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Abstract
[bookmark: OLE_LINK3]The Southern Ocean exerts a disproportionate influence on the global carbon cycle, yet its air–sea CO2 fluxes remain a major source of uncertainty in CMIP6 Earth System Models. Focusing on the Antarctic Circumpolar Current upwelling zone–where physical and biogeochemical controls on ocean surface partial pressure of CO2 (pCO2) compete with each other–we show that the simulated contemporary CO2 fluxes by the latest generation Earth system models ensemble are remarkably uncertain, varying by a factor of XX.  evaluate sixteen CMIP6 models against observation-based products to diagnose the origins of model biases in both annual mean and seasonal CO2 fluxes. Observations-based Pproducts indicate that the upwelling zone acts ais a weak CO2 sink, encompassing areas of  with the strongest outgassing across the Southern Ocean, driven by a delicate balance in the physical and biogeochemical seasonality. Although several some models broadly reproduce the annualis mean state, many achieve agreementdo so through compensating seasonal errors. Accurate simulation of CO2 fluxes relies on capturing the seasonal cycle of pCO2. Both thermal and non-thermal components are equally important, yet the non-thermal emerges as the main source of inter-model spread. In particular, biases in the vertical dissolved inorganic carbon (DIC) gradient exhibit the strongest correlation with CO2 flux errors (R = 0.80), surpassing those associated with surface DIC, net primary production, and SSTsurface temperature. Our results reveal that uncertainty in upper-ocean carbon redistribution–not temperature response alone–limits the model skill in simulationsng the observed  and future projections of the Southern Ocean carbon uptake. Given the projected concurrent changes in physical and biogeochemical processes, we emphasize the urgency to improve their contemporary representations in models to accurately project future CO2 fluxes in the Southern Ocean. Constraining coupled physical–biological processes is therefore critical for reducing model uncertainty.
1 Introduction
The Southern Ocean, south of 35°S, is a vast and indispensable component of the global ocean carbon cycle, serving as a key regulator of global oceanic carbon sources and sinks. It absorbs approximately 43% of anthropogenic CO2 taken up by the global ocean (Landschützer et al., 2015; Frölicher et al., 2015; Williams et al., 2023), thereby acting as a critical buffer against anthropogenic climate change by the accumulation of atmospheric CO2. It is also one of the key few regions projected to sustain this role into the future (Tjiputra et al., 2010; Roy et al., 2011). Accurate simulation of the Southern Ocean carbon sink is therefore vital for validating the contemporary global carbon cycle, improving the reliability of future climate projections, and supporting evidence-based climate policies (Beadling et al., 2019). However, substantial uncertainties persist in projections of present and future Southern Ocean carbon uptake across both Coupled Model Intercomparison Project Phase 5 and 6 (CMIP5/6) Earth System Models (ESMs) (Kessler and Tjiputra, 2016; Terhaar et al., 2021; Bourgeois et al., 2022; Mongwe et al., 2024). These uncertainties primarily stem from unresolved deficiencies in simulating the complex circulations and associated biogeochemical processes, including water column mixing, frontal dynamics, primary production, and carbon export (e.g., Kessler and Tjiputra, 2016; Beadling et al., 2019; Terhaar et al., 2021; Cheng et al., 2025).
[bookmark: OLE_LINK2]In recent years, a growing body of research has attempted to constrain the spread in future projections of Southern Ocean carbon uptake. Systematic biases among ESMs have been identified, which can be attributed to uncertainties in simulated water column stratification (Bourgeois et al., 2022), salinity (Terhaar et al., 2021), and the seasonal cycle of ocean surface partial pressure of CO2 (pCO2) (Kessler and Tjiputra, 2016). It is worth noting that the Southern Ocean is characterized by high dynamical and biogeochemical heterogeneity, encompassing seasonally varying sea-ice zones, nutrient-rich upwelling regions, areas of Antarctic Intermediate Mode Water formation, and subtropical gyres. Each of these domains is shaped by distinct physical (e.g., mixing, frontal dynamics) and biogeochemical processes (e.g., primary production, carbon export), which in turn modulate regional carbon cycling. A critical limitation of previous studies assessing the Southern Ocean CO2 fluxes is that they often lump these dynamically distinct domains into aggregated units using static frameworks–such as fixed latitudinal boundaries (Zhang et al., 2025), observation-defined biomes (Fay and McKinley, 2014; Hauck et al., 2023), or fixed frontal zones (Mongwe et al., 2018, 2024; Bushinsky et al., 2019; Terhaar et al., 2021). These frameworks overlook the intrinsic dynamic differences between these regions and may introduce biases into estimates of regional carbon cycle processes, hindering a clear understanding of the key drivers of Southern Ocean carbon uptake.
