Response to reviewers

Yumeng Chen
June 2026

We thank both reviewers for their detailed comments for improving the manuscript. Below is a response letter for the reviewers’
comments. The green texts show our responses to the comments. The blue texts show our proposed changes in the revised manuscript.
Line numbers referred in this response letter are based on the submitted manuscript instead of the revised manuscript.

Reviewer 1

Answer: We thank the reviewer for the useful comments on the manuscript. Before going to the point-by-point comments, we believe
it would be beneficial to highlight the scope and aim of this study.

This study uses the widely used biogeochemistry model MEDUSA, which has been used for a variety of studies, including within
the UKESM. The performance of MEDUSA is evaluated in the original model description paper and in various studies (e.g., Tagliabue
et al., 2016; Sellar et al., 2019; Planchat et al., 2023). These provide a good quantification of the limitations and uncertainties of the
model and as such further evaluation is not an objective for this manuscript.

We agree that the quality of different phytoplankton carbon products can differ, however, the purpose of this study is not to seek
the best phytoplankton carbon product. Instead, this study investigates the impact of assimilating a phytoplankton carbon product, i.e.
asking the question what we can expect from assimilating these data in contrast to assimilating chlorophyll data, which is commonly
assimilated. To our knowledge, whilst there are studies assimilating particulate organic carbon (POC), phytoplankton carbon assimilation
is not well-studied in the literature.

Data assimilation can indeed assimilate various observations simultaneously. The relationship between different observations is
specified by the observation error covariance matrix in DA. For most observations the observation errors are deemed uncorrelated. In
our study, we do not assume correlated observation errors between phytoplankton carbon and chlorophyll, but we inflate the observation
errors, which is a common approach. Assimilating multiple phytoplankton carbon products from ocean colour could complicate the
study even more because we expect stronger observation error correlations between these products.

Major comments

1. Carbon products and phytoplankton product derived from remote sensing have been derived and used for years. There is no
novelty in that and I am surprised you chose to only look at one such product. For example, Behrenfeld et al. (2005) showed how
additional information can be gleaned from using a backscattering based C_phyto. In particular, through many manuscript, we
have been able to show how phytoplankton photo-acclimation is the major forcing on the chl/C_phyto ratio and how it can inform
us, for example, on nutrient limitation (https://egusphere.copernicus.org/preprints/2025/egusphere-2025-4261/
< it has been accepted). The point here is not to make you cite papers I contributed to but make you aware that the utility of
estimate of C_phyto from space has been shown in many works and, in particular, in providing information content additional to
Chl.

Answer: The goal of this study is to investigate the effects of assimilating a phytoplankton carbon product on the ecosystem model.
To our knowledge, the phytoplankton carbon derived from ocean colour has not been used in data assimilation for ecosystem
modelling and forecasting but there are studies assimilating particulate organic carbon. We included the utility of other carbon
products in our revised manuscript.

However, it is also worth noting that carbon products derived from the backscattering of particles such as Behrenfeld et al. (2005)
are based on empirical algorithms. The carbon product used in this study is underpinned by a different algorithm using a photoac-
climation model (Sathyendranath et al., 2020). The chlorophyll-to-carbon ratio in the model varies as a function of the average,
daily, photosynthetically active radiation available in the mixed layer. The carbon product is based on the derived chlorophyll-to-
carbon ratio. Moreover, Sathyendranath et al. (2020) validated the chlorophyll-to-carbon ratio in their study whereas some carbon
products, e.g., Aqua MODIS Level-4 Global Mapped Phytoplankton Carbon Data, has limited validations.

We have rephrased the introduction to include relevant studies from L47:

Besides chlorophyll data, other phytoplankton products, such as particulate inorganic ocean carbon and particulate organic ocean
carbon, can be derived from satellite ocean colour (Siegel et al., 2005; Yang et al., 2024) independently of chlorophyll in their
derivation. In particular, satellite ocean colour can be used to derive phytoplankton carbon (Behrenfeld et al., 2005; Graff et al.,



2015; Bellacicco et al., 2020) using an empirical relationship between the backscattering of particles and phytoplankton car-
bon. These products are used to understand the ocean’s biological pump and carbon cycles in addition to the chlorophyll prod-
ucts (Siegel et al., 2023; Bourdin et al., 2025). Recently, in the ESA Biological Pump and Carbon Export Processes (BICEP)
project, a new phytoplankton carbon (referred to as carbon hereafter) product has been derived from the ocean colour observa-
tions (Sathyendranath et al., 2021). The product is derived using an approach different from the backscattering of particles used
in other carbon products. The new product is based on the chlorophyll-to-carbon ratio from a photoacclimation model where the
ratio varies with the photosynthetically active radiation available in the ocean mixed layer. Compared to other carbon products
with limited quality assessments (e.g., NASA Ocean Biology Processing Group, 2025), the product’s chlorophyll-to-carbon ratio
is validated with field data (Sathyendranath et al., 2020).

In this study, we explore the effects of assimilating the newly derived carbon product so that we can understand whether assimi-
lating phytoplankton carbon can provide additional information compared with assimilating the chlorophyll product alone in the
modelling system. Note that, here, as this study focuses on assessing the modelling response of assimilating carbon products, we
do not seek the best carbon product for DA, and opt to use the validated off-the-shelf observational dataset.

2. The first test of a good C_phyto product is whether its ratio to Chl is consistent with lab studies of photoacclimation, e.g. is
30 < C_phyto/Chl < 300 (unless you are dealing with domination by mixotrophy in which case it could go lower, but you don’t
resolve them in your model.

Answer: We agree that such an initial test is relevant when assessing the quality of a c_phyto product. However, this work focuses
on investigating the effect of the assimilation of observations on the modelling system instead of the validation of the observation
data itself, which is carried out by the data producers. Thus, we consider the observational data and the model as given and focus
on the effects of the DA. The data are based on Sathyendranath et al. (2020), where the carbon product is derived based on the
carbon-to-chlorophyll ratio. In Sathyendranath et al. (2020), the carbon to chlorophyll ratio is also broadly consistent with other
studies as shown in their Figs. 7 and 8. We included such information in the revision of the manuscript.

3. Field measurements of Fchl, as done with Argo floats, can have many biases (see Roesler et al., 2017). One has to be careful on
how to use them.

Answer: We have added this information in L30 in the introduction. We have also pointed out the need for bias correction and
better uncertainty quantification for data assimilation:

However, besides its limited spatial and temporal coverage, operational assimilation of BGC-Argo floats can still face other
technical challenges. For example, the chlorophyll estimates from BGC-Argo floats can be biased because they are estimated
from measurements of fluorescence (Roesler et al., 2017). These biases are not addressed in studies assimilating BGC-Argo
floats, e.g., in synthetic experiments performed by Ford (2021). This suggests the need for further research on bias correction for
BGC-Argo floats in DA systems.

4. Phytoplankton products under clouds are typically wrong as they interpolate Chl rather than carbon and phytoplankton photo-
adapt under cloud (https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2024GL112274). How they do it for the
product you use could bias your model ( 70% of the ocean is covered by clouds at any given time).

Answer: Based on the chlorophyll data product user guide of ESA OC-CCI (Jackson, 2020), the product does not contain data
under clouds. This leads to spatial gaps in the product. Daily products only contain pixels with available observations. The
composite monthly product is computed by averaging the available daily data over each month excluding missing data. The biases
and uncertainties of the chlorophyll data product are validated by in situ observations. In data assimilation, we use bias-corrected
chlorophyll data as observations and the uncertainties as the observation error. The carbon product is derived based on chlorophyll
data and therefore inherits the treatment for data under clouds.

In data assimilation, these sparse and irregularly spaced observations without interpolation can be assimilated. To obtain an
analysis at a grid point, the data assimilation algorithm used in this paper assimilates observations adjacent to it within a radius.
The update of the model grid point depends on the spatial correlation between the grid point and the observation locations derived
from the ensemble forecast. This approach is well established and widely used in numerical weather prediction.

We added the information after LL127:

Both observation products do not contain information under clouds. Daily products only contain pixels with available observations.
The composite monthly product is computed as the monthly average of available daily data excluding missing data.

In L108, we added:

The LESTKEF can assimilate sparse and irregularly spaced observations without spatial interpolation of the observation product. In
our configuration of the LESTKF, model variables at each grid point assimilate observations adjacent to that point within a radius
of 200 km. The DA increment at grid points without observations is computed based on the spatial correlation between the grid
point and the observation locations.

5. How do you define the ‘effectiveness’ of DA is key and need to be provided. Obviously DA will force the model to the data.
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Figure 1: Differences in RMSD between DA experiments and Freerun normalised by the RMSD of Freerun between the logarithm of
monthly model forecasts of and composites of chlorophyll from Argo and field campaign data from NAAMES on the left axis. The
RMSD of Freerun is shown as a dashed red line on the right axis. The crosses represent comparisons with modelled total carbon while
the dots represent comparisons with modelled non-diatom carbon.

