[bookmark: OLE_LINK251][bookmark: OLE_LINK2]Reviewer #1 Evaluations:
· Recommendation: Return to author for major revisions
· Significant: The paper has some unclear or incomplete reasoning but will likely be a significant contribution with revision and clarification.
· Supported: Yes
· Referencing: Yes
· Quality: The organization of the manuscript and presentation of the data and results need some improvement.
· Data: Yes
· Accurate Key Points: Yes

Reviewer #1 (Formal Review for Author (shown to authors)):

Manuscript "Disentangling CO₂ flux uncertainties in the Southern Ocean upwelling zone" is a carefully constructed diagnostic study addressing a persistent and policy-relevant problem in Earth system modeling: the source of inter-model disagreement in Southern Ocean carbon uptake. The methodological choice to define the upwelling zone dynamically, on a model-by-model and month-by-month basis using SSH gradients, is a reasonable and defensible improvement over the fixed-latitude, biome-based, or static-frontal frameworks used in prior work, and the manuscript is well written with clear figures.

However, in my assessment the authors need to address some major issues before publication. First, the 16 CMIP6 models are not statistically independent as several pairs of models share ocean physical cores and/or biogeochemical modules. Second, the manuscript does not adequately demonstrate that dDIC/dz provides independent explanatory power beyond the collinear surface variables (DIC, NPP) already included in the analysis; without a partial-correlation or variance-decomposition test, the claim that dDIC/dz constitutes a novel and informative diagnostic is not fully substantiated. Third, the temporal resolution of the vertical DIC/alkalinity climatology (NNGv2) underlying the observational benchmark for the seasonal dDIC/dz cycle needs to be explicitly clarified; if the subsurface component of this benchmark lacks genuine seasonal resolution, the central claim that subsurface seasonal carbon redistribution is an underappreciated source of model error would rest on a benchmark that is, in practice, dominated by the surface term already analyzed elsewhere in the manuscript.



Dear Reviewer #1,

We sincerely thank you for your careful and constructive review of our manuscript and your positive assessment of the significance of our work. Your comments have greatly helped us improve our analysis. 

[bookmark: OLE_LINK27]In response to your comments, we have revised the manuscript in several key ways:
· The robustness of the results has been confirmed using a statistically independent model ensemble.
· A partial correlation analysis has been performed to assess the independent explanatory power of dDIC/dz.
· The monthly-resolved vertical DIC/Alk fields in NNGv2 have been clarified.
· A sensitivity analysis using a fixed observation-based upwelling mask has been conducted to separate frontal-position and process errors.
· The limitation of shared SOCAT-based uncertainty between the two observational products has been explicitly acknowledged.
· The influence of internal variability on the diagnosed structural inter-model differences has been discussed.

All comments are addressed in the point-by-point responses below, and all changes in the manuscript are highlighted in blue.

On behalf of all authors,
Dr. Hao Luo
Corresponding Author
Email: luohao25@mail.sysu.edu.cn


Major Comments
1. Statistical independence of the CMIP6 model sample (pseudo-replication). Please (a) recompute the key correlations after removing one member of each "sister model" pair, or (b) apply a hierarchical/bootstrap significance test that accounts for shared model lineage, and report whether the central conclusions (particularly R ≈ 0.80 for dDIC/dz) remain robust.

Response: We thank the reviewer for raising this point. Following the reviewer’s suggestion (a), we identified three pairs of “sister models” in our original 16-model ensemble that share identical ocean physical and ocean biogeochemistry components, based on the model description summarized in Table 1:
· MPI-ESM1-2-HR and MPI-ESM1-2-LR (both: MPIOM1.63/HAMOCC6)
· NorESM2-MM and NorESM2-LM (both: BLOM/iHAMOCC)
· CESM2-WACCM and CESM2 (both: POP2/MARBL)

For each pair, we retained the lower-resolution, more commonly used member (MPI-ESM1-2-LR, NorESM2-LM, and CESM2) and removed the other (MPI-ESM1-2-HR, NorESM2-MM, and CESM2-WACCM), reducing our ensemble from 16 to 13 statistically more independent models. We recomputed the inter-model correlations (as initially shown in Figure 7) using this reduced, 13-member ensemble, as shown in the Figure S9. 

Encouragingly, the central conclusion of our study remains robust: the correlation between the inter-model nRMSE of dDIC/dz and that of FCO2 decreases only marginally, from Pearson R = 0.80 to 0.77, and remains statistically significant. Critically, the relative ranking of variables is essentially unchanged: dDIC/dz continues to rank high, now above non-thermal pCO2 (R = 0.76) and all other non-thermal variables. This confirms that our original conclusion was not an artifact of shared model lineage among the three removed sister models.

We have added a brief statement to the revised manuscript (Page 17, Lines 446−474) referencing this robustness check, which now reads:
[bookmark: OLE_LINK8]“Among all non-thermal variables examined, dDIC/dz, warm-season (i.e., austral spring and summer) NPP, and surface DIC exhibit the strongest correlations with the inter-model FCO2 nRMSE, ranking immediately below non-thermal pCO2 in Figure 7. Strikingly, the inter-model nRMSE of dDIC/dz is as strongly correlated with that of FCO2 (R = 0.80, p ≤ 0.05) as  itself. To ensure that it is not an artifact of statistical non-independence arising from shared ocean model among our selected CMIP6 models (e.g., CESM2/CESM2-WACCM, MPI-ESM1-2-HR/LR, and NorESM2-MM/LM share identical ocean physical and biogeochemical components; see Table 1), we recomputed these correlations after removing one member from each sister-model pair, retaining 13 statistically more independent models (Figure S9). The correlation between dDIC/dz and FCO2 nRMSE remains high and significant (R = 0.77, p ≤ 0.05) in this reduced ensemble, and dDIC/dz retains its high ranking, above  and well higher than all other non-thermal variables, further confirming the robustness of our results. Although dDIC/dz is not directly an obvious driver on surface , this result implies that correcting model biases in the mean state and seasonal cycle of the vertical DIC gradient could improve the simulated  and, by extension, FCO2 skill. We argue that this is because the seasonal variability in vertical DIC gradient integrates both physical and biogeochemical processes that are vital for  variability. This finding underscores that, in our identified upwelling zone, it is of high importance to improve representations of subsurface processes (beyond surface variables such as warm-season NPP and nDIC, with R = 0.58 and 0.54, p ≤ 0.05) in order to accurately simulate the contemporary Southern Ocean CO2 uptake. A partial correlation analysis confirms this relationship remains strong after controlling for surface DIC and NPPwarm (R = 0.72, p ≤ 0.05; Figure S10).

[bookmark: OLE_LINK17]As discussed in the preceding paragraphs, the vertical distribution of DIC is shaped by a hierarchy of processes: austral warm-season NPP, along with biological export and remineralization, might be the primary drivers of both the mean DIC profile and its seasonal variation, while MLD acts as a secondary modulator, and Alk controls the baseline mean-state DIC level throughout the mixed layer. Although NPP, Alk, and MLD each may affect dDIC/dz through these distinct pathways, the correlations of FCO2 nRMSE with warm-season NPP, nAlk, and MLD are R = 0.58 (p ≤ 0.05), 0.33, and -0.40, respectively (Figure 7), all of which are weaker in magnitude than the correlation with dDIC/dz. This ranking, together with the fact that these three variables all remain more weakly correlated with FCO2 nRMSE than dDIC/dz, is preserved in the reduced 13-model ensemble (Figure S9), further supporting that this pattern is not driven by shared model lineage. This finding suggests that none of the individual non-thermal variables capture the full complexity of vertical DIC distribution errors, and that an integrated effect of these processes, e.g., through dDIC/dz, is a more informative diagnostic of FCO2 simulation performance in the Southern Ocean upwelling zone.”
[image: ]
Figure S9. As in the Figure 7b, but for the reduced 13-model ensemble after removing one member from each sister-model pair sharing identical ocean physical and biogeochemical model components (CESM2-WACCM, MPI-ESM1-2-HR, and NorESM2-MM are excluded). Normalized RMSE (nRMSE) are calculated over monthly climatology for multiple simulated variables relative to the observational products. The rightmost column shows the Pearson correlation coefficient (R) between the nRMSE of FCO2 (first row) and the nRMSE of each driver. Asterisks (*) indicate correlations that are statistically significant (p ≤ 0.05). Abbreviations: Alk, surface total alkalinity; , carbonate ion concentration, approximated as  ≈ ALK - DIC (Yu et al., 2013); DIC, surface dissolved inorganic carbon; MLD, mixed layer depth; nAlk, salinity normalized Alk; nDIC, salinity normalized DIC; NPPwarm, NPP during austral warm seasons, i.e., spring and summer; SSS, sea surface salinity; WS, wind speed.

2. Independent explanatory power of dDIC/dz versus collinear surface variables. The manuscript reports that dDIC/dz correlates with fgCO₂ error almost as strongly as the non-thermal pCO₂ component itself (R ≈ 0.80), and highlights this as a key finding. However, dDIC/dz is itself a function of surface DIC, NPP, export production, and remineralization-variables already included in the correlation analysis. The manuscript does not demonstrate that dDIC/dz explains variance in fgCO₂ error that is independent of these collinear surface predictors; it is equally plausible that dDIC/dz is simply re-encoding the same surface signal in a different vertical projection. I recommend a partial correlation analysis (controlling for surface DIC and NPP) or a variance decomposition/multiple regression approach to establish whether dDIC/dz contributes unique explanatory power. If it does not, the framing of dDIC/dz as a novel diagnostic should be substantially tempered.

Response: We thank the reviewer for this important methodological point. We performed a partial correlation analysis using the 13-model ensemble (i.e., the 16-model ensemble excluding the three sister models identified in Response to Major Comment 1), controlling for the nRMSE of surface DIC and/or warm-season NPP (NPPwarm). Results are summarized in Table R1.

The raw Pearson correlation coefficient between dDIC/dz nRMSE and FCO2 nRMSE is 0.77 (see the third row of the heatmap in Figure S9, provided in Response to Major Comment 1 and Supporting Information). After controlling for surface DIC alone, the partial Pearson correlation coefficient (R) is 0.72; after controlling for NPPwarm alone, R = 0.76; and after jointly controlling for both, R = 0.72. 

The joint partial correlation is further illustrated in Figure S10, which plots the residual dDIC/dz nRMSE against the residual FCO2 nRMSE after removing the linear effects of both surface variables. The correlation decreases only marginally, from 0.77 to 0.72. This means only a small fraction of the explanatory power of dDIC/dz is shared with surface DIC and NPP, while the majority reflects independent subsurface information, probably related to vertical mixing, lateral transport, remineralization, export production, etc. We therefore consider that dDIC/dz likely constitutes a meaningful and independent diagnostic of FCO2 simulation skill. This analysis has been added to Page 17, Lines 462-463:
“A partial correlation analysis confirms this relationship remains strong after controlling for surface DIC and NPPwarm (R = 0.72, p ≤ 0.05; Figure S10).”

Table R1. 
Raw (used in the main text) and partial Pearson correlation coefficients (R) between the normalized root-mean-square error (nRMSE) of the vertical gradient of dissolved inorganic carbon (dDIC/dz) and the nRMSE of the FCO2 across 13-ensemble Earth system models (ESMs). Partial correlations were calculated after statistically controlling for the nRMSE of surface dissolved inorganic carbon (DIC) and/or warm-season net primary production (NPPwarm), which are surface variables that may covary with dDIC/dz. p were derived from a two-tailed test.
	Correlation type
	R
	p

	Raw correlation (no control)
	0.77
	0.002

	Partial correlation (control DIC)
	0.72
	0.009

	Partial correlation (control NPPwarm)
	0.76
	0.004

	Partial correlation (control DIC + NPPwarm)
	0.72
	0.012



[image: ]
Figure S10. Partial correlation between the nRMSE of dDIC/dz and the nRMSE of FCO2, after statistically removing the linear effects of surface DIC and NPPwarm nRMSE. Residuals were obtained by separately regressing dDIC/dz nRMSE and FCO2 nRMSE against surface DIC and NPPwarm nRMSE, and retaining the unexplained variance for each of the 13-ensemble ESMs. The blue line shows the ordinary least-squares linear regression fit between the two residual series, and the shaded band indicates the 95% confidence interval of the regression line, calculated from the standard error of the fitted coefficients under a student’s t-distribution. 

3. Section 2.3 describes NNGv2 as a neural-network climatology "centered around 1995." Please clarify explicitly whether NNGv2 provides genuinely monthly-resolved vertical DIC/Alk fields, or only an annual-mean vertical structure. This is critical because Figure 5 and the associated discussion (Section 3.3) present an observation-based seasonal cycle of dDIC/dz. If the subsurface component of NNGv2 lacks true seasonal resolution, the "observed" seasonal dDIC/dz cycle would be constructed by combining a seasonally resolved surface term with an effectively static subsurface term-in which case the seasonal signal in dDIC/dz would be mechanically inherited from the surface DIC seasonal cycle already analyzed separately.

Response: Thanks for this clarification request. NNGv2 provides monthly resolved vertical DIC and Alk fields from the surface to 1500 m, whereas fields from 1550 to 5500 m are provided annually. All vertical DIC and Alk fields used in our analysis are within the 0–1100 m domain. Therefore, the seasonal cycles of vertical DIC and Alk were calculated from monthly resolved fields. The reference year of around 1995 indicates the temporal center of the climatology data.

To make this distinction explicit, we have revised the description in the manuscript as follows (Page 5, Lines 129–132): 
“Specifically, vertical DIC and Alk distributions are obtained from the NNGv2 climatologies of Broullón et al. (2019, 2020), neural-network products trained using GLODAPv2 data and centered approximately on 1995. The NNGv2 provides monthly fields from the surface to 1500 m. In this study, the climatological seasonal cycles of vertical DIC and Alk, are calculated using the monthly resolved fields within the 0–1100 m domain.”

4. The rationale for using a dynamically defined, model-specific upwelling-zone mask (Section 2.5) is that fixed frameworks "overlook the contrasting intrinsic dynamics" among regimes (Introduction). This is a reasonable methodological choice, but it introduces a different concern: if a model's simulated ACC frontal position or eddy activity is itself biased relative to observations, the model-specific mask will enclose a different combination of water masses than the observational mask, irrespective of any biogeochemical parameterization error. In this case, part of the diagnosed "biogeochemical" bias in enclosed variables (DIC, NPP, dDIC/dz) could actually reflect a physical/positional bias in where the mask is drawn, rather than a process-level error within a consistently sampled region. I recommend that the authors report a sensitivity analysis using a single, fixed observationally based mask applied uniformly across all models, and compare the resulting statistics (annual-mean fgCO₂, dDIC/dz correlations) to those obtained with the dynamic mask, in order to separate "frontal position error" from "process error" contributions to the reported model spread.

