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Abstract

The potential impacts of climate change on marine habitats were assessed using RCP4.5
and RCP8.5 projections of environmental parameters that included sea surface temperature
(SST), pH, salinity, planktonic productivity (PP) and current strength (CS). The analysis was
conducted separately for three distinct oceanographic regions of the Portuguese coastline
(North, Centre and South) up to the middle of the century. Temporal trends in environmen-
tal variables were assessed using time series analyses. Overall, changes expected up to the
middle of the century include increasing SST and PP, decreasing pH and salinity, and slight
increases in CS. Spatial–temporal analyses revealed high present–future environmental
overlay for most environmental variables. However, changes in individual environmen-
tal variables cumulatively resulted in statistically significant changes in environmental
similarity. Still, the projected changes are not expected to exceed ecological thresholds,
above which they would be likely to alter species’ habitat suitability or to result in species
distribution shifts. Anomaly analyses suggest that present–future shifts do not surpass
1/5 (pH, PP, CS) or 2/3 (salinity) of the unit, regardless of projection and area, while
SST anomalies ranged from −1.1 ◦C to 1.1 ◦C. Compared to IPCC large-scale predictions
for Atlantic/Mediterranean regions, the intensity of shifts on the Portuguese coast may
be lower.

Keywords: Iberian coast; environmental trends; anomalies; time series; climate projections;
ecosystem dynamics; habitat shifts

1. Introduction
Fluctuations in marine populations’ abundance and presence/absence in time and

space is driven by physical and biological processes. Fish production depends primarily
on the fixation of carbon by net producers, which are highly impacted by environmental
physical processes, and their transference along the food web [1]. The habitat of a species
is determined by multiple abiotic features, and the species’ response to environmental
shifts is determined by how it responds to local oceanographic features. This means that
species must adapt simultaneously and cumulatively to diverse environmental drivers [2].
Climate change (CC) impacts the conditions of marine habitats [3], which can influence
species distribution. Therefore, understanding the impact of CC on marine habitats should
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focus, a priori, on understanding future changes/trends in environmental variables and
measure the degree of habitat shift related to species’ optimal (present) conditions to predict
species’ responses.

The Portuguese coast is contained within an eastern boundary upwelling system
(EBUS), which are known for their high levels of productivity and biodiversity [4]. Due
to its geographic situation, the Iberian Portuguese coast is considered a transition zone
with Atlantic temperate and Mediterranean and North African subtropical influences [5].
Dynamic oceanic circulation is characterized by summer wind-driven upwelling events,
and during the winter, intensified river runoff feeds the Western Iberia Buoyant Plume [6],
and the onset of the Iberian Poleward Current occurs [7].

Along the Portuguese coast, several shifts related to CC impacts have already been
reported, including changes in water temperature and pH and shifts in wind and upwelling
patterns. Between 1950 and 2010, regional warming of sea water has been reported at
variable rates along the Portuguese coast [8]. An intensification of northerly winds was
documented in the winter season (January and February) for the 1960–2010 period [9],
while for upwelling, summer intensification has been registered for the southern coast
of Portugal [10], contrasting with a slight decrease reported on the western Portuguese
coast [11]. Decreasing pH levels driven by increased anthropogenic CO2 emissions and
rising SST [12,13] have been observed in the Iberian upwelling system, with coastal areas
experiencing more pronounced trends [14]. Productivity is also reported to have increased
in coastal areas; however, most studies assess productivity in an estuarine context [15,16].

Through its Assessment Reports, the International Panel on Climate Change (IPCC)
aims to synthesize knowledge about CC and its drivers, impacts and risks and how to
reduce and mitigate them. In its Sixth Assessment Report, the IPCC predicts several
climate shifts for large regions in which Portugal is located, such as the north-east Atlantic
and the Mediterranean basin, including: (1) a very likely decrease in precipitation in all
climate projections, leading to a generally lower river runoff; (2) a likely general decrease
in wind speed, resulting in lower potential wind power production; (3) an extremely likely
continuation of sea level rise in the oceans surrounding Europe, ranging from +0.4 m to
+0.8 m for the 2081–2100 period relative to the 1995–2014 period; and (4) a steady rise of
sea surface temperatures ranging between +1 ◦C and +3 ◦C by 2100, leading to continued
increases in marine heatwaves’ frequency, magnitude and duration [17]. These predictions
are derived from projected pathways of emissions and concentrations of greenhouse gases
and aerosols and land cover and its usage [3,18], known as representative concentration
pathways (RCPs). RCP projections provide a standardized approach to the assessment of
potential impacts on the oceanographic environment and habitat across different geographic
areas. Nevertheless, given the potential for CC-related impacts to vary across different
geographical areas, it is necessary to perform regional analysis of large-scale climate change
model outputs considering several RCP projections.

