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Abstract
Large uncertainties in projected future changes of IndianOcean chlorophyll across Earth System
Models are largely attributed to differences in biogeochemical process representation.We show,
however, that large biases in the historical physical state of the ocean and inter-model differences in
future climate also play a substantial role. Using a bias-corrected ocean-onlymodel forced by air-sea
flux anomalies frommultiple CMIP6models, we find that correcting historical physical state biases
amplify projected summer surface chlorophyll (SChl) changes by up to a factor of two and improves
inter-model consistency.Heat flux driven enhanced upper ocean stratification, consistently reduces
SChl by−10% to−40%, depending on the upwelling region.Wind-driven nutricline changes
dominate responses in SChl, off southern India (−45%wind effect versus−30% from stratification)
and Sumatra (+25%versus−12%). These results highlight the need to improve the representation of
monsoonalwinds and their future evolution to better constrain biogeochemical projections.

1. Introduction

The IndianOcean experiences the strongestmonsoonalwind forcing among all tropical basins, driving
vigorous coastal and open-ocean upwelling during the summermonsoon. These upwelling transport nutrient-
richwaters to the surface, fueling some of themost intense phytoplankton blooms in the tropics (Wiggert et al
2005, Lévy et al 2007,Hood et al 2024). These blooms are fundamental to sustaining themarine foodweb and
contributing to the IndianOcean’s status as the second-largest source of economically valuable tuna catches
globally (Lecomte et al 2017). As such, surface chlorophyll (SChl)—asatellite-observable proxy for
phytoplankton biomass—is a key indicator of primary productivity and ecosystemhealth in the region
(Friedland et al 2012).

Since the advent of satellite observations in 1998, observational studies have reported declining SChl trends
across various parts of the basin, though the spatial patterns are heterogeneous depending on the product and
period analyzed (Siegel et al 2013, Gregg andRousseaux 2014, Roxy et al 2016,Dunstan et al 2018, Gregg and
Rousseaux 2019,Hammond et al 2020,Modi andRoxy 2023, Yu et al 2023). The longest continuous satellite-
derived record to date (25 years) reveals a significant SChl decline in the northwesternArabian Sea but localized
increases in the eastern IndianOcean—particularly off Sumatra, Java, andwithin the Sri Lankanupwelling
zone (Modi andRoxy 2023). This basin-wide decline coincideswith long-termwarming trends in the Indian
Ocean, which are largely attributed to anthropogenic forcing (Dong et al 2014). Several studies have therefore
attributed this general IndianOcean SChl decline to anthropogenic climate change (Pathinara et al 2024, Roxy
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et al 2016) even though it remains difficult to disentangle the impact of anthropogenic forcing from that of
natural climate variability. (Henson et al 2016, Tian andZhang 2023).

Projections from the latest generation of Earth SystemModels inCoupledModel IntercomparisonProject
6 (CMIP6) broadly alignwith observed trends—predicting awidespread decline in surface chlorophyll (SChl)
across the tropical IndianOcean, especially in thewesternArabian Sea and near the southern tip of India
(figures 1(a), (e); Tian andZhang 2024). However, they also indicate localized increases along thewest coasts of
Java and Sumatra (figures 1(a), (e),Modi andRoxy 2023). This average declinemasks considerable inter-model
spread (figure 1(e)), which limits confidence in the projections (Tagliabue et al 2021).

A significant part of the inter-model differences is suspected to stem from limitations in the representation
of biogeochemical process, such as nitrogen fixation, iron limitation, and zooplankton grazing (e.g., Bopp et al
2013, Kwiatkowski et al 2020). Yet recent studies suggest that physical factors—particularly large biases in the
historicalmean state—also play a significant role (e.g., Lachkar et al 2018, Praveen et al 2020, Tagliabue et al

