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Conservation planning and management typically require accurate and spatially explicit
data at scales that are relevant for conservation objectives. In marine conservation,
these data are often combined with spatial analytical techniques to produce marine
habitat maps. While marine habitat mapping is increasingly used to inform conservation
efforts, this field is still relatively young and its methods are rapidly evolving. Because
conservation efforts do not always specify standards or guidelines for the production
of habitat maps, results can vary dramatically. As representations of real environmental
characteristics, habitat maps are highly sensitive to how they are produced. In this review
paper, I present four concepts that are known to cause variation in spatial representation
and prediction of habitats: the methodology used, the quality and scale of the data,
and the choice of variables in regards to fitness for use. I then discuss the potential
antinomy associated with the use of habitat maps in conservation: while habitat maps
have become an invaluable tool to inform and assist decision-making, maps of the
same area built using different methods and data may provide dissimilar representations,
thus providing different information and possibly leading to different decisions. Exploring
the theories and methods that have proved effective in terrestrial conservation and the
spatial sciences, and how they can be integrated in marine habitat mapping practices,
could help improve maps used to support marine conservation efforts and result in
more reliable products to inform conservation decisions. Having a strong, consistent,
transparent, repeatable, and science-based protocol for data collection and mapping
is essential for effectively supporting decision-makers in developing conservation and
management plans. The development of user-friendly tools to assist in the application of
such protocol is crucial to a widespread improvement in practices. I discuss the potential
to use interactive and collaborative Geographic Information Systems (GIS) to encourage
the conservation and management community, from data collectors and mapmakers to
decision-makers, to move toward a digital resilience and to develop such science-based
protocol. Until standards and protocols are developed, habitat maps should always be
interpreted with care, and the methods and metadata associated with their production
should always be explicitly stated.
Keywords: marine conservation, habitat mapping, data quality, scale, data selection, species distribution
modeling, GIS, management information systems
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INTRODUCTION

While the ability of maps and models to communicate
relevant information about current and predicted states of the
environment makes them ideal candidates in any attempt to
(re)connect decision-making with science, how do we know
that these spatial decision-support tools are conveying the right
information? In fact, maps and models have downsides and
their use in conservation and policy-making should be carefully
examined (Reiss et al., 2015). In this contribution I ask, “What if
the information extracted from such tools is misleading?” There
may be very few ways to find out; marine habitat maps often
suffer from a lack of scrutiny from mapmakers and end-users,
a shortcoming that is particular to marine applications. For
instance, in agricultural and peri-urban settings, landowners and
other stakeholders often verify that the maps/models reflect the
reality of the landscape, forcing the mapmaker to ensure that
the appropriate data are collected and are representative of the
environment, that the method used to produce the maps/models
is sound and adequate, and that the output is robust (Wintle
et al., 2005). In contrast, data from the marine environment
that are used in the production of maps and models are not
always easily accessible for decision-makers and stakeholders
to further investigate (Lengyel et al., 2008; Cvitanovic et al.,
2014).
The consequences of making marine conservation decisions
based on information extracted from misleading maps would
be significant: loss of trust in science, conservation plans or
management plans that do not reach their objectives, financial
costs and temporal costs, etc. My objective with this contribution
is to advocate against the uncritical use of maps and models
by discussing the high variability of these spatial decisionsupport tools and how they can become double-edge swords by
affecting conservation and management planning outcomes. I
first briefly review the use of habitat mapping in conservation and
management, and highlight the misconnection between habitat
mapping practices and concepts from the spatial sciences. In each
of the following sub-sections, I then present and discuss one of
four vectors of map variability that must be carefully taken into
account when making or using maps: the methodology used to
produce the map, the quality of the data that are used, scale,
and data selection in a context of fitness for use. I then discuss
how the concept of digital resilience recently introduced by
Wright (2016) can be applied to a context of marine conservation
and management through the use of Geographic Information
Systems (GIS) for more informed, robust and science-based
decision-making. To support my argument and propose ways
to move forward, I explore the theories and methods that have
proved effective in terrestrial conservation and spatial sciences,
and how they can be integrated in marine habitat mapping
practices to improve maps and models as spatial decision-support
tools for conservation and management. For the remainder of
this paper, I use the term “habitat maps” to encompass all types of
static maps and models that represent some characteristic of the
marine environment. Following the definitions by Brown et al.
(2011), those include abiotic maps used to characterize distinct
physical potential habitats, and single species and community
habitat maps (including but not limited to species distribution
models).

In the past 25 years, the impacts of anthropogenic pressure on
marine environments (e.g., Fraschetti et al., 2010) and a growing
awareness of the significance of these ecosystems (Borja, 2014)
have steered many nations toward increasing efforts to better
manage and protect marine resources (Leslie, 2005; Laffoley
et al., 2016; Wells et al., 2016). However, these efforts have
not always been effective as they are sometimes based on
incomplete or inappropriate data for the targeted environments
(Broderick, 2015; Orlikowska et al., 2016), and can also be
manipulated by political processes that may induce bias (Edgar
et al., 2008; Devillers et al., 2014). It has been argued that
marine protected areas impacted by such bias have low value
for biodiversity conservation despite the high costs associated
with the conservation efforts (Edgar et al., 2008). In spite of a
wide recognition of the importance for conservation policy to be
based on scientific evidence (Gjerde and Rulska-Domino, 2012;
Adams and Sandbrook, 2013; Rose, 2015; Walsh et al., 2015),
it has been suggested that the use of science in conservation
and policy decision-making has declined (Parsons et al., 2015;
Borja et al., 2016; McConney et al., 2016). This paradox may
result, in part, from a lack of effective communication between
scientists and policy/decision makers (Holmes and Clark, 2008;
Grorud-Colvert et al., 2010; Duarte, 2014; Broderick, 2015).
Maps hold great potential for attempting to (re)connect
decision-making with science; maps are known to be an
effective means of communication, particularly when they
can be understood by a variety of audiences (Wright, 2016).
Maps are often required to assess and monitor marine
environments (see Table 1). In turn, such assessments can be
used to inform and assist conservation scientists, planners,
and other decision-makers, for instance in the implementation
of scientific management (Buhl-Mortensen et al., 2015), the
monitoring of environmental change (McCarthy and Halls,
2014), the assessment of impacts of anthropogenic disturbance
on ecosystems (Rolet et al., 2015), and the identification of
marine protected areas (Le Pape et al., 2014). Maps representing
the actual or predicted spatial distribution of organisms and
ecological features are currently among the best available spatial
decision-support tools (Guisan et al., 2013; Levin et al., 2014).
They have become key for data integration and synthesis to
inform decision-making in a variety of contexts (Costello, 2014);
in a meta-analysis of marine conservation planning approaches,
Leslie (2005) identified that 24 of the 27 cases examined used
maps to make decisions.

