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Abstract Habitat modifications driven by human impact and climate change may
influence species distribution, particularly in aquatic environments. Niche-basedmod-
els are commonly used to evaluate the availability and suitability of habitat and assess
the consequences of future climate scenarios on a species range and shifting edges
of its distribution. Together with knowledge on biology and ecology, niche models
also allow evaluating the potential of species to react to expected changes. The avail-
ability of projections of future climate scenarios allows comparing current and future
niche distributions, assessing a species’ habitat suitability modification and shift, and
consequently estimating potential species’ reaction. In this study, differences between
the distribution maps of 406 marine species, which were produced by the AquaMaps
niche models on current and future (year 2050) scenarios, were estimated and evalu-
ated. Discrepancymeasurements were used to identify a discrete number of categories,
which represent different responses to climate change. Clustering analysis was then
used to automatically detect these categories, demonstrating their reliability com-
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pared to human supervised classification. Finally, the distribution of characteristics
like extinction risk (based on IUCN categories), taxonomic groups, population trends
and habitat suitability change over the clustering categories was evaluated. In this
assessment, direct human impact was neglected, in order to focus only on the con-
sequences of environmental changes. Furthermore, in the comparison between two
climate snapshots, the intermediate phases were assumed to be implicitly included
into the model of the 2050 climate scenario.

Keywords AquaMaps ·Big Data ·Climate change ·Clustering analysis · Ecological
niche modelling · GIS · Maps comparison · OGC standards · Species distribution
maps

1 Introduction

Climate change impact onmarine species geographical distribution is becoming impor-
tant issue in public and scientific agendas. There is broad consensus that global climate
change can have serious consequences for marine organisms (Brierley and Kingsford
2009). In many locations, the coupling of anthropogenic pressure and climate change
has already caused a dramatic decline of marine environments, both at population and
biodiversity levels (Cheung et al. 2009). Consequently, the disruption of marine bio-
diversity and ecosystems is having irreversible impacts on a wide range of ecosystem
services that are essential for human well-being: food provisioning, water quality reg-
ulation, leisure and recreation (Levin and Lubchenco 2008). It is therefore crucial to
maintain adaptive capacities of marine ecosystems by preserving their heterogeneity,
modularity and redundancy (Hughes et al. 2005).

One way to study the potential impact of climate change is to combine niche mod-
elling techniques with predictions of future environmental conditions produced by
climate change. Niche modelling allows generating predictions about potential or
actual/native species distribution in geographic space by analysing the relationship
between environmental conditions and observations of species occurrence (Pearson
and Dawson 2003). This approach also allows projecting species habitat distribu-
tions under different climate scenarios (Dawson et al. 2011; Pearson and Dawson
2003). Consequently, niche modelling has been used to explore and predict ecosys-
tems perturbations due to climate change (Thuiller 2004). Modelling potential shifts
in geographic ranges using nichemodelling represents a simplified approach, that can-
not fully capture the true impact of climate change on species distribution. Species’
populations have complex and dynamic geographical structures that are difficult to
model. For instance, fishes communities usually do not shift rapidly at the arrival of
a new climate regime and this transition phase is usually neglected by niche models.
Furthermore, habitat change should be measured also in terms of abundance fluctu-
ations other than geographic change (Genner et al. 2004). Nevertheless, analysing a
large sample of estimated niche distributions having large time resolution, may allow
assessing overall effects of climate change on marine ecosystems (Costa et al. 2010).

The aim of this paper is to introduce a comparative approach that relies on compu-
tational technology (e.g. Cloud computing and machine learning), and can be used in
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batch analyses over large biological data sets in both terrestrial and marine environ-
ments. Two niche models were used to estimate native distributions of a set of marine
species, under the current environmental scenario and another one projected in 2050.
Models rely on a bioclimatic envelope approach, including biogeographic informa-
tion and therefore allowing to explore geographic shifts as response to climate change
(Pearson and Dawson 2003; Thuiller 2004). Differences between models were esti-
mated by automatically detecting a number of finite and discrete categories of habitat
changes. Reliability of those categories were validated by comparing automatic with
human supervised classification. This approach was applied on distribution data of
406 marine species, which have significant commercial and/or biological importance
by FAO. As case study, several examples show habitat expansion and loss in the dis-
tribution of threatened species from several taxonomic groups according to the IUCN
Red List of species (IUCN 2015).

2 Materials and methods

In this section, evidences about climate change effects on species distributions and
available techniques tomonitor them are reported.Additionally, the benchmark dataset
and the models used are described. Finally, the proposed method is introduced.

