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Climate change reduces pelagic biomass
in a coastal upwelling ecosystem
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Global fisheries rely heavily on oceanic primary and secondary productivity. However, how regional
food webs will respond to ongoing climate change—and the resulting implications for fish biomass—
remains poorly understood. Coastal upwelling systems are among the most biologically productive
regions on Earth. Their responses to warming are often non-linear and vary by region, making it
essential to examine them in detail to anticipate ecosystem-level impacts. Here we used a machine
learning framework to project future changes in marine community dynamics, scaling from nutrient
speciation to fish biomass. While recycled nitrogen forms (ammonium) are projected to increase, a
long-term decline in new nitrogen inputs (nitrate) is associated with reduced phytoplankton growth
and fish biomass, particularly under high-emission scenarios. Our findings highlight the critical
benefits of pursuing low greenhouse gas emission pathways to limit fishery declines and support the
resilience and partial recovery of upwelling ecosystems in a warming ocean.

Temperature and nutrients are known to influence individual metabolism,
species distribution, and ecosystem dynamics across multiple trophic
levels1,2. Rising environmental temperature can be particularly detrimental
to ectothermic organisms, leading to demographic changes in community
structure by decreasing species’ abundance and/or biomass3, decreasing
trophic transfer efficiency3,4, skewing organisms body size5,6, and accel-
erating species’ consumption rates and energetic demands2,7. Similarly,
nutrient availability and speciation shape communities, often favouring
species with greater niche breadth and lower nutritional requirements1,8.
Under current scenarios of ongoing global changes, understanding the
interplay between sea temperature and nutrient availability at different
spatial and temporal scales is mandatory to better predict energy flow and
threats to marine ecosystems4,9.

Coastal upwelling systemshold high socioeconomic importance due to
their large biomass stocks of commercially targeted species10. These systems
are driven by the enrichment of surface waters with macro- and micro-
nutrients from the deep ocean, following a temporary break-up of vertical
thermohaline stratification and the deepening of the Mixed Layer Depth11

(MLD). These incoming nutrients fuel bottom-up processes and primary
production rates, but their effects on producer dynamics and ecosystem
productivity are not always linear12–14. Changes in upwelling intensity under
extreme climate change scenarios vary considerably between regions,

emphasising theneed to study each system individually to accurately predict
ecosystem-level consequences14. Also, annual-mean upwelling often fails to
capture crucial seasonal variations and long-term trends in upwelling
intensity, which are critical for understanding nutrient transport and pri-
mary productivity14. Intensified upwelling events can favour larger phyto-
plankton and zooplankton species, which thrive in low temperatures and
highnutrient availability15,16, resulting in enhanced energy transfer to higher
trophic levels, including fish andmarinemammals. Conversely, diminished
upwelling intensity in some regions may lead to declines in biological
productivity, underscoring the complex and region-specific nature of cli-
mate impacts.

Cascade bottom-up processes, such as the rising in phytoplankton
biomass after nutrient inputs due to upwelling, are well-known for
favouring energy flow and thus regulating marine fish production17–23. Less
well-documented is how the warming-induced changes in upper layers of
the ocean could cascade throughout the nutrient supply and plankton
stocks, up to large consumers at the higher trophic levels. Our approach
aims to reveal how upwelling ecosystems may respond to temperature
changes and nutrient availability over time, under different Earth System
Model climate scenarios, by examining oceanwarming impacts on bottom-
up processes from nutrient inputs to fishery landings. We thus applied
supervised machine learning methods to time-series data from the Cabo
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Frio region, one of the most important upwelling systems along the eastern
coast of South America. We hypothesised high temperatures, expected
under extreme climate change scenarios, would decrease pelagic production
and consequently diminish fishery yields over time (Fig. 1). Therefore, by
analysing these interactions over a long temporal scale, we can establish a
framework to more accurately predict the future impacts of rising envir-
onmental temperatures on marine community dynamics and fisheries
production.

We demonstrate that ocean warming is likely to drive pronounced
bottom-up changes in the Cabo Frio upwelling system. Across future sce-
narios, warming leads to declines in phytoplankton and fish biomass, par-
ticularly under high-emission pathways, with projected losses reaching up
to 78% by 2100. In contrast, the low-emission scenario indicates partial
stabilization and signs of ecosystem recovery after mid-century, under-
scoring the importance of sustainable climate trajectories for maintaining
pelagic productivity and fisheries resilience.