Response: Thank you for this thoughtful comment. Our idea of using dynamic boundary is particularly to address that bias in the assessed watermasses. By considering the upwelling zone, we implicitly assume that the watermass within model-specific boundary all represent the same ‘upwelling’ watermass. We acknowledge that given the difference in the underlying physics and frontal position in different ESMs, the criteria (0.05 m per 100 km SSH gradient) for defining these boundaries could vary and contribute to the reported biases (e.g., in DIC, NPP, dDIC/dz). 

Following reviewer’s suggestion, we have calculated the biases in FCO2, DIC, and SST using three different boundaries: (i) monthly-varying model-dependent, (ii) static model-dependent, and (iii) static observed boundaries (see Figure S14). Indeed, all inter-model bias patterns in FCO2, DIC, and, especially, SST are all affected by the adopted boundary. We have added this results in the Text S1, and note that improved methodology to identify physically consistent regimes in ESMs would be valuable in future studies.
[image: ]
Figure S14. Same as Figure 7, but only for FCO2, DIC, and SST using (a) B1: the independently defined, self-derived time-varying boundary, adopted in this study, (b) B2: the independently defined, self-derived but climatological static boundary, and (c) B3: a fixed, CMEMS satellite-observed climatological static boundary.

6. Key Point 2 and the Abstract state that "models correctly simulate the annual CO₂ fluxes." However, Section 3.1 reports that individual model annual-mean fgCO₂ ranges from −1.31 to −0.08 mol C m⁻² yr⁻¹, spanning nearly an order of magnitude, while the observational estimates are −0.66 to −0.73 mol C m⁻² yr⁻¹. It is the multi-model mean that agrees reasonably well with observations (−0.60 {plus minus} 0.35), not most individual models. I recommend revising this statement (and the corresponding Key Point) to specify that it is the ensemble mean, rather than individual models broadly, that reproduces the observed annual-mean flux.

Response: We apologize that the original wording of Key Point 2 was not sufficiently precise and could be interpreted as implying that individual models broadly reproduce the observed annual-mean CO2 flux, which was not our intended meaning. But our conclusion in Key Point 2 was not based on the multi-model mean (MMM) either.

Rather, Key Point 2 is intended to summarize, based on our model-by-model and model-observation comparisons, that only a subset of models could reproduce the observed a relatively realistic annual-mean FCO2, and that even for this subset, a high annual-mean skill does not necessarily imply comparable skill in reproducing the underlying seasonal cycle as well as physical–biogeochemical drivers. Specifically, our study shows that the models with relatively realistic annual mean FCO2, such as NorESM2-MM and NorESM2-LM, generally reproduce the observed interannual variability and seasonal amplitude, although they do not capture the seasonal phase well. In contrast, several other models, including MPI-ESM1-2-HR, MPI-ESM1-2-LR, ACCESS-ESM1-5, CanESM5, and CNRM-ESM2-1, show substantial biases in seasonal amplitude/phase, and most of them also exhibit large annual-mean biases. Moreover, we further note that someOther models can achieve agreement in the annual mean through compensating or amplifying seasonal errors, potentially related to limitations in representing thej underlying physical-biogeochemical processes and the tuning of uncertain biogeochemical parameterizations.

To avoid ambiguity, wWe have revised Key Point 2, which now reads:
· “Models that reproduce the observed annual mean have biases in their seasonal cycle and physical-biogeochemical drivers.”

In addition, to summarize strength of MMM, we have added a brief sentence on Page 8, Lines 204-206, which reads: 
“While the MMM broadly agrees with the observation-based estimates, the large inter-model spread indicates that this agreement does not reflect uniform performance across models.”

7. Robustness of two observational products sharing a common underlying database. JMA_MLR and OceanSODA-ETHZ are both trained on SOCAT, differing primarily in their statistical/machine-learning methodology (Sections 2.1-2.2). The manuscript treats the close agreement between the two products' JAS-JFM seasonal amplitudes as evidence supporting the reliability of the benchmark (Section 3.2). However, in a region with well-documented wintertime observational sparsity in the Southern Ocean (e.g., Gray et al., 2018; Bushinsky et al., 2019), agreement between two products built on the same sparse underlying observations may reflect shared interpolation/extrapolation biases rather than a genuinely well-constrained seasonal signal. Please discuss this limitation explicitly, and, if feasible, provide an additional line of independent evidence (e.g., ship-based transect climatologies or BGC-Argo-derived pCO₂ estimates) as a further cross-check.

Response: We sincerely appreciate the reviewer’s careful assessment of the robustness of the observational benchmark.

We agree that JMA_MLR/OceanSODA-ETHZ cannot be regarded as fully independent observational constraints because they both are based on SOCAT, despite using different creation approaches. Their agreement may therefore reflect, at least in part, the potential shared uncertainties due to sparse wintertime observations and the interpolation/extrapolation.

1. Added explanation of potential shared SOCAT-based uncertainties
We have revised the corresponding text in Section 3.2 on Pages 10–11, Lines 252–257 so that their similar JAS–JFM amplitudes are described as a cross-product consistency check, rather than as independent validation or definitive evidence of benchmark reliability. The revised text now reads:
“We use this JAS–JFM difference as a practical metric of seasonal amplitude throughout Figure 4. The corresponding difference in OceanSODA-ETHZ broadly agrees with that in JMA_MLR for both pCO2 and FCO2 (Figure 3), confirming cross-product consistency. However, both products are based on SOCAT and may share uncertainties from sparse, seasonally uneven coverage and from interpolation/extrapolation, particularly during winter (Gray et al., 2018; Bushinsky et al., 2019). The JAS–JFM difference in Figure 4 should therefore be treated as an observation-based benchmark with associated uncertainty.”

2. Added discussion of future independent observational cross-checks
We agree that the lack of an independent observational cross-check is an important limitation. We have therefore stated this limitation explicitly and identified such a comparison as an important future direction, as noted in the revised discussion section (Page 20, Lines 543-545): 
“These observations could also provide an important additional observational cross-check of SOCAT-based mapping products, particularly for evaluating the seasonal pCO2 cycle during the sparsely observed Southern Ocean winter.”

[bookmark: OLE_LINK16]8. Internal variability and single-member sampling. The analysis uses a single ensemble member per model over a 22-year period (1993-2014). Southern Ocean carbon fluxes exhibit substantial decadal variability associated with modes such as the Southern Annular Mode (e.g., Landschützer et al., 2015). Please discuss (or, where large initial-condition ensembles are available for a subset of models, quantify) the extent to which internal variability could contaminate the diagnosed "structural" inter-model differences in seasonal amplitude and phase.

Response: We thank the reviewer for raising this point.

1. Magnitude of internal-variability-induced uncertainty
As shown in Gooya et al. (2023; Figure R1, reproduced from their Figure 5), the internal variability magnitude (diagnosed from CanESM5 large ensemble) remains considerably smaller than that of inter-model uncertainty in the Southern Ocean (up to ~4 mol m-2 yr-1 for model uncertainty versus generally below 0.5 mol m-2 yr-1 for internal uncertainty). 
[image: ]
Figure R1. Internal variability and model uncertainty of the simulated global carbon sink averaged over 1995–2015, reproduced from Figure 5 in Gooya et al. (2023). 

2. Climatological diagnostics inherently suppress internal variability
The primary diagnostics used in our analysis, i.e., the multi-year (1993–2014) For climatological annual-mean state and the climatological seasonal cycle, we consider the multi-year (1993–2014) are derived from long-term temporal averaging, which inherently suppresses the influence of interannual-to-decadal internal variability on the diagnosed structural inter-model differences. Additionally,This is reflected by the horizontal/vertical error-bars in Figure 4, which denote the interannual spread in seasonal amplitude/phase within each model, are considerably smaller than the inter-model spread in seasonality itself. This confirms that the seasonality differences we report primarily reflect systematic, model-structural differences in the representation of physical and biogeochemical processes, rather than internal noise.

3. A caveat on internal-variability-induced uncertainty has been added accordingly
Beyond the two primary climatological diagnostics (i.e., climatological annual-mean state and seasonal cycle), we do include some results and a brief discussion of interannual variability of thermal/non-thermal pCO2 components in the Sections 3.2 and 4. We have added the discussion in Section 4 (Pages 19, Lines 514–518) to acknowledge the potential influence of internal variability on the interannual results, as follows:
“It is noted that the interannual variability results have not been validated with large initial-condition ensembles, and may thus be partly affected by internal variability. However, the inter-model uncertainty of the Southern Ocean carbon sink has been shown to considerably exceed the uncertainty imposed by internal variability (within a single model) over the historical period (Gooya et al., 2023). A more rigorous assessment of the two uncertainty sources in a multi-model framework would be valuable in the future.”

Minor Comments
1. Section 2.6 (thermal/non-thermal decomposition): The fixed temperature sensitivity coefficient (0.0423 {degree sign}C⁻¹) from Takahashi et al. (1993, 2002) has known limitations in cold, low-buffer-capacity Southern Ocean waters. Please add a brief discussion of this limitation, and note that lumping DIC, Alk, and SSS into a single "non-thermal" term may obscure independent contributions-particularly given that the manuscript itself finds an almost perfect linear relationship between annual-mean Alk and DIC (Figure S3b), suggesting these two variables are not fully separable within this framework.

Response: We thank the reviewer for pointing out the potential limitation of applying the fixed temperature sensitivity coefficient and the ambiguity of  term. 

1. Applicability of the fixed temperature-sensitivity coefficient
Indeed, the 0.0423 °C−1 coefficient is based on the linearized empirical relationship (Takahashi et al., 1993) and therefore represents an approximation to the temperature dependence of pCO2. 

To assess the relevance of this approximation for the Southern Ocean, Mongwe et al. (2018) compared the Takahashi’s (1993) formulation with temperature sensitivities calculated from the carbonate-system equations and climatological Antarctic-zone data. Even though Mongwe et al. extended the formulation into polar temperatures (SST < 2 °C), the two estimates showed very close agreement with only a small additional uncertainty of approximately 4–5% in pCO2.

2. Interpretation of the non-thermal residual
We apologize for the potential ambiguity of the  term in the previous version of the manuscript.

In Equations (1) and (2), the  is defined as the residual pCO2 after removing the thermal component (), i.e., . Therefore, it represents the aggregate influence of all non-temperature processes and variables, mainly including changes in DIC, Alk, and SSS/freshwater forcing, but also including complex impacts from biological activity, mixing, transport, etc.

The strong linear relationship (R = 0.98) between annual-mean Alk and DIC across models in Figure S5b is due to the fact that these models are forced by similar atmospheric CO2 levels, which forces all models to have comparable climatology sea surface pCO2. However, it does not imply that DIC and Alk are biogeochemically equivalent over all timescales. For example, on seasonal scale, their independent changes can still arise from processes such as biological uptake and remineralization, as well as calcium carbonate precipitation and dissolution. 

We agree with the reviewer that the residual-pCO2 framework does not uniquely resolve the independent contributions of DIC, Alk, and SSS; therefore, we revised the relevant text in Section 2.6 to clarify that the non-thermal component is a composite residual rather than a separately attributed contribution from these variables. Moreover, in Section 3.3 and Figures 5–7, we have further examined other non-thermal variables such as NPP, MLD, etc., in addition to DIC, Alk, and SSS. 

Combining Points 1 and 2 above, we have added a corresponding clarification to Section 2.6 (Page 7, Lines 173–184), which now reads:
“ is calculated by imposing the pCO2’s temperature dependence on the , and thus provides an approximate estimate of the seasonal SST control on pCO2.  is obtained by applying an inverse temperature correction to the monthly pCO2 and represents the residual after the seasonal SST effect is removed, as a composite measure of non-SST controls. Such controls may involve biogeochemical processes, including net community production and calcification, as well as freshwater forcing, air–sea CO2 exchange, physical transport, and mixing (Fassbender et al., 2018). 

Here,  is calculated using a fixed sensitivity coefficient of 0.0423 °C-1, which is based on a linearized empirical relationship for the temperature dependence of the equilibrium constants (Takahashi et al., 1993). Although this coefficient is derived from a linear approximation, its application to the cold Southern Ocean has been regularly used and shown to introduce only a minor additional uncertainty in previous Southern Ocean carbon cycle studies (Mongwe et al., 2018; Landschützer et al., 2018; Hauck et al., 2023; Lee et al., 2026). We note that the resulting  and  should be interpreted as an approximate estimate rather than an exact regionally specific sensitivity.”

2. Section 3.1: Please clarify whether the {plus minus}0.05 uncertainty reported for the JMA_MLR and OceanSODA-ETHZ annual-mean fgCO₂ reflects spatial averaging uncertainty, temporal (interannual) variability, or product uncertainty; the source of this uncertainty estimate is not stated.

Response: We thank the reviewer for pointing this out. The ± values reported represent one-standard-deviation interannual variability in area-weighted annual-mean FCO2 over 1993–2014. We have now clarified it in Section 3.1 (Page 8, Lines 201–204) to:
“Observation-based products shows that the area-weighted annual mean FCO2 over this zone is -0.66 ± 0.05 mol C m-2 yr-1 for JMA_MLR and -0.73 ± 0.05 mol C m-2 yr-1 for OceanSODA-ETHZ, compared to a multi-model mean (MMM) of -0.60 ± 0.35 mol C m-2 yr-1 across all 16 ESMs (uncertainty range representing one standard deviation of interannual variability over 1990–2014).”

3. Section 3.3, discussion of dDIC/dz drivers: The individual correlations of NPP, MLD, and Alk with fgCO₂ nRMSE are each reported as R < 0.5, "weaker than that of dDIC/dz itself." Please report exact values for these correlations (currently only dDIC/dz, surface DIC, and NPP correlations are given precise values elsewhere) to allow full assessment of the argument in M2 above.

Response: We thank the reviewer for pointing this out. To improve clarity, we have now added these values in Section 3.3 (Page 17, Lines 467-470) as:
“Although NPP, Alk, and MLD each may affect dDIC/dz through these distinct pathways, the correlations of FCO2 nRMSE with warm-season NPP, nAlk, and MLD are R = 0.58 (p ≤ 0.05), 0.33, and -0.40, respectively (Figure 7), all of which are weaker in magnitude than the correlation with dDIC/dz.”

4. Section 2, Data: Given the number of distinct datasets employed (JMA_MLR, OceanSODA-ETHZ, NOAA OISST V2.1, CMEMS SSH, SODA 3.15.2, NNGv2, GLORYS12V1, Silsbe-CAFE, ERA5), each with different native time spans and resolutions, a summary table (dataset, variable(s), temporal coverage, spatial resolution, and any known limitations) would substantially improve the readability and auditability of the Methods section.