Among the diverse zones of the Southern Ocean, the upwelling zone driven by the Antarctic Circumpolar Current (ACC)–the world’s strongest eastward current that connects major ocean basins and profoundly regulates global climate–stands out as particularly critical. Comprising approximately 42% of the ocean area south of 35°S, this region exhibits unique carbon cycling: the upwelling of old, deep, carbon- and nutrient–rich waters could potentially enhance CO2 outgassing or weaken anthropogenic carbon uptake (Meredith et al., 2016; Prend et al., 2022); however, the steady, continuous supply of water masses unexposed to anthropogenic carbon (Cant) for centuries (Mikalloff Fletcher et al., 2006; Khatiwala et al., 2009; Bopp et al., 2015) endows this region with high carbon buffering capacity, making it a potential key future carbon sink (Tjiputra et al., 2010; Bourgeois et al., 2022). The mechanisms of air-sea CO2 fluxes (i.e., fugacity of CO2 in surface water, fgCO2) in this zone differ significantly across seasons: summer biological drawdown promotes CO2 uptake, while winter entrainment of carbon-rich deep water causes CO2 outgassingemission (Takahashi et al., 2009; Kessler and Tjiputra, 2016; Song et al., 2019). Notably, the inter-model spread in contemporary Southern Ocean CO2 fluxes is attributed to varying model performance in reproducing the observed pCO2 seasonal cycles (Kessler and Tjiputra, 2016; Rodgers et al., 2023). Given its seasonal dynamical significance and ambiguous carbon sink potential, the ACC upwelling zone is critical for reducing uncertainties in model representations of the carbon cycle and the ocean’s response to climate change (Frölicher et al., 2015; Prend et al., 2022).
This research focuses on disentangling the simulation uncertainties in contemporary air-sea CO2 fluxes (hereafter referred to as fgCO2) in the ACC upwelling zone using observation-based products and 16 CMIP6 ESMs. Specifically, we aim to: (1) evaluate the ability of CMIP6 models to reproduce the observed mean state and seasonal cycle of air-sea CO2 fluxesfgCO2 in this region; and (2) quantitatively disentangle the contributions of physical (e.g., thermal effects, mixing) and biogeochemical (e.g., vertical DIC gradients, primary production) drivers to the inter-model discrepancies in fgCO2. 
2 Data and Methodology

3 Results
[bookmark: OLE_LINK4]3.1 Simulated uncertainties in the spatial distribution of mean fgCO2
The air-seafg CO2 fluxes in the Southern Ocean show significant spatial variability. Figure 1 shows the spatial distributions of climatological mean fgCO2 and the core region of the Southern Ocean upwelling zone (hereinafter referred to as the upwelling zone) during 1993–2014, where negative values indicate oceanic CO2 uptake (shown in blue) and positive values indicate oceanic CO2 outgassing (red). The boundaries of the upwelling zone for each observation-based product and model were calculated and delineated individually, corresponding to the black contours in Figure 1. Observation-based products indicate that regions of CO2 outgassing are highly consistent with the upwelling zone spatially (Figure 1a and 1b). Zonally, the northern boundary of the upwelling zone roughly coincides with the location where fgCO2 equals to -1 mol C m-2 yr-1, particularly in the Indian sector; the southern boundary generally aligns with the area where fgCO2 equals to 0 mol C m-2 yr-1, except in the Atlantic and western Indian sectors. It is consistent with previous studies, which have demonstrated that distinct physical and biogeochemical regimes correspond to the frontal zones of the ACC (Gray et al., 2018; Williams et al., 2018; Chapman et al., 2020; Prend et al., 2022). Meridionally, while CO2 outgassing is widely distributed within the upwelling zone, it is more concentrated in the Indian and Pacific sectors, consistent with the meridional asymmetry described by Prend et al. (2022).
