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A data-model synthesis to explain variability in calcification
observed during a CO- perturbation mesocosm experiment
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Correspondence to: Shubham Krishna (skrishna@ geomar.de) and Markus Schartau (mschartau @ geomar.de)

Abstract. A series of studies were conducted to investigate effects of ocean acidification (OA) on plankton dynamics. Among
those were experiments with tanks or bags called mesocosms, with some enclosed water volume that typically comprised
a natural plankton community. These mesocosms were typically perturbed and exposed to different carbon dioxide (CO,)
concentrations. Few studies focused on the impact of OA on growth of the coccolithophorid Emiliania huxleyi, a marine
calcifying algae.

In our study we investigate data from a OA mesocosm experiment with Emiliania huxleyi and we apply an optimality-
based model approach to study temporal changes and variability in observations, with focus on differences in total alkalinity
(TA) and calcification. We explore how much of the observed variability in data can be explained by variations of initial
conditions and by the effect of CO4 perturbations. According to our model approach, changes in cellular calcite formation are
resolved at the organism-level in response to variations in CO5. With a data assimilation (DA) method we obtain estimates
of initial conditions and of model parameters that determine photoautotrophic growth conditions. We compare ensembles
of three distinctive model solutions that resolve low, medium and high calcification rates. Optimal estimates of the initial
relative fraction of coccolithophores turned out to be correlated with estimates of the physiological model parameters. The
spread of the optimised ensemble model solutions captures most of the observed variability. Optimised model solutions of
the high COs treatment are shown to systematically overestimate observed PIC production during a short period immediately
after the maximum of the bloom. Hence, the CO, effect on calcification introduced to the model is insufficiently pronounced
during this period. Our model results yield large differences in optimal mass flux estimates of carbon and of nitrogen even
between mesocosms exposed to similar CO, conditions. Thus, our results show that small variations in initial abundance of
coccolithophores and the prevailing physiological acclimation states between the individual mesocosms generate differences

in calcification that are larger than the change in calcification induced by OA.
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Response to comments of Referee #1
Krishna and Schartau 2016

Correspondence to: Shubham Krishna (skrishna@geomar.de) and Markus Schartau (mschartau @ geomar.de)

We thank anonymous Referee #1 for detailed and useful comments. Many of the referee’s suggestions will be considered.
Below, we provide answers to all questions. With our responses we hope to sort out all ambiguities. Suggestions are made with
respect to rewriting some paragraphs and restructuring the manuscript, e.g. by moving parts of the model description to the

Appendix. Most of the proposed changes are currently applied to a revised manuscript version, mainly to ascertain feasibility.

General comments by anonymous Referee #1:

Comment 1: The authors are rigorous in their approach and have the willingness to describe their model application exten-
sively. This makes that in its present form, the manuscript is not really accessible to readers that are not expert in modeling.

Author’s response: We understand the referee’s concern and we think that the model description can be shortened. However,
details of our model approach need to be accessible. We prefer to leave the general description of the processes resolved by the
model in the main body of the text. The detailed dynamical model equations (mathematical description of all source minus sink
terms) can be moved to the Appendix with little restructuring. This way we are able to shorten text in the subsection “Mod-
elling approach” considerably. For example, the entire paragraph on optimal resource allocation (e.g. between light harvesting

complex and sites of nutrient acquisition) may then appear in the Appendix.

Comment 2: The methodology and the analysis of model results are described in a very detailed manner (see my comments
below) and this sometimes prevents capturing the forest from the trees. The results section is, in some places, a succession of
facts that are not enough integrated and may loss the reader.

Author’s response: We realised that it would not be critical to condense and remove content (text and figures) from the results
section. As proposed by Referee #2, we will merge Figs. (3) and (4). We admit that an explicit presentation of simulation
results of transparent exopolymer particles (TEP) is not really relevant for our study and Fig. (6) can be removed. Furthermore,
the entire discussion on possible differences between specific rate constants of carbon and nitrogen exudation is not needed to
interpret the major outcome of the study. In fact, we learned that the consideration of a parameter C' Ny, that describes such
possible difference is not fully consistent with the imposed assumptions of optimal resource allocation in our model. The value
of C'Ngyet has to be equal to one, as assumed in our model approach in the first place. Thus, a parameter like C' Ng, is negligible
in our case and it will be removed from our model and from this study.

Figure (9) (ensemble of medium calcification solutions) does not provide much additional information, given that Figs. (8)
and (10) are already shown. We decided to remove Fig. (9), which was also recommended by Referee #2. Figure (15) was
introduced to clarify that some model results are slightly biased, with a build-up of coccolithophore biomass that is too fast.

We eventually decided to not to omit Fig. (15) but refined it.
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The removal of Figs. (6, 9), the combination of Figs. (3 and 4), makes the study more concise.

Comment 3: I would like them to clarify what is the added message compared to Eggers et al., (2014) who already stressed
that variations in initial plankton composition can be responsible for large differences in the responses observed.

Author’s response: We will consider this aspect and will revise the text. Briefly, our results not only support the findings of
Eggers et al. (2014), they provide additional insight to the problem of resolving a CO5 response in the presence of variability
in measurements. With our analysis we make inference about the linkage between phytoplankton growth dynamics, calcifica-
tion, variability in observations and uncertainties in model results. We determine the conditional probability of how well the
experimental data can be represented by our dynamical model approach. The analysis of an ensemble of statistically equivalent
model solutions (according to maximum likelihood estimates) differs from a statistical treatment and analysis of the experi-
mental data, e.g. as described in Eggers et al. (2014). Our study includes a mechanistic description of algal growth, thereby
resolving nonlinearities with respect to carbon and nitrogen acquisition and chlorophyll a synthesis. Based on our data assim-
ilation approach we obtain maximum likelihood estimates of important model parameters. These estimates determine model
solutions of carbon and nitrogen flux for all nine mesocosms. The model resolves temporal variations of specific variables that

are not resolved by the available measurements (e.g. diurnal variations).

One added message is that our mass flux estimates are shown to differ more between the different calcification solutions than
between the different CO; treatments. This situation exemplifies that simulation results (e.g. future model projections) may
involve uncertainties in flux estimates that are larger than the CO5 effect introduced to the model (e.g. by following Findlay
et al., 2011). Another added message is that initial conditions may not be independently estimated from estimates of phyto-
plankton growth parameters, like opny and iocco. This is particularly relevant for model assessment and model analyses of

mesocosm experiments.

Some other message is that the original design of the experiment was meaningful, in particular with respect to the initial
filling of the mesocosms. The retrospective separation the CO- response signal from the system’s variability was only possible
because mesocosms with similar initial conditions were subject to different CO, concentrations. Such separation would be
more difficult in retrospective if mesocosms with similar initial conditions would have been (by chance) exposed to similar

CO,, levels.
To facilitate data analysis of a mesocosm experiment it is meaningful to 1) analyse details of initial conditions (e.g. feocco and
f200) prior to perturbation (assuring that similar replicate mesocosms do not get exposed to identical CO4 levels), 2) perform

side experiments that can reveal the photosynthetic efficiency during the exponential growth phase.

We will revise parts of the discussion and conclusion section in order to straighten the above points.
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Comment 4: However, as the authors correctly pointed out parameters may be collinear and this is not sure if a variation of
less than 20 % of the photosynthesis efficiency as found by the authors (page 21, line 4) is really significant and does not
compensate for a change in another parameter (to which alpha is co-linearly linked) that is not included in the 7 selected for
the DA experiments.

Author’s response: A discussion on possible collinearities of av.o.co With some other fixed parameter is not helpful here. How-
ever, the referee has raised some important point that needs attention and should be better described in the text. The estimates
of ceocco are negatively correlated with the estimates of feocco and with appy (see Table 4). With respect to the initial abundance
of coccolithophores we may add few sentences for clarification. We suggest to depict relevant combinations of both parameters
Qeoceo AN feoceo to explain the major differences between the low and high calcification solution. The revised text (highlighted
in red) would then read as follows:

“Major differences between the LC and HC solutions can thus be attributed to higher avocco Values (median eoeco = 1.7 mol
C (g Chl ¢)~! m®> W~ d=1) in HC posterior distribution compared to LC (median crcocco = 1.4 mol C (g Chl @)~! m? W—!
d1). The estimates of oo are negatively correlated with the estimates of feocco (Table 4) and we may therefore look on
the combination of the two parameters. To do so we compare two extreme solutions, selected from the ensemble solutions of
LC and HC respectively. One extreme solution yields the lowest calcification among all HC solutions, based on the parameter
combination (teocco = 1.84 mol C (g Chl @)~ * m?Z W1 d™ !, fieeo = 0.34). The other selected solution represents the highest
calcification of all LC solutions, which corresponds with (ctcocco = 1.59 mol C (g Chl @) ™' m? W1 d™! | fiocco = 0.35). Thus,
it is mainly the photosynthetic efficiency a.occo to which the model solution is highly sensitive to. Hence, a difference of ~ 0.3
mol C (g Chl @) ! m? W—! d~! can effectively determine the differences in our simulations with respect to rates of carbon

fixation and calcification. ”

Comment 5: I would like to see the authors explain how their results are sensitive to the choice of the 7 parameters on which
they decided to spend estimation effort. These parameters are selected without any clear justification.

Author’s response: A full description of the parameter selection process would go beyond the scope of our study presented
here. Furthermore, there is no purely objective reasoning, but the decision is based on results from preparatory analyses. Al-
though we are obliged to reduce content of the method section, we think it is worthwhile adding few sentences in this respect:
“The decision on which parameters should become subject to optimisation is based on a series of preceding parameter opti-
misations and subsequent sensitivity analyses. A major objective is to reduce the number of parameters for optimisation to
a meaningful minimum. This facilitates the identification of those parameter values that are of primary concern. Since we
address differences in initial conditions in our study, we consider four parameters that determine these differences and they
need to become subject to optimisation. The additionally selected three growth parameters are amongst those to which the
model solution is most sensitive. The model solutions are also highly sensitive to variations of the maximum potential nitrogen
uptake rate (V{;"). This parameter is excluded from optimisation, because it is not possible to obtain estimates of (1/;"*) that
are independent of estimates of the photosynthetic efficiency. Therefore, a value is assigned to V™ that is typical and was

used for simulations of other experiments (e.g. Pahlow et al., 2013), ensuring credible estimates of those parameters that are
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optimised in our study. The mesocosm experiment covers only a short post-bloom period and we found other parameters, like
maximum grazing rates and the aggregation parameters, to be weakly constrained by the available data. Their consideration
for optimisation would impede the identification of the other more important parameters. Values assigned to those parameters

that are excluded from optimisation are adapted from other studies (e.g. Pahlow et al., 2013; Schartau et al., 2007).

Comment 6: At the end we are expecting that the authors conclude on how their investigations bring an information on the
potential impact of OA on calcification but this is missing.

Author’s response: We will introduce an extra paragraph to the conclusion section, further emphasising the implications of
our results (see above response to Comment 3). We will also include some suggestions for setup of future mesosocosm studies

on ocean acidification.

The revised paragraph (shown in red) in the end of conclusion section reads:

“ An analysis of data of a mesocosm experiment is often approached by first grouping individual mesocosms according to the
level of perturbation (e.g. the level of DIC added). In some cases, such apparently self-evident approach may not help to reveal
some basic phenomenon in mesocosm experiments. For a meaningful data analysis the mesocosms need not be exclusively
differentiated by the different levels of perturbation but may first be sorted by major differences between relevant response
signals, as done with respect to the magnitude of calcification in our study (by differentiating between LC, MC, and HC). In
mesocosm experiments these differences in responses are likely associated with variations in initial conditions.

With our DA approach we could disentangle three distinctive ensembles of model solutions that represent mesocosms with
high, medium and low calcification rates. The results of our data-model synthesis show that the initial relative abundance of
coccolithophores and the prevailing physiological acclimation states drive the bloom development and determine the amount
of calcification in the mesocosms. Small variations of these two initial factors between the mesocosms can generate differences
in calcification that are larger than the change in calcification induced by OA. In spite of this difficulty, a CO, response signal
may still be identifiable, as long as mesocosms that reveal strongest similarities (with respect to initial composition of plankton
and their physiological state) are not used as replicates for similar CO5 conditions (perturbations). Instead, mesocosms with
similar initial conditions should be exposed to different levels of OA. Such favourable starting conditions were met in the
mesocosm experiment described in Engel et al. (2005) and Delille et al. (2005), as well as in the experiment of Eggers et al.
(2014).

An alternative approach to setting up mesocosms is to gradually increase the level of perturbation for a series of mesocosms.
This way a gradient of different perturbation levels is introduced. The advantage then is that mesocosms that have been collated
according to e.g. lowest and highest response signals (or likewise according to similarities in initial conditions) may then be

separately analysed with respect to their responses to the individual levels of perturbation. ”

Specific comments by anonymous Referee # 1:
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Specific comment 1: I suggest to improve the abstract. I find that lines 1-8 would be better placed in an introduction. Some
parts of the remaining of the abstract is not really accessible to a non-specialized reader in DA.

Author’s response: We will consider this suggestion.

Specific comment 2: Abstract line 13: "We explore how much of the observed variability in data can be explained by variations
of initial conditions and by the effect of CO2 perturbations." I agree that this is exactly an important possible output of this
type of study but unfortunately it is not enhanced enough in the manuscript. I would like to see a dedicated section/paragraph
on that. (I suppose that by CO2 perturbation the authors are referring to OA?)

Author’s response: Various aspects of “variability” are explicitly addressed in the manuscript: Sect. (3.2) Data-model compar-
ison, Sect. (4.1) Uncertainty ranges in parameter estimates and variability in model solutions, Sect. (4.3) Disentangling CO

effect from the observed variability in PIC.

Ocean acidification (OA) is a wide and general term. In the sentence we refer specifically to a mesocosm CO4 perturbation

experiment. We do not find it appropriate tto change the term “COs5 perturbation” to OA.

Specific comment 3: A table with the list of observations would be helpful and how it relates to the state variables.
Author’s response: A list of observations and how it relates to the state variables is depicted on page 13, see Eq. (25). Abbre-
viations and units are described in the corresponding text. Note that Sect. (2.3.1) will be restructured, see responses to specific

comments 11 and 15.

Specific comment 4: Page 4, line 30: ... "The first is that we distinguish between bulk phytoplankton biomass and the presence
of calcifying algae, coccolithophores like E. huxleyi". It is not clear why this is an additional feature compared to what is
mentioned before.

Author’s response: Yes, we agree. This is redundant information and we will therefore delete the sentence.

Specific comment 5: Page 12, line 9: "We assume a higher C :N ratio (=2%6.625) only for initial detritus". Please add a justi-
fication.
Author’s response: Since the mesocosms were filled with post-bloom, nutrient depleted water masses, we assume that all dead

particulate organic matter has a C:N ratio that is rather typical for such post-bloom conditions.

Specific comment 6: What are the "three distinct patterns in calcification"? I would not use attributable but observed. What do
you mean by "no such clear pattern".

Author’s response: For clarification we will include a new figure (uploaded as supplement material of our response). The
left panel in the figure shows three distinct calcification patterns, reflected in total alkalinity (TA) data. Those mesocosms that

exhibit high TA values (a reduced drawdown during the bloom and post-bloom period) feature rates of low calcification (LC,
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in blue color). Mesocosms with low TA values (a strong reduction of TA) reveal rates of high calcification (HC, marked red).
Rates of medium calcification (MC) are assigned to the remaining mesocosms (with intermediate TA values, marked black).
The right panel shows the respective different CO5 treatments in the same colors as for LC, MC, and HC. The figure shows
that each calcification case (LC, MC, and HC) includes mesocosm of all three CO5 treatments.

Specific comment 7: Page 12, What do you mean by "adapting the same nomenclature", do you mean the same definition of
partitioning of mescosms among different TA levels? It would be helpful to have some information on the general principles
according to which this classification has been done.

Author’s response: By “adapting the same nomenclature” we simply mean the names given to respective mesocosms are the
identical with the names in Engel et al., 2005 and Delille et al., 2005. For example, mesocosm one is referred as M1, mesocosm

two as M2, so on and so forth.

Specific comment 8: Page 12, A significant part of the manuscript is based on the division of the mesocosm experiments in
three main calcification levels and it would be appreciated that further justification is given as concern the statistical signifi-
cance of the differences of the TA change between these three groups of mesocoms. (this has probably be done in other studies
but some minimum justification would be appreciated).

Author’s response: Statistical significance of the differences in TA changes was not tested in Delille et al. (2005). Both studies
(Delille et al., 2005, and Engel et al., 2005) rather focused on statistical significance between the CO treatments. The meso-

cosms were pooled according to the CO; levels, thereby including all variability in calcification.

If the differences in TA between the LC, MC, and HC pooled mesocosms were insignificant we would see this in our max-
imum likelihood estimates of the model parameters as well. This is because we consider mean data, standard errors, and the

correlations between the different observational types (of the pooled mesocosms) in the cost function.

During the post-bloom period, the mesocosms pooled in HC reveal TA changes that are consistently higher than in the LC
mesocosms. In fact, these differences become well reflected in our parameter estimates. Thus, our optimised ensemble model

solutions are providing the statistical evidence that HC and LC are significantly different.

With respect to the mesocosms assigned to the MC (medium calcification) case we see in our parameter estimates and en-
semble model solutions that they are rather close to conditions also met by the HC mesocosms. In this case the differences in
parameter estimates (between MC and HC) are small, although we find significantly different estimates for cvcocco and for f,o,
between MC and HC (see Figs. 3 and 4). Thus, we may have one or two out of the three MC mesocosms that might have been
better assigned to the HC case. However, this is reflected in our DA results and we are primary concerned with the upper and

lower extremes in calcification, as resolved by the six mesocosms in the LC and HC cases.
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Specific comment 9: Page 12, lines 13-16 would be better placed in the analysis of the mesocosm results and not in the design
of the DA experiments. This paragraph is really not clear.

Author’s response: It is not meaningful to move this to the results section. Since this seems to be the core of confusion we
suggest introducing a figure that documents the differences between LC, MC, and HC mesocosms. We will revise the text on
page 12 accordingly. The following points will be further clarified: 1) the selection of mesocosms assigned to LC, MC and
HC is entirely based on the observational data, 2) we simulate all (three) mesocosms of each case LC, MC, HC, 3) in the
cost function we compare the daily means of model results (of those mesocosms of the respective calcification case) with the

observed means (of the same mesocosms), 4) we thus obtain parameter estimates for the cases LC, MC, and HC.

Specific comment 10: Page 12, Reading lines 16-20 does not help me to understand how data assimilation will be used in
order to investigate the variability of TA. It seems that you will group the mesocoms according to their level of variation of TA
and then? Please explain the general idea already here (I agree that it is somehow clarified afterwards).

Author’s response: We think we have addressed this in our responses to the specific comments 6), 8) and 9).

Specific comment 11: In general, the section on DA needs to be reformulated. As it is now it is excessively complicated to
understand why is data assimilation exactly used and what it will bring as a new information. The authors have to make that
clear and to rewrite the technical description in order to target it to the audience of Biogeoscience, which is not necessarily
expert in technics like DA (you may also consider to put some materials in the appendix).
Author’s response: The subsection on data assimilation is an essential part of the study and it describes important aspects. We
again critically reviewed the subsection and we find the description appropriate with respect to accessibility, style and content.
Equations (24, 25 and 26) provide important information, since definitions of the cost function are the major integral part
have been different studies, which has consequences for parameter estimates. However, we will restructure parts of Sect.
(2.3.1), see response to specific comment 15 below.
Some of the complexity of the actual optimisation procedure is reflected in the subsection “Parameter optimisation proce-
dure”. As this might only be of interest for those readers who are involved in applying similar approaches, we suggest moving

this subsection (Sec. 2.3.2) to the Appendix entirely.

Specific comment 12: It will also be very helpful to see further justifications for the choice of the 7 variables/parameters that
are submitted to estimation (using DA).
Author’s response: This comment conforms to the general comment 5) above. You may refer to our answer above, the re-

sponse provided to the respective comment.

Specific comment 13: Considering the objective of the manuscript, this is surprising that parameters linked to calcification are
not selected (e.g. fPIC, fPOC).

Author’s response: fpic is an auxiliary variable (see Table 1) and not a parameter. To our model we have not introduced a
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parameter referred to as fpoc.

Specific comment 14: Moreover, during the modeling experiments the authors realized that other parameters are important
like CNfact , Chla:N but they are not added to the list.
Author’s response: C' Ny, was included in Table (1). Some confusion might have been caused by a small typo that we found
in the text: the parameter name is C' N4 not Cgqcr. This parameter will be removed from the study and its discussion is not
meaningful, as pointed out before in the response to general Comment 2.

6" (Chla:N ratio) is an auxiliary variable (see Table 1). It expresses the photoacclimation state. It varies with time and we

therefore do not need to estimate a constant value for it.

Specific comment 15: Page 12, section 2.3.1: this section needs to be rewritten this is not understandable. Line 26, observa-
tional residual errors, what is the cost function, R is not defined.

Author’s response: We will revise parts of Sect. (2.3.1). Some restructuring should make it easier to understand. The obser-
vation vector y; can be introduced first together with its model counterpart (H; (). This will be followed by the equation that
represents the residuals between data and model results (currently given as Eq. 25). We may then explain the derivation of the
cost function J(O) (Egs. 23 and 24). Thereafter, the calculation of the covariances (R) will be explained, with reference to

details given in the Appendix.

Specific comment 16: Why pCO, and TEPC are not used in the observation vector?
Author’s response: We have included dissolved inorganic carbon (DIC) in the observation vector together with total alkalinity,
which accounts for similar information as pCO». Thus, no additional independent information would be introduced to the cost
function if pCO4 data were added.

With regard to TEP, we found few discrepancies between TEP data depicted in Joassin et al. (2011) and Engel et al. (2005),
and the measurements available from PANGAEA data library. We could not resolve this problem and have therefore decided
not to assimilate TEPC (Alcian blue concentrations converted to carbon units) into our model but to compare the typical con-

centration range only.

Specific comment 17: Page 14, line 1: how do you estimate the daily residual standard errors?
Author’s response: The term “residual” will be removed, as it can be confused with the residuals between the data and the
model results. For every calcification case we calculated daily standard error: standard deviation (o;4) divided by the square

root of the number of samples (mesocosms) available on that particular day (n).

Specific comment 18: Page 17, line 1: Please give argument why this CN factor was not submitted to calibration since it seems

that it is a very critical parameter. I find critical that as shown by Figure 8-10, model performances are not optimal for certain
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variables like chla, PIC, POC, PON, DIC after the bloom, it means exactly when we have variability of TA. This would require
further justification by the authors for considering the model for assessing the TA dynamics during that period.

Author’s response: The model parameter C' N4+ Will be removed from the study and its discussion is not so meaningful,
as described before in the response to general comment 2. Our model represents basic biogeochemical and eco-physiological
processes related to plankton dynamics in a mesocosm experiment. We show in our results (Fig. 5) that the model does repro-
duce most of the data. Given the complex dynamics involved, the model performance is very good. Due to the simplifications
introduced, any model will remain imperfect and will be limited in resolving the complexity of a plankton ecosystem. In Sect.

(4.2) we have explicitly stressed systematic model deficiencies and discuss these biases.

Specific comment 19: Page 12, line 27: How is estimated the standard error? Please specify (R terms?)
Author’s response: How standard errors are calculated is described in the response to Comment 17, above. The correlation

matrices for the exponential growth phase and post-bloom period are given in the Appendix, see Eqs. (B1 and B2).

Specific comment 20: Page 17, line 27: "First of all, from these flux estimates we learn that the CO2 effect introduced to the
model, following Findlay et al. (2011), induces deviations in C flux that are much smaller than the variational range in model
results, as reflected by the respective standard errors". This sentence is very difficult to understand. Please specify which CO2
effect you are referring? Which variation in C flux?

Author’s response: The regression model of Findlay et al., (2011) is implemented in our model to quantify the effect of dif-
ferent CO4 perturbation on PIC formation, which we refer as CO;, effect (as given in Eq. A21). We show in our study (Figs. 11
and 12) that simulated carbon and nitrogen mass flux estimates differ more between the mesocosms with different calcification
rates than between the mesocosms with the different CO- treatments.. However, we do agree with the referee that the line, “as

reflected by the respective standard errors “,might be misleading. Therefore, we will remove the same line..

Specific comment 21: Page 17, line 33: "Carbon flux estimates show, carbon fixation in mesocosm with high CO2 treatment
is slightly higher than in the mesocosm with low CO2 treatment". This difference is not significant if we consider the model
error.

We fully agree with the referee’s comment. Therefore, we will remove the above quoted sentence from our manuscript.

Specific comment 22: Page 19, line 4: "Our results show, regardless of biomass, coccolithophores are always less vulnerable to
grazing than bulk phytoplankton". How does this fact result from model parameterization? The absence of data on zooplankton
prevent a validation of this compartment and renders difficult the draw conclusion on the grazing.

Author’s response: We agree with the referee’s comment. No solid conclusions can be drawn with respect to differences in
grazing. This is because we have no information about the grazing rates. The sentence expresses model behaviour. To avoid

any misunderstanding we suggest rephrasing the sentence:
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“ According to our model solutions, the coccolithophores are always less vulnerable to grazing than the bulk phytoplankton.
This model behaviour may not be representative or conclusive, because we have no information about the actual grazing rates

or about grazing preferences. ”

Specific comment 23: Page 20, lines 21-24: "These considerations were disregarded when we designed this study and we
originally thought of the importance of the relative mass distributions between the state variables resolved by our model, while
imposing fixed initial stoichiometric ratios (C:N and Chla:N). It seems plausible to allow for some variations of the initial
stoichiometric ratios as well". Do you mean that if you had to rebuild the model experiment you would change the list of 7
parameters?

Author’s response: Correct, now that we have indications of the initial acclimation state being important, we would set up
initial C:N and Chla:N ratios as additional parameters for optimisation. Thus, the number of parameters would increase from

7t009.

Specific comment 24: Page 21, line 16: "Model biases and compensating effects are typically seen when applying DA meth-
ods (Bertino et al., 2003; Gregg, 2008)". This sentence is not clear. If it is necessary for the understanding of the rest of the
paragraph, please clarify how DA can typically induce model bias and what are the compensating effects.

Author’s response: The revised sentence reads:

“Model biases disclose systematic deviations of simulation results from observations, which may point towards 1) erroneous
model counterparts to observations (definition of H(x) in Eq. 25) or ii) deficiencies in model dynamics (errors in ). A no-
ticeable bias is related to the increase in PON concentration during the late phase of exponential growth (between days 10 and
12). This offset... ”

Specific comment 25: Figure 16: Is the model able to differentiate the 3 groups of mesocosms (LC, MC, HC)? It seems that it
overestimates calcification in the LC and underestimates it in the HC?

Author’s response: As described in response to specific comment 8, we see differences in the maximum likelihood estimates
of the model parameters for the mesocosms of LC, MC and HC. Further, we show in Figs. (8) and (10) of our manuscript that
the model successfully reproduces high and low observed PIC values. However, the referee rightly pointed out that the model
overestimates calcification in LC case (especially for the mesocosm with high CO5 treatment). This issue has been addressed
in the Sect. (4.3) of our manuscript. In the HC case, the observed PIC values are well in range of high calcification model

solutions (ensemble spread).

Minor comments by anonymous Referee # 1:

Minor comment 1: This is not clear why the salinity is decreasing during the course of the experiments. Is it due to rain-

fall?
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Author’s response: We have not cross-checked for why salinity decreases. We did not find any explanation in the respective

publications, neither in Delille et al. (2005) nor in Engel et al. (2005).

All other minor comments and corrections suggested by anonymous Referee #1 will be implemented.

Response to comments of Referee #2

We thank Referee # 2 for the valuable feeback. We will consider most of referee’s suggestions for revising our manuscript.
One suggestion is to significantly reduce the size of the manuscript. We understand the referee’ s constructive criticism. It
corresponds with a concern mentioned by the other referee. We largely agree and think that the manuscript can be shortened
considerably. For example, all dynamical model equations (detailed source minus sink terms) can be moved to the Appendix.
We also decided to put Sect. (2.3.2, Parameter optimisation procedure) to the Appendix, as this might appear to be too diffi-
cult to understand for readers who are not familiar with optimisation problems. Those results that are not directly related to
calcification or to the build-up of coccolithophore biomass will be sorted out.

We will also consider the referee’s suggestion to remove the discussion on C N, because we have learned that it would
actually require an extended in-depth discussion. This is because a C Np,, that is different from one does not exactly comply
with the model’s optimality assumptions applied in this study. We greatly appreciate the referee’s critical evaluation of our
discussion on C Ng,.. Some figures will be removed from the results and discussion sections. We will, as suggested, combine
Figs. (3 and 4), although we prefer plotting the cumulative probability distributions rather than showing the probability densi-

ties (see response to specific comment 8). Parts of the conclusion section will be rewritten.

