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Abstract

Biogeochemical models form a core part of marine forecasting and climate
projections, yet they suffer from persistent biases in predicting key ecosys-
tem variables, creating challenges across regional and global scales. To address
this, we developed an AI-augmented three-dimensional hybrid framework that
integrates machine-learning corrections directly into a process-based model’s
productivity engine at runtime, keeping mechanistic formulations central while
deploying physics-constrained, data-driven AI adjustments around them. We
explored two independent hybrid pathways: a satellite-trained primary pro-
duction scale-factor and a physiology-informed parameter adjustment. Using a
temperate shelf-sea as a testbed, we evaluated multi-year hybrid simulations
against in situ, Argo, and satellite observations, as well as data-assimilative
(DA) reanalysis and high-resolution simulations. Results show that the hybrid
framework substantially reduced long-standing biases and outperformed reanal-
ysis and high-resolution simulations across several metrics, including evaluation
years and variables, not seen during AI training. This demonstrates that cor-
recting ecosystem process representations while remaining mass-conservative can
yield greater accuracy than increasing spatial resolution or relying entirely on
continuous DA. Furthermore, because our AI components utilise globally avail-
able satellite and experimental datasets, our framework is potentially transferable
across global shelf seas. This low-computational, interpretable approach could
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deliver an effective alternative for operational forecasting and long-term climate
applications.

Keywords: Marine biogeochemistry, Hybrid modelling, Physics–AI integration,
Primary production, Shelf-sea ecosystems, Operational ocean forecasting,
Climate-relevant ecosystem prediction, Earth system modelling

1 Introduction

Accurate biogeochemical forecasting is essential for credible projections of primary
production, carbon export, nutrient drawdown and oxygen dynamics to inform climate
assessments and marine management decisions. Yet, process-based marine ecosystem
models, which underpin biogeochemical forecasting systems, suffer from persistent
seasonal and spatial biases in key ecosystem variables such as chlorophyll, nutrients,
and dissolved oxygen. These limitations are widely recognised across regional and
global domains, as simplified mechanistic formulations struggle to represent the full
complexity and variability of real ecosystems. For instance, Andrews et al. (2017)
[1] reported difficulties reproducing the observed oxygen levels, particularly in low-
latitude oceans, in global Earth System Models, failing to capture the extent and
variability of oxygen minimum zones. Yool et al. (2021) [2] further identified biases in
UKSEM1 Earth System Models in nutrients and dissolved inorganic carbon in future
climate scenarios. In a North American coastal study, the baseline simulation showed
a consistent bias where the model underestimated chlorophyll while overestimating
nutrients and CO2 levels across multiple coastal regions [3].

One core source of this structural shortcoming is that physiological parameters
and key process formulations are typically prescribed a priori and applied homo-
geneously across seasons and model domains. Whereas phytoplankton communities
undergo seasonal succession, acclimation, and shifts in dominant functional traits in
response to changes in light, nutrients, and mixing, making fixed physiological param-
eters difficult to justify. Consistent with this, Mamnun et al. (2025) [4] showed that
spatio-temporally constant parameters can introduce substantial uncertainty and bias
in marine ecosystem simulations. A conventional response to address this issue is
to apply data assimilation (DA). However, assimilating satellite-derived, functional-
type-specific phytoplankton information into process-based models [5] demonstrably
improves surface chlorophyll and bloom onset, but typically has a more limited impact
on the underlying primary production dynamics and nutrient pathways. Moreover,
DA approaches that constrain model state variables without fully consistent balance
schemes can violate strict carbon, nitrogen and phosphorus (C/N/P) mass conser-
vation (and associated O2 stoichiometry), potentially introducing inconsistencies in
coupled nutrient and carbon cycles while leaving the underlying process rates imper-
fect, as highlighted by Ciavatta et al. (2014) [6] and Teruzzi et al. (2018) [7]. Consistent
with this, Gregg et al. (2008) [8] demonstrated that model chlorophyll responded to
assimilated chlorophyll, while carbon remained biased. They highlighted that ocean-
colour sensors measure chlorophyll as a proxy for biomass, but do not directly constrain
carbon stocks or biogeochemical fluxes. Mateus et al. (2012) [9] and Stock et al. (2025)
[10] further reported that large chlorophyll changes can occur with minimal change
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in carbon fixation. In simple terms, with assimilation of just the biomass of the pig-
ment chlorophyll-a derived from ocean-colour, we are “painting the right amount of
green” at the ocean surface, whilst the underlying engine of marine ecosystem, i.e., the
primary productivity that links light, nutrient and carbon flux [11], remains biased,
resulting in persistent errors in bloom timing [12], nutrient drawdown and oxygen
distributions [13].

Recent work across climate, ocean and environmental modelling shows that com-
bining machine learning (ML) algorithms within physical models yields promising
results in terms of both prediction accuracy and stability [14–16]. For biogeochem-
istry, where biological processes are inherently complex, non-linear, and subject to
substantial uncertainty, such an approach would provide a pragmatic way to represent
unresolved physiological responses under changing optical conditions, nutrient regimes
and mixing environments without altering established process-based formulations.
This aligns well with the wider demand for human-guided, augmentation-based uses
of Artificial Intelligence (AI)/ML in marine ecosystem modelling, where data-driven
methods improve, rather than replace, process understanding and model integrity
[17, 18].

In this study, we developed a full three-dimensional hybrid modelling framework
that applies machine-learned corrections to the productivity engine of a process-based
ecosystem model at runtime, improving the representation of shelf-sea biogeochemistry
without altering the underlying physics or model configuration. We used the North
West European Shelf (NWES) domain as our experimental testbed, implemented on
the Atlantic Margin Model (AMM7) configuration, with a spatial resolution of approx-
imately 7 km and spanning roughly 40◦N–65◦N and 20◦W–13◦E. This domain is
known to be challenging for simulating complex shelf-sea biogeochemistry and exhibits
substantial documented biases in both baseline NEMO (Nucleus for European Mod-
elling of the Ocean)–ERSEM (European Regional Seas Ecosystem Model) [19, 20]
and its Copernicus Marine Environment Monitoring Service (CMEMS) NWES bio-
geochemical reanalysis counterpart [13]. The NWES domain combines strong seasonal
variability, tidal mixing fronts, and riverine nutrient loads, making it a particularly
challenging testbed for simulating shelf-sea biogeochemistry.

Two independent hybrid pathways are developed in this work. The first comprises
an AI/ML model trained on a scale factor derived from the ratio between satellite-
based productivity estimates [21–23] and an independent baseline NEMO–ERSEM
simulation of primary production [24]. After training, the ML model is coupled
online to NEMO–ERSEM to dynamically adjust productivity rates using internally
available environmental predictors. This approach is referred to as HYB-SF (hybrid
scale-factor correction). Conversely, the second pathway implements online predic-
tion of photosynthesis–irradiance (PI) parameters, using a separate AI/ML model
trained on a global experimental dataset of Bouman et al. 2018 [25] and coupled
to NEMO-ERSEM, allowing the light-response curve to adjust dynamically to local
environmental conditions during model integration. This approach is referred to as
HYB-PI (hybrid PI correction). In both pathways, model training and the subsequent
online AI-driven corrections during NEMO–ERSEM integration were confined to shelf
regions (water depth ≤200m), consistent with the intended shelf-sea application and
they both acted exclusively on productivity rates and physiological response param-
eters, while all carbon, nutrient, and oxygen fluxes remain governed by the native
ERSEM stoichiometric formulations, thereby preserving internal mass conservation
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by construction. A third simulation using the baseline ERSEM configuration with-
out AI augmentation was performed as a reference (legacy ERSEM). All simulations
shared identical physics, initial conditions, grid, and configuration, differing only in
the internal treatment of primary production. The isolation is important as primary
production is one of the major ecosystem drivers that governs the entire lower-trophic
strata of biogeochemical processes: phytoplankton bloom, nutrient drawdown, oxy-
gen dynamics and consumption through respiration [26, 27]. By modifying only this
process, we directly assess whether an adaptive primary production engine leads to a
more realistic ecosystem state.

