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Detecting patterns of climate change in long-term forecasts of
marine environmental parameters
Gianpaolo Coro a, Pasquale Paganoa and Anton Ellenbroekb

aIstituto di Scienza e Tecnologie dell’Informazione “A. Faedo” – CNR, Pisa, Italy; bFood and Agriculture Organization
of the United Nations (FAO), Rome, Italy

ABSTRACT
Forecasting environmental parameters in the distant future requires
complex modelling and large computational resources. Due to the
sensitivity and complexity of forecast models, long-term parameter
forecasts (e.g. up to 2100) are uncommon and only produced by a few
organisations, in heterogeneous formats and based on different
assumptions of greenhouse gases emissions. However, data mining
techniques can be used to coerce the data to a uniform time and spatial
representation, which facilitates their use in many applications. In this
paper, streams of big data coming from AquaMaps and NASA
collections of 126 long-term forecasts of nine types of environmental
parameters are processed through a cloud computing platform in order
to (i) standardise and harmonise the data representations, (ii) produce
intermediate scenarios and new informative parameters, and (iii) align all
sets on a common time and spatial resolution. Time series cross-
correlation applied to these aligned datasets reveals patterns of climate
change and similarities between parameter trends in 10 marine areas.
Our results highlight that (i) the Mediterranean Sea may have a
standalone ‘response’ to climate change with respect to other areas, (ii)
the Poles are most representative of global forecasted change, and (iii)
the trends are generally alarming for most oceans.
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1. Introduction

Among the disruptive effects of climate change, ecological changes are particularly feared and
monitored, also because of their influence on many aspects of human life (Fritze et al. 2008;
Boon et al. 2011; Keim 2011; Sauerborn and Ebi 2012; Schleussner et al. 2016). Climate change
can seriously affect species’ habitat distribution especially if coupled with anthropogenic pressure
(Secretariat of the Convention on Biological Diversity 2009). In several ocean areas this combi-
nation has already demonstrated its negative effects at species abundance and biodiversity levels
(Cheung et al. 2009). Another consequence is the irreversible impact on a wide range of ecosys-
tem services that are essential for human well-being, e.g. food provisioning, water quality regu-
lation, leisure, and recreation (Harley et al. 2006). The potential impact of climate change on
species’ habitat distribution has also been investigated through ecological models relying on
predictions of future environmental conditions. The forecasted environmental parameters
are the base of several studies on ecosystems response to perturbations and habitats shift

© 2018 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (http://
creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the
original work is properly cited, and is not altered, transformed, or built upon in any way.

CONTACT Gianpaolo Coro coro@isti.cnr.it
Supplemental data for this article can be accessed at http://dx.doi.org/10.1080/17538947.2018.1543365

INTERNATIONAL JOURNAL OF DIGITAL EARTH
https://doi.org/10.1080/17538947.2018.1543365

http://crossmark.crossref.org/dialog/?doi=10.1080/17538947.2018.1543365&domain=pdf
http://orcid.org/0000-0001-7232-191X
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:coro@isti.cnr.it
http://dx.doi.org/10.1080/17538947.2018.1543365
http://www.digitalearth-isde.org/
http://english.radi.cas.cn/
http://www.tandfonline.com


(Scheffer et al. 2001; Thrush et al. 2009; Coro et al. 2016). However, reliable forecasts are mostly
limited to the near future and regional levels, because of the complex modelling and high com-
putational resources required. A high-quality forecast model for marine-related environmental
parameters usually includes air and ocean currents dynamics, socio-economic human-related
factors, and alternative scenarios of emissions/concentration of greenhouse gases. The required
computational capabilities usually involve costly high-performance computing systems that
require even weeks of computations to produce a 10-year forecast of one parameter at the
regional scale (Artale et al. 2010; Gualdi et al. 2013). As a consequence, parameters forecasts
in the distant-future (e.g. reaching 2100) are uncommon and published by few organisations
that can afford the costs and own the required competences. These forecasts usually assume
coarse hydrodynamic approximations (e.g. general circulation models), start from heterogeneous
assumptions, and use different parameters, which makes them difficult to compare. Nevertheless,
they represent the fundamental source of information for further data mining processes and
expert analyses that detect patterns independent of the coarse approximations used by the
models. These pattern recognition techniques can reveal trends of ecological change, habitat
shifts, impact on fisheries, and food provisioning due to climate change. Indeed, many works
have analysed the results of long-term environmental forecasts, especially at regional level
(Otto et al. 2016; Uhe et al. 2016). Several of these identify temperature as a major indicator
of climate change, and most forecasts estimate an increase up to 2°C in 2100 (Meinshausen
et al. 2009; Schrier et al. 2013; Assessment 2018). Other works consider several parameters com-
bined (e.g. energy, land, water, and oceans) in visual analyses enriched with standard statistics
and expert discussion about possible interactions between these parameters (Birol 2008;
Goldman, Kessler, and Danter 2010; Krey 2014). Most current approaches rely on the results
of one or a few specific models and evaluate a model’s accuracy based on the measure of how
this can recreate past scenarios (Donner et al. 2011). Another use of environmental parameter
forecasts is in ecological niche modelling, where the correlations between environmental con-
ditions and a species’ occurrences in its native habitat are estimated (Pearson 2007). Using fore-
casts, niche models can be projected in the future, for example, to extract patterns of habitat shift
due to climate change out of many species habitats distributions (Coro, Pagano, and Ellenbroek
2014, 2016). In fact, pattern recognition techniques are better suited to process the output of
many models, in order to overcome model-specific biases and use complementary properties
of the models (Coro et al. 2018).