Results
Historical and projected sea surface temperature
Projected future warming scenarios derived from the Coupled Model
Intercomparison Project Phase 6 - CMIP624 represent divergent develop-
ment pathways until 2100, ranging from sustainable (SSP1-2.6) to a higher
emissions scenario with moderate mitigation efforts (SSP3-7.0), and
extending further to a fossil-fuel-dependent pathway (SSP5-8.5). The his-
torical average in situ sea surface temperature from 2005 to 2016 was
22.2 °C ± 1.4 °C (mean ± SD; Fig. 2a, black dashed line). The historical
temperature exhibited an initial trend (23.0 ± 1.6 °C in 2010) comparable to
the early stages of the CMIP6 future projections (23.3 ± 1.7 °C in 2017;
Supplementary Fig. 1). However, a marked temperature decrease was
observed in 2011, followed by an increase in 2015 and 2016. This substantial
variation between 2010 and 2014 may be attributed to the strong La Niña
events during these years, which likely caused cooling of the regional
waters25. After 2017, the threeCMPI6projections follow a similar increasing
trend until approximately 2060, after which SSP1-2.6 stabilises near 24 °C
(Fig. 2a, green line), while SSP3-7.0 and SSP5-8.5 projections point towards
a higher temperature in 2100 (26 °C) (Fig. 2a, red and blue lines).

Ecosystem responses to warming
Nitrogen, an essential nutrient either in the form of nitrate or ammonia, is
critical for the growth and reproductionof phytoplankton, playing akey role
in primary productivity1,26. Our model estimated historical (2005–2016)
mean concentrations of 0.56 ± 0.2 μM for nitrate, 1.32 ± 0.23 μM for
ammonia, and 0.23 ± 0.04 μM for phosphate (Supplementary Figs. 2;
3 and4).At the start of theprojections (2017), the largest reduction innitrate
concentration occurred under SSP5-8.5, with a 9% decrease to
0.51 ± 0.13 μM. By 2100, the lowest nitrate concentration was projected

under SSP3-7.0, reaching 0.37 ± 0.14 μM (Fig. 2b). In contrast, ammonia
concentrationswere projected to increase, starting at 1.39 ± 0.22 μM(a 5.3%
increase) under SSP1-2.6 in 2017 and rising to 1.65 ± 0.19 μM (a 26%
increase) by 2100 (Fig. 2c). Phosphate concentrations slightly decreased to
0.22 ± 0.03 μM (a 4.4% reduction) at the beginning of the projections across
all scenarios and could decline by up to 26%, reaching 0.17 ± 0.02 μMunder
SSP3-7.0 by the end of the century (Fig. 2d).

Along with SST, current nitrate levels are key drivers of phytoplankton
biomass. The projected decrease in nitrate concentrations over time likely
contributes to the decline in phytoplankton biomass, with historical esti-
mates of 240 ± 48mgCm⁻³ decreasing by 1.37% (to 239 ± 33mgCm⁻³ under
SSP1-2.6) in 2017, and by 22% (to 187 ± 10 mgC m⁻³) under SSP3-7.0 in
2100 (Fig. 3). This reduction is particularly evident under SSP5-8.5 scenario
and coincides with a shift in nitrogen sources towards ammonia, especially
considering the lagged effect of this nutrient on phytoplankton growth
(SupplementaryFig. 5). The imbalancebetweennitrogen sources, combined
with decreasing phosphate concentrations, may sustain some level of phy-
toplankton growth despite lower nitrate availability, while potentially
favouring different taxonomic groups.

Seston biomass historically averaged 63 ± 31 mgC m⁻³. Across all
scenarios, a modest but steady increase in biomass is projected throughout
the century that likely contributes to controlling the phytoplankton growth
(Fig. 3). In 2017, an increase of 19% (75 ± 16 mgC m⁻³) is expected under
SSP1-2.6. The largest increase (~42%) is projected under SSP3-7.0, reaching
89 ± 17mgCm⁻³ by the end of the century. Notably, seston biomass showed
a sharp reduction in 2016, with a similar decline observed in 2006 (Sup-
plementary Fig. 6), suggesting that long-term time series are essential to
capture potential decadal or longer-term fluctuations.

Fish biomass also declined in 2016 (Fig. 3), likely reflecting the com-
bined effects of sea surface temperature (SST) and seston availability
(Supplementary Fig. 7). Historical data indicate an average fish biomass of
16,029 ± 9,492mgm⁻² (or 160.3 kg ha⁻¹; Fig. 3). At the beginning of the
projections, we observed a 39% reduction under SSP3-7.0, reaching
9,850 ± 7,675mgm⁻² (or 98.5 ± 76.8 kg ha⁻¹). By the end of the century, it is
projected to decline by up to 78%, reaching 3,486 ± 431mgm⁻² (or
34.9 ± 4.3 kg ha⁻¹). Fish biomass also showed the greatest initial decline
among the variables analysed, as evidenced by the sharp reduction at the
onset of the projections. This pattern is clearly illustrated when comparing
the predicted and observed values (Supplementary Fig. 8), highlighting the
substantial drop and the high variability captured by the model.