We demonstrated that our hybrid framework improved chlorophyll distributions
and reduced long-standing biases in surface and subsurface oxygen present in the
legacy ERSEM, when evaluated against the North Sea Biogeochemical Climatology
(NSBC) level-2 products [28], independent observations, including two different satel-
lite ocean-colour products [29, 30], biogeochemical (BGC) Argo profiles [31], and
in situ oxygen and nitrate measurements from International Council for the Explo-
ration of the Sea (ICES) [32]. Performance is further assessed relative to both a
data-assimilative biogeochemical reanalysis on the AMM7 grid [13] and a free-running
high-resolution regional model over the same NWES domain (AMM15; 1.5 km; 45◦N–
63◦N) [33]. We showed our best-performing hybrid model, HYB-SF, substantially
reduced long-standing biases in chlorophyll and dissolved oxygen, outperforming both
higher-resolution simulations and the data-assimilative reanalysis in several cases
where DA is known to be less effective because of sparse and intermittent observations.
And these gains were achieved without assimilating ocean-colour chlorophyll or rely-
ing on increased spatial resolution. Additionally, both hybrid frameworks are designed
to be transferable to other shelf-sea systems across the globe, as they are trained
on globally available satellite-based productivity datasets and global experimental
compilations of phytoplankton PI parameters.

2 Results

To help isolate the role of each experiment and benchmark in the results below, we
summarise the simulations and reference systems used in this study in Table 1.

Table 1 Summary of model experiments and benchmark products used in this study.

ID Experiment Domain / grid Res. Primary produc-
tion

LEGACY Free-running (base-
line

NWES (AMM7) ∼7 km ERSEM (standard)

HYB-SF Hybrid (ML-
coupled)

NWES (AMM7) ∼7 km ERSEM + ML scale
factor

HYB-PI Hybrid (ML-
coupled)

NWES (AMM7) ∼7 km ERSEM + ML PI
parameters

REANALYSIS Data-assimilative NWES (AMM7) ∼7 km ERSEM (standard)
+ DA

AMM15 Free-running (High-
resolution)

NWES (AMM15) ∼1.5 km ERSEM (standard)
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2.1 Shelf-wide chlorophyll patterns in hybrid and

process-based simulations

Chlorophyll serves as one of the primary metrics for marine ecosystem health largely
because it is directly observable and closely linked to primary production. We therefore
begin our analysis by comparing the results from the hybrid model simulations with
those of legacy ERSEM against ocean-colour observations of chlorophyll from OC-CCI
(Fig. 1).

Surface chlorophyll concentrations in the legacy simulation exhibited high root
mean square error (RMSE) compared with those of OC-CCI with persistent errors
in shelf and coastal waters during winter and spring (Fig. 1a,b). Over the shelf
(≤ 200m), the legacy ERSEM simulation had the highest RMSE of 1.25, whereas
the HYB-SF simulation reduced RMSE to 0.93 and the HYB-PI simulation to 1.16
(Table 2). The HYB-SF framework substantially decreased chlorophyll mismatches
between model simulations and ocean-colour observations throughout the full study
region. Improvements were especially observed during winter and spring (Fig. 1q,r)
within the continental shelf for coastal areas, the entire North Sea, and the Norwe-
gian coast. We observed shelf-wide improvements in the estimation of chlorophyll in
the HYB-SF simulation during summer (Fig. 1s), but changes in autumn (Fig. 1t)
remained largely neutral, with slightly increased RMSE in the shelf region.

Fig. 1 Seasonal RMSE patterns (2017–2023 composite) for chlorophyll across the NW
European Shelf, computed against OC–CCI satellite chlorophyll. Panels show RMSE of
legacy ERSEM, HYB-PI, HYB-SF, and the seasonal RMSE differences (∆RMSE) for Winter, Spring,
Summer, and Autumn.
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Region-averaged skill metrics (Table 2) showed similar results with the lowest
RMSE in chlorophyll in the HYB-SF simulation. The results of the HYB-PI framework
mostly showed RMSE values between the legacy ERSEM and HYB-SF simulations in
all regions. One exception is in the English Channel, where the HYB-PI simulation
showed the lowest RMSE values compared to chlorophyll concentrations from OC-
CCI (Table 2). During winter, spring and autumn, improvements in the estimation
of chlorophyll in the HYB-PI simulation were predominantly confined to the shelf
region (Fig. 1m,n,p), consistent with the intended domain of physiological corrections,
although a relatively high bias in chlorophyll existed during summer (Fig. 1o).

Fig. 2 Time-series of chlorophyll RMSE across key subregions of the NW European
Shelf. Daily RMSE for legacy ERSEM, HYB-SF, and HYB-PI simulations over the shelf (≤200,m),
Coastal (≤50,m), English Channel, German Bight, and Liverpool Bay.

Whilst basin-wide maps indicated where improvements to the estimation of chloro-
phyll occurred, time series analysis showed how the hybrid simulations stabilised the
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Table 2 Region-wise bias and RMSE in log10

chlorophyll. Bold RMSE values indicate
improvement relative to LEGACY.

Region Run Bias RMSE
AMM7 LEGACY 0.13 1.23

HYB-PI 1.11 1.19
HYB-SF 0.46 0.84

Shelf (≤200 m) LEGACY −0.00 1.25
HYB-PI 0.93 1.16
HYB-SF 0.40 0.77

Coastal (≤50 m) LEGACY −0.72 1.34
HYB-PI 0.20 1.25
HYB-SF −0.45 0.83

English Channel LEGACY −0.45 0.82
HYB-PI 0.20 0.83
HYB-SF −0.54 0.60

German Bight LEGACY −2.13 1.62
HYB-PI −1.07 1.49
HYB-SF −1.70 1.03

Liverpool Bay LEGACY −1.09 1.80
HYB-PI −0.21 1.68
HYB-SF −0.91 0.97

seasonal cycle by reducing the amplitude of spurious peaks and dampening interan-
nual variability in chlorophyll RMSE (Fig. 2). We estimated RMSE in chlorophyll
across a set of regions, from the full AMM7 domain to several subdomains within
the NWES. Results from the HYB-SF simulation consistently showed lower RMSEs
in chlorophyll compared with OC-CCI across seasons and regions. The coastal areas
exhibited the strongest improvement in model skill, with RMSE reduced from 1.80
in the legacy simulation to 0.97 and 1.68 in the HYB-SF and HYB-PI simulation,
respectively (Table 2). During spring blooms, the legacy ERSEM simulation over-
shot OC-CCI chlorophyll, whereas the HYB-PI framework did not show a significant
impact and mostly followed the results of the legacy simulation. Gaps in the German
Bight and Liverpool Bay reflect satellite data gaps.

2.2 Spring bloom onset and associated nitrate dynamics

The seasonal growth cycle of phytoplankton, i.e., bloom phenology, is another impor-
tant metric that can be used in monitoring and managing marine ecosystems. In the
NWES, the seasonal cycle is typically characterised by a spring phytoplankton bloom,
and we compared the onset of this bloom across all model simulations and that of
satellite-based observations of chlorophyll (OC-CCI) for the latest simulation years
2022 and 2023 (Fig. 3a). We used the threshold cumulative distribution (TCUD) met-
ric of Ferreira et al. (2014) [34] to estimate bloom onset, where onset timing is defined
as the first day on which the cumulative chlorophyll reaches 15% of its seasonal total
(based on gap-filled data and a 21-day running mean). The legacy simulation exhib-
ited a systematically late spring bloom across much of the NWES domain, particularly
in the Southern North Sea, the Celtic Sea, and the central basin (Fig. 3, top panel).
This late bloom onset was reported previously in Butenschön et al. (2016) [20], where
delayed onset in ERSEM relative to Western Channel Observatory time series and
satellite observations was reported. Jardine et al. (2022) [35] also showed that ERSEM
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Fig. 3 Spring bloom onset timing and associated nitrate–chlorophyll dynamics across
the NWES (2022–2023). Top panels: Spatial distribution of climatological spring bloom onset
(day of year) derived from OC–CCI chlorophyll and simulated by legacy ERSEM, HYB-PI, and HYB-
SF for 2022 and 2023. Earlier onset (yellow/orange) and later onset (purple/blue) are indicated by
the colour scale. Hybrid configurations improved the spatial coherence and timing of bloom initia-
tion, with HYB-SF showing the closest agreement with observations. Bottom panel: Shelf-mean
surface nitrate (solid lines; mmol N m−3) and total chlorophyll (dashed lines; mg m−3) time series
for the same period. Hybrid simulations modified both the timing and magnitude of spring bloom
development and associated nutrient drawdown, signifying changes to internal production–nutrient
coupling relative to the legacy ERSEM configuration.

can delay bloom onset by up to three weeks when light availability is underestimated.
Additionally, Skákala et al. (2021, 2022) [12, 36] showed systematic late-bloom biases
in biogeochemical reanalysis occurring particularly in stratified regions such as the
central North Sea, together with a tendency to overshoot bloom magnitude.