TABLE 1 | Examples with references of elements that are often mapped or
modeled to assess and monitor the marine environment.
Species and habitat distributions

García-Alegre et al., 2014; Davies et al., 2015

Biodiversity hotspots

Bedulli et al., 2002; Allen, 2008

Ecosystem services

Galparsoro et al., 2014; Outeiro et al., 2015

Uses of marine resources

Buhl-Mortensen et al., 2015; Hossain et al.,
2016

Threats to biodiversity

Andersen et al., 2004; Harris, 2012
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HABITAT MAPPING AND SPATIAL
SCIENCES FOR CONSERVATION AND
MANAGEMENT

for the GeoHab Atlas of Seafloor Geomorphic Features and
Benthic Habitats (Harris and Baker, 2012b), in which about
64% of the case studies were performed for conservation or
management purposes (e.g., baseline mapping for management,
fisheries resources management, marine protected areas design).
They also identified conservation groups and governments and
industries that manage marine resources as the main users and
clients of habitat mapping.
Since marine habitats are broadly defined as distinct areas
characterized by a combination of specific chemical, physical
and/or biological characteristics (Lecours et al., 2015), their study
is by definition a multidisciplinary endeavor. By its spatial and
data-driven natures, marine habitat mapping strongly relies on
spatial sciences (Cogan et al., 2009). Through the development of
geospatial technologies and methods (e.g., GIS, remote sensing,
spatial analysis), spatial sciences have become very accessible to a
wide range of scientists involved in marine habitat mapping (e.g.,
biologists, ecologists, geologists, oceanographers) (e.g., Valavanis
et al., 2008; Reshitnyk et al., 2014). The near ubiquitous use of
these technologies and methods in the habitat mapping workflow
makes its practices directly influenced by spatial concepts such
as spatial scale, spatial autocorrelation, and spatial heterogeneity
(Lecours et al., 2015). However, the scientists from different
disciplines framing the questions related to the study of marine
habitats, and the managers and decision-makers applying the
answers are frequently not trained in the theories behind the
many tools and techniques that migrate from the spatial sciences
to habitat mapping. While spatial scientists have been studying
some of these concepts—some of which are addressed in this

As illustrated in Figure 1, the interest in marine habitat mapping
has grown continuously since the early 1990s (Smith and
McConnaughey, 2016). Developments in sampling technologies
such as multibeam echosounders often directly translated into
advances in the field of habitat mapping (Harris and Baker,
2012a). In addition, the realization of the extent of anthropogenic
impacts on marine environments (e.g., Matthaüs, 1995), which
has resulted in increased efforts by many nations to manage
and protect marine resources (e.g., the United States MagnusonStevens Fishery Conservation and Management Act), has also
boosted the need for accurate and spatially explicit data for
baseline mapping, management, and conservation.
Scientists and decision-makers involved in conservation and
management also grew an interest for marine habitat mapping
(e.g., Ross and Howell, 2013; Selgrath et al., 2016): while habitat
maps can serve many purposes, statistics show that habitat
mapping studies are most often directly or indirectly set in
a context of conservation or management (Figure 1), and the
meta-analysis showed that 16 review articles were written on the
use of marine habitat mapping for conservation and management
between 2003 and 2016. The proportion of habitat mapping
studies set in a context of conservation or management is higher
in the marine environment (about 67%) than in other types
of environments (about 58%) (Figure 1). These numbers are
in line with observations made by Harris and Baker (2012a)

FIGURE 1 | Cumulative number of publications (articles or reviews) listed in the Scopus database mentioning specific keywords (see legend) in their title, abstract, or
keywords, in July 2017.
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encourage the production of habitat maps that take into account
the relevant spatial concepts to increase robustness and validity of
habitat distribution and predictions. The remainder of this paper
attempts to do so by reviewing four concepts from spatial sciences
that may cause issues when not properly considered in marine
habitat mapping for conservation and management.

paper—for a long time (Table 2), the understanding of their
role and their integration in the habitat mapping workflow
have received scant attention in the past. For example, of the
460 marine habitat mapping studies from Figure 1, very few of
them had the terms “data quality” (0.7%), “spatial scale” (7.4%),
or “temporal scale” (1.3%) in their title, abstract, or keywords.
This problem is rooted in a disconnection between marine
habitat mapping practioners and the sciences (e.g., geography,
geomatics) that provide the spatial concepts that partly support
habitat mapping practices. The fast pace at which tools and
techniques are developing may commonly prevent scientists not
directly involved in spatial sciences from remaining apprised of
new developments in these fields. In addition, the development
of easily accessible GIS tools bring hidden dangers by facilitating
non-critical use by end-users who may have limited appreciation
of spatial concepts (Lecours et al., 2016b). Because the tools are
made to be intuitive, they often do not require end-users to
fully understand the characteristics of the underlying processes
and parameters implemented in the tools, and of the spatial
data that form the basis for analysis. The scientific concepts and
foundations are thus often hidden behind increasingly “blackbox,” user-friendly tools. The combination of these factors leads
to the danger of inappropriate use of geospatial data and tools
and the lack of appropriate consideration of important spatial
concepts, from which misinformed and potentially erroneous
interpretations or inferences could be made in contexts like
conservation and management. There is a need to reunite the
marine habitat mapping and spatial sciences communities to

WARNING: VECTORS OF MAP
VARIABILITY
This section discusses four vectors of map variability that need
to be considered when producing habitat maps: methodology,
data quality, scale, and data selection. As highlighted in Table 2,
each of these topics have been previously reviewed or discussed
in length in different contexts, including the spatial sciences and
both terrestrial and marine habitat mapping. However, these
reviews and discussions were often not directly set in a marine
conservation and management context. In order to prevent
repetition with published work, this section solely focuses
on the impacts of these issues on marine conservation and
management (as opposed to focusing on the issues themselves).
More information on these four issues can be found in the
literature listed in Table 2.