Figure 1.Projected summer (June–September; JJAS) changes in surface chlorophyll (SChl,mgm−3) at the end-of-century
(2068–2087) relative to present (1948–1967).Maps show changes from the: (a)CMIPmulti-modelmedian (see table S1 for the list of
models; themedian offers amore robust central estimate: Laufkötter et al 2015; Anugerahanti et al 2018), (b)CMIPIPSL, (c)
CMIPCNRM and (d)CMIPECE3 coupledmodels. Stipplings indicate wheremore than 70%ofmodels agree on the sign of the change.
Spearman rank correlation coefficients (ρ) in panels (b–d) quantify the spatial agreement between eachmodel’s SChl change pattern
and theCMIP-Median shown in (a). Note the nonlinear color scale for panels (a)–(d). (e)Distribution of projected SChl changes
across CMIPmodels in several key regions (see panel b). IO domain [15°S–30°N; 30°E–114°E]. Changes are expressed as a
percentage relative to eachmodel’s historical baseline value. The black horizontal line shows themedian, box edges represent the
25th and 75th percentiles, whiskers the 10th and 90th percentiles, and colored dots indicate theCMIPIPSL (blue), CMIPCNRM (green)
andCMIPECE3 (purple) values.
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2021,Modi andRoxy 2023). In particular, the difficulty in simulatingmonsoonal winds, combinedwith error
amplification fromair-sea coupling, results in systematic biases in coupled climatemodels, such as overlyweak
zonal surfacewinds near the equator (easterly wind bias) and a cold bias in the northern IndianOcean (Li et al
2015, Feng et al 2023,Mohanty et al 2024). These errors affect the simulation of historical productivity andmay
distort projections of future change. The first goal of this study is to assess whether such physical biases also
contribute to biased SChl projections.

Widespread SChl declines in the IndianOcean and other tropical regions have largely been attributed to
enhanced upper-ocean stratification caused by surfacewarming, which reduces verticalmixing andnutrient
supply to the euphotic zone (Behrenfeld et al 2006, Roxy et al 2016). However, regional wind-driven changes
can also stronglymodulate nutrient availability and chlorophyll distributions, particularly in equatorial and
coastal upwelling zones (Praveen et al 2016, Parvathi et al 2017, Lachkar et al 2018, Praveen et al 2020). For
example,models consistently project a weakening of the Indo-PacificWalker circulation (e.g., Vecchi et al
2006), leading to easterlywind anomalies and a flatter thermocline over the equatorial IndianOcean.While all
models simulate future surfacewarming and enhanced stratification in the IndianOcean (Dong et al 2014), the
strength ofWalker circulationweakening varies considerably acrossmodels (Gopika et al 2025).Wind changes
can also lead to both increases and decreases in productivity depending on regional patterns. In this context, the
second goal of our study is to quantify the relative contributions of stratification (driven by heat and freshwater
fluxes) and circulation (wind-driven) changes to SChl future changes. This aspect has, to our knowledge, not
yet been addressed.

Here, we use a novel ocean-onlymodeling framework that applies future surface flux changes fromCMIP6
models to bias-corrected historical simulationswithminimizedmean-state errors (Lengaigne et al 2024).We
apply this approach to flux changes from three representative CMIP6models and frommulti-modelmean
(MMM) of fifteenCMIP6models to isolate the physical drivers of future summer SChl changes in the Indian
Ocean. This approach allows us to: (1) assess howhistoricalmodel biases influence projected SChl changes; (2)
disentangle the roles of surface heat,momentum, and freshwater fluxes using targeted sensitivity experiments;
and (3) identify the dominant physical drivers of inter-model differences. The rest of the paper is organized as
follows. Section 2 summarizes themethodology. In section 3, we evaluate the impact of correcting historical
biases in themean state on SChl projections. Section 4 quantifies the respective contributions of stratification
(heat and freshwater-driven) and circulation (wind-driven) changes in oceanic state, and examinesmodel
dependence. Section 5 discusses the broader implications of our results in light of previous studies.