HYB-SF simulation substantially improved bloom-onset timing by advancing it
into the April–May window across most of the shelf in both years, producing similar
results to OC-CCI and correcting the late-bloom bias in the legacy simulation. In
2022, the HYB-SF simulation captured relatively late bloom timing in the Southern
North Sea and Irish Sea (end of May), in close agreement with OC-CCI, with similar
improvements in 2023. The HYB-PI slightly improved onset timing relative to the
legacy simulation, particularly capturing the later bloom along the eastern English
Channel and the German Bight. The northward propagation of the bloom along the
Atlantic boundary is more difficult to validate due to limited satellite coverage.
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The improved bloom timing in the hybrid simulations was accompanied by distinct
changes in nitrate dynamics. Time series analyses of chlorophyll and nitrate across
the shelf demonstrate that the hybrid models reshaped ERSEM’s primary production
engine (Fig. 3, bottom panel). All simulations followed the classic chlorophyll-nutrient
seasonal dynamics with winter recharge, spring drawdown, and summer minima of
nutrients. HYB-SF showed an earlier bloom through dynamic scaling of primary pro-
duction, resulting in an earlier chlorophyll peak and earlier nitrate uptake compared
with the legacy simulation while retaining higher nitrate levels after the bloom. This
showed that the scaling accelerated bloom onset without aggressively exhausting nutri-
ents. The timing of the bloom onset in the HYB-PI simulation was between that of
the HYB-SF and legacy simulation, with a higher chlorophyll maximum and faster
depletion of nitrate. The legacy simulation showed a relatively delayed spring bloom
with a lower amplitude in chlorophyll and less nutrient drawdown.

The bias in nitrate concentrations was evaluated using the NSBC level-2 climatol-
ogy product (1960–2014) [28]. All model configurations exhibited a persistent positive
nitrate bias across the shelf, consistent with previously reported behaviour of ERSEM-
based systems [5, 37]. Relative to the climatology, the reanalysis showed the closest
agreement, while the hybrid simulations did not systematically reduce shelf-wide
nitrate biases (Supplementary Fig. S1).

In contrast, validation against ICES in situ nitrate observations showed modest
improvements in the hybrid simulations relative to the legacy configuration, partic-
ularly with depth, whereas the reanalysis exhibited the largest near-surface bias and
spread (Supplementary Fig. S4). Open-ocean validation using BGC-Argo profiles fur-
ther indicated that the HYB-SF simulation produced a more realistic vertical nitrate
structure and seasonal evolution, while HYB-PI tended to underpredict nitrate (Sup-
plementary Fig. S3). Overall, nitrate improvements were limited compared with the
gains achieved for chlorophyll, and are discussed further in the context of known
uncertainties in nutrient forcing and riverine inputs.

2.3 Dissolved oxygen distributions across model configurations

We continue our assessment with dissolved oxygen, which is one of the important
metrics that is often used in marine ecosystem management frameworks such as the
European Union’s Marine Strategy Framework Directive (EU MSFD) bottom-water
oxygen criterion (D5C5) and the Water Framework Directive [38]. The seasonal bias
in dissolved oxygen relative to the NSBC climatology in the legacy simulation showed
that both hybrid runs restructured the surface oxygen distribution (Fig. 4).

The HYB-SF framework removed a widespread bias in surface dissolved oxygen
of +40-90 mmol O2 m−3 in summer across the domain (Fig. 4k) compared with the
legacy model (Fig. 4c). We argue that the likeliest reason behind this is better cou-
pling between primary production and respiration as hybrid frameworks adjusted net
production rates in a way that reduced excess organic matter accumulation and asso-
ciated over-oxygenation during summer. The HYB-PI simulation also reduced bias in
dissolved oxygen concentrations (Fig. 4g), but to a much lesser extent than in the
HYB-SF simulation and primarily in the central North Sea. Bias in dissolved oxy-
gen remained essentially unchanged in autumn and winter across all simulations and
was fairly aligned with the climatology (NSBC). During spring, the HYB-SF simu-
lation showed a slight increase in bias in dissolved oxygen concentrations (Fig. 4j)
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Fig. 4 Seasonal surface oxygen bias (2017–2023) for legacy ERSEM, hybrid simulations
and reanalysis against NSBC Level-2 climatology Summer showed the strongest signal, where
both hybrid runs reduced large positive summer and year-round negative surface oxygen bias present
in legacy and reanalysis, respectively, across the whole domain.

compared with the legacy simulation (Fig. 4b) in the North Sea region, whereas the
HYB-PI simulation (Fig. 4f) stayed closest to the climatology (NSBC), with a slight
overestimation in the central North Sea.

Comparison of the NSBC with the reanalysis which is considered the operational
benchmark for regional marine ecosystem assessments [39, 40] and is used in daily
forecasting services, showed a strong negative bias in dissolved oxygen concentrations
year-round (Fig. 4m-p), often between -30 and -50 mmol O2 m−3 (as also reported
in the product Quality Information Document [13]). The HYB-SF simulation aligned
with the NSBC climatology better than the HYB-PI simulation and reanalysis, reduc-
ing the winter–autumn mismatch and suppressing summer excess in dissolved oxygen
between +30 and +60 mmol O2 m−3 (Fig. i-l). However, when compared with the
reanalysis, improvements in the HYB-PI simulation were localised (Fig. e-h): The over-
all negative bias was largely removed, but a localised surplus remained during summer.
Nevertheless, both hybrid models performed noticeably better than the reanalysis,
even though dissolved oxygen was never explicitly targeted during the training or
prediction phases of either hybrid model.

Additionally, validation with in situ oxygen data from ICES confirmed that the
HYB-SF framework delivered the strongest overall skill in estimating dissolved oxygen
concentrations, with the smallest bias (5.51 mmol O2 m−3), the lowest RMSE (35.20
mmol O2 m−3), and the highest correlation (0.48) (see Supplementary Fig. S4). The
HYB-PI framework reduced over-oxygenation as seen in the legacy simulation, but
exhibited a small number of low-oxygen outliers, while dissolved oxygen levels were
consistently underestimated in the reanalysis. Depth-resolved diagnostics showed that
both hybrid simulations exhibited narrower errors from the surface to deeper layers.
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Fig. 5 Validation of simulated dissolved oxygen against a representative BGC-Argo float
(ID 1902304; 48.87°N, 14.85°W). Panels compare observed BGC-Argo dissolved oxygen pro-
files with simulations from legacy ERSEM, HYB-SF, HYB-PI, and the reanalysis. HYB-SF removed
the systematic negative bias present in the reanalysis and reproduced the observed spatio-temporal
(Hovmöller) structure, with minor overestimation near the surface. Residual time series and verti-
cal profiles showed that HYB-SF exhibited the narrowest error PDF (probability density functions)
distribution centred around zero, whereas the reanalysis remained skewed toward negative errors.
HYB-PI reduced much of the reanalysis bias but retained a surface-intensified positive bias following
the bloom.

To assess whether corrections introduced within the shelf-sea production engine
propagated coherently beyond the shelf and through the water column, we further
evaluated the hybrid systems against independent oxygen profiles from BGC-Argo
floats in the adjacent open ocean. We compared our hybrid simulation with BGC-Argo
oxygen profiles available within the domain and found consistent behaviour across
multiple floats, with one representative example analysed here. This comparison fur-
ther supported the above results (Fig. 5). The HYB-SF simulation showed the greatest
match with the observed vertical oxygen profiles over the years, whilst the reanalysis
consistently underestimated dissolved oxygen levels. The residual and mean dissolved
oxygen profiles confirmed that the HYB-SF simulation showed a narrower spread and
the most realistic vertical oxygen distribution, while the HYB-PI simulation retained
a surface-biased signal during the post-bloom period. Together, these results showed
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that hybrid corrections noticeably improved model skill to estimate dissolved oxygen
from the surface to deeper layers.