Methodology
One of the first elements that requires a critical decision is
the methodology that is used to create a map or model. This

TABLE 2 | Examples of publications that discuss issues associated with methods selection, data quality, scale, and data selection, with their context.
Spatial sciences

Terrestrial/general habitat
mapping

Marine habitat mapping

Methods

Thomas et al., 2003
Lu et al., 2004
Ma et al., 2017
Maulik and Chakraborty, 2017

Guisan and Thuiller, 2005
Elith and Leathwick, 2009
Franklin, 2010
Li and Wang, 2013
Morris et al., 2016
Ashraf et al., 2017
de Rivera and López-Quílez, 2017

Bierman et al., 2011
Diesing et al., 2014
Finkl and Makowski, 2015
Piechaud et al., 2015

Data quality

Van Oort and Bregt, 2005
Devillers and Goodchild, 2010
Li et al., 2012

Robertson et al., 2010
Lechner et al., 2012
Rocchini et al., 2011
Gallo and Goodchild, 2012
Moudrý and Šímová, 2012

Cros et al., 2014
Lecours et al., 2017a

Scale

Woodcock, 1987
Quattrochi and Goodchild, 1997
Marceau and Hay, 1999
Duncan et al., 2002
Goodchild, 2011
Zhang et al., 2014

Wiens, 1989
Borcard et al., 2004
Rahbek, 2005
Seo et al., 2009
Austin and Van Niel, 2011
Moudrý and Šímová, 2012
Bradter et al., 2013

Wilson et al., 2007
Anderson et al., 2008
Brown et al., 2011
Harris and Baker, 2012b
Rengstorf et al., 2012
Lecours et al., 2015

Data selection

Bellier et al., 2007
Lecours et al., 2017b

Araújo and Guisan, 2006
Blanchet et al., 2008
Murtaugh, 2009
Austin and Van Niel, 2011
Synes and Osborne, 2011

Lecours et al., 2016b
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can be approached from two perspectives: the data collection
methods and the map production methods. Developments in
data collection techniques in the last few decades have increased
the types, amount and quality of data that can be collected
for marine environmental characterization, particularly in terms
of remotely sensed data (Brown et al., 2011; Kachelriess et al.,
2014; Lecours et al., 2016b). Despite all the benefits associated
with new data collection tools, Wells et al. (2016) have warned
against an over-dependence on technology, which can create a
false feeling of trust in the data (see Section Data Quality) to
the detriment of collecting appropriate ground-truthing data to
verify the maps. Ground-truthing should always be performed,
whether it is to train a model, to validate a final map, or to give an
ecological interpretation to patterns in the data. Data collection
methods and sampling patterns have to be carefully selected
as they define key elements, such as the type of information
collected and the observational scale of the data (Bradshaw
and Fortin, 2000; Lecours et al., 2015), in addition to logistical
elements like cost and surveying time. Even before any maps are
made, these elements directly impact the information provided
to decision-makers regarding the surveyed environment (Pinn
and Robertson, 2003). Data collection methods and sampling
patterns also need to align with the goals and needs of the
mapping exercise, or, in other words, the intended use of the map.
In terms of the map production approach, it has been
shown in many studies that given the same context and data,
using different mapping and modeling techniques produces
different outcomes (e.g., Keil and Hawkins, 2009; Marmion
et al., 2009; Murtaugh, 2009), which can inform conservation

and management differently (Jones-Farrand et al., 2011). While
the type of approach is selected based on the objectives of the
maps and the available data (Brown et al., 2012), the specific
method is open to subjectivity from mapmakers or modelers. For
instance, when performing unsupervised (i.e., self-classifying,
without training data) classifications on a set of data, it is unclear
whether algorithms of the “ISO cluster” family perform better
or worse than algorithms from the “K-means” family, and this
would presumably depend on the phenomenon being mapped.
While Table 3 gives examples of methods that have been applied
in marine habitat mapping studies, Figure 2 shows that even
when two algorithms are from the same family, they can still
introduce differences in mapping outcomes. In this figure, the
reference map was computed using the “k-Means” unsupervised
classification algorithm from WhiteBox GAT (v.3.4 “Montreal”),
and the altered map was produced with the “Modified k-Means”
algorithm from the same software. While the two algorithms are
very similar, they classified 4.1% of the entire area differently.
Algorithms that are not from the same family produce much
more discrepancies in habitat distributions.
The literature comparing different methods is much more
extensive for species distribution modeling, likely because of
the constant development of new methods (e.g., Elith et al.,
2006; Phillips et al., 2006; Crase et al., 2012). However, the
problem is not a lack of methods, but rather a question of
which method produces the most appropriate results for an
intended use (Elith and Graham, 2009; Jones-Farrand et al.,
2011). Unfortunately, no consensus has ever been reached on
which modeling techniques are best, and it has been recognized

TABLE 3 | Examples of classification methods used in marine habitat mapping and species distribution modeling, with examples.
Methods

Supervised/Unsupervised

Examples

Boosted regression trees

Supervised

Costa et al., 2014; Hewitt et al., 2015

Classification rule with unbiased interaction selection and estimation

Supervised

Ierodiaconou et al., 2011

Discriminant function analysis

Supervised

Degraer et al., 2008

Ecological niche factor analysis

Supervised

Tong et al., 2012; Sánchez-Carnero et al., 2016

Fuzzy k-means

Unsupervised

Falace et al., 2015

Generalized additive model

Supervised

Schmiing et al., 2013; Touria et al., 2015

Generalized linear model

Supervised

Lauria et al., 2011

ISO cluster

Both

Calvert et al., 2015

Iterative self-organizing data analysis technique (ISODATA)

Unsupervised

Mishra et al., 2006; Lauer and Aswani, 2008

k-means

Unsupervised

Hoang et al., 2016

Mahalanobis distance

Supervised

Hoang et al., 2016

Maximum entropy

Supervised

Brown et al., 2012; Piechaud et al., 2015; Poulos et al., 2016

Maximum likelihood

Supervised

Ierodiaconou et al., 2011; Hasan et al., 2012; Calvert et al., 2015

Minimum distance

Supervised

Hoang et al., 2016

Modified k-means

Unsupervised

Lecours et al., 2016a, 2017a

Multivariate adaptive regression splines (MARS)

Supervised

Bučas et al., 2013

Nearest neighbor

Both

Lucieer, 2008; Lucieer et al., 2013

Neural network

Supervised

Ojeda et al., 2004; Marsh and Brown, 2009

Parallelepiped

Supervised

Hoang et al., 2016

Quick, unbiased, efficient tree

Supervised

Ierodiaconou et al., 2011; Hasan et al., 2012

Random forest

Both

Hasan et al., 2012; Diesing et al., 2014; Piechaud et al., 2015

Support vector machine

Supervised

Hasan et al., 2012
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FIGURE 2 | Example of how different methods can produce different outcomes. The input data were bathymetric data, backscatter data, and topographic data (i.e.,
slope, easterness, northerness, and relative deviation from mean value) (see Lecours et al., 2016b). The area shown is a 13.4 km by 12 km subset of the German
Bank study area presented in Brown et al. (2012) and Lecours et al. (2016b).