Due to the convergence of different ecoregions and coastal oceanographic conditions,
many species with commercial economic importance are found along the Portuguese
coast [19]. Climate-driven environmental changes can impact marine species in a negative
or positive manner, depending on species’ intrinsic characteristics [2,20]. Such impacts have
the potential to trigger species’ adaptive responses, including shifts in species behavior
and physiology, e.g., changes in reproduction [21,22], growth [23] and mortality [24,25], as
well as changes in species geographical distribution [26]. Thus, the responses of species to
past and future changes in the environment can influence the structure and composition
of communities [27,28] and therefore the composition, production and economic value of
fishing catches [29–31].
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This study aims to interpret climate multi-model projections to assess how climate
change may impact environmental conditions along the Portuguese coast from a biological
perspective. To achieve this, multiple analyses were applied to examine projected changes
in key environmental variables. Specifically, we (i) assess annual, seasonal and monthly
trends, for intermediate (RCP4.5) and business-as-usual (RCP8.5) projections, in sea surface
temperature, pH, salinity, planktonic production and current strength up to the middle of
the century. We also (ii) compared and quantified differences between present (2006–2020)
and future (2041–2060) environmental anomalies and environmental overlay considering
three oceanographic areas of the Portuguese coast; (iii) computed environmental simi-
larity considering the differences in environmental values between present and future
projections; and (iv) carried out a literature review on observed environmental shifts along
the Portuguese coast. We discuss the influence of CC on environmental variables and
environmental similarity and how these can impact fished species considering the range of
environmental shifts between present and future scenarios found in our results.

2. Methods
2.1. Study Area

The study area matches the first slope break off the Portuguese coast and is also the
most productive area of the coast [5], where most of the coastal Portuguese fishing fleet
operates [32]. The Portuguese coastal region was divided into three distinct areas based
on its oceanographic characteristics [5,33,34] and previous studies [10]: (1) the North area
extends from the Minho River mouth at 42◦ N to Cabo Carvoeiro (Peniche) at 39◦21′32′′ N;
(2), the Centre area spans from Cabo Carvoeiro to Sagres at 36◦59′35′′ N; and (3) the South
area spans from Sagres to Vila Real de Santo António at 6◦ W (Figure 1).

Figure 1. Portuguese coast with distinguished oceanographic areas (North, Centre and South) and
200 m bathymetric line. These maps also present the mean projected annual planktonic productivity
(PP) anomaly for the 2040–2060 period, where orange and red colors indicate an increase and blue
and green colors indicate a decrease in PP.

2.2. Literature Review

To understand how oceanographic environmental variables changed over past periods
up to the present, a literature review of scientific studies published between 1980 and
2024 in the Portuguese coast was carried out using the Web of Science platform (http:
//webofknowledge.com, accessed on 27 February 2024). Using Boolean logic, specific
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keywords were used (area, environmental variable name, etc.) to search for literature
encompassing the selected environmental variables within the study area. For details on
the methodological approach used, see Supplementary Materials S1.

2.3. Data Sources/Processing/Rationale

Marine environmental data were obtained from the Copernicus Climate Data Store.
We collected data from the POLCOMS-ERSEM database (Proudman Oceanographic Labo-
ratory Coastal Ocean Modelling System—European Regional Seas Ecosystem Model). The
POLCOMS is a physical ocean circulation model that is tailored for the simulation of shelf-
sea and coastal areas, while the ERSEM is an ecosystem model of marine biogeochemistry
and the lower trophic levels of the marine food web [35]. The coupled POLCOMS-ERSEM
system has been extensively validated against satellite and in situ observations for the
Northwest European Shelf and the Mediterranean Sea, generally demonstrating a good abil-
ity to capture spatial, seasonal and temporal variability in temperature and lower trophic
level dynamics [36,37]. The environmental database contains monthly 11 km gridded data
for the North Atlantic for RCP4.5 and RCP8.5 projections, wherein an RCP (representa-
tive concentration pathway) uses radiative forcing (i.e., amount of energy) to calculate
future projections.

From 2006 to 2060, the following monthly environmental variables were collected:
sea surface temperature (SST), pH, primary productivity, secondary productivity, salinity,
eastward currents (U-component) and northern currents (V-component), up to the middle of
the century, for the top 20 sigma layers. Analysis of currents was restricted to the horizontal
components (U and V), since vertical velocity (W) data were not available in the selected
model output. Although vertical motions are important for coastal upwelling processes, the
W-component is generally several orders of magnitude smaller than horizontal velocities.

To compare current climate conditions with those projected for the middle of the
century, we defined two time periods: (i) present, from 2006–2020, and (ii) future (both
for RCP4.5 and RCP8.5), from 2041 to 2060, following the IPCC [3]. POLCOMS-ERSEM
validation by Kay et al. [36] between 2006 and 2020 demonstrated a broad agreement
between observations and model outputs, allowing us to consider model projections to
infer the current and future states of environmental variables. Also, we considered RCP4.5
outputs for the present given that the radiative forcing of the model between the two
scenarios, between 2006 and 2020, does not differ [35]. Defining these periods allowed for
comparison and measurement of differences in environmental variables between present
and projected future conditions.

Monthly data were used to create different time scales: (i) an annual scale, which is
the average of all months; and (ii) seasonal average scales: winter (January, February and
March), spring (April, May and June), summer (July, August and September) and autumn
(October, November, December).

As the spatial environmental raw data format is gridded, we calculated the monthly
zonal mean, maximum and minimum environmental values by climate projection (i.e.,
RCP4.5 and RCP8.5) and area (North, Centre and South) up to the 200 m line.