Trends and breaking points in ecosystem projections
All variables, except fish biomass under the SSP1-2.6 scenario, exhibited
significant non-linear trends,withTau values ranging from0.1 to 0.4 (Fig. 4;
SupplementaryTable 1).Most variables showed strong oscillations from the
beginning of the projections up to the first identified breakpoint, which

Fig. 1 | Study area and conceptual hypothesis. The
study focuses on theUpwelling Region of Resexmar-
AC, located off the southeastern coast of Brazil.
Under future warming scenarios, we hypothesise a
decline in ecosystem biomass driven by rising sea
surface temperatures and changes in nutrient con-
centrations. The conceptual diagram illustrates the
expected cascading effects, fromnutrient availability
(NO₃⁻, NH₄⁺, PO₄³⁻) to phytoplankton, seston, and
ultimately fish biomass.
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occurred between 2033 and 2050 (Fig. 4). This pattern is consistent with an
initial transition period under rapidly changing climate forcing, followed by
a phase of relative stabilisation or reduced amplitude of fluctuations in
subsequent years (Fig. 5). Trends confirm a significant initial decline in
nitrate across all scenarios, particularly under SSP1-2.6, followed by stabi-
lisation. Ammonium exhibited a positive trend until approximately 2048,
continuing to increase gradually until 2100. Phosphate showed a steady
declining trend throughout the century, with a sharper decrease under
SSP3-7.0. Fish biomass displayed the most pronounced fluctuations, with a
steep initial drop followed by persistent variability and wide amplitude
changes in later periods (Fig. 4). This pattern is reinforced by the high
variability in fish biomass captured by the model (Supplementary Fig. 8).
Heatmap analysis (Fig. 5) illustrates this pattern of ecosystem instability at
the beginning of the projections, withmore frequent and intense deviations
observed across variables, especially for nitrate and fish biomass. Under
SSP3-7.0 andSSP5-8.5, the concentrationof thesedeviations remainshigher
throughout the century, suggesting sustained system variability undermore
severe climate scenarios.

Discussion
We showed a marked sensitivity to climate change in the Cabo Frio
upwelling system, with an initial period of strong oscillations in both the
magnitude and frequency of nutrients and fish biomass. Similar patterns of
climate sensitivity have also been observed in other upwelling systems
worldwide13,27, suggesting that such responsesmay be characteristic of these
highly dynamic ecosystems. Thesefluctuationswere particularly high under
extreme warming scenarios until the 2030 s. After this period, however,
model-derived trends begin to diverge, indicating that ecosystem stability is
more likely only under the lower-emission pathway (SSP1-2.6). In contrast,
under high-emission trajectories, changes from the historical period are
expected to remain pronounced by the end of the century, driven by
bottom-up effects, as temperature and nutrient shifts cascade through the
upwelling food web28.

Themost substantial alterations inmarine ecological parameters in our
study region are anticipated by approximately 2050.Marinemodels already
highlight increasing divergence among warming scenarios after approxi-
mately 2060, particularly for higher trophic levels, where elevated

Fig. 2 | Temperature and nutrient responses to warming scenarios. a CMIP6-
derived temperatures for future warming scenarios (coloured) alongside in situ
measurements (black diamonds), with the black line representing the historical
average. Nutrient concentrations (micromolar) over time for (b) nitrate, (c)
ammonia, and (d) phosphate. The vertical grey dashed line marks the transition

fromobserved to predicted values, while the horizontal grey dashed line indicates the
historical (2005–2016) modelled nutrient averages. Lines and points represent
annual averages for historical model-adjusted values (grey) and predicted values
(coloured).
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temperatures may exceed species’ thermal niches3,29. These results highlight
the need for regional studies, as different ecosystems exhibit contrasting
nonlinear responses to warming14,21,28,30, which is crucial for effective con-
servation strategies.Additionally, the use of adecade-longweekly time series
enhances the model’s ability to predict relationships across successive eco-
system compartments, and provides the basis for evaluating long-term
trajectories of ecosystem stability across future scenarios.

Our results further demonstrate that under the sustainable SSP1-2.6
pathway, the system exhibits signs of ecological recovery. After an initial

disturbance, indicated by the first breakpoints in the time series, trajectories
of nutrients, phytoplankton, seston, and fish biomass stabilize, with slopes
approaching zeroby the endof the century. This stabilizationdoesnot imply
a full return to historical conditions, but rather reflects the capacity of the
ecosystem to re-stabilize under reduced warming. In contrast, under SSP3-
7.0 and SSP5-8.5, trends remain strongly directional throughout the cen-
tury, suggesting ongoing deterioration. These findings emphasize that
sustainable pathways can mitigate impacts and preserve ecosystem resi-
lience, while higher-emission scenarios result in persistent losses.