General comments by anonymous Referee #2:

Comment 1: I miss the ecological implications of the findings that have surfaced thanks to the model. For instance, the
conclusions should not simply rephrase the modeling aspects, but discuss the ecological implications of the modeling study, or
the consequences for future setups of such mesocosm studies.
Author’s response: We agree with Referee # 2. In our conclusion section we have not sufficiently stressed the ecological im-
plication of our study and we may also bring forward some general suggestions with respect to the design of future mesocosm
“perturbation” studies. In a revised version we will have an extra paragraph added to the conclusion section. The additional
paragraph (shown in red) could read:

An analysis of data of a mesocosm experiment is often approached by first grouping individual mesocosms according to the
level of perturbation (e.g. the level of DIC added). In some cases, such apparently self-evident approach may not help to reveal

some basic phenomenon in mesocosm experiments. For a meaningful data analysis the mesocosms need not be exclusively
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differentiated by the different levels of perturbation but may first be sorted by major differences between relevant response
signals, as done with respect to the magnitude of calcification in our study (by differentiating between LC, MC, and HC). In
mesocosm experiments these differences in responses are likely associated with variations in initial conditions.

With our DA approach we could disentangle three distinctive ensembles of model solutions that represent mesocosms with
high, medium and low calcification rates. The results of our data-model synthesis show that the initial relative abundance of
coccolithophores and the prevailing physiological acclimation states drive the bloom development and determine the amount
of calcification in the mesocosms. Small variations of these two initial factors between the mesocosms can generate differences
in calcification that are larger than the change in calcification induced by OA. In spite of this difficulty, a CO, response signal
may still be identifiable, as long as mesocosms that reveal strongest similarities (with respect to initial composition of plankton
and their physiological state) are not used as replicates for similar CO5 conditions (perturbations). Instead, mesocosms with
similar initial conditions should be exposed to different levels of OA. Such favourable starting conditions were met in the
mesocosm experiment described in Engel et al. (2005) and Delille et al. (2005), as well as in the experiment of Eggers et al.
(2014).

An alternative approach to setting up mesocosms is to gradually increase the level of perturbation for a series of mesocosms.
This way a gradient of different perturbation levels is introduced. The advantage then is that mesocosms that have been collated
according to e.g. lowest and highest response signals (or likewise according to similarities in initial conditions) may then be
separately analysed with respect to their responses to the individual levels of perturbation.

From this modelling study we infer that collinearities exist between estimates of initial conditions and physiological model
parameters, in particular for the photosynthetic efficiencies av,y, (icocco and the initial fraction of coccolithophores determined
by feocco- Therefore, it is not possible to identify initial concentration of photoautotrophs independently of parameters respon-
sible for phytoplankton growth in HC, MC and LC model solutions. This inference—justifies-ourDA—appreach-of was only
found because we optimised medel-parameters initial conditions together with phys1olog1cal parameters for HC, MC and LC
mesocosms separately. By this seperation i i

could better specify the CO, effect on PIC formation. Fer-mesocosms-exposed-to-high-CO-Jevels-(futaretreatments) Doing

so we could identify a systematic overestimation of calcification in our model and we conclude that our simulated CO5 effect

on PIC formation is even too weak.

Comment 2: As a way to reduce the paper in size, I would remove all figures starting from Fig. 11 — and also significantly
reduce (or remove) the corresponding text.

Author’s response: In principle, we see that figures can be remove and we will do so for a revised version of our manuscript.
However, to remove all figures starting from Fig. (11) would not be helpful. Some figures are needed to document our findings
and to further show the credibility of our model results.

We suggest removing the following figures: 1) Fig. (6, concentrations of dCCHO and TEPC), 2) Fig. (9, ensembles of medium
calcification solutions), 3) Fig. (15, fast build-up of photoautotrophic biomass in MC solutions). We find Fig. (14) to be impor-

tant for the discussion of model bias in PON (exponential growth phase). Figs. (16 and 17) provide relevant information about
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the i) underestimated CO-, effect, and the ii) relation between resolved CO, effect and the full range of variability explained.

Figs. (3 and 4) will be merged, which was suggested by the referee, see response to specific comment (8) below.

Comment 3: I would also remove the lengthy CNg, discussion (and the corresponding figures 6 and 7, which are diffi-
cult to interpret).

Author’s response: We will remove Fig. (6) and we will revise text to have the discussion on C' Ny, entirely removed, as
this would actually go beyond the scope of the study addressed here. Figure (7) will be simplified, by excluding variations
of C Ny, and by removing results of the medium calcification (MC) case. We want to retain Fig. (7), because it documents
some novel model behaviour with respect to how calcification is simulated in our model approach. We compare this ratio with
results from Barcelos e Ramos et al. (2010), which gets somewhat lost in the discussion Sect. (4.1). With the removal of the

discussion of Fig. (6) it will become easier to explain and refer to Fig. (7).

Specific comments by anonymous Referee # 2:

Specific comment 1: Symbol 6 used but not explained.
Author’s response: The symbol € is the chlorophyll-to-carbon ratio (listed in Table 1). We will introduce 6 in the text. The

revised text will be moved to the Appendix, where the mathematical notation of the model equations is introduced.

Specific comment 2: Equation 13, I would have expected to see zooplankton excretion here.

Author’s response: We thank the referee for this very thoughtful comment. We realised that we did not state our assumptions
in this respect. First of all, we note that it is not a typo in the equations. In our model we are resolving the nitrogen flux of
zooplankton excretion but we are eventually not resolving any corresponding net change in TA (total alkalinity). This is be-
cause we cannot really differentiate between the excretion of ammonium (NHI) and of nitrate (NOj') and nitrite (NO, ). The
excretion of one mole NH would increase TA by one mole, whereas the excretion of one mole NO; or NO, would decrease
TA by one mole. In other words, we indirectly impose that excreted N does not include urea and we may assume that half of
the N excretion by zooplankton is NH; and the other half is NO; and NO; , which would introduce a net TA change of zero.
For N assimilation during the exponential growth phase we know that it is primarily driven by the uptake of NO3 and NO,
(due to initial conditions), and the TA change due to NHI uptake can be neglected. During the post-bloom period we may still
have some algal growth, albeit at very low rates, that can be based on the utilisation of NHJ . In the end, we expect the error
because of a neglect of the net TA change induced by zooplankton excretion to be small and limited to the last days of the

simulation period.
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Specific comment 3: Page 13-14, I do not understand how the three simulated mesocosms can be used to estimate data vari-
ances (R;) for DIC, as this differs for each mesocosm?

Author’s response: In our text we did not explain this in detail. However, we realised that it is necessary to do so. Briefly,
for the derivation of the standard errors we considered the differences (offsets) between the mean initial DIC concentrations of
the different COs treatments. DIC concentrations of those mesososms that were initially exposed to high CO5 (DIC) concen-
trations are “offset”’-corrected so that their initial mean DIC matches the initial mean of the present day DIC concentrations.
Mesocosms of the low CO- treatment were adjusted likewise. In this manner, all initial mean DIC concentrations have become
identical, but changes and variations (between the mesocosms) with respect to these mean values remain. Thus, variances of
the respective LC, MC, and HC mesocosms can be calculated after applying these (two) offset corrections to all DIC data of
the high- and low COs treatements. Eventually, individual standard errors for the LC, MC, and HC mesocosms are derived for

all sampling dates. Note that the correlations are computed without any differentiation between LC, MC, and HC mesocosms.

Specific comment 4: Page 15, line 2-3: As far as I understand, the proposal distribution is adapted by the AMH algorithm.
Thus, the Hessian is used only as the initial proposal.

Author’s response: Yes, this is correct. To clarify this we will revise the text in our revised version of manuscript. The new
text will read:

“ The standard deviation information required for generating the initial proposal (Gaussian) distribution in the AMH algorithm
is derived from the diagonal elements of Hessian matrix. We approximated the diagonal elements of the Hessian with finite
central differences, as described in e.g. Matear (1995), Kidston et al. (2011), and in Kreus and Schartau (2015). To do so we

29

imposed an incremental step size of 1% variation to the respective parameter values.

Specific comment 5: Page 1, line 18: I do not understand what is meant with "optimal" mass flux estimates, as there are two
completely different optimisations: one for the data assimilation (DA), one for the optimal resource allocation in phytoplank-
ton.

Author’s response: By “optimal” mass flux estimates we meant the best solution estimated by our data assimilation approach.

To avoid any confusion we suggest changing it to “optimised” mass flux estimates.

Specific comment 6: Why is the Chl content not added here?
Author’s response: There is no particular reason. We will refine Fig. (2) by adding chlorophyll as additional variable to the

respective compartments.

14



10

15

Specific comment 7: Cumulative plots are difficult to interpret. I would prefer to see the actual probability distributions in-
stead. Also, the figs 3 and 4 could be combined, if the three calcification scenarios for each parameter would be put in the same
figure rather than in 3 of them.

Author’s response: We agree that Figs. (3 and 4) can be combined. However, we do not think that it is better to show the
probability densities instead of the cumulative probability distributions. In the end, the cumulative probability distributions
are used to derive lower and upper credibility limits of the parameter estimates. Furthermore, if we would prepare the figure
with probability densities we would need to resolve differences on the y-axis between the different parameters (i.e. between
subplots), unless we normalise all parameter values. This is not needed when plotting the cumulative probability distributions.
The parameter values can then be shown as they are, while all y-axis are the same (between zero and one) so that they can be

nicely merged.

Specific comment 8: Fig 8-10: The main difference is in between low and high calcification scenario — Fig 9. Could be re-
moved.
Author’s response: Yes, we agree. Main differences are between the HC and LC solutions. Some model solutions of the MC

ensemble are close to few solutions of the HC case. Therefore it is not critical to remove current Fig. (9)

All other minor comments and corrections suggested by anonymous Referee # 2 have been implemented.

15



10

15

20

25

30

Revised manuscript version (with marked changes, blue = text shifted, red = text rewritten or added)

Title: A data-model synthesis to explain variability in calcification observed during a CO- perturbation mesocosm experiment
Authors: Shubham Krishna and Markus Schartau
Correspondence to: Shubham Krishna (skrishna@geomar.de) and Markus Schartau (mschartau @ geomar.de)

A series of studies were conducted to investigate effects of ocean acidification (OA) on plankton dynamics. Among those

were experiments with tanks or bags called mesocosms, with some enclosed water volume that typically comprised a natural
plankton community. These mesocosms were typically perturbed and exposed to different carbon dioxide (CO3) concentra-
tions. Few studies focused on the impact of OA on growth of the coccolithophorid Emiliania huxleyi, a marine calcifying
algae.

In our study we investigate data from a OA mesocosm experiment with Emiliania huxleyi and we apply an optimality-
based model approach to study temporal changes and variability in observations, with focus on differences in total alkalinity
(TA) and calcification. We explore how much of the observed variability in data can be explained by variations of initial
conditions and by the effect of CO4 perturbations. According to our model approach, changes in cellular calcite formation are
resolved at the organism-level in response to variations in CO,. With a data assimilation (DA) method we obtain estimates
of initial conditions and of model parameters that determine photoautotrophic growth conditions. We compare ensembles
of three distinctive model solutions that resolve low, medium and high calcification rates. Optimal estimates of the initial
relative fraction of coccolithophores turned out to be correlated with estimates of the physiological model parameters. The
spread of the optimised ensemble model solutions captures most of the observed variability. Optimised model solutions of
the high COs treatment are shown to systematically overestimate observed PIC production during a short period immediately
after the maximum of the bloom. Hence, the CO, effect on calcification introduced to the model is insufficiently pronounced
during this period. Our model results yield large differences in optimal mass flux estimates of carbon and of nitrogen even
between mesocosms exposed to similar CO, conditions. Thus, our results show that small variations in initial abundance of
coccolithophores and the prevailing physiological acclimation states between the individual mesocosms generate differences

in calcification that are larger than the change in calcification induced by OA.
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1 Introduction

Much knowledge about growth and mortality of phytoplankton has been inferred from experiments where environmental
factors like light, temperature, and nutrient availability have been predominantly controlled, e.g. in laboratory experiments
with batch cultures or with chemostats. Typically, these experiments are designed to determine a physiological response to
variations of a single factor, e.g. explaining changes in photosynthetic rate when exposed to different light conditions (e.g.
Platt et al., 1977; Marra and Heinemann, 1982; Lewislg and Smith, 1983; Geider et al., 1985; Harrison and Platt, 1986;
Harding Jr et al., 1987). Many laboratory experiments are performed with monocultures, with the advantage that physiological
responses may then become well expressed in measurements while variability between replicates or even between repeated
experiments should remain low. In this context a series of laboratory studies with monocultures of calcifying coccolithophores
were conducted to investigate responses in calcification to variations in carbonate chemistry, often with Emiliania huxleyi, (e.g.
Zondervan et al., 2002; Iglesias-Rodriguez et al., 2008; Langer et al., 2009; Barcelos e Ramos et al., 2010). These studies
were motivated by the expectation that the observed trend in ocean acidification (OA) will affect calcifying algae and that their
physiology is likely sensitive to the seawater’s calcite saturation state (Feely et al., 2004; Orr et al., 2005).

The repeated laboratory OA experiments showed ambiguous responses in calcification to variations in carbon dioxide (CO3)
concentrations and Findlay et al. (2011) pointed out that differences in laboratory methodology, but also details in experimen-
tal design, are likely the reason for the large observed variability in E. huxleyi responses to changes in carbonate chemistry.
Similarly, Engel et al. (2014) stressed that variations in the observed ratio between particulate inorganic carbon and partic-
ulate organic carbon (PIC:POC ratio) increase with the decrease of measured relative growth rates, depending on whether
"low” growth conditions were balanced (as achieved with chemostats) or resulted from unresolved transient nutrient-limitation
effects in batch cultures. This ongoing discussion is accompanied by the question of how representative the outcomes of
monoculture laboratory experiments are, to allow for reliable future projections of OA effects on oceanic calcification rates of
coccolithophores and on possible climate feedbacks.

If we seek to make inference about future changes in calcification under oceanic conditions, experimental data are needed
that consider more realistic environmental conditions with a natural phytoplankton community that may include calcifying
algae like E. huxleyi. This was approached with a series of mesocosm experiments, where enclosed seawater volumes were
exposed to different CO2 concentrations, e.g. Pelagic Ecosystem CO, Enrichment (PeECE) studies (Riebesell et al., 2008).
In contrast to monoculture laboratory experiments, CO, perturbation mesocosm experiments yield “net” community response
signals that are anticipated to be more indicative for possible future changes in oceanic calcification of coccolithophores.
Replicate mesocosms with similar initial nutrient, as well as initial dissolved inorganic carbon (DIC) concentrations typically
show comparable temporal response patterns, i.e. an exponential growth phase until nutrients become depleted and a post-
bloom period where chlorophyll a concentrations decline. However, replicate mesocosms that all included E. huxleyi exhibited
large deviations in calcification responses, thereby altering carbonate chemistry. Such variability was well reflected in total
alkalinity (TA) measurements of the PeECE-I experiment (Delille et al., 2005). Furthermore, during PeECE-I it happened that

mesocosms with high and low calcification rates were revealed among replicates in all three CO; treatments. swithineach-of
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the-three-different-CO-—treatments: To find enhanced variability in calcification in mesocosm experiments is comprehensable
and can be attributed to the likely mixture of superimposed responses of multiple plankton species even within replicates
of similar CO perturbation. Thus, small deviations in the initial relative mass distribution of photoautotrophs, zooplankton,
and detritus between replicate mesocosms can translate into some pronounced variability in measurements even under similar
environmental conditions (e.g. Eggers et al., 2014).

Here we investigate data and their variability of replicate mesocosms during the PeECE-I experiment. For this we take a
modelling approach to simulate environmental conditions and the predominant dynamics of nine individual mesoscosms as
described in Engel et al. (2005) and in Delille et al. (2005). Joassin et al. (2011) presented a dynamical model to simulate the
mass flux of carbon (C), nitrogen (N), and of phosphorus (P) for the same PeECE-I experiment. Their model resolves growth
and losses of E. huxleyi together with interdependencies between bacteria, viruses, detritus, and dissolved organic matter
(DOM). The model of Joassin et al. (2011) also features the exudation and coagulation process of dissolved polysaccharides
(here referred to as dissolved combined carbohydrates, dCCHO) to form transparent exopolymer particles (TEP). In the study
of Joassin et al. (2011) some emphasis is put on the enhanced mortality of E. huxleyi due to viral lysis and on the variable
stoichiometry (C:N ratio) of the particulate organic matter (POC:PON ratio). They did not attempt to resolve a dependency
between calcification and CO4 concentration and therefore restricted their simulations to one treatment with three replicate
mesocosms that were exposed to present day CO, concentrations.

The focus of our model approach is different in that we distinguish between two phytoplankton functional types, calcifying
algae (e.g. E. Huxleyi) and bulk non calcifying algae, i.e. an unresolved combination of picoplankton, dinoflagellates and
diatoms. We assume a COz sensitivity for the ratio of calcification versus net carbon fixation (photosynthesis minus respiration),
based on results from the meta-analysis of Findlay et al. (2011). In our data-model synthesis we concentrate on the initialisation
(initial filling) of the mesocosms, with possible variations in the relative distribution of plankton and detritus resolved in our
model. A data assimilation (DA) method is employed for the estimation of parameter values, which helps to disentangle and
understand some of the differences and commonalities seen in observations, in particular in TA and PIC data, but also in
measurements of dissolved inorganic nitrogen (DIN) and DIC, chlorophyll a, as well as in particulate organic nitrogen (PON)
and POC.

First we will briefly provide some background information about the experimental setup of PeECE-I, including irradiance,
temperature and salinity, as these environmental factors enter our model simulations. This will be followed by a description of
the model equations that include components of the optimality-based approach to simulate algal growth, using parameterisa-
tions proposed by Pahlow et al. (2013). Thereafter, the DA method for parameter estimation will be briefly explained. Specific
details of the model and of the DA method are given in the Appendix. Ensembles of three distinct model solutions will be
presented together with their mass flux estimates of C and N. We will discuss the problem of identifying initial conditions in
combination with important model parameters. We will also address the problem of resolving the variability observed in the

accumulation of PIC and how this variability is related to the expression of the CO4 effect introduced to the model.
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2 Material and methods

For our analysis we consider the setup and data of the PeECE-I experiment, that-was a study conducted at the Marine Bio-
logical Field Station (Raunefjorden, 60.3°N, 5.2°E) of the University of Bergen, Norway between 31 May and 25 June 2001
(Engel et al., 2005; Delille et al., 2005). The objective of this study was to investigate OA effects on marine calcifying algae
(coccolithophores) captured in polyethylene bags of enclosed water volumes (mesocosms) and perturbed by different levels
of CO concentrations. A dynamical plankton ecosystem model is used for simulations of N and carbon C flux within each
mesososm. We apply a DA method to identify best estimates of model parameter values together with initial conditions for

model simulations.
2.1 Experimental data

Nine mesocosms of 2 m diameter and 11 m® volume were filled with unfiltered, post-bloom, nutrient depleted water from the
fjord. After the filling of the mesocosms, nutrients were added so that all mesocosms had similar initial nutrient concentrations,
approximately 15 mmol m—2 of nitrate together with nitrite and 0.5 mmol m~3 of phosphate. Like the nutrients, the initial
total alkalinity (TA) in all nine bags were appreximately 2146 mmol m~2 approximately (or if normalised to unit mass ~ 2200
pmol kg~1). The bags were covered with air-tight tents of tetra-fluroethylene foil that allowed 95% of photosynthetically active
radiation (PAR) to pass through. The mesocosm bags were subject to three different levels of perturbation of partial pressure
of COs: a) mesocosms 1-3, referred to as M1, M2, and M3, were exposed to similarly high DIC levels (initial DIC = 2119
mmol m™—2, 2119 mmol m~3 , 2122 mmol m—2) with 700 ppmV of initial pCO4, b) M4, M5, and M6 started from DIC = 2048
mmol m~3 , 2056 mmol m~—2 , 2040 mmol m~? with a corresponding pCO,=370 ppmV, and treatment c) with initial DIC =
1919 mmol m~—3, 1929 m~3, 1927 m~2 with 180 ppmV pCO, in mesocosms M7, M8, and M9. Thus, data from three replicate
mesocosms are available for each of the three CO4 treatments. For each mesocosm the partial pressure of atmospheric CO9
above the surfaces was largely controlled by a continuous injection of gas with a treatment specific, individually prescribed
CO, content. Because there was an open space between surface of mesocosms and the tents, we assumed the pCOs in the
air above the mesocosms’ surfaces to be a mixture of 90% of the pertubed pCO- inside a mesocosm and 10% of the actual
atmospheric pCO4 (340 ppm) in all replicates.

Daily samples were collected and measured over a period of 23 days. For every mesocosm temperature and salinity data
were interpolated to hourly values for direct use as environmental input for model simulations (Fig. 1). Hourly photosynthetic
available radiation (PAR) data were derived from meteorological global irradiance measurements of the Geophysical institute
at Bergen (Skartveit et al., 2001). Figure (1) shows that temperature increased by approximately 3 Degree Celsius during the
experiment and variations between the different mesocosms remained small. Small but noticeable differences exist between
mesocosms with respect to salinity. In all mesocosms a gradual decrease in salinity was observed, from S=31.3 to approximately

S=30.8. The PAR data exhibit variations on an hourly scale, due to changes in cloud cover.
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2.2 Modelling approach

For model simulations we assume that all mesocosms are homogeneously mixed, as we neglect an explicit representation of
vertical turbulent mixing (OD-model approach). The applied model equations describe mass exchange rates of N and C between
compartments of 1) dissolved inorganic nitrogen and carbon (DIN and DIC), 2) N and C biomass of coccolithophores and other
phytoplankton (CoccoN and CoccoC , PhyN and PhyC), 3) zooplankton (ZooN and ZooC), and 4) detritus (DetN and DetC),

and 5) labile dissolved organic N and C (DON and DOC) F1g (2) As due to the design of the PeECE-I experiment our model
includes some additional features. i
caleifying-algaecoccolithophereslike E-huxleyt. The first is that we consider an explicit representation of dissolved combined
carbohydrates (lCCHO) that act as precursors for transparent exopolymer particles (TEPC), similar to Schartau et al. (2007)
and Joassin et al. (2011). Furthermere Since our model haste resolves changes in TA along with DIC so that we can also derive

pH values and the corresponding partial pressure of COy (pCOs). We neither resolve viral infections nor bacterial biomass

explicitly, as done in Joassin et al. (2011). Microbial activity is implicitly considered by parameterisations of hydrolysis and
remineralisation. Both processes are assumed to be temperature dependent but are independent of changes in bacteria biomass.
Instead, hydrolysis and remineralisation rates are calculated as being proportional to substrate availability only. Likewise, any
effects by viral lysis remain unspecified and are an integral part of a single total mortality that is assigned to phytoplankton and
coccolithophores. In the following, the general model equations of mass flux of C and N are described as sources and sinks,

inducing changes in the mass concentration of the respective state variables.
2.2.1 Photoautotrophs

In our model we distinguish between calcifying and non-calcifying photoautotrophs, coccolithophores (Cocco) and other bulk
phytoplankton (Phy). Respective net photoautotrophic growth rates (ficoccophy) are described as rates of gross carbon fixation
(V) minus some corresponding sum of respiration costs () due to the synthesis of chlorphyll a, nutrient assimilation,
and maintenance: [icocco/phy = VS - rc. The proportions of V¢ and r¢ are determined by optimal resource allocation while
energetic trade-offs are imposed, as described in Pahlow et al. (2008). These physiological equations of optimal allocation
have been shown to be well applicable for a series of different conditions (e.g. including diazotrophy) and scales (e.g. Smith
et al., 2011; Pahlow et al., 2013; Arteaga et al., 2014; Fernandez-Castro et al., 2016). Here we neglect diazotrophy as well
as the effect of phosphorus availability on nitrogen uptake and thus on algal growth. From the data we could not infer any
phosphorus limitation of growth prior to nitrogen depletion and we assume that cellular nitrogen (N) directly limits the net
growth rate of photoautrophs (tcoccophy). Nitrogen is generally necessary for synthesising enzymes reaetions. According to
the model approach of Pahlow and Oschlies (2009), the major metabolic pathways within the algae are regulated by the
resources allocated to produce these enzymes. Thus, key processes like photosynthesis, chlorophyll a synthesis and net carbon
fixation become affected by internal resource allocation. The model maximises the photoautotrophic growth rates by optimising
the allocation of resources to nutrient acquisition sites and to the light harvesting complex (LHC). The auxiliary variables

mentioned above are described in Table A.1 in Appendix (A). Farther; The detailed equations ferreseuree-allocation are given
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in Appendix (A.2).
Biomass concentrations of photoautotrophs: The biomass build-up (net growth) of photoautotrophs depends on the amount
of N and C assimilated by the algae minus losses because of aggregation, grazing by zooplankton and because of exudation or

leakage of organic matter. The sources minus sinks (sms) terms of the photoautotrophs’ biomass are:
sms of photoautotroph biomass = C and N uptake — exudation/leakage — aggregation — grazing

The corresponding sms (source minus sink) differential equations of C and N biomass for phytoplankton and coccolithophores

are given in Appendix(A.2).

Chlorophyll a concentrations: The synthesis of chlorophyll a (Chl) is represented by an optimal trade-off between photo-
synthesis and respiratory costs in the chloroplast of a cell. The synthesis rate depends on the degree of light saturation (S7), on
the amount of net carbon fixed inside chloroplasts, and on the chlorophyll-to-carbon ratio (9). The-synthesisrate-depends-on-the

A

eflightsataration-GS7)- Also, the chlorophyll synthesis rate is sensitive to due-te changes in cellular nitrogen-to-carbon (N:C),
QY whieh-depends-on-degree-of lightsaturation-(S7)- The descriptions of the above introduced auxiliary variables iis are given

in the Table A.1. Like for biomass, the parameterisations for chlorophyll a are identical for the calcifying and non-calcifying

phytoplankton in our model:
sms of chlorophyll a = synthesis of chlorophyll @ — aggregation — grazing
The respective differential equations for chlorophyll a of non-calcifying phytoplankton (with subscripts phy) and coccol-

ithophores (cocco) are listed in Appendix (A.2).

Formation of particulate inorganic carbon (PIC): The process of calcification in our model depends on the amount of
energy provided through photosynthesis and is simply expressed by a ratio of PIC formation per carbon fixed (fpic, Eq. A.21).
The differential equation of PIC describes a net accumulation rate (formation minus dissolution) and no explicit distinctions

can be made with respect to how PIC becomes eventually distributed between algal biomass, detritus or zooplankton:
sms of particulate inorganic carbon = calcification by coccolithophores — dissolution of coccoliths (calcite)

The differential equations representing for precipitation and dissolution of PIC are given in Appendix (A.4).

2.2.2 Zooplankton

The grazing losses of the photoautotrophs are resolved with an explicit representation of zooplankton biomass. With our

grazing approach (Holling type III) no distinctions are made between micro- and mesozooplankton or between different feeding
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types. Changes in zooplankton biomass are subject to a mortality (M ,,; e.g. losses to higher trophic levels). Other loss terms
represent respiratory costs (7,,,) as well as excretion (7,,,). e-g-oftrea- Zooplankton restore C and N towards a constant N:C
ratio (QZ97 ;) of 0.19. The restoring time (7) in our model is equal to one day. It mimics an increase in respiration (r,,) if N:C

ratio falls below 2799, and an increase in excretion (v ) if N:C is above Q22 .. Details of auxiliary variables related to the
zooplankton compartment of the model are given in Table A.1. The buildup of zooplankton biomass depends on the total prey

concentrations (phytoplankton and coccolithophores):

sms of zooplankton biomass = grazing on phytoplankton + grazing on coccolithophore

— respiration (or excretion) — mortality

The differential equation for buildup-of zooplankton biomass and grazing function are given in Appendix (A.5).

2.2.3 Detritus

Detritus comprises a variety of components with particles of different sizes and sinking rates (Fasham et al., 1990). The
detritus resolved by our model simply combines dead plankton biomass and fecal pellets. Sources of detrital C,- and N mass
are given in terms of phytoplankton aggregation and mortality of zooplankton. Aggregation is parameterised with quadratic
loss terms of the photoautotrophs. These aggregation equations resolve interactions between two types of particles (small
cells of photoautotrophs and large aggregates of detritus): a) aggregation of cells of photoautrophs and b) aggregation of small
photoautotrophs with larger detritus, see details in the Appendix (A). The two particle-type approach allows a trade-off between
accuracy of estimated mass flux and the resolution of particle size (Ruiz et al., 2002). We assume that hydrolysis is temperature
dependent and that it is responsible for the degradation of detritus, acting as a source for (labile) LDON and LDOC. The

equations of detrital C and N can thus be described as:

sms of detritus = aggregation of phytoplankton + aggregation of coccolithophore

+ zooplankton mortality — hydrolysis

The respective differential equations of detrital C and N mass are given in the Appendix (A.6).