that little guidance is provided to users (Elith and Graham,
2009; Jones-Farrand et al., 2011). The reality is that no approach
is universally applicable (Hamil et al., 2016). However, map
producers should be able to explain why a particular method
was selected and how that method helps achieve the objectives of
the process. Model comparisons studies showing how different
techniques produce different outcomes should be limited until
they start addressing why techniques perform differently (Elith
and Graham, 2009): a better understanding of the mechanics of
the modeling techniques will enable the proposition of guidelines
to help map producers make a more informed choice of methods.
From a conservation and management perspective, the lack
of guidance in method selection has been criticized based on its
importance in the planning process (Jones-Farrand et al., 2011).
Differences in sampling methodologies make planning difficult
(Griffiths et al., 1999) and prevent transparency, comparability
and repeatability. Critiques on the lack of standardization of
methods for robust decision-making have been made for many
years in both terrestrial and marine conservation (e.g., Laffoley
and Hiscock, 1993; Griffiths et al., 1999; Cork et al., 2000). While
those early critiques may have contributed to encouraging many
countries to standardize mapping and decision-making processes
(Guarinello et al., 2010; e.g., Buhl-Mortensen et al., 2015),
judgment calls are still being made (Lengyel et al., 2008; Levin
et al., 2014); the inconsistency in the use of different methods
is still considered a challenge for decision-making and the
development of robust conservation and management measures
(Crossman et al., 2012; Gjerde et al., 2016). The most important
outcome of standardization is arguably the comparability of the
resulting maps (Howell, 2010; Davies et al., 2015) which enables,
for instance, the systematic identification of priority conservation
targets based on common criteria (Laffoley and Hiscock, 1993;
Edgar et al., 2008), comparisons across geographic areas (Borja
et al., 2014), and multi-temporal assessments as verification
process to ensure that conservation objectives are reached (Bisack
and Magnusson, 2016; Wells et al., 2016).
Standardization of protocols from data collection to
decision-making can minimize political bias and ensure that
conservation decisions are objective, data-driven and grounded
in sound science (Edgar et al., 2008). The main challenge for
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standardization is the scale of management (see Section Scale):
while many individual countries are developing their own
protocols (Guarinello et al., 2010), calls are being made for
common frameworks for instance across the European Union
(Lengyel et al., 2008; Levin et al., 2014; Howell et al., 2016) and
at the international level for areas beyond national jurisdiction
or for the protection of migratory species (Di Sciara et al., 2016;
Gjerde et al., 2016; Wenzel et al., 2016). To save time, costs
and efforts, each level of protocol should be in line with the
others, which is quite challenging considering that no solution
is universally applicable at all scales and in all contexts (but see
Section Toward a Digital Resilience in Marine Conservation and
Management).

Data Quality
Another element that can significantly affect the outcomes of
mapping and modeling processes is data quality. Data quality
encompasses concepts of accuracy, precision, and uncertainty,
and can be of different types including spatial, thematic, and
temporal. The different components of data quality have been
reviewed in a number of publications (e.g., Jager and King, 2004;
Barry and Elith, 2006; Devillers et al., 2010; Moudrý and Šímová,
2012; Levin et al., 2014), and I thus focus here on their impacts
on habitat maps in a conservation context.
When integrated into a modeling exercise, each dataset carries
its own uncertainty and errors (Heuvelink, 1998). For instance,
species distribution data can be uncertain and associated with
positional and thematic accuracy (Edgar et al., 2008; Moudrý
and Šímová, 2012), while bathymetric data can also be associated
with uncertainty (Lecours and Devillers, 2015) and affected by
different kinds of artifacts (Hughes-Clarke, 2003; Yang et al.,
2007). Principles of error and uncertainty propagation make
errors and uncertainty likely to impact any subsequent analyses,
including mapping and modeling (Arbia et al., 1998; Heuvelink,
1998). The algorithms and modeling techniques themselves,
through their structure and parameters, can also introduce
uncertainty in the final outputs (Heuvelink, 1998). While the
concepts associated with error and uncertainty propagation have
been studied in the geospatial literature (Fisher and Tate, 2006;
Wilson, 2012), the attempts to raise end-users’ awareness in fields
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like ecology and environmental modeling have failed (Brown and
Heuvelink, 2007; Devillers et al., 2010). With a few exceptions
from the terrestrial literature (e.g., van Niel and Austin, 2007;
Livne and Svoray, 2011), and despite repeated calls for the
appropriate consideration of error and uncertainty propagation
in environmental modeling and mapping (Rocchini et al., 2011;
Beale and Lennon, 2012; Lechner et al., 2012), these concepts
have yet to be better implemented, especially in a marine context
(Lecours et al., 2015).
It has been argued that there is a general lack of concern about
data quality from both mapmakers and end-users (Devillers
et al., 2010), to the point where data quality issues are ignored
and tolerated by conservation planners as an inherent part of
data (Tulloch et al., 2016). Tulloch et al. (2016) found out
that conservation planners prefer simplicity of maps to their
accuracy, which is understandable to a certain point because
it is easier to make policy from a simple map than from a
complex one, or one with contingencies (Borja, 2014). However,
errors and uncertainty can result in inaccurate representation
of the environments, and thus inaccurate maps (Wintle et al.,
2005, Figure 3). While looking at the impact of artifacts in
bathymetric data on the habitat mapping workflow, Lecours
et al. (2017a) found that poor data quality affects the outcome
of the mapping process, although in an often unpredictable
way: the presence of artifacts can sometimes artificially increase
the measured map accuracy and model predictive power while
in other cases it can decrease them. A lack of awareness and
understanding of the concepts associated with data quality can
in turn lead to misinformed conservation and management
decisions (Rondinini et al., 2006; Beale and Lennon, 2012;
Katsanevakis et al., 2012) with dire results for biodiversity
(Regan et al., 2005). For instance, it can become an issue when
prioritizing conservation decisions (Tulloch et al., 2016): if one
area is identified as being a slightly more important target for
conservation than another, but the first is associated with a higher
level of uncertainty, which one should be prioritized?
Some methods exist to estimate the quality of resulting
maps. For example, when using unsupervised classifications of
environmental data to identify distinct habitats, the classification
accuracy can be evaluated using confusion matrices (e.g., Brown

