English Channel (Riou et al., 2001),
the respective contributions of different coastal sectors showed the main role played by one
single productive coastal area (hosting half of the juveniles) for population supply.

Most species distribution modelling approaches are based on an estimate of the mean or
median (central tendency) species response (abundance or presence probability) to
environmental factors (Oksanen and Minchin, 2002). Such techniques are extremely useful
to represent spatial distribution, but do not properly estimate the limiting effects of the
environment on species (Cade et al., 1999). Indeed, the real response of a species to a
given limiting factor can only be quantified if all other factors occur at non-limiting levels
(Hiddink, 2005). As this situation (all other factors occur at non-limiting levels) is unlikely to
occur in the natural world, the meaningful determination of the limiting effect of environmental
variables on species response requires the use of non-standard statistical methods. In
quantile regression, any relative limit of the observed data distribution may be modelled
(Cade and Noon, 2003; Yu et al., 2003; Koenker, 2005). Predictions from upper quantiles
overestimate species abundance to illustrate the spatial distribution of the maximum
abundance in ideal environmental conditions (Vaz et al., 2008). When HS models are
developed through regression quantiles (Planque et al., 2008) or environmental envelopes
(Guisan and Zimmermann, 2000), predicted maps tend to describe potential spatial patterns
or the “potential habitat” of species, i.e. all possible areas with conditions suitable for the
presence or high abundance of a species. For instance, Eastwood et al. (2001) applied
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regression quantiles to estimate variations in spawning HS for the common sole in the
Eastern Channel and southern North Sea, using data on the distribution of sole eggs.
Eastwood et al. (2003) used the same method to assess the limits of spatial extent and
suitability of nursery grounds for the same species on the same area from coastal trawl
survey data. Vaz et al. (2008) further developed the methodology and applied it to several
species of the same marine region. In a worldwide approach, Cheung et al. (2009) used a
bioclimate envelope model to represent distributional ranges of more than one thousand
exploited marine fish and invertebrates.

HS maps showing potential habitats are less likely to underestimate species responses to
the environment (Eastwood et al., 2001) and the related value of the habitat; and therefore,
they have potential benefits for precautionary management of living resources. By using this
technique, there is more chance of achieving a good level of protection than through realized
HS models (Eastwood et al., 2003) in the case of population depletion. Indeed, when fish
populations are depleted, it becomes difficult to analyse habitat suitability with regards to
central tendency, as the distribution of the population may be reduced (Le Pape et al., 2007;
Griss et al., 2011a; Planque et al., 2011a). Applying regression quantiles to produce maps
of the upper limits of suitability is important from a conservationist perspective, but would
hardly be applied in a systematic way to ecosystems where impacts are diverse and the
protection of the whole suitable area for any species is generally not possible (Vinagre et al.,
2006). In the context of habitat conservation and sustainable fisheries management, an
approach describing and comparing potential and realized HS maps can prove very useful in
this respect.

3.2. Analysing the impact of anthropogenic pressures

HS maps have been used in different backward or forward predictive approaches to estimate
quantitatively the past or future consequences of anthropogenic pressures on fish population
renewal and related fisheries. Indeed, analysing the consequences of pressures at the level
of HS maps appears to be appropriate (Courrat et al., 2009; de Jonge et al., 2012). For
instance:

Rochette et al. (2010) developed quantitative maps of common sole nursery habitats in the
Eastern Channel by using an HS model based on bathymetry and sediment structure. Next,
they used historical maps of the highly degraded Seine estuary to build HS maps of this
estuary from 1850. This backward predictive approach showed that habitat loss in the Seine
estuary has led to a more than 40% decrease in its nursery capacity. The loss related to both
land reclamation and degradation of residual habitat quality was assessed at the Eastern
channel population scale and for the related fisheries, at nearly 17% (15-32%). On the basis
of these estimates, Cordier et al. (2011) addressed the fishery-related macroeconomic
impact of this loss and that of the possible restoration of these nursery areas.

From an HS model, Le Pape et al. (2004) emphasised the negative role of an invasive
mollusc, the slipper limpet, on juvenile sole density in the Bay of Biscay. The density of
juvenile sole was significantly lower where this invasive species was established. On these
bases, Kostecki et al. (2011) interpolated maps of (i) slipper-limpet and (ii) flatfish spatial
distributions over the past decades in a coastal Bay of the Western Coast of France, where
slipper limpet invasion is particularly high. This proliferation has led to a decrease in available
surface for four flatfish species, and this highlighted the negative influence of slipper-limpet
extension on the nursery function of this bay.