2.1 Overview

The ability of different species to adapt to environmental variability depends on their
tolerance and role in the ecosystem (Somero 2012; Sunday et al. 2012). Some species
may physiologically tolerate changes through adaptation and acclimatization. Alterna-
tively, species may migrate or shift with changing environmental conditions, resulting
in local extinctions or, if neither is possible, real extinctions (Parmesan 2006). As sug-
gested by coupled climate-population models (Cheung et al. 2011; Hare et al. 2010),
these responses can result in shifting of abundances or in modified geographic distrib-
utions. Researchers have been able to detect changes in biodiversity of marine species
(e.g. fishes, invertebrates and plants), often with changes in distribution ranges. For
example, they have detected an increase of species richness of small-body fishes in
the North Sea (Perry et al. 2005) and a general shift in the pattern of their latitudinal
and depth ranges (Dulvy et al. 2008; Hiddink and Ter Hofstede 2008; Hsieh et al.
2009; Parmesan 2006). Other reported phenomena are (1) shifts of mussel-dominated
communities to those dominated by fleshy algae (Wootton et al. 2008), (2) calcareous
corals replaced by non-calcareous algae (Bellwood et al. 2004), (3) seagrass forests
and calcareous algae being replaced by fleshy macro-algae in higher CO2 regions
(Jordà et al. 2012; Koch et al. 2013). These changes may not all directly be linked to
global warming, but they may also depend on other correlated factors, like basin-scale
circulation and water stratification (Hyrenbach and Veit 2003; Sydeman et al. 2014).
The effect of climate change is particularly evident at the poles and in the tropics.
The retreat of polar ice influences food availability, organism growth and reproduc-
tion (Somero 2012; Pellissier et al. 2013; Wassmann et al. 2011). Tropical ecosystems
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have undergone strong declines after minor increases in temperature, and ocean acid-
ification may hasten their deterioration (Anthony et al. 2011; Erez et al. 2011).

To address these problems, bioclimatic envelopes models correlate the observed
geographical distribution of a species to climatic variables and have been used to pre-
dict habitat suitability under different climate scenarios (Araújo et al. 2005; Botkin
et al. 2007; Cheung et al. 2009, 2010). Among the criticisms is the exclusion of
biotic interactions, although they have been extensively used with promising results
(Araujo and Guisan 2006; Berry et al. 2002; Schwartz 2012; Thuiller et al. 2005). In
this context, mechanistic niche models use both biological preferences and physio-
logical limits of a species (Chuine and Beaubien 2001), while correlative approaches
automatically extract correlations between environmental characteristics and species
presence (Pearson 2012). Thuiller (2004) reports methods to assess the reliability of
niche models using future climate estimates.

2.2 Benchmark models and data

TheAquaMapsmodels (Kaschner et al. 2006) are ecological nichemodels that can esti-
mate species habitat suitability under different environmental predictions. AquaMaps
are presence-only models, which incorporate scientific expert knowledge into species
habitats modelling, to account for the known biases and limitations of currently avail-
able marine species occurrence record data sets (Ready et al. 2010). The AquaMaps
approach includes twomodels estimating the native (“actual”) distribution of a species
today (2013–2015) and in 2050: AquaMaps Native and AquaMaps Native-2050.
Expert knowledge is used in modelling species-habitat relations at global scale with
0.5◦ resolution, relying on the following environmental variables: depth, salinity, tem-
perature, primary production, distance from land and sea ice concentration (Corsi
et al. 2000). Those models estimate habitat suitability by combining the envelopes of
a species preference to the above environmental variables. They combine mechanistic
assumptions and automatic procedures to estimate species presence in a certain area.
The modelling approach is reliable with respect to other approaches (Ready et al.
2010), but less accurate when expert knowledge at global scale is missing. The differ-
ence between the two algorithms is that Native-2050 accounts for (1) modifications in
the extensions of FAO Areas and (2) locations that the species could reach thanks to
the increase of the water surface level. Furthermore, the two algorithms are based on
two different climate scenarios. The environmental data in 2050 account for a global
climate change scenario, described under the IPCC SRES scenario A1B (Nakicenovic
and Swart 2000), of a future of rapid global economic, population and technologi-
cal growth, where the average surface temperature increases, the ice concentration
decreases and the salinity increases globally but decreases in some locations (Reyes
2015). In order to generate climate estimates for 2050, the AquaMaps consortium
produces new environmental data using the ECHAM model (Roeckner et al. 1992)
for two years: 2002 (based on observations from 1990 to 2002) and 2050 (based on
estimated observations from 2040 to 2049). Each value in 2050 is then estimated
as
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Val. in 2050 = Avg val. today

+ (ECH AM est. f or 2050 − ECH AM est. f or 2002)

On the basis of these values, the AquaMaps Native-2050 algorithm estimates the
native habitat suitability of the species in 2050.