Answer: Indeed, by its very definition, DA will force the model to the assimilated data. The initially submitted manuscript focuses
on the state adjustments induced by assimilating observations. We removed the word “effectiveness” and instead focusing on the
effect of DA on the assimilated variables.

We agree with the necessity of assessing the modelling system with independent observations. In the revised manuscript, we added
an assessment of the state from data assimilation using BGC-Argo data for phytoplankton chlorophyll and in situ measurements
from the North Atlantic Aerosols and Marine Ecosystems Study (NAAMES) for phytoplankton carbon assessment.

In Sect. 2.2, we added a new subsection describing the independent observations.

Independent assessment observations

To assess the DA system, we use in situ observations of chlorophyll and carbon data. The in situ chlorophyll data are obtained
from the BGC-Argo program (Group, 2016; Roemmich et al., 2019). The BGC-Argo program extends the Argo program, which
is an international program that deploys automatic instruments floating with ocean currents. The BGC-Argo floats provide vertical
profiles for both physical variables such as temperature, salinity, and pressure, and biogeochemical variables. In this study, only
quality-controlled measurements of chlorophyll with delayed-mode corrections from the upper 50 m were used, focusing the
evaluation on the near-surface productive layer and the depth range most directly influenced by the DA. During the experiment
period, the dataset has, on average, 448 observations per month.

The in situ observations of carbon are not routinely monitored, and hence are less common compared to chlorophyll. Here,
we use the analytical measurements of phytoplankton carbon from the field campaign in the North Atlantic Aerosols and Marine
Ecosystems Study (NAAMES). The project provides ship-based measurements for plankton stocks, rate processes, and community
compositions. These in situ carbon observations are analytically determined for cells less than 64 pum using a BD Influx Flow
Cytometer using methods detailed by Graff et al. (2015). Due to the limitations of the field campaign, the in situ dataset is limited
to Northwest Atlantic and weeks of data in November 2015 and May 2016.

In Sect. 5.1.2, we added:

The effect of the DA is here demonstrated by the root mean square difference (RMSD) between the ensemble mean of monthly
averaged model forecasts and monthly composite observations. We first compare our model forecasts with independent in situ
observations in Fig. 4 using the root mean squared difference of the logarithm of chlorophyll and carbon. The assessment is
performed at observation locations using linear interpolation from model grid points. For convenience, the point observations
are considered as monthly averaged values, which could cause additional errors in this evaluation. In Fig. 4a), the RMSD of the
chlorophyll is calculated for the upper 50 m (around 18 model levels) of the ocean for model forecasts and observations. All
experiments assimilating chlorophyll show reduced RMSD of chlorophyll compared to Freerun. Experiments assimilating carbon
without chlorophyll show slightly increased RMSD of the chlorophyll. This suggests that assimilating carbon product does not
necessarily improve chlorophyll in MEDUSA.

The comparison with in situ carbon observations is more complicated because the carbon observations include only cells smaller
than 64 um. MEDUSA has no explicit definition of the size of diatom and non-diatom phytoplankton. Hence, in Fig. 4b), we
compare the observations with model variables of both total phytoplankton (cross signs) and non-diatom phytoplankton (dot signs),
which is considered to represent “small” phytoplankton. Assimilating chlorophyll has little impact on the RMSD of non-diatom
carbon in November 2015. The RMSD of non-diatom carbon is reduced by assimilating carbon in November 2015 but the RMSD



is increased in May 2016. The increased RMSD by assimilating carbon could be a result of post-processing and mismatch between
the observations and PFTs, especially considering the seasonal dependence of the results. When comparing with total modelled
carbon, assimilating carbon better constrains the carbon than assimilating chlorophyll regardless of season. Nevertheless, the
impact of DA on the RMSD of carbon is smaller in November 2015 than in May 2016. For both carbon and chlorophyll, Daily
Chl shows better performance than monthly assimilations. Overall, simultaneous assimilation of chlorophyll and carbon provides
a balanced RMSD reduction compared to assimilating a single type of phytoplankton composition.

6. How are you converting C to N? The product is carbon and your model currency is N.

Answer: We use a fixed Redfield ratio of C:N of 6.625:1. This follows the assumption used in the model formulation (Yool et al.,
2013). We mentioned it in L.96-1.98:

For consistency with the observations the nitrogen fields in this study are represented as carbon, with the conversion between
carbon and nitrogen following the model assumption of a fixed ratio between C:N of 6.625:1. For clarity, we describe nitrogen in
terms of its carbon equivalent (hereafter referred to simply as “carbon”).

7. To evaluate the distribution of parameter (e.g. histogram of distributions, whether of [Chl] or [Cphyto]), you could compare your
model distribution to those of estimate from satellite. The near log-normal distribution should arise in both.

Answer: The log-normal distributions of model and observation products are shown below. This study follows a common practice
in biogeochemistry data assimilation, as shown in L140, where the state vector is transformed under a log-normal assumption,
e.g., Ford and Barciela (2017); Pradhan et al. (2019). Although this is a basis for our choice of state vector and observations
in the data assimilation system, we will not explore this in detail since using the log-transformation is common practice in the
assimilation of chlorophyll data.
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Figure 2: Distribution of phytoplankton in model and observation.

attached comments:

1. L30: Note that they measure fluorescence and not chlorophyll directly. There are many issues with these estimates (e.g., Roesler
et al., 2017).

Answer: See point 3 in major comments.

2. L34: Phytoplankton adjust their intercellular chlorophyll based on light and nutrients as well as species composition.
Answer: We rephrased the corresponding sentence to:

Assimilating satellite phytoplankton chlorophyll products (referred to as chlorophyll hereafter) can effectively control errors in
modelled chlorophyll. However, even though the chlorophyll provides a proxy for biomass, assimilating chlorophyll does not
necessarily correct other compositions of phytoplankton such as silicate, nitrogen and carbon, or factors that constrain chlorophyll
such as the availability of light, nutrients, and species composition.

3. L46: nor have they been validated.

Answer: The data producers may disagree with this statement. For example, the PFT data from Losa et al. (2017) is validated
against in situ data.

We added:

Recent efforts were made to derive PFTs from satellite data with uncertainty validations (see e.g., Xi et al., 2021).



4. L47: What other relevant products? Are they independent from chlorophyll?
Answer: We added that the particulate organic and inorganic carbon can be obtained independent of chlorophyll in their derivation.

We added:

Besides chlorophyll data, other phytoplankton products, such as particulate inorganic ocean carbon and particulate organic ocean
carbon, can be derived from satellite ocean colour (Siegel et al., 2005; Yang et al., 2024) independently of chlorophyll in their
derivation.

5. L50: There have been estimates of C_phyto from space produced at least from 2005 (see Behrenfeld et al., 2005). Again, the
question is whether it is validated (the one of Behrenfeld was in Grag et al., 2015) and whether it provide additional information
to [chl].

Answer: We described the relevant observation products in the introduction. As mentioned, a major goal of this study is to
investigate the potential benefits of assimilating phytoplankton carbon for global ecosystem modelling. Thus, we consider the
question of whether there is potential additional information through the use of data assimilation which utilises multivariate
relations from the model dynamics. The data is validated by its ratio between chlorophyll and carbon by Sathyendranath et al.
(2020).

See also point 1 and 2 in Major comments.
In L52, we modify the text into

In this study, we explore the effects of assimilating the newly derived carbon product so that we can understand whether assimi-
lating phytoplankton carbon can provide additional information compared with assimilating the chlorophyll product alone in the
modelling system. Note that, here, as this study focuses on assessing the modelling response of assimilating carbon products, we
do not seek the best carbon product for DA, and opt to use the validated off-the-shelf observational dataset.

6. L54: The first thing to do is to see whether you get realistic C_phyto/Chl ratios (should vary between 30 to 300 based on lab
studies)

Answer: See point 2 in Major comments.

7. L85: This is unfortunate as it has been shown that you do not get the correct heating rate in the spring w/o phytoplankton.

Answer: We agree that marine biogeochemistry processes can have significant impact on physics (Manizza et al., 2005; Skdkala
et al., 2022). However, for operational systems that perform data assimilation, it is still uncommon to use two-way coupled
models (Gehlen et al., 2015; Yumruktepe et al., 2022; Polton et al., 2023). Investigating the effects of two-way coupling is out of
the scope of the paper.

We adjusted the text in L83:

The marine ecosystem model coupled to NEMO is the Model of Ecosystem Dynamics, nutrient Utilisation, Sequestration and
Acidification (MEDUSA), an intermediate complexity model (Yool et al., 2013). Although marine biogeochemical processes can
have a strong impact on physics (Manizza et al., 2005; Skdkala et al., 2022), the models in current DA systems are still primarily
one-way coupled (Gehlen et al., 2015; Yumruktepe et al., 2022; Polton et al., 2023). Hence, even though two-way coupling can
provide a better feedback between the ocean and biogeochemistry, following the common practice of using one-way coupled
model avoids the need to investigate the impact of two-way coupling, which is outside the scope of this work. Hence, the coupling
to NEMO is one-way; that is, the marine ecosystem model is forced by the physical ocean, but has no feedback from the ecosystem
to the physics.