HS delineates geographic areas within which ranges of environmental factors define the

presence or high abundance of a particular species or species assemblage. In this context,
climate scenarios are of great interest to report correlations between the past or current
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geographical distribution of a species, as are some climate variables to extrapolate a future
distribution (Fig. 2). Such studies (e.g. Murrawski, 1993; Heikkinen et al., 2006; tTer
Hofstede et al., 2010) generally assume that species distributions mirror climatic limitations;
but alternatively, species may respond to shifting climate conditions by a shift in their realized
niches. As a consequence, projections of future species distributions should be produced
along with a quantification of the model“s uncertainty (Thuiller, 2004). Although modelling
strategies for predicting the potential impact of the natural system present limitations, the
bioclimate envelope approach can provide a useful first approximation of the impact of
climate change on biodiversity. Cheung et al. (2009) projected the change in distributions of
a large amount (> 1000) of marine fish and invertebrate species under climate change
scenarios up to 2055 and showed that biodiversity in the high latitude regions is likely to be
highly sensitive to climate change. On the basis of these estimates, Cheung et al. (2010)
projected changes in fisheries catch potential and showed that climate change may lead to
large-scale redistribution, with an increase in high-latitude regions and a decrease in the
tropics.

Other types of scenarios may explore the effect of fisheries spatial management on species
and community distribution (e.g. Mahevas and Pelletier, 2004) and in particular, the effect of
MPAs and fishing closure areas (e.g. Stelzenmuller et al., 2011). However, the response to
the reduction of fishing pressure could be complex, as population size may play an important
role in the spatial extent of fish, leading to either extension or contraction of the population
distribution through density-dependent processes or changes in the demographic structure of
the population (Loots et al., 2010, Loots et al., 2011). The species distribution change
resulting from diminishing disturbance and mortality may also be mediated though
interspecific relationships at the community level (Colleter et al., 2012; Mesnildrey et al.,
2013).

In their very useful contribution for a better use of scenarios, Bérjeson et al (2005) described
procedures and classified scenarios into three categories: predictive (for forecasts and what-
if scenarios), explorative (to look at several different types of outcomes) and normative (to
reach specific targets or visions). They stressed that too often, “a certain technique is chosen
without much consideration, when instead, an initial discussion should concern the types of
scenarios that are needed”. In particular, one needs to be very much aware of the difference
between interpolative scenarios (applied within the observed range of the explaining
descriptors, i.e. the model calibration range) and extrapolative scenarios (where the model is
applied outside its range of calibration and interaction), where situations may be influenced
by processes that it does not account for.

3.3. Using quantitative maps of essential fish habitats to design fisheries oriented
MPA networks

MPA networks have been recognized as an efficient spatial management tool for conserving
marine biodiversity (Leathwick et al, 2008) but also for managing fishing resources and
fisheries. Although there is a lack of scientific data on the species, the environment, and the
existing pressures on the considered ecosystem, various ways to incorporate this information
exist. HS maps are very powerful biological inputs in such processes (Elith and Leathwick,
2009; de Jonge et al., 2012). The initial approach, compiling HS maps for different species
and life stages, was to combine layers into aggregated HS indices (Rubec et al., 1999). HS
maps for all considered species and life stages may be stacked and a mean suitability index,
possibly granting different weights to different species, may be computed for each cell of the
map (Brown et al., 2000; Store and Jokimaki, 2003; Hattab et al., 2013). This initial approach
was progressively discarded as conservation planning software became available.
Henceforth, systematic conservation planning is extensively used worldwide. This target-
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driven approach helps to ensure that protected area networks achieve their goals of
conservation and persistence of biodiversity (Margules and Pressey, 2000) and/or of
sustainable spatial planning of fishing activities and other human activities with potential
influence on fishing resources. Conservation softwares are suitable tools integrating
ecological as well as socioeconomic aspects and enhance technical co-operation between
the decision makers and the scientists (de Jonge et al., 2012). Systematic conservation
planning based on HS maps (Delavenne et al., 2012; Fig. 3) involves (i) producing a list of
HS maps from the aforementioned procedure (Fig. 1) on a spatial structure dividing the
planning region into a series of planning units, (ii) assigning a cost value to each planning
unit (e.g., fishing spatial access priority mapping; Yates and Schoeman, 2013), and (iii) using
computer software to identify priority areas for conserving biodiversity and ecosystem
services (including fisheries), reducing fragmentation levels and minimizing planning unit
costs. Several types of design models, and related conservation-planning software
packages, are currently used to develop MPA networks. Marxan (Fig. 3), especially, allows
the identification of planning unit portfolios that achieve conservation targets at near-minimal
cost (Possingham et al., 2000). In contrast, Zonation aims at maximizing the conservation
benefits at a fixed cost (Moilanen et al., 2005, 2009). Other software also exists, such as
Cplan or ConsNet sofware platforms. Such systematic planning, using algorithmic tools, can
improve biodiversity, ecological function and ecosystem service (including fisheries)
representation in MPAs, while reducing the costs involved in meeting conservation targets
(Malcom et al. 2012). The use of HS maps as inputs in such MPA network design tools
allows to produce various conservation scenarios, depending on the ecosystem and
biodiversity descriptors used, but also on the cost value (which may include both surface and
boundary length considerations or the economic (e,g., fishing activities, Yates and
Schoeman, 2013) and patrimonial value of the use of any planning units). However,
uncertainty, inherent in the use of HS modelled maps for that purpose, has to be considered,
especially when HS maps are based on presence only data. Until recently, the previously
cited prioritization software was not able to deal with such uncertainty information; but new
advances are on their way to fill this gap (Carvalho et al 2011).