2.2.4 Dissolved inorganic compounds (DIN, DIC) and total alkalinity (TA)

Dissolved inorganic nitrogen (DIN): The DIN pool represents the total concentration of nitrate, nitrite and ammonium. Nitro-

gen utilisation by phytoplankton and coccolithophores is a sink of DIN, whereas heterotrophic excretion and remineralisation
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of LDON are the major sources:

sms of dissolved inorganic nitrogen = — N uptake by phytoplankton — N uptake by coccolithophores

+ excretion by heterotrophs + remineralisation

The sms differential equation for DIN is given in Appendix (A.S8).

Dissolved inorganic carbon (DIC): The DIC pool combines COs, bicarbonate and carbonate. The primary sinks of DIC are net
carbon fixation to support photoautotrophic growth (i cocco/phy) and calcification of coccolithophores. We do not differentiate
between the utilisation of CO; and bicarbonate for algal growth and calcification. Note that net carbon fixation (ficoccofphy)
in our model becomes slightly negative in the absence of light (dark respiration of the photoautotrophs). Total heterotrophic
respiration acts as major DIC source and is expressed by zooplankton respiration and by the remineralisation of dissolved

organic carbon (LDOC + dCCHO):

sms of dissolved inorganic carbon = — net C uptake by phytoplankton — net C uptake by coccolithophores
— calcification + dissolution of PIC + zooplankton respiration

+ remineralisation + gas exchange

The corresponding differential equation for DIC is listed in Appendix (A.8).

Total alkalinity (TA): Temporal changes in TA in our model are due to the sinks and sources of DIN and DIP (ADIP =
i - ADIN), process of PIE precipitation and dissolution of calcite plates produced by the calcifying algae. We follow the
nutrient-H™ compensation principle described in Wolf-Gladrow et al. (2007). andFA-variations-induced-by- DiN-uptake-and-the

minereffeetonTAIn our model we are resolving the nitrogen flux of zooplankton excretion but we are eventually not resolving

any associated net change in TA (total alkalinity). This is because we cannot differentiate between the excretion of ammonium
(NH;) and of nitrate (NO3 ) and nitrite (NO, ). The excretion of one mole NH; would increase TA by one mole, whereas the
excretion of one mole NO; or NO; would decrease TA by one mole (Wolf-Gladrow et al., 2007). In other words, we indirectly
impose that half of the N excretion by zooplankton is NH; and the other half is NOj and NO, , which would introduce a net
TA change of zero. Measured values of DIN, TA, and DIC on day one of the experiment were taken as initial conditions for

I‘CSpCCtiVC mesocosms.

sms of total alkalinity = N and P uptake by phytoplankton + N and P uptake by coccolithophores
— calcification by coccolithophores 4 dissolution of calcite

— remineralisation of dissolved organic N and P
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The differential equation for TA is given in the Appendix (A.8).

2.2.5 Dissolved labile organic matter and transparent exoplymer particles

Dissolved organic matter (DOM) is produced by exudation of the photoautotrophs and by hydrolysis of detrital matter. The
DOM is subject to remineralisation, being the source of DIN and DIC. The applied model distinguishes between dissolved
combined carbohydrates (dCCHO) and a residual fraction of labile dissolved organic carbon and nitrogen (LDOC and LDON).
This distinction is made because only dCCHO are simulated to act as precursors for the formation of transparent exopolymer
particles (TEP). In our model the DOM’s primary source is freshly exuded and leaked organic matter from photoautotrophs.
An addtional source of DOM is due to degradation of detrital matter (hydrolysis and microbial exudation) in response to
bacterial activity. The fraction of exudates that enter the dCCHO pool may vary between expontential growth phase and during
periods of nutrient limited growth, described as two modes of exudation in Schartau et al. (2007). We therefore introduced a

parameterisation ( ffé’gffép " Eq. A.39) that simulates such shift in quality of the exudates, depending on the respective cell

N
cocco/phy

respective sinks of LDOC and LDON. Fer-deseription-of-auxiliary-variables;-see-the Table A.1 lists all associated auxiliary
variables. The equations for labile DOC and DON are described as follows (with details given in Appendix, A.6):

quota of the coccolithophores and of the other phytoplankton (Q ). Remineralisation and microbial respiration are

sms of labile dissolved organic matter = exudation by photoautotrophs
-+ hydrolysis/degradation of detritus + hydrolysis/degradation of gels

— remineralisation/respiration of dissolved organic matter

Dissolved combined carbohydrates (dCCHO): By introducing dCCHO we account for an additional sink of DOC other
than microbial degradation, which is the physical-chemical transformation of dissolved to particulate matter, here resolved as
the coagulation of dCCHO to form TEP carbon (TEPC). This transformation is parameterised as an aggregation process, as
proposed in Engel et al. (2004) and effectually applied in Schartau et al. (2007) and in Joassin et al. (2011), (see details in
Appendix, A.10):

sms of dissolved combined carbohydrates = exudation — coagulation of dCCHO

— aggregation of AdCCHO with TEP — remineralisation of dCCHO

Transparent exopolymer particles (TEP): The carbon content of TEP (TEPC) is explicitly resolved because it can be a
significant constituent of POC measurements (Verdugo et al., 2004). This consideration is important for our data-model syn-

thesis, in particular because it affects the stoichiometric C:N ratio of particulate organic matter. The sink terms of dCCHO,
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described before, are the only sources for TEPC in our model approach. The degradation of TEPC is parameterised similar to

the hydrolysis of detritus:

sms of transparent exopolymer particles (TEPC) = coagulation of dCCHO + aggregation of dCCHO with TEP

— degradation
The corresponding differential equation for TEPC production is listed in the Appendix (A.10).
2.2.6 Model parameters and initial conditions

Out of 33 model parameters, 26 parameters are fixed and remaining 7 parameters (4 initial condition parameters (fcoccos fzoo0s
faet- PONp) and 3 ecological parameters (auphy, Qeocco» Qo) enter the optimisation procedure. The decision on which parame-
ters should become subject to optimisation is based on a series of preceding parameter optimisations and subsequent sensitivity
analyses. A major objective is to reduce the number of parameters for optimisation to a meaningful minimum. This facilitates
the identification of those parameter values that are of primary concern. Since we address differences in initial conditions in
our study, we consider four parameters that determine these differences and they need to become subject to optimisation. The
additionally selected three growth parameters are amongst those to which the model solution is most sensitive. The model so-
lutions are also highly sensitive to variations of the maximum potential nitrogen uptake rate (V" ). This parameter is excluded
from optimisation, because it is not possible to obtain estimates of (V) that are independent of estimates of the photosynthetic
efficiency. Therefore, a value is assigned to V" that is typical and was used for simulations of other experiments (e.g. Pahlow
et al., 2013), ensuring credible estimates of those parameters that are optimised in our study. The mesocosm experiment covers
only a short post-bloom period and we found other parameters, like maximum grazing rates and the aggregation parameters, to
be weakly constrained by the available data. Their consideration for optimisation would impede the identification of the other
more important parameters. Values assigned to those parameters that are excluded from optimisation are adapted from other
studies (e.g. Pahlow et al., 2013; Schartau et al., 2007).

Initial condition values for some of the state variables in the model are computed by initial condition parameters, given
in fractions. The initial biomass during the start of the experiments, specified by PON,, is distributed between living and
non-living biomass, which is determined by the parameter of the initial detritus fraction (fge:). The living biomass is further
distributed between photoautotrophs and zooplankton, specified by the initial zooplankton fraction parameter (f.,,). Finally,

the remaining relative distribution of photoautotrophic biomass is set by feocco- For example, a value of f.occo = 1 would mean

10
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that all photoautotrophic biomass is associated with the presence of coccolithophores exclusively.

PON() = DCtN() + ZOONO + COCCON() + PhyNO (1)

with the individual fractions:

DetNg = Jaet - PON )
Z0ooNg = f200 - (PONy — DetNp) 3)
CoccoNy feoceo - (PONgy — DetNy — ZooNy) 4)
PhyN, = (1= feocco) - (PONy — DetNg — ZooNp) 5)

For initial zooplankton, coccolithophore and phytoplankton biomass we apply a constant C:N ratio of 6.625. We consider a
higher C:N ratio (= 2 - 6.625) only for initial detritus. Since the mesocosms were filled with post-bloom, nutrient depleted
water masses, we assume that all dead particulate organic matter has a C:N ratio that is rather typical for such post-bloom
conditions. Initial condition of PIC, DIC, and TA are taken from the data for respective mesocosm, whereas we assume same
small fixed values (e.g. DON = 0.05 mmol m—2, DOC = 102.5 mmol m—2, dCCHO = 1.0 mmol m~2 and TEPC = 3.5 mmol
m~2) as initial conditions for all mesocosms. ferPONDPOC,-dCCHO-and TEPC for-all-mesocosms-

2.3 Design of data assimilation (DA) approach

A peculiarity of the PeECE-I experiment is that high and low changes in total alkalinity (TA) were found in all three CO2
treatments, in response to differences in calcification (Delille et al., 2005). Because the three distinct patterns in calcification
(Fig. 3) are attributable to all three treatments means that a factor other than the CO5 perturbations induced variations between
the individual mesocosms. For all other observations no such clear pattern could be identified. We designed our DA approach
according to this finding and therefore investigate three possible situations (model solutions) that differ in their TA response:
low, medium and high calcification (referred to as LC, MC, and HC respectively). Thus, for each of these three (LC, MC and
HC) situations we find ean-consider-datafrom three mesocosms that were subject to three different CO5 levels (initial 700
ppmV, 370 ppmV, and 180 ppmV). By adapting the same nomenclature as in Engel et al. (2005) and in Delille et al. (2005),
we can assign the mesocosms M1, M6, and M8 to those with low calcification rates (highest TA), M2, M5, and M7 to the ones

with medium calcification and finally M3, M4, and M9 to mesocosms with high calcification rates (lowest TA).
2.3.1 Definition of cost function (data-model misfit)

In our DA approach we consider data from the three cases (LC, MC, and HC) separately, but we make identical statistical as-
sumptions. The observation vector (y;) contains daily means of three mesocosms of the following measurements: 1) dissolved
inorganic carbon (DIC, mmol m~3), 2) dissolved inorganic nitrogen (DIN) (nitrate + nitrite, mmol m~3), 3) chlorophyll a (Chl
a, mg m~?), 4) particulate organic nitrogen (PON, mmol m~3), 5) particular ogranic carbon (POC, mmol m~?), 6) particulate
inorganic carbon (PIC, mmol m~3), 7) total alkalinity (TA, mmol m—2). Like the data vector y;, the vector H; (x) represents

mean values of three simulated mesocosms for each calcification case (LC, MC, and HC). It combines results of model states:

11
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C and N biomass concentrations of the photoautotrophs (PhyN & PhyC and CoccoN & CoccoC), of zooplankton (ZooN &
Z00C), of detritus (DetN & DetC), and carbon concentration of transparent exopolymers particles (TEPC). The vector of

differences (d;) between observation (y;) and model results H; (x) is given as:

DIC; DIC;
(NOg +NO;); DIN;
Chl a; (Chlppy + Chleoeco )
d; =y;— Hi(z)=| PON; - (PhyN + CoccoN + ZooN + DetN); (6)
POC; (PhyC 4 CoccoC + ZooC + DetC + TEPC);
PIC; PIC;
TA, TA;
data model results

For the cases LC, MC, and HC we calculated daily residual standard errors (o;) based on the measurements. The-o;-are-the

of-a-matrix-S;whose off-diagonal elements-are zero. see Eq(B.3 ) in-Appendix(B)- Unlike other variables.

the estimation of the standard errors for DIC is not straightforward because of the different CO5 levels. For the derivation of
the standard errors we considered the differences (offsets) of the mean initial DIC concentrations between the different COo
treatments. DIC concentrations of those mesososms that were initially exposed to high CO, (DIC) concentrations are “offset”-
corrected so that their initial mean DIC matches the initial mean of the present day DIC concentrations. Mesocosms of the low
COs treatment were adjusted likewise. In this manner, all initial mean DIC concentrations have become identical, but changes
and variations (between the mesocosms) with respect to these mean values remain. Thus, variances of the respective LC, MC,
and HC mesocosms can be calculated after applying these (two) offset corrections to all DIC data of the high- and low COq
treatements. Eventually, individual standard errors for the LC, MC, and HC mesocosms are derived for all sampling dates.
The time-varying covariance matrices R; are constructed with S; (with diagonal elements of standard errors, see Eq. B.3
in Appendix B) together with some correlation matrices (C ). Correlations between measurements were computed based on
data of all nine mesocosms. Two matrices C ,) have been derived from data for two distinct periods: 1) the exponential growth

phase, and 2) the post-bloom period.
R;=8;-C)-S; (7

Equation (7) is applied because correlations between observations can change from pre-bloom period to post-bloom period. For
example, PON and DIC are strongly negatively correlated during the exponential growth phase but become weakly positively
correlated during the post-bloom period, when both, DIC and PON, decrease. The correlation matrices, C(y), for the two

respective periods are also given in the Appendix (B).
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A maximum likelihood (ML) estimator is applied, meaning that no explicit prior information is considered for the estimation

of parameter values.

en-data-of-all-nine-mesecosms: Eventually, we use three similar cost functions but with data (y) and covariances (R) from the

respective three mesocosms of each case. Seven-different-types-of-data-are-considered-(dimension-of-¢is-Ny=-7) These daily
data (y;) are available for a period of N, =23 days, with subscript ¢ indicating the day when measurements were made. The
elements of the parameter vector of interest (©) are those parameters listed in Table (1), including the initial value of PO Ny
and initial condition parameters that further specify how PO Nj is distributed between detritus, zooplankton, coccolithophores

and the remaining photoautotrophs.

(ML) estimation of the parameters (including the initial conditions) we maximise the conditional probability of explaining the

data given our model together with a set of values assigned to the parameters (to each element of ©):

Ny
1Sy 1
p(y|©) = constant - exp[—§ E d; R;"d;] x exp[—gJ(G)] (3)

i=1

estimate of parameter values can be found by actually identifying the minimum of the exponent of p(y|©) of Eq. (8), since the

constant term is independent of ©. We thus compute and minimise the following cost function J(©):
J(©) =) (yi— Hi(@)) R (yi — Hi (@) ©)

We not only wish to identify the minimum of J(©) that corresponds with one best estimate of parameter values (C:)) but
also confine a credible region of parameter estimates. This credible region tells us how reliable the parameter estimates are
(yielding lower and upper credibility limits) and resolves correlations (collinearities) between the parameters. The parameter

optimisation procedure implemented in this study is described in detail in the Appendix (B).
3 Results

3.1 Parameter estimates for specific mesocosms with low, medium, and high calcification

The same seven model parameters (Table 1) were optimised for all three calcification cases (LC, MC, and HC) independently,
using data from respective mesocosms. With our DA approach we can thus specify commonalities and differences between

model solutions for mesocosms with LC, MC and HC. Table (2) lists all ML estimates, which correspond with the best model

solutions obtained with the Markov Chain Monte Carlo (MCMC) method. Nete-that-the-estimates-given-in-Table(2)-arenotthe
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ensemble-means-of MEMCresults: Collinearities are expressed by the correlation coefficients of two parameter combinations,
which we have also calculated based on results of the MCMC method (Table 3).

Credible intervals limits for each parameter were derived from nonparametric probability densities of the MCMC estimates.
The corresponding posterior probabilities distributions are the cumulative sums of these nonparametric probabiilty densities
(CDF) in Fig. (4). The steeper the CDF increase the narrower the 95% credible interval of the parameter estimate. According to
the width of credible intervals we find uncertainty ranges of initial conditions parameters fg.:, f.0o and PO Ny to be generally
small for all three cases of calcification respectively. The initial condition parameters are best constrained for the solution of
medium calcification (MC). The parameter f.,.., shows the largest uncertainty for the HC case. A large fraction ( =~ 90 %)
of initial biomass comprises of detrital matter in all three solutions. Table (4) shows mean concentration values of PO N,
DetNy, ZooNg, CoccoNy and PhyNg along with their uncertainties standard-errors according to respective MCMC estimates.
Initial zooplankton concentration is highest in HC solutions. Thus, more photoautotrophic biomass is lost due to grazing by
zooplankton and less by aggregation in model solutions for HC, which is reflected by the negative correlation between initial
condition parameters f.,, and fg.:. For those parameters that do not specify the initial conditions we hoped to find all credible
intervals to overlap, which would have suggested insignificant differences between the estimates. A single set of values of these
parameters could then be unambiguously used for simulations of all nine mesocosms, independently of how the values of the
initial conditions turned out to be. This is not the case, as can be seen in Fig. (4) and in the correlation coefficients (Table 3).
Estimates of the subsistence quota (()o) are lower for the mesocosms with high and medium calcification rates. Apparently,
lower @) and higher a.., values are required to buildup high coccolithophores biomass in mesocosms with high calcification
rates as initial coccolithophores concentration is low and grazing pressure is high.

During the post-bloom period, the mesocosms pooled in HC reveal TA changes that are consistently higher than in the LC
mesocosms. In fact, these differences become well reflected in our parameter estimates. Thus, our optimised ensemble model
solutions are providing the statistical evidence that HC and LC are significantly different. With respect to the mesocosms
assigned to the MC (medium calcification) case we see in our parameter estimates and ensemble model solutions that they are
rather close to conditions also met by the HC mesocosms. In this case the differences in parameter estimates (between MC and
HC) are small, although we find significantly different estimates for cveoeco and for f,, between MC and HC (see Fig. 4). Thus,
we may have one or two out of the three MC mesocosms that might have been better assigned to the HC case. However, this
is reflected in our DA results and we are primary concerned with the upper and lower extremes in calcification, as resolved by

the six mesocosms in the LC and HC cases.

3.2 Data-model comparison

ease- The variational range of-these-ensemble of parameter estimates (Fig. 4) induce ensembles of model trajectories (model

results) that are statistically indistinguishable (or equivalent). Based on these posterior ensemble parameter estimates of all

three calcification solutions we find a general good agreement between model results and the data, (Fig. 5).
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The ensembles reflect uncertainty ranges in model solutions, which correspond nicely with most of the variability in obser-
vations. Almost the entire range of variability in TA is recovered with our three distinct solutions of calcification. The observed
variability in POC is captured with the optimal ensemble model solutions. Only few maximum values seen in POC data remain
unresolved, likely because we have optimised parameters that hardly introduce changes in the solution of TEPC concentra-

tions.

in the accumulation of PON during the exponential growth phase, in spite the fact that DIN data are matched well. Although

this systematic model offset (bias) is pronounced, it does not correspond with any similar model bias in POC.Another general
offset can be seen for simulated Chl a concentrations during the post-bloom period. Our model shows sharp draw down in Chl

a in all three solutions (HC, MC and LC) during the post-bloom period, whereas observed Chl a values are more variable.
3.2.1 \Variations in calcification in response to growth conditions

According to our model approach we resolve changes in the rate of calcification relative to the carbon that is assimilated
for growth of the coccolithophores. Figare{6)-shows For the period of nutrient repletion smaler the values of the molar
calcification-to-C-assimilation ratio (APIC : AC ~ 0.5) are smaller than the values under nutrient depleted growth conditions.
All ensembles of model solutions (LC, MC, and HC) reveal a similar behaviour, with variations in APIC : AC between greater

than 0.5 (up to 2.2) for growth rates between 0 and 0.3 d~!. These variations depend on the light-acclimation state (e.g. 0cocco)s

N

fluctuations in irradiance and on cell quota (Q.,..,

). The variations in APIC : AC during nutrient depleted period can be

attributed to fluctuations in carbon assimilation due to production of TEPC .
3.2.2 Distinctions between model results of low, and high calcification (L.C and HC)

Optimised model results of low calcification (LC) yield the highest TA values of all mesocosms, that-are being in accordance
with the TA data. DIN concentrations are well resolved by the model and variations of the ensemble DIN simulations are
similarly low as in observations. The previously mentioned biases in PON and Chl a are most conspicuous in this LC en-

semble of optimal model results. Variability in the POC data of the LC mesocosms is not captured by the model ensemble.

simulation results (solid lines in Fig. 7) match the POC mean of the three mesocosms. For PIC we also find a good agree-

ment between model ensemble results and data. However, a noticeable potential bias exists for the PIC response in the high
CO,, treatment (M1), where model results overestimate PIC data during the maximum bloom period and shortly after nutrient
depletion. This overestimation is more pronounced in mesocosm with high CO, treatment. The LC ensemble successfully

reproduces amplitude of Chl a peak seen in data, this is also the case in the solutions of HC mesocosms.
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DIN (dissolved inorganic nitrate) is well resolved in the HC (high calcification) solutions (Fig. 8) ;asinthe €. Simulated Chl

a also fits well to observations. HC solutions yield largest variability in DIC, TA and PIC amongst all optimised solutions, which
we mainly attribute to the large uncertainty ranges of the model parameters f.occo and Qeoceo- The HC solutions show sharp
drawdown in DIC during the bloom period compared to other solution (LC). This can be attributed-te explained by an enhanced
calcification activity due to high growth rates of coccolithophores in HC during the bloom period. Again, model overestimates
observed PIC values (M3) under high CO, conditions shortly after the maximum of bloom. PON is best reproduced in this
HC case in comparison to LC. Although model’s HC solutions reproduce manage the entire variability in observed PIC, the

corresponding best fits (to M3, M4, M9) underestimate PIC data.
3.2.3 Integrated flux estimates of carbon and nitrogen (C and N budgets of mesocosms)

The ensemble model solutions for LC and HC constitute two extremes and we therefore concentrate on the C and N budgets of
these two cases. Carbon and N flux estimates were computed as integrals over the entire 23 days period. Figure (9) show mean
C and N flux estimates and their standard errors of the LC solutions are-given;-distinguishing-between of the low and high CO2

treatments. Figure (10) shows the corresponding flux estimates for the HC solution. We learn from these flux estimates that

the simulated C and N mass flux estimates differ more between the mesocosms with different calcification rates than between

the mesocosms exposed to different CO, levels. First-of-alfrom-these-flax-—estimates-welearn CO—effectintroduced-to-the

te-changesin-COz—eonditions: In both cases (LC and HC) most inorganic carbon and nitrogen (DIC and DIN) are utilised by
non-calcifiers ( =~ 56 % in case of HC and ~ 64 % in the LC solution), despite the differences between LC and HC. with

respeet-to-the—initial-biemass—fraetions Generally, more carbon fixation (with C:N uptake ratio of 168:10 ~ 17) occurs in
the HC than in the LC mesocosms (C:N uptake ratio ~ 13). Carbenfux-—estimatesshow—carbonfixattontn-mesecosmwith

rt—Flux budgets show that non-calcifiers
clearly dominate in mesocosms with low calcification rates, and in HC mesocosms coccolithophores and bulk phytoplankton
biomasses are comparable (Figs. 9 and 10). Although grazing, in general, is high in HC mesocosms (Table 4), there is a trend of
higher grazing pressure on bulk phytoplankton than on coccolithophores. This is shown by N flux estimates, where zooplankton
gain nearly 57 % of their total biomass through grazing on non-calcifiers in HC and LC. Our—results—shew;regardless—of

- According to our model solutions,
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the coccolithophores are always less vulnerable to grazing than the bulk phytoplankton. This model behaviour may not be
fully conclusive, because we have no information about the actual grazing rates or about grazing preferences. A noticeable
difference between high and low calcification model ensembles is in terms of mortality of zooplankton. Higher mortality is
seen in HC solutions. Since the carbon fixation in HC is high, exudation and leakage rates are also higher. Accordingly, TEPC
production is enhanced in HC solutions. Unlike estimates of C flux, the N fluxes in HC and LC ensembles are similar, e.g.
aggregation losses of phytoplankton and of coccolithophores are 3 + 0.4 and 2 + 0.4 mmol N m~3 in HC, and 3.4 = 2 - 1073
and 1.5 £ 2 - 1073 mmol N m~3 in LC respectively. Similarly, flux estimates of all i mesocosms with-high-ealeification-and

low-caleificationrates show almost same rates of DIN utilisation, excretion, exudation and remineralisation.

4 Discussion

The DA approach applied in this study was designed to resolve differences in TA and thus in calcification, while variations
in other data (e.g. DIN, PON, and POC) should also be explained with our model. We distinguished between mesocosms
with high, medium and low calcification rates (HC, MC, and LC) and their respective data were used to come up with optimal
estimates of initial conditions and of some important physiological model parameters. Ideally, we would have identified similar
optimal values of the physiological parameters and would have obtained different estimates of the initial conditions for all
three cases, HC, MC and LC respectively. However, our results reflect a more complex picture and our optimised values for the
initial conditions also depend on the best estimates for the model parameters. The initial conditions could not be constrained
independently and model solutions of the HC case do not automatically imply a higher initial abundance of coccolithophores
relative to the other, non-calcifying, phytoplankton. Likewise, the LC solution does not require a lower initial biomass of
calcifying algae. Instead of differences in relative species abundance, the initial physiological conditioning, e.g. acclimation
states of the algae, seems relevant as well, which is in the end reflected in the estimates of the physiological parameters o,
Qlcoceo> and appy). An alternative DA approach would be to optimise the physiological model parameters (Qo, (cocco, and
Qphy) together with the initial conditions (PONy, fdet, fz00, and feocco) for mesocosms of one calcification case in a first step,
e.g. the MC case (using data of mesocosms M2, M5, M7). In a second step we could have fixed the optimised physiological
model parameters Qo, Qcocco. and appy (as identified with data of e.g. the MC case) and would have then estimated only the
initial condition parameters for the other mesocosms, e.g. low and high calcification (LC and HC). This alternative approach
does work (not shown), but we learned that we may then put too much confidence into those estimates of (g, Qcoceo, and
Quphy obtained first, e.g. estimates for the MC mesocosms. It can even obscure the fact that collinearities exist between some
initial condition estimates and the other model parameters. Furthermore, with such alternative approach we could end up with
different estimates of the initial conditions, if we would have started with data of either the HC or LC mesocosms first instead.
The design of our DA approach is more challenging but it is better suited to disclose major uncertainties and collinearities in

estimating initial conditions together with model parameters of algal growth.
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4.1 Uncertainty ranges in parameter estimates and variability in model solutions

Large variations can be seen in the data of PIC, reflecting the variability measured in TA. Since optimal ensembles of model
solutions were derived for three distinct cases of calcification (LC, MC and HC), we automatically capture most of the observed
variability in PIC with our simulations. The spread of the ensemble solutions for TA and PIC is smaller in each of the three
cases relative to the observed total range. This means that the respective uncertainties in our parameter estimates are small
enough to obtain three distinctive ensembles of model solutions. However, it-appears-frem-ourresaltsthat as discussed before,
it is not possible to identify optimal values of the initial condition parameter f.,.c., independently from estimates of the
other physiological model parameters. This situation is aggrevating but not unusual (Schartau et al., 2016). For instance, in a
sensitivity study with a regional marine ecosystem model Gibson and Spitz (2011) stressed that collinearities exist between
initial conditions and the values assigned to the biological parameters.

The posterior uncertainties in the estimates of the subsistence quota, (Q), are rather small, if compared with the uncertainty
ranges of the other parameter estimates. Likewise, parameter estimates of the initial condition parameters PO Ny, fget, and
f00 are fairly confined. Fherefore; The variational range that we see in our model solutions is mainly induced by uncertainties
in estimates of the photosynthesis parameters ccocco, Qphy and of feocco. The combination of these three parameters mainly
determine the spread in model solutions with respect to the amount of C-fixation and also calcification. This also explains why
the ensemble model solutions exhibit only small variations in DIN and PON concentrations and thus in our N-flux estimates.