In this paper, AquaMaps and NASA data collections were used, which include most available and
relevant long-term forecasts of environmental parameters. Altogether, these collectors publish fore-
casts for 9 types of environmental parameters between 1950 and 2100, at different spatial and tem-
poral resolutions and under different socio-economic and greenhouse gases emission scenarios
(IPCC SRES A2, RCP 4.5, and RCP 8.5). Based on these data, this paper presents an analysis of
126 forecast models and the process to standardise and align the data on a common spatio-temporal
grid. Further, two additional variables were estimated as the difference between air and sea tempera-
ture under two distinct greenhouse gases concentration scenarios. Our analysis is oriented to marine
environment, since our aim was to produce the base data for a forecast of potential climate change
impact on fisheries and species distributions, and thus most variables are marine-related. In particu-
lar, 10 marine areas were selected in order to highlight the trends of the parameters in these areas and
to trace similarities in the areas’ response to climate change. These similarities were first qualitatively
estimated through visual comparison of maps and of averaged time series, and then quantitatively
inspected through time series cross-correlation analysis. The streams of big data coming from the
two collections were processed through a cloud computing platform and published Open Access
under standard representation formats. Also, the conversion and publication processes were openly
published under a standard for computations representation.

The analysed data use different hypotheses of greenhouse gases emission scenarios. In particu-
lar, AquaMaps uses the Intergovernmental Panel on Climate Change (IPCC) Special Report on
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Emissions Scenarios (SRES) – A2 scenario, which describes a heterogeneous future where inde-
pendent, self-reliant nations operate in the context of a constantly increasing population, with a
regionally oriented economic development, slow and fragmented technological change, and no
barriers to the use of nuclear energy. Instead, NASA uses two different greenhouse gases concen-
tration hypotheses: Representative Concentration Pathways (RCP) 4.5, a medium-concentration
scenario in which total radiative forcing stabilises just after 2100 without overstepping the target
level, and RCP 8.5, a high-concentration scenario due to increasing greenhouse gases emission
over time.

This paper is organised as follows: Section 2 explains the data and the used computational tools
and analysis techniques. Section 3 reports qualitative and quantitative comparisons and results. Sec-
tion 4 discusses the compliance of our findings with other studies. Section 5 describes possible appli-
cations and reuse of our tools and analysis, and draws the conclusions.

2. Material and methods

2.1. Data and resources

Good quality annual forecasts are published by the AquaMaps Consortium for years 1950 (back-
wards forecast), 2050, and 2100 for 6 marine environmental parameters at 0.5° resolution: Sea sur-
face temperature (SST), primary production, temperature at sea bottom level (SBT), sea surface
salinity (SSS), salinity at sea bottom level (SBS), and ice concentration. The real observations in
2016 of these parameters come from heterogeneous data providers (Table 1), i.e. the World
Ocean Atlas, NOAA Climatology, Sea Around Us, and the US National Snow and Ice Data Centres.
AquaMaps uses the IPSL general circulation earth system model for the 5th IPCC report (IPSL-
CM5) (Dufresne et al. 2013) to project data in 1950, 1999, 2050, and 2100 according to the IPCC

Table 1. List of parameters involved in our analysis with associated primary sources, data collectors, used approach to forecast real
observations in the past and in the future, spatial and temporal resolutions, and temporal frames of the forecasts.