Although our models demonstrated robustness, as indicated by per-
formance metrics MAE and RMSE (see Supplementary Figs.), we
acknowledge that our projections are based on a single CMIP6 model, the
NorESM2-MM. However, this model was selected after a detailed com-
parisonwith the ensemble of all available CMIP6models for our study area,
where it showed a high correlation with the ensemble median across all
scenarios (Supplementary Fig. 9). This supports the representativeness of
the NorESM2-MM for our regional projections, minimising the risk of
warming bias. Nonetheless, we recognise that using a single Earth System
Model may still introduce uncertainties, especially regarding the range of
possible outcomes and the complexity of fish populationmovements linked
to upwelling seasonality. We recommend future studies incorporate multi-
model ensembles to further reduce model dependency and better capture
uncertainty ranges.

Our findings of a decrease in phytoplankton and fish biomass, coupled
with an increase in seston biomass, align with observed patterns in various
ecosystems, such as tropical atoll systems3, the subarctic Barents Sea
system28, and a past study in the same systemof Cabo FrioUpwelling31. The
decline in phytoplankton and fish biomass over time due to warming is a
globally common pattern, with several studies reporting similar trends
across diverse marine environments21,28. These parallels reinforce the cas-
cading effects of warming on food web restructuring, particularly the
microbialization of energy pathways and altered nutrient recycling32. High
concentrations of ammonia, coupled with warm temperatures, accelerate
the nitrification process in coastal waters and may fuel ocean
microbialization32, favouring suspension-feeding zooplankton and inverti-
vorous fishes3. On one side, the increase in large zooplankton abundance
enhances top-down control on phytoplankton, while small picoplankton
cells—with high surface area-to-volume ratios—such as ammonia-
oxidizing archaea and bacteria, simultaneously outcompete phyto-
plankton for ammonium and other nutrients33. Despite its inherent sim-
plifications, our model captured key ecological responses to warming,
offering insights that align with both empirical and theoretical work. This
alignment underscores the potential utility of such models in forecasting
and mitigating the impacts of global climate change on marine ecosystems.

We also emphasise the importance of describing and predicting the
coupling of pelagic community biomasses, particularly in the context of
climate changes. These communities are highly diverse, span multiple
trophic levels, and include organisms and particles of varying sizes, from
plankton tofish,making them inherently complex to study. Previous studies
have examined the impacts of warming on the phyto and zooplankton
community, revealing substantial shifts in composition and biomass29,34 and
underscoring the need for further investigation into their ecological
dynamics. Increased stratification, driven by warming, plays a key role in
shaping these changes, particularly by altering the dynamics between
phytoplankton and zooplankton35. As warming progresses, its impact on
plankton communities could extend beyond shifts in species composition,
by affecting broader ecological processes such as nutrient cycling and the
structure of the pelagic food web.

Likemost zooplankton biomass studies, ourmodel considers seston as
a key component of these changes, as it encompasses both organisms and
particulate organic matter36–38 (POM). Additionally, Bayesian isotopic
models have shown that POM is essential for sustaining pelagic primary
consumers, further underscoring its critical role in marine ecosystems39,40.
As warming scenarios progress, the composition of seston can shift, with a
transition from zooplankton dominance to an increase presence of detritus.

Fig. 3 | Impact of present and warming scenarios on phytoplankton (Log mgC
m⁻³), Seston (Log mgC m⁻³) and Fish Biomass (Log mg m⁻2). Black diamonds
represent measured annual averages. Lines and points show the annual averages for
historical model-adjusted values (grey) and predicted values (coloured). Vertical
grey dashed line denotes the transition from observed data (2005 to 2016) to pre-
dicted values (2017 to 2100). Horizontal grey dashed line represents the historical
(2005-2017) average for each parameter.

https://doi.org/10.1038/s43247-026-03395-1 Article

Communications Earth & Environment |           (2026) 7:415 4

www.nature.com/commsenv


Therefore, microbialization of pelagic food webs plays a crucial role in
shaping trophic dynamics32, emphasising the need for a comprehensive
understanding that goes beyond zooplankton to include broader
community interactions and the role of organic matter in sustaining these
processes.

Sincemost upwelling zones sustain rich fisheries and are consequently
subject to high fishing pressure10, the synergistic effects of fishing and cli-
mate change can undermine ecosystem resilience, impacting both popula-
tion dynamics and the potential for recovery21. This trend is particularly
evident in fish biomass, which responds rapidly to intense fishing pressure,
often also leading to species loss and compromised ecosystem functions21,41.
Importantly, the consistent nutrient supply in upwelling regions not only
sustains high productivity, but also plays a critical role in maintaining
ecosystem stability and resilience over time1. Disruptions in nutrient
availability—whether through increases or decreases—can destabilise eco-
logical equilibria, diminishing the capacity of these ecosystems to cope with
the combined pressures of climate change and fishing intensity1,8.While the
continuing cold watersmay buffer some of the adverse impacts of warming,
the combined effects of fishing on bottom-up processes within these eco-
systems remain poorly understood, with strong implications for complex
socioeconomic systems.