2.4 Comparison of hybrid chlorophyll simulations with

biogeochemical reanalysis

Here we continue with a comparison of chlorophyll estimated from hybrid simulations
against CMEMS ocean-colour level-4 biogeochemical observational data products [41],
which were also used for validation of the reanalysis. We treat this comparison sepa-
rately because it addresses a fundamentally different question from model–observation
skill alone: how ecosystem models perform when DA is absent or ineffective. The
data assimilative CMEMS NWES reanalysis system relies on the continuous avail-
ability of observation streams that constrain surface PFT (phytoplankton functional
type)-specific chlorophyll distributions [42], sea surface temperature, and subsurface
temperature–salinity structure [13]. However, in many shelf-sea regions and seasons,
ocean-colour observations are intermittent or unavailable due to cloud cover, high tur-
bidity, or low solar angles, leaving reanalysis systems effectively unguided, resulting
in unrealistically low winter chlorophyll as reported in the reanalysis [13]. A similar
study by Ciavatta et al. (2016) [43], done in the same domain, showed that the bio-
geochemical model-data assimilation system consistently underestimates chlorophyll
in coastal zones such as the southern North Sea and the German Bight. Skákala et al.
2018 [5] reported that assimilating ocean-colour observations improves large-scale pat-
terns but frequently suffers from significant biases. Therefore, evaluating the hybrid
simulations against the identical observational reference used by the reanalysis val-
idation provides a direct and fair assessment of whether embedding data-informed
corrections incorporated in the model dynamics can improve forecast skill, particularly
under conditions where observational constraints are weak. This distinction is criti-
cal for assessing the effectiveness of hybrid models as standalone predictive modelling
systems and as potential candidates for future assimilation frameworks. In addition,
using an independent ocean-colour product for this comparison provides a stringent
test of the scientific robustness and generalisability of the hybrid framework beyond
the datasets used to inform its development.

The RMSE for each model simulation and the reanalysis was determined using
the CMEMS ocean-colour product and then represented by ∆ RMSE: the difference
between chlorophyll RMSE in legacy, HYB-PI and HYB-SF simulations and the RMSE
of reanalysis for 2017–2023 composite and for the same that of the latest simulation
year, i.e., 2023 (Fig. 6). We noticed that both hybrid frameworks improved chlorophyll
accuracy (against CMEMS ocean-colour data) at the ocean surface throughout most
of the year compared with the legacy simulation (2017–2023). These improvements
happened mostly in winter, spring, and summer, with a slight change in autumn.
During the spring bloom season, the HYB-SF simulation showed the highest reduction
in RMSE for the full time period (Fig. 6j) and for 2023 (Fig. 6n) compared to the
legacy simulation (Fig. 6b), especially in areas of the Western English Channel, Celtic
Seas, and the Irish Sea, where shifts towards neutral (i.e., RMSE = 0) were observed,
meaning that the hybrid model is equal to the reanalysis. We observed substantial
improvement in winter during the last simulation year, 2023 (Fig. 6m). During this
period, the HYB-SF simulation showed shelf-wide negative RMSE difference going as
low as -2 log10(Chl), corresponding to reductions in multiplicative error in chlorophyll
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concentration of up to two orders of magnitude. This demonstrates the ability of the
hybrid model to bring simulated chlorophyll concentrations into close agreement with
the observation, without direct assimilation of ocean-colour data during the model
integration. Prominent areas of improvement were observed, especially in UK coastal
waters, including the English Channel, except in some parts of the North Sea. Similar
model skill in the HYB-SF simulations was observed in summer (but not as high as
in winter), with notably better surface chlorophyll distribution than the reanalysis,
particularly in the Southern North Sea and in the English Channel during 2023 (Fig.
6k,o). The HYB-PI simulation showed slight improvements compared with the legacy
simulation, lying mostly between the HYB-SF and legacy ERSEM simulations (Fig. e-
h), with the strongest improvements confined to the English Channel and the German
Bight.

Fig. 6 Seasonal ∆RMSE (model – reanalysis) for chlorophyll (2017-2023 composite and
the latest simulation year, 2023). Across all seasons, both hybrid systems reduced the large
shelf-wide RMSE seen in legacy ERSEM, with HYB-SF showing the greatest improvements when
compared to reanalysis, especially during the 2023 summer and winter, where a considerable area of
the shelf-sea shifted towards neutral or negative ∆RMSE, indicating an equal or stronger agreement
with observed chlorophyll than the reanalysis.

Time series analysis of RMSE in chlorophyll showed results that are consistent with
the spatial maps. The HYB-SF simulation maintained the lowest RMSE in chlorophyll
of the legacy and hybrid simulations throughout all regions throughout the simulation
period, staying closest to the RMSE in reanalysis and exhibiting similar and better
skill than the reanalysis during 2023 (Fig. 7, Supplementary Table S2). The HYB-PI
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simulation showed RMSE in between the HYB-SF and legacy simulations, showing
improvements in timing and amplitude of seasonal peaks in chlorophyll. An interest-
ing observation was the gradual decrease in RMSE for chlorophyll in the HYB-SF
simulation across most regions over time. This may be expected since the hybrid sim-
ulation starts on January 1, 2017 (same initial conditions as in legacy simulation) and
the model re-equilibrated the ERSEM nutrient and carbon structures after complet-
ing one seasonal cycle, i.e., the physics-AI-biology coupling needed longer simulations
to settle into its new dynamical balance, and it is the subsequent years where the true
behaviour of the system emerged.

Fig. 7 Regional chlorophyll RMSE time series against CMEMS ocean-colour product.
Daily RMSE is shown for the AMM7 domain, shelf (≤200m), coastal waters (≤50m), the English
Channel, the German Bight and the Liverpool Bay, comparing legacy ERSEM, HYB-SF, HYB-PI
and the reanalysis. HYB-SF stayed closest to the reanalysis and showed the best skill scores during
the most recent year 2023, with HYB-PI lying between HYB-SF and the legacy ERSEM.
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We compared our hybrid simulation with BGC-Argo chlorophyll profiles available
within the domain and found consistent behaviour across multiple floats, with one
representative example analysed here. Supplementary Fig. S2 shows that the HYB-
SF framework removed the subsurface overestimation as observed in the reanalysis,
representing the post-bloom subsurface structure most realistically. The residuals also
showed a tighter distribution, clustered around zero. Yet, the HYB-PI simulation
overshot chlorophyll and showed a broadest error spread, underperforming at the
location of the BGC-Argo float.

2.5 Comparison of hybrid chlorophyll simulations with the

high-resolution AMM15 model

We further compared RMSEs in the surface chlorophyll distribution from the two
hybrid simulations with a free-running high-resolution AMM15 simulation (1.5 km;
Partridge et al., 2025 [33]), currently used by the UK Met Office for operational
forecasting [44], after regridding the AMM15 model output onto the AMM7 domain
for a consistent comparison, using OC-CCI chlorophyll [30] as the reference (Fig. 8).

The HYB-SF simulation performed better than AMM15 right across the NWES
domain during the bloom months, with a clear drop in RMSE in spring (Fig. 8f).
The HYB-PI simulation also showed improved chlorophyll simulation over AMM15
during spring (Fig. 8b), though the improvements were more localised around UK
coastal and shelf waters, which would be expected from a physiology-informed hybrid
model. We found that during this season, HYB-PI simulation showed slightly higher
RMSE than AMM15 in the open ocean beyond the shelf, which may be expected
since the model was neither trained nor actively predicting PI parameters outside the
shelf domain. The HYB-SF simulation showed lower RMSE in chlorophyll in winter
along coastal margins (Fig. 8e), while the HYB-PI simulation mostly aligned with
AMM15 (Fig. 8a). Although during winter, observational coverage was limited. Both
hybrid frameworks performed similarly to AMM15 in summer (Fig. 8c,g) and autumn
(Fig. 8d,h), although we noticed slightly higher positive biases in these seasons. Anal-
ysis of the time series (see Supplementary Table S1) confirmed these results, with
the HYB-SF framework performing best across seasons and regions. The HYB-PI
framework further showed better model skill in estimating chlorophyll compared with
AMM15 and even exceeded it during the spring bloom (see Supplementary Table S1).
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Fig. 8 Seasonal chlorophyll RMSE comparison against AMM15. The left two columns
show seasonal ∆RMSE for HYB-PI, HYB-SF with AMM15. Blue indicates improvement and red
indicates degradation with respect to AMM15. HYB-SF showed widespread spring improvement
(panel D) across the shelf, while HYB-PI showed local gains around the English Channel and coastal
zones (panel C), but overestimated in off-shelf. The right panel shows time-series RMSE for surface
chlorophyll across several spatial domains. HYB-SF consistently outperformed AMM15 across the
full AMM7, shelf, and coastal regions. HYB-PI exhibited similar performance to AMM15 and some
selective improvements during the bloom season.