8. L89: No it is not. Currently phytoplankton role in CO, sequestration is similar to before the industrial revolution. It is the
physical-chemical pump that is taking the excess anthropogenic CO?2.

Answer: Regardless of the impact of anthropogenic CO,, a model incapable of simulating CO, uptake in marine ecosystems
misses important climate processes. The missing processes are expected to impact climate models, which, depending on their
complexities, attempt to capture the most prominent processes in the earth system.

We changed the text to remove mentioning climate prediction here.

Beyond these components, MEDUSA is capable of simulating the CO, uptake of marine ecosystems. The carbon cycle simulation
is enabled by the pCO», pH, alkalinity, and by carbonate species like H,CO3, HCO;3 and CO%‘.

9. L94: I don’t know if you are aware, but there are is significant portion of diatoms that are < 20um.

Answer: We agree that many diatoms are less than 20 pm so they are not strictly large phytoplankton by definition. In MEDUSA,
a silicon biomass variable exists for diatoms but not for non-diatom phytoplankton. The diatom phytoplankton variable is respon-
sible for silicon uptake and biogenic silica production and the non-diatom phytoplankton variable represents the non-silicifying
phytoplankton community. However, the model also makes a simplified and idealised assumption that approximates the diatom
phytoplankton functional type, which forms a key component of large phytoplankton, as “large phytoplankton™. This is partly



10.

11.

12.

13.

14.

15.

motivated by the interaction between phytoplankton and zooplankton, where small phytoplankton are strongly controlled by fast-
growing microzooplankton whereas large phytoplankton are weakly controlled by slower-growing mesozooplankton.

The manuscript was modified:

Phytoplankton biomass in MEDUSA is divided into diatom and non-diatom PFTs. The diatom phytoplankton variable is respon-
sible for silicon uptake and biogenic silica production and the non-diatom phytoplankton variable represents the non-silicifying
phytoplankton community. Hence, diatom phytoplankton silicate is also explicitly modelled besides nitrogen and chlorophyll.
MEDUSA models diatom phytoplankton as “large phytoplankton™ based on the fact that diatoms are a key component of large
phytoplankton even though diatom phytoplankton span a large range of sizes (Yool et al., 2011). This is motivated by the fact that
zooplankton graze phytoplankton according to their sizes as zooplankton are are divided into microscopic and mesoscopic size
classes.

L114: You should check for that and for a reasonable carbon/chl ratio.

Answer: See point 2 in Major comments.

L127: How it interpolates under clouds is important as clouds affect chl/c of phytoplanton (Begouen Demaux et al., 2025) and at
any given time cover 70% of the ocean on average. Most product simply average chlorophyll over a month to fill the blanks due
to clouds with clouds counting as NaN.

Answer: See point 4 in major comments.

L139: See an earlier paper by Campbell
Answer: Campbell (1995) is added as reference.

L155: Is this an absolute value, a relative value or a mix of both?

Answer: The errors of chlorophyll concentrations, €, in the ESA OC-CCI data products are given for the logarithm of phyto-
plankton chlorophyll concentration. As such, it is an absolute additive error for the logarithmic concentration, which relates to a
relative multiplicative error for the actual concentration.

We rephrased the text:

For chlorophyll observations, ¢ is the same as the error provided by the observation product, which can be expressed as:
Yo =¥ +0, (1)

where y!' is the unknown true logarithm of chlorophyll concentration and y5 is the observed logarithm of chlorophyll concentra-
tion. However, the carbon product does not provide an error estimate. In this study, the carbon observation error is estimated as
the chlorophyll observation error inflated by 10%. This means that we assume the carbon error, expressed for logarithmic carbon
concentrations, to be 1.10. As a result, both observations produce a similar spatial pattern of observation error. This treatment
is justified by several considerations. First, both products are derived from the same ocean colour measurements. Hence, we can
assume that both products share similar sources of measurement error. Second, this choice of observation error avoids overcon-
fidence in the carbon product that could lead to overly strong analysis increments. Third, phytoplankton biomass is assumed to
follow a log-normal distribution. Due to this assumption, observation errors expressed as the corresponding standard deviation of
a Gaussian distribution are multiplicative instead of additive to the unknown true observations:

yo = 10% = 10% 10° = y,10°. )

Equation (2) means that the errors are scaling factors applied to the observation, regardless of the magnitude and unit of the
observation itself.

L156: At low values the uncertainties can be O(100%) or more for both chlorophyll and C_phyto.

Answer: Here, the phytoplankton chlorophyll error is inflated by 10% instead of giving an error of 10% of phytoplankton carbon
value. Thus, the error of carbon is 101,

L171: what to you mean by this? The two are correlated in nature too, though one is not derived from the other. The fact that
chlorophyll changes from 0.01 to 50ptg/! in the surface ocean and that the ratio of 30 < carbon/chl < 300 alone will cause them
to be correlated.

Answer: Data assimilation uses error covariance matrices of the forecast and the observations. What is relevant here is whether the
errors are correlated, not whether the variables are correlated. For two independent measurements the errors of the measurements
are not expected to be correlated even for the same physical quantity, which has a physical correlation of one. Here, because the
carbon product is derived from chlorophyll, the observation error of chlorophyll is expected to propagate to the carbon product
leading to error correlations.

We rephrased the text:



16.

17.

18.

19.

20.

Lastly, the error correlation between the phytoplankton products that arises because they are derived from the same satellite ocean
colour measurements is neglected because the carbon and chlorophyll products are not estimated independently. Otherwise, there
are no error correlations between them. The neglected error correlations are assumed to be accounted for by the 10% inflation in
the carbon observation error. Despite these potential issues, these results still provide an assessment of the value of the carbon
product.

L197: There are other product (e.g. backscattering) from which C_phyto can be derived at the same resolution as [chl]. While
limit yourself to the databases you did?

Answer: The limitation results directly from the motivation of our study: To investigate the effects of assimilating a carbon
product on the modelling instead of finding the best carbon products for the DA system. Since the carbon product is recently
derived via a different approach from the backscattering, and is easily accessible with validated carbon and chlorophyll ratio, we
chose the current carbon product.

See also point 1 in Major comments.
We adjusted L52 to reflect this aspect.

Note that, here, as this study focuses on assessing the modelling response of assimilating carbon products, we do not seek the best
carbon product for DA, and opt to use the validated off-the-shelf observational dataset.

L213: How do you define ‘effectiveness’?

Answer: Here, the word ‘effectiveness’ is removed and we highlight that we focus on the effect of DA on assimilated model
variables against the assimilated observations using biases between model and observations, the root mean squared differences
(RMSDs), continuous rank probability score (CRPS), and ensemble spread. These scores are commonly used to assess DA. We
also added an assessment with independent in situ observations as discussed in point 5 in Major comment.

We adjusted the text:

Here, the effects of the DA on assimilated variables are evaluated using the bias between the model and observations, the root
mean squared differences (RMSDs), continuous rank probability score (CRPS), and ensemble spread. These scores can expose
potential disagreements between different observations, the uncertainty, and reliability of the ensemble after DA.

L219: What do you mean by this. Traceable? Validated?

Answer: Here, it actually means un-biased observations or anchor observations. This concept comes from data assimilation
for numerical weather prediction where some observations can have negligible biases so that one can perform bias correction in
DA (Eyre, 2016).

We rephrased the sentence to:

Quantifying biases in models and observations is non-trivial considering the limited availability of so-called anchor observations
with negligible biases (Eyre, 2016; Fowler et al., 2023).

L220: Aren’t model parameters (e.g. grazing rates etc) tuned based on data, hence are not independent?

Answer: We agree that the default model parameters are determined based on observations. However, ensemble Kalman filters
in general assume no error correlations in time between observations, and uncorrelated forecast and observation errors. In the
sequential DA the forecast is initialised by analyses subjected to observations at the time. If observation errors have time correla-
tions, this could indeed lead to error correlations in observations and model forecast. Even though the assumption that observations
have no time correlations is made partly based on computational considerations, it is a justifiable approximation.

Considering that the model and its parameters were proposed earlier than the experiment period, its parameters have been tuned
based on observations prior to the observations assimilated in this study. Hence, this allows to assume no correlations between
model forecast and observation errors. Moreover, the misfit between observations and model forecast is widely used in the
evaluation of operational DA systems, e.g., Saha et al. (2014); Zuo et al. (2019); Barton et al. (2021); Mignac et al. (2025)

The manuscript was adjusted as follows:

Because DA methods assume uncorrelated forecast and observation errors, as a proxy, the bias can be revealed by the misfit
between observations and the model forecast over multiple time steps used in the DA (Saha et al., 2014; Zuo et al., 2019; Barton
et al., 2021; Mignac et al., 2025). The expectation of the misfit is zero in the absence of biases. Because the model parameters are
not determined by the assimilated observations, this diagnostic can expose biases in the DA systems.