2.Data andmethods

Weanalyze biogeochemical outputs from13CMIP6 (Eyring et al 2016)Earth SystemModels (marked by †,
table S1) that provide both historical and SSP5-8.5 simulations.Models were selected based on the availability
ofmonthly SChl outputs. Simulated SChl is evaluated against the ESAOceanColour ClimateChange Initiative
(OC-CCI) version 3.1 SChl dataset, whichmerges observations fromSeaWiFS,MODIS,MERIS, andVIIRS
sensors for the 1998–2016 period (Sathyendranath et al 2018).We focus on the summermonsoon season
(June–September, JJAS), whichmarks the annual peak in biological productivity (Lévy et al 2007). For all
CMIP6-based projected changes, we define future anomalies as the difference between 2068–2087 and a
1948–1967 historical baseline.When comparingmodel outputwith observations, we instead use 1998–2016,
corresponding to the satellite era. Sensitivity tests using 30- or 50-year averagingwindows produce similar
patterns and amplitudes, indicating that our conclusions are not sensitive to the precise averaging period (not
shown).

To isolate the physical drivers of future SChl changes and reduce historicalmodel biases, we adopt the
ocean-only framework of Lengaigne et al (2024) (figure 2), implementedwith theNEMO-PISCES ocean bio-
geochemicalmodel (Supplementary InformationText S1 andfigure S1). In this setup, long-term changes in
surface heat,momentum, and freshwater fluxes fromhistorical and future simulations are added to a control
simulation (hereafter noCC; figure 2 and table S2 for the list of experiments), which is forced by detrended JRA-
55 reanalysis fluxes.Detrending removes the anthropogenic climate change signal, while the JRA-55 fluxes -
being observationally constrained - are largely free from the systematic biases present inCMIP6models; hence
the term ‘corrected’ simulations.

To generate corrected climate change experiments (CC-COR), anomalies associatedwith anthropogenic
changes in surface heat,momentumand freshwater fluxes diagnosed from selectedCMIP6models are super-
imposed onto the noCC forcing (figure 2 and table S2). Heat flux changes are separated into (1) Sea Surface
Temperature-independent components, such as cloud-induced solar changes and effects of wind and relative
humidity on evaporation and (2) Sea Surface Temperature-dependent feedbacks, including variations in latent
heat and longwave radiation linked to Sea Surface Temperature anomalies. The former are added directly; the
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latter are applied as a relaxation to the noCCSea Surface Temperature, following the physically justified
approach of Lengaigne et al (2024).

The climate change response is obtained fromCC-CORminus noCC. Additional sensitivity experiments
isolate the individual contributions from each flux type:momentum (CC-COR- ), heat (CC-COR-Q) and
freshwater (CC-COR-F). For example, CC-COR-τminus noCC isolates the response of futurewind stress
changes in a bias corrected configuration.

Weuse outputs from four selectedCMIP6Earth SystemModels to obtain future surface flux forcing: IPSL-
CM6A-LR,CNRM-ESM2–1, EC-Earth3-CC (hereafter, CMIPIPSL, CMIPCNRM andCMIPECE3, respectively).
Thesemodels were chosen for their consistencywith our framework, as they share the same ocean physical and
biogeochemical configuration based onNEMO-PISCES.While they do not span the full range of projected
summer SChl changes in the Somali andOmanupwelling regions, they cover awide spread for Sumatra and
southern India (figure 1(e)).

We also constructed a future surface flux forcing based on themulti-modelmean (MMM) of 15 (marked by
a * in table S1)CMIP6models. This provides amore representative estimate of the inter-model consensus on
future air-sea flux changes than any singlemodel.

With a pattern correlation of 0.63, theCMIPIPSL projection closelymatches the 13CMIP6models’ (†, table
S1)multi-modelmedian (figures 1(a), (b), (e)) and is thus discussed first. For thismodel, we conduct additional
control (noCC-BIASIPSL) and climate change (CC-BIASIPSL) simulations inwhich the JRA-55 seasonal clima-
tology is replaced by that of CMIPIPSL, thereby reintroducing coupledmodel biases (figure 2). To validate our
forced approach, we compareCMIPIPSL coupled projectionswith their biased forced counterpart
(CC-BIASIPSL). Projected changes in physical variables are nearly identical in both cases (not shown). Summer
monsoon (JJAS) SChl are also very similar, both in termof historicalmean state (figures S2(a), (b)) and future
projections (Figures S2(c), (d)).We therefore, will compare the forcedCC-BIASIPSL andCC-CORIPSL simula-
tions to assess the impact of bias correction (see section 3).