Based on tabular data, new environmental variables were calculated: planktonic
productivity (PP) and current strength (CS). PP values were obtained by summing the
primary productivity and secondary productivity time series (following Bueno-Pardo
et al., [2]). CS was calculated considering the eastward (U-component) and northern
current (V-component) vectors as follows:

CS =
√

U2 + V2 (1)
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2.4. Statistical Environmental Analysis

A total of 6 distinct analyses were performed; (1) exploratory analysis to assess com-
mon trends among variables and areas; (2) present–future shifts in environmental mean
values and (3) environmental variables’ trends, to determine whether there is an upward
or downward statistical trend and its magnitude; (4) environmental overlay (EO), which
consisted of evaluating the degree of interval range of environmental values between
present and future; (5) anomaly analysis to assess present–future differences; and (6) envi-
ronmental similarity, where all variables were considered to represent and compare the
abiotic conditions between present and future. Each of these analyses is detailed below:

(1) Dynamic Factor Analysis (DFA) was used as an exploratory technique to assess
annual common trends for each environmental variable (time series) across projections and
areas. DFA is a multivariate time series methodology that is used to estimate underlying
common patterns (trends) between non-stationary time series, i.e., attributes of the time
series such as the mean, variance and autocorrelation change over time [38,39]. The DFA
diagonal matrix model was used to test the relation between 6 time series (two RCP projec-
tions × three fishing areas) and 1 common DFA trend, allowing us to understand whether
the different time series follow a single common trend or not. Canonical correlations
were used to assess the relation between the DFA common trend and each time series,
where a canonical correlation greater than 0.5 implies that the time series are statistically
correlated/follows the same common trend [40].

(2) To compare present–future shifts in mean values by projection, region and time
scale (annual, seasonal, monthly), the one-way ANOVA test (analysis of variance) was
used. ANOVA assumptions, i.e., data normality and non-variance, were assessed with
Shapiro–Wilk and Levene tests, respectively. Whenever ANOVA assumptions were not
met, we employed the non-parametric alternative, the Mann–Whitney test. Present–future
shifts (ANOVA/Mann–Whitney outputs) were summarized by bar-plotting the frequency
of occurrence, in percentage, of significant and non-significant changes in mean values for
each environmental variable.

(3) The Mann–Kendall test was used to assess trends in environmental time series
(annual, seasonal and monthly) over time. This test fits a non-parametric linear regression
that can be used to assess whether the overtime monotonic environmental time series rep-
resents a statistical upward or downward trend [41,42]. The slope of statistically significant
trends (p < 0.05) was identified by the Sen’s slope estimator, which calculates lines between
each unique pair of points in the time series and then utilizes the median of these lines
as the Sen’s slope value [43]. Moreover, using median values rather than average values
prevents extreme values from skewing the data [43]. The magnitude of inclination of the
Sen’s slope indicates the rate of variation of a given environmental variable over time [43].
To summarize the overall linear regression analysis (102 analyses per environmental vari-
able: 12 monthly, 4 seasonal, and 1 yearly analysis for each of the three areas and across
two projections), the results were bar-plotted, allowing us to understand the frequency of
occurrence, in percentage, of significant and non-significant trends.

(4) The EO was estimated as the percentage of overlay between the observed and
expected ranges of the different environmental variables between the present and the future
periods. It was calculated using the following formula:

EO =
P
⋂

F
P

× 100 (2)

where P represents the present data range (i.e., present minimum to present maximum)
for each time scale (i.e., monthly, seasonal or yearly), F represents the future data range
(future minimum to future maximum) and

⋂
corresponds to the intersection between

https://doi.org/10.3390/w18111326

https://doi.org/10.3390/w18111326


Water 2026, 18, 1326 6 of 20

P and F. This index allows us to evaluate the intersection of present and future datasets
(Equation (2)) and determine the percentage of values that can be found in both present and
future projections, with values close to 100% meaning that present–future environmental
values will match, while values close to 0% represent a null intersection of values between
periods (completely dissimilar).

(5) Anomalies correspond to the difference in the mean (µ) value of environmental
variables between the future and present periods (µ future − µ present). To interpret
anomaly variations, anomaly classes were created to better measure the anomaly intensity
range, with each observation being assigned to a specific anomaly class by variable. We
used absolute values to represent anomaly variations for all the variables except for PP.
Due to the unit dimension/scale of PP (E−08 mol m–3 s−1), we presented it in percentage
classes (e.g., 0–10% etc.). This decision was related to the difficulty in interpreting present–
future value shifts when we are dealing with 7 to 8 decimal places in exponential values.
Histograms were plotted, with different ranges of size–class anomalies, to better understand
anomaly distribution in each variable.