L230: Isn’t this built in? Since your carbon is based on [chl] and since [chl] is biased low in the model, updating the [c] is akin of
updating [chl] in the ‘right’ direction.

Answer: Yes. This is a result of the model formulation where the nitrogen is the primary currency. This potential limitation was
mentioned in the conclusion in L501: “Nevertheless, these adjustments may vary depending on the formulations of individual
marine ecosystem models. In MEDUSA, carbon and nitrogen are assumed to have a fixed stoichiometric relationship.

We adjusted the manuscript with:



Notably, using the balancing scheme to update the phytoplankton carbon in the “Monthly Chl+” experiment slightly improves the
expectation of the misfits in chlorophyll. This suggests that making direct changes in the primary composition of phytoplankton
biomass in MEDUSA leads to more sustained changes in the model. This is consistent with the study conducted by (Ford and
Barciela, 2017).

21. L241: This may be driven by the fact that loss processes are just as important as processes contributing to growth (in nature).
Answer: We added the following sentence in the manuscript:

Considering the carbon data are derived based on chlorophyll data and their ratio is validated by Sathyendranath et al. (2020), in
addition to the balancing scheme, the inconsistency of different signs may also arise from model errors. This could be driven by
inaccurate modelling of the primary production, the loss of phytoplankton, and/or the coupling of chlorophyll and carbon, where
the tendencies of chlorophyll and carbon are erroneous given modelled nutrient conditions. The assimilation of both products
finds a compromise between the biased model and observation products.

22. page 9: Here and elsewhere, your model currency is N. Are you assuming a Redfield ratio to convert C:N?

Answer: Yes. See point 6 in major comments as well.

23. L268: It is hard to evaluate what you mean by ‘best’. Both model and data have biases, as you said, and once you assimilate the
data the model output will look more like the data. How can you dependently assess what the best strategy is, e.g. by comparing
to another INDEPENDENT data source.

Answer: We agree that it is difficult to evaluate the best assimilation strategy, and we do not recommend a best strategy. The
intention of the comparison of RMSD is to show that the DA methods account for uncertainties in both observations when
combining them with the model forecast, which has a global effect compared to assimilating a single type of observation. In the
case of simultaneous assimilations, we concluded that they provide a more balanced update between carbon and chlorophyll than
assimilating one type of observations.

For further assessment, we added an assessment with Argo data for chlorophyll and with in situ data for carbon. See also point 5
in Major comments.

24. 1.295: isn’t this by construction?; L.298: Define ‘reliable’ ensemble

Answer: A perfectly reliable ensemble means that the probability distribution function (p.d.f) of the ensemble is identical to the
p.d.f of the truth (Leutbecher and Palmer, 2008; Rodwell et al., 2016).

Data assimilation is constructed to improve the accuracy of state estimation using observations. In an ideal setup, the DA could
improve reliability specified with a perfect forecast, observation, and model error covariance matrices without biases. However, it
does not necessarily improve the reliability of the ensemble. For example, DA systems routinely have to deal with under-dispersive
ensembles due to limited ensemble sizes (Carrassi et al., 2018). Therefore, it is not clear if assimilating multiple observations can
improve the overall reliability of the ensemble.

We changed the text in L.282:

In addition to the RMSD of the ensemble mean, a reliable ensemble DA system is expected to represent the probability of the
occurrence of a given state, i.e. the uncertainty of the system. In a perfectly reliable ensemble, by definition, such an ensemble
will have an probability distribution function identical to the true probability distribution (Leutbecher and Palmer, 2008; Rodwell
et al., 2016). Here, the true probability distribution is represented by the probability distribution of the assimilated observations
as calculated by the reliability score of the continuous ranked probability score (CRPS). The CRPS is widely used to diagnose
ensemble forecasts (Hersbach, 2000), representing the differences between the cumulative probability of the distribution given by
the model ensemble and observations. The CRPS can be decomposed into reliability and resolution scores. In a perfectly reliable
ensemble, the reliability score is zero, and the ensemble represents the true uncertainty of the model simulations. The reliability
score increases with less reliable ensemble. The reliability score of the CRPS is evaluated on a grid point by grid point basis. As
the DA does not guarantee improved reliability by construction, this metric helps us evaluate the accuracy of quantified uncertainty
from each experiment.

25. L469: My limited understanding is that the equilibration time of CO; and O, are very different in the upper. Can this affect what
you see?
Answer: The explanation is added:

Unlike pCO,, the ocean surface oxygen concentration shows a strong seasonal variation without an obvious trend, which could be
a result of the different equilibration timescales of O, from pCO,.

Reviewer 2

The paper is overall very well written and the methodology well explained. Even though it is not a breakthrough paper, as the novelty
lies more in the technical implementation than in the idea itself, I consider it worth publishing with some clarifications that are hereby
expressed, as it represents a solid contribution to the ocean biogeochemical data assimilation community.



The study investigates the impact of assimilating a novel satellite-derived phytoplankton carbon product from the ESA BICEP
project into a global marine ecosystem model, using an ensemble data assimilation framework built on NEMO-MEDUSA coupled with
the Parallel Data Assimilation Framework (PDAF). The authors compare several assimilation strategies using chlorophyll alone, carbon
alone, or both simultaneously and evaluate their effects not only on phytoplankton biomass estimates but also on downstream ecosystem
variables such as zooplankton, surface pCO,, and oxygen. The main finding is that simultaneously assimilating both chlorophyll and
carbon products yields more balanced and accurate estimates of phytoplankton biomass than assimilating either product alone, and
produces the strongest response in ocean carbon and oxygen cycles.

The paper is within the scope of GMD. The source code and experiment setup are made available via Zenodo, which is commended
and meets GMD reproducibility standards. Once the major concerns are addressed, the results are in principle sufficient to support the
conclusions, with the caveat that the two-year experiment window and absence of independent validation currently limit the strength of
those conclusions.

In order to facilitate the authors’ revision, the concerns to be addressed before publication are reported in detail below.

Answer: We thank the reviewer for their efforts and for the positive and useful comments.

Major Concerns

1. Carbon observation-error model: not justified and not assessed.

The carbon product does not provide its own error estimate, so the authors inflate the chlorophyll observation error by 10% as
a proxy. The manuscript itself indicates this at line 518 as requiring further investigation but never returns to it. The choice
of observation error directly controls the weight given to the carbon product in the DA update: an underestimated error leads
to overconfident corrections; an overestimated error suppresses the carbon signal. Deferring this entirely to future work is not
acceptable in a results paper. The authors should provide at minimum a sensitivity analysis or a qualitative bounding of how this
assumption affects the conclusions. Additionally, the two products are not truly co-located, have different spatial resolutions, and
share information from the same ocean-colour measurements, none of which is adequately accounted for the error model.

Answer: We agree that the choice of observation errors is heuristic in this study. However, providing a sensitivity analysis or
qualitative bounding of the impact on the conclusions will require multiple repeated runs of the DA system. This is computationally
expensive and infeasible. Instead, we run a Desroziers’ diagnostic that supports our choice of observation error. The spatially and
temporally averaged carbon observation error used in this study is 0.264 while the Desroziers diagnostic gives an observation error
of 0.266. We added the results from the Desroziers’ diagnostic in Sec. 3.2. Because the Desroziers’ diagnostic is based on linear
statistical theory, it should account for the issue of co-location, and differing spatial resolutions. However, due to the limitation of
the diagnostic as a global error statistic, further investigation of observation errors will be carried out in future studies.

We added the following sentences in the manuscript:

Moreover, this choice of the observation error is supported by the statistical diagnostic in observation-space (Desroziers et al.,
2005), which is a common approach to tune observation errors based on the consistency of the linear statistical theory. The spatial
and temporal averaged carbon observation error of 0.264 used in this study is similar to the observation error of 0.266 given by
the diagnostic. This consistent global error statistic does not address changes in error in space and time, which will require further
investigation in future studies.

2. Systematic carbon bias and the fixed C:N stoichiometry

The negative mean misfit for carbon across all experiments indicates a systematic overestimation of phytoplankton carbon by
the model relative to observations. This is a significant finding whose physical origin is not examined. In particular, MEDUSA
assumes a fixed C:N stoichiometric ratio of 6.625:1, but phytoplankton C:N ratios vary considerably with nutrient availability,
light conditions, and community composition. The manuscript mentions this fixed ratio only in the forward-looking sentence
comparing MEDUSA with more complex models, never as a candidate explanation for the negative misfit already present in the
results. The authors should explicitly discuss whether the fixed C:N assumption contributes to this systematic bias.