Variability in POC is much more pronounced than in PON. All three model solutions show a steep increase in POC:PON
ratio as soon as algal growth becomes nutrient limited (Fig. 11). The variability seen in the POC:PON ratio is thus mainly
due to a temporal variation in @~ (N:C ratio of both photoautotrophs) and thus of the algal growth conditions. The temporal
variations in Q*V eventually disperse into zooplankton biomass and detritus, inducing elevations of their respective C:N ratios
during the post bloom period. Another contribution to the elevation of POC:PON ratios is also related to changes in POC
because it constitutes concentrations of TEPC, which is explicitly resolved in our model. Although-TEPC-and-dCCHO-data

are-no tailatad fa o DA nective—<in ad—concen on omnare—well-with-those—o LD

Our results show an increase large—variabitity in molar APIC : AC-assimilation at low net growth rates (ficocco) Under

nutrient limited conditions (Fig. 6) in both HC and LC cases. These variations are in-the-end translated in to some variability
seen in the PIC:POC ratio. Variability in PIC:POC is discussed in Engel et al. (2014), where they collected and analysed data

of diverse experiments and documented an increase (up to fourfolds) in values of cellular PIC:POC at relative growth rate
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(RGR) ~ 0.2 d~! and below in various CO; treatments. The reason for a sharp increase in molar APIC: AC-assimilation ratio
at low growth rates in our model is because of a down regulation of light harvesting complex (LHC). Such model behaviour
is in agreement with the interpretation of Barcelos e Ramos et al. (2012), who describe calcification as a process into which
the coccolithophores can channel excess energy. In order to maximise (optimise) growth rate under nutrient depleted and high
light conditions, the model allocates more resources and energy to support nutrient acquisition than to the LHC (indicated
by low fOLHC "values). Since APIC: AC-assimilation is inversely related to fOLHS in our model, an increase in calcification

(relative to C-fixation) is obtained at low growth rates. The maximum of APIC: AC-assimilation ratio in our simulations are in

accordance with those found in Barcelos e Ramos et al. (2010).
4.1.1 Differences between high and low calcification solutions (HC and LC)

The optimised model solutions for HC and LC reveal significant differences in the development of coccolithophore biomass.
As discussed before, these differences are not solely attributable to differences in the relative proportions of initial biomass
concentrations. In fact, the optimisations yielded estimates that suggest fairly similar initial coccolithophore biomass con-
centrations between all nine mesocosms. Eggers et al. (2014) stressed that variations in initial plankton composition can be
responsible for large differences in the responses observed on community level, thereby masking any possible CO4 effect on
photosynthesis or calcification. Briefly, our results not only support the findings of Eggers et al. (2014), they provide additional
insight to the problem of resolving a CO4 response in the presence of variability in measurements. The-analysis-of-anensemble

- One added message compared to Eggers et al. (2014)

is that our mass flux estimates are shown to differ more between the different calcification solutions than between the different
CO,, treatments. This situation exemplifies that simulation results (e.g. future model projections) may involve uncertainties in
flux estimates that are larger than the CO- effect introduced to the model (e.g. by following Findlay et al., 2011). Another added
message is that initial conditions may not be independently estimated from estimates of phytoplankton growth parameters, like
Qphy and Qigoeeo- This is particularly relevant for model assessment and model analyses of mesocosm experiments. We stress
that the original design of the experiment was meaningful, in particular with respect to the initial filling of the mesocosms in
the PeECE-I experiment. The retrospective separation of the CO5 response signal from the system’s variability was only pos-
sible because mesocosms with similar initial conditions were subject to different CO2 concentrations. Such separation would
be more difficult in retrospective if mesocosms with similar initial conditions would have been (by chance) exposed to similar
COs, levels.

From a modelling perspective it is helpful to know about the initial individual mass contributions to PO Ny, including de-
tails in the initial composition of the plankton. But the level of compositional detail remains unclear, since these variations
in individual plankton composition will in the end always translate into some variational (uncertainty) range in e.g. the initial
photo-acclimation state, since our model approach only distinguishes between calcifiers and all other, non-calcifying, phyto-

plankton. These considerations were disregarded when we designed this study and we originally thought of the importance of
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the relative mass distributions between the state variables resolved by our model, while imposing fixed initial stoichiometric
ratios (C:N and Chla:N). It seems plausible to allow for some variations of the initial stoichiometric ratios as well.

For now we are interested in the question: what induces the different model solutions for LC and HC, in spite of similar initial
conditions in the concentrations of coccolithophores and phytoplankton? First of all, we have some differences between the
relative proportions of initial detrital, zooplankton, and photoautotrophic biomass (e.g. DetN:ZooN:(PhyN+CoccoN) = 80:10:1
for HC and 28:3:1 for LC). The difference between these ratios point towards net photoautotrophic growth rates that are higher
in the LC case than in the HC case, since losses due to grazing and aggregation must be lower in the LC case. However, the
initial conditions in mesocosms of the LC case do not automatically yield model solutions of highest photoautotrophic growth.
Instead we find overall reduced growth rates but some pronounced differences in the relative proportions of biomass between
the coccolithophores and the non-calcifying phytoplankton (Fig. 12). The reason for these differences lies primarily in the
relative differences between the estimates of the physiological parameters, with estimates of a.occo being always smaller than
of a,ny. The photosynthetic efficiency of the coccolithophores remains clearly smaller (LC case) or can become similar (HC
case) relative to the other, non-calcifying, phytoplankton. Major differences between the LC and HC solutions can thus be
attributed to higher avcocco values (median cvepeco = 1.7 mol C (g Chl @)~ m? W—! d—1) in HC posterior distribution compared

to LC (median acoeco = 1.4 mol C (g Chl @) ! m? W1 d~1). The-model-solution-is-highlysensitive-to-the-values-assigned-to

ma o Ch =1 2 yw—1 41 o affactivaly datarmina tha diffarancac in o

paramCtet&cg5ec0, 1€ a O

i i tor: The estimates of ageeco are negatively correlated with the
estimates of feocco (Table 4) and we may therefore look on the combination of the two parameters. To do so we compare two
extreme solutions, selected from the ensemble solutions of LC and HC respectively. One extreme solution yields the lowest
calcification among all HC solutions, based on the parameter combination (atoeco = 1.84 mol C (g Chl A Tm2 WA, froeeo
= 0.34). The other selected solution represents the highest calcification of all LC solutions, which corresponds with (acocco =
1.59mol C (g Chla) ' m®> W1 d= !, feoeeo = 0.35). Thus, it is mainly the photosynthetic efficiency cveocco to which the model
solution is highly sensitive to. Hence, a difference of ~ 0.3 mol C (g Chl a)~' m® W—! d~! can effectively determine the
differences in our simulations with respect to rates of carbon fixation and calcification. The build-up of comparable nitrogen
biomass of coccolithophores and bulk phytoplankton in HC solutions are achieved with identical () values and only nuanced
differences in values between vcocco and ayppy. In contrast, bulk phytoplankton (non-calcifiers) outcompete coccolithophores
during the bloom period in the LC solutions (Fig. 12).

Differences in photosynthetic efficiency estimates for the LC and HC cases could possibly be invoked for two reasons: a)
because of unresolved differences in initial photo-acclimation states (e.g. different light-history during the filling period), since

N _oN

we assume identical initial Chl:N (0.}, = ohy

) and N:C (Qcocco = Qphy) 1atios for all nine mesocosms (and thus for LC,
MC, and HC), or b) because of unresolved varying conditions in irradiance. To impose identical surface PAR forcing on all
nine mesocosms might not be appropriate and the arrangement of neighbouring mesocosms may have caused some shading

effects. From the available data and with our model approach it is not possible to resolve such varying conditions afterwards.
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4.2 Model biases

— Model biases disclose systematic
deviations of simulation results from observations, which may point towards i) erroneous model counterparts to observa-
tions (definition of H(x) in Eq. 9) or ii) deficiencies in model dynamics (errors in ). Some bias is related to the increase

in PON concentration during the late phase of exponential growth (between days 10 and 12, Fig. 12). This-effsetis-mest

- The noticeable bias (temporal offset) in simulated PON

concentrations can be explained with an apparent overestimation of initial coccolithophore biomass. The estimates of f.occo
turned out to be highest, if compared with the estimates for the low and high calcification (LC and HC) model solutions.
Furthermore, the range of credible values for f.,.., is small (Fig. 4). Both estimates, of f.,cco and of PO Ny, lead to an inital
biomass concentration of coccolithophores that is approximately three times higher than in the LC case and even six times the
initial concentration of the model solutions for HC.

With our model we do not distinguish between growth of picoplankton and the other non-calcifying phytoplankton during
the initial bloom phase. The initial abundance of picoplankton (mainly Micromonas spp.) and their decline was observed during
the early pre-bloom period of the PeECE-I experiment (Engel et al., 2005). This explains why our simulated Chl @ and PON
concentrations are lower compared to observations between day 1 and day 4. Another discrepancy between simulated and
observed Chl a exists during the post-bloom period. We assume that this bias is mainly because we do not account for detrital
chlorophyll pigments (presumably of inactive or destroyed cells) in our model. Formation of detritus is associated with the
aggregation of coccolithophores and of the other phytoplankton to form detritus (simulated as a transfer of algal biomass into
detritus) in our model, and the fate of Chl a within the detritus compartment remains unresolved. Once N and C biomass of the
photoautotrophs are transformed to detritus, an associated flux of Chl a is disregarded. An explicit consideration of the fate of
Chl a would likely improve model performance and some refinements in this respect are recommended for the future.

Results of our data-model synthesis also exhibit a small but distinctive bias in the calcification response to elevated CO2
levels. The distinctions we made with respect to mesocosms of LC, MC and HC helped us to identify such bias. -which-wilt
be-addressed-in—the-follewingseetion— This bias implies that the COs effect on calcification, as introduced to our model, is

slightly smaller than in the observations, which will be discussed in detail hereafter.
4.3 Disentangling CO- effect from the observed variability in PIC

We considered a simple CO» relationship that mimics only OA effects on calcification. It is a dependency that was adopted
from the meta-analysis of Findlay et al. (2011). With this CO5 dependence we can already capture differences in PIC formation.
The COs, sensitivity that we introduced to our model is only effective with respect to the ratio of calcification versus C-fixation,
thereby reducing the overall calcification rate under high CO4 conditions. This effect turned out to be small compared to the
total variability seen in PIC data. According to our model setup we do not consider any potential changes in vulnerability to

predation (or edibility) of the coccolithophores due to elevated CO,. Likewise, any additional COs effects, e.g. on the rate of
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aggregation, are not accounted for. Such effects remain unresolved and therefore the comparison of our budget calculations
yield only small differences between high and low COs levels, in particular with respect to nitrogen flux estimates. Thus,
differences in C and N budgets between the two extreme calcification cases, LC and HC, are more pronounced than between
different levels of COs. To resolve consecutive ecological effects in response to a reduction of the relative calcification rate we
would have needed explicit data, i.e. revealing differences in grazing and aggregation rates between the individual mesocosms.
With the PON and POC data used in our DA approach it is not possible to distinguish between different coccolithophore
loss terms like grazing and aggregation, since detritus and zooplankton are both constituents of the same PON and POC
measurements.

The advantage of resolving LC, MC and HC solutions separately is that for each case we can compare data with model
results of mesocosms individually, of low (glacial), medium (present), and high (future) CO4 treatments. In other words, for
every LC, MC, and HC case we resolve three mesocosms, of which each was subject to different CO» levels. This way we
have separated differences between LC, MC, and HC from variations induced by a CO-, effect. Doing so reveals PIC formation
to be be systematically overestimated by the model for all mesocosms of the future treatment (Figs. 7 and 8, MC case not

shown).

(Higs—F-and-8)— In contrast to Delille et al. (2005), our results show an early onset of calcification in mesocosms of the high
CO,, treatment between day 10 and day 15. It indicates that the CO4 effect introduced to our model is likely too weak. This
becomes evident according to positive model-data residuals in PIC between day 13 and day 18 for those mesocosms with future
treatment (Fig. 13). It is not evident for the glacial and present day CO4 treatments, where the corresponding residuals do not
show a systematic positive offset.

Figure (14) shows the total variability seen in PIC data together with the full variational range of all ensemble model
solutions. In addition, we depict those ranges in simulated PIC that are solely due to the CO- effect, based on the two extreme
calcification solutions (lowest and highest simulated PIC) and the best model solution (according to the lowest cost function
values) for the MC mesocosms. If we compare the simulated CO5 response signal on calcification with the total variability in
PIC (in Fig. 14) we find that the CO5, effect remains small. This situation demonstrates the difficulty in isolating a distinctive
COs signal from the total variability seen in PIC observations. However, with our model-based analysis approach this CO9

signal becomes well detectable.

5 Conclusions

— An analysis of data of a mesocosm experiment is often approached by
first grouping individual mesocosms according to the level of perturbation (e.g. the level of DIC added). In some cases, such
apparently self-evident approach may not help to reveal some basic phenomenon in mesocosm experiments. For a meaningful

data analysis the mesocosms need not be exclusively differentiated by the different levels of perturbation but may first be sorted
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by major differences between relevant response signals, as done with respect to the magnitude of calcification in our study (by
differentiating between LC, MC, and HC). In mesocosm experiments these differences in responses are likely associated with
variations in initial conditions.

With our DA approach we could disentangle three distinctive ensembles of model solutions that represent mesocosms with
high, medium and low calcification rates. The results of our data-model synthesis show that the initial relative abundance of
coccolithophores and the prevailing physiological acclimation states drive the bloom development and determine the amount
of calcification in the mesocosms. Small variations of these two initial factors between the mesocosms can generate differences
in calcification that are larger than the change in calcification induced by OA. In spite of this difficulty, a CO4 response signal
may still be identifiable, as long as mesocosms that reveal strongest similarities (with respect to initial composition of plankton
and their physiological state) are not used as replicates for similar CO5 conditions (perturbations). Instead, mesocosms with
similar initial conditions should be exposed to different levels of OA. Such favourable starting conditions were met in the
mesocosm experiment described in Engel et al. (2005) and Delille et al. (2005), as well as in the experiment of Eggers et al.
(2014).

An alternative approach to setting up mesocosms is to gradually increase the level of perturbation for a series of mesocosms.
This way a gradient of different perturbation levels is introduced. The advantage then is that mesocosms that have been collated
according to e.g. lowest and highest response signals (or likewise according to similarities in initial conditions) may then be
separately analysed with respect to their responses to the individual levels of perturbation.

From this modelling study we infer that collinearities exist between estimates of initial conditions and physiological model
parameters, in particular for the photosynthetic efficiencies appy, 0tcocco and the initial fraction of coccolithophores determined
by feocco- Therefore, it is not possible to identify initial concentration of photoautotrophs independently of parameters respon-
sible for phytoplankton growth in HC, MC and LC model solutions. This infereneejustifies-ourDA—appreach-of was only
found because we optimised medel-parameters initial conditions together with physiological parameters for HC, MC and LC
mesocosms separately. By this seperation the-medel-selutionsformesocosms-with-high; medinm-andlow-caleifieationrates we
could better specify the CO, effect on PIC formation. Fer-mesocosms-exposed-to-high-CO-Jevels-(futaretreatments) Doing
so we could identify a systematic overestimation of calcification in our model and we conclude that our simulated CO5 effect

on PIC formation is even too weak.
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Figure 1. Forcing variables for all nine mesocosms: The upper panel shows temperature, linearly interpolated to hourly values between
daily observations. The middle panel displays hourly interpolated salinity values and the lower panel reveals the irradiance data with hourly

temporal variations resolved.
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Figure 2. Schematic representation of the model: boxes characterise individual compartments that are represented by one and more model
state variable. The arrows represent key biogeochemical processes (named in red) between compartments. One compartment includes dis-
solved inorganic carbon and nitrogen (DIC and DIN). This comartment also embeds total alkalinity (TA). Biomass and chlorophyll concen-
trations of photoautotrophs are resolved with respect to carbon and nitrogen explicitly (referred to as PhyC and CoccoC, PhyN and CoccoN,
and Chlypy and Chleoeeo respectively). Variations in carbon and nitrogen biomass are also resolved for zooplankton (ZooC and ZooN) and
for detritus (DetC and DetN). Dissolved combined carbohydrates (ACCHO) are distinguished from other labile dissolved organic matter,
desribed as LDOC and LDON. Only dCCHO are assumed to act as precursor for the formation of transparent exopolymer particles, whose

carbon content is explicitly resolved (TEPC). One compartment represent the formation and dissolution of particulate inorganic carbon (PIC),
affecting DIC as well as TA.
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Figure 3. The left panel in the figure shows three distinct calcification patterns, reflected in total alkalinity (TA) data. Those mesocosms that
exhibit high TA values (a reduced drawdown during the bloom and post-bloom period) feature rates of low calcification (LC, in blue color).
Mesocosms with low TA values (a strong reduction of TA) reveal rates of high calcification (HC, marked red). Rates of medium calcification
(MC) are assigned to the remaining mesocosms (with intermediate TA values, marked black). The right panel shows the respective different
CO treatments in the same colors as for LC, MC, and HC. The figure shows that each calcification case (LC, MC, and HC) includes

mesocosm of all three CO» treatments.
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Figure 9. Carbon and nitrogen fluxes estimated by the model in mesocosms with low observed calcification but different CO» treatment, high
(a) and low (b). All the arrows that point downwards show flux estimates from the respective compartment on the right hand side, whereas

arrows pointing upwards show values on the left hand side.
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N:2.2 + 0.1

C:31.7%55
N:2.0+0.4,

C:448+4.1 C:34.0%4.0

‘ TEPC C=mmolCm?

N = mmolIN m*

‘ Labile dissolved organic compounds(LDOC & LDON) ‘
C:71.0£0.5

—>{ dCCHO (dissolved combined carbohydrates)

(b) Low CO2

Figure 10. Carbon and nitrogen fluxes estimated by the model in mesocosms with high observed calcification but different CO5 treatment,
high (a) and low (b). All the arrows that point downwards show flux estimates from the respective compartment on the right hand side,

whereas arrows pointing upwards show values on the left hand side.
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Figure 11. Ratios of [POC]:[PON] and [DIC]:[DIN] determined from daily sampled noon values of model results. Filled circles represent
logio (DIC:DIN) ratios. Asteris symbols represent POC:PON ratio over the duration of the experiment.
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Figure 12. Simulated nitrogen biomass concentrations of photoautotrophs and zooplankton in high and low calcification solutions.
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Figure 13. Bar plots depicting cumulative sum of PIC residual (modal-data misfit) from day 13 to day 18 of the experiment for three replicates
in mean solution of HC, MC and LC ensembles. First row shows mesocosms with high CO; treatment (future), second row medium CO2

treatment (present) and third row low CO> treatment (glacial).
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Figure 14. Full spread of model solutions according to credible range in parameter estimates, inlcuding ensemble solutions of high, medium
and low calcification (light brown shaded area). Symbols represent observations of all mesocosms. Khaki shaded bands show CO- effect in

the model, for solutions with lowest, medium and highest calcification rates.
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7 Tables

Initial conditions & parameters for optimisation

Description

Unit

1) PONy
2) faet

3) fzo0
4) feocco
5) Qo

6) acocco

T) aphy

Initial concentration of particulate organic nitrogen

fraction of PO N assigned to non-living detritus

fraction of living PO Ny assigned to zooplankton

Initial coccolithophore fraction of photoautotrophs

subsistence quota (minimum cellular N:C ratio)

Photosynthetic efficiency of coccolithophores

Photosynthetic efficiency of non-calcifying phytoplankton

Table 1. Initial conditions and model parameters that are subject to optimisation.

mmol N m—3

mol mol—?!
mol C (g Chlg)~! m? W—1d—1
mol C (g Chla) "' m? W—1d—1

Parameter ~ Description LC MC HC Units

PONy Parameter of initial PON concentration 1.25 1.90 1.61 mmol N m—3

fdet Parameter of initial detritus fraction 0.89 0.89 0.89 -

fzo00 Parameter of initial zoopl. fraction 0.72 0.63 0.88 -

feocco Parameter of initial coccolithophore fraction 0.39 0.88 0.40 -

Qo Subsistence N:C ratio 55-1072 42.1072 42.1072 -

Qcoceo Photosynth. light absorpt. coeff. of coccolithoph.  1.40 0.50 1.66 mol C (g Chla) ' m> w1 d!
Qphy Photosynth. light absorpt. coeff. of non-calcifiers  1.73 3.10 1.71 mol C (g Chla) ' m> Wt d!

Table 2. Maximum likelihood parameter estimates of three model solutions: low, medium, and high calcification (LC, MC, and HC)
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fdet

j}oo

j;occo

Qo

Qcocco Qphy

PONy -0.03/0.03/-030 0.57/0.48/0.51 -0.10/0.29/0.66  0.05/-0.20/-0.34 0.11/0.03/-0.56 -0.10/0.19 7 0.60
fdet 1 -0.51/-033/-092 0.13/0.01/-0.28 0.23/0.25/0.11 -0.15/-0.10/0.10 0.13/0.03/-0.40
fzo00 1 -0.47/0.24 /0.5 -0.11/-0.30/-0.16 0.50/0.52/-0.38 -0.42/0.22/0.63
feocco 1 0.10/-0.12/-0.25 -0.99/-0.15/-0.95 0.99/0.93/0.93
Qo 1 -0.10/-0.25/0.18 0.13/0.10/-0.26
Qeocco 1 -0.97/-0.18/-0.87
Aphy 1

Table 3. Correlation coefficients of parameter estimates of low, medium, and high calcification model solutions (LC, MC, and HC). Corre-

lation coefficients > 0.6 are marked bold face.

State variable name LC/mmolNm~2 MC HC

PON, 1.2 +£0.01 1.9 4+ 0.01 1.740.1
DetNg 1.1+4-107* 1.7+1-1073 1.6 +0.01
ZooNg 0.1+1-1073 0.1+ 1-100% 02+ 0.01
CoccoNo 002421073 006+1-107* 0.01£2-1073
PhyNy 002+2-1073 001+ 4-107* 001+3-1073

Table 4. Mean initial values of PON (PO Nj), detritus (DetNy), zooplankton (ZooNy), coccolithophores (CoccoNp) and bulk phytoplankton

(PhyNo) according to posterior of the (initial condition) parameter estimates of three solutions: low, medium, and high calcification (LC,

MC, and HC).
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Appendices

A Supplementary model equations
A.1 Arrhenius relation

The affect of temperature on the metabolic rates and biological activities of the vast majority of organisms is given by the

Arrhenius relationship (Sibly et al., 2012).

Ty =expl~Ap.( — =) (A1)
where T is reference temperature, given in units Kelvin (K). and approximately equals to 293.15 K (Table A.1).

A.2 Photoautotrophs

The resource allocation depends on the cellular nitrogen-to-carbon (N:C) ratio, expressed by the cell quota (QV). Q¥ is the
cellular N biomass normalised to carbon/energy units. The availability of resources that can be allocated is estimated by the rel-
ative difference between Q* from and a subsistence quota (Qg). Qo is the minimum N:C ratio required for a photoautotrophic
cell to survive. As QY approaches Q) less resources can be allocated (e.g. to the LHC) and algal growth becomes limited.
Under balanced optimal conditions we can approximate fy ~ f{, for photoautotrophs. An optimal allocation of nutrients to
specific cellular sites (or cell compartments) is thus determined by a trade-off between three fractions: a) a fraction that is
allocated to the nutrient acquisition complex (fy/), b) a fraction attached to structural proteins (expressed as Q5 / QM),andc) a
remaining fraction (1 - fy - Q5/Q) that can be allocated to the LHC and thus promotes the synthesis of chlorophyll a (Pahlow
et al., 2013). An optimal allocation factor () for nutrient uptake is derived by maximising net growth rate with respect to
nutrient uptake and thus fy (Eq. A.3 in Appendix A). Under nutrient depleted conditions, some higher growth rate of a algal
cell can be maintained by increasing fU to the cost of resources that can be assigned to the light-harvesting complex (referred
to as fY ;- the optimal allocation factor for LHC). In consequence, the mobilisation of resources (N in this study) for nutrient
acquisition (induced by an increase of f{) reduces the rate of chlorophyll a synthesis. Vice-versa for light-limited conditions,

growth rate of a cell is optimised by investing more resources to LHC of a cell, which enhances the rate of chlorophyll a

synthesis. This is achieved for low values of f{;.

hs— In the model the optimal allocation

Qs = % (A.2)

0 _ Qs _ N N _ A3

prhy/cocco - NN C (Qcocco/phy QO) (A.3)
cocco/phy
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Qs
fI?HCcocco/phy = 1 - N - fO (A.4)

Vcocco/phy
cocco/phy

where (% is the cost of N uptake in a photoautotrophic cell, given in units mol mol~"'; and @ is the N quota attached with
structural proteins, given in units mol N (mol C)~!. In our model maximum N assimilation rate and maximum carbon fixation

rates are numerically identical.

Ve = Vo - Ty (A.5)
Viww = Vo - Ty (A.6)

where VN and V. are maximum N assimilation and maximum carbon fixation rates, given in units mol N (mol C)~! d~*
and mol C (mol C)~* d—*. Model parameters V¥ and V' are photoautotrophic potential N assimilation and C fixation rates,
given in units mol N (mol C)~! d~! and mol C (mol C)~* d~!(Table A.1).

The total N uptake rate of photoautotrophs is calculated from the local N uptake rate (Pahlow et al., 2013). The latter is

calculated from maximum N assimilation rate, potential nutrient affinity and dissolved inorganic nitrogen concentration (DIN).

PN __ 1 1 -2
V= (\/Vrﬁvaz - \/AO ' (DIN)) (A7)

vy 19 VN (A.8)

phy/cocco = I Veocco/phy

where V" is the local N uptake of photoautotrophs, given in units mol N (mol C)~! d~!. Ay is potential nutrient affinity of

respective algae in units m3 (mol C)~! d~! (Table A.1).

The gross carbon fixation rate of calcifiers and non-calcifiers is calculated from day length, degree of light saturation, f2;c and

|7AS:
chcco/phy = La. folggccco/phy : Vrga:t ’ S;OCCO/phy (A9)
where Vgcco Iphy is the gross carbon-fixation by photoautotrophs, given in units mol C (mol C)~! d~!, Ly is the day length

Sphy/cocco
I

as a fraction of 24 hours. For more details see Table (A.1). is the degree of light saturation in photoautotrophs and

calculated as:

ycocco/phy « - 0(:0(1(:0/1}/1,3/ -1
Sy =1—exp(— O )
0

(A.10)
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Ococeo/phy 18 ChL:C ratio in the chloroplast of a cell (Pahlow and Oschlies, 2009; Pahlow et al., 2013), given in units mg Chl

(mmol C)~ 1.

The differential equations of C and N biomass for phytoplankton and coccolithophores are:

d A G
ZPYC = (tpny — CNpaer - W) - PhyC — B ZEA (A.11)
¢ phy phy
d Acoce Geoce
%COCCOC = (Mcoeco - CNfact : ’YN) - CoccoC — Z\ZZZZ - ?ZZ(;Z (A.12)
d N
PN =V, PhyC — 9 - PhyN — Ay, — Gy (A.13)
d
%COCCON = ‘/c](\)[cco - CoccoC — vy - CoccoN — Acocco — Geocco (A.14)

A description of auxiliary variables is given in Table (A.1). We stress that the parameterisations in Egs. (A.11 and A.12) are
identical for both photoautrophic groups (coccolithophores and non-calcifying algae), but some of the corresponding optimised
parameter values may turn out to be different between the two.

The differential equations for chlorophyll a of non-calcifying phytoplankton (with subscripts phy) and coccolithophores

(cocco) are:

d écocco/phy

%Chlcocco/phy = (Mcocco/phy + 0 )'Chlcocco/phy - Acocco/phy . ei\(f)cco/phy - Gcocco/phy . ecj\gcco/phy (A.15)
cocco/phy
Where Hi\g ceo/phy AT€ the respective cellular Chl:N ratios in units mg Chl (mmol N)~! (Table A.1). The terms 960000 /phy are

the time derivatives of 0cocco/phy- The regulation of 6, and 0.occo upon on the buildup and limitation of chlorophyll a is
determined by optimality-based criteria.