Figure 2. Schematic of the experimental forcing strategy and nomenclature used in this study. Anthropogenic surface-forcing
anomalies (wind stress τ′, heat fluxQ′, and freshwater flux (E–P–R)′) are diagnosed frommultiple CMIPmodels and applied to an
ocean-onlymodel framework. The noCC simulation is a bias-corrected control forced by detrended JRA55 fields, while CC-COR
applies the full set of climate-change anomalies. Sensitivity experiments (CC-COR-τ, CC-COR-Q,CC-COR-F) isolate the individual
contributions of wind, heat, and freshwater forcing, respectively. TheCC-BIAS experiment replaces JRA55 climatologywithCMIP-
derived climatology to reintroduce air–sea flux biases. Details in table S2.

4

Environ. Res. Commun. 8 (2026) 011004



3. Results

3.1. Impact of historicalmodel biases on chlorophyll projections
Wefirst evaluate whether our ocean-only framework effectively reduces historical biases, usingCMIPIPSL as a
representative case. Both theCC-BIASIPSL (figure 3(a)) andCC-CORIPSL (figure 3(b)) simulations capture the
observed large-scale patterns of summer phytoplankton blooms (Figure S3(c)), particularly inmajor upwelling
regions of Somalia, Oman, southern India, and Sumatra (figures 3(a), (b); Figure S2(a), (b)). However, both
simulations substantially underestimate SChl concentrations—by a factor of two ormore—in key upwelling
regions (figure 3(c)). For instance, the observed SChl exceeds∼1.1mgm−3 in theOman region, while
CC-BIASIPSL simulates 0.5mgm

−3. Correcting air-sea flux biases in IPSL-CM6A-LR (CC-CORIPSL) increases
bloomamplitudes by 30%–100% (figure 3(c)). This highlights thatmean-state physical biases inCMIPIPSL
contribute substantially to the underestimation of SChl. Despite this improvement, SChl remains under-
estimated. This indicates thatmissing submesoscale processes or imperfect biogeochemical parameterizations
also contribute tomodel–observational data discrepancies. Additional validations (Figures S3, S4 and S5)
further demonstrate that the bias-corrected simulation reproduces the SChl andmixed layer depth observed
climatology, seasonal cycle, and interannual variabilitymore faithfully than theCMIPIPSLmodel.

We next examine how these corrections affect future projections. The corrected simulation (CC-CORIPSL)
projects substantially larger SChl changes—oftenmore than double those in the biased simulation (figure 3(f)),
with a particularly large impact off South India (from−0.05 mgm−3 to−0.27 mgm−3 in the corrected simula-
tion). The impact of the correction is smaller when changes are expressed in percentage of the historical value
(numbers above bars onfigure 3(f)), but remain higher in the corrected simulation, especially off South India
(−14%versus%−59%).

These results underscore the strong sensitivity of projected summer SChl responses to historical physical
biases and demonstrate the importance of bias correction for improving confidence in climate-driven biogeo-
chemical projections. Figure S6 confirms this across all forcing datasets (IPSL, CNRM, and ECE3). To further
interpret these changes, figure S7 shows that the largest relative declines occur for diatoms, whereas nanophy-
toplankton exhibitmuchweaker relative changes, consistent with a shift toward smaller phytoplankton in

Figure 3. Summer (June–September; JJAS) surface chlorophyll (SChl,mgm−3) from1998–2016 and projected end-of-century
changes. (a)–(b)Climatological JJAS SChl from the (a)CC-BIASIPSL and (b)CC-CORIPSL experiments; contours in black indicate the
observed JJAS climatology. (c)Regional averages of climatological SChl in key regions (see panels b, e) fromCC-BIASIPSL (orange),
CC-CORIPSL (green), and observations (grey). (d)–(e)Projected end-of-century changes in SChl from the (d)CC-BIASIPSL, and (e)
CC-CORIPSL experiments. (f)Regional averages of projected changes fromCC-BIASIPSL (orange), CC-CORIPSL (green). Bars show
future changes; percentages indicate relative changes with respect to control values. Upwelling regions aremarked in panels (b) and
(e): Somali (red), Oman (cyan), Southern India (green), and Sumatra (orange). IO domain [15°S–30°N; 30°E–114°E]. Differences
betweenCC-BIASIPSL andCC-CORIPSL highlight the contribution of physicalmean-state biases inCMIPIPSL on SChl projections.
Note the nonlinear color scale for panels d and e.
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warmer climates (e.g., Bopp et al 2013, Kwiatkowski et al 2020). In the next section, we disentangle the indivi-
dual contributions of heat,momentum, and freshwater fluxes to projected SChl changes in the bias-corrected
simulations.