Although machine learning models, such as the Random Forest
applied in this study, are inherently dependent on statistical patterns from
the training dataset, we designed our modelling approach to minimise
potential extrapolation errors. By using a long-term historical time series
that includes periods of substantial environmental variability—such as La
Niña events—we trained themodel on abroad rangeof systemstates,which

helps improve its generalisation capacity and reduces the likelihood of
projecting outside its trained domain. The application of machine learning
to climate projections has recently gained substantial supportwithin climate
science, emphasising that machine learning methods are good tools for
advancing climate modelling24, particularly in scenarios where complex
system responses are difficult to capture using mechanistic models alone.
Nevertheless, it is important to interpret these long-term projections with
caution, especially under extreme warming scenarios that may introduce
novel environmental regimes not fully represented in the historical data.
Future studies that combine mechanistic and machine learning models
could further enhance the robustness of these projections.

Online methods
Study area
Sampling occurred weekly from January 2005 to December 2016 in the
upwelling system of Cabo Frio on the southeastern coast of Brazil (Fig. 1;
22°58'S, 42°00'W), as part of the Long-Term Ecological Research on the
Cabo Frio Upwelling Systems (CFUS)31. This region is an important
marine extractive reserve in the southwestern Atlantic Ocean, supporting
both artisanal and commercial fisheries, and also under touristic pres-
sure, leading to a myriad of ecosystem impacts. In addition to these
human influences, upwelling events directly affect nutrient availability,
contributing to high regional fluctuations in both biotic and abiotic
components. Understanding how biological communities behave over
time in such a dynamic environment is, therefore, a major challenge that
can only be addressed through long-term monitoring programs and
robust modelling approaches.

Fig. 4 | Standardised trends over future warming scenarios. Coloured lines
represent annual averages of standardised z-scores (Loess regression) for each
variable under future climate scenarios: SSP1-2.6 (solid green line), SSP3-7.0
(dashed blue line), and SSP5-8.5 (dotted red line). Standardisationwas performed by
removing seasonality through z-score normalisation within each month and each

scenario. Positive values indicate deviations above the monthly mean within the
respective scenario, and negative values indicate deviations below it. Vertical grey
dotted lines indicate the identified breakpoints in each series. Coloured numbers
denote statistically significant Mann-Kendall tau values (p < 0.05).
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Observational data and future warming scenarios
In the CFUS we sampled Sea Surface Temperature (SST°C); nutrients’
concentration (i.e. nitrate, ammonia, and phosphate in micromolar);
Chlorophyll-a (mg m-3); seston (mg m-3); and fishing data (catch amount
in tonnes). We obtained weekly SST°C by using a Horiba multiparameter
probe (Model U-5000; HGS No. 7JETA790). In addition, we obtained
monthly SST°C projections between 2017 to 2100 for our study area, in an
approximately 11 km² grid, from three Shared Socioeconomic Pathways
(SSPs) of the CoupledModel Intercomparison Project Phase 6 (CMIP6) -
NorESM2-MM model24,42. To validate the suitability of this model, we
compared the SST projections with the ensemble median of all available
CMIP6models for the region.We found a strong correlation between the
NorESM2-MM and the ensemble median across all scenarios, indicating
that NorESM2-MM closely represents the central tendency of the multi-
model ensemble and is not an outlier (Supplementary Fig. S9). This
comparison supports the robustness of using NorESM2-MM as a repre-
sentative model for regional SST trajectories in this study. The SSP sce-
narios represent alternative socio-economic pathways that society can
follow and that can lead to different Representative Concentration
Pathways (RCPs) based on radiative forcing levels of 2.6, 7.0 and 8.5 W
m-². SSP1-2.6 represents a more sustainable scenario with low radiative
forcing, leading to a global temperature increase of approximately 1.8 °C
by the end of the century; SSP3-7.0 represents a high-challenge scenario
with high radiative forcing, leading to a projected global temperature
increase of around 3.6 °C by 2100; and SSP5-8.5 represents a more
extreme scenario simulating a global temperature increase of
about 4.4 °C43.

We determined chlorophyll-a concentration by using a 3-L Niskin
bottle at ~1-m deep. At the same moment, we sampled 2 litres of sub-
superficial water, to estimate nutrients concentration. Both samples were
then sent to the laboratory,where chlorophyll-awasfirstfilteredusing a 0.47
micrometrefilter, and its absorbancewasmeasured at differentwavelengths
using a spectrometer44; and nutrients concentration were extracted in a
spectrophotometric Agilent UV-Vis Cary 6045.