(6) Given that shifts in abiotic conditions constrain species habitat selection/suitability [27],
we evaluated environmental similarity as the joint effect of the different environmental variables
by estimating similarity differences between present–future projections, following the Hutchin-
sonian niche concept and established practices in Species Distribution Modelling (SDMs/ENMs),
where environmental variables at species occurrence locations are used as proxies for the species’
fundamental niche in environmental space [44–46]. Since all variables are expressed in different
units, a minimum–maximum normalization (i.e., 0 to 1 normalization) was performed for
each environmental variable, removing the effect of variable unit weight before calculating
differences (changes) in habitat. A similarity matrix based on Euclidean distance was built for
each variable for each projection (RCP4.5 and RCP8.5), region (North, Centre, South) and time
scale (month, season and year). Euclidean distance was chosen since it is the standard metric
used in multivariate environmental analyses in normalized environmental space [47]. Then,
habitat differences between present and future projections were assessed by conducting an
analysis of similarity (ANOSIM) between the present (2006–2020) and future (2041–2060) for
each projection, area and time scale, resulting in a total of 102 analyses. Whenever statistical
differences were observed, the SIMPER (similarity percentages) test was used to identify the
environmental variables that explained most present–future differences [48]. Euclidian distance
output does not provide direct similarity, and it was subsequently transformed into a similarity
percentage as follows: Similarity (%) =

(
1− d/

√
x
)
× 100, where d represents the Euclidean

distance between two min–max normalized observations and x the number of variables. Divi-
sion by

√
x (the theoretical maximum Euclidean distance when all variables are normalized

between 0 and 1) implies the similarity index is bound between 0 and 100%. Similarity values
between time periods close to 100% indicate little to no environmental similarity, while values
close to 0% similarity (or 100% dissimilarity) indicate a great degree of environmental shift
between present and future.

3. Results
3.1. Literature Review

Most studies on time series did not present results by area but rather for the whole
Portuguese coast. The result of the first search yielded a total of 50 articles. We excluded
36 (lacking time series or trend data/analyses) and kept 14 articles for the current analy-
sis/discussion. The literature review (see Supplementary Materials S1—Table S1) revealed
that, for the Portuguese coast, SST (n = 6) was the most studied variable, followed by PP
(n = 4, including primary and secondary production studies). Conversely, time series
analyses focusing on salinity, pH and CS were less frequent. The six studies on SST in-

https://doi.org/10.3390/w18111326

https://doi.org/10.3390/w18111326


Water 2026, 18, 1326 7 of 20

dicated a general temperature increase, while trends in other environmental variables
showed wide variability and, in general, few statistically significant trends (Supplementary
Materials S1—Table S1).

3.2. Environmental Variable Analysis

The DFA with the lowest Akaike information criterion conducted for the SST
time series identified a single common trend that increases over time (Supplementary
Materials S1—Figure S1). However, the only regional trend statistically correlated (i.e.,
canonical correlation > 0.5) with the general DFA common trend occurred in the South area
for RCP8.5. The remaining canonical correlations are weak (<0.5). The PP DFA common
trend suggests an overall increase in PP regardless of area or projection, with a peak around
the year 2045 followed by a slight decrease over the following decade. For CS, the DFA
common trend presented an increasing trend, and all time series were positively corre-
lated with the DFA common trend. Detailed DFA outputs are available in Supplementary
Materials S1—Figures S1–S3.

A clear shift between present and future can be observed for salinity and pH (Figure 2).
In contrast, for SST, PP and CS, shifts are not as noticeable, evidencing a lower degree
of change in mean values (Figure 2). Detailed information about mean and minimum–
maximum (min–max) values by projection and area, for each environmental variable, is
provided in Supplementary Materials S1; Tables S7–S11.

Statistical shifts in present–future mean values were detected for SST (ANOVA/Mann–
Whitney tests, n = 102 analyses for each variable) in 22% of analyses (Figure 3A). For pH,
salinity, PP and CS, statistically significant differences in present–future mean values were
recorded for 96, 100, 70 and 62% of the analyses (Figure 3A).

Regarding the analysis of trends in environmental variables, statistically significant
increasing trends were detected for SST, CS and PP in 25, 35 and 50% of regression analyses.
Decreasing trends represented 4% of the analyses in SST, while for CS and PP, no decreasing
trends were statistically significant (Figure 3B). For pH and salinity, 90 and 100% of the
trends showed statistically significant decreasing trends (Figure 3B).

Statistically significant shift rates varied between a minimum–maximum (min–max)
of –0.26 (June, RCP4.5, North) and 0.24 ◦C (September and December, RCP8.5, South) per
decade for SST; there was a maximum decline around −0.04 (May, RCP4.5, North) for pH
(no increase trend in any pH analyses); a min–max of −0.17 PSU (March and April, RCP8.5,
North) and −0.02 PSU (multiple analysis) for salinity; min–max values of 5.20 × 10−10

(winter, RCP4.5, South) and 5.46 × 10−8 (July, RCP4.5, North) for PP; and a maximum of
0.01 m s−1 (several months/projections) for CS. Detailed statistical outputs and plots are
available in Supplementary Materials S1 (Tables S12–S26).