Observation-based products show that the area-weighted averaged annual mean fgCO2 of JMA_MLR over this upwelling zone is -0.66 mol C m-2 yr-1, and that of OceanSODA-ETHZ is -0.72 mol C m-2 yr-1, while the multi-model-mean (MMM) of all 16 ESMs is -0.60 ± 0.35 mol C m-2 yr-1. However, there are significant inter-model discrepancies in reproducing these overlapping regions, with individual models deviating substantially from each other in both the magnitude and spatial extent of annual mean fgCO2 (Figure 1c–r). Specifically, although most models generally capture the observed zonal and meridional patterns, some models withsimulate toooverly strong CO2 uptake across the upwelling zone, e.g., CMCC-ESM2, UKESM1-0-LL, GFDL-ESM4, and MPI-ESM1-2-HR, with simulate outgassing that is notably too weak in the Pacific sector. MPI-ESM1-2-HR, together with models that overestimate overall outgassing, such as MPI-ESM1-2-LR, CanESM5-CanOE, CanESM5, and CNRM-ESM2-1, also produce excessive outgassing in the Atlantic sector. In the Indian sector, CNRM-ESM2-1 further largely overestimates outgassing near the southern boundary of the upwelling zone.
[image: ]
Figure 1. The spatial distributions of climatological mean air-sea CO2 fluxes (fgCO2) and Southern Ocean upwelling zone during 1993–2014 from (a, b) the observation-based products and (c–r) CMIP6 models. Negative values indicate oceanic uptake (blue), while positive values indicate oceanic CO2 outgassing (red). The black contours indicate the boundaries of critical upwelling zones where the annual mean SSH gradient exceeds 0.05 m per 100 km. Panels (c–r) are arranged according to the simulated area-weighted annual mean CO2 uptake of CMIP6 models, from the highest (CMCC-ESM2) to the lowest (CNRM-ESM2-1).	Comment by Jerry Tjiputra: Hannah, i would like to see the actual annual mean values of CO2 fluxes in the upwelling zone. One suggestion is to add these next to the model/observation names in parentheses, e.g., "(r) CNRM-ESM2-1 (XX.YY)"
3.2 Simulated uncertainties in fgCO2 seasonal cycles
Following the spatial analysis of annual mean fgCO2 and the upwelling zone in Figure 1, Figure 2 presents the area-weighted averaged mean annual mean and seasonal cycle of fgCO2 and pCO2 within each product’s and model’s upwelling zonecontour (black contours in Figure 1). Air-sea CO2 fluxes exhibit a distinct seasonal cycle, yet large discrepancies in amplitude and phase exist between CMIP6 models and observation-based products (Figure 21a). Models with relatively accurate annual mean fgCO2 (e.g., NorESM2-MM, NorESM2-LM, CESM2-WACCM, and CESM2) and the MMM (multi-model mean) can generally capture the observed seasonal amplitude. In contrast, models including such as MPI-ESM1-2-HR, MPI-ESM1-2-LR, ACCESS-ESM1-5, CanESM5, and CNRM-ESM2-1 show exhibit extreme seasonal amplitudes or timing phasing that strongly deviate strongly from observational products, and most of these models typically overestimate or underestimate the overall carbon uptake. This suggests that capturing the observed fgCO2 seasonal cycles generally improves the performance of the simulated annual mean fgCO2 over the upwelling zone.	Comment by Jerry Tjiputra: do you mean 'seasonal cycle (both in amplitude and phasing)'?	Comment by Jerry Tjiputra: But are there models that simulates well the annual mean, but for the wrong reasons (e.g., wrong seasonal cycle)? 