We used seston as a key variable representing the total particulate
matter larger than 100 μm in the water column, including phytoplankton,
micro and mesozooplankton, suspended organic particles, and detritus46,47.
This variable provides a more integrated view of the trophic resource base
available to planktivorousfish species. Seston biomasswas sampled through
three horizontal sub-superficial hauls. On each haul, a WP2 net with 100-
micronmesh and 40 cmdiameterwas dragged for twominutes by a vessel at
2 knots speed. A flowmeter was attached to themouth of the net for further
calculation of the water volume filtered48,49. After each haul, the seston
sample retained was stored and preserved in a 4% formalin solution diluted
in seawater andpreviously bufferedwith sodium tetraborate (20g L-1). In the
laboratory, each sample was fractionated into two equal parts using the
FolsomSplitter50.Onepartwasweighedonaprecision scale toobtain thewet
weight (0.0001g). After this procedure, samples were dried in a greenhouse
for 24 hours at approx. 60 °C to obtain the dry weight, which was used as
seston biomass (SDB; mg m-3).

We obtained annual fishing data (catch amount in tonnes) of primary
fish consumers (i.e., Mugil spp., Opisthonema oglinum, Sardinella brasi-
liensis) for the period January 2005 to December 2015 from literature based
on landing reconstructions51. This reconstruction was modelled based on
official information provided by municipalities in our study region. To
obtain monthly fishing estimates, necessary to relate to seston biomass, we
used data from January 2016 to December 2023 provided by ‘Fundação
InstitutodePescadeArraial doCabo’ (FIPAC).We thencalculatedmonthly
proportions (tonnes month-1) from this recent data and applied these
proportions to the annual values for the period 2005-2016 to estimate
monthly catches for these years. This approach allowed us to derive a
consistent monthly fishing dataset from January 2005 to December 2016
(Supplementary Fig. 10).

Prior to modelling, all observational time series were subjected to a
common data pre-processing workflow. We first applied a normal dis-
tribution to eliminate values outside the99%confidence intervalwithin each
variable. The missing values resulting from this procedure and sampling
gaps (ie. max of 63 values for NO3 from a total of 627 samples) were then
estimated using the "rfImpute" function from the “randomForest”
package52. This function estimates missing values for explanatory variables
as a function of the response variable based on weighted averages. The
weights are measures of similarity, determined by how frequently two
samples end up in the same “leaf” over 999 trees. We validated this proce-
dure using the mean squared residual (MSR) and the proportion of
explained variance (%Var), where a lowerMSR and a higher %Var indicate
better predictions. We then applied a moving average (k = 4 weeks to
Nutrients, Phyto and Seston carbon; and k = 1 month to fish biomass) to
smooth short-term fluctuations and reduce noises in the data, making it
easier to identify and highlight more robust long-term trends.

Ecosystemmodelling
To project ecosystem responses to nutrients availability and warming up to
the end of the century we developed a framework based on supervised
Random Forest regression models using a walk-forward validation
approach. This framework is based on the “randomForest” function from
the randomForest package. It allowed us to understand the model's per-
formance over timeby iteratively training themodel on sequential segments
of the time series data and testing predictions on subsequent data samples.
Each iteration involves training the Random Forest on the training dataset
with 999 trees and considering the total number of explanatory variables
minus the lagged variables (see below) as candidates at each split (mtry).The
model's performance (%Var and MSR) and validation metrics (RMSE and
MAE) are then evaluated on the train and test datasets, respectively. This
process is repeated for a predefined number of steps, which varies from
model to model according to the best results achieved (please refer to
SupplementaryMaterial to check all performance and validation results for
all models).

Due to temporal dependencies in time series data—where past values
can influence future values—we introduced a lag to the explanatory

Fig. 5 | Annual magnitude of variation (average) under different scenarios.
Darker colours indicate larger deviations from the historical average in Fish Caught,
Seston biomass, Phytoplankton biomass, Phosphate, Ammonia, and Nitrate
concentration.
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variables, helping the model to use past information to better predict future
outcomes. The amount of lag was measured in 4 weeks to Nutrients, Phy-
toplankton andSeston carbon and1month tofish biomass; anddetermined
based on the best performance metrics for each model. In addition to
adjusting the response variables (nutrients, phytoplankton, seston and fish
biomass) in the historical data, at each iteration, the function also runs
predictionsusingmodel outputs and future-modelled explanatory variables,
such as SST values from the CMIP6 warming scenarios. Since Random
Forest models depend on a series of random decision trees, which can
generate different values within each run, we run eachmodel 100 times and
calculate the average of all metrics generated by the function, thus achieving
more precise predictions. Considering potential uncertainty propagation
across sequentialmodels, we assessed prediction variability using bootstrap-
derived standard deviations (Supplementary Table 2).