The general environmental overlay (EO) analyses (Figure 4) revealed that the overlay
between present–future datasets varied between 68 (autumn, RCP8.5, South area) and
100% (multiple combinations; n = 39 out of 102), with a mean around 95%, for SST; 46 (July,
RCP4.5, Centre area) to 100 (several combinations; n = 14 out of 102), with a mean around
87%, for pH; 38 (March, RCP8.5, South) to 91% (annual, RCP4.5, Centre area), with a mean
around 75%, for salinity; 53 (August, RCP8.5, Centre area) to 100% (several combinations;
n = 26 out of 102), with a mean around 92%, for PP; and 53 (April, RCP8.5, South area)
to 100% (several combinations; n = 39 out of 102), with a mean around 93%, for CS. See
Supplementary Materials S1, Figure S5 for full details.
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Figure 2. Mean environmental values for each variable for each projection (RCP4.5 and RCP8.5), area
(North, Centre, South) and time scale (year, season, month). Information about statistical changes in
mean values between present–future projections are provided in Figure 3A.
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Figure 3. (A) Frequency of occurrence, in percentage, of ANOVA/Mann–Whitney-identified statistical
changes (significant and non-significant differences between present–future mean values) conducted
for mean, annual, seasonal and monthly environmental data, considering both projections by area.
Information regarding individual analyses is available in Supplementary Materials S2. (B) Summary
of overall regression analysis results (102 per environmental variable, corresponding to yearly,
seasonal and monthly analyses per region and projection) with the frequency of occurrence of
trend results. Increase (plus sign) and decrease rates (minus sign) are highlighted by the b-slope
of the regression analyses. Information regarding individual regression analyses can be found in
Supplementary Materials S1—Figures S6–S20 and Tables S12–S26.
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Figure 4. Environmental overlay (EO), in percentage of overlay, between present and future pro-
jections, showing the range of values for each environmental variable by area, time scale (annual,
seasonal and monthly) and projection (RCP4.5 and RCP8.5), with a total of 102 analyses per environ-
mental variable. Environmental similarity represents shifts resulting from the contribution of changes
in all environmental variables, displayed as differences between the present and future projections.
The horizontal line represents the mean EO or similarity value for all analyses. Significant differences
between present and future, identified using ANOVA/Mann–Whitney tests, are indicated by an
asterisk (*). Significant trends identified using the Mann–Kendall test are shown using a plus sign (+)
for positive trends and a minus sign (−) for negative trends. Detailed information on EO for each
individual analysis (i.e., projection, region and time scale) is provided in Supplementary Materials S1.
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Regardless of RCP projection, the most common present–future EO ranges were
between 80 and 100%. The EO frequency of occurrence was 85, 72, 86 and 89% for SST, pH,
PP and CS, respectively. Salinity displayed a different pattern regarding EO (%), with three
EO classes (50–60; 60–70; 70–80%) comprising 61% of the EO for all analyses performed,
with the 80 to 100% class comprising 37% of the analyses (Figure 5).

Figure 5. Histogram plots showing the frequency of occurrence of EO (environmental overlay) class
distribution (in percentage) for each environmental variable ((A–E) plots) and environmental similarity
(plot (F)) between present and future, regardless of area (North, Centre, South) or time scale (annual,
seasonal and monthly). Each plot contains a total of 102 analysis for each environmental variable.

Anomaly histogram analyses (Figure 6) revealed that the frequency of occurrence of
anomaly classes representing half of the unit of the environmental variable (anomalies not
reaching half of the unit), up to the middle of the century, is high. Anomalies range from
–0.4 to +0.4 ◦C in 64% of SST analyses; 0 to –0.15 in 100% of pH analyses; –0.1 to –0.5 PSU
in 91% of salinity analyses; and –0.01 to 0.06 m s−1 in 100% of CS analyses. Regarding PP
anomaly results, the most frequent anomaly classes ranged from 0 to 60% and occurred in
84% of the analysis, indicating a general increase in PP.
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Figure 6. Environmental variable anomaly histogram plot showing frequency of occurrence (in
percentage) by anomaly class, regardless of the projection, area or time scale (annual, seasonal
and monthly).

SST anomalies between −1.2 and −0.4 ◦C (higher anomaly classes indicating SST de-
crease) and 0.4 to 1.2 (higher anomaly classes indicating SST increase) recorded a frequency
of occurrence of 8 and 28%. For salinity, the –0.5 to –0.7 PSU anomaly classes (higher
anomaly classes indicating salinity decrease) recorded a frequency of occurrence of 9%. For
PP, only 10% of the analysis revealed negative anomalies (Figure 6).

Annual SST anomalies ranged from −0.02 ◦C (RCP4.5, North) to 0.52 ◦C (RCP8.5,
South), seasonal anomalies ranged from −0.39 ◦C (spring, RCP4.5, North) to 0.68 ◦C (winter,
RCP8.5, South) and monthly anomalies ranged from −1.10 ◦C (June, RCP4.5, North) to
1.10 ◦C (November, RCP8.5, South). Annual pH anomalies ranged from −0.06 (RCP4.5,
North) to −0.03 (RCP8.5, North), seasonal anomalies ranged from –0.11 (spring, RCP4.5,
North) to −0.03 (spring, RCP8.5, South) and monthly anomalies ranged from −0.15 (April,
RCP8.5, North) to −0.01 (November, RCP8.5, North). Annual salinity anomalies ranged
from –0.50 PSU (RCP8.5, North) to –0.21 PSU (RCP4.5, South), seasonal anomalies ranged
from –0.6 PSU (winter, RCP8.5, North) to –0.19 PSU (winter, RCP8.5, South) and monthly
anomalies ranged from –0.66 PSU (March, RCP8.5, North) to –0.18 PSU (July, RCP4.5,
Centre). Annual PP anomalies (in %) ranged from 14% (RCP4.5, South) to 27% (RCP8.5,
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North), seasonal anomalies ranged from 3% (winter, RCP4.5, Centre) to 34% (summer,
RCP4.5, North) and monthly anomalies ranged from −14% (March, RCP4.5, Centre) to
150% (July, RCP4.5, North). Annual CS anomalies ranged from 0.004 m s−1 (RCP4.5, Centre)
to 0.023 m s−1 (RCP8.5, South), seasonal anomalies ranged from −0.003 m s−1 (autumn,
RCP8.5, South) to 0.045 m s−1 (spring, RCP8.5, South) and monthly anomalies ranged
from –0.010 m s−1 (July, RCP4.5, Centre) to 0.054 m s−1 (June, RCP8.5, South). Full details
regarding anomaly analysis are available in Supplementary Materials S1—Figure S21.