For the objectives of this paper, a large repository of already produced AquaMaps
distributions was used: the D4Science e-Infrastructure (Candela et al. 2014).
D4Science is an e-Infrastructure that can also exploit other infrastructures, services and
information systems. D4Science is currently used as support to communities in com-
putational biology (Castelli et al. 2013), fisheries management (Castelli and Michel
2011), and oceanography (Sorvari and Brus 2012). It has links to other infrastructures
such as the European Grid Infrastructure (EGI), the Global Biodiversity Information
Facility (GBIF), the Ocean Biogeographic Information System (OBIS), myOcean, the
World Ocean Atlas, the FAO Data repository, the Catalogue of Life and SeaDataNet.
D4Science integrates these systems to exploit their respective synergies, thus provid-
ing its community of practice with a set of novel and enhanced services. D4Science
also supports the creation and operation of Virtual Research Environments (VREs),
i.e. web-based working environments, where groups of scientists have transparent and
seamless access to a shared set of remote resources (data, tools and computing capabili-
ties) and support collaboration across institutions, disciplines, and nations. D4Science
hosts around 25,000 maps developed with the Native and Native-2050 algorithms,
updated to February 2014. Differently from the maps published on the AquaMaps
website1 the maps hosted by D4Science are not manually reviewed. Nevertheless,
they have been produced using datasets that incorporate expert information about
the species envelopes and manual adjustments of environmental information. Thus,
these maps represent a sub-optimal dataset, but they were used in the experiments
reported in this paper, because this sub-optimal scenario is frequent when dealing
with large data collections. The proposed modelling approach is requested to be able
to describe patterns using these data, and identify systematic errors or “noisy” sub-
sets, which require manual review after classification. Another reason for choosing the
maps on D4Science is their public availability under standard formats, which makes
the proposed experiment reproducible and repeatable also by other scientists. In fact,
D4Science hosts the maps on a distributed network of GIS services that balances the
load of requests bymany users. The information in the AquaMaps distributions is pub-
lished under the WMS and the WFS GIS standards (de La Beaujardière 2004). A web
interface (CNR 2015) allows visualizing, superposing and inspecting the GIS datasets.
Figure 1 shows an example for the bluntnose sixgill shark (Hexanchus griseus), for
which the AquaMaps model predicts an expansion of habitat suitability range in 2050.
This is an example of sub-optimal map, which was neither supervised by an expert
nor contains artificial, manually-defined bounding boxes.

The analysis here presented was restricted to a subset of the species hosted on
D4Science. In particular, the analysis focused on the species contained in the FAOFact
Sheets (FAO2015). This dataset provides key informationonfisheries and aquaculture-

1 www.aquamaps.org.
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Fig. 1 AquaMaps Native (a) and Native-2050 (b) distributions of the bluntnose sixgill shark (Hexanchus
griseus). Darker colours indicate higher probability areas

related subjects and is available free online2. The 550 aquatic species were chosen,
because they represent a set of species of particular commercial, biological and human
interest. D4Science already hosts the AquaMaps Native and Native-2050 distributions
for 406 of them.The scientific names of these species are reported in the supplementary
material of this paper3 and the maps are available on the D4Science web portal for
consultation4.

2.3 Proposed methodology

This section describes (1) the approach used to analyse niche maps at global scale
(2) the process to produce species-specific statistics of habitat change and then (3) a
summarization process of these statistics that groups them into a discrete number of
categories.

In order to quantify the differences between the benchmarkAquaMaps distributions
for today and 2050, the D4Science e-Infrastructure processing facilities were used
(Coro et al. 2015). The e-Infrastructure hosts a maps comparison process relying on
Cloud computing and described inCoro et al. (2014). This process performs a pixel-by-
pixel comparison between two probability distribution maps at a given resolution and

2 http://www.fao.org/fishery/species/search/en.
3 Also available at this public link: http://goo.gl/ZjjOkS.
4 https://www.d4science.org/group/biodiversitylab/geo-visualisation.
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Table 1 Quantities calculated by the maps comparison process of Coro et al. (2014)

Quantities Description

Mean Mean discrepancy between the probabilities

Variance Variance of the discrepancies

Number of errors Number of discrepant locations

Number of comparisons Number of compared locations

Accuracy Number of agreed locations divided by the number of compared
locations

Relative error Geographic areas of maximum discrepancy

Maximum error Maximum recorded discrepancy between two locations

Maximum error point Average error divided by the maximum error

Cohens Kappa A value representing the agreement between the two maps with respect
to chance

Trend Expansion, contraction or stationary labels indicating if the latter map
is more or less extended than the former

calculates statistics (Table 1). Discrepancy betweenmaps is estimatedwith respect to a
threshold, which was fixed at 0.5 as also reported in Coro et al. (2014). The resolution
of the AquaMaps is 0.5◦ latitude by 0.5◦ longitude, which means that global scale
distributions require comparing around 170,000 points.

This process was applied to 406 benchmark species, comparing the AquaMaps
Native and Native-2050 maps for each species. An R script was built, which went
through the benchmark species, invoked the maps comparison process through
D4Science and reported the statistics in a summary file. The script used the D4Science
connection APIs (GCube 2015). Computation required 30 hours on the entire bench-
mark dataset and resulted in a CSV file containing 406 rows, each reporting the
statistics for one species (also see supplementary material5).