Parameter Primary source
Data

collector
Forecast
approach

Spatial
resolution
(degrees)

Time
resolution

Time
frames

Ice concentration US National Snow and Ice
Data Centre (NSIDC)

AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Temperature at sea
bottom level

World Ocean Atlas AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Sea surface temperature NOAA-NCEP Climatology AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Sea surface salinity World Ocean Atlas AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Salinity at sea bottom
level

World Ocean Atlas AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Primary production Sea Around Us AquaMaps IPSL – IPCC
SRES A2

0.5 Annual 1950, 2050,
2100

Minimum air
temperature in RCP 4.5

CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100

Maximum air
temperature in RCP 4.5

CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100

Precipitation in RCP 4.5 CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100
Minimum air
temperature in RCP 8.5

CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100

Maximum air
temperature in RCP 8.5

CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100

Precipitation in RCP 8.5 CMIP5 NASA BCSD-GCM 0.25 Daily 1950–2100

Notes: CMIP5 indicates 20 real-valued models collected by NASA from the Coupled Model Intercomparison Project Phase 5. IPSL –
IPCC SRES A2 indicates use of the IPSL model to project data under the IPCC SRES A2 scenario. BCSD-GCM indicates bias-correc-
tion spatial disaggregation applied by NASA to general circulation models results.
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SRES A2 scenario. The values of this model are adjusted using real observations to obtain definitive
values. In particular, final estimates for 2050 are obtained as

Parameter Value in 2050 = IPSL value in 2050

+ (Observation value in 2016− IPSL value in 1999)

The same approach is used to produce definitive data for 2100 and 1950. In the formula, the
differences between real observations and modelled values in 1999 are used as a correction term
that takes into account the slopes of parameter changes in each 0.5° location. As a consequence,
this approach cannot produce definitive values for 1999.

The AquaMaps data have ∼1 GB size and are distributed in unstructured textual format through
the provider’s Web site (www.aquamaps.org/main/envt_data.php). Metadata are available at a sep-
arate location in MS-Excel format (www.aquamaps.org/main/files/HCAFMetadata_v6.xls). Thus,
processing is usually required to use these data in ecological models. Based on these parameters,
AquaMaps has built effective ecological niche models that incorporate scientific expert knowledge
to account for known biases and limitations of marine species occurrence records collections
(Ready et al. 2010). These models use bio-climatic parameters envelopes and allow exploring geo-
graphic shifts as a response to climate change. In particular, the algorithms can estimate the distri-
bution of a species in its native habitat today (AquaMaps-Native), in 2050 (AquaMaps-Native 2050),
and in 2100 (AquaMaps-Native 2100). The 2050 and 2100 algorithms use the forecasts of their cor-
responding years parameters and also account for modifications in the water surface level.

NASA publishes long-term daily forecasts from 1950 to 2100 through its Earth Exchange plat-
form (NEX-GDDP, nex.nasa.gov) at 0.25° resolution for minimum and maximum near-surface
air temperature, and precipitation at surface (Table 1). Forecasts come from 20 real-valued (plus
one binary) weather models provided by the Coupled Model Intercomparison Project Phase 5
(pcmdi.llnl.gov/mips/cmip5). These are general circulation models that use alternative hypotheses
of medium mitigation and high concentration of greenhouse gases, corresponding to RCP 4.5 and
8.5 (Thrasher and Nemani 2015). A total of 120 real-valued models is published by NASA for the
three variables in the two pathways. They are accessible through a cloud catalogue

Figure 1. Bounding boxes of the ten marine areas used to detect similarities in their response to climate change: 1 (overall image
outline) – Global oceans, 2 (dashed outlines) – Poles, 3 (dashed outline) – Equator, 4 (dashed outlines) – Tropics, 5 (solid outline) –
North Atlantic Ocean, 6 (solid outline) – South Atlantic Ocean, 7 (solid outline) – Indian Ocean, 8 (solid outlines) – Pacific Ocean, 9
(solid outline) – Oceania and Indonesia, and 10 (solid outline) – Mediterranean Sea.
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(dataserver.nccs.nasa.gov/thredds/catalog/bypass/NEX-GDDP/catalog.html) under the Network
Common Data Form standard (NetCDF) that also embeds metadata (Domenico 2011). NASA fore-
casts (∼200 GB size) are usually post-processed before being used in ecological models, because dis-
tant-future daily estimates are not useful in long-term modelling (Hunsaker et al. 1990; Pickett et al.
2015).