Environmental change results (Figure 5, panel F), provided by the individual contribu-
tions of all environmental variables, evidenced statistically significant changes between
all present–future projection analyses performed, except for the months of August and
October in the RCP4.5 projection in the North area (detailed ANOSIM results are available
in Supplementary Materials S1, Tables S27–S29). The overall average similarity varied
between 45.29% (June, RCP8.5, South) and 92.67% (February, RCP8.5, Centre area) with a
mean similarity of around 76.3%. Environmental similarity classes between 70 and 80 (34%
of the analyses) and between 80 and 90 (37% of the analyses) comprised 71% of the analyses
made (Supplementary Information S1—Figure S5). Salinity followed by pH comprised
the variables that generally contributed the most towards differences between present and
future (Supplementary Materials S1; Table S30), while PP followed by SST comprised the
variables that generally contributed the least to differences between present and future
(Supplementary Materials S1; Table S31).

4. Discussion
The projected changes presented in this study should be interpreted in light of the

uncertainties that are inherent to climate model projections. The Copernicus marine prod-
ucts used here provide scenario-based projections under RCP4.5 and RCP8.5, generated
using coupled physical–biogeochemical modelling. As with similar climate projection
datasets, uncertainty can arise from several sources, including the choice of emissions
pathway, the driving global and regional climate models, the ocean and biogeochemical
model structure, model parameterization, boundary conditions and natural climate vari-
ability. Thus, greater confidence can generally be placed in future changes expected to
show a similar direction under both RCP4.5 and RCP8.5, particularly when they occur over
broader spatial scales or longer time periods. Conversely, more caution is needed when
interpreting local-scale patterns, coastal or shallow-water areas, and variables that may be
more sensitive to biogeochemical parameterization or boundary inputs. These uncertainties
do not prevent the use of the projections for assessing possible climate-driven changes, but
they should be considered when evaluating the magnitude and local consequences of the
projected response.

Differences between present and future environmental conditions for RCP4.5 and
RCP8.5 projections were assessed for three regions of the Portuguese coast (0 to 200 m
bathymetry). Overall, future environmental trends include increases in SST and PP and
decreases in pH and salinity, while CS changes are expected to be minimal. The overlay
between present and future environmental ranges for the different variables was generally
high, indicating that future conditions would largely be within the range of present condi-
tions, at least until the middle of the century. In addition, anomaly analyses revealed that,
up to the middle of the century, estimated present–future shifts do not surpass 1

5 (pH; PP,
CS) or 2

3 (salinity) of the unit regardless of projection or area. These findings may not be
surprising given the location of the Portuguese continental coast within the Canary eastern
boundary upwelling system (EBUS) and its intermediate latitudinal range, which favours
wide environmental variability [11]. However, it should be noted that habitat changes
derived from the cumulative effects of all environmental variables revealed statistically
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significant present–future changes, regardless of area or projection. These changes are
discussed below.

The IPCC projects sea surface temperature (SST) increases across Europe of +1 ◦C to
+3 ◦C by 2100 [3], implying warming rates of approximately +0.125 ◦C to +0.375 ◦C per
decade. Along the Portuguese coast, however, present results point to slower warming
trends, ranging from +0.09 ◦C (Centre) to +0.15 ◦C (South) per decade. These values are
consistent with previous studies reporting an average warming rate of approximately
+0.15 ◦C per decade [8,49–51]. This comparatively slower warming has been linked to
regional oceanographic processes, particularly coastal upwelling. Upwelling events can
significantly buffer long-term SST increases in shelf and slope waters [52] and may even
be related to the seasonal cooling observed in June (see Supplementary Materials S1,
Figure S1). According to the Bakun hypothesis [53], climate-driven intensification of land–
sea thermal gradients may strengthen alongshore winds, promoting intensified coastal
upwelling in eastern boundary current systems. Along the western Iberian coast, northerly
winds are the primary drivers of coastal upwelling and promote offshore Ekman transport
and the upwelling of colder subsurface waters [50], buffering regional sea surface warming
trends relative to large-scale IPCC projections. However, upwelling intensity within the
Iberian EBUS remains spatially and temporally variable and may also be modulated by
large-scale atmospheric patterns such as the North Atlantic Oscillation (NAO), which can
influence regional warming patterns along the Portuguese coast [54,55]. Similar thermal
buffering effects associated with coastal upwelling have also been reported in the California,
Humboldt and Benguela systems, although their magnitude and persistence vary region-
ally [56,57]. Nevertheless, reduced warming rates do not imply an absence of ecological
risk or vulnerability. Many marine species, particularly during more sensitive development
stages, may still be negatively impacted by what may be perceived as relatively small
temperature anomalies or environmental shifts. Thus, although slower warming may delay
surpassing species’ thermal tolerance thresholds, continued environmental change may
still influence species’ phenology and distribution over longer timescales [22,58,59]. Indeed,
as SST rises beyond species’ thermal tolerance limits, marine organisms may shift their
geographical distributions to remain within optimal temperature ranges [60]. Consistent
with this expectation, recent studies have documented the emergence of subtropical species
along the southern Portuguese coast [59,61,62], with evidence of poleward expansion.
Based on the SST trends identified in the present study, this warming trajectory is expected
to persist at least until the mid-21st century.