3.2. Stratification and circulation as drivers of future chlorophyll changes
Figure 4 shows the breakdown of projected SChl changes into contributions from surface heat,momentum
(wind stress), and freshwater fluxes, based onCC-CORIPSL projections. This decomposition helps distinguish
the effects of stratification—primarily driven by heat and freshwater fluxes—from those of ocean circulation,
which ismainly driven bywind stress. Among these, heat andmomentumfluxes dominate across all upwelling
regions, while freshwater fluxes have a negligible impact (figure 4(d)).

There is a residual, associatedwith nonlinear interactions between the responses to various fluxes (figure
S8(b)). Those nonlinear interactions consistently act as damping (i.e., they reduce the total SChl change com-
pared to the sumof individual contributions). Though typically smaller than the leading driver, these nonlinear
effects are non-negligible in some regions and are revisited in the discussion section (figure 4(d)).

Surfacewarming, attributable to heat flux changes (figure S1), enhances upper-ocean stratification and
suppresses vertical nutrient supply (figure S9; Behrenfeld et al 2006), leading towidespread SChl declines—
especially in upwelling regions (figure 4(a)). Heat fluxes alone account for 20%–40% reductions (figure 4(d)) in
these regions and are the primary driver of projected Schl changes in the Somali andOmanupwellings.

Momentumflux changes have amore heterogeneous influence (figure 4(b)).Wind stress leads to a declines
of 15%off Somalia and 60% in southern India, a∼70% increase off Sumatra, andminimal change offOman.
Thesewind-driven circulation changes dominate the total SChl response off southern India (where they

Figure 4.Projected summer (June–September; JJAS) future changes in surface chlorophyll (SChl,mgm−3) at the end-of-century
from sensitivity experiments isolating the effects of individual air-sea flux components in theCC-CORIPSL setup. Contributions
from: (a) heat (CC-COR-QIPSL), (b)momentum (CC-COR- IPSL), and (c) freshwater (CC-COR-FIPSL)fluxes (seemethods for
details). (d)Regionally-averaged SChl changes from the corrected experiment, decomposed into heat,momentum, freshwater and a
residual term representing nonlinear interactions.Upwelling regions are outlined in panel (a): Somali (red), Oman (cyan), Southern
India (green), and Sumatra (orange). IO domain [15°S–30°N; 30°E–114°E]. Bars show future changes; percentages indicate changes
relative to historical baseline values. Contours in panel (b) show changes in relative sea level anomalies (a proxy for thermocline and
nutricline depth changes: red for positive and blue for negative) in theCC-COR- IPSL experiment. Note the nonlinear color scale for
panels (a)–(c). All percentage values below the zero line in (d) are negative.
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reinforce stratification effects) and off Sumatra (where they counteract them andproduce a net increase;
figure 4(d)).

The spatial patterns of wind-driven SChl changes closely follow anomalies in relative sea level (figure 4(b)),
a proxy for thermocline and nutricline displacement. It is computed by removing the basin-widemean sea
level. Negative values (shoaling nutricline, see figure S10) correspond to SChl increases; positive values (dee-
pening nutricline) to decreases. Easterly equatorial wind anomalies—linked to aweakenedWalker circulation
projected inmanyCMIP6models (e.g., Held and Soden 2006, Sharma et al 2022)—shoal the thermocline and
nutricline (figure S10) in the eastern equatorial IndianOcean and deepen it in thewest (figure 4(b)). This
enhances upwelling off Sumatra and suppresses it in the southwesternArabian Sea.Off southern India, easterly
anomalies drive coastal downwelling (Suresh et al 2018) and onshore Ekman transport, deepening the thermo-
cline (Parvathi et al 2017), nutricline (figure S10) and reducing SChl (figure 4(b)). Theweakmomentum-driven
response in theOmanupwelling likely results froma balance between upwelling-favorable coastal winds and
opposing downwelling-favorable winds to the south.