Response: We have addressed this suggestion as follows:

1. Dataset summary table
We have added a comprehensive summary table as Table S1, which . The table lists the dataset name, variables, spatial/temporal resolution, and	 the full/selected temporal coverage used in this study. 

A brief reference to Table S1 has been added in Section 2.3 (Page 5, Lines 138-139), which reads:
“A detailed summary of the datasets used in this study, including their temporal and spatial characteristics, is provided in Table S1.”

Table S1	Comment by Jerry Tjiputra: I think this can be removed as the reviewer can refer to the revised manuscript files.
Summary of observation-based datasets used in this study. 
	Variable
	Dataset
	Spatial/Temporal Resolution
	Full/Selected Temporal Coverage

	FCO2, pCO2, sfc DIC, sfc Alk, SSS
	JMA_MLR v2024 (FCO2 and pCO2 from SeaFlux v2021.04)
	1° × 1°, monthly
	1990–2023 (SeaFlux: 1990–2019), 1993–2014

	
	OcceanSODA-ETHZ v2023
	1° × 1°, monthly
	1982–2022, 1993–2014

	SSH
	CMEMS Global Ocean Gridded L 4 Reprocessed product
	0.125° × 0.125°, daily
	1993 to present, 1993–2014

	
	SODA 3.15.2
	0.5° × 0.5°, monthly
	1980–2022, 1993–2014

	SST
	NOAA OISST V2.1
	0.25° × 0.25°, daily
	1981 to present, 1993–2014

	
	OcceanSODA-ETHZ v2023
	1° × 1°, monthly
	1982–2022, 1993–2014

	sfc NPP
	Silsbe-CAFE
	0.25° × 0.25°, monthly
	1998–2022, 1998–2014

	WS
	ERA5
	0.25° × 0.25°, monthly
	1940 to present, 1993–2014

	vert DIC, vert Alk
	NNGv2
	1° × 1°, monthly climatology centered on 1995
	—

	MLD
	CMEMS GLORYS12V1
	1/12° × 1/12°, monthly climatology over 1993–2016
	—


Note: This study uses the first 49 vertical levels (0–1100 m depth) of the NNGv2 monthly climatologies. Native temporal resolution refers to the resolution used in this study; other resolutions may also be available (e.g., ERA5 also provides hourly/daily data).

2. Additional discussion of dataset limitations and future cross-checks
We address the relevant limitation of the two SOCAT-based observational products in the corresponding revisions to the manuscript (see Response to Major Comment 7 above).

5. Please define "PIC" and other acronyms at first use if not already defined (verify throughout, as this was not fully checked given the reviewer's focus on the core sections).

Response: Thanks for pointing this out. Although “PIC” does not appear in the manuscript, we found that “DIC” was not defined at its first occurrence in previous text. We have added its full term and ensure all acronyms are defined with their full terms at first use. For example, the revised sentence (Page 4, Lines 106-107) reads:
“surface/vertical carbonate chemistry variables (dissolved inorganic carbon (DIC) and total alkalinity (Alk))”


Reviewer #2 Evaluations:
· Recommendation: Return to author for major revisions
· Significant: The paper has some unclear or incomplete reasoning but will likely be a significant contribution with revision and clarification.
· Supported: Yes
· Referencing: Yes
· Quality: Yes, it is well-written, logically organized, and the figures and tables are appropriate.
· Data: Yes
· Accurate Key Points: Yes

Summary of the manuscript 
This manuscript evaluates contemporary air–sea CO₂ fluxes (fgCO₂) and their driving mechanisms in the Antarctic Circumpolar Current (ACC) upwelling zone of the Southern Ocean, using 16 CMIP6 Earth System Models (ESMs) and two observation-based gridded products (JMA_MLR and OceanSODA-ETHZ) over the 1993–2014 period. The study employs a dynamic masking approach using monthly sea surface height gradients to identify the upwelling zone and account for its seasonally varying boundaries. The authors decompose surface ocean pCO₂ anomalies into thermal (pCO₂ᵀ) and non-thermal (pCO₂ᴺᵀ) components, analyzing these alongside upper-ocean vertical dissolved inorganic carbon (DIC), total alkalinity, net primary production, mixed layer depth, and temperature, among other variables, to provide a comprehensive, mechanistic description of the sources of CMIP6 fgCO₂ biases, establishing an evaluative framework that links fgCO₂ with upper-ocean physical dynamics and biogeochemical processes. Specifically, the authors demonstrate that the inter-model spread in Southern Ocean fgCO₂ is primarily driven by seasonal biases in the non-thermal component (pCO₂ᴺᵀ). While some models achieve realistic annual mean fluxes, they do so through mutually compensate seasonal thermal and non-thermal errors. Furthermore, model biases in the seasonal cycle of fgCO₂ are strongly correlated with biases in the seasonal vertical DIC gradient in the upper ocean. Ultimately, the authors demonstrate that the vertical DIC gradient provides an instructive diagnostic for evaluating model fgCO₂ skill, as it successfully integrates physical and biogeochemical signals 

Major Comment 
This manuscript is generally well-written, addresses an interesting question, and is broadly well-organized. It provides a valuable dynamical framework for evaluating Southern Ocean carbon dynamics. However, several sections require refinement to improve overall clarity and maximize the scientific impact of its contributions. Three points. 

First, the first half of the manuscript requires some refinement due to several unclear descriptions. Specifically, the authors occasionally present a new result as a known fact or as evidence in a subsequent section before it has been formally introduced or demonstrated. Rectifying these structural issues will significantly improve the paper's narrative flow and help the manuscript stand on its own as a self-contained study. I highlight one example below. 
 
[bookmark: OLE_LINK11]Second, a key claim of the manuscript is the utility of seasonally varying, dynamic boundaries, yet the authors do not explicitly demonstrate the actual seasonal variations in the shape and surface area of these boundaries. It would be beneficial to show that there is indeed a meaningful seasonal change in surface area; otherwise, a static boundary approach might be more appropriate. If there is indeed seasonal variation, how do seasonal shifts in surface area affect the overall results? Could you potentially sample different surface regimes across different seasons? On a related note, while these sea surface height-based boundaries perform very well in delineating the northern extent of the fgCO₂ outgassing boundary, there seems to be a lack of consistency along the southern extent for both models and observation-based products alike. Can you comment on this? 

Third, the manuscript's most significant and novel contribution begins at Figure 4 onwards (including Figures S2 and S3); the background is somewhat of a resynthesis of existing literature (e.g., Anav et al., 2013; Fassbender et al., 2022; Kessler & Tjiputra, 2016; Landschützer et al., 2018; Lenton et al., 2013; Mongwe et al., 2018, 2024; Rodgers et al., 2023). Here authors present refreshingly interesting results, which I would suggest fleshing out in more detail. To make this point even clearer, I suggest bringing Figure S2 into the main text, as the perspective provided there is unique; to my knowledge, it has not been presented before in a clear way, and it adds substantial value by illustrating how the upper-ocean vertical DIC structure links to fgCO₂ on seasonal and interannual timescales. Additionally, I suggest that the authors condense and refocus the discussion, which in its current version is somewhat long and repetitive, perhaps focusing on the new results regarding the links between upper-ocean physical and biogeochemical dynamics through the vertical DIC gradient on seasonal and interannual timescales. Tightening these background sections and centering the discussion on the new synthesis will highlight the novelty of this work and improve the overall clarity of the contribution 

[bookmark: OLE_LINK4]Dear Reviewer #2,

We thank the reviewer for the positive and encouraging assessment of the manuscript, as well as for these three constructive and thoughtful major comments, which can help us substantially improve the clarity, structure, and overall scientific presentation of the manuscript. We address each of these points in turn below, along with the corresponding revisions.

· Point 1: Structural clarity in the first half of the manuscript
We have made corresponding revisions throughout the first half of the manuscript to ensure that all results are properly introduced and demonstrated before being referenced or used as evidence in subsequent sections (. e.g., see also

The specific example raised by the reviewer, along with our corresponding response and revision, is addressed in detail in the Response to Minor Comment 7 below).

· Point 2a: Temporal variation in boundary and its effect on the results
· 
To assess the seasonal variation in boundary shape and surface area and how such time-varying (including seasonal and interannual variations) boundary shifts affect the results in this study, we conducted a sensitivity analysis comparing our dynamic, self-derived time-varying boundary (B1) against two static alternatives: a self-derived climatological boundary (B2) and a fixed observation-based boundary (B3). We assessed impacts on SST and surface DIC as representative physical and biogeochemical variables for such comparison. 
To directly address the seasonal variation in boundary shape and surface area, we generated Figure R2 (see below) , which shows that the climatological seasonal boundaries (analogous to B1 but with interannual variability removed) do exhibit seasonal displacement across most models/products, though the seasonal signal seems modest once interannual variability is excluded. A case study using UKESM1-0-LL (Figure S1) further illustrates this seasonal migration in more detail.

To assess how such time-varying (including seasonal and interannual variations) boundary shifts affect the results in this study, we conducted a sensitivity analysis comparing our dynamic, self-derived time-varying boundary (B1) against two static alternatives: a self-derived climatological boundary (B2) and a fixed observation-based boundary (B3). We selected SST and surface DIC as representative physical and biogeochemical variables for such comparison. 

The main finding is that, while B1 and B2 yield similar annual-mean FCO2 (Figure S13 and Table S2), this agreement could be misleading: it may mask an underlying cancellation between oppositely signed SST and DIC biases (Figures S11 and S12), likely reflecting systematic differences in water-mass sampling between the two boundary schemes. This potential cancellation is only detectable under B1, because as shown in Figure S14, B1 preserves a meaningful link between inter-model biases in FCO2 and those in the underlying physical/biogeochemical fields (Figure S14a), a link that is substantially weakened or lost under static boundaries (B2/B3; Figure S14b and c). These results indicate that time-varying variability in boundary location is not negligible, and that a static boundary approach, despite comparable FCO2 performance, is obviously less reliable for further evaluating the simulated underlying mechanismtic model evaluation. Full details are provided in Text S1.

“Text S1. Sensitivity of model evaluation to dynamic versus static upwelling zone boundaries
To evaluate the robustness of the model assessment framework against the choice of upwelling zone boundary definition, three boundary schemes based on SSH gradients are compared: 
1. B1, the self-derived, monthly time-varying boundary (adopted throughout this study); 
1. B2, the self-derived boundary collapsed to a time-invariant climatological form; 
1. and B3, a fixed, time-invariant climatological boundary derived from CMEMS observations, applied uniformly across all models and products. 

B1 is the only definition that retains variability across all timescales above monthly resolution—including both the climatological seasonal cycle and interannual variability—whereas B2 retains only the model-specific structure with time-varying characteristics excluded, and B3 retains neither model-specific structure nor temporal variability. 

Figure S1 provides a direct illustration of this seasonal migration using UKESM1-0-LL as a representative B1 case: the B1 during austral summer (JFM, red) is consistently displaced northward relative to its position during austral winter (JAS, blue) across the selected years (1993, 1999, 2005, 2011). Such seasonal shifts of SSH-gradient-maximum are potentially driven by salinity changes associated with sea‑ice freeze–melt cycles (Haumann et al., 2016; Garcia‑Eidell et al., 2019). Winter brine rejection elevates surface density and shifts the boundary southward, whereas summer sea‑ice melt freshens the surface and enhances stratification, thus potentially drawing the boundary northward. Comparable seasonal boundary migration is also observed in, e.g., CMCC-ESM2, IPSL-CM6A-LR, CanESM5, and CNRM-ESM2-1.

For this sensitivity assessment, sea surface temperature (SST) and surface dissolved inorganic carbon (DIC) are selected as representative physical and biogeochemical variables, respectively. As shown in Figures S11 and S13, comparisons between the self-derived dynamic (B1, blue) and climatological static (B2, red) boundaries reveals clearly distinguishable effects on SST and DIC. For SST (Figure S11), although the climatological static boundary yields a lower SST than the dynamic boundary in the JMA_MLR product (the red and green dashed lines fall below the blue dashed line for product), roughly half of the models show a clear shift in annual-mean SST under B2 relative to B1, and in every such case the shift is in the opposite direction—annual-mean SST is higher under B2 than under B1 (red dashed line above blue dashed line for models). Within the climatological seasonal cycle, the B1–B2 differences in SST are relatively evenly distributed across seasons, with only a slightly larger deviation during colder seasons in a few models, though this seasonal asymmetry is not pronounced (Figure S11).

For DIC (Figure S13), both the two observation-based products and most models display a pattern opposite to that of SST. While the climatological static boundary yields a higher DIC than the dynamic boundary in two products (red and green dashed lines above the blue dashed lines for products), roughly half of the models show a clear annual-mean shift under B2 relative to B1, and in these cases annual-mean DIC is consistently lower under B2 than under B1 (red dashed line below blue dashed line for models). For some models, the B1–B2 differences in DIC across the seasonal cycle are not evenly distributed, with a marginally larger deviation in colder seasons.

This opposing SST–DIC pattern may be physically consistent with differential water-mass sampling under the two boundary definitions. Warmer water masses typically exhibit lower DIC, which can arise from stronger stratification, reduced export by the biological pump, or advection of low‑nutrient, low‑DIC waters from lower latitudes. In contrast, colder water masses, generally derived from upwelling or high‑latitude sources, contain elevated DIC. If the static B2 preferentially samples warmer water relative to the dynamic B1, it would naturally produce the observed combination of elevated SST and depressed DIC. In addition, the interannual variability of SST is more sensitive to the choice between B1 and B2 than that of DIC (not shown), indicating that the dynamic and static boundaries capture systematically different interannual SST variability.

In contrast, for FCO2 shown in Figure S13, the annual-mean climatology and interannual variability under B1 and B2 are nearly indistinguishable across most models and observation-based products. This is corroborated by Table S2: only four models—UKESM1-0-LL, IPSL-CM6A-LR, CanESM5-CanOE, and CanESM5—exhibit a relatively large annual-mean deviation under B2 (ΔFCO2 (B2−B1) ≈ 0.02 mol C m-2 yr-1). On seasonal scale, only a few months within the climatological seasonal cycle show minor discrepancies in a small number of models—for example, the cold season in IPSL-CM6A-LR and the warm season in UKESM1-0-LL (Figure S13).

When comparing the observation-based static B3 against B1/B2, most models show pronounced annual-mean differences in SST and DIC (Figures S11 and S12), while a relatively smaller subset of models show comparable differences in FCO2 (Figure S13 and Table S2), indicating that adopting an observationally-derived static boundary directly—without model-specific calibration—can introduce substantial evaluation errors.