Answer: The bias exists in both phytoplankton chlorophyll and carbon. The biases could also exist in both model forecast and
observations. In the model forecast, the bias could be a result of inaccurate model parameters, the bulk representation of model
processes and biased initial conditions, etc. (Mamnun et al., 2025). In MEDUSA, phytoplankton is modelled by nitrogen. The
fixed ratio of C:N is only applied to the model output, which is a linear operation. As the fixed ratio can be viewed as a global
average, biases can only occur when the distribution of the spatial and temporal varying C:N ratio is not symmetric (Tanioka
et al., 2022) that leads to a ratio that is systematically either too large or too small. Nonetheless, a fixed ratio in general cannot be
expected to result in a bias of fixed sign.

‘We added this discussion in Sec. 5.1.1:

The DA algorithm assumes that the forecasts and observations have no biases. However, this assumption is rarely met in real ap-
plications. Biases can exist both in observations and model forecasts for both carbon and chlorophyll. In model forecasts, the bias
could be a result of inaccurate model parameters, simplified treatment of model processes and biased initial conditions (Mamnun
et al., 2025). In addition to model forecast, the application of fixed C:N ratio could affect the biases. This fixed ratio can be viewed
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Figure 3: Upper row: time series of the RMSD of the ensemble mean of the logarithmic surface phytoplankton a) chlorophyll and b)
carbon. The left axis shows the differences of RMSD between DA experiments and Freerun normalised by the RMSD of Freerun, and
the right axis shows the RMSD of Freerun (red line). The light gray horizontal line is the zero line representing no global adjustments
compared to Freerun. The inset in a) is the RMSD difference of chlorophyll in the “Daily Chl” experiment. The horizontal dashed lines
with shaded area are the temporal average of the RMSD, and the shaded area represents the 95% confidence interval of the temporal
average. Lower row: reliability score of the ensemble of surface phytoplankton a) chlorophyll and b) nitrogen compared against the
assimilated observations derived from CRPS. The left axis is for the reliability differences between each DA experiment and Freerun,
and the right axis is the reliability score of Freerun (red line). The inset in c) is the reliability differences of chlorophyll in the “Daily
Chl” experiment.

as a global average in both time and space; biases could only occur when the distribution of the spatially and temporally varying
C:N ratio is not symmetric that leads to a ratio that is systematically either too large or too small (Tanioka et al., 2022).

3. Statistical significance of RMSD differences and the two-year experiment window

RMSD reductions across experiments are reported without any assessment of statistical significance. The experiments cover
only 2015 and 2016: a very short period for a global ocean biogeochemical study, and one that encompasses the tail of the
strongest El Nifio on record. This is never mentioned as a limitation despite the fact that anomalous phytoplankton dynamics in
the eastern equatorial Pacific during this period are likely to influence several of the largest reported DA adjustments. The authors
should provide confidence intervals or significance tests for the RMSD differences, or explicitly acknowledge the short experiment
window and ENSO conditions as limitations.

Answer: The two-year assimilation period is used for various other global ocean biogeochemical studies (Pradhan et al., 2019,
2020; Ford, 2021). It covers two full seasonal cycles and hence cannot be considered as ‘very short’, with the computational cost
associated with running the ensemble methods prohibiting longer simulations. The limitation lies in the carbon product, which is
only available monthly. We compute the 95% confidence interval of the monthly normalised RMSD over the experiment period
as shown below. These results do not change our results qualitatively but we added in Sect. 5.1.2 that Monthly C, Monthly C+
and Monthly C & Chl experiments have similar carbon RMSD reduction, and Monthly C & Chl shows lower chlorophyll RMSD
reduction than Daily Chl and Monthly Chl+.

The El Nifo event is expected to lead to reduced phytoplankton in eastern tropical Pacific. The modelled results in the eastern
tropical Pacific are discussed in Sect. 5.2.1. We added a discussion that results in the eastern Pacific region may not be generalised
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to other years without El Ni no events.
The impact of the El Nifio event is added in Sect. 5.2.1:

It is also worth noting that a strong El Nifio occurred during our experiment period which had a strong impact on the eastern
Equatorial Pacific. The differences between observations and Freerun may reflect the modelling capability of the EI Nifio event
as well. This could imply that results from Freerun and other experiments in the eastern Pacific region may not be generalised to
years without El Nifio events.

. Unexplained seasonal discrepancy with Pradhan et al.

The authors note that RMSD peaks in boreal autumn in their system, whereas Pradhan et al. (2019) found higher errors in boreal
spring, but offer no explanation. Possible explanations such as differences in biogeochemical model formulation, grid resolution,
ensemble size, or forcing data, should be explored, even if only qualitatively.

Answer: Pradhan et al. (2019) uses the MITgecm-REcoM2 model at a variable resolution from 0.38° to 2° with 20 ensemble
members forced by the Coordinated Ocean-Ice Reference Experiment (CORE). Our study uses NEMO-MEDUSA on a fixed
ORCATI grid with 30 ensemble members forced by JRA-55. Furthermore, REcoM2 is a quota model using dynamically varying
ratios, while MEDUSA uses fixed ratios. Moreover, as discussed in point 3, our experiments coincide with a strong El Nifio event.
These could all lead to different responses to seasonality.

We added this discussion in L250.

However, Pradhan et al. (2019) showed a higher RMS error in the boreal autumn than in spring, whereas our results show the oppo-
site pattern, with larger RMSD in autumn. The differences can be explained by various factors including the model formulations,
forcing, and ensemble size, which cannot be easily attributed. For example, Pradhan et al. (2019) used the MITgcm-REcoM?2
model on a variable resolution from 0.38° to 2° with 20 ensemble members forced by Coordinated Ocean-Ice Reference Exper-
iment (CORE). Our study used NEMO-MEDUSA on a fixed ORCA1 grid with 30 ensemble members forced by JRA-55. Apart
from this, REcoM?2 uses a varying stoichiometry, while MEDUSA uses fixed ratios. Moreover, our experiments coincide with a
strong El Nifio event. These could all lead to different responses to the seasonality of the results.

. Ensemble reliability and its implications for DA validity

The reliability score of the Freerun is reported to be worse than in Popov et al. (2024), indicating that the global ensemble
is considerably less reliable than regional configurations. The authors indicate this but do not discuss its consequences for the
validity of the DA results. If the ensemble poorly represents true system uncertainty, LESTKF corrections may be suboptimal or
misleading. The authors should discuss how ensemble unreliability affects the interpretation of their results and what steps could
improve it. Santana-Falcén et al. 2020, ( Ocean Science: https://os.copernicus.org/articles/16/1297/2020/) showed
that DA improvements depend strongly on prior ensemble reliability and is directly relevant to this discussion.

Answer: Reliability is not a normalised quantity, so that one cannot directly compare the values from different studies. To this
end, we remove the comparison of the reliability score. Our experiments indicate that the ensemble spread is under-dispersive.
This could lead to smaller adjustments than an optimal system. The ensemble reliability can benefit from perturbations in atmo-
spheric forcing and spatially and temporally varying parameters. However, this will require further careful tuning and possible
modifications to the model itself.

We added the following in Sec. 5.1.3.

Fig. 4c)-d) focuses on the reliability score under the assumption that the climatology distributions are given by observations.
The non-zero reliability score shows that the ensemble is not perfectly reliable. This highlights the challenge of achieving a
reliable global ensemble system and underscores the need for further investigation into quantifying uncertainty in MEDUSA.
The ensemble used in this study is in general under-dispersive. This could lead to smaller adjustments than an optimal system.
The ensemble reliability can benefit from perturbations in atmosphere forcing and spatially and temporally dependent parameters.
However, this will require further careful tuning and possible modifications to the model itself. Such a challenge is also investigated
by Anugerahanti et al. (2018) and Mamnun et al. (2022).

. Surface-only constraint: subsurface structure is unconstrained

The DA system assimilates only surface satellite observations, leaving the subsurface phytoplankton structure entirely uncon-
strained. This is never explicitly justified or discussed as a limitation. Arteaga et al. 2022, (Global Biogeochemical Cycles:
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2022GB007389) showed that surface-only retrievals sys-
tematically misrepresent subsurface productivity, particularly in the Southern Ocean. The manuscript should acknowledge surface-
only assimilation as a known limitation.

Answer: Most operational systems still only assimilate satellite chlorophyll. Hence, the surface-only constraint is a challenge
faced by most operational systems and is not unique to this study (Skdkala et al., 2025).

To avoid updating purely the surface phytoplankton, our study follows the practice in some operational systems by updating
the chlorophyll and carbon throughout the ocean mixed layer (Ford, 2021) as discussed in L144 in Sect. 3.1. This treatment
could reflect the impact of assimilating carbon product on existing DA setup. Moreover, the ensemble system has sub-surface
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information from the model dynamics. For example, the deep chlorophyll maximum can be updated by related covariances from
the ensemble (Pradhan et al., 2020), which is not used in this study.