Figure 2a and b denote that the annual mean and seasonal cycle of fgCO2 closely track those the respectiveof pCO2. This indicates that biases in the simulated seasonal cycle of fgCO2 mainly arise from pCO2 errors, rather than from wind-driven gas transfer or solubility effects. ThisIt is because, while the gas transfer velocity controlled by wind speed or solubility can modify the magnitude of fgCO2, the flux direction is directly determined by the air-sea pCO2 difference between the air and sea surface. In the Southern Hemisphere, where atmospheric CO2 is well-mixed (Takahashi et al., 1997), the distribution of carbon uptake and outgassing is largely controlled by surface ocean pCO2, which is complexly jointly regulated by thermal (driven by temperature like or SST) and non-thermal (driven by dissolved inorganic carbon (DIC), salinity, alkalinity, mixing, etc.) drivers. Decomposing the seasonal cycle anomalies of pCO2 into thermal and non-thermal components reveals distinct seasonal cycles for both, with far greater inter-model uncertainty in the non-thermal component (Figure 2c, d). 
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Figure 2. Area-weighted averaged seasonal cycles of (a) fgCO2, (b) pCO2, as well as (c) thermal () and (d) non-thermal () components of pCO2 over the Southern Ocean upwelling zone during 1993–2014. The thin panels to the right of (a) and (b) show the annual mean values of fgCO2 and pCO2, respectively. Colored lines represent individual observation-based products and CMIP6 models, and the black line indicates the multi-model mean (MMM).	Comment by Jerry Tjiputra: Does it make sense to add grey shadings into JFM and JAS months? Like Fig. 4 here: https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2023GB007798

To trace the contributions of mean and interannual uncertainties to total pCO2, Figure 3 presents scatter plots of seasonal (mean during July-August-September (JAS) minus that during January-February-March (JFM)) biases in simulated pCO2 against the JMA_MLR product. The thermal component (Figure 2c; Figure 3, xX-axis), driven by SST, exhibits a winterJFM-high/summerJAS-low pattern with a relatively consistent phase, with an amplitude spread of 25 μatm across models. The non-thermal component (Figure 2d; Figure 3, yY-axis), driven by biogeochemical and mixing processes, exhibits opposite phase and a much larger spread (i.e., 85 μatm, approximately greater than 3 times of the thermal one), strongly modulating the simulated total pCO2 seasonal amplitude (Figure 2b, Figure 3 circle size). We note that thermal and non-thermal factors are equally important for seasonal cycle simulation of pCO2 seasonal cycle and thus fgCO2. Despite obvious biases in thermal and non-thermal pCO2, sSome models (e.g., ACCESS-ESM1-5) can simulate the observed annual mean fgCO2 well, as these biases can offset each other. despite obvious biases in thermal and non-thermal pCO2, as these errors can offset each other.	Comment by Jerry Tjiputra: I am not sure why you call this interannual ‘uncertainties’. Isn’t it just interannual ‘variation’ (or ‘standard deviation’)? 
For interannual uncertainty, the JMA_MLR product shows roughly balanced thermal and non-thermal pCO2 interannual uncertainties. In Figure 3, models with a more accurate total pCO2 seasonal amplitude (with circle size closer to the JMA_MLR product and shorter straight-line distance to the product) exhibit relatively smaller and balanced thermal/non-thermal interannual uncertainties. Models deviating strongly tend to have much larger thermal (e.g., IPSL-CM6A-LR, ACCESS-ESM1-5) or non-thermal (e.g., MPI-ESM1-2-HR, MPI-ESM1-2-LR) interannual uncertainties. This potentially indicates that the relatively lower and balanced interannual uncertainties of the pCO2T/NT components improve seasonal cycle simulation.	Comment by Jerry Tjiputra: But CanESM has lower and balanced interannual variability, but has low bias in the pCO2 seasonal cycle.  