To test the robustness of these results, we extended the analysis to bias-corrected simulations forcedwith
flux anomalies fromCMIPCNRM,CMIPECE3, and theCMIPMMM (figure 5). Given the negligible role of fresh-
water fluxes, we focus onheat andmomentum.Across all forcing sets, increased heat fluxes consistently
enhance thermal stratification and reduce nutrient supply (figure S10), leading to robust SChl declines
(figure 5(e)). Except for theOmanupwelling, these reductions are remarkably consistent acrossmodels: on
average∼−15%off Sumatra,−20%off Somalia,−30%off southern India, and−35%offOman.

In contrast, wind-driven effects show greater spatial and inter-model variability. Allmodels project easterly
anomalies off southern India, consistently inducing SChl declines (−38% to−61%) via downwelling-favorable
conditions.However, off Sumatra, projected changes varywidely—froma strong increase inCC-CORIPSL
(figure 5(a)) to a slight decrease inCC-CORCNRM (figure 5(b)). These differences reflect variations in equatorial
wind strength and local alongshorewinds. For example, CC-CORIPSL features strong equatorial easterlies and
upwelling-favorable coastal winds, promoting nutricline shoaling and a robust SChl increase (figures 5(a), (f)).
By comparison, CC-CORCNRM showsweaker equatorial anomalies resulting inmodest thermocline deepening
and aweak SChl increase (figures 5(b), (f)).Momentum-driven changes in the Somali andOmanupwellings
also vary acrossmodel forcing sets, reflecting local differences inwind patterns.

Overall, enhanced stratification due to heat fluxes drives a consistent reduction in SChl across all Indian
Ocean upwelling regions, with the strongest effects in theAS upwelling regions (figure 5(e)). In contrast, wind-
driven circulation changes dominate the total SChl response in the southern India and Sumatra upwellings and
largely explain the inter-model spread in those regions (figure 5(f)).

4. Summary anddiscussion

Projections of phytoplankton and primary production fromEarth SystemModels remain highly uncertain,
particularly in the IndianOcean (Tagliabue et al 2021). Part of this uncertainty stems fromdifferences in the
representation of biogeochemical processes acrossmodels, including nitrogen fixation (Bopp et al 2022), iron
limitation (Tagliabue et al 2020), and zooplankton grazing (Moffett and Landry 2020).Whilewind-driven
circulation has also been suggested as a key driver (e.g., Lachkar et al 2018, Praveen et al 2020,Modi and
Roxy 2023), its contribution to projection uncertainty has been poorly quantified.Using a controlled ocean-
only framework, we show that correcting for historicalmean-state biases can amplify projected surface
chlorophyll (SChl) changes by up to a factor of two.

Targeted sensitivity experiments provide amechanistic understanding of the projected changes. Consistent
with earlier studies (e.g., Behrenfeld et al 2006, Roxy et al 2016), we find that surfacewarming enhances upper-
ocean stratification, reducing vertical nutrient supply and causingwidespread SChl declines across upwelling
regions.However, our results also reveal an interplay between thermally driven stratification andwind-driven
circulation (see figure S11 for a schematic illustration). The effect of stratification changes dominates in the
Somali andOmanupwellings, while that of circulation changes is themain driver in the southern India and
Sumatra regions. Thesewind-driven effects are linked to a projectedweakening of theWalker circulation (e.g.,
Held and Soden 2006, Sharma et al 2022), which alters thermocline depth andnutrient supply, but regional
wind anomalies also play a substantial role. AlthoughEarth SystemModels generally project a weakening of
monsoonalwinds (Sooraj et al 2015, Parvathi et al 2017), the spatial variability inwind changes strongly influ-
ences both themagnitude—and, in some cases, the sign—of SChl responses in these regions. Notably, the
diversity of wind projections acrossmodels contributes significantly to the spread in regional SChl responses.