The impacts of different boundary schemes for our study are further corroborated by Figure S14. Across all models (including the multi-model mean, MMM), the inter-model patterns in FCO2 nRMSE relative to the observation-based product show only minor differences among B1, B2, and B3, whereas SST exhibits the most pronounced sensitivity to boundary selection, followed by DIC, among the three variables. Specifically, under B1 (Figure S14a, same as shown in Figure 7), the inter-model nRMSE of DIC (relative to product) correlates moderately with the inter-model nRMSE of FCO2 (Pearson R = 0.48). This relationship remains comparably strong under B2 (Figure S14b; R = 0.45), indicating that the inter-model biases in DIC identified under B1/B2 both retain meaningful explanatory power for FCO2 biases to some extent. Under B3 (Figure S14c), however, R weakens to 0.36. For SST, the decline in correlation from B1 to B2 to B3 is markedly more severe. The weak positive correlation under B1 (R = 0.27) drops to near-zero and even sign-reversing values under B2 and B3 (R = 0.07 and R = −0.07, respectively).

Taken together, according to Figures S11-S13 and Table S2, while B1 and B2 produce similar annual-mean FCO2, this apparent agreement could be misleading: it may mask underlying cancellation between oppositely signed, comparable physical (e.g., SST) and biogeochemical (e.g., DIC) biases, rather than representing genuine consistency in model simulations of both physical and biogeochemical processes under the two (time varying or invariant) boundary schemes. In fact, the elevated SST and reduced DIC under the static B2 potentially point to a systematic water-mass sampling bias, likely an over-sampling of warmer water, that happens to be partially cancelled when propagated into the composite variable, FCO2. Critically, such cancellation is only detectable because, under the B1 dynamic boundary definition, inter-model biases in FCO2 can be meaningfully linked to inter-model biases in the underlying physical and biogeochemical variables (Figure S14). Such explanatory linkage is substantially weakened, or lost entirely, when static, time-invariant boundaries are used instead, whether self-derived B2 or directly observation-based B3, leaving such compensating biases less readily detected and explained. Therefore, these findings together underscore the importance of jointly evaluating underlying physical and biogeochemical fields, rather than the composite variable FCO2 alone, for a comprehensive understanding of boundary-definition effects, and reaffirm the necessity of the dynamic boundary-tracking approach (B1, see detailed case in Figure S2) adopted in this study.”
[image: ]
Figure R2. Climatological seasonal boundaries defined by the self-derived SSH gradient in the Southern Ocean for (a, b) two observation-based products and (c-r) 16 CMIP6 models during 1993–2014. In each panel, colored contour lines indicate the climatological SSH-gradient-defined boundary for the four seasons: austral spring (OND, light blue), summer (JFM, red), autumn (AMJ, orange), and winter (JAS, dark blue). 
[image: ]
Figure S1. Interannual variability of the austral summer (JFM, red) and winter (JAS, blue) SSH-gradient-defined boundary in the Southern Ocean simulated by UKESM1-0-LL for selected years at 6-year intervals, i.e., 1993, 1999, 2005, 2011. 

[image: ]
Figure S11. Climatological seasonal cycle (solid lines) and climatological annual mean (dashed lines) of SST for (a) JMA_MLR, (b) OceanSODA-ETHZ, and (c–r) the 16 CMIP6 Earth system models, under three boundary definitions: B1 (the independently defined, self-derived time-varying boundary, adopted in this study), B2 (the independently defined, self-derived but climatological static boundary), and B3 (a fixed, CMEMS satellite-observed climatological static boundary), shown in blue, red, and green, respectively. 
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Figure S12. Same as Figure S11, but for surface DIC.
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Figure S13. Same as Figure S11, but for FCO2.

[image: ]
Figure S14. Same as Figure 7, but only for FCO2, DIC, and SST using (a) B1: the independently defined, self-derived time-varying boundary, adopted in this study, (b) B2: the independently defined, self-derived but climatological static boundary, and (c) B3: a fixed, CMEMS satellite-observed climatological static boundary.

· Point 2b: Discussions aboutOn north–south asymmetry in SSH-gradient boundaries
[bookmark: OLE_LINK18]Indeed, as shown in Figure 2, both observation-based products (JMA_MLR, OceanSODA‑ETHZ) show clear near‑Antarctic CO2 outgassing. Only three of the evaluated 16 models, i.e., GFDL‑CM4, IPSL‑CM6A‑LR, CNRM‑ESM2‑1 capture higher-latitude outgassing, yet these tree models they disagree with data products in outgassing extent and magnitude. 

Further, these same three models are reported to underestimate ACC transport relative to observations (Beadling et al., 2020). Cheng et al. (2025) also find that most CMIP6 models fail to reproduce the biogeochemical signatures of upwelling and cross-shelf transport in polar front and Antarctic zones. Therefore, we suspect this lack of consistency may reflect the dynamical complexity of this high-latitude region, specifically the degree of separation between the Antarctic Circumpolar Current (ACC) and the westward-flowing Antarctic Coastal Current (AACC). Near the northern extent, the boundary corresponds to the well-defined ACC frontal core, which is consistently resolved across models and products. Near the southern (higher latitude) margin, however, the ACC-AACC separation is spatially more variable and complex, which likely explains why the SSH-gradient-based boundary less consistently tracks the outgassing zone’s southern edge in this area. 

Given the sparse observational coverage, limiting our understanding of this region, future work combining multi-source observations with dynamical analysis is needed to better constrain simulated physical-biogeochemical processes and resolve these model-observation discrepancies. The according above discussions are shown added asin Text S2.

“Text S2. The simulated CO2 outgassing south of the upwelling zone
[bookmark: OLE_LINK21]Both reanalysis products (JMA_MLR and OceanSODA-ETHZ) show a clear region of CO2 outgassing adjacent to the Antarctic continent, located at the junction between the Atlantic and Indian sectors and along the southern boundary of the upwelling zone in the Indian sector. Among the 16 CMIP6 models evaluated, three models—GFDL-CM4, IPSL-CM6A-LR, and CNRM-ESM2-1—similarly show coastal outgassing in qualitative agreement with the reanalysis in meridional position, though all three still differ from the reanalysis in the meridional extent and mean-state magnitude of the signal, with CNRM-ESM2-1 substantially overestimating its magnitude. These three models also differ zonally: the signal in GFDL-CM4 and IPSL-CM6A-LR is largely confined to the Atlantic sector, whereas in CNRM-ESM2-1 it extends across the Atlantic, Indian, and western Pacific sectors.

To explore a possible explanation, the evaluated 16 model ensemble in this study is further compared against the physical evaluation of Southern Ocean circulation. Beadling et al. (2020) assessed Antarctic Circumpolar Current (ACC) transport through the Drake Passage across CMIP6 models relative to the observational benchmark, e.g., cDrake array experiment from Donohue et al. (2016). Of the 13 models common to both studies, CNRM-ESM2-1, GFDL-CM4, and IPSL-CM6A-LR rank as the weakest, second-weakest, and sixth-weakest in simulated ACC transport, respectively, all falling below the observational estimate (Beadling et al., 2020).

This correspondence suggests a plausible, though untested, hypothesis: weaker ACC transport may reduce the dynamical separation between the ACC and the westward-flowing Antarctic Coastal Current (AACC), allowing enhanced onshore intrusion of carbon-rich Circumpolar Deep Water. If not offset by biological uptake or air–sea flux damping, this could produce an overestimated coastal outgassing signal, consistent with the pattern seen here. This interpretation could be further supported by Cheng et al. (2025). They report that most CMIP6 models, including CNRM-ESM2-1 and IPSL-CM6A-LR, undersimulate the elevated particulate organic carbon (POC) concentrations observed in the polar front zone (as well as the Antarctic zone), which are sustained by nutrient supply from upwelling and cross-shelf transport, suggesting a probably weaker-than-observed ACC in these models (Cheng et al., 2025). This linkage discussed above remains a hypothesis based on the consistent patterns emerging from both cross-model and model-observation comparisons in this study and previous work, rather than a mechanism established through dedicated dynamical analysis. 

It is also worth noting that the challenge and high uncertainty in simulating this higher latitude complex dynamic is not confined to the three models discussed above. This stems from our limited understanding of the physical and biogeochemical processes governing this region, primarily due to the sparse observational coverage. Future work integrating multiple observational approaches alongside dedicated dynamical analysis, will be needed to jointly constrain the simulated physical circulation and biogeochemical processes across these high-latitude Southern Ocean margins, and to better resolve the mechanisms underlying these observation-simulation biases.”

· [bookmark: OLE_LINK28]Point 3: Elevating novel contribution and streamlining discussion
We have accordingly merged previous Figure S2 into the revised Figure 4, which now jointly presents the seasonal cycle biases in pCO2 components in panel (a) alongside the interannual variability of seasonal amplitudes in non-thermal pCO2 and DIC in panel (b), providing a more unified and complete illustration of how upper-ocean physical and biogeochemical dynamics are linked through the vertical DIC gradient on seasonal and interannual timescales. The revised description of Figure 4 in the main text (Page 11, Lines 286-291) now reads:
“Figure 4b further shows that, across models, the interannual variability of the non-thermal pCO2 seasonal amplitude is strongly linked to that of surface DIC (inter-model R = 0.98), while the interannual variability of the thermal pCO2 seasonal amplitude is driven by corresponding SST variations (the latter is not shown). Together, these results suggest that large interannual variability in either the thermal or non-thermal pCO2 component, driven by SST and DIC variability respectively, is associated with larger biases in the simulated mean seasonal cycle.”

In addition, we have also condensed and refocused the discussion section (Section 4), removing repetitive content and centering it on these new results as the reviewer suggested. For example, the corresponding discussion added in the Section 4 (Page 19, Lines 506–514) is shown as follows:
“Beyond the mean seasonal cycle spread, the interannual variability of  and  also distinguishes model performance. Models that better reproduce the observed seasonal amplitude of pCO2 tend to exhibit smaller and more balanced interannual variability in both components, whereas models with pronounced seasonal biases tend to show disproportionately large interannual variability in one component or the other. This asymmetry can be traced to specific processes. For example, excessive interannual variability in the thermal (non-thermal) component is closely tied to variability in SST (surface DIC). These results suggest that the year-to-year stability of the thermal and non-thermal pCO2 components could provide a complementary diagnostic to the climatological-mean seasonal cycle, one that more directly points to the specific physical and biogeochemical processes requiring improvement in future work.”

[image: ]
Figure 4. Scatter plots of (a) seasonal cycle biases in pCO2 components and (b) interannual variability of seasonal amplitudes in  and surface DIC from CMIP6 models and JMA_MLR product. Seasonal amplitudes are calculated as the mean July–September (JAS) minus January–March (JFM) values. R denotes the Pearson correlation coefficient across all model points, and the asterisk (*) following R indicates that the correlation is statistically significant at p ≤ 0.05. In panel (a), circle size indicates the seasonal amplitude of total pCO2, i.e., the sum of  and . Vertical and horizontal black bars indicate interannual variability, estimated as ±1 standard deviation of the annual seasonal amplitudes over 1993–2014. Dashed horizontal and vertical lines anchored at the JMA_MLR product point (purple) partition the models into four quadrants, revealing distinct bias patterns in the thermal/non-thermal pCO2 seasonal cycles. In panel (b), the blue solid lines represent the linear regression fit to 16 model points, with shading indicating the 95% confidence interval. 

All comments are addressed in the point-by-point responses below, and all changes in the manuscript are highlighted in blue.

On behalf of all authors,
Dr. Hao Luo
Corresponding Author
Email: luohao25@mail.sysu.edu.cn

Minor and specific comments 
1. As a general comment, I highly recommend using shorter, more direct sentences throughout the manuscript. Long sentences cause readers to go over a sentence multiple times to fully grasp the meaning. Keeping your sentences concise will help simplify your arguments and keep the reader engaged. Also, be consistent; clean up variations like CO₂, CO2, and CO 2. 

Response: Thank you. In the revision, we have avoided unnecessary long sentences and be more concise throughout. We have also standardized the use of terminologies and abbreviations as suggested.

2. Line 83–84: These sentences are unclear. I understand what you mean, but it took a couple of readings to make sense of it. Please rephrase and simplify. 

Response: We thank the reviewer for this comment and apologize for the lack of clarity. We have rephrased and simplified these sentences on Page 3, Lines 77-84 as follows:
“Among the diverse zones of the Southern Ocean, the upwelling zone driven by the Antarctic Circumpolar Current (ACC)—the world's strongest eastward current—stands out asis particularly critical, accounting for approximately 42% of the ocean area south of 35°S. This zone is characterized by the upwelling of old, carbon- and nutrient-rich deep waters, which drive natural CO2 outgassing and suppress anthropogenic carbon uptake (Meredith, 2016; Prend et al., 2022; Figure 1). Nevertheless, the upwelled water masses in this region have been isolated from anthropogenic carbon (Cant) for centuries (Mikaloff Fletcher et al., 2006; Khatiwala et al., 2009; Bopp et al., 2015), have high carbon buffering capacity, and could play an important role for the long-term carbon sink in the future (Tjiputra et al., 2010; Bourgeois et al., 2022).”

[bookmark: OLE_LINK5]3. Line 167: Can you demonstrate that your dynamic boundaries are seasonally varying, and how does that affect your results? Also, can you clarify what you mean by a "spatially coherent" definition of the upwelling boundary? With respect to what? 

Response: We addressed each point below.

1. Variation of the dynamic boundary and its effect on the results
To address seasonal variation in boundary shape, we generated Figure R2 (shown in Response to Major Comment Point 2), showing only modest seasonal displacement across most models (e.g., UKESM1-0-LL, Figure S1), potentially linked to sea-ice-related salinity and stratification changes (Haumann et al., 2016; Garcia-Eidell et al., 2019).	Comment by Jerry Tjiputra: Do you think this is necessary? If not consider deleting it. It’s not clear to me how salinity and stratification changes affect the boundary when we are using SSH criteria, which is wind-dominated variable.

To assess the impact of these shifts, we compared our dynamic boundary (B1) against two static alternatives (B2, B3; Figure S14). Only B1 preserves a meaningful inter-model link between FCO2 biases and underlying physical/biogeochemical biases (Figure S14a), while this link is substantially weakened under B2 and B3 (Figure S14b, c). This indicates that the time-varying nature of the boundary is not negligible. 

Full details are provided in ourSee also Response to Major Comment Point 2 above and in newly added Text S1.

2. Clarification of the term “spatially coherent”
The “spatially coherent” term was meant to indicate smooth and zonally continuous boundaries that is also consistent with ACC when using the SSH-gradient, as opposed to SST-gradient, criteria. We have removed this term and revised the text on Page 7, Lines 163-166 to focus more on shortcoming of using SST-gradient criteria’s shortcoming in detail, which reads:
“The upwelling zone can also be approximated using the SST gradient, but as shown in Figure S2a, it is sensitive to the presence of coastal and marginal seas. In addition, background SST gradients weaken in cold water at higher latitudes, making SST-based frontal detection less reliable in these regions (Graham et al., 2012).”