In any case, I think this statement can be further improved. I agree that our analysis suggests that model with large interannual variability in pCO2 T/NT component are likely to have larger bias in their pCO2 seasonal cycle. But can we further elucidate why these models have large interannual variability? It is obvious for the thermal (SST) but how about non thermal?

Eventually statement like this could be better:
“Our analysis suggests that models with large interannual variability in pCO2 T/NT component are likely to have larger corresponding bias in their pCO2 seasonal cycle. This large interannual variability in pCO2-T (NT) anomalies stem from large interannual variations in SST and XXX.” (replace XXX with DIC/ALK/DIC gradient, etc). So ideally we also want to compare interannual variability of these variables with observations if they exist. 
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[bookmark: OLE_LINK1]Figure 3. Scatter plot of seasonal cycle biases in simulated surface ocean pCO2 from CMIP6 models versus the JMA_MLR product (purple). X- and Y-axis represent seasonal amplitude of  and , respectively. The seasonal amplitude is calculated as the mean values during July-August-September (JAS) minus those during January-February-March (JFM). Circle size shows seasonal amplitude of total pCO2 (i.e., sum of  and ). R denotes the Pearson correlation coefficient. The vertical and horizontal black error bars on each scatter indicate interannual uncertainties. The vertical and horizontal dashed lines, anchored at the observed point (purple), partition models into four quadrants, revealing distinct bias patterns in thermal and non-thermal pCO2 seasonal cycles.	Comment by Jerry Tjiputra: In x- and y-axes, and legend labels, put JAS-JFM in parentheses = “(JAS-JFM)”; suggest increasing the size of the circles, to make them more distinguishable.

3.3 Roots of simulation biases of fgCO2
Building on the identified discrepancies in the mean state and seasonal cycle of fgCO2 and its primary driver, ocean surface pCO2, we further examine the origins of simulation biases in these variables across CMIP6 models. Clarifying the mechanisms underlying these biases is essential for reducing uncertainties in estimates of contemporary Southern Ocean carbon uptake and for improving the reliability of future projections. To this end, Figures 4 and 5 are presented. Figure 4 shows the vertical profiles of annual mean dissolved inorganic carbon (DIC), together with the seasonal cycles of surface DIC, the vertical DIC gradient (dDIC/dz), SST, and net primary production (NPP). Figure 5 illustrates the relationships between the seasonal amplitudes of thermal and non-thermal pCO2 components and these physical and biogeochemical drivers across CMIP6 models.
Regarding the thermal component, Figures 4f and 5a indicate that the seasonal cycle of thermal pCO2 is directly governed by the seasonal evolution of SST. The seasonal amplitude (defined as austral winter minus summer) of  exhibits an almost perfect linear relationship with that of SST, with a Pearson correlation coefficient of R = 0.99 across models. Although most models realistically capture the phase and magnitude of the thermal pCO2 seasonal cycle, even modest biases in this component can induce substantial errors in total pCO2 and consequently in fgCO2 (e.g., CNRM-ESM2-1). 
Substantial inter-model differences are also evident in the annual mean vertical DIC within the mixed layer and in surface DIC (Figure 4a, c). Models that simulate higher (lower) annual mean DIC in the mixed layer consistently exhibit higher (lower) surface DIC. This coherence points to a common controlling factor, oceanic total alkalinity (Alk). At the surface, models that overestimate (underestimate) mean alkalinity relative to observation-based products (Figure S1a) also tend to overestimate (underestimate) surface DIC. As shown in Figure S1b, annual mean surface Alk and DIC display an almost perfectly linear relationship across models. From a carbonate chemistry perspective, alkalinity determines the ocean’s buffering capacity and regulates the partitioning of DIC into different carbonate speciesamong its dissolved matter. Higher Alk stabilizes a larger fraction of DIC in bicarbonate and carbonate forms, thereby permitting a greater total DIC inventory under a given atmospheric CO2 concentration. Accordingly, in ESMs, Alk and DIC are tightly constrained by the model-specific carbonate system equilibrium. Because carbon perturbations (i.e., anthropogenic uptakes) primarily alter DIC without directly changing alkalinity, an underestimated (overestimated) Alk necessitates a lower (higher) equilibrium DIC to maintain consistency with atmospheric CO2. Therefore, negative biases in annual mean DIC largely originate from biases in simulated CO2Alk. This is not only at the surface layer but also throughout the mixed layer due to the vertical mixing process.