Ocean warming and ocean acidification are concurrent consequences of anthropogenic
climate change. Although increasing seawater temperature reduces CO2 solubility, the
continued rise in atmospheric CO2 concentrations drives ocean CO2 uptake, leading to
decreases in seawater pH through carbonate system reactions [63]. For the North Atlantic,
the IPCC reported a very likely decrease in oceanic pH, ranging from −0.1 to −0.2, for
the period between 2041 and 2060 relative to the 1981–2010 baseline under the RCP8.5
projection [64]. According to the IPCC, surface ocean pH is very likely to have decreased
since the 1980s at a rate of −0.016 to −0.020 per decade in the subtropics, and at a rate
of –0.002 to −0.026 per decade in the subpolar and polar regions [3,65]. In the present
study, declining pH trends at the annual scale do not surpass −0.01, which is below the
results detailed by Gutiérrez et al. [64], although comparison baselines do differ between
studies (i.e., 1981–2010 for Gutiérrez et al. [64] and 2006–2020 for the present study). Nev-
ertheless, current trends are in line with or occurring at a lower rate of change than those
reported by the IPCC (see Supplementary Materials S1, Figure S5) [3,65,66]. UK fishery
studies within the 2020–2050 timeframe suggest that acidification resulting from SST in-
creases (ranging from +0.5 to +3.3 ◦C, with the consequent pH decrease ranging from
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−0.04 to −0.37) would imply revenue losses ranging from 1 to 21%, wherein fisheries
targeting bivalves would be on the forefront of revenue loss comparing to other fisheries,
e.g., bonefish or cephalopods [67]. Comparatively, in Portuguese fisheries, CC has been
linked to shifts in landing trends [58,61] and lower revenues for sardine (Sardina pilchardus)
fisheries [68]. The distribution ranges of many of the commercial species found the UK
also cover Portugal. Therefore, it can be hypothesized that Portuguese fisheries (e.g.,
bivalves) may face similar challenges to those identified by Fernandes et al. [67]. In Portu-
gal, the maximum decadal SST increase and pH decrease were 0.33 ◦C (September) and
−0.04 (May), respectively, meaning that maximum trends are recorded in specific months
and do not prevail throughout the year/season. For the next three decades, on the Por-
tuguese coast, SST can rise by 1 ◦C in September and pH can drop by −0.1, both of which
are values globally lower than those recorded by Fernandes et al. [67] in the UK. The joint
effect of rising SST along with the increasing CO2 absorption rates, i.e., decreasing oceanic
pH, are likely connected to the generalized increasing anomalies in coastal PP [1]. However,
relations between PP and SST are not always direct. In open ocean, chlorophyll-a, an impor-
tant component of primary production, tends to decrease when SST increases [69], which
can help in explaining decreasing PP anomalies offshore (Figure 1). A general increase in
coastal PP is expected in the future, although PP environmental overlay remains high in
most circumstances (92% average).

Among all the environmental variables, the lowest average EO (~74%) was regis-
tered for salinity, with all trends denoting decreases, particularly for RCP8.5 in the North.
According to the IPCC’s fifth assessment report, changes in salinity in the last 50 years
were basin-dependent, with increases in evaporative regions and decreases in regions
where rainfall is predominant, according to chapter 3.3 in [70]. A reconstruction study of
global salinity changes since 1960 [71] also points to basin-dependent shifts, with increases
in the Atlantic Ocean, but with the global freshening of oceans (i.e., decreasing salinity)
ranging from 1.9 to 5.2%. Overall, the results evidenced decreasing salinity near the shore
(see Figures 2, 3A,B, 4, 5C and 6C), as present–future min–max salinity anomalies ranged
between –0.66 and –0.18 PSU in specific months. This means that min–max anomalies are
varying between decreases of 1.85% and 1%, which are values below those reported by
Cheng et al. [71]. Such differences may be related to the location of Portugal within the
transition zone between evaporation-dominant (to the south) and precipitation-dominant
(to the north) Atlantic areas ([70] Rhein et al., 2013). In the Atlantic, the reasons behind shifts
in salinity remain uncertain and are often linked to deglaciation processes or shifts in the
Atlantic Multidecadal Oscillation and North Atlantic Oscillation, as well as shifting rainfall
patterns [70,71]. However, local changes in nearshore salinity on the Portuguese coast in
specific months or seasons likely result from shifts in river runoff. That is the case in the
north of Portugal, where the Western Iberian Buoyant Plume (WIBP), a surface, low-salinity
water lens formed by river discharge [52], occurs in the winter. For small–medium pelagic
species, the combination of winter upwelling with retention mechanisms such as the WIBP,
which coincides with the spawning peak of these species, leads to increased chances of
larval survival on the Portuguese coast [72–74]. Therefore, the results evidence that, in
the North, where salinity decreases are expected to be more pronounced, predominantly
during the winter and spring, the favorable conditions for species recruitment are expected
to be maintained.