3 Discussion

Both hybrid models fundamentally adjusted the process-based model’s native repre-
sentation of primary production. The satellite-trained version (HYB-SF) acts as an
online bias-corrector, improving chlorophyll and oxygen distributions throughout a
complex shelf-sea environment. On the other side, the physiology-informed variant
(HYB-PI) focuses on the phytoplankton’s light-response by adjusting the PI param-
eters, yielding better results in specific regions such as the English Channel and the
German Bight, precisely where local photophysiology governs bloom behaviour. In
comparison, the HYB-SF simulation evidently outperforms the HYB-PI simulation in
both magnitude and spatial extent for the analysed variables (i.e., chlorophyll, dis-
solved oxygen and nitrate) in our test, owing to its direct, shelf-wide correction of net
primary production. Nevertheless, HYB-PI consistently brings the simulation closer
to observations in niche regions where the PI curve training is most representative,
largely representing the shallow-water experimental datasets on which it was trained.
This outcome is scientifically expected as it accentuates the mechanistic nature of
this particular approach. HYB-PI modifies phytoplankton photophysiology but is con-
strained by the available experimental knowledge. Further improvements in HYB-PI
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can be expected through expansion of the observational training dataset to better rep-
resent variability across depths, seasons, phytoplankton communities, and additional
growth-limiting factors, in line with a recent perspective emphasising closer integra-
tion of empirical plankton knowledge to improve the reliability and utility of ecosystem
projections [45].

There is one prominent area where both hybrid models can be further refined. An
important shortcoming lies in the nutrient simulation. Despite improved chlorophyll
and oxygen skill, nitrate biases may persist due to uncertainties in riverine nutrient
inputs, which vary across space and season and can only be addressed through nutrient
data assimilation. Future work could address this issue by relaxing or assimilating
machine-learned nutrient data into the hybrid systems, following the work by Banerjee
et al., 2025 [46, 47]. Nevertheless, a key aspect of this work is that all improvements are
achieved without assimilating nutrient data; by modifying model productivity rates
and adjusting phytoplankton’s photophysiological response alone, whilst the system
remains fully mass-conservative.

From an operational point of view, our hybrid frameworks represent a promis-
ing framework of efficient and skilful forecasting systems. They match or exceed
the accuracy of data-assimilative reanalysis and high-resolution regional models in
several challenging areas and seasons, even when running at coarser resolutions with-
out continuous DA. This demonstrates the scientific validity of integrating empirical
knowledge directly into a process-based model’s core dynamics. Our results indicate
two important findings: (1) increasing spatial resolution alone can yield incremental
improvements, but persistent biogeochemical biases ultimately originate from limita-
tions in the underlying process representations, and (2) amalgamation of empirical
knowledge with process-based models emerges as a promising alternative, particularly
where DA is not viable, either because observations are intermittent or fundamentally
unreliable. Additionally, the neural network components are compatible with future
GPU (Graphics Processing Unit)-accelerated implementations for faster simulations,
making our hybrid framework suitable for operational adaptation, although such appli-
cations were not explored here. Furthermore, owing to its parallel architecture and
AI/ML transferability across shelf seas, the framework delivers a clear pathway toward
worldwide real-time operational applications in future works.

Technologically, our hybrid framework stands apart from standard machine-
learning approaches in environmental sciences [48–51]. While Physics-Informed Neural
Networks (PINNs) embed physical constraints into AI models, we invert this logic
through “Neural-Network-Informed Physics” (NNIP). In NNIP, established process-
based equations remain the primary drivers, with AI providing physics-constrained,
data-informed adjustments where empirical knowledge is limited. This ensures phys-
ical and biological conservation laws are strictly preserved, making the model stable
and interpretable. While related ideas have emerged in physical oceanography [52],
they have not yet been formalised within coupled biogeochemical forecasting systems.

Several studies have reported climate projections with warming-driven deoxygena-
tion conditions in temperate shelf seas (due to temperature-driven solubility loss,
stronger stratification, and circulation changes) [53, 54]. In this context, notably, our
simulation period, 2017–2023, lies well beyond the AI training period (2002–2015 for
HYB-SF and 1977–2013 for HYB-PI), yet both hybrid systems remain stable and
continue to improve oxygen prediction. This persistence of skill beyond the training
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period highlights the potential of hybrid frameworks to support future climate pro-
jections of ecosystem productivity and oxygen dynamics when integrated with Earth
System Models.

Beyond technical results, our work addresses the wider challenge of developing
sustainable ecosystem modelling frameworks for shelf-sea ecosystems that achieve
significantly improved prediction skill without increasing computational cost. The
interpretable, domain-constrained AI components of our hybrid framework exem-
plify the ethical use of artificial intelligence in line with emerging environmental AI
principles that emphasise transparency and reliability in environmental applications,
including the UK’s Net Zero Strategy and related international AI governance frame-
works [55–57]. Additionally, improved ecosystem forecasts from our hybrid framework
have clear potential to support marine environmental assessment and reporting (e.g.,
the Marine Strategy Framework Directive, MSFD) and may inform wider marine pol-
icy objectives, including fisheries sustainability under the UK Fisheries Act 2020 [58],
habitat protection under the UK Marine Strategy (UKMS), and international commit-
ments for example the United Nations Sustainable Development Goal 14 (UN-SDG14:
Life Below Water) [59]. Moreover, our hybrid framework’s low cost and energy use
also lowers the barrier to adoption, making it accessible for agencies without exascale
high-performance computing infrastructure. This aligns with the global shift toward
more responsible and efficient climate models and agrees with several government poli-
cies across the world, where there is emerging evidence showing recent developments
on data-intensive workflows, including high-resolution modelling and assimilation, are
contributing to rising electricity demand [60].

We demonstrated that integrating ML adjustments directly into a process-based
model during simulation improves prediction skill without increasing complexity. Using
AI to adjust process rates and model parameters provides greater flexibility than static
parameterisations, which opens opportunities to streamline complex ecosystem models
while maintaining predictive skill and reducing computational cost. While tested here
in a temperate shelf-sea, our paradigm offers a scalable foundation for next-generation
ecosystem prediction across regional and global climate frameworks.

4 Methods

4.1 Process-based modelling framework

We use the NEMO ocean engine [61] as the hydrodynamic component, coupled online
through FABM [62] to ERSEM for lower-trophic ecosystem dynamics. NEMO provides
ocean-physical data such as temperature, mixing, and advection. FABM handles the
fluxes and state exchanges, while ERSEM calculates the biogeochemical terms such
as phytoplankton growth, nutrients, and oxygen. Our NWES setup uses the AMM7
grid with about 7 km resolution. This is the same grid used by CMEMS and the UK
Met Office for this region.

4.1.1 NEMO Physics

The physical component, NEMO, is a finite-difference, hydrostatic ocean general cir-
culation model that solves the primitive equations governing momentum, temperature,
and salinity. The NEMO configuration used in this study is almost identical to Skákala
et al. 2020 [63] and Ford et al., 2018 [64]. A CO6 version of NEMO is used in this

18



study, which is based on NEMOv3.6, an updated version of the CO5 configuration as
depicted in detail by [65]. The spatial resolution of the model is approximately 7 km
on the Atlantic Margin Model (AMM7) domain. The model uses a terrain-following
vertical coordinate system with 51 levels. This setup improves the representation of
stratification and mixing. It also makes the benthic-pelagic exchange more realistic
across different depths. This is particularly important when coupling the physics with
biogeochemical models. In our experiments, the lateral boundary conditions for phys-
ical variables at the Atlantic boundary were obtained from the North Atlantic deep
ocean model [66] and Baltic boundary conditions from the Copernicus operational
Baltic Sea model [67]. The river discharge data for NEMO were extracted from the
UK Met Office Unified Model global numerical weather prediction system [44].

4.1.2 ERSEM Biogeochemistry

ERSEM, the biogeochemical model, represents the lower trophic levels of marine
ecosystems with the capability of resolving pelagic plankton communities and benthic
fauna and driving nutrient and carbon cycling in coastal and shelf seas [68]. ERSEM
also possess the capability to simulate plankton dynamics resolved into four PFTs
largely classified by size [19], i.e., picophytoplankton, nanophytoplankton, diatoms
and dinoflagellates. Each PFT’s biomass is represented in multiple biogeochemical
currencies, i.e., chlorophyll, carbon, nitrogen and phosphorus, with diatoms addi-
tionally represented by silicate. ERSEM uses variable stoichiometry, i.e., the ratios
of carbon, nitrogen, and phosphorus change dynamically depending on the environ-
ment (light availability, nutrients, etc.) [69]. The model predators include three main
zooplankton groups, such as mesozooplankton, microzooplankton, and heterotrophic
nanoflagellates [20], where decomposed organic matter is handled by a single group
of heterotrophic bacteria that recycles nutrients back into the system. Apart from
simulating the living organism, ERSEM also tracks nutrients (nitrate, phosphate,
silicate, ammonium, carbon), as well as dissolved oxygen, gaseous substances, and
water. ERSEM further includes the carbonate system, which can simulate CO2 and
its interactions with the atmosphere, a key component for ocean acidification studies
[70].