et al., 2012; Lecours et al., 2016a). Confusion matrices identify
commission and omission errors, or the level of agreement and
disagreement between the classification results and ground-truth
data. Commission errors occur when a species or habitat is
mistakenly identified as present while omissions errors occur
when they are mistakenly identified as being absent. Rondinini
et al. (2006) identified the implications for conservation of these
two types of errors: commission errors may lead to areas being
identified as relevant for conservation when they are not, while
omission errors may miss the identification of relevant areas
for conservation, thus underestimating the needs for protection.
Consequently, these errors affect the adequacy and efficiency of
conservation, and the representativeness and comprehensiveness
of the areas that should be targeted or prioritized (Rondinini
et al., 2006).
Modeling error and uncertainty propagation through an
entire workflow is challenging because it is unclear how the
quality of each individual dataset influences the processing and
adds to the uncertainty of the modeling technique. In addition,
it is not fully understood how the combination of individual
components of data quality (e.g., positional accuracy, thematic
accuracy) can be translated into one overall measure of quality.
Perhaps it cannot, but different approaches exist in other fields
to combine multiple metrics (e.g., Borja et al., 2014) that could
likely be adapted to combine different components of data
quality. One of the current problems is transparency: it has
been argued that readily available data could affect the accuracy
of conservation planning outcomes (Rondinini et al., 2006) by
introducing uncertainty and subjectivity in the process (Larsen
and Rahbek, 2003). However, subjectivity would be removed
if complete metadata including quality information would be
associated with each dataset, enabling a robust data quality
assessment. Rocchini et al. (2011) and Diesing et al. (2016),
among other authors, have highlighted the need for maps of
ignorance, i.e., maps that spatially display uncertainty and errors
associated with the primary maps and can assist decision-makers
in assessing the reliability of predictions. While some tools have
been provided to assess individual components of data quality
[e.g., Combined Uncertainty Bathymetric Estimator (Calder and
Mayer, 2003); Data Uncertainty Engine (Brown and Heuvelink,

FIGURE 3 | Example of how using data of different quality can produce different outcomes. The reference map is the same as in Figure 2. The altered map used
bathymetric data impacted by artifacts caused by a 0.25 s mis-synchronization in the surveying system (see Lecours et al., 2017a). The presence of artifacts made the
classification vary of 2.1%. Motion artifacts, which are often present in bathymetric data, can cause much more impacts in mapping outcomes than time artifacts.
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measuring the same phenomenon with data at different scales
produces different patterns (Keil and Hawkins, 2009; Ross
et al., 2015) which provides different information to decisionmakers. For instance, Figure 4 shows that by generating the
bathymetric and backscatter surfaces at 25 and 100 m spatial
resolution instead of 10 m resolution, the representations of
the distribution of habitats vary by 13.2% (482 km2 ) and
31.3% (1,144 km2 ) respectively. While generating sets of species
distribution models using the same data but at different spatial
resolutions, Seo et al. (2009) found that both the accuracy of the
models and the spatial distribution of predictions varied with
changing scale.
Ecological patterns and processes occur at multiple scales
(Buhl-Mortensen et al., 2015) and by often focusing on single
scales current habitat mapping practices regularly fail to capture
multiscale environmental drivers (Eidens et al., 2015; Lecours
et al., 2015). The situation becomes more complex when
the maps are used for conservation and management as the
scale of management has to match the ecological scales in
order to be effective. While many authors have recommended
shifting habitat mapping practices toward multiscale analyses,
Battista et al. (2017) suggested also moving toward multiscale
conservation and management planning that involves selfreplication across scales. If implemented properly, this would
solve a constant dilemma in conservation regarding the choice
between protection of large comprehensive areas or networks
of smaller areas (Di Sciara et al., 2016). However, cross-scale
interactions in social-ecological systems and exercises—like in
conservation and management—are complex and identified as
a key challenge (see Cash et al., 2006). While issues of scale
are well-known across sciences, it is unclear how different
stakeholders with different backgrounds perceive and interpret
the concept of scales (Apostolopoulou and Paloniemi, 2012).
This is more acute in conservation and management that is
the product of transdisciplinary collaboration and that requires
the appropriate matching of methodological (observational and
analytical), ecological, social (i.e., the scale at which people
or industry use the resources) and management scales (Edgar
et al., 2008; Levin et al., 2014). Mismatches between the
natural and social scales have been identified as causes for
failures in conservation and management (Crowder et al.,
2006; Cumming et al., 2006). Much work remains to fully
understand the underpinnings of attempting to match the
many different types of scale to produce sound science,
better inform decisions, and answer the needs of the different
stakeholders. As stated by Apostolopoulou and Paloniemi (2012),
“biodiversity conservation is an illuminating case for exploring
scale challenges, given that biodiversity is by definition a
multiscale phenomenon, and conservation expansion has at its
core several emerging multiscalar challenges.”
The incorporation of scientific knowledge regarding
ecological scale into conservation planning has been identified
as one of the most urgent scale challenge (e.g., Apostolopoulou
and Paloniemi, 2012). However, like for data quality, the lack
of translation between theory and practice is problematic; while
there are methods to properly account for scale in ecological
mapping and modeling (e.g., Detto and Muller-Landau, 2013;

2007)], there is a need for a user-friendly tool that enables the
combined quantification of errors and uncertainty at the end of
an analysis workflow. In addition, an analysis of data quality of
each dataset at the beginning of the mapping workflow would
facilitate decisions regarding the validity of data integration in
the exercise. Research in geovisualization and cognition also
needs to be done to develop a geovisualization tool that would
enable a clear spatial representation of uncertainty and errors
associated with habitat maps and models. Such a tool would have
to be suitable for decision-makers without generating negative
perceptions of uncertainty and errors in the end-users: issues of
data quality are known to be a sensitive topic in management
as a lack of understanding of these issues can lead managers to
disqualify science on the sole basis that uncertainty and errors
were identified or acknowledged.
Awareness of data quality issues in conservation and
management must be improved, and many actions can be taken
to move toward resolving this issue. First, there should be a
focus on increasing awareness in the end-users community and
increasing the connection between data producers, mapmakers
and end-users (Cork et al., 2000; Devillers et al., 2010).
In addition, sources of errors and uncertainty and known
limitations of data and methods should be acknowledged and this
information should be associated with maps and models. Relating
to methods (as discussed in Section Methodology), JonesFarrand et al. (2011) warned against the use of only one habitat
model, indicating how risky it can be for conservation planning.
They advocate for the comparisons of outputs from different
models (e.g., Figure 2) to enable the identification of areas with
stronger potential for conservation and those associated with
more uncertainty, thus holding more risks for conservation. As
they explain, combining multiple maps can reduce uncertainty,
increase efficacy of conservation when maps agree with each
other, and increase understanding of the data and process when
maps do not agree with each other. Ensemble techniques are
promising methods to implement these solutions (Diesing and
Stephens, 2015; Robert et al., 2016). In all cases, mapmakers
should explicitly report commission and omission errors and
their meaning when relevant (Rondinini et al., 2006; Borja, 2014),
and in modeling processes probabilistic outputs accounting for
model uncertainty should be provided (Tulloch et al., 2013).
Finally, all of this information should be incorporated into
the decision-making processes (Moilanen et al., 2006; Tulloch
et al., 2016): Levin et al. (2014) argued that the lack of data
quality information is among the most significant impediments
to adequate conservation efforts.