In order to detect common properties in distribution change, a criterion to group
statistics was developed. A marine biologist analysed a random sample of 50 species
by hand, classifying four main types of changes in species distribution maps: (1) in
one delimited area, (2) in separated but limited areas, (3) in extended continuous areas,
(4) overall in many areas. This analysis suggested that it was possible to aggregate the
discrepancies into a finite number of groups.

In order to automate this process and analyse all the species, clustering analysis
was used. Clustering analysis is a common technique in data mining that is able to
group together numeric vectors, according to a certain similarity criterion. Similar-
ity is usually measured in terms either of density or of euclidean distance. Both the
approaches were investigated, which considered the numeric values in the maps com-
parison output as the elements of vectors to group together. Maximum relative error
was not included in the process. However, the number of comparisons and the number
of errors were normalised by maximum number of comparisons. This choice helps

5 Also available at this public link: http://goo.gl/ZjjOkS.
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clustering analysis to detect more clusters, because using different scales in vectors
dimensions would have introduced noise in the clustering algorithms. In particular, the
distance-based XMeans algorithm was used (Pelleg and Moore 2000). XMeans is a
variant of the popular KMeans algorithm (MacQueen 1967), which introduces several
efficiency enhancements. An important difference with respect to KMeans is that the
number of optimal clusters to search for is not specified a priori. Instead, it requires
to set a minimum and a maximum number of clusters (Kmin and Kmax ) to search
for. The X–Means algorithm starts from Kmin and adds centroids as far as Kmax is
reached. At each step, the K–Means algorithm is run, which finds the best assignment
of the vectors to the indicated number of clusters. K–Means indicates a score for this
assignment, based on the distortion measure, i.e. the average squared distance of the
points to their clusters centroids. The output of X–Means is the result of the K–Means
that has given the best score, and consequently the best number of clusters. X–Means
also adds efficiency enhancements to K–Means, using kd-trees (Bentley 1975) and
blacklisting to support the processing. Furthermore, at each step of the computation,
the location of the centroids of the additional clusters is decided using the Bayesian
Information Criterion (BIC) (Schwarz 1978). For further details see Pelleg andMoore
(2000). Apart fromX-Means, also theDBScan density-based clustering algorithmwas
used (Ester et al. 1996), but no setting for this algorithm resulted in <100 clusters,
thus its results will be not reported.

Clustering analysis was applied to the produced maps comparison statistics using
the implementations running on the D4Science services (Coro et al. 2013, 2015),
which host these procedures as-a- Service. The X-Means algorithm was executed
searching for a number of clusters between 1 and 50. Although the interval was large,
the algorithm ended in only seven optimal clusters. Thus, the algorithm found an
optimal separation of the vectors according to their relative euclidean distance and a
semantic interpretation was given to each of them. When this assignment was com-
pleted, a biologist interpreted and evaluated the results. The result of clustering analysis
is reported in Table 2, along with the values of the cluster centroids.

Cluster 6 and 7 identify the same trend but separate different distribution
scales. Clusters 1 and 3 identify the trend originally captured by the biologist for
geographically-limited changes, but they refine the separation by distinguishing
between global-scale species with poor changes and species with moderate habitat
variations. Cluster 1 contains most of the species in the benchmark dataset. Cluster 2,
instead, identifies the species with the largest variation due to climate change.

3 Results

This section reports the result of the proposedmethodology. The reliability of the clus-
tering aggregation is demonstrated, and possible correlations between the distribution
of taxonomic groups/IUCN categories and the clusters are highlighted. Furthermore,
the relation between IUCN assessed short-term population trends and long-term trends
of expected habitat change are investigated, and examples of correspondence between
automatic classification and ecological studies are reported. Finally, the role of expert
review on the output of the proposed method is clarified.
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Table 3 Comparison between the assignments of the clusters to the species by a biologist and by clustering
analysis

Biologist Clustering

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7

Cluster 1 26 2 0 0 3 0 0

Cluster 2 0 22 0 1 0 0 0

Cluster 3 0 0 16 0 0 0 0

Cluster 4 2 0 0 23 1 0 0

Cluster 5 1 0 0 5 23 0 0

Cluster 6 0 0 0 0 0 5 0

Cluster 7 0 0 0 0 0 0 22

The agreement matrix between the two evaluators should be read per column: for example, column one
reports that the biologist agreed on 26 species for cluster 1, but assigned two species to cluster 4 and one
species to cluster 5

3.1 Reliability of classification results

In order to assess the reliability of the interpretation of the clusters, the biologist
who carried out the preliminary analysis, manually assessed the classification of 152
randomly selected species. In the assessment, the biologist assigned one of the inter-
pretations of the X–Means clusters to each species, by looking at its current and future
(year 2050) distributionmap. Table 3 reports the confusionmatrix, i.e. the assignments
made by the biologist to the clusters on the basis of their descriptions.