2.2. Computational platform

Our experiment required analysing hundreds of gigabytes of data, thus a cloud computing plat-
form was used to speed processing up. In particular, the DataMiner open-source system (Coro
et al. 2015, 2017, freely accessible and usable after registration at services.d4science.org/group/
biodiversitylab/data-miner) was used for big data preparation and processing. Using a Map-
Reduce approach, DataMiner allowed our processes to parallelise files downloading and proces-
sing on a network of 30 multi-core machines (Ubuntu 14.04.5 LTS ×86 64 with 16 virtual CPUs,
16 GB of random access memory, 100 GB of disk) and allowed producing maps, time series, and
cross-correlations. DataMiner interoperates with the services of the D4Science distributed e-
Infrastructure (Candela, Castelli, and Pagano 2009) that provides collaborative experimentation
spaces supporting the exchange of the complete set of experimental parameters, inputs, and
results (i.e. the computational provenance). Further, D4Science adds open-source and free-to-
use Web services to publish and access the produced results either openly or tailored for a
domain-focussed group of people (i.e. a Virtual Research Environment). The data produced
for this paper were published Open Access on the D4Science catalogue and geospatial services
(services.d4science.org/catalogue and thredds.d4science.org/thredds/catalog/public/netcdf/Cli-
mateChange/catalog.html) as freely re-usable and distributable data. Files and results were
also published in a free-access human-readable format on a D4Science high-availability storage
system (CNR 2018). The cloud computing processes that operate the conversions of the Aqua-
Maps and NASA files were developed in R and published as-a-service under the Web Processing
Service (WPS) standard, which standardises their input, output, and metadata and thus is read-
able by GIS tools (e.g. QGIS, www.qgis.org, and ArcGIS, www.arcgis.com) and metadata cata-
logues (e.g. GeoNetwork, geonetwork-opensource.org, and CKAN, ckan.org). This approach is
compliant with Open Science (Hey, Tansley, and Tolle 2009) by ensuring (i) the persistance of
processes and data, (ii) their reusability in other experiments, and (iii) the reproducibility of the
results reported in this paper.

2.3. Data preparation

The six AquaMaps environmental parameters time series were processed to produce structured and
standard representation as NetCDF files, via R-based algorithms using a Map-Reduce approach
through DataMiner. These custom algorithms transformed textual data into NetCDF files and pub-
lished the output on the D4Science catalogue services. In particular, a Unidata-Thredds service
instance (Caron and Davis 2006) enables access to the files remotely through protocols of the Open
Geospatial Consortium. After standardisation, 0.5° resolution time series were available for the six
AquaMaps parameters for the reference years 1950, 2050, and 2100. A 2016 scenario was generated
by processing real observations in 2016 to make them consistent with the other scenarios: for each vari-
able, real data were point-by-point automatically checked and forced to be inside upper and lower
boundaries represented by the values in 1950 and in 2050. Points with increasing trend had 1950 values
as lower-bounds and 2050 as upper-bounds; vice-versa for points with decreasing trend. Finally, under
the approximation of linear shifting for short periods (Thrasher and Nemani 2015), a 1999 scenario
was generated through a point-by-point backward linear interpolation from 2016 with slopes calcu-
lated based on the differences between the IPSL-estimated 2050 and 1999 values.

INTERNATIONAL JOURNAL OF DIGITAL EARTH 5

http://www.qgis.org
http://www.arcgis.com


In summary, the implemented transformation process went through the following steps for each
variable:

(1) configure reference system dimensions (time, depth, longitude, and latitude) and size;
(2) declare the dependencies of the variable from these dimensions;
(3) extract variable’s metadata from the AquaMaps reference files, e.g. size, description, data pro-

vider, etc.
(4) make metadata compliant with the NetCDF Climate and Forecast conventions (Eaton et al.

2011);
(5) create the file structure in the NetCDF Common Data Language (CDL);
(6) extract definitive parameters values for 1950, 2050, and 2100 from the AquaMaps raw data;
(7) extract IPSL-estimated values for 1950, 1999, 2050, and 2100, and real observations from the

AquaMaps raw files;
(8) produce a 2016 scenario through point-by-point consistency check of real observations with

respect to 1950 and 2050;
(9) produce a 1999 scenario through backwards linear interpolation from 2016, using the 1999 and

2050 IPSL-estimated values to calculate point-by-point slopes;
(10) attach the payloads to the NetCDF structure and produce the file.

This workflow was executed by one different DataMiner machine for each variable using multi-
core processing on each machine (Map phase) and eventually all the NetCDF files were collected,
merged, and transferred to the D4Science Thredds service, with their metadata indexed on the
D4Science catalogue (Reduce phase). As a result, one NetCDF file containing the 6 AquaMaps vari-
ables was produced, which contains 0.5° resolution grids of annual forecasts in the years 1950, 1999,
2016, 2050, and 2100.