Scale
The issues associated with thematic, spatial, and temporal
scales have been widely discussed in the ecological (e.g., Levin,
1992; Schneider, 2001; Hobbs, 2003) and geospatial literatures
(e.g., Stone, 1972; Atkinson and Tate, 2000; Goodchild, 2011),
including a recent review by Lecours et al. (2015) on scale
in marine habitat mapping. Here, I focus on how scale
impacts mapping outcomes, and the implications of scale for
decision-making. Planning processes and outcomes are directly
affected by scale (Rondinini et al., 2006; Wolff et al., 2016):
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Matteo Sánchez et al., 2014), practical solutions are often
not implemented in user-friendly, easily accessible software
(Hamil et al., 2016). Until such tools become available, scale
information should always be explicitly stated in the metadata
and conservation and management plans to effectively support
decision-makers (Wolff et al., 2016).

rather than ecological meaning and fitness-for-use (Peterson
et al., 2011; Tulloch et al., 2016; Lecours et al., 2017a). It is
evident that selecting different variables, for instance broad-scale
currents instead of fine-scale substrate types, is likely to produce
different maps and influence models differently. However, it
has been shown that significant variations occur even when
selecting different variables that describe the same environmental
characteristics. Figure 5 provides an example in which significant
changes in habitat distribution were observed by simply replacing
one of eight variables by another one that was highly spatially
correlated with it (r = 0.96). Based on that correlation, it
would be intuitive to not be expecting much change in mapping
outputs. However, 15.5% (566 km2 ) of the study area was
mapped differently. When more than one variable is replaced, the
changes can be more significant, with changes in habitats’ spatial

Data Selection and Fitness for Use
Finally, in addition to data scale and quality, data selection
itself requires critical evaluation when being integrated into
the habitat mapping workflow for use in conservation and
management. While this may seem obvious, data content is a
matter that needs to be carefully approached: it has been reported
that data for marine characterization are not always carefully
selected, with data being selected primarily based on availability

FIGURE 4 | Example of how using the same data at different scales can produce different outcomes. The reference map is the same as in Figure 2. The two altered
maps were computed using the same methods and the same data but generated at 25 m (top) and 100 m (down) spatial resolution.

FIGURE 5 | Example of how replacing only one variable as input to the mapping process can produce different outcomes. The reference map is the same as in
Figure 2. The altered map was produced with all the same data layers, except that the slope data was replaced by rugosity data. The slope and rugosity layers are
highly spatially correlated in this study area (r = 0.96).

Frontiers in Marine Science | www.frontiersin.org

9

September 2017 | Volume 4 | Article 288

Lecours

Using Maps? Proceed with Caution

an issue also highlighted in the terrestrial literature (Ries et al.,
2004). However, habitat edges are ecologically important and
their study has potential for improving understanding of spatial
patterning in ecosystems and therefore can inform conservation
and management (Ries et al., 2004). Some classification methods
emerging from concepts of fuzzy logic hold great promises in
improving representation of habitat edges and should be further
explored (Kobryn et al., 2013; Lecours et al., 2015).

distributions that can reach as much as thousands of square
kilometers (Lecours et al., 2016a). One of the main solutions that
has been discussed widely in the ecological literature is to select
variables with an ecological meaning for the studied area, species
or habitat (Howell, 2010; Borja et al., 2014; Lecours et al., 2015,
2016a). However, this makes comparability of maps in a broader
context difficult; as previously discussed, there is no universal
approach and variable selection is site- and case-specific (Pitcher
et al., 2012).
Selecting which variables to use amongst those for which
data are available is different than selecting which variables
should be used: easily accessible datasets often cause an oversimplification of habitat maps by encouraging the lack of
consideration of important variables. The marine environment
is a complex, multidimensional environment, and mapping
exercises often do not include a comprehensive set of pertinent
data such as physical, geological, biological, and anthropogenic
characteristics (Guarinello et al., 2010; Boyd and Brown,
2015). Even more challenging is the integration of appropriate
ecological phenomena and interactions that limits our ability
to use this crucial information in decision-making, whether
it is the synergistic and antagonistic effects of drivers on
species distributions (Boyd and Brown, 2015), habitat edges and
transitions (Pinn and Robertson, 2003; Ries et al., 2004), or
the addition of temporal variability and the third dimension
(i.e., depth of phenomenon rather than depth of the seafloor,
see Duffy and Chown, 2017). It is time to recognize that
in order to improve the representation of marine habitats,
establishing or predicting their spatial extent and distribution
may not be enough (Spalding et al., 2016). When characterizing
the environment for conservation and management, we need
to recognize the importance of elements such as life history
(Kindsvater et al., 2016), prey-predator dynamics (Chakraborty
et al., 2013), community ecology (Pitcher et al., 2012), population
biology (Sherman et al., 2016), structure and dynamics (Borja
et al., 2014), connectivity (Hilário et al., 2015), dispersal (Beier
et al., 2011), sensitivity to changes (Borja et al., 2014), and
ecosystem services (Spalding et al., 2016).
While I recognize that many of these elements do not
necessarily lend themselves well to static cartographic
representation, we need to work with cartographers and
other spatial scientists toward finding a solution to do so. To
better understand how we can achieve such complex integration
of variables, more research and data are needed (Broderick, 2015;
Buhl-Mortensen et al., 2015; Hilário et al., 2015), in addition to
cross-disciplinary collaborations that will improve the quantity
and quality of information available for decision-making (Lent,
2015; Bisack and Magnusson, 2016). A promising endeavor
in that vein is the Ecological Marine Units (EMUs) project
(Sayre et al., 2017), which offers a baseline three-dimensional
global map of marine ecosystems. Finally, habitat mapping
methods that give a more accurate representation of the marine
environment should be explored. For instance, changes in habitat
types are often more characterized by gradual changes driven by
environmental gradients than by hard demarcation lines; many
traditional habitat mapping methods do not capture the presence
of these mixed, transitional habitats (Pinn and Robertson, 2003),
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TOWARD A DIGITAL RESILIENCE IN
MARINE CONSERVATION AND
MANAGEMENT
So far, this paper has highlighted impediments to a valid,
appropriate use of marine habitat maps in the context of marine
conservation and management. Methods and data selection,
scale, and data quality significantly influence the mapping
process, its outcomes, and consequently the decisions that are
being supported by the maps. In this section, I discuss the
potential to use interactive and collaborative GIS to encourage
the conservation and management community, from data
collectors and mapmakers to decision-makers, to move toward
a digital resilience. Digital resilience involves data and tools
that are “freely accessible, interchangeable, operational, of high
quality, and up-to-date” (Wright, 2016). In a context of human
adaptation to change, Wright (2016) discussed how innovations
in information technologies and analyses assist in decisionmaking and help people become more resilient. The author
made three recommendations that I believe can be transferred
to the context of habitat mapping for marine conservation and
management and can help move toward resolving some of the
issues identified in this paper. The recommendations are to
“ (1) create and implement a culture that consistently shares
not only data, but workflows and use cases with the data,
particularly within maps and geographic information systems
or GIS; (2) use maps and other visuals to tell compelling
stories that many different kinds of audiences will understand
and remember; and (3) be more open to different kinds
of partnerships to reduce project costs, yield better results,
and foster public awareness and behavioral change.” In this
section, I propose GIS environments as a supporting tool for
the implementation of these recommendations in a habitat
mapping context.