The confusion matrix was used to estimate the agreement between the biologist and
X–Means as the percentage of matching assignments (absolute percentage of agree-
ment). Furthermore, the Cohen’s Kappa (Cohen et al. 1960) was calculated, which
estimates the agreement between two evaluators compared to purely random assign-
ments. The resulting values and the the Kappa coefficient (Table 4) both indicate that
the agreement is excellent. This gives more reliability to the semantic interpretations
reported inTable 2, and consequently to the categories identified in themaps variations.

3.2 Statistical analysis

This section presents a statistical analysis of the distribution of different taxonomic
groups and of the IUCN categories over the identified clusters. Figure 2a shows the
distribution of the taxonomic groups involved in the benchmark dataset. Species of
fish are the most represented, followed by marine mammals, crustaceans, molluscs,
reptiles, echinoderms and corals. Figure 2b shows the distribution of the IUCN cate-
gories over the entire dataset. The NE (Non-Evaluated) category was introduced for
the scope of this paper, for species not included in the IUCN Red List at the moment.
Table 5 reports the number of species in each category. Apart of the NE category,
most of the species fall in the “Least concern” (LC) category and many are “Data
Deficient” (DD). In order to enhance the maps comparison process, a species “trend”
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Table 4 Agreement between a biologist and clustering analysis in terms of Cohen’s Kappa (Cohen et al.
1960), absolute percentage of agreement and according to two reference interpretations of the Kappa (Fleiss
1971; Landis and Koch 1977)

Kappa 0.88

Absolute perc. of agreement 90.13%

Intepretation acc. to Fleiss Excellent

Interpretation acc to Landis-Koch Almost perfect

Fig. 2 Distributions of a taxonomic groups, b IUCN Red List categories (LC least concern, DD data
deficient,NE non-evaluated,CR critically endangered,EN endangered,VU vulnerable,NT near threatened),
c “trends” in habitat change over the entire benchmark dataset

Table 5 Report of the number
of benchmark species falling in
each IUCN Category

IUCN category Number of species

Non-evaluated (NE) 143

Least concern (LC) 116

Data deficient (DD) 55

Critically endangered (CR) 9

Endangered (EN) 17

Vulnerable (VU) 35

Near threatened (NT) 31

was defined using categories as described in Coro et al. (2014), renaming them as
LARGER, SMALLER and EQUILIBRIUM. The definition in Coro et al. (2014) for
LARGER indicates an overall increase of suitable areas in 2050, with possible local-
ized unsuitability. SMALLER habitats have overall fewer suitable locations in 2050,
which does not exclude limited local expansions. EQUILIBRIUM indicates habitat
sizes that do not significantly change. Figure 2c shows that most of the species in
the benchmark dataset will have larger habitat suitability in 2050, this will be further
discussed in the next sections.

Figure 3a shows details of the distribution of the IUCN categories over the clusters.
Species without evaluation (NE) are statistically significant and are present in all the
clusters, except for cluster 6 (medium scale conservative). LC species are found in all
the clusters. Vulnerable, endangered and near threatened species are mostly present
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Fig. 3 a Distributions of the IUCN Red List categories of the benchmark species over the automatically
detected clusters. b Distribution of the automatically detected clusters over the IUCN Red List categories

in cluster 3 (global scale with few changes), which indicates that their overall suitable
habitat change by 2050 will be small. Several critically endangered species are present
in clusters 5 and 7 split (small and medium scale with poor or no changes), which
indicates slight changes in the habitat locations of these species. This means that
their current distribution is likely to remain unchanged. Figure 3b shows that very
few clusters (e.g. 3 and 6) seem to correlate with the IUCN classifications. Cluster 2
(strong habitat variations) is represented in almost all categories.

Figure 4 shows that the taxonomic groups are not balanced over the clusters. This
is due to the abundance of fish species in the benchmark dataset. On the other hand,
cluster 3 contains only mammals and fishes. Cluster 4 (small and medium scale with
moderate changes) is the one containing the only echinodermof the benchmark dataset,
i.e. the Chilean sea urchin (Loxechinus albus), which is indeed sensitive to moderate
habitat changes. Molluscs and crustaceans are well-present in clusters 7, 5 and 1,
indicating their good overall resistance to climate change. On the other hand, cluster 2
also contains Illex argentinus (a cephalopod) and Acetes japonicus (a shrimp), whose
suitable habitat increases. The only coral species in the benchmark dataset isCorallium
rubrum,which falls in cluster 4.According to the proposed analysis, the suitable habitat
of this species will change moderately, with an overall shrinking of its range (Table 6).
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Fig. 4 a Distributions of the taxonomic groups in the benchmark species over the automatically detected
clusters. b Distribution of the automatically detected clusters over taxonomic groups