Our analysis required consistent data sets from both AquaMaps and NASA aligned in time and
space. Thus, AquaMaps data impose constraints on the NASA data, because they have lower resol-
ution (0.5° vs. 0.25°) and annual estimations on five years (instead of daily reports for all years up to
2100). Further, in order to simplify the management and the analysis of the NASA data, the 20
NASA-collected models were merged into one time series for each parameter and RCP scenario.
Thus, 6 merged time series (i.e. for 3 parameters and 2 RCP scenarios) were obtained by averaging
the daily forecasts of all the 20 models, using an approach adopted also by NASA to produce com-
pact representations of parameters time series (NASA-NEX 2014). In order to further compress this
information, the minimum and maximum air temperature time series were averaged to obtain one
temperature time series (indicated simply as SAT in the rest of the paper).

The NASA data transformation workflow went through the following steps:

(1) download the 20 daily forecasts for each of the 3 variables in the two RCP scenarios (120 geos-
patial time series overall);

(2) produce annual averages for each time series;
(3) average the 20 annual forecasts and obtain one time series for each variable and RCP scenario (6

time series overall);
(4) average the minimum and maximum air temperature time series and obtain one averaged air

temperature time series for each RCP scenario;
(5) reorder the latitudes between –180 and 180 in compliance with the AquaMaps representation;
(6) select values in 1950, 1999, 2016, 2050, and 2100 for each time series;
(7) produce one NetCDF file for each variable and RCP scenario that follows the CF conventions for

metadata descriptions.

The workflow was executed by one different DataMiner machine for each NASA model (Map
phase) and eventually all the NetCDF files were collected, merged, and transferred to the D4Science
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Thredds service, with their metadata indexed on the D4Science catalogue (Reduce phase). In the end,
4 annual time series (and files) with 5 years were obtained out of the NASA data, containing averaged
air temperature (SAT) and precipitation in RCP 4.5 and in RCP 8.5.

2.4. Data processing

2.4.1. Estimate of two additional parameters
Two additional parameters were estimated as the differences between averaged annual near-surface
air temperature and sea surface temperature (SAT-SST) in RCP 4.5 and in RCP 8.5. Although the
IPCC and RCP scenarios have different geneses, these two environmental parameters are useful
to highlight properties of the modulations of air temperature with respect to the same reference
sea temperature. Further, these modulations are correlated with sea level variation (Bintanja, van
de Wal, and Oerlemans 2005) and thus contain interesting information. Indeed, a small temperature
difference between sea and air may indicate that there is no layer (e.g. ice) isolating air from the sea.
The importance of the two new parameters will be clarified by the analysis reported in the next sec-
tion, since they are able to highlight the differences between the responses of different marine areas to
climate change better than other parameters.

2.4.2. Time series per marine area
Similar to other ocean circulation experiments (NOAA-WOCE 2002), ten marine areas were
selected to detect similarities in their response to climate change (Figure 1; numerical definitions
of the bounding boxes are available in supplementary material): Global oceans, Poles, Equator,
Tropics, North Atlantic Ocean, South Atlantic Ocean, Indian Ocean, Pacific Ocean, Oceania
and Indonesia, and Mediterranean Sea. Time series of all 12 environmental parameters were recal-
culated for each area by averaging their area-specific values in order to study their modulations and
variances. Based on these time series the means of the mean values in the areas and the variance of
these means were calculated. Especially the time series of the means’ variances of a parameter is
important to reveal if the parameter tends to uniformity over the areas: A decreasing variance indi-
cates increasing agreement between the mean values across the areas (uniformity), whereas increas-
ing variance indicates that the values will become overall more heterogeneous in the future
(heterogeneity).

2.4.3. Time series cross-correlation
The time series recalculated over the areas were cross-correlated and the zero of the cross-correlation
function was used as a similarity score between two time series (Rabiner and Gold 1975). This score
indicates how much two time series have similar, opposite, or independent trends. By averaging the
similarity scores of the correspondent time series of two areas, an overall area-similarity score was
calculated, which can be interpreted as a measure of how similarly two areas respond to climate
change. A similarity score was calculated also between pairs of parameters, by averaging their simi-
larities over the areas. The results of these analyses were two symmetric comparison matrices, one for
the areas and another one for the time series.