4. Line 192: What do you mean by the "asymmetry described by Prend et al. (2022)"? This assumes that readers are familiar with Prend et al., or that they should read it to understand your point here. Rather, state the point and cite the reference; it is not reasonable to assume readers know what you mean here. 

Response: We apologize for the confusion. We have revised the sentence on Page 8, Lines 196-199 to:
“Meridionally, CO2 outgassing is distributed throughout the upwelling zone, but it is mostly concentrated in the Indian and Pacific (147°E–70°W) sectors. This spatial asymmetry is consistent with previous float-based and independent pCO2-based estimates of FCO2, which reflects the distribution of surface ocean pCO2 rather than the gas transfer velocity (Prend et al., 2022).”

5. Line 199–202: Here you talk about the difference between the upwelling zone and the region of outgassing; however, it is not clear how you objectively make this distinction, as it is not, by definition, part of the boundary definition. Can you clarify how this affects the robustness of your dynamic boundary? Are you after the CO₂ upwelling zone, the outgassing zone, or both? How does this affect averaging across these? This is probably why your boundary definition does not consistently delineate the CO₂ outgassing boundary at the southern border in models and observations alike. This is probably a larger issue regarding the defining of dynamic boundaries, which is not the point of the study; however, your choice of seasonally varying dynamic boundaries warrants clarifying this point. 

Response: Thanks for pointing out this ambiguity. Our initial objective was to identify the upwelling zone influenced by ACC (Brady et al., 2021), which is identified solely through the dynamic SSH-gradient threshold as a useful proxy for ACC fronts (Graham et al., 2012), and is independent of FCO2. That is, no information on FCO2 is considered into the boundary definition. 

The upwelling zone and the outgassing region are therefore two distinct concepts in our analysis. The former is a physically defined boundary, while the latter is a flux-based diagnostic pattern we subsequently examine within that boundary, purely to evaluate whether models reproduce the observation-based spatial relationship between the two. 

We agree that this distinction was not clearly conveyed in the original manuscript, and Wwe have revised the relevant paragraph to clarify this: 

The revised text on Page 8, Lines 187–189 now reads:
“The upwelling zone identified here is defined solely by the dynamic SSH-gradient threshold and is independent of the FCO2. The spatial correspondence between this upwelling zone and the climatological FCO2 pattern in the models and how they compare to the observations are examined (Figure 2).” 

The revised text on Page 8, Lines 206–209 now reads:
[bookmark: OLE_LINK10]“Specifically, individual models differ markedly in annual mean FCO2 magnitude within their independently defined upwelling zones, ranging from -1.31 to -0.08 mol C m-2 yr-1 (Figure 2c–r). Much of these spread stems from how models reproduce the spatial relationship between the upwelling zone and CO2 outgassing regions.”

6. Line 222: "This suggests…" Can you reference a figure or paper that makes this point? 

Response: We have now revised the sentence on Page 10, Lines 232-233 to: 
“Thus, Figure 3a implies accurately simulating the observed FCO2 seasonal cycles is generally linked to better annual-mean FCO2 performance.”

7. Line 280–283: This is a key contribution you are making here; to my knowledge, this point has not been made clear in previous literature. I suggest you flesh this out a bit more and synthesize it in the discussion. Also, you make this point earlier in the text without evidence; I suggest you wait until you reach this point here and make it clearer. 

Response: We thank the reviewer for recognizing the significance of this finding. We have revised the relevant paragraph in Section 3.2 (Page 11, Lines 280-291) to ensure that the interannual variability finding is introduced after the supporting evidence has been fully presented, which reads:
[bookmark: OLE_LINK9]“For interannual variability of the seasonal amplitude, the JMA_MLR product shows roughly balanced thermal and non-thermal pCO2 interannual variabilities, as assessed by the standard deviation. In Figure 4a, both circle size (interannual variability) and the distance from the observational benchmark vary considerably across models. Models that strongly deviate from the observed seasonal amplitude tend to show much larger interannual variability in either the thermal (e.g., IPSL-CM6A-LR, ACCESS-ESM1-5) or non-thermal (e.g., MPI-ESM1-2-HR, MPI-ESM1-2-LR) component, whereas models that better reproduce the total pCO2 seasonal amplitude (circle size closer to the observations) tend to show smaller, more balanced interannual variability in both components. Figure 4b further shows that, across models, the interannual variability of the non-thermal pCO2 seasonal amplitude is strongly linked to that of surface DIC (inter-model R = 0.98), while the interannual variability of the thermal pCO2 seasonal amplitude is driven by corresponding SST variations (the latter is not shown). Together, these results suggest that large interannual variability in either the thermal or non-thermal pCO2 component, driven by SST and DIC variability respectively, is associated with larger biases in the simulated mean seasonal cycle.”

In addition, following the reviewer's suggestion, we have expanded and synthesized this finding in the Discussion section. Specifically, we have added the following paragraph (Page 19, Lines 506-514):
“Beyond the mean seasonal cycle spread, the interannual variability of  and  also distinguishes model performance. Models that better reproduce the observed seasonal amplitude of pCO2 tend to exhibit smaller and more balanced interannual variability in both components, whereas models with pronounced seasonal biases tend to show disproportionately large interannual variability in one component or the other. This asymmetry can be traced to specific processes. For example, excessive interannual variability in the thermal (non-thermal) component is closely tied to variability in SST (surface DIC). These results suggest that the year-to-year stability of the thermal and non-thermal pCO2 components could provide a complementary diagnostic to the climatological-mean seasonal cycle, one that more directly points to the specific physical and biogeochemical processes requiring improvement in future work.”	Comment by Jerry Tjiputra: Hannah, I think this is a interesting finding, i.e. even though in some places, observations are limited to specific seasons (e.g. typically summer), if we have enough long-term that gives us robust assessment of Fco2 interannual variability and its drivers, this can be used to imply the seasonal process as well. (a nice topic for a master student perhaps).

8. Line 333: Very nice, interesting analysis. 
Response: We thank the reviewer for the highly encouraging comment.
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Response: We thank the reviewer for providing these references. We have incorporated all of them into the manuscript. , but regarding Lenton et al. (2013), wWe were unable to locate the above Lenton et al. (2013) paper. entitled “Evaluation of marine pCO2 campaigns and biogeochemical models in the Southern Ocean”. If the reviewer wais instead referring to Lenton et al. (2013), “Sea–air CO2 fluxes in the Southern Ocean for the period 1990–2009” (Biogeosciences, 10(6), 4037–4054, https://doi.org/10.5194/bg-10-4037-2013), we have already cited this paper in the manuscript as well.	Comment by yy cheng: Jerry, does this response look okay to you?


[bookmark: OLE_LINK3][bookmark: OLE_LINK1]Reviewer #3 Evaluations:
· Recommendation: Return to author for minor revisions
· Significant: Yes, the paper is a significant contribution and worthy of prompt publication.
· Supported: Yes
· Referencing: Yes
· Quality: Yes, it is well-written, logically organized, and the figures and tables are appropriate.
· Data: Yes
· Accurate Key Points: Yes

Reviewer #3 (Formal Review for Author (shown to authors)):

[bookmark: OLE_LINK13]This manuscript examines CO2 flux in the Southern Ocean and determines the causes of bias across CMIP6 models. While thermal pCO2 is an important driver for CO2 flux seasonality, the nonthermal pCO2 component also plays an important role and is a key source of model bias against observations. The non-thermal pCO2 biased were further investigated to be connected to biases in DIC and its vertical distribution. The manuscript clearly proves the importance of improving subsurface processes, such as the DIC gradient, in order to improve the simulation of surface CO2 uptake. While this paper is focused on the Southern Ocean, its insight is applicable to other regions such as the subpolar North Atlantic.

My comments are focused on the few times the text clarity could be improved, or to check whether there was a typo or a misunderstanding of the science. Two aspects warrant attention. First, the results presented in Figure 7 do not match the interpretation of variables with high correlation with fgCO2 in the Results and Discussion sections.

Secondly, the CMIP6 time series were split into many different combinations of averages in order to calculate the Pearson correlation between the seasonal modulation of the DIC gradient against variables of DIC, MLD and dDIC/dz. While I appreciate the R correlation is an intuitive metric for readers, I would encourage the authors to use the full monthly time series in a cross-correlation to determine the lag of correlation between the time series of the different variables. Also, a multi-way ANOVA would distinguish the seasonal variations within a model from the between model variations in a more elegant result.

Overall, the authors wrote a fantastic paper. I especially appreciated the Figures; clearly a lot of work and detail was done to make figures that were easy to grasp and depicted the science points clearly that didn't require the text, but the text were also well written to walk the reader through. Overall, the content was communicated very well, with great flow.

Dear Reviewer #3,

We thank the reviewer for the very encouraging and constructive comments that helped us substantially improve the clarity and rigor of our analysis. Below we address the two summary comments above.

1. Consistency between Figure 7 and the interpretation in the text
As also noted in the Reviewer’s Major Comment 8, the order of variables discussed in the text as having the strongest correlation with inter-model FCO2 nRMSE (dDIC/dz, surface DIC, and NPP) does not match the order in Figure 7 (dDIC/dz, , nDIC, DIC, NPP). We apologize for this.

This analysis of Figure 7 quantitatively identifies which non-thermal variables contribute most strongly to inter-model FCO2 biases. As model spread is substantially larger in the non-thermal than thermal component, the ranking in the text was intended for non-thermal variables only, and we have rephrased the relevant sentences accordingly (see Response to Major Comment 8).

2. Statistical methodology: cross-correlation and ANOVA
Our goal is to evaluate model biases in two key metrics: the climatological mean state and the climatological seasonal cycle, and hence analyses based on continuous time series, such as lag cross-correlation, were not included. That said, we agree that such analyses can offer valuable, more detailed insight into the specific sources of model error. Below we describe the additional analyses we performed in response to the reviewer’s suggestions.

· Cross-correlation analysis: 
Following the reviewer’s suggestion, we performed a lag cross-correlation analysis between the detrended monthly time series of surface NPP and surface DIC (Figure S6; Response to Major Comment 5 below). The observation-based cross-correlation peaks at a lag of ~+4 months, indicating that NPP leads DIC drawdown by about 4 months. This lagged relationship is broadly reproduced by most CMIP6 models, with the inter-model spread in lag timing consistent with the seasonal-cycle bias discussion in the manuscript (Page 13, Lines 355–358): models with an earlier, steeper post-peak NPP decline show a correspondingly shorter lag. Thus, this analysis further corroborates our finding that inter-model differences in the seasonal growth/decay rate of NPP are a key driver of phase differences in the simulated surface DIC seasonal cycle. A corresponding discussion around Figure S6 has been added on Page 14, Lines 363–366. 

· Variance-decomposition (ANOVA-type) analysis: 
[bookmark: OLE_LINK29]We also performed a variance-decomposition analysis of FCO2, surface DIC, surface NPP, and dDIC/dz (Figure S8; Response to Major Comment 5 below), separating inter-model spread into mean-state and seasonal-amplitude contributions. Surface DIC and dDIC/dz show greater inter-model disagreement in mean-state climatology than in seasonal amplitude, while FCO2 and NPP show the opposite pattern—providing a quantitative basis for distinguishing these two contributions to inter-model spread.

Since this variance decomposition confirms that the inter-model spread in FCO2 is predominantly driven by seasonal-cycle differences, we have added the discussion on the need to better constrain FCO2 seasonal drivers accordingly (Page 15–16, Lines 418–420).

All comments are addressed in the point-by-point responses below, and all changes in the manuscript are highlighted in blue.

On behalf of all authors,
Dr. Hao Luo
Corresponding Author
Email: luohao25@mail.sysu.edu.cn


Major Comments 

1. Line 203-207 
The models with regions that are under- or over-estimated are mentioned, that is good, but which models are doing well across the entire Southern Ocean? I would suggest adding in a statement about the model(s) that perform well, and maybe comparing the best two models. This was done for seasonal cycles but not yet for the spatial variability. 

As a reader, I can not decide which model I should consider best for future analysis. From looking at Figure 2, it appears that CESM2-WACCM has a spatial heatmap that matches the JMA observation quite well in both spatial structure and intensity, yet its area weighted mean is half the magnitude of JMA. Meanwhile ACCESS-ESM1-5 matches the avg mean between the two reanalysis, but its outgassing zones have a smaller area of coverage and intensity. 

[bookmark: OLE_LINK30]Response: We agree it is important to provide a quantitative assessment of which model(s) best reproduce the spatial variability of FCO2 across the Southern Ocean. We therefore computed the area-weighted RMSE and spatial Pearson correlation (R) between each of the 16 CMIP6 ESMs and two observational products (JMA_MLR and OceanSODA-ETHZ) over the full domain (35°S–70°S), shown in newly added Figures S3 and S4. IPSL-CM6A-LR achieves both the lowest RMSE and highest R against both products (RMSE = 0.78, R = 0.68 vs. JMA_MLR; RMSE = 0.71, R = 0.69 vs. OceanSODA-ETHZ) and GFDL-ESM4 ranks second. 

We have added a corresponding statement to the manuscript (Page 8, Line 215–217) summarizing the result from Figures S3 and S4, which reads:
“Across the whole 35°S–70°S domain (rather than the upwelling zone alone), IPSL-CM6A-LR best reproduces the spatial pattern of annual-mean FCO2 relative to both observational products, followed by GFDL-ESM4 (Figures S3 and S4).”
[image: ]
Figure S3. Spatial distribution of the annual mean air–sea CO2 flux (FCO2) bias for 16 CMIP6 Earth System Models relative to the JMA_MLR observation-based product, averaged over 1993–2014, for the Southern Ocean. The black contour in each panel denotes the annual-mean upwelling-zone boundary (identified via SSH gradient) simulated by the corresponding model, while the purple contour shows the same boundary derived from the CMEMS reference SSH field used with JMA_MLR. The area-weighted root-mean-square error (RMSE) and spatial Pearson correlation coefficient (R) between each model and JMA_MLR, computed over the 35°S–70°S domain, are given in the title of each panel.
[image: ]
Figure S4. Same as Figure S3, but relative to the OceanSODA-ETHZ observation-based product. The green contour in each panel shows the same boundary derived from the SODA reference SSH field used with OceanSODA-ETHZ.

2. Line 200-202 
The manuscript writes: “Meridionally, the outgassing region is located closer to the southern boundary of the upwelling zone in the two reanalysis, whereas in most models it tends to be centred within the upwelling zone.” 
 
Related to this statement about meridional location of outgassing vs upwelling zone, it makes me curious about the impact distance from the Antarctic Continent in the Indian Ocean. A feature I ﬁnd interesting that was not directly mentioned was how the observations (JMA and SODA) have outgassing beside the Antarctic continent, however with the models outgassing centered in the upwelling zone, they seem to have an uptake region ﬁlling the space beside the land. However the few that have the outgassing connected to the land also have an overestimated outgassing. I am curious if there is a mechanistic cause in how the diﬀerent models treat boundary currents? 