Beyond the inter-model spread in the annual mean DIC above, substantial differences also emerge in the simulated seasonal amplitude of surface DIC. In particular, the two MPI models (i.e., MPI-ESM1-2-HR, MPI-ESM1-2-LR) exhibit an exaggerated seasonal amplitude compared to other ESMs(Figure 4c). This amplified seasonal variability reflects an imbalance between biological drawdown and physical resupply at the surface and within the mixed layer. Across models, the seasonal evolution of surface DIC is shaped by the competition between NPP during the austral warm seasons and vertical mixing during the cold seasons. Enhanced summertime NPP can reduce surface DIC through biological uptake, whereas wintertime cooling and wind-driven deepening of the mixed layer entrain DIC-rich subsurface waters back to the surface. When austral summertime NPP is overestimated, as in the MPI-ESM1-2-HR and MPI-ESM1-2-LR models, DIC is excessively depleted, leading to an unrealistically low seasonal minimum. Because winter mixing is insensitive to this biological simulation bias, the winter maximum remains relatively stable, resulting in, and therefore an excessive seasonal amplitude. Thus, the simulated larger biological drawdown during the productive season can directly translates into exaggerated seasonal DIC variability.	Comment by Jerry Tjiputra: I removed the next sentence because bias in NPP can also lead to bias in winter upwelling of old remineralized DIC, but this requires further assessment of O2 concentration.
In addition to DIC amplitude biases, the phase of the seasonal DIC cycle also varies systematically across models. For example, MPI-ESM1-2-HR, MPI-ESM1-2-LR, the two MPI models and GFDL-ESM4 simulate an earlier seasonal minimum and rebound, while CanESM5 and ACCESS-ESM1-5 exhibit delayed peaks. Such simulated phase shifts arise from biases in the seasonal evolution of biological activity rather than from mixing dynamics. The timing of the DIC minimum is particularly sensitive to how rapidly NPP declines after its summer peak. In models with NPP dropping sharply in early austral autumn, biological consumption weakens abruptly, allowing mixing to dominate sooner and initiating DIC rebound earlier. Consequently, both the seasonal minimum and the subsequent maximum occur earlier. In contrast, a more gradual decline in NPP prolongs biological drawdown, delaying the onset of physical replenishment and shifting the DIC cycle later. Therefore, even with comparable mixed-layer depths, differences in the seasonal grow and decay rates of NPP can substantially alter the phase of the simulated DIC cycle.	Comment by Jerry Tjiputra: Can you point out which models have these feature?
While simulation of surface and near-surface processes is important, inter-model differences in subsurface carbon redistribution can further modulate variability of DIC and relate tod surface variables. The vertical DIC gradient shows pronounced structural biases among models. For instance, IPSL-CM6Aa-LR and CNRM-ESM2-1 simulate a relatively steep vertical gradient in the upper 1000 m depth, whereas the two MPI models display a sharp decline between 100–200 m followed by a nearly homogeneous structure below. These differences cannot be attributed directly to Alk, but instead reflect the combined influence of physical transport, biological export, remineralization, and air–sea CO2 exchange, as mentioned by Carroll et al. (2022). Over this upwelling zone, we consider that the simulated biological processes appear to dominate the inter-model spread. That is, a steeper dDIC/dz potentially results from slower particle sinking and more rapid, shallow remineralization, which retain regenerated carbon in the upper ocean and enhance vertical gradient. Conversely, faster export and deeper remineralization further transport carbon to depths, reducing upper carbon accumulation and producing a flatter dDIC/dz. Therefore, the simulated export efficiency and remineralization depth may fundamentally shape the inter-model uncertainty of vertical DIC structure.	Comment by Jerry Tjiputra: While I agree, the reviewers may ask about the roles of mixed layer depth. It would therefore be good if you can show if there’s any relationship between MLD and dDIC/dz across the models.