3. Results

3.1. Data visualisation

The transformation and publication of ∼1 GB of AquaMaps data and of ∼200 GB of NASA data into
NetCDF files allowed publishing these data under a number of formats. Among these, the Web Map
Service (WMS) allows visualising the files as interactive maps and overlaying them with other data,
e.g. background Earth representations, species distribution maps, etc. D4Science provides an online
visualisation tool for the data, accessible after free registration (services.d4science.org/group/
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biodiversitylab/geo-visualisation). Visualisation is important to do a first qualitative assessment of
the similarities between the parameters distributions in time (animations, images, and charts are
available for all variables in supplementary material). In particular, increasing trend of temperature
is visible for all temperature data (Figure 2(a–d)). Rapid increase of averaged air temperature is evi-
dent (Figure 2(c)), with air temperature in RCP 8.5 increasing most (Figure 2(d)). In this global view,
effects like temperature increase at the poles due to ice concentration reduction are hidden by the
larger increase in other areas. These aspects will be inspected and highlighted with the more detailed
analysis reported in the next section. However, these variations are already visible in the global charts
of the difference between air and surface temperatures (SAT-SST). Differences can be observed
between SAT-SST in RCP 4.5 and SAT-SST in RCP 8.5 already by visually comparing the figures
(Figure 2(e,f)). In particular, SAT-SST in RCP 8.5 decreases everywhere possibly indicating that
the separation layers’ thickness decreases. Instead, SAT-SST decrement in RCP 4.5 seems more
marked at the Poles than elsewhere but with lower strength than in the RCP 8.5 scenario. The
other parameters show various trends (images are available in supplementary material): a decreasing
trend is visible for ice concentration, sea surface salinity presents local reductions (especially at the
Poles, because of ice melting) and increases, sea bottom salinity remains quite stable, primary pro-
duction has localised decrement, and precipitation increase in several areas (with higher increases in
RCP 8.5) but show localised decreases, e.g. in the Mediterranean Sea.

3.2. Time series analysis

In order to further analyse the trends of the visual comparison, the time series of the 10 areas were
used (Figure 3; the complete set of charts is available in supplementary material). This representation
improves understanding of the variations of the analysed environmental parameters. For example,
stability of bottom sea water temperature is visible in most areas, but an increase is evident at the
Poles and in the Mediterranean Sea (Figure 3(b)). Linear and non-linear increase of air and sea temp-
erature in all areas are evident, with the greater increase at the Poles, around the Equator, and in the
Mediterranean Sea (Figure 3(a,c,d)). A high difference is visible between the SAT-SST variables: the
RCP 4.5 time series indicates possible recovery of pre-industrial level in most areas except for the
Poles and the North Atlantic Ocean, whereas values decrease everywhere in RCP 8.5 and thus no
recovery is possible with high concentration of greenhouse gases (Figure 3(e,f)). As for the other par-
ameters, ice concentration rapidly decreases at the Poles with non-linear trend. Decreases of sea sur-
face salinity are more evident at the Poles, whereas a non-linear increase is visible in the South
Atlantic Ocean and in the Mediterranean Sea in 2100. Bottom sea water salinity stability is
confirmed. Primary production shows a global reduction with limited decreases except in the Med-
iterranean Sea. Similar trends are visible for precipitation, with greater reduction under RCP 8.5 and
especially in the Mediterranean Sea.

The areas around the Poles reflect the global average trends and are thus overall representative of
climate change (Figure 4(a,b)). The Mediterranean Sea is an exception, because it presents at least
one different (e.g. SAT-SST, primary production) or even inverse (e.g. precipitation) trend compared
to the other areas (Figure 4(c)). Apart from these evident cases, similarities between the areas are
difficult to assess qualitatively and thus a quantitative assessment is necessary (e.g. between the Tro-
pics and the other areas, Figure 4(d)).

The global average charts summarise the trends of the parameters and their variances, but
they may flatten representation if the variance is too large (Figure 4(a)). Instead, the time series
of the average mean values over the areas (Figure 5(a)) highlights global differences between the
parameters and allows distinguishing variables having (i) overall linear and non-linear mono-
tonic-increasing trend (SAT, precipitation, SST, SBT), (ii) overall monotonic-decreasing trend
(primary production, SBS, ice concentration, SAT-SST in RCP 8.5), (iii) and recovering trend
(SAT-SST in RCP 4.5). Additional information is given by the variances charts (Figure 5(b)).
In particular, SAT and SAT-SST tend to overall uniformity whereas SST tends to heterogeneity,
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Figure 2. Representation of temperature-related time series extracted by our analysis: (a) Sea surface temperature from AquaMaps (under the IPCC SRES A2 scenario), (b) sea bottom temperature from
AquaMaps (under the IPCC SRES A2 scenario), (c) averaged near-surface sea air temperature in the RCP 4.5 and (d) in the RCP 8.5 emission scenarios from NASA, (e) difference between air and sea
surface temperature in the RCP 4.5 and (f) in the RCP 8.5 scenarios.
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which is one important difference between air and sea surface temperatures trends. Further, the
general trend of ice melting corresponds to the overall non-linear decrease of the ice concen-
tration variance. Also, sea surface and bottom sea water salinity, bottom sea water temperature,
and precipitation tend to heterogeneity across the areas, but primary production tends to
uniformity.