4. Conclusion

Fisheries and environmental managers are faced with the multiple, often conflicting,
demands of resource users when considering strategies for spatial planning and resource
management. In coastal and marine systems, it is, therefore, important to help decision
making in spatially explicit management (e.g. the establishment of fisheries-oriented MPAs or
habitat restoration), as costs and other factors limit the amount of area that can be protected
(Dahlgren et al., 2006). Related issues appear to be especially important in the context of the
growing establishment of MPAs (Mora et al., 2006) both for conserving biodiversity and
maintaining fish stocks (Leathwick et al., 2008).

The representation of the range of ecological functions and ecosystem services within
sanctuary zones is a key component of planning frameworks (Malcom et al., 2012). A better
understanding of fish habitat distribution for species of main interest for fisheries, and also for
keystone and ETP species, at different life stages should be especially useful. It will enable
scientists to fill knowledge gaps, help stakeholders to target their conservation efforts better
so as to protect marine diversity, and to allow better spatial regulatory decisions for the long-
term management of fisheries and habitat conservation (Beck et al., 2001; de Jonge et al.,
2012). Therefore, the growing availability of full coverage environmental data, i.e. continuous
maps of environmental descriptors, has made HS mapping increasingly easy to implement
and has supplied a valuable procedure for the delineation of essential and effective fish
habitats. The use of HS maps enables the integration of environmental and biological data,
so as to gain a more in-depth understanding of HS and related fish distribution (Galparaso et
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al., 2009). The identification from HS maps of both essential and effective fish habitats,
contributing significantly to fish populations, is particularly important to focus marine resource
management on areas that are most critical and that should be considered of high
importance for supporting viable populations. Indeed, in fisheries where exploited
populations are regulated by habitat sensitive processes, MPAs protecting essential and
effective habitats may be much more efficient than regulating fishing efforts and landings to
maintain fish stocks (van de Wolfshaar et al. 2011) and associated fisheries (Gruss et al.,
2011ab).
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Figures captions

Figure 1: General procedure for building fish habitat suitability maps.

Figure 2: Simulating the effect of climate and population size on species distribution: species-
habitat relationship is modelled and HS numerical models are used to simulate the studied
population distribution, based on different maps of habitat descriptors, reflecting changing
environmental and demographic situations. Here, the effect of climate change and population
size (spawning stock biomass = ssb) scenarios on plaice (Pleuronectes platessa) distribution
in the eastern English Channel.

Figure 3: Procedure for implementing conservation scenarios using conservation planning
decision-support tools. The outputs were produced using Marxan.
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1. Choose fish species (exploited, keystone, endangered) and / or life stages to map

From criteria based on ecosystem services and conservation
Needed knowledge : potential environmental factors driving fish habitat suitability
Needed data : - fish survey data (presence or density by species and/or life stages)

- exhaustive spatio-temporal description of environmental factors (maps)

2. Develop an habitat suitability model (HS)
2.1. Merge fish data and environmental factors

n1 potential environmental descriptors <~ n2 survey data

Map of 1 environmental descriptor + 1 survey data (position, date)
(static or temporal) — % 1 associated value for this descriptor

2.2. Choose, fit then evaluate and validate an HS
Presence/Density(species or life stage) = f(environmental factors)

«T Factor 1

3. Create predicted maps

Maps of , T
P Prediction with Habitat suitability map

environmental descriptors /
—_
4/ " m"de-

4. Combine habitat suitability maps as layers in a GIS for management purpose
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Input maps

Species distribution maps

Essential habitats (nurseries, spawning
ground...)

Economic datas (fisheries profitability...)
Human uses (fisheries ground, Protected
areas, windfarms..)

Conservation planning
software such as Marxan

- Conservation targets
- Aggregation rate
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Aim: To propose a protected area
network achieving conservation
targets while minimizing the
impact on the human uses.
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