In L26 of introduction, we added the reference.

One limitation of satellite ocean colour is its inability to differentiate the vertical structure of the euphotic zone near the ocean
surface (Arteaga et al., 2022).

In L110 in Sect. 2.2, we rephrased:

As our goal is to investigate the effects of assimilating the carbon product instead of constructing the best performing DA system,
we follow common practices in operational systems (Skdakala et al., 2025). In this study, two datasets are assimilated into NEMO-
MEDUSA: a new monthly phytoplankton carbon product and a chlorophyll-a dataset for reference. This means that the DA system
inherits some challenges in operational DA as we do not assimilate additional observations to improve vertical profiles.

In conclusion, we added:

A reliable ensemble could further lead to multivariate DA increments that could perform better than the post-processing scheme
used here as demonstrated by Pradhan et al. (2019). ... Furthermore, this study follows the common practice of operational DA
systems by only assimilating satellite ocean colour (Skédkala et al., 2025). This means that updates to the subsurface structure
are not as accurate as assimilating profiles of marine ecosystem variables such as BGC-Argo data. Hence, it is also of interest to
investigate a DA system that assimilates both vertical profiles along with ocean colour data.

. Absence of independent validation

All evaluation metrics in the paper are computed against the same products that were assimilated chlorophyll and carbon from
satellite, which means the reported RMSD reductions measure how well the system fits its training data, not whether the model
state has become more realistic. This limitation is acknowledged only in the final sentence of the manuscript. It should be
discussed in the conclusions, alongside identification of independent datasets that could be used in future work: BGC-Argo
profiles for subsurface chlorophyll and carbon, and SOCAT for surface pCO, are examples of candidates. The observations
section (Section 2.2) should also be restructured to clearly separate datasets used for assimilation and experiment setup sections
from datasets used for validation.

Answer: We agree that this is a limitation of this work. In the revised manuscript, we added an assessment of the state from data
assimilation using BGC-Argo data for phytoplankton chlorophyll and in situ measurements from the North Atlantic Aerosols and
Marine Ecosystems Study (NAAMES) for phytoplankton carbon assessment.

In Sect. 2.2, we added a new subsection describing the independent observations.

Independent assessment observations

To assess the DA system, we use in situ observations of chlorophyll and carbon data. The in situ chlorophyll data are obtained
from the BGC-Argo program (Group, 2016; Roemmich et al., 2019). The BGC-Argo program extends the Argo program, which
is an international program that deploys automatic instruments floating with ocean currents. The BGC-Argo floats provide vertical
profiles for both physical variables such as temperature, salinity, and pressure, and biogeochemical variables. In this study, only
quality-controlled measurements of chlorophyll with delayed-mode corrections from the upper 50 m were used, focusing the
evaluation on the near-surface productive layer and the depth range most directly influenced by the DA. During the experiment
period, the dataset has, on average, 448 observations per month.

The in situ observations of carbon are not routinely monitored, and hence are less common compared to chlorophyll. Here,
we use the analytical measurements of phytoplankton carbon from the field campaign in the North Atlantic Aerosols and Marine
Ecosystems Study (NAAMES). The project provides ship-based measurements for plankton stocks, rate processes, and community
compositions. These in situ carbon observations are analytically determined for cells less than 64 pum using a BD Influx Flow
Cytometer using methods detailed by Graff et al. (2015). Due to the limitations of the field campaign, the in situ dataset is limited
to Northwest Atlantic and weeks of data in November 2015 and May 2016.

In Sect. 5.1.2, we added:

The effect of the DA is here demonstrated by the root mean square difference (RMSD) between the ensemble mean of monthly
averaged model forecasts and monthly composite observations. We first compare our model forecasts with independent in situ
observations in Fig. 4 using the root mean squared difference of the logarithm of chlorophyll and carbon. The assessment is
performed at observation locations using linear interpolation from model grid points. For convenience, the point observations
are considered as monthly averaged values, which could cause additional errors in this evaluation. In Fig. 4a), the RMSD of the
chlorophyll is calculated for the upper 50 m (around 18 model levels) of the ocean for model forecasts and observations. All
experiments assimilating chlorophyll show reduced RMSD of chlorophyll compared to Freerun. Experiments assimilating carbon
without chlorophyll show slightly increased RMSD of the chlorophyll. This suggests that assimilating carbon product does not
necessarily improve chlorophyll in MEDUSA.
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Figure 4: Differences in RMSD between DA experiments and Freerun normalised by the RMSD of Freerun between the logarithm of
monthly model forecasts of and composites of chlorophyll from Argo and field campaign data from NAAMES on the left axis. The
RMSD of Freerun is shown as a dashed red line on the right axis. The crosses represent comparisons with modelled total carbon while
the dots represent comparisons with modelled non-diatom carbon.

The comparison with in situ carbon observations is more complicated because the carbon observations include only cells smaller
than 64 um. MEDUSA has no explicit definition of the size of diatom and non-diatom phytoplankton. Hence, in Fig. 4b), we
compare the observations with model variables of both total phytoplankton (cross signs) and non-diatom phytoplankton (dot signs),
which is considered to represent “small” phytoplankton. Assimilating chlorophyll has little impact on the RMSD of non-diatom
carbon in November 2015. The RMSD of non-diatom carbon is reduced by assimilating carbon in November 2015 but the RMSD
is increased in May 2016. The increased RMSD by assimilating carbon could be a result of post-processing and mismatch between
the observations and PFTs, especially considering the seasonal dependence of the results. When comparing with total modelled
carbon, assimilating carbon better constrains the carbon than assimilating chlorophyll regardless of season. Nevertheless, the
impact of DA on the RMSD of carbon is smaller in November 2015 than in May 2016. For both carbon and chlorophyll, Daily
Chl shows better performance than monthly assimilations. Overall, simultaneous assimilation of chlorophyll and carbon provides
a balanced RMSD reduction compared to assimilating a single type of phytoplankton composition.

We added potential validation datasets for other variables at the end of the conclusion.

Moreover, independent observations will be needed to quantitatively validate the DA system in addition to phytoplankton chloro-
phyll and carbon. For example, BGC-Argo floats, the Surface Ocean CO, Atlas (SOCAT) or World Ocean Atlas datasets could be
used for nutrients, oxygen, and carbonate variables.

8. Seasonality deterioration from chlorophyll-only assimilation

The finding that assimilating chlorophyll alone with post-processing can deteriorate the seasonality of modelled global phyto-
plankton is currently buried in the seasonality section. Given that most operational biogeochemical DA systems rely exclusively
on chlorophyll assimilation, this negative result has direct practical implications for the community and should be elevated, or at
least acknowledged, in both results and conclusions.

Answer: We added a discussion on this in the conclusions, but we have limited this to the specific modelling system because our
results may not be generalised to other models. For example, we see a seasonal discrepancy with Pradhan et al. (2019).

In L491 of the conclusion, we added

However, these adjustments to variables other than the assimilated product could also lead to increased differences with observa-
tions and can deteriorate the seasonal variation in some regions. For example, in Monthly Chl+, the seasonality of phytoplankton
carbon could deteriorate. This finding could suggest deteriorated seasonality for other DA systems assimilating chlorophyll alone,
but, considering the seasonal discrepancy of RMSD with Pradhan et al. (2019), this could also be model and period dependent,
which requires further investigations.

9. pCO; degradation in the Daily Chl experiment

The Daily Chl experiment, which most closely resembles current operational biogeochemical DA systems, produces increased
pCO, growth relative to Freerun, attributed to strong phytoplankton reduction in the eastern equatorial Pacific and increased
zooplankton respiration. This is a potentially important and worrying result suggesting that high-frequency chlorophyll-only
assimilation, as currently practised operationally, may degrade the carbon cycle representation. This finding deserves deeper
discussion, including a mechanistic explanation and an assessment of its implications for operational systems. Similarly, the
mechanism behind the highest oxygen increase in the Monthly Chl & C experiment is not explained and should be addressed.

Answer: The Daily Chl experiment does not closely resemble the operational systems because it does not update phytoplankton
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Figure 5: The time series of the differences of the ensemble mean of the spatially averaged phytoplankton carbon, zooplankton and
primary production between the Monthly Chl & C and Freerun.

10.

carbon and other variables as done in operational systems. Figures 6 and 10 (in the submitted manuscript) show similar spatial
patterns between Daily Chl and Monthly Chl experiments, while Monthly Chl+ shows different patterns. This suggests that the
degradation is mostly because phytoplankton carbon is not updated, which is performed by balancing schemes in operational
systems. The degradation is less pronounced for Monthly Chl because of the infrequent update of chlorophyll. As Monthly Chl+
is more consistent with operational systems, our results do not imply operational system may degrade carbon cycle representation.