4.1.3 FABM coupling and Python embedding

FABM [62] is a generic coupling layer that provides stable APIs (Application Pro-
gramming Interfaces) to link physical models (e.g., NEMO) with any number of
biogeochemical components (e.g., ERSEM). Traditionally, these biogeochemical com-
ponents were coded in Fortran, but recent releases of FABM (v3 and up) optionally
embed the Python interpreter to access biogeochemical components written in Python.
Here, we exploit this new functionality to combine ERSEM’s existing Fortran-based
components with a custom Python-based machine learning model. The FABM layer
allows both types of components to exchange information. Only minimal adjustments
to the ERSEM code were needed to obtain selected process parameters from our ML
component. The physical model (NEMO) links to the FABM library as usual and
remains unaware of the Python interpreter and any ML libraries running underneath.
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4.2 Hybrid system architecture

By adding two machine learning modules into ERSEM, we created two separate hybrid
versions, which we simulated independently and compared. It is to be noted that the
AI modules are neither external bias correction nor post-processing routines; they
are fully integrated within the ecosystem model and run as one of its components
that interact with the biogeochemical routines at every timestep, modifying the core
productivity dynamics whilst preserving the underlying physics, i.e., mass balance
and stoichiometry ratios. In other words, a numerical model, i.e., ERSEM, does not
“follow” a machine learning algorithm, but the machine learning informs ERSEM at
the exact point in time and space where the process formulation is known to struggle.

4.2.1 Machine-learned primary productivity scale-factor hybrid
(HYB-SF)

In the first hybrid setup (HYB–SF), we corrected baseline process-based model’s
primary production with a scale factor using a machine learning model trained
against the satellite-derived primary productivity, estimated using chlorophyll-a con-
centrations from the Ocean Colour Climate Change Initiative (OC-CCI version 6
[30]; Sathyendranath et al. 2019 [21]), Photosynthetically Active Radiation from
National Aeronautics and Space Administration (NASA) and seasonal climatologies
of photosynthesis-irradiance and chlorophyll-profile parameters that were assigned per
Longhurst province [71] as described in Kulk et al. [22]. Uncertainty in satellite-based
primary production was estimated using a Monte Carlo simulation to propagate errors
in chlorophyll and PI parameters [22]. We mapped this dataset (4 km resolution) from
March 2000 to December 2015 onto the AMM7 grid and trained the model on the
logarithm of the satellite-to-model productivity ratio, which quantifies the systematic
bias of the baseline model relative to satellite estimates.

The feature set was deliberately made compact, shelf-focused, and runtime-
accessible via ERSEM (see Supplementary Table S5). It includes sea surface tem-
perature (SST) from European Space Agency (ESA) AVHRR (Advanced Very
High Resolution Radiometer) L2P v3.0 [72], MODIS-Terra monthly PAR (Pho-
tosynthetically Active Radiation) [73], 10m wind from ERA5 [74], Sea Surface
Salinity (SSS) from Atlantic- European North West Shelf- Ocean Physics Reanalysis
NWSHELF MULTIYEAR PHY 004 009 [75], longitude, latitude, bathymetry, astro-
nomical daylength, PAR × daylength, wind-speed squared, log(1 + depth), SST ×
PAR, and month encoding (sine and cosine).

Daylength was estimated analytically following Forsythe et al. 1995 [76]:

D =
24

π
ω, ω = arccos[− tan(φ) tan(δ)] ,

δ = 0.409 sin

(

2π (t− 80)

365

)

,

where φ is latitude and t denotes the day of year.
The algorithm was implemented both offline during AI/ML training and online

within ERSEM via FABM–Python without additional input-output (I/O) operations.
The SST–PAR product acts as a proxy to the metabolic–radiative synergy. We used
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depth as log(1+H) to ensure the bathymetric span that would distinguish shallow-shelf
biogeochemistry from the deeper open ocean.

For our training data, we kept only the points from the continental shelf (depth
≤ 200 m). We also made sure that primary productivity from both sources was positive
and finite. Finally, we clipped the ratios to a range between 0.05 and 6 to remove any
outliers before training. To improve data quality, satellite-derived primary productivity
estimates with higher uncertainty were down-weighted. This makes the training more
reliable. The dataset spans from March 2000 to December 2015. We used 2000–2012
for training, 2013–2014 for validation, and 2015 for the test phase.

We used HistGradientBoostingRegressor as our best performing AI/ML model
for its balance of flexibility, speed, and skill, achieving R2 = 0.80 on validation and
R2 = 0.83 on test (see Supplementary Table S7 and Supplementary Fig S9). A
SHAP (SHapley Additive exPlanations) analysis was performed to assess the relative
contribution of each predictor to the learned scale factor, confirming that seasonal
harmonics, daylength, bathymetry, and radiative–thermal interactions dominate the
model behaviour (see Supplementary Fig. S10). The model Hyperparameters were
tuned via Optuna [77] in log-space, and additionally, two optional weighting schemes
were tested: (1) linear-ratio tail weighting and (2) weighting with the uncertainty
associated with the satellite-derived primary productivity model, used in the loss func-
tion during training. The final trained model and scalers were combined into a single
portable bundle for use in the ERSEM simulation.

During ERSEM’s runtime prediction, the FABM–Python wrapper reads the fea-
tures, i.e., SST, PAR, depth, wind, location, and day-of-year at each horizontal grid
cell per timestep and the same predicted feature values are then used throughout the
water column; however, its effective influence is naturally confined to the euphotic
layer through ERSEM’s light-dependent growth formulation and vertical attenuation,
rendering corrections negligible at depth. During each integration timestep, ERSEM
reconstructs the feature vector and the coupled ML model predicts the log-ratio, and
converts it back to linear scale. Same scale factors are applied across all PFTs.

We used three physical safeguards before using scale factors in process-based
model’s online prediction: (1) conditions such as low light, deep ocean, non-finite input
make the scale factor to 1 (meaning no correction); (2) strong deviations are softly
pulled toward a factor 1 using a pair of sigmoids; (3) any failure returns a neutral
value, ensuring native ERSEM behaviour is retained under uncertainty. By using these
safeguards, we keep the model stable and ensure that the corrections are conservative.
This way, the hybrid system stays within a scientifically acceptable range.

4.2.2 Machine-learned PI parameters hybrid (HYB–PI)

For the HYB-PI model, we replaced the standard photosynthesis formulas in ERSEM.
Now, the model predicts αB and PB

m dynamically using an ML emulator. This emulator
was trained on data from Bouman et al. (2018). αB controls light sensitivity and
PB
m sets the ceiling for growth. This way, the model dynamically adapts to light and

temperature during integration.
To train the model, we selected shelf data (depth ≤ 200,m, α ≤ 0.12), which

provided N ≈ 2000 samples. We split the data 80/20 for training and validation and
used Optuna [77] for optimisation. On the validation set, the R2 scores were 0.48 for
αB and 0.56 for PB

m . The 5-fold cross-validation results were 0.42±0.03 and 0.56±0.02
(detailed in Supplementary Table S3, Supplementary Fig. S7 and Fig. S8)
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During the simulation, the numerical model (ERSEM) calls the emulator once per
grid column and timestep. It uses features such as SST, PAR, wind, and location, as
in the HYB-SF setup (see Supplementary Table S3). To stay within safe limits, we
only use predictions for depths ≤ 200 m, PAR ≥ 5 W m−2, and daylength ≥ 2 h. If
inputs are invalid, the model returns zero and keeps the original ERSEM behaviour.

The emulator calculates vertical profiles for αB and PB
m . During training, we

capped α at 0.12. Notably, we only apply the ML-predicted parameters where chloro-
phyll is present (ChlCpp > 0) and the results are finite. For the unit conversions, we
followed standard radiometric mappings:

αERSEM = αBouman × 24× 4.57, sumloc = PB
m,day × ChlCpp.