Response: We thank the reviewer for this insightful observation. Consistent with the reviewer’s observation, both reanalysis products show clear CO2 outgassing adjacent to the Antarctic continent, located at the Atlantic-Indian sector junction and along the Indian Ocean’s southern upwelling boundary.

Three models, i.e., GFDL-CM4, IPSL-CM6A-LR, and CNRM-ESM2-1, exhibit higher-latitude outgassing connected to the Antarctic coastline, though CNRM-ESM2-1 overestimates its magnitude. Nevertheless, tTheir regional extents differ withs: GFDL-CM4 and IPSL-CM6A-LR confine the outgassing mainly to the Atlantic sector, while CNRM-ESM2-1 extends it across the Atlantic, Indian, and western Pacific sectors.

To explore potential mechanistic links, we cross-compared our models against Beadling’s (2020) evaluation of ACC volume transport through the Drake Passage against the cDrake observational benchmark (Donohue et al., 2016). Among the 13 overlapping models, CNRM-ESM2-1, GFDL-CM4, and IPSL-CM6A-LR—the three exhibiting coastal outgassing—rank as the weakest, second-weakest, and sixth-weakest in simulated ACC transport, respectively, all falling below observational estimates.

While establishing a definitive mechanistic link is beyond this analysis’s scope, we propose a plausible hypothesis: weak ACC transport may hinder dynamical separation between the eastward ACC and westward Antarctic Coastal Current (AACC)/coastal boundary system. This is supported by Cheng et al. (2025), who found that most CMIP6 models (including CNRM-ESM2-1 and IPSL-CM6A-LR) fail to reproduce elevated particulate organic carbon concentrations in the polar front/Antarctic zones—sustained by upwelling and cross-shelf nutrient transport—suggesting biased-low ACC strength. Together, this suggests that weaker ACC-AACC separation may permit enhanced onshore intrusion of carbon-rich Circumpolar Deep Water toward the continental margin, which, without adequate biological or air-sea flux compensation, could manifest as overestimated coastal outgassing—as seen in GFDL-CM4, IPSL-CM6A-LR, and especially CNRM-ESM2-1.

We have added the above discussion to Text S2, and is referenced in main text in Section 3.1 (Page 8, Lines 209-211) as:
“Meridionally, the two products place outgassing closer to the southern boundary of the upwelling zone, whereas most models (except GFDL‑CM4, IPSL‑CM6A‑LR, and CNRM‑ESM2‑1) simulate outgassing in the middle of the zone (see Text S2 for further discussion).”

3. Line 310-311 
The wonder if there is a typo in this sentence: “Models that simulate higher (lower) annual mean DIC within the mixed layer consistently exhibit higher (lower) surface DIC concentrations Total Alkalinity.” 

If that is a typo, then that is a simple ﬁx. 

If it is not a typo, I suggest rephrasing to ensure the point is clear. The current sentence reads like it is missing its key point. Is the purpose of this sentence to draw connection between DIC and Alk? Or to state the models are working as expected, and consistent with literature. 

Response: This was not a typo, and was initially meant to demonstrate that the DIC bias is coherent throughout the water column (originating near the surface and propagating through the mixed layer) and to introduce Alk as the common factor underlying this coherence. 

We have rewritten the sentences on Page 12, Lines 326-329 to:
“Models that simulate higher (lower) annual mean DIC within the mixed layer consistently exhibit higher (lower) surface DIC concentrations, indicating that biases in upper-ocean DIC originate primarily near the surface and propagate throughout the mixed layer. The tendency for DIC biases at the surface to persist at depth within the mixed layer points to a common controlling factor, Alk.”

4. Lines 306-321
I recommend some restructuring or rewriting this paragraph in order to better communicate the science. I agree with the science described in lines 312 – 321. The confusion for the reader occurs in lines 306-312. The paragraph starts out staying DIC is a key factor that controls Alk (line 306-307), but later in the paragraph implies Alk controls DIC (line 316). Rewrite to have a consistent storyline. 
Also, the change of topic from the previous paragraph to this one read as an abrupt change of topic unless the reader already knows about the carbonate system. I suggest writing in a smoother transition, starting the paragraph by introducing how pCO2 is part of the carbonate system along with DIC, TA and pH. And to further diagnose the pCO2 biases in models, biases in the rest of the carbonate system are investigated. I would also suggest adding a mention to TA into the intro paragraph for Section 3.3 (i.e. lines 299-305). 

Response: Following the reviewer suggestion, we have revised the two paragraphs of Section 3.3. In the first paragraph, we now explicitly introduce the carbonate system, noting that surface ocean pCO2 is jointly controlled by DIC, total alkalinity (Alk), temperature, and salinity, and that DIC and Alk together set the equilibrium partitioning of carbonate species. This provides the background to the following detailed discussion of DIC and Alk biases in Section 3.3, and establishes a smoother transition into the paragraph on DIC. The corresponding revised text on Pages 12–13, Lines 316–321 now reads:
“Building on the identified discrepancies in the mean state and seasonal cycle of FCO2 and its primary driver, pCO2, we further examine the origins of these biases across CMIP6 models. The surface ocean pCO2 is governed by the carbonate system, which is jointly determined by DIC, Alk, temperature, and salinity; among these, surface DIC and Alk together set the equilibrium partitioning of carbonate species and thus exert a first-order control on pCO2 independent of thermal effects. Understanding how models differ in their -/-associated drivers–both in the mean state and seasonality–is central to diagnosing FCO2 biases.”

In the following paragraph, we removed the statement implying DIC controls Alk, and instead state that DIC directly influences dissolved CO2(aq) concentration and carbonate species distribution. This paragraph now concludes by identifying Alk as the common factor governing the coherent DIC biases across the water column. This revision ensures the paragraph consistently builds toward the subsequent discussion, where we show that Alk controls DIC via carbonate system equilibrium—resolving the inconsistency identified by the reviewer. The revised text (Page 13, Lines 322–329) now reads as follows:
“Among the non-thermal pCO2 drivers, surface DIC exerts a direct influence on the concentration of dissolved CO2(aq) and the distribution of carbonate species, and is therefore closely tied to variations in non-thermal pCO2 across models. To understand the origins of DIC biases, we examine the annual mean state and the seasonal cycle of DIC across models (Figure 5a, c). A large inter-model spread exists in the mean DIC distribution within the surface and upper ocean vertical profile. Models that simulate higher (lower) annual mean DIC within the mixed layer consistently exhibit higher (lower) surface DIC concentrations, indicating that biases in upper-ocean DIC originate primarily near the surface and propagate throughout the mixed layer. The tendency for DIC biases at the surface to persist at depth within the mixed layer points to a common controlling factor, Alk.”

[bookmark: OLE_LINK6]5. Lines 355-368
This paragraph discusses the relationship between the seasonal amplitude of vertical DIC gradients, against 3 other factors: NPP annual mean, MLD annual mean, and the annual mean of vertical DIC gradients. The numeric support for these relationships is correlations. 

The way the text is written, can allow the reader to assume that each statement/conclusion is valid for each model individually, and that all models share the same behaviour. However, the correlation values calculated (after some rough calculations done) appear to be based on the variations between the models. The single use of “Across models” does not prevent the confusion. 

For the statement “The weak link between Δ(dDIC/dz) and the annual-mean dDIC/dz itself (R = 0.33)”. Upon initial read, correlated two aspects of the same time series was surprising, and thus made me question what the mean of the times series was seeking a correlation with, would it be cancelled out during the correlation calculation? I jumped to this conclusion due to my background in time series and the way the text was written. However, after running a few test numbers, I was reminded that these correlations are more reﬂective of the variations across the models. I would thus recommend that “correlation across the models” be said more often. 

[bookmark: OLE_LINK7]Instead of a correlation (R), I purpose the authors to consider a diﬀerent metric might be more informative, and make better use of the time series data they have. Perhaps consider in a cross-correlation to determine the lag of correlation between the time series of the diﬀerent variables. Also consider a multi-way ANOVA. Considering how linearly spread the annual means of dDIC/dz are and that the amplitudes are much more similar, an ANOVA would distinguish the seasonal variations within a model from the between model variations. 
 
In terms of the written text, “weak link” implies a link is expected. But is it expected? I think it doesn’t have to. The mean state of dDIC/dz is controlled more by decadal trends in DIC and chemistry, but the amplitude of a seasonal cycle would be controlled by smaller time variations in biology and temperature. Based on Figure 5, models apparently agree upon the bio and physical variations more than on the chemistry variations. 
 
While I love seeing a time series and seasonal cycle, the correlation scatter plots are more key to the paper’s conclusions, thus I recommend moving Figure 5d seasonal cycle to the SI and replacing it with the scatter plot that visually supports the main statements made in this paragraph. I would also suggest the relevant plot of MLD be added to the SI. 

Response: We thank the reviewer for this constructive comment. 

1. On correlation ambiguity:
All correlations in this paragraph are calculated across the 16 CMIP6 models (one data point per model), not within an individual model’s time series. We have revised the text to consistently state inter-model correlation/R at every instance.

2. On the suggested ANOVA analysis: 
A new variance-decomposition analysis for FCO2, surface DIC and NPP, as well as dDIC/dz is now addedshown in Figure S8. For dDIC/dz, inter-model mean-state standard deviation (SD; 0.04 μmol C kg-1 m-1) is four times larger than inter-model seasonal-amplitude SD (0.01 μmol C kg-1 m-1; panel d), and surface DIC in panel b shows the same pattern. This confirms that, for surface DIC and dDIC/dz, models disagree more on their long-term climatology mean (driven by background carbon chemistry) than on their climatological seasonal amplitude (driven by physical/biogeochemical processes). FCO2 and NPP show the opposite (panels a and c). 
[image: ]
[bookmark: OLE_LINK24]Figure S8. Boxplots of climatological monthly values of (a) FCO2, (b) surface DIC, (c) surface NPP, and (d) the vertical gradient of DIC (dDIC/dz) across 16 Earth system models, with the corresponding observation-based products shown as leftmost box for reference. For each model, boxes show the distribution of the 12 monthly climatology over 1993–2014; the red line denotes the median and the green denotes the mean. In each panel, the upper-right annotation reports two inter-model spread metrics, both expressed in the variable’s original units: (i) inter-model mean-state standard deviation (SD) across the 16 models, of each model’s climatological annual-mean value, quantifying the spread in long-term mean state among models; and (ii) inter-model seasonal-amplitude SD across the 16 models, of each model’s seasonal amplitude (defined as OND minus AMJ for NPP, or JAS minus JFM for other variables), quantifying the spread in the strength of the seasonal cycle among models. These two metrics are independent and calculated using model outputs only.

[bookmark: OLE_LINK22]The manuscript discusses (Pages 15–16, Lines 418–420) the need to better constrain FCO2 seasonal drivers, citing Figure S8 as supporting evidence:
“A variance-decomposition analysis (Figure S8) reiterates that inter-model spread in FCO2 is dominated by seasonal-cycle differences rather than mean-state; thus, the need to better constrain the FCO2 seasonal drivers.”

3. On cross-correlation/lag analysis: 
As this study focuses on the climatological annual mean state and the climatological seasonal cycle, a lag cross-correlation analysis was not included in the research scope. We agree, however, that this approach could offer additional, complementary insight, and appreciate the opportunity to explore it here.

As a test case, we computed the cross-correlation between the linearly-detrended monthly time series of surface NPP and surface DIC (Figure S6). We note that we are unable to perform the same analysis using dDIC/dz, which the reviewer may have had in mind, because the NNGv2 product only provides climatological monthly fields for vertical DIC rather than a continuous monthly time series. Since surface DIC and NPP are mechanistically closely linked, which has been discussed in the main text, we use this pair as a representative example here.

As shown in Figure S6, the observation-based cross-correlation peaks at a lag of ~+4 months and reaches its minimum at ~-2 months, indicating that NPP leads DIC drawdown by about 4 months in the observational estimate. Most CMIP6 models broadly reproduce this lagged relationship, with some spread in the amplitude of the cross-correlation peaks/troughs and in the exact timing of their corresponding lags (highlighted with thicker lines in Figure S6: GFDL-ESM4, MPI-ESM1-2-HR, and MPI-ESM1-2-LR). This spread is consistent with our discussion of surface DIC seasonal cycle biases in the manuscript (Pages 13–14, Lines 355–358): these three models were identified as having an earlier and steeper NPP decline following the austral summer peak, leading to an earlier DIC seasonal minimum and rebound, and they correspondingly show a shorter peak lag in Figure S6. This consistency supports our finding that inter-model differences in the seasonal growth/decay rate of NPP are a key driver of phase differences in the simulated surface DIC seasonal cycle. The cross-correlation approach is indeed a valuable complementary approach and a promising direction for future evaluation work.

The corresponding discussion has been added on Page 14, Lines 363–366 as:
“This NPP-driven phase control is further corroborated by a cross-correlation analysis between surface NPP and DIC time series (Figure S6): the observation-based estimate shows NPP leading DIC drawdown by approximately four months, and models with an earlier, steeper post-peak NPP decline discussed above exhibit a correspondingly shorter lag.”

[image: ]
Figure S6. Lag cross-correlation between surface NPP and DIC, computed from detrended monthly time series (raw time series with their linear trends removed) over 1998–2014, i.e., the NPP observational record period. Positive lags indicate NPP leading DIC. 

4. On additional figures and removing previously Fig. 5d.restructuring Figure S7 (i.e., previous Figure S4): 
As suggested, we expanded Figure S7 (previous Figure S4) to include the scatter plots of seasonal NPP vs. dDIC/dz seasonal amplitude for all four seasons, with austral spring (OND) results retained in panel d for direct comparison with the other seasons. Besides, we retained Figure 5d (i.e., climatology seasonal cycle of dDIC/dz), as it ensures a consistent side-by-side comparison of the seasonal cycles presented across Figure 5c–f.

[image: ]
Figure 5. Simulated and observed (a) area-weighted annual mean vertical profiles of dissolved inorganic carbon (DIC) and (b) DIC anomalies relative to the surface. Panels (c–f) represent area-weighted seasonal cycles of surface DIC, vertical DIC gradient (ΔdDIC/dz), sea surface temperature (SST), and surface net primary production (NPP), respectively. Pink and purple shadings indicate the austral summer and winter, respectively.