Interactive GIS Framework to Improve
Critical Use of Maps in Marine Sciences
Many of the components of marine habitat mapping that I
have problematized and discussed in this paper could be better
integrated in the habitat mapping workflow, and thus help to
ground decision-making in sound science, if the maps and
data were interactive and embedded in a GIS environment
(Levin et al., 2014). In the last 25 years, innovations related to
GIS have contributed considerably to developments in marine
habitat mapping (Wright and Heyman, 2008; Brown et al., 2011).
Within a GIS environment, spatial analytical techniques can be
combined with environmental data and in situ observations to
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enable accurate quantification and representation of habitats,
providing a framework for mapping the distribution of species
and interpreting spatial patterns in biodiversity (Brown et al.,
2011; Lecours et al., 2015). In addition, existing GIS tools
provide options for the implementation of many habitat mapping
approaches, including tools based on concepts of fuzzy logic or
landscape ecology theory. In terms of science communication,
GIS environments facilitate the visualization of maps and data,
and queries on those maps and data and their associated
metadata. While most conservation and management decisionmaking exercises are currently assisted by one or a few static maps
(Leslie, 2005), the use of GIS in facilitating dynamic interaction
with multiple maps could help resolve the issues discussed in this
paper: behavioral experiments have shown that the use of GIS
to analyze and interpret data and maps can improve decisionmaking (Crossland et al., 1995). In addition, it is recognized
that GIS-based spatial decision-support tools remain among the
best options for environmental decision-making (Andersen et al.,
2004).
Characterized by three main components, namely database
management, data analysis, and mapping and geovisualization
(Table 4), GIS developed specifically for assisting decisionmaking in marine conservation and management could help
increase awareness about the importance of varying methods,
data quality, scale and data selection, and move toward resolving
issues associated with them. First, geodatabases can facilitate
data selection by regrouping available data and identifying gaps
in relevant data. In addition, geodatabases enable the proper
integration of metadata for each dataset, including information

on data quality and scale. In terms of analysis, habitat mapping
and modeling tools (e.g., different algorithms for unsupervised
classifications, MaxEnt, boosted regressions) can be integrated
within GIS environments, in addition to proper tools for
error and uncertainty propagation analysis. By combining the
different algorithms and tools in one computing environment,
multiple scenarios could be run on the data and compared
to assess the reliability of predictions and maps, as previously
suggested. In terms of mapping, GIS offer versatility in visualizing
individual datasets, including spatial representations of errors
and uncertainty. In addition, GIS offer a scalable environment,
which can be useful for conservation planners that may need
broader-scale maps to serve as vision statements at the same
time as finer-scale maps to plan site-specific interventions
(Beier et al., 2011). GIS also allow the exploration of ways
to represent the four-dimensional nature of the environment,
whether it is for accounting for depth in the study of pelagic
species or for the temporal component of migration (Bentlage
et al., 2013; Kaplan et al., 2014). Tools to help make individual
maps or a combination of maps that tell a story could also
be incorporated in such GIS (Wright, 2016), and all potential
outcomes could be interrogated by decision-makers retrieving
different types of information (e.g., uncertainty associated with
a result, classification results for one area but given by different
models). Finally, GIS like this would be based on an adaptive
framework wherein data, tools, maps, and models could be
iteratively updated and refined with new developments. This
would offer replicable and transparent options for processing and
analysis, enabling valid comparisons to be made.
Such GIS would address the second recommendation made
by Wright (2016) by enabling the production of different
visuals (e.g., story maps) to effectively communicate the relevant
information to the appropriate audiences. Furthermore, it would
be possible to address Wright’s two other recommendations by
establishing specific management guidelines for these systems.
These GIS should be in line with the open-access, data-sharing
movement (Sedberry et al., 2011; Borja, 2014; Levin et al.,
2014), by being accessible to anyone, by making data and tools
accessible to anyone, and by allowing everyone to contribute
data and tools. Gjerde and Rulska-Domino (2012) suggested
the creation of an internationally accepted advisory body for
providing scientific and technical advice in conservation, which
could be in charge of such GIS. Similar to the controlled
environment of OpenStreetMap (Haklay and Weber, 2008), data
and tools would be quality-controlled before being integrated
into the systems. Whether members of these GIS communities
or members of their advisory body would perform this quality
control is up for debate among the different stakeholders and may
vary according to the needs of different conservation mandates. A
collaborative effort from different researchers across a variety of
fields and jurisdictions would also be needed (Gjerde and RulskaDomino, 2012; Dunstan et al., 2016; Jay et al., 2016) to ensure
sharing of resources and proper representation of ecological
processes that occur across and beyond political jurisdictions
(Poiani et al., 2000). As highlighted by Rudd (2014), such
efforts would benefit from the involvement of social scientists.
Suitable guidelines would need to be established to avoid conflicts