In these experiments, phytoplankton, primary production and zooplankton all decreased compared to the Freerun. Hence, the
increased oxygen is likely a result of the reduction in oxygen consumption by zooplankton exceeds the reduction in oxygen
production by photosynthesis. This is consistent with Fig. 10 where the zooplankton is reduced.

We added this explanation:

The increased oxygen in these experiments is a result of less consumption of oxygen from the reduced zooplankton. This reduction
in oxygen consumption exceeds the reduction in oxygen generation from photosynthesis due to reduced phytoplankton.

One-way coupling, reduced state vector, and post-processing redistribution

These are reasonable first-implementation choices but they limit how far improved skill can be attributed specifically to the
information content of the carbon product rather than to the mapping and redistribution scheme. The manuscript does not discuss
these structural limitations critically enough. In particular, the proportionality assumption underlying Equation 1 where DA
increments are distributed to diatom and non-diatom PFTs in proportion to their forecast fractions assumes that all PFTs respond
proportionally to a perturbation, which is not generally true. Pradhan et al. (2020), already cited in this manuscript, demonstrated
that PFTs do not always change proportionally, and this limitation should be acknowledged clearly in the methods.

Answer: We agree that marine biogeochemical processes can have significant impact on physics (Manizza et al., 2005; Skédkala
et al., 2022). However, for operational systems that perform data assimilation, it is still uncommon to use two-way coupled
models (Gehlen et al., 2015; Yumruktepe et al., 2022; Polton et al., 2023). We adjusted the introduction and acknowledge that this
could limit the accuracy of the model forecast.

The marine ecosystem model coupled to NEMO is the Model of Ecosystem Dynamics, nutrient Utilisation, Sequestration and
Acidification (MEDUSA), an intermediate complexity model (Yool et al., 2013). Although marine biogeochemical processes can
have a strong impact on physics (Manizza et al., 2005; Skékala et al., 2022), the models in current DA systems are still primarily
one-way coupled (Gehlen et al., 2015; Yumruktepe et al., 2022; Polton et al., 2023). Hence, even though two-way coupling can
provide a better feedback between the ocean and biogeochemistry, following the common practice of using one-way coupled
model avoids the need to investigate the impact of two-way coupling, which is outside the scope of this work. Hence, the coupling
to NEMO is one-way; that is, the marine ecosystem model is forced by the physical ocean, but has no feedback from the ecosystem
to the physics.

We added the acknowledgement of the limitation of the post-processing scheme and the benefits of using the ensemble covariance
in Sect. 3.1.

Although, technically feasible in this system, this approach was not investigated in the context of MEDUSA, which requires
further tuning of ensemble perturbations for ensemble cross error covariance. Investigating the update by ensemble covariance
deviates from our goal of investigating the impact of the carbon product on the DA system. Hence, even though heuristic and
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potentially less optimal than relying on ensemble covariance, this work follows the practice in variational operational DA systems
where increments in total phytoplankton are distributed to other model variables, including diatom and non-diatom PFT, by post-
processing following Ford (2021).

11. Cross-product inconsistency

The combined assimilation does not bring the averaged misfits closer to zero, and the chlorophyll:carbon ratio in observations
differs from the model. The joint-assimilation result should be framed explicitly as a compromise under imperfect product con-
sistency, not as a solution.

Answer: The non-zero misfits could be a result of either model errors or inconsistencies between the observational products. The
carbon data are derived based on chlorophyll data and their ratio is validated by Sathyendranath et al. (2020). Hence, it is likely
that the inconsistency arises from model errors.

To further illustrate this, we added the following in Sect. 5.1.1.

As suggested by the histogram, the errors of the modelled carbon and chlorophyll have different signs, and the use of a balancing
scheme may struggle to correctly handle corrections for both chlorophyll and carbon. Considering the carbon data are derived
based on chlorophyll data and their ratio is validated by Sathyendranath et al. (2020), in addition to the balancing scheme, the
inconsistency of different signs may also arise from model errors.

12. Speculative claims about complex models

Lines 503-506 assert that more complex models such as ERSEM or REcoM2 would likely produce more robust DA responses to
perturbations in carbon or chlorophyll. This claim is unsupported by evidence or references and should be reframed as a hypothesis
for future work. If the authors wish to maintain it, they should cite studies comparing DA performance across models of different
complexity.

Answer: There are comparisons of different models by assimilating chlorophyll for regional modelling but they do not investigate
a carbon product (Ciavatta et al., 2025).

We rephrased the sentence to show it is a hypothesis for future work.

In MEDUSA, carbon and nitrogen are assumed to have a fixed stoichiometric relationship. By contrast, more complex models
such as ERSEM (Butenschon et al., 2016) or quota-based models like REcoM2 (Schourup-Kristensen et al., 2014) may exhibit
distinct responses to perturbations in carbon or chlorophyll. For example, Ciavatta et al. (2025) compared responses to assimilating
chlorophyll in models of different complexities. It is of interest to make such comparisons for carbon products. We hypothesise
that in more complex models, where the representation of carbon and chlorophyll dynamics is more sophisticated, the DA is likely
to produce more robust ecosystem responses.

13. Model spinup

The coupled NEMO-MEDUSA model is spun up for only 15 years prior to the assimilation experiments. While this may be
sufficient to equilibrate surface biogeochemical variables, it is generally considered inadequate for full equilibration of deeper
ocean carbon cycle variables such as dissolved inorganic carbon and alkalinity, which can require centuries to millennia to reach
steady state. The authors should acknowledge this as a limitation and discuss whether residual drift in the deeper carbon cycle
variables could influence the surface pCO; and oxygen results presented in Section 5.4.

Answer: We acknowledge that the deep ocean carbon cycle could affect the surface pCO, and oxygen by large-scale circulation.
However, these processes typically operate on timescales longer than the two-year experimental period. Furthermore, since our
DA experiments are compared with FreeRun, they are subject to the same deep ocean conditions. It is unlikely that this could
affect our comparisons between different experiments.

We added a discussion in Sect. 4.

The coupled NEMO-MEDUSA model is spun up without DA for a period of 15 years to create the initial state before applying
the ensemble perturbation. The 15-year spinup is sufficient to equilibrate surface biogeochemical variables, but the deeper ocean
variables may not be able to reach a steady state within the spinup period as they may require centuries or millennia to reach
steady state. However, all of our experiments are performed under the same deep ocean conditions which should therefore have a
limited impact on our comparisons between experiments.

Minor Concerns

1. The abstract does not mention the two key negative results identified in this review: the deterioration of phytoplankton seasonality
from chlorophyll-only assimilation, and the increased pCO, growth in the Daily Chl experiment. Given their practical implications
for operational systems, at least a brief acknowledgement of these findings should be included in the abstract.

Answer: As discussed in point 9 of the major concerns, we are convinced that the pCO, degradation is not an important result.
But we reported the deterioration in seasonality in Monthly Chl+ in the abstract.

In the abstract, we adjusted the text:
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We demonstrate that, compared with assimilating only the chlorophyll product, which may degrade the seasonality of phyto-
plankton carbon, assimilating the new carbon product can provide different patterns of adjustment and seasonal anomalies in
phytoplankton concentrations, surface pCO,, and oxygen.

2. Inline 90: the sentence “In MEDUSA, the primary currency of nitrogen drives the model evolution” is unclear. The authors should
clarify what is meant and explain more transparently how chlorophyll is diagnosed from nitrogen via a space- and time-dependent
scaling factor. As written, this passage is likely to confuse readers unfamiliar with the specific MEDUSA formulation.

Answer: We rephrased the sentence:
In MEDUSA, the phytoplankton biomass is represented by nitrogen. The phytoplankton chlorophyll is also explicitly modelled
as a prognostic variable, influenced by the primary production of the phytoplankton biomass.

3. The relationship between PDAF and LESTKF should be stated more explicitly. The authors should clarify that PDAF is the
computational framework within which LESTKF operates as the specific ensemble DA algorithm.
Answer: We adjusted the sentence to:
This study adopts the local error subspace transform Kalman filter (LESTKEF, Nerger et al., 2012), which is a specific ensemble
DA algorithm provided by the computational framework of PDAF.

4. The authors are encouraged to summarise the experimental design in a table, listing for each experiment: the assimilated vari-
able(s), the model variables directly updated, whether post-processing is applied, and the temporal frequency of assimilation.

Answer:

Table 1: Summary of the data assimilation experiments. “Directly updated” refers to variables modified by the data assimilation analysis,
whereas post-processing refers to the additional increment-based adjustment defined in Eq. (1).

Experiment Observation(s) Model variable(s) directly updated  Post-processing Frequency
Freerun None None No None
Daily Chl Chlorophyll Chlorophyll No Daily
Monthly Chl Chlorophyll Chlorophyll No Monthly
Monthly Chl+ Chlorophyll Chlorophyll Yes Monthly
Monthly C Carbon Carbon No Monthly
Monthly C+ Carbon Carbon Yes Monthly
Monthly Chl & C  Chlorophyll & carbon  Chlorophyll & carbon No Monthly

5. Section 5 states that pCO; and oxygen are evaluated “without available observations.” Observational products for both variables
exist for example SOCAT for surface pCO,, and World Ocean Atlas or BGC-Argo for oxygen. The correct statement is that the
authors chose not to validate against these datasets in the present study.