The regulation term for chlorophyll a synthesis (S.p;) is given as:

9.(1()(1(1() ’)}I,’l 1 aA(l(}(l(l() ’)h,’l = é(l(}(l(l(} ')h,'l 2 : C S
Sy = /phy = ( /7 J)JFQN ) /r J_( )

o Chl ~ a) cocco/phy N AN
ecocco/phy C 89(5“(300/1’}1r1/ ecocco/phy Qcocco/phy Qcocco/phy

+ ¢M) (A.16)

aAcocco h QXcoceo/ph I cocco/ph A cocco/ph
aé [phy = Ld : V’rgax.[ Vé'p . (1_ SI /e y)'(l_ CChl : Hcocco/phy) - SI /phy : CChl]_R%hl : CChl (A17)
cocco/phy max

where, A is an auxiliary variable that contains all light dependent terms (Pahlow and Oschlies, 2009; Pahlow et al., 2013) and
has the unit d—'; (¢ and ¢!V are costs of chlorophyll a synthesis and N assimilation, given in units mol C (g Chl)~! and mol

C (mol N)~! (Table A.1). The derivative term (%) is given in units mol C (g Chl)~! d—*.
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A.3 Respiration costs

Total respiration cost in a cell includes costs due to chlorophyll synthesis, nutrient acquisition and cell maintenance.

r;hy/cocco = Rghhyl/cocco + CN ’ V;)]l\zfy/cocco +Rum (A.18)

where respiration cost due to synthesis of chlorophyll a is given as:

RChl = (Vchy +fOLHC ' R%hl) ' Cohl ' éphy/cocco (A.19)

phy/cocco p phy/cocco

where R, is maintenance respiration cost of a cell, given in units d 1. Detailed description of auxiliary variables is given in

the Table (A.1).
A.4 PIC formation and regulation of calcification

PIC formation can be written as a single differential equation:

d
%PIC - (fCOg . fPIC : /J/cocco) - CoccoC — Tdissol * PIC (AZO)

where T4issoi 18 the dissolution rate of PIC, given in units d—!. Parameterisation of calcite-t0-Corganic Tatio is given by
Eq. (A.21), whereas regression model of Findlay et al. (2011) to quantify effect of different CO, concentrations on PIC
formation is represented by Eq. (A.22).

1 SPIC
1 A.21
feic 2 + 1+ exp(spic - fOLHC)) ( )
fco, = —0.0097 - COg 44 +0.9654 (A.22)

with aqueous carbon dioxide COz 4, concentrations normalised to water mass instead of volume, given in units zzmol kg~

A reference rate of PIC formation under nutrient replete and light saturated conditions is prescribed as a molar ratio of fpic =

0.5 mol PIC formed per mol C assimilated into organic matter, Eq. (A.21). The molar ratio (fpic) is assumed to increase when
QLHC

cocco

the fraction of resources allocated to the light harvesting complex (LHC) of a cell (f ) decreases. According to our model
approach the process of calcification can be interpreted as an additional pathway for dissipating excess energy (Barcelos e

Ramos et al., 2012), as is the case under high light conditions when chlorophyll a synthesis rates diminish (induced by a

LHC
Ococco

reduction of f ). On the one hand, PIC formation becomes enhanced under high light conditions, while less resources
become allocated to LHC. On the other hand, calcification is reduced or ceases under conditions of low or no light. Under
nutrient depleted conditions, when more resources become allocated to nutrient uptake sites rather than to LHC, the rate of
calcification per net carbon fixation also increases. For low (nutrient limited) growth rates under saturated (or high) light
conditions the parameterisation fpic can yield maxima in the calcite-to-Corganic ratio (of the calcifying algae) that may reach
values of 2 and slightly above. The function fco, in Eq. (A.20) has no dimension and it simulates the effect of varying CO,

concentrations on fpic.
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A.5 Zooplankton

The sms differential equations for zooplankton carbon and nitrogen biomass are:

d Gphy Gcocco Alzoo

—Z00C = + —— — Tz00 — (A.23)
dt ijw (]:\(])cco o Q200
d N
EZOON = Gphy + Gcocco — Y200 — J\/[zoo (A24)
Equations below represent Holling type III grazing dynamics.
(PhyN?)
Gphy = Gm - —————5— . ZooN A.25
phy g e+ (PhyNQ) ( )
N2
Geocco = Gm - (COCCO ) .ZooN (A.26)

¢ + (CoccoN?)

where g,, is the nitrogen specific maximum grazing rate on photoautotrophs, given in units d—!; and e is the half saturation

constant for grazing, given in units (mmol N)? m~6.

A.6 Zooplankton respiration and excretion

Respiration is parameterized as a function of respiration maintenance rate coefficient, temperature dependent metabolic rates

and carbon concentration of heterotroph.
T200 = Rpasal - Tf . ZooC (A.27)

Similarly, excretion is parameterised as a function of respiration maintenance rate to basal metabolism, temperature dependent

metabolic rates and nitrogen concentration of heterotroph.

Yzo0 = Ryasal - Tf . ZooN (A.28)

A.7 Detritus

The corresponding differential equations of detrital C and N mass are:

d A ACOCCO MZOO

—DetC = phy 2% O~ et T; - DetC (A.29)
phy cocco zoo

d

%DetN = Aph,y + Acocco + Alzoo — Wdet * Tf -DetN (A30)
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Aggregation equations for bulk phytoplankton and coccolithophores are given below.

Aphy = Pagg - PhyN-DetN + ¢4, - PhyN? (A.31)

Acocco = Pagg - CoccoN - DetN + ¢4 - CoccoN? (A.32)

A.8 Dissolved inorganic compounds (DIN, DIC) and total alkalinity (TA)

The nitrogen uptake (VCIX cco/phy

(mol C) ~* d—! (Pahlow and Oschlies, 2009):

d N N
%DIN = _(Vphy : Phyc + V::occo

) is carbon-specific and is therefore given as a rate of N utilisation per carbon, in units mol N

-CoccoC) + 2o, +p- Ty - LDON (A.33)

The sources of DIN are calculated from zooplankton excretion (72 ) and the remineralisation of LDON.

The sms differential equation for DIC is given below:

d
ZDIC =~ PhyC — (14 fc0, - fyic) - eoceo - C0ec0C + Taissor - PIC + 7200+ p- Ty - (LDOC +dCCHO) + Frc: (A.34)

Calculations of air-sea gas exchange (Fpjc) within mesocosms are based on original carbonate chemistry code provided by
the Ocean Carbon-Cycle Model Intercomparison Project (Orr, 1999). The original code was refined to include an accelerated
iteration scheme for pH and pCO; calculations (Christoph Volker, personal communication), as already applied in Schartau
et al. (2007).

The differential equation listed below accounts for TA in the system:

d Vp]Xy Vc](ycco
ETA =(141/16) - ( v - PhyN 4 —<=< -CoccoN) — 2 (fco, * fric * feoceo - COccOC — Tgissor - PIC)
phy cocco
—(141/16)-p-Ty - LDON (A.35)

Measured values of DIN, TA, and DIC on day one of the experiment were taken as initial conditions for respective mesocosms.

A.9 Dissolved labile organic matter

The differential equations for dissolved organic matter are given below:

d
ELDOC = Cfact "IN - [(1 — detho) -PhyC + (1 — ficCto) - CoccoC | + wyet - T’y - DetC

+wger - Ty - TEPC — p- Ty - LDOC (A.36)
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ﬁLDON =y - (PhyN + CoccoN) + wges - Ty - DetN — p- Ty - LDON (A.37)

A.10 dCCHO and TEPC

The differential equation for dissolved combined carbohydrates(dCCHO) is given as:

d . oce

—dCCHO = Cfact YN - g)éLCyHO . PhyC + fég&_loo -CoccoC| — ¢dCCHO . dCCHO2 — ¢TEP -dCCHO - TEPC

dt
— p-Ty-dCCHO (A.38)

Given below is the parameterisation to estimate the fraction of phytoplankton exudates that become available to be part of

dCCHO during two distinct modes of carbon overconsumption decscribed in Schartau et al. (2007).

ggéggphy = |:1 =+ DdccHo eXp(l - QS/Qi\(f)cco/phy)} (A39)

where paccno is the fraction of DOC that enters dCCHO pool. Coagulation parameter of dCCHO (¢qyccno) is derieved from
product of agccno (stickiness between dCCHO and dCCHO) and Byccho (C-specific collision rates between dCCHO and
dCCHO). Likewise, coagulation parameter of dCCHO-TEPC (¢rgpc) is computed from the product of argpc (stickiness be-
tween dCCHO and TEPC) and Srgpc (C-specific collision rates between dCCHO and TEPC). ayccuo and argpc have no units
as they are probabilities, whereas Syccuo and Srepc are given in units m? (mmol C)~! d—!. Values of cwccho » @tepe 5 Baccho

and Srgpc are taken from (Schartau et al., 2007).

@dcCHO = QdccHO * BdccHo

(A.40)
baccro = (0.87-1073)-0.86 = 7.48-107*
é1EPC = QTEPC * BTEPC

(A41)
¢rEpc = 0.4-0.064 = 2.56 - 102
The differential equation for formation of TEPC is shown below:
d
ﬁTEPC = ¢accho - ACCHO? + ¢rgp - dCCHO - TEPC — wy,; - Ty - TEPC (A.42)
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Auxiliary variables & functions Description Unit

T f Arrhenius temperature dependency -

fv resource fraction allocated for nutrient acquisition -

f‘o/ optimal allocation value of fy, -

fIE)HC optimal resource allocation to light harvesting complex (LHC) -

I3 net growth rates of respective photoautotrophs a1

Qs N quota attached with structural proteins mol N (mol C) ™ 1

vN photoautotrophic local N uptake rate of rate mol N (mol C) ™ 1g4-1
vC photoautotophic gross carbon fixation rates mol C (mol C) ™ 14-1
rC respiration rates a—1

Vrrln:\,x photoautotrophic maximum N assimilation rates mol N (mol C) ™ 141
V"gx photoautotrophic maximum C fixation rates mol C (mol C) ™ 1 d— 1
vV carbon-specific nitrogen uptake rate mol N (mol C) ™ 141
Q N molar cellular nitrogen-to-carbon (N:C) ratio (cell quota) mol N (mol C) ™ 1

] chlorophyll a-to-carbon (Chl:C) ratio of photoautotrophs g Chl (mol C) ™ 1

0 time derivative of 6 g Chl (mol C) ™ 1 d— 1
oN chlorophyll a-to-nitrogen (Chl:N) ratio of photoautotrophs g Chl (mol N) ™ 1

Sr degree of light saturation for photosynthesis -

Schi regulation term for chlorophyll synthesis mol C (mol N) ™ 1

Lg day length as a fraction of 24 hours -

I Mean irradiance wm—24—1

é photautotrophic chloroplast Chl:C ratio g Chl (mol C) ™ 1

A variable representing all light-dependent terms a—1

G nitrogen-specific rates of zooplankton grazing mmol Nm—3 d—1
Tzo00 zooplankton respiration mmol Cm—3 d—1
'Yi\i)o zooplankton excretion of nitrogen mmol Nm—3 d—1
Mzo0 nitrogen-specific zooplankton mortality mmolNm—3q—1

A nitrogen-specific rates of aggregation mmol Nm—3 ¢~ 1
fPIC calcification relative to net carbon fixation mol PIC (mol C) ™ 1
Fpic flux due to air-sea gas exchange mmol Cm—3 d—1
fcoa regression model of CO9 effect on calcification -

faccHo fraction of exudates assigned to dCCHO -

@JdCCHO stickiness between dCCHO and dCCHO -

'HdCCHO C-specific collision rates between dCCHO and dCCHO m3 (mmol C) ™ 1 a—1
QTEPC stickiness between dCCHO and TEPC -

BTEPC C-specific collision rates between dCCHO and TEPC m3 (mmol C) 1 d— 1
Model parameters (fixed) Value

Dyn photoautotrophic loss rate of organic nitrogen 0.1 a—1

2) C Ngyer enhancement factor of carbon exudation relative to y 1.0 -

3)p remineralisation rate of dissolved organic matter 0.05 d— 1

Hwget hydrolysis/degradation rate of detritus 0.02 a—1

5) w gel hydrolysis/degradation rate of TEPC 0.01 a1

6) Tgissol dissolution rate of particulate inorganic carbon 0.01 a1

7 ¢accHO coagulation parameter of dCCHO 7.48 - 10_4 m3 (mmol C) 1 d— 1
8) dTEPC coagulation parameter of dCCHO-TEPC 2.56-10"2  m3 mmoo)—1a—1
9) Tef reference temperature for A g relation 293.15 K

100 A g slope of arrhenius relationship 4500 K

11) aqp light attenuation due to water column 0.04 m—1

12) ac light attenuation due to chlorophyll a 0.05 (mg Chla) ™ 13

13) R?Jhl cost of chlorophyll maintenance 0.1 a—1

14) Ry total respiration maintenance cost 0.05 a—1

15) ¢ Chl cost of photosynthesis coefficient 0.6 mol C (g Chla) ™~ 1

16) ¢ N cost of N uptake 0.7 mol C (mol N)— 1

17) Ag potential nutrient affinity 1 m3 motc—1a—1
18) VON photoautotrophic potential N assimilation rate 4.0 mol C (mol N) — 1

19) VOC photoautotrophic potential C fixation rate 4.0 mol C (mol C) ™ 1

20y N algal nitrogen loss rate 0.1 a1

2D) pagg aggregation rate 0.01 m3 (mmol N) ™ 14-1
22) pacCcHO minimum DOC fraction allocated to dCCHO 0.2

23) gm, nitrogen specific maximum grazing rate 0.2 a—1

24) € prey capture rate normalised to maximum grazing rate 1 (mmol N)2 m—6

25) M 200 mortality rate of zooplankton 0.05 a1

26) Ry sql zooplankton basal respiration rate 0.05 a1

27) ppic slope of APIC formed per AC assimilated 5.0 mol PIC (mol C) ™ 1

Table A.1. Auxiliary model variables and model parameters.
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B Data assimilation

B.1 Parameter optimisation procedure

The entire optimisation procedure of each (LC, MC, and HC) case is subject to five consecutive analysis steps:

1) adjustment of parameters while considering published typical values — specify model solution that is in qualitative

(visual) good agreement with observations of the medium calcification MC case

2) application of simulated annealing algorithm (SANN), see (Bélisle, 1992), to effectively scan and minimise the seven-
dimensional manifold (©,J(©)), while avoiding to get trapped into local minima of J(©) — obtain global estimate of

©

3) local refinement of the parameter estimate, using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm (Broyden,
1970; Fletcher, 1970; Goldfarb, 1970; Shanno, 1970) — identify maximum likelihood estimate that corresponds with
the global minimum (©,, .J (@))

4) calculation of the inverse of second derivatives of .J(©) with respect to every parameter (H; = 9.J/ (’)@? at ©, which is
a point-wise approximation of the diagonal elements of a Hessian matrix H) — derive marginal errors (standard errors,
\ /H;jl) of the estimated parameter values

5) application of a Monte Carlo Markov Chain (MCMC) method, using the marginal error information of 4) to confine cred-
ible range of optimal parameter values — derive posterior confidence limits of parameter estimates and collinearities

(correlations) between parameter estimates.

For steps 2, 3, and 5 the R package FME is applied, as coded and described by Soetaert and Petzoldt (2010). The plankton
ecosystem model was coded and compiled as shared library in FORTRAN so that we can apply a FORTRAN-R wrapper
function. This wrapper allows us to take advantage of fast numerical Euler forward integrations of the model equations while,
at the same time, we can benefit from the R platform and its freely available packages. The cost function J(©) is evaluated in
R. The MCMC method employed here is based on the Adaptive Metropolis-Hastings (AMH) algorithm (Haario et al., 2001),
which is also available with the R package FME. The AMH algorithm generates a new parameter vector (©*) by perturbing

the 0r1g1nal vector O, inferred from a proposal” distribution (Metropohs et al., 1953). The-marginal-errorinformation(Step4)

— The standard deviation information

required for generating the initial proposal (Gaussian) distribution in the AMH algorithm is derived from the diagonal elements
of Hessian matrix. We approximated the diagonal elements of the Hessian with finite central differences, as described in e.g.
Matear (1995), Kidston et al. (2011), and in Kreus and Schartau (2015). To do so we imposed an incremental step size of 1%

variation to the respective parameter values.
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B.2 Data correlation matrices

Correlations during pre-bloom (¢;; i =1, ..., 13) between mesocosms with medium observed calcification in matrix form are

given below:

DIC DIN  Chla PON POC PIC TA

DIC 1 057 =095 —-0.77 -095 —-0.89 0.88
DIN . 1 —-0.56 —-0.52 -0.53 —-0.58 0.53
Chla . . 1 0.71 0.91 0.81 —0.77
Cy = (B.1)
PON . . . 1 0.87 0.77 —0.65
POC . . . . 1 0.83 —0.77
PIC . . . . . 1 —-0.95
TA . . . . . . 1
Correlations during post-bloom period (¢;; 1= 14, ..., 22) are:
DIC DIN Chla PON POC PIC TA
DIC 1 022 027 029 -0.83 -093 094
DIN . 1 0.3 031 -0.23 -022 0.24
Chla . . 1 099 0.01 -0.44 0.49
Cy = (B.2)
PON . . . 1 —-0.02 —-045 0.50
POC . . . . 1 0.65 —0.64
PIC . . . . . 1 —0.99
TA . . . . . . 1

Residual standard errors (o;) were calculated based on daily measurements between the mesocosms of similar observed calci-

fication and can be written in matrix notation with off-diagonal elements being zero:

(DIC)

o! 0 - 0
0 U(DIN) . :

S, = _ " (B.3)
0 0 o™

49



10

15

20

25

30

35

References

Arteaga, L., Pahlow, M., and Oschlies, A. (2014). Global patterns of phytoplankton nutrient and light colimitation inferred from an optimality-
based model. Global Biogeochemical Cycles, 28(7):648—661.

Barcelos e Ramos, J., Miiller, M., and Riebesell, U. (2010). Short-term response of the coccolithophore Emiliania huxleyi to an abrupt change
in seawater carbon dioxide concentrations. Biogeosciences, 7(1):177-186.

Barcelos e Ramos, J., Schulz, K. G., Febiri, S., and Riebesell, U. (2012). Photoacclimation to abrupt changes in light intensity by Phaeo-
dactylum tricornutum and Emiliania huxleyi: the role of calcification. Marine Ecology Progress Series, 452:11-26.

Bélisle, C. J. (1992). Convergence theorems for a class of simulated annealing algorithms on rd. Journal of Applied Probability, pages
885-895.

Broyden, C. G. (1970). The convergence of a class of double-rank minimization algorithms 1. general considerations. IMA Journal of
Applied Mathematics, 6(1):76-90.

Delille, B., Harlay, J., Zondervan, I., Jacquet, S., Chou, L., Wollast, R., Bellerby, R. G., Frankignoulle, M., Borges, A. V., Riebesell, U.,
et al. (2005). Response of primary production and calcification to changes of pCO2 during experimental blooms of the coccolithophorid
Emiliania huxleyi. Global Biogeochemical Cycles, 19(2).

Eggers, S. L., Lewandowska, A. M., Barcelos e Ramos, J., Blanco-Ameijeiras, S., Gallo, F., and Matthiessen, B. (2014). Community
composition has greater impact on the functioning of marine phytoplankton communities than ocean acidification. Global Change Biology,
20(3):713-723.

Engel, A., Cisternas Novoa, C., Wurst, M., Endres, S., Tang, T., Schartau, M., and Lee, C. (2014). No detectable effect of CO2 on elemental
stoichiometry of emiliania huxleyi in nutrient-limited, acclimated continuous cultures. Marine Ecology Progress Series, 507:15-30.

Engel, A., Thoms, S., Riebesell, U., Rochelle-Newall, E., and Zondervan, 1. (2004). Polysaccharide aggregation as a potential sink of marine
dissolved organic carbon. Nature, 428(6986):929-932.

Engel, A., Zondervan, 1., Aerts, K., Beaufort, L., Benthien, A., Chou, L., Delille, B., Gattuso, J.-P., Harlay, J., Heemann, C., et al. (2005).
Testing the direct effect of CO2 concentration on a bloom of the coccolithophorid Emiliania huxleyi in mesocosm experiments. Limnology
and Oceanography, 50(2):493-507.

Fasham, M., Ducklow, H., and McKelvie, S. (1990). A nitrogen-based model of plankton dynamics in the oceanic mixed layer. Journal of
Marine Research, 48(3):591-639.

Feely, R. A., Sabine, C. L., Lee, K., Berelson, W., Kleypas, J., Fabry, V. J., and Millero, F. J. (2004). Impact of anthropogenic CO2 on the
CaCOs system in the oceans. Science, 305(5682):362-366.

Fernandez-Castro, B., Pahlow, M., Mourifio-Carballido, B., Marafién, E., and Oschlies, A. (2016). Optimality-based Trichodesmium dia-
zotrophy in the North Atlantic subtropical gyre. Journal of Plankton Research.

Findlay, H. S., Calosi, P., and Crawfurd, K. (2011). Determinants of the PIC: POC response in the coccolithophore Emiliania huxleyi under
future ocean acidification scenarios. Limnology and Oceanography, 56(3):1168-1178.

Fletcher, R. (1970). A new approach to variable metric algorithms. The Computer Journal, 13(3):317-322.

Geider, R., Osborne, B., and Raven, J. (1985). Light dependence of growth and photosynthesis in Phaeodactylum tricornutum (Bacillario-
phyceae). Journal Phycology, 21(609-6):19.

Gibson, G. and Spitz, Y. (2011). Impacts of biological parameterization, initial conditions, and environmental forcing on parameter sensitivity

and uncertainty in a marine ecosystem model for the Bering sea. Journal of Marine Systems, 88(2):214-231.

50



10

15

20

25

30

35

Goldfarb, D. (1970). A family of variable-metric methods derived by variational means. Mathematics of Computation, 24(109):23-26.

Haario, H., Saksman, E., and Tamminen, J. (2001). An adaptive metropolis algorithm. Bernoulli, pages 223-242.

Harding Jr, L. W,, Fisher Jr, T. R., and Tyler, M. A. (1987). Adaptive responses of photosynthesis in phytoplankton: specificity to time-scale
of change in light. Biological Oceanography, 4(4):403—437.

Harrison, W. and Platt, T. (1986). Photosynthesis-irradiance relationships in polar and temperate phytoplankton populations. Polar Biology,
5(3):153-164.

Iglesias-Rodriguez, M. D., Halloran, P. R., Rickaby, R. E., Hall, I. R., Colmenero-Hidalgo, E., Gittins, J. R., Green, D. R., Tyrrell, T., Gibbs,
S. J., von Dassow, P., et al. (2008). Phytoplankton calcification in a high-CO2 world. Science, 320(5874):336-340.

Joassin, P, Delille, B., Soetaert, K., Harlay, J., Borges, A. V., Chou, L., Riebesell, U., Suykens, K., and Grégoire, M. (2011). Carbon and
nitrogen flows during a bloom of the coccolithophore Emiliania huxleyi: Modelling a mesocosm experiment. Journal of Marine Systems,
85(3):71-85.

Kidston, M., Matear, R., and Baird, M. E. (2011). Parameter optimisation of a marine ecosystem model at two contrasting stations in the
sub-antarctic zone. Deep Sea Research Part I1: Topical Studies in Oceanography, 58(21):2301-2315.

Kreus, M. and Schartau, M. (2015). Variations in the elemental ratio of organic matter in the central baltic sea: Part I-sensitivities of annual
mass flux estimates to model parameter variations. Continental Shelf Research, 100:46—63.

Langer, G., Nehrke, G., Probert, L., Ly, J., and Ziveri, P. (2009). Strain-specific responses of emiliania huxleyi to changing seawater carbonate
chemistry. Biogeosciences, 6(11):2637-2646.

Lewislg, M. R. and Smith, J. C. (1983). A small volume, short-incubation-time method for measure-ment of photosynthesis as a function of
incident irradiance. Marine Ecology Progress Series, 13:99-102.

Marra, J. and Heinemann, K. (1982). Photosynthesis response by phytoplankton to sunlight variability. Limnology and Oceanography,
27(6):1141-1153.

Matear, R. J. (1995). Parameter optimization and analysis of ecosystem models using simulated annealing: a case study at station p. Journal
of Marine Research, 53(4):571-607.

Metropolis, N., Rosenbluth, A. W., Rosenbluth, M. N., Teller, A. H., and Teller, E. (1953). Equation of state calculations by fast computing
machines. The Journal of Chemical Physics, 21(6):1087-1092.

Orr, J. C. (1999). Ocean Carbon-Cycle Model Intercomparison Project (OCMIP): Phase 1 (1995-1997). IGBP/GAIM Report Series, 1.

Orr, J. C., Fabry, V. J., Aumont, O., Bopp, L., Doney, S. C., Feely, R. A., Gnanadesikan, A., Gruber, N., Ishida, A., Joos, F., et al. (2005).
Anthropogenic ocean acidification over the twenty-first century and its impact on calcifying organisms. Nature, 437(7059):681-686.

Pahlow, M., Dietze, H., and Oschlies, A. (2013). Optimality-based model of phytoplankton growth and diazotrophy. Marine Ecology
Progress Series, 489:1-16.

Pahlow, M. and Oschlies, A. (2009). Chain model of phytoplankton P, N and light colimitation. Marine Ecology Progress Series, 376:1-16.

Pahlow, M., Vézina, A. F., Casault, B., Maass, H., Malloch, L., Wright, D. G., and Lu, Y. (2008). Adaptive model of plankton dynamics for
the north atlantic. Progress in Oceanography, 76(2):151-191.

Platt, T., Denman, K., and Jossby, A. (1977). Modelling the productivity of phytoplankton. The Sea, 6:807-856.

Riebesell, U., Bellerby, R., Grossart, H.-P., and Thingstad, F. (2008). Mesocosm CO2 perturbation studies: from organism to community
level. Biogeosciences (BG), 5(4):1157-1164.

Ruiz, J., Prieto, L., and Ortegén, F. (2002). Diatom aggregate formation and fluxes: a modeling analysis under different size-resolution

schemes and with empirically determined aggregation kernels. Deep Sea Research Part I: Oceanographic Research Papers, 49(3):495—

51



10

15

515.

Schartau, M., Engel, A., Schroter, J., Thoms, S., Volker, C., and Wolf-Gladrow, D. (2007). Modelling carbon overconsumption and the
formation of extracellular particulate organic carbon. Biogeosciences, 4(4):433—454.

Schartau, M., Wallhead, P., Hemmings, J., Loptien, U., Kriest, I., Krishna, S., Ward, B. A., Slawig, T., and Oschlies, A. (2016). Reviews and
syntheses: Parameter identification in marine planktonic ecosystem modelling. Biogeosciences Discussions, pages 1-79.

Shanno, D. F. (1970). Conditioning of quasi-Newton methods for function minimization. Mathematics of Computation, 24(111):647-656.

Sibly, R. M., Brown, J. H., and Kodric-Brown, A. (2012). Metabolic ecology: a scaling approach. John Wiley & Sons.

Skartveit, A., Cleveland, F., and de Lange, T. (2001). Radiation Yearbook no. 37, Meteorological Report Series, University of Bergen.
Technical report, University of Bergen Geophysical Institute, Bergen, Norway.

Smith, S. L., Pahlow, M., Merico, A., and Wirtz, K. W. (2011). Optimality-based modeling of planktonic organisms. Limnology and
Oceanography, 56(6):2080-2094.

Soetaert, K. and Petzoldt, T. (2010). Inverse modelling, sensitivity and monte carlo analysis in r using package fme. Journal of Statistical
Software, 33.

Verdugo, P., Alldredge, A. L., Azam, F., Kirchman, D. L., Passow, U., and Santschi, P. H. (2004). The oceanic gel phase: a bridge in the
DOM-POM continuum. Marine Chemistry, 92(1):67-85.

Wolf-Gladrow, D. A., Zeebe, R. E., Klaas, C., Kortzinger, A., and Dickson, A. G. (2007). Total alkalinity: The explicit conservative expression
and its application to biogeochemical processes. Marine Chemistry, 106(1):287-300.

Zondervan, I., Rost, B., and Riebesell, U. (2002). Effect of CO2 concentration on the PIC/POC ratio in the coccolithophore Emiliania huxleyi
grown under light-limiting conditions and different daylengths. Journal of Experimental Marine Biology and Ecology, 272(1):55-70.

52



10

15

20

25

A data-model synthesis to explain variability in calcification
observed during a CO- perturbation mesocosm experiment

Shubham Krishna' and Markus Schartau!
IGEOMAR Helmholtz Centre for Ocean Research Kiel, Diisternbrooker Weg 20, 24105 Kiel, Germany

Correspondence to: Shubham Krishna (skrishna@ geomar.de) and Markus Schartau (mschartau @ geomar.de)

A series of studies were conducted to investigate effects of ocean acidification (OA) on plankton dynamics. Among those

were experiments with tanks or bags called mesocosms, with some enclosed water volume that typically comprised a natural
plankton community. These mesocosms were typically perturbed and exposed to different carbon dioxide (CO3) concentra-
tions. Few studies focused on the impact of OA on growth of the coccolithophorid Emiliania huxleyi, a marine calcifying
algae.