3.3. Similarity assessment

The areas comparison matrix reveals mutual overall correlations of environmental parameters
change (Table 2). These correlations can be explained as a measure of similarity between the
responses of two areas to climate change. The matrix highlights that the Poles reflect global average

Figure 3. Charts of mean values and variances of temperature-related time series values in 10 marine areas: (a) Sea surface temp-
erature from AquaMaps, (b) sea bottom temperature from AquaMaps, (c) averaged near-surface sea air temperature in the RCP 4.5
and (d) in the RCP 8.5 emission scenarios from NASA, (e) difference between air and sea surface temperature in the RCP 4.5 and (f)
in the RCP 8.5 scenarios.
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Figure 4. Charts of the average values of the 12 parameters used by our analysis in 4 of the 10 selected marine areas: (a) Global oceans, (b) Poles, (c) Mediterranean Sea, and (d) Tropics.
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Figure 5. Charts of (a) average values and (b) variances of the 12 parameters used by our analysis, calculated over the average values of the parameters in the 10 selected marine areas.
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change and similar patterns exist for the Tropics and the Indian and Pacific Oceans. It also reveals
the exceptional reaction of the Mediterranean Sea, which is strikingly different from the areas around
the Equator, the South Atlantic Ocean, and Oceania and Indonesia. The areas around the Equator
and the North and South Atlantic Oceans are neither similar between them nor with other areas;
Oceania and Indonesia show a similar response to climate change as the Pacific and the Indian
Oceans.

Focussing on the parameters comparison matrix, the cross-correlation analysis shows similarities
between temperature parameters due to their monotonic-increasing trends everywhere (Table 3).

Table 2. Matrix of the similarities between the 10 selected ocean areas, calculated as the average cross-correlation between all 12
parameters time series of the areas.

Note: High (over 0.9) and low (under 0.4) similarities are highlighted. Since the matrix is symmetric, specular values are not
reported.

Table 3. Matrix of the similarities between the 12 environmental parameters used by our analysis, calculated as the average cross-
correlation of the time series across the 10 selected marine areas.

Note: High (over 0.9) and inverse (below −0.9) similarities are highlighted. Since the matrix is symmetric, specular values are not
reported.
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The analysis highlights that temperatures have a strong inverse correlation with SAT-SST in RCP 8.5
due to its monotonic-decreasing trends. Precipitation has low inverse correlation with non-linearly
decreasing time series like ice concentration and SAT-SST in RCP 4.5. Salinity parameters have no
relevant similarity with other parameters because of non-uniform trends across the areas, e.g. cor-
relation with ice concentration occurs at the Poles but not elsewhere (because of zero concentration),
thus the correlation between these two is positive but not high.

4. Discussion

Our results agree with other studies focussing on the 12 involved environmental parameters. Increas-
ing trends of sea surface and air temperatures related to anthropogenic climate change have been
reported by many other works, along with their current and future negative effects on food provi-
sioning and ecosystems (Ghil and Vautard 1991; Graham 1995; Liu et al. 2006; Dai 2013; Burrows
et al. 2014; Chou et al. 2014; Alkama and Cescatti 2016; Alpert et al. 2016; Coro et al. 2016; Lesk,
Rowhani, and Ramankutty 2016; Alexeeff et al. 2018). Further, our analysis of averages and variances
across the ten areas agrees with other studies that have estimated near-future monotonic increase
(with no ‘slowdown’ effect) for all temperature parameters in these areas (Karl et al. 2015; Lewan-
dowsky et al. 2015; Dosio 2016). Our analysis also highlights that SST will have more heterogeneous
values across the areas with respect to the other temperature parameters. Indeed, also other studies
have reported this property and have correlated it with the influence of periodic phenomena such as
the Interdecadal Pacific Oscillation and the Southern Oscillation (Kim et al. 2014; Shaltout and
Omstedt 2014; Meehl et al. 2016).

The SAT-SST parameter has the property to reveal differences between the SAT and SST par-
ameters trends, especially at the Poles. Indeed, this parameter has been recently indicated as essential
in robust comparison of climate models and has been correlated with ice boundary change (Cowtan
et al. 2015). As for the other environmental parameters, also other works have reported (i) non-uni-
form trends of salinity across the areas (Jacobs and Giulivi 2010; Lee et al. 2016), (ii) non-uniform
trends in primary production with localised decrements (Brouwers and Coops 2015; Schine, van Dij-
ken, and Arrigo 2016), and (iii) increase of precipitation at the Poles (Bintanja and Selten 2014).