We first run the above-explained framework to model the Sea Surface
Temperature (°C) dependence of the three crucial nutrients: Nitrate (NO3),
Ammonia (NH4) and Phosphate (PO4). We evaluated the relationship
between in situ SST and SST anomalies and found a strong correlation (R >
0.74), indicating that both metrics capture the dominant variability asso-
ciated with upwelling dynamics. Because absolute SST preserves informa-
tion about the thermal state of the system and is widely used in ecological
and oceanographic studies53, it was selected as the predictor variable for
model development. This procedure resulted in weighted adjusted values
and future predictions based on the CMIP6 warming scenarios. We then
related the adjusted nutrient values from these models to estimate the
scaling of Chlorophyll-a, thereby understanding how these bioenergetic
processes favour primary production over time, following the Eq. (1):

NO3;adj ¼NO3 � SST þ lag9ðSSTÞ
NH4;adj ¼NH4 � SST þ lag4ðSSTÞ
PO4;adj ¼ PO4 � SST þ lag4ðSSTÞ

CHLaadj ¼CHLa � NO3;adj þ NH4;adj þ PO4;adj

þ SSTþ lag4ðNO3;adj þ NH4;adj þ PO4;adj þ SSTÞ

ð1Þ

To improve predictions of consumers dependence on production in
the food web, we transformed the adjusted Chlorophyll-a biomass
(CHLaadj) into phytoplankton carbon (PCT) by assuming a natural log scale
and positive relationship following the Eq. (2)54:

ln PCT ¼ ln ð268 �CHLaadj0:64Þ ð2Þ

We converted the seston biomass into seston carbon using a conver-
sion factor55 (Q) of 0.6, to model the response of seston carbon to variations
in phytoplankton carbon and sea-surface temperature, following theEq. (3):

ln SCT ¼ ln ðSDB �QÞ � ln ðPCT Þ þ SST þ lag4ðln ðPCT Þ þ SSTÞ
ð3Þ

We then assumed a logarithmic scale dependence between the
monthly biomass of primary consumer fishes and the average monthly
carbon biomass of seston and temperature, following the Eq. (4):

ln Fadj ¼ ln F � ln SCT þ SST þ lag1ðSCT þ SSTÞ ð4Þ

Model validation
All models were validated using a walk-forward approach with an
expanding training window. This method iteratively trains themodel on all
available data from the start of the time series up to a certain point (from
observation 1 to i+ steps). Themodel is then evaluated on the immediately
subsequent, unseen block of observations (the test window). This test
windowmoves forward one step at a time alongside the expanding training

data. At each step, predictions are generated for this test window, andmodel
performance is quantified usingMean Absolute Error (MAE), calculated as
the average absolute difference between predicted and observed values, and
RootMean Square Error (RMSE), calculated as the square root of themean
of the squared differences. Both metrics are expressed in the same units as
the response variable, so lower values indicate better predictive perfor-
mance. This procedure rigorously tests the model's ability to generalize to
future datawhile leveraging the entire available history for training, allowing
for a robust assessment of howwell it tracks temporal dynamics throughout
the entire dataset.

To further assess the model's generalizability and stability, we con-
ducted a complementary validation with an independent dataset. This
involved iteratively training the model on sequential windows between
2005–2014 (train data) and validating its predictions each time on the same,
fixed independent test set (2015–2016). Predictive accuracy was also
quantified by using MAE and RMSE (see results in Supplementary
Figs. 11 and 12).

Trend analysis
To mitigate the impact of seasonality on the projected trends, we first
standardisedmonthly values within each scenario by calculating the z-score
(i.e., subtracting the monthly mean and dividing by the monthly standard
deviation for each scenario and month). This approach allowed us to
remove the seasonal cycle and highlight long-term trends. The standardised
anomalies were then smoothed using a Loess regression (span = 0.75) to
reduce short-term fluctuations and emphasise the underlying trend over
time for all the variables (i.e. NO3 to Fish Biomass). Finally, annual averages
of the standardised values were calculated to facilitate the visualisation of
temporal patterns. We then conducted a Mann-Kendall test in which
context, negative values indicate a decreasing trend over time,while positive
values indicate an increasing trend. Recognising that theMann-Kendall test
can be influenced by autocorrelation, we also performed a pre-whitened
Mann-Kendall test for comparison. Additionally, we employed a bootstrap
method to estimate the error associated with the Tau values (please see
Supplementary Table 1 for the results).