In our study we investigate data from a OA mesocosm experiment with Emiliania huxleyi and we apply an optimality-
based model approach to study temporal changes and variability in observations, with focus on differences in total alkalinity
(TA) and calcification. We explore how much of the observed variability in data can be explained by variations of initial
conditions and by the effect of CO, perturbations. According to our model approach, changes in cellular calcite formation are
resolved at the organism-level in response to variations in COy. With a data assimilation (DA) method we obtain estimates
of initial conditions and of model parameters that determine photoautotrophic growth conditions. We compare ensembles
of three distinctive model solutions that resolve low, medium and high calcification rates. Optimal estimates of the initial
relative fraction of coccolithophores turned out to be correlated with estimates of the physiological model parameters. The
spread of the optimised ensemble model solutions captures most of the observed variability. Optimised model solutions of
the high CO- treatment are shown to systematically overestimate observed PIC production during a short period immediately
after the maximum of the bloom. Hence, the CO, effect on calcification introduced to the model is insufficiently pronounced
during this period. Our model results yield large differences in optimal mass flux estimates of carbon and of nitrogen even
between mesocosms exposed to similar CO2 conditions. Thus, our results show that small variations in initial abundance of
coccolithophores and the prevailing physiological acclimation states between the individual mesocosms generate differences

in calcification that are larger than the change in calcification induced by OA.
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1 Introduction

Much knowledge about growth and mortality of phytoplankton has been inferred from experiments where environmental
factors like light, temperature, and nutrient availability have been predominantly controlled, e.g. in laboratory experiments
with batch cultures or with chemostats. Typically, these experiments are designed to determine a physiological response to
variations of a single factor, e.g. explaining changes in photosynthetic rate when exposed to different light conditions (e.g.
Platt et al., 1977; Marra and Heinemann, 1982; Lewislg and Smith, 1983; Geider et al., 1985; Harrison and Platt, 1986;
Harding Jr et al., 1987). Many laboratory experiments are performed with monocultures, with the advantage that physiological
responses may then become well expressed in measurements while variability between replicates or even between repeated
experiments should remain low. In this context a series of laboratory studies with monocultures of calcifying coccolithophores
were conducted to investigate responses in calcification to variations in carbonate chemistry, often with Emiliania huxleyi, (e.g.
Zondervan et al., 2002; Iglesias-Rodriguez et al., 2008; Langer et al., 2009; Barcelos e Ramos et al., 2010). These studies
were motivated by the expectation that the observed trend in ocean acidification (OA) will affect calcifying algae and that their
physiology is likely sensitive to the seawater’s calcite saturation state (Feely et al., 2004; Orr et al., 2005).

The repeated laboratory OA experiments showed ambiguous responses in calcification to variations in carbon dioxide (CO3)
concentrations and Findlay et al. (2011) pointed out that differences in laboratory methodology, but also details in experimen-
tal design, are likely the reason for the large observed variability in E. huxleyi responses to changes in carbonate chemistry.
Similarly, Engel et al. (2014) stressed that variations in the observed ratio between particulate inorganic carbon and partic-
ulate organic carbon (PIC:POC ratio) increase with the decrease of measured relative growth rates, depending on whether
"low” growth conditions were balanced (as achieved with chemostats) or resulted from unresolved transient nutrient-limitation
effects in batch cultures. This ongoing discussion is accompanied by the question of how representative the outcomes of
monoculture laboratory experiments are, to allow for reliable future projections of OA effects on oceanic calcification rates of
coccolithophores and on possible climate feedbacks.

If we seek to make inference about future changes in calcification under oceanic conditions, experimental data are needed
that consider more realistic environmental conditions with a natural phytoplankton community that may include calcifying
algae like E. huxleyi. This was approached with a series of mesocosm experiments, where enclosed seawater volumes were
exposed to different CO2 concentrations, e.g. Pelagic Ecosystem CO, Enrichment (PeECE) studies (Riebesell et al., 2008).
In contrast to monoculture laboratory experiments, CO, perturbation mesocosm experiments yield “net” community response
signals that are anticipated to be more indicative for possible future changes in oceanic calcification of coccolithophores.
Replicate mesocosms with similar initial nutrient, as well as initial dissolved inorganic carbon (DIC) concentrations typically
show comparable temporal response patterns, i.e. an exponential growth phase until nutrients become depleted and a post-
bloom period where chlorophyll a concentrations decline. However, replicate mesocosms that all included E. huxleyi exhibited
large deviations in calcification responses, thereby altering carbonate chemistry. Such variability was well reflected in total
alkalinity (TA) measurements of the PeECE-I experiment (Delille et al., 2005). Furthermore, during PeECE-I it happened that

mesocosms with high and low calcification rates were revealed among replicates in all three CO; treatments. swithineach-of
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the-three-different-CO-—treatments: To find enhanced variability in calcification in mesocosm experiments is comprehensable
and can be attributed to the likely mixture of superimposed responses of multiple plankton species even within replicates
of similar CO perturbation. Thus, small deviations in the initial relative mass distribution of photoautotrophs, zooplankton,
and detritus between replicate mesocosms can translate into some pronounced variability in measurements even under similar
environmental conditions (e.g. Eggers et al., 2014).

Here we investigate data and their variability of replicate mesocosms during the PeECE-I experiment. For this we take a
modelling approach to simulate environmental conditions and the predominant dynamics of nine individual mesoscosms as
described in Engel et al. (2005) and in Delille et al. (2005). Joassin et al. (2011) presented a dynamical model to simulate the
mass flux of carbon (C), nitrogen (N), and of phosphorus (P) for the same PeECE-I experiment. Their model resolves growth
and losses of E. huxleyi together with interdependencies between bacteria, viruses, detritus, and dissolved organic matter
(DOM). The model of Joassin et al. (2011) also features the exudation and coagulation process of dissolved polysaccharides
(here referred to as dissolved combined carbohydrates, dCCHO) to form transparent exopolymer particles (TEP). In the study
of Joassin et al. (2011) some emphasis is put on the enhanced mortality of E. huxleyi due to viral lysis and on the variable
stoichiometry (C:N ratio) of the particulate organic matter (POC:PON ratio). They did not attempt to resolve a dependency
between calcification and CO4 concentration and therefore restricted their simulations to one treatment with three replicate
mesocosms that were exposed to present day CO, concentrations.

The focus of our model approach is different in that we distinguish between two phytoplankton functional types, calcifying
algae (e.g. E. Huxleyi) and bulk non calcifying algae, i.e. an unresolved combination of picoplankton, dinoflagellates and
diatoms. We assume a COz sensitivity for the ratio of calcification versus net carbon fixation (photosynthesis minus respiration),
based on results from the meta-analysis of Findlay et al. (2011). In our data-model synthesis we concentrate on the initialisation
(initial filling) of the mesocosms, with possible variations in the relative distribution of plankton and detritus resolved in our
model. A data assimilation (DA) method is employed for the estimation of parameter values, which helps to disentangle and
understand some of the differences and commonalities seen in observations, in particular in TA and PIC data, but also in
measurements of dissolved inorganic nitrogen (DIN) and DIC, chlorophyll a, as well as in particulate organic nitrogen (PON)
and POC.

First we will briefly provide some background information about the experimental setup of PeECE-I, including irradiance,
temperature and salinity, as these environmental factors enter our model simulations. This will be followed by a description of
the model equations that include components of the optimality-based approach to simulate algal growth, using parameterisa-
tions proposed by Pahlow et al. (2013). Thereafter, the DA method for parameter estimation will be briefly explained. Specific
details of the model and of the DA method are given in the Appendix. Ensembles of three distinct model solutions will be
presented together with their mass flux estimates of C and N. We will discuss the problem of identifying initial conditions in
combination with important model parameters. We will also address the problem of resolving the variability observed in the

accumulation of PIC and how this variability is related to the expression of the CO4 effect introduced to the model.
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2 Material and methods

For our analysis we consider the setup and data of the PeECE-I experiment, that-was a study conducted at the Marine Bio-
logical Field Station (Raunefjorden, 60.3°N, 5.2°E) of the University of Bergen, Norway between 31 May and 25 June 2001
(Engel et al., 2005; Delille et al., 2005). The objective of this study was to investigate OA effects on marine calcifying algae
(coccolithophores) captured in polyethylene bags of enclosed water volumes (mesocosms) and perturbed by different levels
of CO concentrations. A dynamical plankton ecosystem model is used for simulations of N and carbon C flux within each
mesososm. We apply a DA method to identify best estimates of model parameter values together with initial conditions for

model simulations.
2.1 Experimental data

Nine mesocosms of 2 m diameter and 11 m® volume were filled with unfiltered, post-bloom, nutrient depleted water from the
fjord. After the filling of the mesocosms, nutrients were added so that all mesocosms had similar initial nutrient concentrations,
approximately 15 mmol m—2 of nitrate together with nitrite and 0.5 mmol m~3 of phosphate. Like the nutrients, the initial
total alkalinity (TA) in all nine bags were appreximately 2146 mmol m~2 approximately (or if normalised to unit mass ~ 2200
pmol kg~1). The bags were covered with air-tight tents of tetra-fluroethylene foil that allowed 95% of photosynthetically active
radiation (PAR) to pass through. The mesocosm bags were subject to three different levels of perturbation of partial pressure
of COs: a) mesocosms 1-3, referred to as M1, M2, and M3, were exposed to similarly high DIC levels (initial DIC = 2119
mmol m™—2, 2119 mmol m~3 , 2122 mmol m—2) with 700 ppmV of initial pCO4, b) M4, M5, and M6 started from DIC = 2048
mmol m~3 , 2056 mmol m~—2 , 2040 mmol m~? with a corresponding pCO,=370 ppmV, and treatment c) with initial DIC =
1919 mmol m~—3, 1929 m~3, 1927 m~2 with 180 ppmV pCO, in mesocosms M7, M8, and M9. Thus, data from three replicate
mesocosms are available for each of the three CO4 treatments. For each mesocosm the partial pressure of atmospheric CO9
above the surfaces was largely controlled by a continuous injection of gas with a treatment specific, individually prescribed
CO, content. Because there was an open space between surface of mesocosms and the tents, we assumed the pCOs in the
air above the mesocosms’ surfaces to be a mixture of 90% of the pertubed pCO- inside a mesocosm and 10% of the actual
atmospheric pCO4 (340 ppm) in all replicates.

Daily samples were collected and measured over a period of 23 days. For every mesocosm temperature and salinity data
were interpolated to hourly values for direct use as environmental input for model simulations (Fig. 1). Hourly photosynthetic
available radiation (PAR) data were derived from meteorological global irradiance measurements of the Geophysical institute
at Bergen (Skartveit et al., 2001). Figure (1) shows that temperature increased by approximately 3 Degree Celsius during the
experiment and variations between the different mesocosms remained small. Small but noticeable differences exist between
mesocosms with respect to salinity. In all mesocosms a gradual decrease in salinity was observed, from S=31.3 to approximately

S=30.8. The PAR data exhibit variations on an hourly scale, due to changes in cloud cover.
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2.2 Modelling approach

For model simulations we assume that all mesocosms are homogeneously mixed, as we neglect an explicit representation of
vertical turbulent mixing (OD-model approach). The applied model equations describe mass exchange rates of N and C between
compartments of 1) dissolved inorganic nitrogen and carbon (DIN and DIC), 2) N and C biomass of coccolithophores and other
phytoplankton (CoccoN and CoccoC , PhyN and PhyC), 3) zooplankton (ZooN and ZooC), and 4) detritus (DetN and DetC),

and 5) labile dissolved organic N and C (DON and DOC) F1g (2) As due to the design of the PeECE-I experiment our model
includes some additional features. i
caleifying-algaecoccolithophereslike E-huxleyt. The first is that we consider an explicit representation of dissolved combined
carbohydrates (lCCHO) that act as precursors for transparent exopolymer particles (TEPC), similar to Schartau et al. (2007)
and Joassin et al. (2011). Furthermere Since our model haste resolves changes in TA along with DIC so that we can also derive

pH values and the corresponding partial pressure of COy (pCOs). We neither resolve viral infections nor bacterial biomass

explicitly, as done in Joassin et al. (2011). Microbial activity is implicitly considered by parameterisations of hydrolysis and
remineralisation. Both processes are assumed to be temperature dependent but are independent of changes in bacteria biomass.
Instead, hydrolysis and remineralisation rates are calculated as being proportional to substrate availability only. Likewise, any
effects by viral lysis remain unspecified and are an integral part of a single total mortality that is assigned to phytoplankton and
coccolithophores. In the following, the general model equations of mass flux of C and N are described as sources and sinks,

inducing changes in the mass concentration of the respective state variables.
2.2.1 Photoautotrophs

In our model we distinguish between calcifying and non-calcifying photoautotrophs, coccolithophores (Cocco) and other bulk
phytoplankton (Phy). Respective net photoautotrophic growth rates (ficoccophy) are described as rates of gross carbon fixation
(V) minus some corresponding sum of respiration costs () due to the synthesis of chlorphyll a, nutrient assimilation,
and maintenance: [icocco/phy = VS - rc. The proportions of V¢ and r¢ are determined by optimal resource allocation while
energetic trade-offs are imposed, as described in Pahlow et al. (2008). These physiological equations of optimal allocation
have been shown to be well applicable for a series of different conditions (e.g. including diazotrophy) and scales (e.g. Smith
et al., 2011; Pahlow et al., 2013; Arteaga et al., 2014; Fernandez-Castro et al., 2016). Here we neglect diazotrophy as well
as the effect of phosphorus availability on nitrogen uptake and thus on algal growth. From the data we could not infer any
phosphorus limitation of growth prior to nitrogen depletion and we assume that cellular nitrogen (N) directly limits the net
growth rate of photoautrophs (tcoccophy). Nitrogen is generally necessary for synthesising enzymes reaetions. According to
the model approach of Pahlow and Oschlies (2009), the major metabolic pathways within the algae are regulated by the
resources allocated to produce these enzymes. Thus, key processes like photosynthesis, chlorophyll a synthesis and net carbon
fixation become affected by internal resource allocation. The model maximises the photoautotrophic growth rates by optimising
the allocation of resources to nutrient acquisition sites and to the light harvesting complex (LHC). The auxiliary variables

mentioned above are described in Table A.1 in Appendix (A). Farther; The detailed equations ferreseuree-allocation are given
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in Appendix (A.2).
Biomass concentrations of photoautotrophs: The biomass build-up (net growth) of photoautotrophs depends on the amount
of N and C assimilated by the algae minus losses because of aggregation, grazing by zooplankton and because of exudation or

leakage of organic matter. The sources minus sinks (sms) terms of the photoautotrophs’ biomass are:
sms of photoautotroph biomass = C and N uptake — exudation/leakage — aggregation — grazing

The corresponding sms (source minus sink) differential equations of C and N biomass for phytoplankton and coccolithophores

are given in Appendix(A.2).

Chlorophyll a concentrations: The synthesis of chlorophyll a (Chl) is represented by an optimal trade-off between photo-
synthesis and respiratory costs in the chloroplast of a cell. The synthesis rate depends on the degree of light saturation (S7), on
the amount of net carbon fixed inside chloroplasts, and on the chlorophyll-to-carbon ratio (9). The-synthesisrate-depends-on-the

A

eflightsataration-GS7)- Also, the chlorophyll synthesis rate is sensitive to due-te changes in cellular nitrogen-to-carbon (N:C),
QY whieh-depends-on-degree-of lightsaturation-(S7)- The descriptions of the above introduced auxiliary variables iis are given

in the Table A.1. Like for biomass, the parameterisations for chlorophyll a are identical for the calcifying and non-calcifying

phytoplankton in our model:
sms of chlorophyll a = synthesis of chlorophyll @ — aggregation — grazing
The respective differential equations for chlorophyll a of non-calcifying phytoplankton (with subscripts phy) and coccol-

ithophores (cocco) are listed in Appendix (A.2).

Formation of particulate inorganic carbon (PIC): The process of calcification in our model depends on the amount of
energy provided through photosynthesis and is simply expressed by a ratio of PIC formation per carbon fixed (fpic, Eq. A.21).
The differential equation of PIC describes a net accumulation rate (formation minus dissolution) and no explicit distinctions

can be made with respect to how PIC becomes eventually distributed between algal biomass, detritus or zooplankton:
sms of particulate inorganic carbon = calcification by coccolithophores — dissolution of coccoliths (calcite)

The differential equations representing for precipitation and dissolution of PIC are given in Appendix (A.4).

2.2.2 Zooplankton

The grazing losses of the photoautotrophs are resolved with an explicit representation of zooplankton biomass. With our

grazing approach (Holling type III) no distinctions are made between micro- and mesozooplankton or between different feeding
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types. Changes in zooplankton biomass are subject to a mortality (M ,,; e.g. losses to higher trophic levels). Other loss terms
represent respiratory costs (7,,,) as well as excretion (7,,,). e-g-oftrea- Zooplankton restore C and N towards a constant N:C
ratio (QZ97 ;) of 0.19. The restoring time (7) in our model is equal to one day. It mimics an increase in respiration (r,,) if N:C

ratio falls below 2799, and an increase in excretion (v ) if N:C is above Q22 .. Details of auxiliary variables related to the
zooplankton compartment of the model are given in Table A.1. The buildup of zooplankton biomass depends on the total prey

concentrations (phytoplankton and coccolithophores):

sms of zooplankton biomass = grazing on phytoplankton + grazing on coccolithophore

— respiration (or excretion) — mortality

The differential equation for buildup-of zooplankton biomass and grazing function are given in Appendix (A.5).

2.2.3 Detritus

Detritus comprises a variety of components with particles of different sizes and sinking rates (Fasham et al., 1990). The
detritus resolved by our model simply combines dead plankton biomass and fecal pellets. Sources of detrital C,- and N mass
are given in terms of phytoplankton aggregation and mortality of zooplankton. Aggregation is parameterised with quadratic
loss terms of the photoautotrophs. These aggregation equations resolve interactions between two types of particles (small
cells of photoautotrophs and large aggregates of detritus): a) aggregation of cells of photoautrophs and b) aggregation of small
photoautotrophs with larger detritus, see details in the Appendix (A). The two particle-type approach allows a trade-off between
accuracy of estimated mass flux and the resolution of particle size (Ruiz et al., 2002). We assume that hydrolysis is temperature
dependent and that it is responsible for the degradation of detritus, acting as a source for (labile) LDON and LDOC. The

equations of detrital C and N can thus be described as:

sms of detritus = aggregation of phytoplankton + aggregation of coccolithophore

+ zooplankton mortality — hydrolysis

The respective differential equations of detrital C and N mass are given in the Appendix (A.6).

2.2.4 Dissolved inorganic compounds (DIN, DIC) and total alkalinity (TA)

Dissolved inorganic nitrogen (DIN): The DIN pool represents the total concentration of nitrate, nitrite and ammonium. Nitro-

gen utilisation by phytoplankton and coccolithophores is a sink of DIN, whereas heterotrophic excretion and remineralisation
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of LDON are the major sources:

sms of dissolved inorganic nitrogen = — N uptake by phytoplankton — N uptake by coccolithophores

+ excretion by heterotrophs + remineralisation

The sms differential equation for DIN is given in Appendix (A.S8).

Dissolved inorganic carbon (DIC): The DIC pool combines COs, bicarbonate and carbonate. The primary sinks of DIC are net
carbon fixation to support photoautotrophic growth (i cocco/phy) and calcification of coccolithophores. We do not differentiate
between the utilisation of CO; and bicarbonate for algal growth and calcification. Note that net carbon fixation (ficoccofphy)
in our model becomes slightly negative in the absence of light (dark respiration of the photoautotrophs). Total heterotrophic
respiration acts as major DIC source and is expressed by zooplankton respiration and by the remineralisation of dissolved

organic carbon (LDOC + dCCHO):

sms of dissolved inorganic carbon = — net C uptake by phytoplankton — net C uptake by coccolithophores
— calcification + dissolution of PIC + zooplankton respiration

+ remineralisation + gas exchange

The corresponding differential equation for DIC is listed in Appendix (A.8).

Total alkalinity (TA): Temporal changes in TA in our model are due to the sinks and sources of DIN and DIP (ADIP =
i - ADIN), process of PIE precipitation and dissolution of calcite plates produced by the calcifying algae. We follow the
nutrient-H™ compensation principle described in Wolf-Gladrow et al. (2007). andFA-variations-induced-by- DiN-uptake-and-the

minereffeetonTAIn our model we are resolving the nitrogen flux of zooplankton excretion but we are eventually not resolving

any associated net change in TA (total alkalinity). This is because we cannot differentiate between the excretion of ammonium
(NH;) and of nitrate (NO3 ) and nitrite (NO, ). The excretion of one mole NH; would increase TA by one mole, whereas the
excretion of one mole NO; or NO; would decrease TA by one mole (Wolf-Gladrow et al., 2007). In other words, we indirectly
impose that half of the N excretion by zooplankton is NH; and the other half is NOj and NO, , which would introduce a net
TA change of zero. Measured values of DIN, TA, and DIC on day one of the experiment were taken as initial conditions for

I‘CSpCCtiVC mesocosms.

sms of total alkalinity = N and P uptake by phytoplankton + N and P uptake by coccolithophores
— calcification by coccolithophores 4 dissolution of calcite

— remineralisation of dissolved organic N and P
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The differential equation for TA is given in the Appendix (A.8).

2.2.5 Dissolved labile organic matter and transparent exoplymer particles

Dissolved organic matter (DOM) is produced by exudation of the photoautotrophs and by hydrolysis of detrital matter. The
DOM is subject to remineralisation, being the source of DIN and DIC. The applied model distinguishes between dissolved
combined carbohydrates (dCCHO) and a residual fraction of labile dissolved organic carbon and nitrogen (LDOC and LDON).
This distinction is made because only dCCHO are simulated to act as precursors for the formation of transparent exopolymer
particles (TEP). In our model the DOM’s primary source is freshly exuded and leaked organic matter from photoautotrophs.
An addtional source of DOM is due to degradation of detrital matter (hydrolysis and microbial exudation) in response to
bacterial activity. The fraction of exudates that enter the dCCHO pool may vary between expontential growth phase and during
periods of nutrient limited growth, described as two modes of exudation in Schartau et al. (2007). We therefore introduced a

parameterisation ( ffé’gffép " Eq. A.39) that simulates such shift in quality of the exudates, depending on the respective cell

N
cocco/phy

respective sinks of LDOC and LDON. Fer-deseription-of-auxiliary-variables;-see-the Table A.1 lists all associated auxiliary
variables. The equations for labile DOC and DON are described as follows (with details given in Appendix, A.6):

quota of the coccolithophores and of the other phytoplankton (Q ). Remineralisation and microbial respiration are

sms of labile dissolved organic matter = exudation by photoautotrophs
-+ hydrolysis/degradation of detritus + hydrolysis/degradation of gels

— remineralisation/respiration of dissolved organic matter

Dissolved combined carbohydrates (dCCHO): By introducing dCCHO we account for an additional sink of DOC other
than microbial degradation, which is the physical-chemical transformation of dissolved to particulate matter, here resolved as
the coagulation of dCCHO to form TEP carbon (TEPC). This transformation is parameterised as an aggregation process, as
proposed in Engel et al. (2004) and effectually applied in Schartau et al. (2007) and in Joassin et al. (2011), (see details in
Appendix, A.10):

sms of dissolved combined carbohydrates = exudation — coagulation of dCCHO

— aggregation of AdCCHO with TEP — remineralisation of dCCHO

Transparent exopolymer particles (TEP): The carbon content of TEP (TEPC) is explicitly resolved because it can be a
significant constituent of POC measurements (Verdugo et al., 2004). This consideration is important for our data-model syn-

thesis, in particular because it affects the stoichiometric C:N ratio of particulate organic matter. The sink terms of dCCHO,
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described before, are the only sources for TEPC in our model approach. The degradation of TEPC is parameterised similar to

the hydrolysis of detritus:

sms of transparent exopolymer particles (TEPC) = coagulation of dCCHO + aggregation of dCCHO with TEP

— degradation
The corresponding differential equation for TEPC production is listed in the Appendix (A.10).
2.2.6 Model parameters and initial conditions

Out of 33 model parameters, 26 parameters are fixed and remaining 7 parameters (4 initial condition parameters (fcoccos fzoo0s
faet- PONp) and 3 ecological parameters (auphy, Qeocco» Qo) enter the optimisation procedure. The decision on which parame-
ters should become subject to optimisation is based on a series of preceding parameter optimisations and subsequent sensitivity
analyses. A major objective is to reduce the number of parameters for optimisation to a meaningful minimum. This facilitates
the identification of those parameter values that are of primary concern. Since we address differences in initial conditions in
our study, we consider four parameters that determine these differences and they need to become subject to optimisation. The
additionally selected three growth parameters are amongst those to which the model solution is most sensitive. The model so-
lutions are also highly sensitive to variations of the maximum potential nitrogen uptake rate (V" ). This parameter is excluded
from optimisation, because it is not possible to obtain estimates of (V) that are independent of estimates of the photosynthetic
efficiency. Therefore, a value is assigned to V" that is typical and was used for simulations of other experiments (e.g. Pahlow
et al., 2013), ensuring credible estimates of those parameters that are optimised in our study. The mesocosm experiment covers
only a short post-bloom period and we found other parameters, like maximum grazing rates and the aggregation parameters, to
be weakly constrained by the available data. Their consideration for optimisation would impede the identification of the other
more important parameters. Values assigned to those parameters that are excluded from optimisation are adapted from other
studies (e.g. Pahlow et al., 2013; Schartau et al., 2007).

Initial condition values for some of the state variables in the model are computed by initial condition parameters, given
in fractions. The initial biomass during the start of the experiments, specified by PON,, is distributed between living and
non-living biomass, which is determined by the parameter of the initial detritus fraction (fge:). The living biomass is further
distributed between photoautotrophs and zooplankton, specified by the initial zooplankton fraction parameter (f.,,). Finally,

the remaining relative distribution of photoautotrophic biomass is set by feocco- For example, a value of f.occo = 1 would mean

10
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that all photoautotrophic biomass is associated with the presence of coccolithophores exclusively.

PON() = DCtN() + ZOONO + COCCON() + PhyNO (1)

with the individual fractions:

DetNg = Jaet - PON )
Z0ooNg = f200 - (PONy — DetNp) 3)
CoccoNy feoceo - (PONgy — DetNy — ZooNy) 4)
PhyN, = (1= feocco) - (PONy — DetNg — ZooNp) 5)

For initial zooplankton, coccolithophore and phytoplankton biomass we apply a constant C:N ratio of 6.625. We consider a
higher C:N ratio (= 2 - 6.625) only for initial detritus. Since the mesocosms were filled with post-bloom, nutrient depleted
water masses, we assume that all dead particulate organic matter has a C:N ratio that is rather typical for such post-bloom
conditions. Initial condition of PIC, DIC, and TA are taken from the data for respective mesocosm, whereas we assume same
small fixed values (e.g. DON = 0.05 mmol m—2, DOC = 102.5 mmol m—2, dCCHO = 1.0 mmol m~2 and TEPC = 3.5 mmol
m~2) as initial conditions for all mesocosms. ferPONDPOC,-dCCHO-and TEPC for-all-mesocosms-

2.3 Design of data assimilation (DA) approach

A peculiarity of the PeECE-I experiment is that high and low changes in total alkalinity (TA) were found in all three CO2
treatments, in response to differences in calcification (Delille et al., 2005). Because the three distinct patterns in calcification
(Fig. 3) are attributable to all three treatments means that a factor other than the CO5 perturbations induced variations between
the individual mesocosms. For all other observations no such clear pattern could be identified. We designed our DA approach
according to this finding and therefore investigate three possible situations (model solutions) that differ in their TA response:
low, medium and high calcification (referred to as LC, MC, and HC respectively). Thus, for each of these three (LC, MC and
HC) situations we find ean-consider-datafrom three mesocosms that were subject to three different CO5 levels (initial 700
ppmV, 370 ppmV, and 180 ppmV). By adapting the same nomenclature as in Engel et al. (2005) and in Delille et al. (2005),
we can assign the mesocosms M1, M6, and M8 to those with low calcification rates (highest TA), M2, M5, and M7 to the ones

with medium calcification and finally M3, M4, and M9 to mesocosms with high calcification rates (lowest TA).
2.3.1 Definition of cost function (data-model misfit)

In our DA approach we consider data from the three cases (LC, MC, and HC) separately, but we make identical statistical as-
sumptions. The observation vector (y;) contains daily means of three mesocosms of the following measurements: 1) dissolved
inorganic carbon (DIC, mmol m~3), 2) dissolved inorganic nitrogen (DIN) (nitrate + nitrite, mmol m~3), 3) chlorophyll a (Chl
a, mg m~?), 4) particulate organic nitrogen (PON, mmol m~3), 5) particular ogranic carbon (POC, mmol m~?), 6) particulate
inorganic carbon (PIC, mmol m~3), 7) total alkalinity (TA, mmol m—2). Like the data vector y;, the vector H; (x) represents

mean values of three simulated mesocosms for each calcification case (LC, MC, and HC). It combines results of model states:

11
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C and N biomass concentrations of the photoautotrophs (PhyN & PhyC and CoccoN & CoccoC), of zooplankton (ZooN &
Z00C), of detritus (DetN & DetC), and carbon concentration of transparent exopolymers particles (TEPC). The vector of

differences (d;) between observation (y;) and model results H; (x) is given as:

DIC; DIC;
(NOg +NO;); DIN;
Chl a; (Chlppy + Chleoeco )
d; =y;— Hi(z)=| PON; - (PhyN + CoccoN + ZooN + DetN); (6)
POC; (PhyC 4 CoccoC + ZooC + DetC + TEPC);
PIC; PIC;
TA, TA;
data model results

For the cases LC, MC, and HC we calculated daily residual standard errors (o;) based on the measurements. The-o;-are-the

of-a-matrix-S;whose off-diagonal elements-are zero. see Eq(B.3 ) in-Appendix(B)- Unlike other variables.

the estimation of the standard errors for DIC is not straightforward because of the different CO5 levels. For the derivation of
the standard errors we considered the differences (offsets) of the mean initial DIC concentrations between the different COo
treatments. DIC concentrations of those mesososms that were initially exposed to high CO, (DIC) concentrations are “offset”-
corrected so that their initial mean DIC matches the initial mean of the present day DIC concentrations. Mesocosms of the low
COs treatment were adjusted likewise. In this manner, all initial mean DIC concentrations have become identical, but changes
and variations (between the mesocosms) with respect to these mean values remain. Thus, variances of the respective LC, MC,
and HC mesocosms can be calculated after applying these (two) offset corrections to all DIC data of the high- and low COq
treatements. Eventually, individual standard errors for the LC, MC, and HC mesocosms are derived for all sampling dates.
The time-varying covariance matrices R; are constructed with S; (with diagonal elements of standard errors, see Eq. B.3
in Appendix B) together with some correlation matrices (C ). Correlations between measurements were computed based on
data of all nine mesocosms. Two matrices C ,) have been derived from data for two distinct periods: 1) the exponential growth

phase, and 2) the post-bloom period.
R;=8;-C)-S; (7

Equation (7) is applied because correlations between observations can change from pre-bloom period to post-bloom period. For
example, PON and DIC are strongly negatively correlated during the exponential growth phase but become weakly positively
correlated during the post-bloom period, when both, DIC and PON, decrease. The correlation matrices, C(y), for the two

respective periods are also given in the Appendix (B).
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A maximum likelihood (ML) estimator is applied, meaning that no explicit prior information is considered for the estimation

of parameter values.

en-data-of-all-nine-mesecosms: Eventually, we use three similar cost functions but with data (y) and covariances (R) from the

respective three mesocosms of each case. Seven-different-types-of-data-are-considered-(dimension-of-¢is-Ny=-7) These daily
data (y;) are available for a period of N, =23 days, with subscript ¢ indicating the day when measurements were made. The
elements of the parameter vector of interest (©) are those parameters listed in Table (1), including the initial value of PO Ny
and initial condition parameters that further specify how PO Nj is distributed between detritus, zooplankton, coccolithophores

and the remaining photoautotrophs.