Here, αBouman and PB
m,day denote the PI slope and daily maximum chlorophyll-

specific photosynthetic rate predicted by the emulator following Bouman et al. (2018),
respectively. These quantities are converted to the corresponding ERSEM parameters,
αERSEM and sumloc, which represent the light-limited growth coefficient and the local
maximum photosynthetic rate used internally by ERSEM. To ensure physiological and
numerical stability, we enforced strict bounds. We discarded the corrections where
predicted values are non-finite, negative, or exceed 2α or min(2.5 sum, 5 d−1) ensuring
the ML-adjusted maximum productivity cannot exceed 2.5× native ERSEM or the
5 d−1 ceiling. Outside these prescribed thresholds, the numerical model defaults to its
uncorrected PI parameters whilst keeping HYB–PI fully constrained within its trained
environmental regime and yet able to respond dynamically in space and time.

4.3 Validation datasets and evaluation metrices

We validated our simulations using:

• Satellite chlorophyll, extracted from the ESA Ocean Colour Climate Change
Initiative merged Level-3 daily product (version 6.0, 1 km) [30].

• CMEMS ocean-colour Level-4 biogeochemical observation [41]
• In situ BGC-Argo float profiles (chlorophyll, nitrate, oxygen) [78]
• In situ oxygen and nitrate profiles from International Council for the Exploration

of the Sea (ICES) [32].
• NSBC Level-2 climatology [28].
• CMEMS Atlantic–European North West Shelf-Ocean Biogeochemistry Reanalysis
NWSHELF MULTIYEAR PHY 004 009 [13] to benchmark hybrid simulations.

• NEMO-ERSEM high-resolution model simulations from high-resolution 1.5 km
Atlantic Margin Model (AMM15) configuration from Patridge et al. (2025) [33] to
further benchmark hybrid simulations.

Spatial RMSE in log10 space (chlorophyll).

For each grid cell (x, y) and calendar month m, we computed a per-pixel RMSE of
surface chlorophyll using all available daily matchups within that month. To account
for the strongly skewed distribution of chlorophyll, all comparisons were performed in
log10 space,

ed(m,x, y) = log10
(

Cmod
d (m,x, y) + ε

)

− log10
(

Cobs
d (m,x, y) + ε

)

, (1)

22



where ε is a small constant to avoid log10(0). The monthly per-pixel RMSE was then
defined as

RMSE(m,x, y) =

√

√

√

√

1

N(m,x, y)

N(m,x,y)
∑

d=1

ed(m,x, y)2, (2)

with N(m,x, y) denoting the number of valid daily matchups (a minimum sample
threshold was applied, and land points were masked using the satellite product).

To evaluate HYB-SF, HYB-PI, legacy ERSEM, and AMM15, we used ESA Ocean
Colour CCI chlorophyll as the reference. For the reanalysis comparison, we used the
CMEMS ocean-colour product. This ensures the data matches what the reanalysis
system used for validation.

Mean bias.

We used mean bias to identify systematic offsets in oxygen and nitrate. We calculated
the bias for each grid cell (x, y) and season s as the mean difference between the model
and the reference product,

Bias(s, x, y) =
1

N(s, x, y)

N(s,x,y)
∑

d=1

(

Cmod
d (s, x, y)− Cref

d (s, x, y)
)

, (3)

where Cmod
d and Cref

d denote the modelled and reference tracer concentrations, respec-
tively, s denotes the season (DJF, MAM, JJA, SON), and N(s, x, y) is the number of
valid samples. For oxygen and nitrate, HYB-SF, HYB-PI, legacy, and reanalysis sim-
ulations were evaluated against the NSBC climatology after remapping model fields
to the NSBC grid using nearest-neighbour interpolation. Seasonal mean biases were
then computed for DJF, MAM, JJA, and SON.

Additional methods, validation figures (Fig. S1–S8) and tables (Tables S1–S7) are
provided in the Supplementary Information.
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R., Lo, M., Lopes, R.M., Möller, K.O., Michaels, W., Pala, A., Romagnan, J.-B.,
Schuchert, P., Seydi, V., Villasante, S., Malde, K., Irisson, J.-O.: Machine learn-
ing in marine ecology: an overview of techniques and applications. ICES J Mar
Sci 80(7), 1829–1853 (2023) https://doi.org/10.1093/icesjms/fsad100 . Accessed
2026-02-02
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Supplementary Information
Hybrid Physics–AI Ecosystem Simulations Improve Biogeochemical

Predictions in Temperate Shelf Seas

Overview

In this document, we present extended validation results to support the findings of our
main study. We evaluated the hybrid models against NSBC climatology, independent
observations from BGC-Argo floats and ICES profiles. This document also describes the
architecture and training strategy of the machine-learning modules integrated into the
process-based model (NEMO-ERSEM). Further figures and data tables are provided to
offer a complete view of the model’s performance and stability.
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Figure S1: Seasonal mean (2017-2023) surface nitrate bias for hybrid runs,
legacy ERSEM and CMEMS reanalysis against NSBC Level-2 climatology
(1960–2014). Across seasons, all runs showed positive nitrate bias on the shelf when
compared with the NSBC climatology. HYB-SF overall lay on the higher side of the bias.
This reflects the nutrient-retaining behaviour of ERSEM is shared by all four systems.
Although HYB-SF reduced a strong coastal bias along the German–Dutch coastline during
spring (panel B), sensitive to nitrate loading and eutrophication pressure.
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Figure S2: Validation of simulated chlorophyll against a representative BGC-
Argo float (ID 1902304; 48.87°N, 14.85°W). Panels compare observed BGC-Argo
chlorophyll profiles with legacy ERSEM, HYB-SF, HYB-PI simulations and reanalysis.
HYB-SF avoided the subsurface chlorophyll overestimation present in the reanalysis and
reproduced the observed vertical structure more realistically. HYB-PI overshot the bloom
and exhibited a pronounced positive bias in the upper 100m, resulting in the weakest
agreement at this location.
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Figure S3: Validation of simulated nitrate against a representative BGC-Argo
float (ID 1902304; 48.87°N, 14.85°W). Panels compare observed BGC-Argo nitrate
profiles with legacy ERSEM, HYB-SF, HYB-PI simulations and reanalysis. HYB-SF
showed the closest agreement with observed seasonal nitrate evolution, capturing late-
spring drawdown and the vertical structure more consistently than the other configura-
tions. All systems exhibited a post-bloom positive bias, but HYB-SF displayed the nar-
rowest residual distribution centred near zero. HYB-PI showed a broader error spread,
while the reanalysis exhibited a systematic positive bias through the water column during
the bloom season. Mean profiles indicate that all simulations broadly reproduced the
observed structure, with HYB-SF providing the most consistent match down to 150m.
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Figure S4: ICES nitrate and Oxygen validation (2017–2023). Direct compari-
son with collocated ICES profiles shows that HYB-PI performed best for nitrate, while
HYB-SF performed best for oxygen, exhibiting the lowest bias and smallest RMSE. For
nitrate, HYB-PI outperformed HYB-SF, legacy ERSEM, and the reanalysis, which exhib-
ited overestimation and a broad spread of high outliers; HYB-SF largely followed legacy
behaviour with modest improvement. For oxygen, HYB-SF showed the highest skill with
the lowest RMSE and bias, while the reanalysis exhibited a persistent negative bias from
the surface to depth.
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Table S1: Region-wise bias and RMSE for legacy ERSEM, HYB-SF, HYB-
PI and AMM15 simulations. Bold RMSE values indicate improvement relative to
AMM15

.
Region Run Bias RMSE

AMM7 LEGACY 0.05 1.31
AMM15 0.11 1.20
HYB-PI 1.09 1.24
HYB-SF 0.44 0.91

Shelf (≤200 m) LEGACY −0.06 1.28
AMM15 −0.16 1.22
HYB-PI 0.92 1.16
HYB-SF 0.41 0.83

Coastal (≤50 m) LEGACY −0.84 1.38
AMM15 −1.18 1.35
HYB-PI 0.23 1.24
HYB-SF −0.55 0.87

English Channel LEGACY −0.47 0.88
AMM15 −0.67 0.86
HYB-PI 0.22 0.89
HYB-SF −0.55 0.62

German Bight LEGACY −2.21 1.57
AMM15 −2.47 1.41
HYB-PI −0.65 1.32
HYB-SF −1.44 0.94

Liverpool Bay LEGACY −0.98 1.85
AMM15 −1.01 1.81
HYB-PI 0.03 1.70
HYB-SF −0.92 1.12
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Table S2: Region-wise chlorophyll bias and RMSE against CMEMS ocean-
colour. Bold RMSE values indicate improvement relative to legacy ERSEM.