Answer: We rephrased L.210 to:

We further assess the influences of each experiment on marine ecosystem variables such as PFTs, zooplankton and gases such as
pCO; and oxygen without validating these variables against in situ datasets in the present study.

6. The citation of Falkowski, even if broadly still used should be updated with more recent ones. In this sense, the statement that
phytoplankton ‘account for 40% of global carbon uptake’ is broadly correct but ambiguous. The authors should rephrase to refer
explicitly to global primary production or carbon fixation rather than carbon uptake and update the refrences.

Answer: We rephrased the sentence with more recent references:

In particular, as the base of the food web, phytoplankton sequestrate carbon and emit oxygen, accounting for 50% of total global
net primary production estimated on the order of 50 Gt C yr~! (Falkowski, 1994; Buitenhuis et al., 2013; Johnson and Bif, 2021;
Ryan-Keogh et al., 2023).

7. Consider adding Skakala et al. 2024, (Progress in Oceanography: https://www.sciencedirect.com/science/article/
pii/S0079661124000557) to the motivation, as they demonstrated that phytoplankton community composition is the most un-
certain and least observable marine ecosystem indicator when inferred from surface chlorophyll alone, which supports the argu-
ment for assimilating additional ocean-colour products such as phytoplankton carbon. Add the suggested papers, if necesarry to
the reference list

Answer: We added this in the introduction:

Yet, as discussed by Skdkala et al. (2024), phytoplankton community compositions are the most uncertain and least observable
variables in the marine ecosystem even when a balancing scheme is applied.
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Other minor suggestions

1. The authors are encouraged to clarify the distinction between “marine ecosystem model” and “ocean biogeochemical model”,
which are used somewhat interchangeably throughout. While both refer to MEDUSA, they carry different conceptual emphases:
the former typically refers to biological components such as phytoplankton, zooplankton, nutrients and detritus, whereas the latter
emphasises chemical cycles including carbon, oxygen and alkalinity. Since MEDUSA encompasses both, the authors should
acknowledge this explicitly and be consistent in their use of terminology thereafter.

Answer: We changed “marine biogeochemical model” to “marine ecosystem model” in the manuscript.

2. The term “primary currency” (line 90) should be replaced with a clearer expression such as “master prognostic variable”, or simply
clarified that the model is nitrogen-based with all other biogeochemical variables derived from or scaled to nitrogen.
Answer: We rephrased the sentence:

The model includes nutrients, phytoplankton, zooplankton and detritus to simulate marine nitrogen, silicon, iron, alkalinity and
oxygen cycles with a benthic ecosystem for seafloor organic pools. In the model, the evolution of phytoplankton concentration is
primarily represented in terms of nitrogen biomass.

3. The authors should be more precise in their use of “chlorophyll” versus “chlorophyll-a”. The OC-CCI product assimilated is
specifically chlorophyll-a, and in the text the generic term “chlorophyll” is systematically used.
Answer: The term “chlorophyll” is used interchangeably with “chlorophyll-a” in ocean biogeochemical modelling.
We added in the introduction:
Note that, for brevity, chlorophyll-a and chlorophyll are used interchangeably in this study.
4. The word “analysis” is used in two distinct senses throughout: its DA meaning as the corrected model state after assimilation and

its general scientific meaning, as in “data analysis”. This dual use could confuse readers unfamiliar with DA terminology. The
authors should disambiguate where necessary, adopting “DA analysis” or “analysed state”

Answer: Among all occurrences of the word “analysis”, “data analysis” is only used in the code and data availability section.
Therefore, we believe the term “analysis” is used exclusively for “DA analysis” in the manuscript.

5. The term “balancing scheme” is used repeatedly but never explicitly defined. The authors should provide a concise self-contained
definition upon first use, clarifying that it refers to a method for redistributing DA increments from an observed variable into other
unobserved model variables based on assumed stoichiometric relationships.

Answer: We rephrased the following sentence in introduction:

Hence, operational marine biogeochemical DA requires balancing schemes, which distribute DA increments of chlorophyll to
other model variables for a consistent model state across variables, e.g., different phytoplankton compositions and nutrients, after
the DA update (Hemmings et al., 2008), or rely on estimates of error covariances from an ensemble of model forecasts (Pradhan
et al., 2020).

6. The term “benchmark” (line 120) is slightly misleading. The chlorophyll product is not merely a passive reference, it is itself
an active assimilation product being tested and compared throughout the study. The authors should replace it with “reference
experiment” or similar.

Answer: Changed.

Figures
The authors are encouraged to revise all figures to improve readability and quality. Specific comments follow:

1. Figure 1: The boxes and circles should be made larger, with larger text inside them. Several acronyms used in the figure : PDAF
and LESTKEF are not defined in the caption, forcing the reader to consult the main text. These should be spelled out in the caption
so the figure is self-contained. Additionally, the phrase “resulting analysis” in the caption is ambiguous and should be clarified
explicitly as referring to the reconstructed state used to reinitialise the following ensemble forecast.

Answer: Changed
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Ensemble perturbations

Parameters: Tab. A2

Initial conditions: S, T

reanalysis
forcing

Surface phytoplankton
chlorophyll / carbon obs
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Ensemble perturbations

Parameters: Tab. A1
Initial conditions: Chlo, N

forecast

Figure 6: An illustration of the data assimilation system where an ensemble of forecasts is obtained from the one-way coupled NEMO-
MEDUSA forced by the JRA-55 reanalysis whereas the satellite surface chlorophyll and carbon observations are assimilated. The anal-
ysis (reconstructed state) is used to initialise the following ensemble forecast. Perturbed parameters are listed in Tab. A2 for MEDUSA
and Tab. A1 for NEMO. Here, Parallel Data Assimilation Framework (PDAF) is the computational framework and local error subspace
transform Kalman filter (LESTKF) is the DA algorithm provided by PDAF.

2. Figure 2: The line width of all curves should be increased to improve visibility.

Answer: Changed.
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Figure 7: The histogram of the misfit between observations and forecast for log-transformed variables at the analysis step. Large
observation and forecast misfits with low probability in a) are neglected for display purposes. The mean of the misfits for each experiment
is presented as vertical lines. This histogram was constructed by global instantaneous data used by DA over the entire experiment period.

3. Figure 3: The x-axis date labels overlap and should be adjusted, for example by rotating them or reducing their frequency. The
legend is too small and should be enlarged. The use of red for the right-hand axis is discouraged as it is not accessible to colour-
blind readers and should be replaced with a colour-blind friendly alternative throughout.

Answer: Changed.
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Figure 8: Upper row: time series of the RMSD of the ensemble mean of the logarithmic surface phytoplankton a) chlorophyll and b)
carbon. The left axis shows the differences of RMSD between DA experiments and Freerun normalised by the RMSD of Freerun, and
the right axis shows the RMSD of Freerun (red line). The light gray horizontal line is the zero line representing no global adjustments
compared to Freerun. The inset in a) is the RMSD difference of chlorophyll in the “Daily Chl” experiment. The horizontal dashed lines
with shaded area are the temporal average of the RMSD, and the shaded area represents the 95% confidence interval of the temporal
average. Lower row: reliability score of the ensemble of surface phytoplankton a) chlorophyll and b) nitrogen compared against the
assimilated observations derived from CRPS. The left axis is for the reliability differences between each DA experiment and Freerun,
and the right axis is the reliability score of Freerun (red line). The inset in c) is the reliability differences of chlorophyll in the “Daily
Chl” experiment.

4. Figure 4: The use of red and green is not accessible to colour-blind readers and should be replaced with a more inclusive colour
palette. Font sizes for all labels should be increased. The caption should be simplified by structuring it as ”First row... second
row. .. ” rather than the current format.

Answer: Changed.
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Figure 9: Scatter plot of the ensemble mean increment against the ensemble spread increment on a log scale. Here, the LESTKEF is
performed on transformed variables following the Gaussian distribution, and the physical values are the ensemble mean and standard
deviation of the phytoplankton concentrations. First row: Chlorophyll increment and spread increment; second row: carbon increment
and spread increment. The “Monthly Chl[+]” represents both “Monthly Chl” and “Monthly Chl+” experiments, and “Monthly C[+]”
represents both “Monthly C” and “Monthly C+” experiments; the variable is given after the colon.

5. Figures 5, 6 and 7: The captions are unnecessarily long and repetitive. In particular, the sentence describing how differences are
computed appears verbatim across all three figures.

Answer: We removed repetitive description in Figs. 6 and 7 by saying that they are similar to Fig 5, but for different variables.
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