CS was the environmental variable with less anomaly changes and lower decadal
shift rates. The anomaly intensity (anomaly classes) was found to be very low, with the
maximum anomaly class (0.044–0.055 m s−1) comprising around 1/20 of the CS unit, and
with average EO around 93%. Changes in CS were also more evident in the South area,
where a general intensification of currents is expected. This result can be associated with
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the intensification of westerly winds on the southern Portuguese coast [75]. Seasonally
stable current regimes are important to disseminate and/or trap larvae near nurseries [76],
increasing survivorship during pre-flexion stages, when fish larvae have limited swimming
capabilities [77]. Indeed, swimming capacity plays an important role during recruitment,
favoring larvae that follow chemical clues and are also transported by the currents [78,79].
In this regard, sedentary fish are expected to be more sensitive to habitat shifts than changes
in currents, while highly mobile fish are expected to be more sensitive to changes in currents
than habitat shifts [27]. Results support the suggestion that present CS conditions will
not change to levels that can disrupt eggs and/or larvae dispersion thresholds during the
early life stages of marine species along the Portuguese continental shelf by the middle of
the century.

The EO analysis evidenced a high level of overlap between present and future condi-
tions ranging between 80 and 100%, for most environmental variables in most individual
analyses made. However, the habitat approach revealed statistically significant habitat
changes in almost all analyses made. This indicates that changes among all environmental
variables cumulatively lead to potential habitat changes that cannot be foreseen when
looking at a single variable at a time. Still, these results should be contextualized regarding
the likely impact on species at an ecological level, namely if such statistical habitat changes
are expected to surpass a physical environment threshold that constrains the species’ range
of occurrence in the future. In fact, we found that the frequency of the highest and lowest
class ranges—i.e., the “tail classes”—of anomaly distribution had a very low percentage
of occurrence in the future. Furthermore, in most cases, the highest class range of each
environmental variable does not surpass one quarter (pH, PP, CS) or one half (SST, salinity)
of a unit shift for the middle of the century. All in all, habitat changes were mostly explained
by pH in the RCP4.5 and salinity in the RCP8.5, which are also the two environmental
variables with the lowest EO percentages. This finding is most likely related to salinity
and pH being overall more stable environmental variables year-round, regardless of time
scale or area, and thus, any changes to these values are easily detectable by the EO method.
Moreover, regression analyses for SST, PP and CS displayed many non-significant trends;
that is, linear increase over time is not expected in many space–time combinations.

Results pertaining to habitat changes lead to questions about the timing of envi-
ronmental changes, as most anomalies and rate shifts were found to occur at different
spatial–temporal combinations. Hypothetically, if min–max (i.e., anomaly tail classes) envi-
ronmental shifts would occur synchronically at a particular space–time combination, and if
these trends were to persist through the year/season/month for a given variable, then we
would expect higher habitat shifts from present conditions. However, large anomaly/trend
changes in environmental conditions are not perceived to be synchronic. Although sta-
tistical habitat changes were registered, at an individual environmental variable level,
future value ranges slightly differed from present conditions. Based solely on the range
of environmental variables, most species’ habitat thresholds are not likely to be exceeded;
however, additive or synergistic effects (e.g., warming and acidification together) could
still affect sensitive life stages.

5. Conclusions
The combination of multiple analyses allowed us to unravel the potential impacts of

climate change on the Portuguese marine environment, considering two climate change
scenarios. Projected changes included increasing SST and PP, slight increases in CS and
decreasing pH and salinity. These patterns were consistent across analyses (i.e., DFA
and Mann–Kendall trend tests), suggesting a high likelihood of continued environmental
change over time. However, tail-end anomaly distributions (i.e., the most extreme anoma-
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lies) exhibited very low probabilities of occurrence and were generally not synchronous
across variables, contributing to lower overall environmental change. Warming trends
were more pronounced in southern Portugal and during the winter months relative to
other regions and seasons. Additionally, the EO index enabled direct comparison among
environmental variables by standardizing their relative magnitude of change under pro-
jected climate conditions, revealing generally high overlap between present and future
environmental conditions.

Overall, projected environmental changes along the Portuguese coast appear to be
less pronounced than those reported for large-scale IPCC regions. This pattern is likely
associated with the location of the Portuguese coast within an EBUS, where coastal up-
welling may partially buffer regional climate-driven oceanographic changes. Nevertheless,
even relatively small but persistent environmental shifts may have important ecological
consequences, particularly during sensitive stages of species life cycles.
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