(ML) estimation of the parameters (including the initial conditions) we maximise the conditional probability of explaining the

data given our model together with a set of values assigned to the parameters (to each element of ©):

Ny
1Sy 1
p(y|©) = constant - exp[—§ E d; R;"d;] x exp[—gJ(G)] (3)

i=1

estimate of parameter values can be found by actually identifying the minimum of the exponent of p(y|©) of Eq. (8), since the

constant term is independent of ©. We thus compute and minimise the following cost function J(©):
J(©) =) (yi— Hi(@)) R (yi — Hi (@) ©)

We not only wish to identify the minimum of J(©) that corresponds with one best estimate of parameter values (C:)) but
also confine a credible region of parameter estimates. This credible region tells us how reliable the parameter estimates are
(yielding lower and upper credibility limits) and resolves correlations (collinearities) between the parameters. The parameter

optimisation procedure implemented in this study is described in detail in the Appendix (B).
3 Results

3.1 Parameter estimates for specific mesocosms with low, medium, and high calcification

The same seven model parameters (Table 1) were optimised for all three calcification cases (LC, MC, and HC) independently,
using data from respective mesocosms. With our DA approach we can thus specify commonalities and differences between

model solutions for mesocosms with LC, MC and HC. Table (2) lists all ML estimates, which correspond with the best model

solutions obtained with the Markov Chain Monte Carlo (MCMC) method. Nete-that-the-estimates-given-in-Table(2)-arenotthe
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ensemble-means-of MEMCresults: Collinearities are expressed by the correlation coefficients of two parameter combinations,
which we have also calculated based on results of the MCMC method (Table 3).

Credible intervals limits for each parameter were derived from nonparametric probability densities of the MCMC estimates.
The corresponding posterior probabilities distributions are the cumulative sums of these nonparametric probabiilty densities
(CDF) in Fig. (4). The steeper the CDF increase the narrower the 95% credible interval of the parameter estimate. According to
the width of credible intervals we find uncertainty ranges of initial conditions parameters fg.:, f.0o and PO Ny to be generally
small for all three cases of calcification respectively. The initial condition parameters are best constrained for the solution of
medium calcification (MC). The parameter f.,.., shows the largest uncertainty for the HC case. A large fraction ( =~ 90 %)
of initial biomass comprises of detrital matter in all three solutions. Table (4) shows mean concentration values of PO N,
DetNy, ZooNg, CoccoNy and PhyNg along with their uncertainties standard-errors according to respective MCMC estimates.
Initial zooplankton concentration is highest in HC solutions. Thus, more photoautotrophic biomass is lost due to grazing by
zooplankton and less by aggregation in model solutions for HC, which is reflected by the negative correlation between initial
condition parameters f.,, and fg.:. For those parameters that do not specify the initial conditions we hoped to find all credible
intervals to overlap, which would have suggested insignificant differences between the estimates. A single set of values of these
parameters could then be unambiguously used for simulations of all nine mesocosms, independently of how the values of the
initial conditions turned out to be. This is not the case, as can be seen in Fig. (4) and in the correlation coefficients (Table 3).
Estimates of the subsistence quota (()o) are lower for the mesocosms with high and medium calcification rates. Apparently,
lower @) and higher a.., values are required to buildup high coccolithophores biomass in mesocosms with high calcification
rates as initial coccolithophores concentration is low and grazing pressure is high.

During the post-bloom period, the mesocosms pooled in HC reveal TA changes that are consistently higher than in the LC
mesocosms. In fact, these differences become well reflected in our parameter estimates. Thus, our optimised ensemble model
solutions are providing the statistical evidence that HC and LC are significantly different. With respect to the mesocosms
assigned to the MC (medium calcification) case we see in our parameter estimates and ensemble model solutions that they are
rather close to conditions also met by the HC mesocosms. In this case the differences in parameter estimates (between MC and
HC) are small, although we find significantly different estimates for cveoeco and for f,, between MC and HC (see Fig. 4). Thus,
we may have one or two out of the three MC mesocosms that might have been better assigned to the HC case. However, this
is reflected in our DA results and we are primary concerned with the upper and lower extremes in calcification, as resolved by

the six mesocosms in the LC and HC cases.

3.2 Data-model comparison

ease- The variational range of-these-ensemble of parameter estimates (Fig. 4) induce ensembles of model trajectories (model

results) that are statistically indistinguishable (or equivalent). Based on these posterior ensemble parameter estimates of all

three calcification solutions we find a general good agreement between model results and the data, (Fig. 5).
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The ensembles reflect uncertainty ranges in model solutions, which correspond nicely with most of the variability in obser-
vations. Almost the entire range of variability in TA is recovered with our three distinct solutions of calcification. The observed
variability in POC is captured with the optimal ensemble model solutions. Only few maximum values seen in POC data remain
unresolved, likely because we have optimised parameters that hardly introduce changes in the solution of TEPC concentra-

tions.

in the accumulation of PON during the exponential growth phase, in spite the fact that DIN data are matched well. Although

this systematic model offset (bias) is pronounced, it does not correspond with any similar model bias in POC.Another general
offset can be seen for simulated Chl a concentrations during the post-bloom period. Our model shows sharp draw down in Chl

a in all three solutions (HC, MC and LC) during the post-bloom period, whereas observed Chl a values are more variable.
3.2.1 \Variations in calcification in response to growth conditions

According to our model approach we resolve changes in the rate of calcification relative to the carbon that is assimilated
for growth of the coccolithophores. Figare{6)-shows For the period of nutrient repletion smaler the values of the molar
calcification-to-C-assimilation ratio (APIC : AC ~ 0.5) are smaller than the values under nutrient depleted growth conditions.
All ensembles of model solutions (LC, MC, and HC) reveal a similar behaviour, with variations in APIC : AC between greater

than 0.5 (up to 2.2) for growth rates between 0 and 0.3 d~!. These variations depend on the light-acclimation state (e.g. 0cocco)s

N

fluctuations in irradiance and on cell quota (Q.,..,

). The variations in APIC : AC during nutrient depleted period can be

attributed to fluctuations in carbon assimilation due to production of TEPC .
3.2.2 Distinctions between model results of low, and high calcification (L.C and HC)

Optimised model results of low calcification (LC) yield the highest TA values of all mesocosms, that-are being in accordance
with the TA data. DIN concentrations are well resolved by the model and variations of the ensemble DIN simulations are
similarly low as in observations. The previously mentioned biases in PON and Chl a are most conspicuous in this LC en-

semble of optimal model results. Variability in the POC data of the LC mesocosms is not captured by the model ensemble.

simulation results (solid lines in Fig. 7) match the POC mean of the three mesocosms. For PIC we also find a good agree-

ment between model ensemble results and data. However, a noticeable potential bias exists for the PIC response in the high
CO,, treatment (M1), where model results overestimate PIC data during the maximum bloom period and shortly after nutrient
depletion. This overestimation is more pronounced in mesocosm with high CO, treatment. The LC ensemble successfully

reproduces amplitude of Chl a peak seen in data, this is also the case in the solutions of HC mesocosms.
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DIN (dissolved inorganic nitrate) is well resolved in the HC (high calcification) solutions (Fig. 8) ;asinthe €. Simulated Chl

a also fits well to observations. HC solutions yield largest variability in DIC, TA and PIC amongst all optimised solutions, which
we mainly attribute to the large uncertainty ranges of the model parameters f.occo and Qeoceo- The HC solutions show sharp
drawdown in DIC during the bloom period compared to other solution (LC). This can be attributed-te explained by an enhanced
calcification activity due to high growth rates of coccolithophores in HC during the bloom period. Again, model overestimates
observed PIC values (M3) under high CO, conditions shortly after the maximum of bloom. PON is best reproduced in this
HC case in comparison to LC. Although model’s HC solutions reproduce manage the entire variability in observed PIC, the

corresponding best fits (to M3, M4, M9) underestimate PIC data.
3.2.3 Integrated flux estimates of carbon and nitrogen (C and N budgets of mesocosms)

The ensemble model solutions for LC and HC constitute two extremes and we therefore concentrate on the C and N budgets of
these two cases. Carbon and N flux estimates were computed as integrals over the entire 23 days period. Figure (9) show mean
C and N flux estimates and their standard errors of the LC solutions are-given;-distinguishing-between of the low and high CO2

treatments. Figure (10) shows the corresponding flux estimates for the HC solution. We learn from these flux estimates that

the simulated C and N mass flux estimates differ more between the mesocosms with different calcification rates than between

the mesocosms exposed to different CO, levels. First-of-alfrom-these-flax-—estimates-welearn CO—effectintroduced-to-the

te-changesin-COz—eonditions: In both cases (LC and HC) most inorganic carbon and nitrogen (DIC and DIN) are utilised by
non-calcifiers ( =~ 56 % in case of HC and ~ 64 % in the LC solution), despite the differences between LC and HC. with

respeet-to-the—initial-biemass—fraetions Generally, more carbon fixation (with C:N uptake ratio of 168:10 ~ 17) occurs in
the HC than in the LC mesocosms (C:N uptake ratio ~ 13). Carbenfux-—estimatesshow—carbonfixattontn-mesecosmwith

rt—Flux budgets show that non-calcifiers
clearly dominate in mesocosms with low calcification rates, and in HC mesocosms coccolithophores and bulk phytoplankton
biomasses are comparable (Figs. 9 and 10). Although grazing, in general, is high in HC mesocosms (Table 4), there is a trend of
higher grazing pressure on bulk phytoplankton than on coccolithophores. This is shown by N flux estimates, where zooplankton
gain nearly 57 % of their total biomass through grazing on non-calcifiers in HC and LC. Our—results—shew;regardless—of

- According to our model solutions,
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the coccolithophores are always less vulnerable to grazing than the bulk phytoplankton. This model behaviour may not be
fully conclusive, because we have no information about the actual grazing rates or about grazing preferences. A noticeable
difference between high and low calcification model ensembles is in terms of mortality of zooplankton. Higher mortality is
seen in HC solutions. Since the carbon fixation in HC is high, exudation and leakage rates are also higher. Accordingly, TEPC
production is enhanced in HC solutions. Unlike estimates of C flux, the N fluxes in HC and LC ensembles are similar, e.g.
aggregation losses of phytoplankton and of coccolithophores are 3 + 0.4 and 2 + 0.4 mmol N m~3 in HC, and 3.4 = 2 - 1073
and 1.5 £ 2 - 1073 mmol N m~3 in LC respectively. Similarly, flux estimates of all i mesocosms with-high-ealeification-and

low-caleificationrates show almost same rates of DIN utilisation, excretion, exudation and remineralisation.

4 Discussion

The DA approach applied in this study was designed to resolve differences in TA and thus in calcification, while variations
in other data (e.g. DIN, PON, and POC) should also be explained with our model. We distinguished between mesocosms
with high, medium and low calcification rates (HC, MC, and LC) and their respective data were used to come up with optimal
estimates of initial conditions and of some important physiological model parameters. Ideally, we would have identified similar
optimal values of the physiological parameters and would have obtained different estimates of the initial conditions for all
three cases, HC, MC and LC respectively. However, our results reflect a more complex picture and our optimised values for the
initial conditions also depend on the best estimates for the model parameters. The initial conditions could not be constrained
independently and model solutions of the HC case do not automatically imply a higher initial abundance of coccolithophores
relative to the other, non-calcifying, phytoplankton. Likewise, the LC solution does not require a lower initial biomass of
calcifying algae. Instead of differences in relative species abundance, the initial physiological conditioning, e.g. acclimation
states of the algae, seems relevant as well, which is in the end reflected in the estimates of the physiological parameters o,
Qlcoceo> and appy). An alternative DA approach would be to optimise the physiological model parameters (Qo, (cocco, and
Qphy) together with the initial conditions (PONy, fdet, fz00, and feocco) for mesocosms of one calcification case in a first step,
e.g. the MC case (using data of mesocosms M2, M5, M7). In a second step we could have fixed the optimised physiological
model parameters Qo, Qcocco. and appy (as identified with data of e.g. the MC case) and would have then estimated only the
initial condition parameters for the other mesocosms, e.g. low and high calcification (LC and HC). This alternative approach
does work (not shown), but we learned that we may then put too much confidence into those estimates of (g, Qcoceo, and
Quphy obtained first, e.g. estimates for the MC mesocosms. It can even obscure the fact that collinearities exist between some
initial condition estimates and the other model parameters. Furthermore, with such alternative approach we could end up with
different estimates of the initial conditions, if we would have started with data of either the HC or LC mesocosms first instead.
The design of our DA approach is more challenging but it is better suited to disclose major uncertainties and collinearities in

estimating initial conditions together with model parameters of algal growth.
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4.1 Uncertainty ranges in parameter estimates and variability in model solutions

Large variations can be seen in the data of PIC, reflecting the variability measured in TA. Since optimal ensembles of model
solutions were derived for three distinct cases of calcification (LC, MC and HC), we automatically capture most of the observed
variability in PIC with our simulations. The spread of the ensemble solutions for TA and PIC is smaller in each of the three
cases relative to the observed total range. This means that the respective uncertainties in our parameter estimates are small
enough to obtain three distinctive ensembles of model solutions. However, it-appears-frem-ourresaltsthat as discussed before,
it is not possible to identify optimal values of the initial condition parameter f.,.c., independently from estimates of the
other physiological model parameters. This situation is aggrevating but not unusual (Schartau et al., 2016). For instance, in a
sensitivity study with a regional marine ecosystem model Gibson and Spitz (2011) stressed that collinearities exist between
initial conditions and the values assigned to the biological parameters.

The posterior uncertainties in the estimates of the subsistence quota, (Q), are rather small, if compared with the uncertainty
ranges of the other parameter estimates. Likewise, parameter estimates of the initial condition parameters PO Ny, fget, and
f00 are fairly confined. Fherefore; The variational range that we see in our model solutions is mainly induced by uncertainties
in estimates of the photosynthesis parameters ccocco, Qphy and of feocco. The combination of these three parameters mainly
determine the spread in model solutions with respect to the amount of C-fixation and also calcification. This also explains why
the ensemble model solutions exhibit only small variations in DIN and PON concentrations and thus in our N-flux estimates.

Variability in POC is much more pronounced than in PON. All three model solutions show a steep increase in POC:PON
ratio as soon as algal growth becomes nutrient limited (Fig. 11). The variability seen in the POC:PON ratio is thus mainly
due to a temporal variation in @~ (N:C ratio of both photoautotrophs) and thus of the algal growth conditions. The temporal
variations in Q*V eventually disperse into zooplankton biomass and detritus, inducing elevations of their respective C:N ratios
during the post bloom period. Another contribution to the elevation of POC:PON ratios is also related to changes in POC
because it constitutes concentrations of TEPC, which is explicitly resolved in our model. Although-TEPC-and-dCCHO-data

are-no tailatad fa o DA nective—<in ad—concen on omnare—well-with-those—o LD

Our results show an increase large—variabitity in molar APIC : AC-assimilation at low net growth rates (ficocco) Under

nutrient limited conditions (Fig. 6) in both HC and LC cases. These variations are in-the-end translated in to some variability
seen in the PIC:POC ratio. Variability in PIC:POC is discussed in Engel et al. (2014), where they collected and analysed data

of diverse experiments and documented an increase (up to fourfolds) in values of cellular PIC:POC at relative growth rate
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(RGR) ~ 0.2 d~! and below in various CO; treatments. The reason for a sharp increase in molar APIC: AC-assimilation ratio
at low growth rates in our model is because of a down regulation of light harvesting complex (LHC). Such model behaviour
is in agreement with the interpretation of Barcelos e Ramos et al. (2012), who describe calcification as a process into which
the coccolithophores can channel excess energy. In order to maximise (optimise) growth rate under nutrient depleted and high
light conditions, the model allocates more resources and energy to support nutrient acquisition than to the LHC (indicated
by low fOLHC "values). Since APIC: AC-assimilation is inversely related to fOLHS in our model, an increase in calcification

(relative to C-fixation) is obtained at low growth rates. The maximum of APIC: AC-assimilation ratio in our simulations are in

accordance with those found in Barcelos e Ramos et al. (2010).
4.1.1 Differences between high and low calcification solutions (HC and LC)

The optimised model solutions for HC and LC reveal significant differences in the development of coccolithophore biomass.
As discussed before, these differences are not solely attributable to differences in the relative proportions of initial biomass
concentrations. In fact, the optimisations yielded estimates that suggest fairly similar initial coccolithophore biomass con-
centrations between all nine mesocosms. Eggers et al. (2014) stressed that variations in initial plankton composition can be
responsible for large differences in the responses observed on community level, thereby masking any possible CO4 effect on
photosynthesis or calcification. Briefly, our results not only support the findings of Eggers et al. (2014), they provide additional
insight to the problem of resolving a CO4 response in the presence of variability in measurements. The-analysis-of-anensemble

- One added message compared to Eggers et al. (2014)

is that our mass flux estimates are shown to differ more between the different calcification solutions than between the different
CO,, treatments. This situation exemplifies that simulation results (e.g. future model projections) may involve uncertainties in
flux estimates that are larger than the CO- effect introduced to the model (e.g. by following Findlay et al., 2011). Another added
message is that initial conditions may not be independently estimated from estimates of phytoplankton growth parameters, like
Qphy and Qigoeeo- This is particularly relevant for model assessment and model analyses of mesocosm experiments. We stress
that the original design of the experiment was meaningful, in particular with respect to the initial filling of the mesocosms in
the PeECE-I experiment. The retrospective separation of the CO5 response signal from the system’s variability was only pos-
sible because mesocosms with similar initial conditions were subject to different CO2 concentrations. Such separation would
be more difficult in retrospective if mesocosms with similar initial conditions would have been (by chance) exposed to similar
COs, levels.

From a modelling perspective it is helpful to know about the initial individual mass contributions to PO Ny, including de-
tails in the initial composition of the plankton. But the level of compositional detail remains unclear, since these variations
in individual plankton composition will in the end always translate into some variational (uncertainty) range in e.g. the initial
photo-acclimation state, since our model approach only distinguishes between calcifiers and all other, non-calcifying, phyto-

plankton. These considerations were disregarded when we designed this study and we originally thought of the importance of
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the relative mass distributions between the state variables resolved by our model, while imposing fixed initial stoichiometric
ratios (C:N and Chla:N). It seems plausible to allow for some variations of the initial stoichiometric ratios as well.

For now we are interested in the question: what induces the different model solutions for LC and HC, in spite of similar initial
conditions in the concentrations of coccolithophores and phytoplankton? First of all, we have some differences between the
relative proportions of initial detrital, zooplankton, and photoautotrophic biomass (e.g. DetN:ZooN:(PhyN+CoccoN) = 80:10:1
for HC and 28:3:1 for LC). The difference between these ratios point towards net photoautotrophic growth rates that are higher
in the LC case than in the HC case, since losses due to grazing and aggregation must be lower in the LC case. However, the
initial conditions in mesocosms of the LC case do not automatically yield model solutions of highest photoautotrophic growth.
Instead we find overall reduced growth rates but some pronounced differences in the relative proportions of biomass between
the coccolithophores and the non-calcifying phytoplankton (Fig. 12). The reason for these differences lies primarily in the
relative differences between the estimates of the physiological parameters, with estimates of a.occo being always smaller than
of a,ny. The photosynthetic efficiency of the coccolithophores remains clearly smaller (LC case) or can become similar (HC
case) relative to the other, non-calcifying, phytoplankton. Major differences between the LC and HC solutions can thus be
attributed to higher avcocco values (median cvepeco = 1.7 mol C (g Chl @)~ m? W—! d—1) in HC posterior distribution compared

to LC (median acoeco = 1.4 mol C (g Chl @) ! m? W1 d~1). The-model-solution-is-highlysensitive-to-the-values-assigned-to

ma o Ch =1 2 yw—1 41 o affactivaly datarmina tha diffarancac in o

paramCtet&cg5ec0, 1€ a O

i i tor: The estimates of ageeco are negatively correlated with the
estimates of feocco (Table 4) and we may therefore look on the combination of the two parameters. To do so we compare two
extreme solutions, selected from the ensemble solutions of LC and HC respectively. One extreme solution yields the lowest
calcification among all HC solutions, based on the parameter combination (atoeco = 1.84 mol C (g Chl A Tm2 WA, froeeo
= 0.34). The other selected solution represents the highest calcification of all LC solutions, which corresponds with (acocco =
1.59mol C (g Chla) ' m®> W1 d= !, feoeeo = 0.35). Thus, it is mainly the photosynthetic efficiency cveocco to which the model
solution is highly sensitive to. Hence, a difference of ~ 0.3 mol C (g Chl a)~' m® W—! d~! can effectively determine the
differences in our simulations with respect to rates of carbon fixation and calcification. The build-up of comparable nitrogen
biomass of coccolithophores and bulk phytoplankton in HC solutions are achieved with identical () values and only nuanced
differences in values between vcocco and ayppy. In contrast, bulk phytoplankton (non-calcifiers) outcompete coccolithophores
during the bloom period in the LC solutions (Fig. 12).

Differences in photosynthetic efficiency estimates for the LC and HC cases could possibly be invoked for two reasons: a)
because of unresolved differences in initial photo-acclimation states (e.g. different light-history during the filling period), since

N _oN

we assume identical initial Chl:N (0.}, = ohy

) and N:C (Qcocco = Qphy) 1atios for all nine mesocosms (and thus for LC,
MC, and HC), or b) because of unresolved varying conditions in irradiance. To impose identical surface PAR forcing on all
nine mesocosms might not be appropriate and the arrangement of neighbouring mesocosms may have caused some shading

effects. From the available data and with our model approach it is not possible to resolve such varying conditions afterwards.
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4.2 Model biases

— Model biases disclose systematic
deviations of simulation results from observations, which may point towards i) erroneous model counterparts to observa-
tions (definition of H(x) in Eq. 9) or ii) deficiencies in model dynamics (errors in ). Some bias is related to the increase

in PON concentration during the late phase of exponential growth (between days 10 and 12, Fig. 12). This-effsetis-mest

- The noticeable bias (temporal offset) in simulated PON

concentrations can be explained with an apparent overestimation of initial coccolithophore biomass. The estimates of f.occo
turned out to be highest, if compared with the estimates for the low and high calcification (LC and HC) model solutions.
Furthermore, the range of credible values for f.,.., is small (Fig. 4). Both estimates, of f.,cco and of PO Ny, lead to an inital
biomass concentration of coccolithophores that is approximately three times higher than in the LC case and even six times the
initial concentration of the model solutions for HC.

With our model we do not distinguish between growth of picoplankton and the other non-calcifying phytoplankton during
the initial bloom phase. The initial abundance of picoplankton (mainly Micromonas spp.) and their decline was observed during
the early pre-bloom period of the PeECE-I experiment (Engel et al., 2005). This explains why our simulated Chl @ and PON
concentrations are lower compared to observations between day 1 and day 4. Another discrepancy between simulated and
observed Chl a exists during the post-bloom period. We assume that this bias is mainly because we do not account for detrital
chlorophyll pigments (presumably of inactive or destroyed cells) in our model. Formation of detritus is associated with the
aggregation of coccolithophores and of the other phytoplankton to form detritus (simulated as a transfer of algal biomass into
detritus) in our model, and the fate of Chl a within the detritus compartment remains unresolved. Once N and C biomass of the
photoautotrophs are transformed to detritus, an associated flux of Chl a is disregarded. An explicit consideration of the fate of
Chl a would likely improve model performance and some refinements in this respect are recommended for the future.

Results of our data-model synthesis also exhibit a small but distinctive bias in the calcification response to elevated CO2
levels. The distinctions we made with respect to mesocosms of LC, MC and HC helped us to identify such bias. -which-wilt
be-addressed-in—the-follewingseetion— This bias implies that the COs effect on calcification, as introduced to our model, is

slightly smaller than in the observations, which will be discussed in detail hereafter.
4.3 Disentangling CO- effect from the observed variability in PIC

We considered a simple CO» relationship that mimics only OA effects on calcification. It is a dependency that was adopted
from the meta-analysis of Findlay et al. (2011). With this CO5 dependence we can already capture differences in PIC formation.
The COs, sensitivity that we introduced to our model is only effective with respect to the ratio of calcification versus C-fixation,
thereby reducing the overall calcification rate under high CO4 conditions. This effect turned out to be small compared to the
total variability seen in PIC data. According to our model setup we do not consider any potential changes in vulnerability to

predation (or edibility) of the coccolithophores due to elevated CO,. Likewise, any additional COs effects, e.g. on the rate of
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aggregation, are not accounted for. Such effects remain unresolved and therefore the comparison of our budget calculations
yield only small differences between high and low COs levels, in particular with respect to nitrogen flux estimates. Thus,
differences in C and N budgets between the two extreme calcification cases, LC and HC, are more pronounced than between
different levels of COs. To resolve consecutive ecological effects in response to a reduction of the relative calcification rate we
would have needed explicit data, i.e. revealing differences in grazing and aggregation rates between the individual mesocosms.
With the PON and POC data used in our DA approach it is not possible to distinguish between different coccolithophore
loss terms like grazing and aggregation, since detritus and zooplankton are both constituents of the same PON and POC
measurements.

The advantage of resolving LC, MC and HC solutions separately is that for each case we can compare data with model
results of mesocosms individually, of low (glacial), medium (present), and high (future) CO4 treatments. In other words, for
every LC, MC, and HC case we resolve three mesocosms, of which each was subject to different CO» levels. This way we
have separated differences between LC, MC, and HC from variations induced by a CO-, effect. Doing so reveals PIC formation
to be be systematically overestimated by the model for all mesocosms of the future treatment (Figs. 7 and 8, MC case not

shown).