The nonlinear effects arising from the combined forcing by heat,momentum, and freshwater flux forcing
warrant further attention. Although smaller than the primary drivers emphasized here, these nonlinearities are
consistently non-negligible (figure 4(d); figure S8), reflecting the intrinsically nonlinear nature of physical and
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biogeochemical processes. For instance, nutrient co-limitations can cap SChl increases evenwhen nutrient
supply rise, while reduced zooplankton grazing can partly offset SChl declines. Similarly,mixing processes are
inherently nonlinear, sowind- and stratification-driven changes in nutrient availability do not simply add
together.While our sensitivity experiments isolate the dominant contributions of heat andmomentumfluxes,

Figure 5.Projected summer (June–September) changes in surface chlorophyll (SChl,mgm−3) at the end-of-century. SChl changes
from (a)CC-CORIPSL, (b)CC-CORCNRM, (c)CC-CORECE3 and (d)CC-CORMMM simulations. Shading indicates SChl change, and
arrows show changes in surface wind stress. (e)–(f)Contributions of (e)heat and (f)momentumflux changes to eachmodel’s
regional SChl response, averaged over key upwelling regions (Somali, Oman, Southern India, and Sumatra, see panel (a) and IO
domain [15°S–30°N; 30°E–114°E]. Bars represent future changes; percentages indicate changes relative to historical baseline values.
Note the non-linear color scale for panels (a)–(d).
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these nonlinear interactions highlight the importance of jointly considering stratification and circulation chan-
geswhen interpreting regional SChl responses.

A key limitation of our study is that the bias-corrected simulations still underestimate summer SChl by
30%–60% inmajor upwelling regions (figure 3(c)). Our results show that projected changes remain highly
sensitive to the historical baselinemean state—evenwhen expressed as relative anomalies (figure 3(f)). This
underestimation likely stems froma combination of factors, including unresolved submesoscale andmesoscale
variability (Resplandy et al 2011), limitations in biogeochemical parameterizations, and remaining errors in the
JRA-55 forcing and oceanmodel physics. As a result, the absolutemagnitude of projected SChl in upwelling
regionsmay still be conservative, even though the relative (percentage) changes are consistent acrossmodels.
Absolute projections should therefore be interpretedwith caution until historical physical and biogeochemical
biases are further reduced. Addressing this issuewill require targeted experiments exploring the role ofmodel
resolution and biogeochemical parameterizations.

Another limitation of our approach is that the future air–sea flux changes are taken from three individual
models that share nearly identical ocean physical and biogeochemical components (NEMO–PISCES).While
thesemodels capture awide range of SChl responses in the Southern India and Sumatra upwellings, where
wind effects dominate, they span only a narrow range of outcomes in the Somali andOmanupwellings. This
restricted spread likely reflects a greater sensitivity to biogeochemical process representation in thewestern
Arabian Sea. Because all three forcingmodels employ PISCES as their biogeochemical core, the sampled diver-
sity is limited. Amore comprehensive assessment usingmodels with distinct biogeochemical formulations will
be essential to fully characterize the relative roles of biogeochemical parameterizations andwind-projection
uncertainty in this region.

In addition, our framework only corrects themean-state biases, but does not account for potential errors in
the future changes in air-sea fluxes. Those heat flux changes are indeed simply taken fromCMIPmodels and
therefore inherit any biases in their projected responses to greenhouse-gas forcing. Thismay lead tomis-
representations of how stratification, temperature, or circulation changes translate into SChl variability. A
more complete approachwould require an emergent constraint approach to correct future changes in surface
heat fluxes (similar to the approach in Li et al 2016) or a flux-correction strategy implementedwithin a fully
coupled ocean–atmospheremodel (e.g., Zhuo et al 2025). Such an approachwould provide amore refined
assessment of howCMIP biases in both historical climatology and climate-change response affect projected
biogeochemical responses in the IndianOcean.

Overall, our results underscore the need for improved simulation ofmonsoonal wind systems and their
teleconnections—particularly theWalker circulation—in future generations of coupled climatemodels. They
also support calls for bias-aware ensemble frameworks (Seelanki andPant 2021,Mohanty et al 2024) and pro-
cess-basedmodel evaluation strategies (Long et al 2020) to better constrainmarine biogeochemical projections
under climate change.
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