[image: ]
Figure S7. Inter-model relationships between climatological seasonal net primary production (NPP, a–d) as well as those of mixed layer depth (MLD, e–h) and the climatological seasonal-amplitude in vertical DIC gradient (ΔdDIC/dz, JAS−JFM). Observation-based references are: dDIC/dz from the NNGv2 climatology product, NPP from the Silsbe-CAFE remote-sensing product, and MLD from the GLORYS12V1 CMEMS ocean reanalysis, each shown as grey circles. Blue lines denote linear regressions across models, with shading indicating the 95% confidence interval. Asterisks (*) denote correlations significant at p ≤ 0.05. 

6. Figure S4 & lines 359-361
This ﬁgure plots the seasonal amplitude against the Spring NPP and summer NPP. It is unclear in the text (main text or SI) the beneﬁt calculating these correlations. Maybe if the plots for winter and fall are added, the superiority of the summer correlation will be more visually obvious to the reader. 

For this statement “consistent with the mechanism that enhanced spring-to-summer biological uptake preferentially depletes near-surface DIC, thereby steepening the vertical gradient during JAS relative to JFM”, this is a great conclusion that is relative to the seasonal amplitude of the vertical gradient. I am curious how the narrative changes when the correlation is against the dDIC/dz of summer directly? 

If the purpose of doing the seasonal amplitude is to remove the variation bias across the models, then I recommend making that purpose clear. Otherwise Δ(dDIC/dz) can appear unnecessarily complicated to the reader. 

Response: Following the reviewer’s recommendation, we have expanded Figure S7 (the previous Figure S4) to include the correlations between ΔdDIC/dz and NPP (also MLD) across all four seasons, rather than only spring and summer. As shown in the revised Figure S7, the correlation with NPP is clearly strongest during austral spring (OND, R = -0.67) and summer (JFM, R = -0.63), while the correlations during autumn (AMJ, R = 0.05) and winter (JAS, R = -0.11) show little association and statistically insignificant. This seasonal comparison is now explicitly discussed in the main text (Page 14, Lines 385-387), which now reads:
“the two strongest correlations emerge for austral spring (OND) and summer (JFM) NPP (inter-model R = -0.67 and -0.63, respectively, both p ≤ 0.05), whereas the correlations with autumn (AMJ) and winter (JAS) NPP are insignificant (Figure S7a–d)” 

Regarding how the narrative would change if the correlation were computed against summer dDIC/dz directly (instead of ΔdDIC/dz), we performed additional analysis (Figure R3), correlating summer (JFM) mean dDIC/dz against NPP and MLD across all four seasons. Results show low, insignificant inter-model correlations in all cases. Similar weak-to-no correlations were found for spring mean dDIC/dz versus NPP or MLD (not shown).
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Figure R3. Same as Figure S7, but with the y-axis replaced by the austral summer (JFM) mean dDIC/dz, rather than the climatological seasonal amplitude (ΔdDIC/dz, JAS−JFM). Unlike Figure S7, no linear regression lines are shown, as none of the correlations are statistically significant (p > 0.05 in all panels).

This suggests that inter-model variations in NPP (spring/summer) explain variations in ΔdDIC/dz, but not in absolute dDIC/dz—indicating that processes beyond NPP and MLD are needed to explain the latter. As shown in Figure 5d, the observation-based seasonal amplitude of dDIC/dz is substantially larger than that simulated by any of the 16 CMIP6 models, meaning no model reproduces its full strength. Notably, this underestimation is not simply a byproduct of biased mean-state dDIC/dz: several models (e.g., CESM2, CESM2-WACCM, IPSL-CM6A-LR, GFDL-ESM4) reproduce the observed absolute dDIC/dz reasonably well in a given season, yet still show a much weaker seasonal amplitude than observed. This indicates that the underestimation is a systematic inter-model deficiency independent of each model’s mean-state bias. This observation—that models can capture background dDIC/dz well yet fail to reproduce its seasonal amplitude—motivated us to investigate the physical or biological processes driving this common deficiency and the inter-model spread.

We agree with the reviewer that this rationale was not sufficiently explained in the previous version of manuscript, which makes ΔdDIC/dz appear as an unnecessarily complicated metric. We have now revised the text in Section 3.3 (Page 14-15, Lines 377-401) to explicitly state this purpose before introducing ΔdDIC/dz, which reads:
“To quantify what controls the seasonal modulation of this gradient, we define Δ(dDIC/dz) = mean(summer, JAS) − mean(winter, JFM) as the climatological seasonal amplitude of the vertical DIC gradient. Figure 5d reveals that seasonal amplitude is substantially larger in the observation than that simulated by any of the 16 CMIP6 models. Notably, this underestimation is not simply a byproduct of a biased mean-state dDIC/dz; several models (e.g., CESM2, CESM2-WACCM, IPSL-CM6A-LR, and GFDL-ESM4) could reproduce the observed absolute climatology dDIC/dz reasonably well in a given season. Next, we investigate whether this inter-model seasonal amplitude uncertainty is systematic and can be attributed to specific biases in the simulated physical or biological processes.

Across all models, Δ(dDIC/dz) is more strongly linked to biological activity than to physical mixing. Specifically, it correlates negatively with the annual NPP (inter-model correlation R = -0.55), and the two strongest correlations emerge for austral spring (OND) and summer (JFM) NPP (inter-model R = -0.67 and -0.63, respectively, both p ≤ 0.05), whereas the correlations with autumn (AMJ) and winter (JAS) NPP are insignificant (Figure S7a–d). This seasonal comparison is consistent with the mechanism that enhanced spring-to-summer biological uptake preferentially depletes near-surface DIC, thereby enhancing the vertical gradient during JFM relative to JAS. During cold seasons, however, biological activity is already suppressed by light and/or temperature, and NPP in these seasons has little influence on the seasonal amplitude of the DIC gradient. In contrast, inter-model correlations between Δ(dDIC/dz) and MLD are positive but moderate (annual-mean MLD: R = 0.40; JAS and OND MLD: R = 0.47 and 0.43, respectively; Figure S7g and h), indicating that deeper winter mixing does contribute to the climatological seasonality of vertical gradient by homogenizing subsurface carbon, but plays a secondary role relative to biological drawdown. The weak link between Δ(dDIC/dz) and the annual-mean dDIC/dz itself (R = 0.33) further confirms that the seasonal modulation of the DIC gradient is not a simple reflection of its mean vertical structure. Taken together, these results suggest that inter-model discrepancies in NPP-driven processes that include biological export efficiency and remineralization (Carroll et al., 2022) are the primary factors shaping both the mean vertical DIC structure and its seasonal modulation in the Southern Ocean upwelling zone, with MLD acting as an important but secondary contributor. This biologically-mediated dDIC/dz is crucial for establishing the observed FCO2 seasonal cycle, with implications on the long-term capacity of ocean carbon sinks (Tjiputra et al., 2025).”

7. Figure S4

While the relationship in FigureS4 is negative due to the way Δ(dDIC/dz) was deﬁned, the correlation of their strength is actually positive (steeper DIC gradient connects with higher production). To aid in the reader’s interpretation, I would also suggest adding text to S4, see example below of “steeper DIC gradient” and “higher production”. 

I would also suggest removing dashed lines from the observation. They were very useful in previous plots, but they do not appear to play a role in the conclusions made from these results. 
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Plot Figure S4 panel (a) looks great statistically. However, plot (b) can the authors conﬁrm that the blue linear trend is statistically signiﬁcant? The way those dots cluster makes me want to draw a red line through them in a positive correlation (see above), and then treat the other dots like outliers. 

Do the dots cluster that way because the models have less variations in NPP than dDIC/dz? Or is this a visual artifact due to the diﬀerence in scales of the y and x axis? Including conﬁdence bounds around the blue ﬁt line might help to combat the reader’s desire to draw a diﬀerent correlation line.

With the red trend line drawn above and its implications of weaking DIC gradient, then I am also curious if NPP predicts how the vertical gradient will change into the next season. This could be investigated with cross-correlation across the whole monthly time series. 

Response: Thanks for these constructive suggestions.

1. On adding interpretive text and removing dashed lines for products: 
We have added black arrows and accompanying text (“Steeper DIC gradient”, “Higher production”, “Deeper mixed layer”) to panels (a) and (e) of Figure S7 (i.e., previous Figure S4). Besides, we have removed the dashed line previously associated with the observation-based product point.

2. On the statistical significance of relationship between spring NPP vs. ΔdDIC/dz: 
In the revised Figure S7 the panels are reordered, such that the panel in question is now panel (d). We confirm that this relationship (NPP during OND vs. ΔdDIC/dz) is statistically significant (R = -0.67, p ≤ 0.05), consistent with panel (a) (NPP during JFM, R = -0.63, p ≤ 0.05). We have added 95% confidence interval shading around the regression line in all panels of the revised Figure S7, which for panels (a) and (d) shows a relatively narrow band consistent with the significant, well-constrained linear relationship. The two remaining panels, AMJ and JAS (Figure S7b and c), show no significant relationship (R = 0.05 and R = -0.11, respectively), and their correspondingly wide confidence bands help convey this lack of a robust trend to the reader. 

Regarding whether the relationship in panel (d) (OND, R = -0.67) reflects limited NPP variability relative to ΔdDIC/dz, or an artifact of axis scaling: we calculated the coefficient of variation (CV) across the 16 models for both variables. The CV of spring NPP (56.54%) is considerably larger than that of ΔdDIC/dz (31.12%), indicating the negative relationship is not driven by a narrow range of NPP variability or by axis-scale distortion.

We further examined the 95% confidence interval of the regression to assess fit uncertainty. Its mean half-width is ~20% of the total ΔdDIC/dz range—reflecting some expected uncertainty given the modest sample size (n = 16)—but the interval excludes a zero slope across the full NPP range, supporting the statistical significance of the reported relationship (p = 0.0045). 

3. On cross-correlation analysis: 
Since the observation-based product of vertical DIC, i.e., NNGv2, is only available as a monthly climatology, we did not perform an analogous lag analysis for vertical DIC gradient. Rather, we performed a lag cross-correlation analysis between the detrended monthly time series of surface NPP and surface DIC (Figure S6; Response to Major Comment 5 above) as a representative test case. The observation-based cross-correlation peaks at a lag of ~+4 months, indicating NPP leads DIC drawdown by ~4 months. This lagged relationship is broadly reproduced by most models, consistent with our finding that inter-model spread in the seasonal growth/decay rate of NPP drive phase spread in the simulated surface DIC seasonal cycle (see corresponding discussion on Page 14, Lines 378–381).

8. Lines 411-412
For the line “dDIC/dz, surface DIC, and NPP exhibit the strongest correlations with the inter-model fgCO2 nRMSE, ranking immediately below non-thermal pCO2”

The order on the current Figure 7 is in a diﬀerent order than mentioned: dDIC/dz, pCO2T, nDIC, DIC, NPP.

The discussion in line 462 also has the same dDIC/dz, surface DIC, and NPP.

If the drivers with the strongest correlation is based on Figure 7 alone, then ensure both the results and discussion are updated accordingly. If more than Figure 7 contributes to the conclusion in line 462, then please make that clearer to the reader.

Response: We thank the reviewer for pointing this out. We apologize for the confusing wording in these two instances in Sections 3.3 and 4.

The sentence was meant to quantitively identify which “non-thermal” variables contribute most strongly to the inter-model FCO2 biases. We have clarified the relevant sentences as follows:

1. The text in Section 3.3 on Page 17, Lines 446-448:
“Among all non-thermal variables examined, dDIC/dz, warm-season (i.e., austral spring and summer) NPP, and surface DIC exhibit the strongest correlations with the inter-model FCO2 nRMSE, ranking immediately below non-thermal pCO2 in Figure 7.”

2. The text in Section 4 on Page 19, Lines 521-524:
“Across models, errors in simulating the seasonal dDIC/dz, net primary production during warm seasons, and surface DIC variations have the strongest correlations with FCO2 biases among non-thermal variables, underscoring the central role of upper-ocean DIC dynamics as a source of model uncertainty.”

Minor comments
· I have not previously seen the use of fgCO2 to represent ﬂux. I more commonly see it written as Flux, F, or  as in 

· Fay, Amanda R., David R. Munro, Galen A. McKinley, et al. 2024. ‘Updated Climatological Mean ΔfCO2 and Net Sea–Air CO2 Flux over the Global Open Ocean Regions’. Earth System Science Data 16 (4): 2123–39. https://doi.org/10.5194/essd-16-2123-2024. 

· Ford, Daniel J., Josh Blannin, Jennifer Watts, et al. 2024. ‘A Comprehensive Analysis of Air‐Sea CO2 Flux Uncertainties Constructed From Surface Ocean Data Products’. Global Biogeochemical Cycles 38 (11): e2024GB008188. https://doi.org/10.1029/2024GB008188. 

· Nilsson, Erik, Hans Bergström, Anna Rutgersson, et al. 2018. ‘Evaluating Humidity and Sea Salt Disturbances on CO2 Flux Measurements’. Journal of Atmospheric and Oceanic Technology 35 (4): 859–75. https://doi.org/10.1175/JTECH-D-17-0072.1. 

Response: Thank you. In the revised manuscript, we have now consistently used FCO2 term to represent CO2 flux.

· pCO2Ta, the ‘a’ stands for anomalies or amplitude? I recommend removing the ‘a’ and just have T and NT as the subscripts to imply the components, as done in Figure 6. 

Response: We thank the reviewer for pointing this out. The “a” stood for “anomaly”. As stated in the Section 2.6 (Page 7, Lines 169–170): “we decompose seasonal pCO2 anomalies into thermal () and non-thermal components ()”. Since this already clarifies that both components are anomalies, we have removed the redundant “a” and now use  and  throughout.

· Figure 1 
The white arrow to the left of ‘water with higher remineralised carbon’, I understand it is related to the colorbar. However, when initially seeing this plot, I was looking for where the white arrows are (and the north is a white arrow on the bottom right). 

I suggest putting “High Low” on either end of the colorbar then under make it a title of “Amount of remineralized carbon”
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Response: We thank the reviewer for this helpful suggestion, which makes the figure much clearer. We have revised the colorbar in Figure 1 accordingly, with “High” and “Low” labeled at either end and “Amount of remineralized carbon in seaswater” added as the colorbar’s title.
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Figure 1. Schematic overview of Southern Ocean ventilation and carbon cycle. The water masses in darker purple are rich in nutrients and remineralised carbon. ACC, Antarctic Circumpolar Current; AABW, Antarctic Bottom Water; CDW, circumpolar deep water; AAIW, Antarctic intermediate water; SAMW, Sub-Antarctic mode water.

· Figure 1 caption
it is missing one abbreviation: “ACC, Antarctic Circumpolar Current” 

Response: We have added “ACC, Antarctic Circumpolar Current” to the Figure 1 caption (Page 4, Line 93).

· Line 135-144 
the phrase “truncated to 1993-2014” was repeated for each data set individually. Suggest to rephrase this paragraph to be more concise, i.e. say at the end that all datasets were truncated to 1993-2014. 