TABLE 4 | The different components of GIS that make them potential candidates
for informing decision-making in marine conservation and management while
facilitating awareness on the different issues highlighted in this paper.
Components
of GIS

Examples of integrated solutions

Issues being
addressed

Geodatabases

Access to metadata
Combination of biological, ecological,
environmental and other types of data
Combination of data at multiple scales
Storage of uncertainty layers and quality
assessments

Methodology
Data Quality
Scale
Data Selection

Analysis tools

Data processing and modeling
Data quality analysis including error and
uncertainty propagation
Multiscale analyses
Combination of multiple methods of map
and model production (ensemble mapping)
Variable selection routines

Methodology
Data Quality
Scale
Data Selection

Geovisualization Queries
tools
3D display
Multi-layers interactive display
Multi-temporal and multiscale dynamic
display
Uncertainty and errors visualization

Data Quality
Scale
Data Selection

Such GIS combine many of the solutions proposed in previous sections (i.e., examples of
integrated solutions).
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CONCLUSION

between natural and social scientists, who may have different
priorities and definitions (e.g., in terms of data quality or validity)
(see discussion in Rudd, 2014). In addition, a committee on ethics
would be required within the advisory body. For example, the
inclusion of social data into a public geodatabase involves ethical
questions related to data ownership and access.
While such GIS may seem utopian, user-contributed websites
like OpenStreetMap (Haklay and Weber, 2008), collaborative
global initiatives like the Census for Marine Life (Alexander et al.,
2011; Vermeulen, 2013), projects like DEVOTES (http://www.
devotes-project.eu), OpenTopography (http://opentopography.
org) or the production of Ecological Marine Units (http://
www.esri.com/ecological-marine-units), and other calls for GIS
to support conservation and management (e.g., Levin et al.,
2014) put the proposed GIS in the realm of feasibility, if
the different stakeholders come together with the appropriate
resources to make it happen. In addition, there recently has been
a rise in similar GIS of smaller amplitude and complexity (e.g.,
Tyberghein et al., 2012; Karnatak et al., 2014).

Maps are critical to effectively communicate information about
the marine environment to the relevant decision-makers.
However, maps are highly variable and they depend strongly
on a variety of elements like the methodology used to produce
them, the data that were selected to make them, and the
scale and quality of these data. These elements have to be
acknowledged and appropriately dealt with as they are inherent
to map production and may cause issues for conservation and
management planning (Tulloch et al., 2016). In addition, they
are all related; for instance, there is often a relationship between
data quality and spatial scale (Braunisch and Suchant, 2010;
Lecours and Devillers, 2015), and between data quality and model
selection (Rondinini et al., 2006).
This contribution to the literature was written keeping this
antinomy in mind, which can be summarized with a quote
from Box and Draper (1987), who wrote that “essentially, all
models are wrong, but some are useful,” and a subsequent
quote by Devillers et al. (2010): “all spatial data are wrong,
but some are useful.” Despite their utility and their strong
potential for clear and understandable communication, maps
and models will always require scientific expert advice and
interpretation (Reiss et al., 2015): we must be transparent
with the mapping techniques and data, and recognize their
respective limitations (Kindsvater et al., 2016). In addition,
understanding the different trade-offs involved in the mapping
process is critical when maps and models are used in marine
conservation and management planning (Langford et al., 2009).
However, stakeholders involved in these practices are frequently
not trained to critically evaluate the maps they are presented,
in addition to the underlying methods and data. Mapmakers
also need to consider the end-use of the maps in order to
make appropriate decisions when producing the maps. While
geographers and other spatial scientists have been studying
concepts of scale and data quality for a long time, the
understanding of their role and integration in the marine habitat
mapping workflow has received scant attention in the past.
There is an urgent need to improve our understanding of how
these concepts influence the representation of ecosystems and
habitats, and to raise awareness among scientists, decisionmakers, and other stakeholders about their implications. Having
a strong, consistent, transparent, repeatable, and sciencebased protocol for data collection and mapping that is truly
representative of the environment and ecological patterns
and processes is essential for effectively supporting decisionmakers in developing conservation and management plans.
To reach this goal, I recommend: (1) standardizing methods,
(2) implementing multiscale data collection and analyses,
(3) using ensemble mapping and prediction techniques, (4)
quantifying and spatially representing errors, uncertainty, and
their propagation, (5) explicitly addressing scale components in
analyses and interpretations, (6) producing complete metadata,
and (7) developing a digital resilience through the integration
of interactive and dynamic GIS in support of decisionmaking.

Impediments to a Successful
Implementation
While marine ecosystems and sciences are complex, decisionmakers and the public are drawn to simple scientific
communication (Borja et al., 2014; Hilário et al., 2015;
Tulloch et al., 2016), and sound and informed choices in
conservation require effective communication that reaches the
multiple audiences involved in the planning process (Fischhoff,
2013; Wright, 2016). We have a responsibility as scientists to
make our results and recommendations understandable for
the stakeholders and to fit their needs (Groffman et al., 2010;
Duarte, 2014; Broderick, 2015; Mea et al., 2016). The proposed
idea of open-access GIS that enable geodatabase building,
geovisualization tools, data quality control, and multiple habitat
mapping options is not a panacea. First, GIS have their own set
of issues, including those associated with mapping and identified
in this paper (e.g., data quality). The advantage of GIS over static
maps is the possibility of showing multi-dimensional datasets
that can include data quality information, metadata, temporal
variations, etc. Second, we cannot discount the possibility
that such GIS could be manipulated to display misleading
information, whether it is for a political purpose or simply due to
a lack of understanding of tools or data. Then, the most effective
solution still resides in improving scientific and geospatial
literacy among the different people involved in conservation and
management efforts (e.g., scientists, decision-makers, politicians,
the public). It is thus crucial to keep raising awareness of the
high variability of maps and models, and to continue proposing
solutions to better consider the issues discussed in this paper. By
including all who are involved at each step of conservation and
management efforts, and by working all together, we can start
reducing the gap between the priorities of scientists, society and
policy-makers, and ensuring that conservation policy is based on
sound scientific evidence (Adams and Sandbrook, 2013; Rudd,
2014; Rose, 2015).
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