3.3 Habitat suitability loss and increase

The distribution of the “trend” parameter values in Fig. 5a shows that resilient species
(cluster 6 and 7) present EQUILIBRIUM trends. Most of the species that loose habitat
fall in cluster 5 and this indicates that expected loss is slight, but can involve local
unsuitability areas. Figure 5b shows the distribution of the trends over the IUCN cate-
gories. Figure 2c reports that suitable habitat for most species is likely to increase. This
agrees with bioclimatic theories that predict overall expanding niches and increasing
abundance trends with climate change (Genner et al. 2004). Table 6 lists species whose
habitats shrink in 2050 according to AquaMaps. These species are strongly influenced
by changes in temperature, salinity and other abiotic factors atmacro-geographic scale.

As further comparison, the general population trends indicated by IUCN in the Red
List were compared to the clustering analysis. These represent IUCN-assessed short-
term population trends of abundance and distribution, and thus they were compared
to the long-term behaviours indicated by clustering analysis. Population trends are
available in the IUCN Red List, although only 96 of the 406 benchmark species were
assessed at the time this evaluation was made. Possible IUCN assessment values are
“increasing”, “stable” and “decreasing”. Figure 6a reports distribution over the clus-
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Fig. 5 a Distributions of habitat suitability changes (“trends”) between today and 2050 over the automat-
ically detected clusters. b Distribution of the automatically detected clusters over habitat suitability trends

ters and Fig. 6b shows abundance in the clusters. Cluster 6 contains only one species
whose population trend has been assessed by IUCN, and whose habitat will increase
according to AquaMaps. This cluster has therefore a poor statistical meaning. Cluster
7 contains many stable populations, this cluster contains most of the EQUILIBRIUM
trends (Fig. 5a). Many decreasing trends fall in clusters 3, 4 and 5, which agrees with
the distribution of long-term trends in Fig. 5a, although the SMALLER trends are
more abundant in cluster 5. It is also possible to compare the IUCN short-term trend
with the maps comparison long-term predictions: 12 of 13 species (92.3%) having
increasing IUCN population trend also result in LARGER trends, thus there is high
agreement between short- and long-term increasing trends. SMALLER trends coin-
cide with IUCN decreasing trends only for 9 of 52 species (17.3%), whereas three
decreasing trends are classified as EQUILIBRIUM trends (5.8%). Thus, much of the
decreasing trends are classified as LARGER long-term trends, but they fall in the
clusters that contain most of the SMALLER trends. This could indicate a correlation
between short-term decreasing trends and long-term SMALLER trends. EQUILIB-
RIUM trends coincide with stable trends for 3 of 31 species (9.7%), whereas they
correspond to SMALLER trends for two species (6.4%). Thus, most of the stable
trends correspond to LARGER trends, but several of them fall in cluster 7, which
could indicate a stable equilibrium for these populations.
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Fig. 6 a Distributions of population trends indicated in the IUCN Red List for the benchmark species
over the automatically detected clusters. b Distribution of the automatically detected clusters over IUCN
population trends

3.4 Correspondence between automatic classification and literature studies

In this section, a sample of species from the benchmark dataset is taken to show cor-
respondence between automatic classification and biological/ecological studies. This
section does not aim to formally confirm the habitat change indicated by the cluster-
ing analysis. Rather, it gives hints about how much this analysis goes in the direction
indicated by experts. The AquaMaps distributions used in the reported experiment are
sub-optimal, thus only overall changes in the map trends and clusters indications have
been considered in the following analysis.

Cluster 2 (strong habitat variations) contains endangered and nearly threatened
species, for instance Actinopterygii and Elasmobranchii Classes. Some species in
these classes could benefit from larger habitats as reported by positive trend variation
in the AquaMaps distribution in 2050. One example of agreement with this prediction
can be found for sturgeons (Actinopterygii Class), species having unique life history
characteristics and very sensitive to environmental changes. Studies have reported that
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these fishes are mainly threatened by anthropogenic pressures (e.g. infrastructures and
fishing), although researches have also shown severe consequences on their physio-
logical traits due to changes in abiotic conditions (Knights 2003; Sardella et al. 2008).
Sturgeons are distributed over several clusters, which means that their habitats can
present heterogeneous modifications due to climate change. As reported by Lassalle
and Rochard (2009), factors such as temperature and precipitations can be relevant for
diadromous species, which have shown shifting ranges north-eastwards depending on
these factors. For example, Anguilla japonica (Actinopterygii Class) might be influ-
enced by this kind of climate variability (Tzeng et al. 2012). In particular, this species
has complex life history traits and its recruitment fluctuation may be driven by non-
linear combinations of climatic factors, such as sea water temperature, salinity and
precipitations. The zebra bullhead shark (Heterodontus zebra) is the only species in
cluster 2 having lower habitat suitability in 2050. Its distributions are shown in Fig. 7.
AquaMaps estimates that this species will likely disappear in Indonesia, mostly due
to a combination of changes in temperature and salinity. Indeed, the sensitivity of this
species to climate change has recently been demonstrated, with poleward shifts and
increase of species abundance in Tasmanian and Bahamas waters (BEST Commission
2003). Climate change, in fact, affects the species overall biogeographic affinity, neg-
atively influencing its breeding practices and habitat selection (Barratt and Cavanagh
2015).