To assess potential structural changes in these trends, we applied
breakpoint analysis. The minimum segment size (h) was set to 20% of the
total observations to ensure sufficient data for detecting meaningful
breaks. Breakpoints were visually inspected through plots and sum-
marised to identify significant shifts in trends across the scenarios. The
number of breakpoints selected for each variable was based on the
intersection of Bayesian InformationCriterion (BIC) andResidual Sumof
Squares (RSS) metrics. We also calculated the annual average magnitude
of variation by standardising monthly values through subtraction of the
monthly mean and division by the monthly standard deviation. The
squared mean of these standardised magnitudes was then computed for
each variable, scenario, and year to capture the annual variation in relative
magnitude. All analyses and graphics were performed using R software
version 4.2.256.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
All data necessary to reproduce the analyses and results of this study are
publicly available on the Zenodo repository at https://doi.org/10.5281/
zenodo.14592869 84.

Code availability
All custom R scripts used to generate, process, and analyse the data in this
study are publicly available on the Zenodo repository at https://doi.org/10.
5281/zenodo.14592869, with no restrictions to access. Analyses were con-
ducted using R version 4.2.2 (R Core Team, 2022).
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métodos de trabajo con el zooplancton marino. Mar del Plata:
Argentina, 936 pp (1981).

51. Freire,K.M. F. et al. Reconstructionofmarine commercial landings for
theBrazilian industrial andartisanalfisheries from1950 to2015.Front.
Mar. Sci. 8, 659110 (2021).

52. Liaw,A. &Wiener,M.Classification andRegressionby randomForest.
R News, 18–22 (2002).

53. Calado, L., Gangopadhyay, A., Watanabe, W. B. & Silveira, I. C. A.
Mushroom-like eddy dipoles in the Brazil Current: Formation and
mesoscale dynamics. Reg. Stud. Mar. Sci. 90, 104414 (2025).

54. Sathyendranath, S. et al. Carbon-to-chlorophyll ratio and growth rate
of phytoplankton in the sea.Mar. Ecol. Prog. Ser. 383, 73–84 (2009).

55. Postel, L., Fock, H. & Hagen, W. Biomass and abundance. In: Harris
RP,WiebePH, LenzJ,SkjoldalHR,HuntleyM, eds. ICESZooplankton
Methodology Manual. San Diego: Academic Press, 684pp, (2000).

56. R Core Team. R: A language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna, Austria
(2022).

Acknowledgements
We thank the World Climate Research Programme for producing and
makingavailable theCMIP6modeloutput, theEarthSystemGridFederation
(ESGF) for archiving the data and providing access, and themultiple funding
agencies who support CMIP6 and ESGF. We are grateful to the team of the
Chemistry Division of the Institute of Sea Study Admiral Paulo Moreira
(IEAPM) for nutrient analysis. We thank all the researchers and military
personnel from IEAPM which contributed to data sampling over the years.
We thank the Arraial do Cabo Fishing Institute Foundation (FIPAC) for the
fishing data provided. This project has received funding from the European
Union’s Horizon 2020 research and innovation programme under Grant
Agreement No 862428 (MISSION ATLANTIC). This output reflects only the
author’s view and the Research Executive Agency (REA) cannot be held
responsible for any use that may be made of the information contained
therein.

Author contributions
L.T.N. conceived the study, designed themethodology, conducted the data
analysis, and wrote the first draft of the manuscript. T.S.M. conceived the
study, designed the methodology, performed the laboratory analyses, and
contributed to writing the first draft. C.R. contributed to interpretation of
results, writing the first draft and revising themanuscript. Y.A. contributed to
study design, interpretation of results, and manuscript revision. G.C.
contributed to interpretation of results and manuscript revision. A.C.
performed the laboratory analyses and contributed to manuscript revision.
R.C. contributed to study design and manuscript revision. C.E.L.F.
contributed to study design and manuscript revision. P.M. contributed to
study design and manuscript revision. L.F. conceived the study, designed
the methodology, supervised the research, and contributed to writing and
revising the manuscript. All authors approved the final version of the
manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s43247-026-03395-1.

Correspondence and requests for materials should be addressed to
Lucas T. Nunes.

Peer review information .Communications Earth and Environment thanks
the anonymous reviewers for their contribution to the peer review of this
work. Primary Handling Editors: Michael Stukel and Alice Drinkwater. A peer
review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if you modified the licensed material. You
do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to thematerial. If material
is not included in thearticle’sCreativeCommons licenceandyour intended
use is not permitted by statutory regulation or exceeds the permitted use,
you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-
nc-nd/4.0/.

© The Author(s) 2026

https://doi.org/10.1038/s43247-026-03395-1 Article

Communications Earth & Environment |           (2026) 7:415 9

https://doi.org/10.1038/s43247-026-03395-1
http://www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/commsenv

	Climate change reduces pelagic biomass in a coastal upwelling ecosystem
	Results
	Historical and projected sea surface temperature
	Ecosystem responses to warming
	Trends and breaking points in ecosystem projections

	Discussion
	Online methods
	Study area
	Observational data and future warming scenarios
	Ecosystem modelling
	Model validation
	Trend analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