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Figure 4. (a) Area-weighted averaged vertical profiles of annual mean dissolved inorganic carbon (DIC) and (b) its anomaly. Panels (c–f) d) represent area-weighted averaged seasonal cycles of surface DIC, vertical gradient of DIC (dDIC/dz), net primary production (NPP), and sea surface temperature (SST), respectively. The dDIC/dz is calculated as the difference between the depth-averaged DIC concentration centered at 1000 m (mean of 900–1100 m) and that centered at 100 m (mean of 0–200 m), divided by the vertical distance between these two centered depth layers.	Comment by Jerry Tjiputra: Similar as above, for seasonal tme-series plot, would be nice to have a background gray area depicting JFM and JAS.	Comment by Jerry Tjiputra: Is panel d necessary? I feel that you haven’t discussed much in the paper. Also correct the unit in panel e: m-2	Comment by Jerry Tjiputra: Is this relevant? You haven’t discussed much panel d in the paper.
The influence impact of the inter-model biases in these biogeochemical and structural processes becomes evident when examining their relationship with non-thermal pCO2 variability. As shown in Figures 5b–d, the seasonal amplitude of  is strongly correlated with the seasonal amplitudes of the vertical DIC gradient, surface DIC, and NPP across models, with . Tthe corresponding Pearson correlation coefficients reach 0.70, 0.97, and 0.87, respectively. These strong statistical relationships indicate that errors in the seasonal representation of upper-ocean carbon structure and biological activity directly transmit to  variability. Moreover, biases in these drivers during key seasons could translate efficiently into errors in total  and ultimately fgCO2.
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Figure 5. Relationships between thermal/non-thermal pCO2 seasonal amplitudes and physical/biogeochemical drivers across CMIP6 models. Seasonal amplitudes are calculated as the difference between JAS and JFM means (or November-December-January (NDJ) minus April-May-July (AMJ) means for NPP). R denotes the Pearson correlation coefficient. Dashed lines mark the observed seasonal amplitudes from observation-based products. The blue solid lines represent the linear regression line fit to all model and observation points. The vertical and horizontal black error bars on each scatter indicate interannual uncertainties.	Comment by Jerry Tjiputra: Correct npp unit in panel d	Comment by Jerry Tjiputra: “standard deviations?”

To synthesize the relative contributions of these physical and biogeochemical mechanisms, we present estimate the normalized root-mean-square error (nRMSE) of thermal/non-thermal pCO2 variability and thirteen driving variables against observation-based products (Figure 6). Here, the nRMSE incorporates discrepancies in both the mean state and the climatological seasonal cycle. The correlations between the inter-moldel nRMSEs of fgCO2 (first-row in Figure 6 lower panel) and each driver (second-row and below) reveal the dominant pathways through which model errors propagate into air–sea CO2 fluxes. As shown in the top two rows in the heatmap in Figure 6, the nRMSE of fgCO2 is highly correlated with that of pCO2 (R = 0.93), reinforcing the above result that seasonal flux fgCO2 biases primarily originate from pCO2 errors. Although both thermal and non-thermal components are essential for capturing seasonal variability, fgCO2 biases are more strongly associated with biases in non-thermal (R = 0.80) than in thermal (R = 0.56) pCO2 components. 
Among all variables considered in Figure 6, the vertical DIC gradient, surface DIC, and NPP exhibit the strongest links to the simulated errors of fgCO2. Notably, the influence of dDIC/dz rivals–or even exceeds–that of  itself. This underscores that accurately representing the biogeochemical processes governing upper-ocean carbon redistribution is as critical as reproducing the seasonal cycle of surface pCO2, and may becould even be more important than correcting surface DIC or summertime NPP alone for improving simulations of air–sea CO2 fluxes over the Southern Ocean upwelling zone. As described above, processes that affect the vertical distribution of DIC include mixed layer depth, net primary production, and alkalinity. Yet, we note that individually, their inter-model nRMSEs are weakly correlated with the fgCO2 nRMSE.  