Region Run Bias (mgm−3) RMSE (log10 mgm−3)

AMM7 REANALYSIS −0.55 0.57
LEGACY −0.02 1.33
HYB-PI 0.79 1.30
HYB-SF 0.16 1.02

Shelf (≤200 m) REANALYSIS −0.76 0.58
LEGACY −0.27 1.32
HYB-PI 0.47 1.25
HYB-SF −0.02 0.92

Coastal (≤50 m) REANALYSIS −1.61 0.60
LEGACY −1.25 1.42
HYB-PI −0.54 1.32
HYB-SF −1.06 0.95

English Channel REANALYSIS −1.20 0.49
LEGACY −0.79 0.90
HYB-PI −0.31 0.90
HYB-SF −0.69 0.66

German Bight REANALYSIS −2.76 0.70
LEGACY −2.70 1.71
HYB-PI −1.93 1.58
HYB-SF −2.52 1.23

Liverpool Bay REANALYSIS −1.76 0.68
LEGACY −1.75 1.87
HYB-PI −1.12 1.74
HYB-SF −1.63 1.12

S1 HYB-PI: Photosynthesis-Irradiance (PI) param-

eter ML emulator

S1.1 Model training and optimisation:

The hybrid physiological model was trained using a dual-head HistGradientBoostingRe-
gressor to predict the PI parameters αB and PB

m . Both parameters were learned at
the same time within a single model. The ML-predicted PI parameters were applied
uniformly across all four ERSEM phytoplankton functional types (PFTs), replacing the
native PFT-specific values with a single dynamically predicted set at each timestep and
location. Training was limited to samples with αB ≤ 0.12. This resulted in a curated
dataset of 2000 observations.

The feature set was physics-guided and had 11 variables in total. These covered
geometric harmonics, depth, seasonal forcing, sea-surface temperature, wind mixing, and
an irradiance–temperature interaction term. All predictors were passed through the same
StandardScaler. Hyperparameter tuning was carried out using Optuna, and the final
model setup is listed in Table S1.

The trained model shows balanced performance for both parameters. Holdout scores
are R2 = 0.48 for αB and R2 = 0.56 for PB

m . Cross-validation skill is stable. The 5-fold
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mean R2 values are 0.42 for αB and 0.56 for PB
m as shown in Table S2.

Table S3: Hybrid dual-HGBR model configuration used for learning αB and PB
m .

Model trained only on records where αB ≤ 0.12. Feature abbreviations denote longitude
harmonics (sin lon, cos lon), latitude (Latitude), bathymetry (depth m), astronomical
daylength (daylength h), seasonal harmonics (sin doy, cos doy), sea-surface tempera-
ture (sst C), wind speed (wind speed ms), photosynthetically active radiation (PAR Wm2),
and an irradiance–temperature interaction term (sst x PAR).

Property Value
Training samples (N) 2000
Feature set (11) sin_lon, cos_lon, Latitude, depth_m, daylength_h,

sin_doy, cos_doy, sst_C, wind_speed_ms,

PAR_Wm2, sst_x_PAR

Log-transform targets True
Best Optuna hyperparameters
Loss function absolute error

Learning rate 0.08
Maximum iterations 850
Maximum leaf nodes 251
Minimum samples per leaf 23
L2 regularisation 6.25× 10−6

Maximum depth None

S1.2 Performance metrics

Table S4: Predictive skill of the dual-HGBR hybrid model for αB and PB
m .

Holdout metrics correspond to the fixed validation split used in Optuna. Cross-validation
(CV) refers to 5-fold shuffled validation using the tuned hyperparameters.

Holdout 5-fold CV
Metric αB PB

m αB PB
m

R2 0.48 0.56 0.42± 0.03 0.56± 0.02
MAE 0.011 0.89 0.011± 0.0005 0.88± 0.027
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Figure S5: Holdout scatter plot for αB predictions.

Figure S6: Holdout scatter plot for PB
m predictions.

S2 HYB-SF: primary productivity scale-factor ML

emulator

S2.1 Model training and optimisation:

The HYB-SF setup learned a gross primary production scale factor that linked satellite-
based production to the baseline ERSEM production integrated to the euphotic depth.
Here, Psat denotes satellite-derived gross primary production, and Pmod,zeu denotes ERSEM
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gross primary production integrated over the euphotic zone. The model predicts

z = log

(

Psat

Pmod,zeu

)

,

using physics-guided surface and bathymetric predictors on the AMM7 grid. The result-
ing scale factor was applied online within ERSEM as a multiplicative adjustment to the
primary production rate. While the correction was applied consistently across all phy-
toplankton functional types (PFTs), its effective impact was naturally confined to the
euphotic zone through ERSEM’s depth-resolved light limitation and vertical attenuation,
becoming negligible below.

The HYB-SF pathway learned this correction by fitting the ratio between satellite-
derived Psat and ERSEM Pmod,zeu. The model was trained only on shelf pixels with valid
production during the period 2000–2012. In total, more than 5.6 × 105 monthly grid
cells were used for training. The feature set was physics-motivated and includes sea sur-
face temperature, irradiance, wind forcing, salinity, bathymetry, and daylength. It also
includes simple interaction terms and a cyclic representation of the annual cycle. Hyper-
parameters of the HistGradientBoostingRegressor are tuned using Optuna. Optimisation
targets R2 in log space on an independent validation period covering 2013–2014.

The final model explained approximately 83–87% of the variance in held-out valida-
tion and test data (2015) in log space, with R2 values between 0.83 and 0.87. Performance
remained consistent when evaluated in linear space. This indicates that the scale-factor
correction was robust and well constrained across the observed range of primary produc-
tion.

S2.2 Performance metrics

Figure S7: HYB-SF diagnostics. Scatter plots of true vs predicted scale factor
(Psat/Pmod,zeu) for the train, validation, and test sets in log–log space. The 1:1 (dashed
black) line is shown for reference.
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Table S5: Configuration of the HYB-SF scale-factor model. The target was the log-
arithm of the Satellite-to-ERSEM primary productivity (PP) ratio z = log(Psat/Pmod,zeu),
trained only on shelf pixels (≤ 200m) with quality-controlled primary productivity and
scale factors between 0.05 and 6.0. The feature set comprises sea-surface tempera-
ture (sst), photosynthetically active radiation (par), 10m wind speed (wind10m), sea-
surface salinity (sss), longitude and latitude (lon, lat), bathymetry (depth), astronom-
ical daylength (daylength h), daily-integrated irradiance (par day), squared wind speed
(wind2), logarithmic bathymetry (log1p depth), an irradiance–temperature interaction
term (sst x par), and seasonal harmonics (month sin, month cos).

Property Value

Target z = log(Psat/Pmod,zeu)
Spatial domain AMM7 shelf (depth ≤ 200m)
Temporal coverage March 2000 – December 2015
Training/validation/test split Train: ≤ 2012; Validation: 2013–2014; Test: 2015
Samples (N) Train: 561 779; Validation: 92 571; Test: 42 947
Feature set (14) sst, par, wind10m, sss, lon, lat, depth,

daylength h, par day, wind2, log1p depth,

sst x par, month sin, month cos

Standardised columns First 12 numeric features (numeric scaled = 12)
PP filters Pmod,zeu ≥ 10−3 mg C m−2 d−1; 0.05 ≤ scale ≤ 6.0
Tail reweighting Upper 25% of scale distribution upweighted by factor 3.0
Uncertainty handling use uncertainty = True, unc max = 200 (high-

uncertainty pixels dropped)
Base learner HistGradientBoostingRegressor

Best Optuna hyperparameters
Loss function squared error

Learning rate 0.07
Maximum iterations 301
Maximum leaf nodes 116
Minimum samples per leaf 289
L2 regularisation 3.45× 10−7

Maximum depth 9

Table S6: Performance of HYB-SF in log space for the target z = log(Psat/Pmod,zeu).
Metrics are mean absolute error (MAE), root-mean-square error (RMSE), and coefficient
of determination R2.

Set MAE RMSE R2

Train 0.21 0.28 0.92
Validation 0.31 0.41 0.83
Test 0.27 0.35 0.87
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Table S7: Performance of HYB-SF in linear scale for the PP scale factor scale =
Psat/Pmod,zeu.

Set MAE RMSE R2

Train 0.21 0.39 0.89
Validation 0.29 0.53 0.80
Test 0.26 0.49 0.83

Figure S8: HYB-SF feature importance from SHAP analysis. Global SHAP bar
plot computed on a subsample of the training data, ranked by absolute mean contribution
to the log-scale target z = log(Psat/Pmod,zeu).
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