The overall expansion of suitable habitat detected by the analysis in Sect. 3.3,
can be supported by bioclimatic theories correlating temperature increase with
food availability (Genner et al. 2004). In particular, many benchmark species have
temperature-dependent feeding behaviour. Therefore, the expansion range detected
in the analysis can be related to a poleward increase of primary productivity and

Fig. 7 AquaMaps Native (a) and Native-2050 (b) distributions of the zebra bullhead shark (Heterodontus
zebra).Darker colours indicate higher probability areas.A strong reduction of habitat suitability is estimated
for 2050

123



174 Environ Ecol Stat (2016) 23:155–180

consequently to food availability (Arrigo et al. 2008; Brierley and Kingsford 2009).
Several empirical and theoretical studies have identified demographic shifts of marine
fishes and invertebrates from North Sea (Perry et al. 2005) and Mid-Atlantic Bight
(Nye et al. 2009) to higher latitudes and/or to deep seas (Mueter and Litzow 2008). One
example is the blue whiting (Micromesistius poutassou): according to the AquaMaps
distribution change, the range of this species could increase in 2050. This predic-
tion agrees with evidence of distribution shifts westwards and distribution shrinking
when temperature decreases (Heino et al. 2008). A more complex example is that
of anadromous species, which show heterogeneous patterns in their distribution over
the clusters. Anadromous fishes can be very sensitive to climatic variations, because
they may occupy different habitats during their life cycles. For example, these species
move to find suitable salinity and temperature gradients for reproducing, e.g. near
estuaries (Sardella et al. 2008). In some cases, the heterogeneity in the clusters agrees
with biological studies: according to the AquaMaps distributions, the green sturgeon
(Acipensermedirostris) presents a demographic shift to northern latitudes, whereas the
atlantic sturgeon (Acipenser oxyrinchus oxyrinchus) shows marked local unsuitability
in 2050 in the Equatorial and North Temperate zones. These anadromous species have
different sensitivity and physiological tolerance to abiotic factors, even if they belong
to the same Genus. In particular, variations in salinity gradient within the estuaries
may have consequences on the species physiological traits, including their thermal
tolerance (Lassalle and Rochard 2009; Sardella et al. 2008).

Confirmation of predicted shifts to warmer locations can be found for two carti-
laginous fishes: Orectolobus ornatus and Prionace glauca. Ecological studies have
confirmed that these species have moderate vulnerability to abiotic changes (Chin
et al. 2010). According to the reported analysis, these will likely have larger habi-
tat suitability in 2050 with local expansions. Indeed, habitat shift for mobile reef
sharks, such as Orectolobus ornatus, is often correlated with reef habitats degrada-
tion and food availability, which are (indirectly) taken into account by the AquaMaps
model.

Evidence of agreement between the clustering analysis and biological studies can
be found also for those species whose habitat shrinks in 2050. For example, Alopias
vulpinus belongs to cluster 3 (global scale distributed with small localized changes)
and thus will likely have its habitat decreased in localized zones (particularly in the
Equatorial zone). Indeed, recent observations in United Kingdom waters and in the
North Sea have positively correlated decreasing presence of A. vulpinus with increas-
ing sea water temperature (Cao et al. 2011). A similar case is the surf clam (Spisula
solidissima), in cluster 1 (localized moderate probability changes), which presents
localized-moderate reduction of its estimated habitat. For this species, empirical stud-
ies near the U.S. coasts have highlighted that thermal stress may contribute to their
decline in the Mid-Atlantic Bight (Marzec et al. 2010).