[image: ]
Figure 6. The simulated annual mean fgCO2 and normalized RMSE (nRMSE) of multiple variables between the CMIP6 models and observation-based products. The top panel shows annual mean fgCO2 for each model sorted by uptake strength. The black dashed line with shadings represents the multi-model mean (MMM) ±1σ, while purple and green solid lines denote observational products. The bottom panel is an nRMSE heatmap for simulated multiple variables against observation-based products. The rightmost column presents the Pearson correlation coefficients between the nRMSE of fgCO2 (first row) and other driving variables, highlighting the dominant simulated error sources. Alk: total alkalinity; nDIC: salinity normalizedation of DIC; nAlk: salinity normalizedation of Alk; : carbonate ion concentration, here calculated by the approximation  ≈ ALK - DIC (Yu et al., 2013); WS: wind speed; SSS: sea surface salinity; MLD: mixed layer depth. 
4 Conclusions
This research systematically evaluates the performance of 16 CMIP6 Earth system models in simulating the mean state and seasonal variability of air–sea CO2 fluxes (fgCO2) over the Southern Ocean upwelling zone. Although the multi-model mean broadly reproduces the observed spatial distribution of annual mean fgCO2, substantial inter-model discrepancies remain in both the magnitude and spatial extent of CO2 uptake and outgassing. Models that misrepresent the seasonal cycle generally also exhibit large biases in the annual mean state, but highlighting the importance of resolving seasonal processes for constraining mean-state Southern Ocean carbon budgets.models that simulate large bias in the fgCO2 seasonal cycle could also simulate well the observed mean annual state. Our results suggest that in the Southern Ocean upwelling zone, the projected fgCO2 should be taken with cautions and highlight the importance of resolving seasonal processes for constraining mean-state Southern Ocean carbon budgets.
Decomposition of surface ocean partial pressure of CO2 (pCO2) into thermal and non-thermal components reveals that, while both are essential for reproducing the observed fgCO2 seasonal cycle, inter-model spread is dominated by uncertainties in the non-thermal component. Thermal variability, closely tied to the sea surface temperature (SST), is comparatively consistent across models. In contrast, non-thermal variability–regulated by DIC redistribution and biogeochemical processes–exhibits substantially larger amplitude and interannual spread, exerting dominant control on total pCO2 and thus fgCO2 errors.
[bookmark: OLE_LINK5]Mechanistic analysis further demonstrates that the simulated biases in ocean surface dissolved inorganic carbon (DIC) seasonality originate from imbalances between biological drawdown and physical replenishment during winter mixing, as well as from discrepancies in biological export efficiency and remineralization depth that modulate the vertical DIC gradient. The vertical structure of DIC emerges as a key integrator of upper-ocean carbon cycling processes. Across models, simulation errors in the vertical DIC gradient, surface DIC, and NPP show the strongest statistical links to mean state and seasonal biases of Southern Ocean CO2 fluxes, underscoring the central role of biogeochemical regulation of carbon redistribution.
[bookmark: _GoBack]Overall, our results suggest that improving ESMs’ simulations of Southern Ocean CO2 fluxes requires not only an accurate representation of surface pCO2 seasonality, but also a robust depiction of the coupled physical–biological processes governing upper-ocean vertical carbon structure. In particular, reducing uncertainties in export production, remineralization depth, and vertical DIC gradients may be as critical as improving thermal responses to surface warming. These findings highlight the necessity of constraining biogeochemical parameterizations to enhance confidence in simulations and future projections of Southern Ocean carbon uptake. 	Comment by Jerry Tjiputra: Add a paragraph on future observational needs, e.g.:

Emerging observational data, e.g., from Bio-Argo floats, encompassing vertical and seasonal coverage could be valuable to better constrain the simulated vertical DIC gradients, etc..

You could also add a paragraph on your future plans, i.e. explore any emergent constraint relationship that link future projections across different scenario in SOC upwelling zone and contemporary biases.
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