However, line 143 the Silsbe-CAFE dataset is truncated to 1998-2014. Is that a typo? Or was any work done to deal with the diﬀerent timespan of this against the other datasets? 

Response: We thank the reviewer for this careful observation. Regarding the Silsbe-CAFE dataset, this is not a typo: the original NPP product spans from 1998 to 2022, and therefore was truncated to 1998–2014 accordingly, rather than 1993–2014 as used for many other datasets/variables. The text on Page 5, Lines 136–139 has been rephrased to be more concise, which now reads:
“FCO2 and other variables from all observation-based products used in this study were restricted to 1993–2014, except NPP from Silsbe-CAFE (1998–2014) and the climatological fields of vertical DIC, Alk (NNGv2), and MLD (CMEMS GLORYS12V1). A detailed summary of the datasets used in this study, including their temporal and spatial characteristics, is provided in Table S1.”

· Line 162
it mentions what was done to alleviate the inﬂuence of missing values in SSH. I thought all the data products used where gridded products. It is unclear where the missing values have come from. 

Response: We thank the reviewer for raising this point. We confirmed that the CMEMS Global Ocean Gridded L4 Reprocessed product does not contain missing values within our study’s upwelling regions; the original reference was a precautionary note for edge cases (e.g., near sea ice or complex coastlines) not present in our domain. We have removed this statement from the revised manuscript (Page 7, Lines 158–159), retaining only the description of the Gaussian smoothing applied to reduce small-scale noise. The revised text now reads:
“Before calculating SSH gradients, we apply spatial smoothing to SSH fields using a Gaussian moving-window smoother with a 5-grid-cell window to reduce small-scale noise”

· Line 188
“particularly in the Indian sector” At the end of this sentence I would recommend adding in the Longitude degree range that the reader should look for in Figure 2. Same thing for line 192 with the Paciﬁc sector reference. 

Response: We thank the reviewer for this suggestion. On Page 8, Lines 191-197, we added the Longitude degree range to read: 
“Zonally, the upwelling zone’s northern boundary broadly coincides with the transition to FCO2 < 1 mol C m-2 yr-1, a threshold commonly used to define major carbon sink regions (Takahashi et al., 2002)—particularly in the Indian sector (20°E–147°E). Its southern boundary generally follows the 0 mol C m-2 yr-1 contour, except in the Atlantic (70°W–20°E) and western Indian sectors, which is consistent with the distinct physical and biogeochemical regimes known to occur at ACC frontal zones (Gray et al., 2018; Williams et al., 2018; Chapman et al., 2020; Prend et al., 2022). Meridionally, CO2 outgassing is distributed throughout the upwelling zone, but it is mostly concentrated in the Indian and Pacific (147°E–70°W) sectors.”

· Line 216 “Air-sea ﬂux exhibit a distinct seasonal cycle”… 
I suggest adding: in the reanalysis products (JMA & SODA). 

Response: Added accordingly (Page 9, Line 225–226):
“Within the upwelling zone, the observation-based products (JMA_MLR and OceanSODA-ETHZ) show a distinct FCO2 seasonal cycle…”

· Line 218
Figure 2 and 3 are referenced. I understand that Figure 2 depicts the region that Figure 3 is based on, however I recommend only referencing Figure 3 here, as that is the result being presented in that paragraph. 

Response: The paragraph (Page 9, Lines 225-229) has been revised accordingly, and now only Figure 3 is cited:
“Within the upwelling zone, the observation-based products (JMA_MLR and OceanSODA-ETHZ) show a distinct FCO2 seasonal cycle that CMIP6 models generally fail to capture in both amplitude and phase (Figure 3a), a discrepancy also reported by Anav et al. (2013) and Jin et al. (2026). Notably, even models with relatively realistic annual mean FCO2, e.g., NorESM2-MM and NorESM2-LM, generally capture the observed seasonal amplitude and its interannual-variability consistency but not the seasonal phase.”

· Figure 3a & Line 220. 
There are two models in Figure 3a that have seasonal cycles that are noticeably diﬀerent with large amplitudes. I see in line 220 that four models are mentioned as having a large bias in seasonal amplitude or phase, however, due to colors being similar, it is hard to distinguish between the MP1-HR and the ACCESS models. 

I would recommend rewriting line 220, making it clear which two models are out of phase and which two have large amplitude. Or in the case of the teal line, which model is it that has a large bias in both amplitude and phase. 

Response: We have revised Figure 3 so that each model is now assigned a distinct line style in addition to its color, allowing all models to be clearly distinguishable. 
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Figure 3. Area-weighted averaged seasonal cycles of (a) FCO2, (b) pCO2, and (c) thermal () and (d) non-thermal () components of pCO2 anomalies over the Southern Ocean upwelling zone during 1993–2014. The right-hand panels in (a) and (b) show the corresponding annual mean FCO2 and pCO2, respectively. Colored lines represent individual observation-based products and CMIP6 models, and the black lines indicate the multi-model mean (MMM). The red and blue shadings indicate the austral summer and winter, respectively.

We have also rewritten the corresponding text (Pages 9-10, Lines 229-232) to explicitly specify which models exhibit large seasonal-amplitude biases or large seasonal-phase biases. The revised text now reads:
“In contrast, MPI-ESM1-2-HR and MPI-ESM1-2-LR show markedly larger seasonal amplitudes than the observation-based products and the other models, whereas ACCESS-ESM1-5, CanESM5, and CNRM-ESM2-1 show a seasonal phase largely opposite to the observations. Most of these models also over- or underestimate the observed annual-mean carbon uptake.”

· Line 262. 
The asterisks in Figure 4’s dots are very subtle. I recommend putting the asterisks in the legend’s text, either at beginning or end of each entry (i.e. *CESM2). In the text on line 262, I would also recommend directing the reader to where the asterisks are located (i.e. we mark the dots & legend with asterisks for the seven models…) 

Response: We have made the following revisions to improve the visibility and clarity of the asterisks: 
(i) we bolded the asterisks marking the corresponding dots in each panel of Figure 4; 
(ii) we increased the marker size in the legend so that the markers and their corresponding asterisks are now more clearly visible; and 
(iii) we added an explanation in the Figure 4 caption to clarify the meaning of the asterisks, and revised the text (Page 11, Lines 274–277) to direct readers to their location.

The revised the text on Page 11, Lines 274-277 now reads:
“To identify models that best reproduce the observed total pCO2 seasonal amplitude between JAS and JFM, we mark the dots and legend entries with asterisks (*) for the seven models whose total JAS–JFM pCO2 difference (within 16.04 to −4.66 μatm) lies closer to the observation-based value (12.24 μatm) than other models (Figure 4a).”
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Figure 4. Scatter plots of (a) seasonal cycle biases in pCO2 components and (b) interannual variability of seasonal amplitudes in  and surface DIC from CMIP6 models and JMA_MLR product. Seasonal amplitudes are calculated as the mean July–September (JAS) minus January–March (JFM) values. R denotes the Pearson correlation coefficient across all model points, and the asterisk (*) following R indicates that the correlation is statistically significant at p ≤ 0.05. In panel (a), circle size indicates the seasonal amplitude of total pCO2, i.e., the sum of  and . Vertical and horizontal black bars indicate interannual variability, estimated as ±1 standard deviation of the annual seasonal amplitudes over 1993–2014. Dashed horizontal and vertical lines anchored at the JMA_MLR product point (purple) partition the models into four quadrants, revealing distinct bias patterns in the thermal/non-thermal pCO2 seasonal cycles. In panel (b), the blue solid lines represent the linear regression fit to 16 model points, with shading indicating the 95% confidence interval. 

· Line 266-275
I suggest these lines to be its own paragraph at the end of Section 3.2 

Response: We have moved this content to the end of Section 3.2 as its own concluding paragraph (Pages 11–12, Lines 292–302), which reads:
“Taken together, these results underscore the importance of decomposing pCO2 into thermal and non-thermal components when evaluating model performance. Among the 16 ESMs, NorESM2-LM, NorESM2-MM, and CESM2 perform best when annual mean FCO2 and total pCO2 seasonal amplitude are jointly considered (Figures 2 and 3), yet these models fail to fully reproduce the observed seasonal phase. A particularly illustrative case is ACCESS-ESM1-5, which reproduces annual mean FCO2 and pCO2 reasonably well but exhibits compensating errors upon decomposition—an unrealistically large  seasonal amplitude that is offset by a phase-lagged —yielding a simulated seasonal cycle essentially opposite in phase to the JMA_MLR product. This demonstrates that assessments based solely on annual mean metrics or total pCO2 seasonal amplitude can mask substantial, compensating biases in the thermal and non-thermal components and their interannual variability, highlighting the need for a joint, comprehensive evaluation of both to reliably diagnose model performance of pCO2 and, ultimately, FCO2.”

· Line 307
“dissolved CO2 (aq)” → make the (aq) subscript

Response: Corrected.

· Line 307 or line 312
Recommend the abbreviation of (Alk) be declared for Total Alkalinity in text

Response: Done.

· Figure 5
The mean of JMA is a green dot. Change to purple so that it is consistent with the previous ﬁgures by having JMA purple and SODA green. 

Response: Thank you for pointing out this inconsistency. In Figure 5, we have changed the color of the JMA_MLR marker from green to purple, and correspondingly changed OceanSODA-ETHZ to green, to ensure consistency with the color scheme used in the other figures in the manuscript. 

· Figure 5
I suggest switching the positions of SST and NPP. Even though NPP is discussed ﬁrst, having NPP under dDIC/dz would make comparing the plots easier. 

Response: Thank you. We have switched the positions of the SST and NPP panels in Figure 5 accordingly. 

· Line 331
For clarity of communication, recommend adding CO2 to the sentence. → “Thus, overestimated biological drawdown of CO2 during the productive season…”

Response: Thank you. We have revised the sentence accordingly to improve clarity (Page 13, Lines 349-350): 
“Thus, overestimated biological drawdown of CO2 during the productive season…”

· Figure 7b
· In the caption, please add a description of why some R values have asterisk after them. 

· Since dDIC/dz and pCO2NT have the same R, if it isn’t too hard coding wise, I suggest switching them so pCO2NT is beside pCO2T. 


· Typo in the caption: At the end of the sentence “The rightmost column shows the Pearson correlation coeﬃcients between the nRMSE of fgCO2 (ﬁrst row) and the nRMSE of each driver.” Change the period to a colon: 

Response: 
1. Added clarification of asterisk in the caption
We have added the following explanation to Figure 7’s caption on Page 18, Lines 481-482: 
“… the following asterisks (*) indicate correlations that are statistically significant (p ≤ 0.05).”

2. Order of  and dDIC/dz retained
The Pearson R values shown are rounded to two decimal places, so both  and dDIC/dz round to R = 0.80 relative to FCO2; However, these two R values differ slightly at, e.g., four decimal places (0.8027 and 0.7967), so the original ranking order in Figure 7b was retained for rigor.

3. Added clarification of caption sentence intent
The sentence in question was not intended to introduce individual drivers one by one, but rather to serve as a legend defining all abbreviations newly appearing in this figure that were not previously introduced. To make this intent more clear, we have revised the caption sentence of Figure 7 on Page 18, Line 482 by adding “Abbreviations: ” before “Alk, surface total alkalinity; …”.

· Lines 411-412 “dDIC/dz, surface DIC, and NPP exhibit the strongest correlations with the inter-model fgCO2 nRMSE, ranking immediately below non-thermal pCO2” 
· The variable “surface DIC” is referring to DIC? For clarity I would suggest labelling it DICz=0 or more clearly making that name surface DIC clear in the caption. 

Response: We have adopted the second suggestion and clarified in the Figure 7 caption on Page 18 that DIC (Alk) refers to surface DIC (surface Alk). 

· Discussion lines 457, 463 and 470 
The term “DIC redistribution” is used, while previous in the paper DIC vertical distribution was used. I suggest maintain consistent using vertical distribution. 

Response: We have replaced all instances of “redistribution” with “distribution” throughout the manuscript to ensure consistent terminology:
· Page 14, Line 368 (previously Line 347): “subsurface carbon redistribution” revised to “subsurface carbon distribution”
· Page 17, Line 473 (previously Line 457): “vertical DIC redistribution” revised to “vertical DIC distribution”
· Page 19, Line 523 (previously Line 463): “upper-ocean carbon redistribution” revised to “upper-ocean DIC dynamics”
· Page 20, Lines 532-533 (previously Line 470): “vertical carbon redistribution” revised to “vertical carbon distribution”

In addition, to improve clarity at the Section 3.3 instance on Page 14, Lines 367-369, we have added a brief explanatory phrase to specify what subsurface carbon distribution encompasses in this context. The revised sentence now reads:
“While the surface and mixed-layer processes described above are primary drivers of DIC variability, inter-model discrepancies in subsurface carbon distribution (including diapycnal mixing, circulation-driven transport, and biological processes) can further modulate the vertical DIC structure and its coupling to surface variables.”

· In the Data availability statement, some of the links did not work. 
· this link does not take the reader to OISST NOAA OISST V2.1 is available at https://www.ncei.noaa.gov/. 

· https://data.marine.copernicus.eu/products. Should be updated with the GLORYS12V1 speciﬁc link 

Response: We have verified that all links provided in the Data Availability Statement and the corresponding dataset references are accurate and working properly, ensuring that readers are directed to the correct and specific pages.

On Pages 20-21, Lines 560-572:
[bookmark: _GoBack]
“Data Availability Statement

All CMIP6 data (Eyring et al., 2016) can be found at the Earth System Grid Federation (ESGF) metagrid (https://aims2.llnl.gov/search/cmip6/). The SeaFlux v2021.04 (Gregor & Fay, 2021) is available on Zenodo (https://doi.org/10.5281/zenodo.5482547). The JMA_MLR dataset (Iida et al., 2021) is available at https://www.data.jma.go.jp/gmd/kaiyou/english/co2_flux/co2_flux_data_en.html. The OceanSODA-ETHZ dataset is derived from Gregor & Gruber (2020). SST from NOAA OISST v2.1 dataset is available at https://www.ncei.noaa.gov/products/optimum-interpolation-sst (Reynolds et al., 2007). SODAv3.15.2 monthly gridded SSH reanalysis (Carton et al., 2018) is available at https://www.soda.umd.edu/soda3/. Near-surface wind speed from ERA5 (Hersbach et al., 2020; 2023) can be accessed from the Climate Data Store (CDS) at https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=download. In addition, Silsbe-CAFE net primary production data is from Ryan-Keogh (2023), NNGv2LDEO dissolved inorganic carbon climatology from Broullón et al. (2020b), and NNGv2 total alkalinity climatology from Broullón et al. (2019b), and GLORYS12V1 mixed layer depth climatology from Global Ocean Physics Reanalysis (2022).”
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