The particular resilience and response of the Mediterranean Sea to climate change can be inferred
after carefully analysing the results of other forecasting experiments (Adloff et al. 2015; Mariotti et al.
2015), but our analysis is able to directly highlight these peculiarities. Indeed, the rapid change that is
being observed in Mediterranean marine biota is mainly due to other factors than climate change
(Marbà et al. 2015).

Finally, our analysis indicates that the Poles are the most representative of global change, because
their environmental parameters are going to have the highest variations. In agreement with this
observation, other studies have estimated that climate change is going to have the highest impact
on the Poles because of the sensitivity of polar ecosystems to sea-ice retreat and temperature increase,
and poleward species migrations (Halpern et al. 2008; Doney et al. 2011).

5. Conclusions

This paper has described how currently incomparable climate change-related datasets were made
uniform, and what trends can be found in and between these datasets. It has also described how
data and experiments can be made available under an Open Science approach. Big data from hetero-
geneous sources were aligned over space and time, and were transformed into standard NetCDF files
with harmonised metadata vocabularies. This operation allowed (i) extracting general properties of
the data through visual comparison of maps and time series, (ii) producing variables combinations
(SAT-SST) that make properties of the single parameters more evident, (iii) discovering similarities
between the extracted time series, and (iv) comparing the impact of climate change between 10
different marine areas. The approach was applied to produce harmonised reference datasets for
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climate change analysis for the years 1950, 1999, 2050, and 2100, along with a statistical analysis of
cross-correlations between the time series.

Our analysis indicates that the expected changes at the Poles correspond to global average change.
It also predicts that the Mediterranean Sea will likely have unique reaction to climate change. Intro-
ducing new parameters of sea–air temperature differences under RCP 4.5 and RCP 8.5 highlights
that only under RCP 4.5 it is possible to have a recovery to pre-industrial values for this difference.
Several parameters present area-specific non-linear trends and mutual inverse correlations, likely
because they are naturally related to each other (e.g. sea surface salinity and ice concentration at
the Poles).

The results and the processes reported in this paper are made available as free and open data
sources, and we encourage further analyses. They can possibly facilitate global scale ecological
models and fisheries management models. For example, our data can be used to compare species

Figure 6. AquaMaps distributions of Engraulis encrasicolus (a) in 2016 and (b) in 2050 overlaid on Economic Exclusive Zones.
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distributions today and in the future to estimate the potential impact of climate change on habitat
shifts, and as a consequence on fisheries. In a yield-biomass equilibrium scenario, fish abundance in
the future depends on suitable habitat distribution that changes following the effects of climate
change. With our datasets, species distributions estimated for today and future years (e.g. 2050
and 2100) can be projected on Economic Exclusive Zones (EEZs) to estimate the potential impact
of habitat change on EEZ-dependent fisheries (examples and images are available in supplementary
material). For example, using the marine data for 2050, the AquaMaps model estimates that in 2050
the suitable habitat of the European anchovy Engraulis encrasicolus will increase in the North Sea,
around Iceland, and in the Norwegian Sea (Figure 6). Thus, adjacent countries would likely involve
this species in their future fisheries management plan. On the contrary, the suitable habitat for
species like Istiophorus platypterus will shrink, which would have a negative impact in the Indian
Ocean, Micronesia, Indonesia, and Australia. Similarly, estimated habitat loss of Dentex angolensis
would negatively impact fisheries in Angola, Sierra Leone, Liberia, and Cameroon. Using our data-
sets, these distributions can be refined and other alternative models can be used with more variables
and years to increase the prediction reliability.

Our analysis can also be applied to parameter projections at the regional scale (e.g. the Mediter-
ranean Coordinated Regional Downscaling Experiment, Ruti et al. 2016). With high-resolution fore-
casts, the trends and similarities estimated could be added to the comparison matrix in order to
refine the assessments. Our matrix can be used also in assessing the spread of invasive species
due to climate change, through the analysis of similarities between the invaded and the native
areas (Coro et al. 2018).

The presented experiments were feasible because an e-Infrastructure was available for data har-
monisation and computationally intensive steps of the analysis. The e-Infrastructure also aided the
authors in their collaboration during the experiments, and allowed publishing processes as services,
and data on public online catalogues under standard representations. This enhances their re-usabil-
ity in future experiments and allows reproducing and repeating all steps of our analysis, in compli-
ance with Open Science approaches.
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