Regarding the marine mammals in Table 6, the predicted habitat shrink can be
confirmed by major vulnerabilities related to food resources. It is very difficult to
correlate changes in the distribution of this group as direct effect of climatic changes.
Indeed, marine mammals live in a wide range of latitude encompassing large ranges of
water temperatures. The AquaMaps distributions of the baleen whale (Balaenoptera
musculus), which falls in cluster 3, shows habitat changes in the polar regions and in
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the Indian and Pacific oceans. These are due to changes in the temperature and ice
concentration parameters, but especially in the primary production parameter of the
AquaMaps 2050 scenario. Indeed, the estimated trend and the cluster classification
agree with indications by biological studies (Lawler et al. 2007). For another marine
mammal, Pusa hispida, belonging to cluster 2 (strong overall change), AquaMaps
2050 shows a shift towards higher latitudes and unsuitability in North Alaska and
in the Bering Sea. This agrees with the fact that sea ice represents their reference for
breeding and hunting, thus sea ice loss affects their life history events and shrinks their
distribution (Carlens et al. 2006). As final example, the predicted habitat loss of the
Gray’s beaked whale (Mesoplodon grayi), in cluster 4 (moderated overall changes),
is confirmed by biological studies to depend on temperature increase. Beaked whales
are known to be threatened by anthropogenic activity but also to be sensitive to sea
water temperature variation (Thompson et al. 2013). MacLeod (2009) highlighted
that these marine mammals have upper and lower temperature limits to their tolerance
range and consequently are confined to waters of intermediate temperature. Hence,
species’ ranges will unlikely increase overall with sea water temperature, as reported
by AquaMaps 2050 and cluster 4.

3.5 Detection of anomalies

The experiment described in this paper used sub-optimal datasets. Nevertheless, pat-
terns highlighted by the proposed method would probably be valid also if the data
had been manually reviewed. For example, the fact that most species will likely have
their habitat suitability increased is a generally valid property and is also in agreement
with other studies. Furthermore, examples of species have been shown, for which the
forecast by the reported analysis is compliant with their observed attitude towards
climate change. On the other hand, the role of the proposed process is also to inform
scientists about possible anomalies in the data. Anomalies can be systematic errors
or noise introduced by missing manual review of the maps after their production. For
example, this is the case of species having narrow distribution (delimited by a less than
40◦ ×40◦ square area), on which the AquaMaps experts usually debate. The problem
is that AquaMaps usually estimates larger delimiting geographic bounding boxes in
2050 for these species. Thus, it is not clear if a larger habitat suitability in 2050 is sim-
ply due to a larger bounding box or to a concrete increase of habitat suitability. On the
other hand, there is a number of these small-range species that instead present a habitat
reduction trend. For example, Phocoena sinus, Crangon crangon, Dentex congoensis
andHeterodontus japonicus have geographical bounding boxes with square side lower
than 40◦, but will likely have their habitat suitability reduced in 2050. Thus, it was not
possible to a priori delete all narrow bounding box species from the analysis. On the
other hand, the information included in the output dataset allows filtering out these
species after the processing: for example, small scale distributions can be identified
based on their belonging cluster definition and on the number of point-to-point map
comparisons.
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4 Conclusions

In this paper, differences between current and future 2050 habitat suitability estima-
tions have been analysed. In the reported experiment, clustering analysis was used to
detect a discrete number of categories identifying local, regional and global habitat
distribution changes. The reliability of this result was evaluated using human assess-
ment. A computational and data e-Infrastructure (D4Science) was used, which hosts
generated models as GIS maps, to perform a large number of maps comparisons
and to produce statistics. The distributions of the IUCN categories and of different
taxonomic groups over the habitat distribution change categories were explored. No
relevant correlation between the detected categories and the IUCN classifications was
found, whereas few correlations were detected for taxonomic groups. On the other
hand, agreement was found between short-term population trends indicated by IUCN
and long-term estimated habitat trends indicated by the clustering analysis. This agree-
ment is lower for species whose habitat will shrink or not change according to IUCN,
but one possible explanation of this is that climate change is only one of the factors,
such as over-exploitation, habitat destruction, pollution, invasive species etc., that may
affect the population and distribution of endangered species. Furthermore, a general
expansion trend of habitat suitability in 2050 was observed, with few remarkable
exceptions. In particular, a general habitat expansion towards the poles was high-
lighted. Additionally, specific cases were shown where the overall habitat suitability
increase was accompanied by unsuitability in limited areas.

The proposed analysis relies on the AquaMaps models, and uses powerful tech-
nologies like Cloud computing, machine learning and use of data descriptive standards
to make biological assessments. Using the approach presented in this paper, biologists
can further refine their models and manually revise groups of species distributions.
Generally speaking, the described work is close to Big Data analysis approaches
(Assunçaoa et al. 2013; Campbell 2008), since around 100 GB of data were processed
using Cloud computing. As in Big Data analysis, data mining techniques were applied
to extract information from noisy data. Furthermore, unsupervised data mining tech-
niques were used, because a complete preliminary manual review would have been
unpractical on the used large benchmark dataset. In the case of the presented experi-
ment, noise (and possible systematic errors) was represented bymissing human review
of data and properties were extracted that would have been valid also without noise.
Furthermore, different categories of data were detected, to help experts later focus on
certain subsets.

One of the advantages of the presented method is also that it fits with modern
requirements of Science, mostly advised by novel Science paradigms (Hey et al. 2009;
Waldrop 2008): (1) it facilitates human review of data, (2) it is repeatable and repro-
ducible, (3) it can be directly applied to other data.
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