(Higs—F-and-8)— In contrast to Delille et al. (2005), our results show an early onset of calcification in mesocosms of the high
CO,, treatment between day 10 and day 15. It indicates that the CO4 effect introduced to our model is likely too weak. This
becomes evident according to positive model-data residuals in PIC between day 13 and day 18 for those mesocosms with future
treatment (Fig. 13). It is not evident for the glacial and present day CO4 treatments, where the corresponding residuals do not
show a systematic positive offset.

Figure (14) shows the total variability seen in PIC data together with the full variational range of all ensemble model
solutions. In addition, we depict those ranges in simulated PIC that are solely due to the CO- effect, based on the two extreme
calcification solutions (lowest and highest simulated PIC) and the best model solution (according to the lowest cost function
values) for the MC mesocosms. If we compare the simulated CO5 response signal on calcification with the total variability in
PIC (in Fig. 14) we find that the CO5, effect remains small. This situation demonstrates the difficulty in isolating a distinctive
COs signal from the total variability seen in PIC observations. However, with our model-based analysis approach this CO9

signal becomes well detectable.

5 Conclusions

— An analysis of data of a mesocosm experiment is often approached by
first grouping individual mesocosms according to the level of perturbation (e.g. the level of DIC added). In some cases, such
apparently self-evident approach may not help to reveal some basic phenomenon in mesocosm experiments. For a meaningful

data analysis the mesocosms need not be exclusively differentiated by the different levels of perturbation but may first be sorted
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by major differences between relevant response signals, as done with respect to the magnitude of calcification in our study (by
differentiating between LC, MC, and HC). In mesocosm experiments these differences in responses are likely associated with
variations in initial conditions.

With our DA approach we could disentangle three distinctive ensembles of model solutions that represent mesocosms with
high, medium and low calcification rates. The results of our data-model synthesis show that the initial relative abundance of
coccolithophores and the prevailing physiological acclimation states drive the bloom development and determine the amount
of calcification in the mesocosms. Small variations of these two initial factors between the mesocosms can generate differences
in calcification that are larger than the change in calcification induced by OA. In spite of this difficulty, a CO4 response signal
may still be identifiable, as long as mesocosms that reveal strongest similarities (with respect to initial composition of plankton
and their physiological state) are not used as replicates for similar CO5 conditions (perturbations). Instead, mesocosms with
similar initial conditions should be exposed to different levels of OA. Such favourable starting conditions were met in the
mesocosm experiment described in Engel et al. (2005) and Delille et al. (2005), as well as in the experiment of Eggers et al.
(2014).

An alternative approach to setting up mesocosms is to gradually increase the level of perturbation for a series of mesocosms.
This way a gradient of different perturbation levels is introduced. The advantage then is that mesocosms that have been collated
according to e.g. lowest and highest response signals (or likewise according to similarities in initial conditions) may then be
separately analysed with respect to their responses to the individual levels of perturbation.

From this modelling study we infer that collinearities exist between estimates of initial conditions and physiological model
parameters, in particular for the photosynthetic efficiencies appy, 0tcocco and the initial fraction of coccolithophores determined
by feocco- Therefore, it is not possible to identify initial concentration of photoautotrophs independently of parameters respon-
sible for phytoplankton growth in HC, MC and LC model solutions. This infereneejustifies-ourDA—appreach-of was only
found because we optimised medel-parameters initial conditions together with physiological parameters for HC, MC and LC
mesocosms separately. By this seperation the-medel-selutionsformesocosms-with-high; medinm-andlow-caleifieationrates we
could better specify the CO, effect on PIC formation. Fer-mesocosms-exposed-to-high-CO-Jevels-(futaretreatments) Doing
so we could identify a systematic overestimation of calcification in our model and we conclude that our simulated CO5 effect

on PIC formation is even too weak.
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Figure 1. Forcing variables for all nine mesocosms: The upper panel shows temperature, linearly interpolated to hourly values between
daily observations. The middle panel displays hourly interpolated salinity values and the lower panel reveals the irradiance data with hourly

temporal variations resolved.
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Figure 2. Schematic representation of the model: boxes characterise individual compartments that are represented by one and more model
state variable. The arrows represent key biogeochemical processes (named in red) between compartments. One compartment includes dis-
solved inorganic carbon and nitrogen (DIC and DIN). This comartment also embeds total alkalinity (TA). Biomass and chlorophyll concen-
trations of photoautotrophs are resolved with respect to carbon and nitrogen explicitly (referred to as PhyC and CoccoC, PhyN and CoccoN,
and Chlypy and Chleoeeo respectively). Variations in carbon and nitrogen biomass are also resolved for zooplankton (ZooC and ZooN) and
for detritus (DetC and DetN). Dissolved combined carbohydrates (ACCHO) are distinguished from other labile dissolved organic matter,
desribed as LDOC and LDON. Only dCCHO are assumed to act as precursor for the formation of transparent exopolymer particles, whose

carbon content is explicitly resolved (TEPC). One compartment represent the formation and dissolution of particulate inorganic carbon (PIC),
affecting DIC as well as TA.
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Figure 3. The left panel in the figure shows three distinct calcification patterns, reflected in total alkalinity (TA) data. Those mesocosms that
exhibit high TA values (a reduced drawdown during the bloom and post-bloom period) feature rates of low calcification (LC, in blue color).
Mesocosms with low TA values (a strong reduction of TA) reveal rates of high calcification (HC, marked red). Rates of medium calcification
(MC) are assigned to the remaining mesocosms (with intermediate TA values, marked black). The right panel shows the respective different
CO treatments in the same colors as for LC, MC, and HC. The figure shows that each calcification case (LC, MC, and HC) includes

mesocosm of all three CO» treatments.
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each panels show respective 95% credible (uncertainty) ranges of the parameter estimates.
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Dissolved inorganic compounds

4 A A
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C:42.1+0.3 C:43.1+0.4 C:23.8+0.2
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(a) High CO2

Dissolved inorganic compounds
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—# dCCHO (dissolved combined carbohydrates)

(b) Low CO2

Figure 9. Carbon and nitrogen fluxes estimated by the model in mesocosms with low observed calcification but different CO» treatment, high
(a) and low (b). All the arrows that point downwards show flux estimates from the respective compartment on the right hand side, whereas

arrows pointing upwards show values on the left hand side.
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Figure 10. Carbon and nitrogen fluxes estimated by the model in mesocosms with high observed calcification but different CO5 treatment,
high (a) and low (b). All the arrows that point downwards show flux estimates from the respective compartment on the right hand side,

whereas arrows pointing upwards show values on the left hand side.

33



25

- Best high calcification
- Best medium calcification
== Best |ow calcification

20
|
¥ KHEK Rl tissisete ® © © e
I
5

z
@]
E VamnS
£ z
O &)
Q 0 _| = < (_)
E - 3
Z >
O o
o
O
o) Y
a *
o _| *
- * ¥ 9%%** - ™
2 * N *¥ « *
* ° * *
[ ™
...
| | | | N
0 5 10 15

DIN / mmoIN m™

Figure 11. Ratios of [POC]:[PON] and [DIC]:[DIN] determined from daily sampled noon values of model results. Filled circles represent
logio (DIC:DIN) ratios. Asteris symbols represent POC:PON ratio over the duration of the experiment.

34



emm (Coccolithophores concentration in HC
Bulk phytoplankton concentration in HC

e (Coccolithophores concentration in LC

© — Bulk phytoplankton concentration in LC

Nitrogen biomass of photoautotrophs / mmol N m=
4
|

?
1S
=z
T 9 _
E ™ e== High calcification ensemble
E __| === Low calcification ensemble
S
¥ < _
g N
[}
Qo —]
o]
N
5 2 _
RS
1]
©
£ —]
kel
a2 O
p . —
o
> [ I [ I [
e
z 0 5 10 15 20

Days
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Observed and simulated variations in particulate inorganic carbon (PIC)
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Figure 14. Full spread of model solutions according to credible range in parameter estimates, inlcuding ensemble solutions of high, medium
and low calcification (light brown shaded area). Symbols represent observations of all mesocosms. Khaki shaded bands show CO- effect in

the model, for solutions with lowest, medium and highest calcification rates.
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7 Tables

Initial conditions & parameters for optimisation

Description

Unit

1) PONy
2) faet

3) fzo0
4) feocco
5) Qo

6) acocco

T) aphy

Initial concentration of particulate organic nitrogen

fraction of PO N assigned to non-living detritus

fraction of living PO Ny assigned to zooplankton

Initial coccolithophore fraction of photoautotrophs

subsistence quota (minimum cellular N:C ratio)

Photosynthetic efficiency of coccolithophores

Photosynthetic efficiency of non-calcifying phytoplankton

Table 1. Initial conditions and model parameters that are subject to optimisation.

mmol N m—3

mol mol—?!
mol C (g Chlg)~! m? W—1d—1
mol C (g Chla) "' m? W—1d—1

Parameter ~ Description LC MC HC Units

PONy Parameter of initial PON concentration 1.25 1.90 1.61 mmol N m—3

fdet Parameter of initial detritus fraction 0.89 0.89 0.89 -

fzo00 Parameter of initial zoopl. fraction 0.72 0.63 0.88 -

feocco Parameter of initial coccolithophore fraction 0.39 0.88 0.40 -

Qo Subsistence N:C ratio 55-1072 42.1072 42.1072 -

Qcoceo Photosynth. light absorpt. coeff. of coccolithoph.  1.40 0.50 1.66 mol C (g Chla) ' m> w1 d!
Qphy Photosynth. light absorpt. coeff. of non-calcifiers  1.73 3.10 1.71 mol C (g Chla) ' m> Wt d!

Table 2. Maximum likelihood parameter estimates of three model solutions: low, medium, and high calcification (LC, MC, and HC)
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fdet

j}oo

j;occo

Qo

Qcocco Qphy

PONy -0.03/0.03/-030 0.57/0.48/0.51 -0.10/0.29/0.66  0.05/-0.20/-0.34 0.11/0.03/-0.56 -0.10/0.19 7 0.60
fdet 1 -0.51/-033/-092 0.13/0.01/-0.28 0.23/0.25/0.11 -0.15/-0.10/0.10 0.13/0.03/-0.40
fzo00 1 -0.47/0.24 /0.5 -0.11/-0.30/-0.16 0.50/0.52/-0.38 -0.42/0.22/0.63
feocco 1 0.10/-0.12/-0.25 -0.99/-0.15/-0.95 0.99/0.93/0.93
Qo 1 -0.10/-0.25/0.18 0.13/0.10/-0.26
Qeocco 1 -0.97/-0.18/-0.87
Aphy 1

Table 3. Correlation coefficients of parameter estimates of low, medium, and high calcification model solutions (LC, MC, and HC). Corre-

lation coefficients > 0.6 are marked bold face.

State variable name LC/mmolNm~2 MC HC

PON, 1.2 +£0.01 1.9 4+ 0.01 1.740.1
DetNg 1.1+4-107* 1.7+1-1073 1.6 +0.01
ZooNg 0.1+1-1073 0.1+ 1-100% 02+ 0.01
CoccoNo 002421073 006+1-107* 0.01£2-1073
PhyNy 002+2-1073 001+ 4-107* 001+3-1073

Table 4. Mean initial values of PON (PO Nj), detritus (DetNy), zooplankton (ZooNy), coccolithophores (CoccoNp) and bulk phytoplankton

(PhyNo) according to posterior of the (initial condition) parameter estimates of three solutions: low, medium, and high calcification (LC,

MC, and HC).
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Appendices

A Supplementary model equations
A.1 Arrhenius relation

The affect of temperature on the metabolic rates and biological activities of the vast majority of organisms is given by the

Arrhenius relationship (Sibly et al., 2012).

Ty =expl~Ap.( — =) (A1)
where T is reference temperature, given in units Kelvin (K). and approximately equals to 293.15 K (Table A.1).

A.2 Photoautotrophs

The resource allocation depends on the cellular nitrogen-to-carbon (N:C) ratio, expressed by the cell quota (QV). Q¥ is the
cellular N biomass normalised to carbon/energy units. The availability of resources that can be allocated is estimated by the rel-
ative difference between Q* from and a subsistence quota (Qg). Qo is the minimum N:C ratio required for a photoautotrophic
cell to survive. As QY approaches Q) less resources can be allocated (e.g. to the LHC) and algal growth becomes limited.
Under balanced optimal conditions we can approximate fy ~ f{, for photoautotrophs. An optimal allocation of nutrients to
specific cellular sites (or cell compartments) is thus determined by a trade-off between three fractions: a) a fraction that is
allocated to the nutrient acquisition complex (fy/), b) a fraction attached to structural proteins (expressed as Q5 / QM),andc) a
remaining fraction (1 - fy - Q5/Q) that can be allocated to the LHC and thus promotes the synthesis of chlorophyll a (Pahlow
et al., 2013). An optimal allocation factor () for nutrient uptake is derived by maximising net growth rate with respect to
nutrient uptake and thus fy (Eq. A.3 in Appendix A). Under nutrient depleted conditions, some higher growth rate of a algal
cell can be maintained by increasing fU to the cost of resources that can be assigned to the light-harvesting complex (referred
to as fY ;- the optimal allocation factor for LHC). In consequence, the mobilisation of resources (N in this study) for nutrient
acquisition (induced by an increase of f{) reduces the rate of chlorophyll a synthesis. Vice-versa for light-limited conditions,

growth rate of a cell is optimised by investing more resources to LHC of a cell, which enhances the rate of chlorophyll a

synthesis. This is achieved for low values of f{;.

hs— In the model the optimal allocation

Qs = % (A.2)

0 _ Qs _ N N _ A3

prhy/cocco - NN C (Qcocco/phy QO) (A.3)
cocco/phy
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Qs
fI?HCcocco/phy = 1 - N - fO (A.4)

Vcocco/phy
cocco/phy

where (% is the cost of N uptake in a photoautotrophic cell, given in units mol mol~"'; and @ is the N quota attached with
structural proteins, given in units mol N (mol C)~!. In our model maximum N assimilation rate and maximum carbon fixation

rates are numerically identical.

Ve = Vo - Ty (A.5)
Viww = Vo - Ty (A.6)

where VN and V. are maximum N assimilation and maximum carbon fixation rates, given in units mol N (mol C)~! d~*
and mol C (mol C)~* d—*. Model parameters V¥ and V' are photoautotrophic potential N assimilation and C fixation rates,
given in units mol N (mol C)~! d~! and mol C (mol C)~* d~!(Table A.1).

The total N uptake rate of photoautotrophs is calculated from the local N uptake rate (Pahlow et al., 2013). The latter is

calculated from maximum N assimilation rate, potential nutrient affinity and dissolved inorganic nitrogen concentration (DIN).

PN __ 1 1 -2
V= (\/Vrﬁvaz - \/AO ' (DIN)) (A7)

vy 19 VN (A.8)

phy/cocco = I Veocco/phy

where V" is the local N uptake of photoautotrophs, given in units mol N (mol C)~! d~!. Ay is potential nutrient affinity of

respective algae in units m3 (mol C)~! d~! (Table A.1).

The gross carbon fixation rate of calcifiers and non-calcifiers is calculated from day length, degree of light saturation, f2;c and

|7AS:
chcco/phy = La. folggccco/phy : Vrga:t ’ S;OCCO/phy (A9)
where Vgcco Iphy is the gross carbon-fixation by photoautotrophs, given in units mol C (mol C)~! d~!, Ly is the day length

Sphy/cocco
I

as a fraction of 24 hours. For more details see Table (A.1). is the degree of light saturation in photoautotrophs and

calculated as:

ycocco/phy « - 0(:0(1(:0/1}/1,3/ -1
Sy =1—exp(— O )
0

(A.10)
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Ococeo/phy 18 ChL:C ratio in the chloroplast of a cell (Pahlow and Oschlies, 2009; Pahlow et al., 2013), given in units mg Chl

(mmol C)~ 1.

The differential equations of C and N biomass for phytoplankton and coccolithophores are:

d A G
ZPYC = (tpny — CNpaer - W) - PhyC — B ZEA (A.11)
¢ phy phy
d Acoce Geoce
%COCCOC = (Mcoeco - CNfact : ’YN) - CoccoC — Z\ZZZZ - ?ZZ(;Z (A.12)
d N
PN =V, PhyC — 9 - PhyN — Ay, — Gy (A.13)
d
%COCCON = ‘/c](\)[cco - CoccoC — vy - CoccoN — Acocco — Geocco (A.14)

A description of auxiliary variables is given in Table (A.1). We stress that the parameterisations in Egs. (A.11 and A.12) are
identical for both photoautrophic groups (coccolithophores and non-calcifying algae), but some of the corresponding optimised
parameter values may turn out to be different between the two.

The differential equations for chlorophyll a of non-calcifying phytoplankton (with subscripts phy) and coccolithophores

(cocco) are:

d écocco/phy

%Chlcocco/phy = (Mcocco/phy + 0 )'Chlcocco/phy - Acocco/phy . ei\(f)cco/phy - Gcocco/phy . ecj\gcco/phy (A.15)
cocco/phy
Where Hi\g ceo/phy AT€ the respective cellular Chl:N ratios in units mg Chl (mmol N)~! (Table A.1). The terms 960000 /phy are

the time derivatives of 0cocco/phy- The regulation of 6, and 0.occo upon on the buildup and limitation of chlorophyll a is
determined by optimality-based criteria.

The regulation term for chlorophyll a synthesis (S.p;) is given as:

9.(1()(1(1() ’)}I,’l 1 aA(l(}(l(l() ’)h,’l = é(l(}(l(l(} ')h,'l 2 : C S
Sy = /phy = ( /7 J)JFQN ) /r J_( )

o Chl ~ a) cocco/phy N AN
ecocco/phy C 89(5“(300/1’}1r1/ ecocco/phy Qcocco/phy Qcocco/phy

+ ¢M) (A.16)

aAcocco h QXcoceo/ph I cocco/ph A cocco/ph
aé [phy = Ld : V’rgax.[ Vé'p . (1_ SI /e y)'(l_ CChl : Hcocco/phy) - SI /phy : CChl]_R%hl : CChl (A17)
cocco/phy max

where, A is an auxiliary variable that contains all light dependent terms (Pahlow and Oschlies, 2009; Pahlow et al., 2013) and
has the unit d—'; (¢ and ¢!V are costs of chlorophyll a synthesis and N assimilation, given in units mol C (g Chl)~! and mol

C (mol N)~! (Table A.1). The derivative term (%) is given in units mol C (g Chl)~! d—*.
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A.3 Respiration costs

Total respiration cost in a cell includes costs due to chlorophyll synthesis, nutrient acquisition and cell maintenance.

r;hy/cocco = Rghhyl/cocco + CN ’ V;)]l\zfy/cocco +Rum (A.18)

where respiration cost due to synthesis of chlorophyll a is given as:

RChl = (Vchy +fOLHC ' R%hl) ' Cohl ' éphy/cocco (A.19)

phy/cocco p phy/cocco

where R, is maintenance respiration cost of a cell, given in units d 1. Detailed description of auxiliary variables is given in

the Table (A.1).
A.4 PIC formation and regulation of calcification

PIC formation can be written as a single differential equation:

d
%PIC - (fCOg . fPIC : /J/cocco) - CoccoC — Tdissol * PIC (AZO)

where T4issoi 18 the dissolution rate of PIC, given in units d—!. Parameterisation of calcite-t0-Corganic Tatio is given by
Eq. (A.21), whereas regression model of Findlay et al. (2011) to quantify effect of different CO, concentrations on PIC
formation is represented by Eq. (A.22).

1 SPIC
1 A.21
feic 2 + 1+ exp(spic - fOLHC)) ( )
fco, = —0.0097 - COg 44 +0.9654 (A.22)

with aqueous carbon dioxide COz 4, concentrations normalised to water mass instead of volume, given in units zzmol kg~

A reference rate of PIC formation under nutrient replete and light saturated conditions is prescribed as a molar ratio of fpic =

0.5 mol PIC formed per mol C assimilated into organic matter, Eq. (A.21). The molar ratio (fpic) is assumed to increase when
QLHC

cocco

the fraction of resources allocated to the light harvesting complex (LHC) of a cell (f ) decreases. According to our model
approach the process of calcification can be interpreted as an additional pathway for dissipating excess energy (Barcelos e

Ramos et al., 2012), as is the case under high light conditions when chlorophyll a synthesis rates diminish (induced by a

LHC
Ococco

reduction of f ). On the one hand, PIC formation becomes enhanced under high light conditions, while less resources
become allocated to LHC. On the other hand, calcification is reduced or ceases under conditions of low or no light. Under
nutrient depleted conditions, when more resources become allocated to nutrient uptake sites rather than to LHC, the rate of
calcification per net carbon fixation also increases. For low (nutrient limited) growth rates under saturated (or high) light
conditions the parameterisation fpic can yield maxima in the calcite-to-Corganic ratio (of the calcifying algae) that may reach
values of 2 and slightly above. The function fco, in Eq. (A.20) has no dimension and it simulates the effect of varying CO,

concentrations on fpic.
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A.5 Zooplankton

The sms differential equations for zooplankton carbon and nitrogen biomass are:

d Gphy Gcocco Alzoo

—Z00C = + —— — Tz00 — (A.23)
dt ijw (]:\(])cco o Q200
d N
EZOON = Gphy + Gcocco — Y200 — J\/[zoo (A24)
Equations below represent Holling type III grazing dynamics.
(PhyN?)
Gphy = Gm - —————5— . ZooN A.25
phy g e+ (PhyNQ) ( )
N2
Geocco = Gm - (COCCO ) .ZooN (A.26)

¢ + (CoccoN?)

where g,, is the nitrogen specific maximum grazing rate on photoautotrophs, given in units d—!; and e is the half saturation

constant for grazing, given in units (mmol N)? m~6.

A.6 Zooplankton respiration and excretion

Respiration is parameterized as a function of respiration maintenance rate coefficient, temperature dependent metabolic rates

and carbon concentration of heterotroph.
T200 = Rpasal - Tf . ZooC (A.27)

Similarly, excretion is parameterised as a function of respiration maintenance rate to basal metabolism, temperature dependent

metabolic rates and nitrogen concentration of heterotroph.

Yzo0 = Ryasal - Tf . ZooN (A.28)

A.7 Detritus

The corresponding differential equations of detrital C and N mass are:

d A ACOCCO MZOO

—DetC = phy 2% O~ et T; - DetC (A.29)
phy cocco zoo

d

%DetN = Aph,y + Acocco + Alzoo — Wdet * Tf -DetN (A30)
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Aggregation equations for bulk phytoplankton and coccolithophores are given below.

Aphy = Pagg - PhyN-DetN + ¢4, - PhyN? (A.31)

Acocco = Pagg - CoccoN - DetN + ¢4 - CoccoN? (A.32)

A.8 Dissolved inorganic compounds (DIN, DIC) and total alkalinity (TA)

The nitrogen uptake (VCIX cco/phy

(mol C) ~* d—! (Pahlow and Oschlies, 2009):

d N N
%DIN = _(Vphy : Phyc + V::occo

) is carbon-specific and is therefore given as a rate of N utilisation per carbon, in units mol N

-CoccoC) + 2o, +p- Ty - LDON (A.33)

The sources of DIN are calculated from zooplankton excretion (72 ) and the remineralisation of LDON.

The sms differential equation for DIC is given below:

d
ZDIC =~ PhyC — (14 fc0, - fyic) - eoceo - C0ec0C + Taissor - PIC + 7200+ p- Ty - (LDOC +dCCHO) + Frc: (A.34)

Calculations of air-sea gas exchange (Fpjc) within mesocosms are based on original carbonate chemistry code provided by
the Ocean Carbon-Cycle Model Intercomparison Project (Orr, 1999). The original code was refined to include an accelerated
iteration scheme for pH and pCO; calculations (Christoph Volker, personal communication), as already applied in Schartau
et al. (2007).

The differential equation listed below accounts for TA in the system:

d Vp]Xy Vc](ycco
ETA =(141/16) - ( v - PhyN 4 —<=< -CoccoN) — 2 (fco, * fric * feoceo - COccOC — Tgissor - PIC)
phy cocco
—(141/16)-p-Ty - LDON (A.35)

Measured values of DIN, TA, and DIC on day one of the experiment were taken as initial conditions for respective mesocosms.

A.9 Dissolved labile organic matter

The differential equations for dissolved organic matter are given below:

d
ELDOC = Cfact "IN - [(1 — detho) -PhyC + (1 — ficCto) - CoccoC | + wyet - T’y - DetC

+wger - Ty - TEPC — p- Ty - LDOC (A.36)
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ﬁLDON =y - (PhyN + CoccoN) + wges - Ty - DetN — p- Ty - LDON (A.37)

A.10 dCCHO and TEPC

The differential equation for dissolved combined carbohydrates(dCCHO) is given as:

d . oce

—dCCHO = Cfact YN - g)éLCyHO . PhyC + fég&_loo -CoccoC| — ¢dCCHO . dCCHO2 — ¢TEP -dCCHO - TEPC

dt
— p-Ty-dCCHO (A.38)

Given below is the parameterisation to estimate the fraction of phytoplankton exudates that become available to be part of

dCCHO during two distinct modes of carbon overconsumption decscribed in Schartau et al. (2007).

ggéggphy = |:1 =+ DdccHo eXp(l - QS/Qi\(f)cco/phy)} (A39)

where paccno is the fraction of DOC that enters dCCHO pool. Coagulation parameter of dCCHO (¢qyccno) is derieved from
product of agccno (stickiness between dCCHO and dCCHO) and Byccho (C-specific collision rates between dCCHO and
dCCHO). Likewise, coagulation parameter of dCCHO-TEPC (¢rgpc) is computed from the product of argpc (stickiness be-
tween dCCHO and TEPC) and Srgpc (C-specific collision rates between dCCHO and TEPC). ayccuo and argpc have no units
as they are probabilities, whereas Syccuo and Srepc are given in units m? (mmol C)~! d—!. Values of cwccho » @tepe 5 Baccho

and Srgpc are taken from (Schartau et al., 2007).

@dcCHO = QdccHO * BdccHo

(A.40)
baccro = (0.87-1073)-0.86 = 7.48-107*
é1EPC = QTEPC * BTEPC

(A41)
¢rEpc = 0.4-0.064 = 2.56 - 102
The differential equation for formation of TEPC is shown below:
d
ﬁTEPC = ¢accho - ACCHO? + ¢rgp - dCCHO - TEPC — wy,; - Ty - TEPC (A.42)
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Auxiliary variables & functions Description Unit

T f Arrhenius temperature dependency -

fv resource fraction allocated for nutrient acquisition -

f‘o/ optimal allocation value of fy, -

fIE)HC optimal resource allocation to light harvesting complex (LHC) -

I3 net growth rates of respective photoautotrophs a1

Qs N quota attached with structural proteins mol N (mol C) ™ 1

vN photoautotrophic local N uptake rate of rate mol N (mol C) ™ 1g4-1
vC photoautotophic gross carbon fixation rates mol C (mol C) ™ 14-1
rC respiration rates a—1

Vrrln:\,x photoautotrophic maximum N assimilation rates mol N (mol C) ™ 141
V"gx photoautotrophic maximum C fixation rates mol C (mol C) ™ 1 d— 1
vV carbon-specific nitrogen uptake rate mol N (mol C) ™ 141
Q N molar cellular nitrogen-to-carbon (N:C) ratio (cell quota) mol N (mol C) ™ 1

] chlorophyll a-to-carbon (Chl:C) ratio of photoautotrophs g Chl (mol C) ™ 1

0 time derivative of 6 g Chl (mol C) ™ 1 d— 1
oN chlorophyll a-to-nitrogen (Chl:N) ratio of photoautotrophs g Chl (mol N) ™ 1

Sr degree of light saturation for photosynthesis -

Schi regulation term for chlorophyll synthesis mol C (mol N) ™ 1

Lg day length as a fraction of 24 hours -

I Mean irradiance wm—24—1

é photautotrophic chloroplast Chl:C ratio g Chl (mol C) ™ 1

A variable representing all light-dependent terms a—1

G nitrogen-specific rates of zooplankton grazing mmol Nm—3 d—1
Tzo00 zooplankton respiration mmol Cm—3 d—1
'Yi\i)o zooplankton excretion of nitrogen mmol Nm—3 d—1
Mzo0 nitrogen-specific zooplankton mortality mmolNm—3q—1

A nitrogen-specific rates of aggregation mmol Nm—3 ¢~ 1
fPIC calcification relative to net carbon fixation mol PIC (mol C) ™ 1
Fpic flux due to air-sea gas exchange mmol Cm—3 d—1
fcoa regression model of CO9 effect on calcification -

faccHo fraction of exudates assigned to dCCHO -

@JdCCHO stickiness between dCCHO and dCCHO -

'HdCCHO C-specific collision rates between dCCHO and dCCHO m3 (mmol C) ™ 1 a—1
QTEPC stickiness between dCCHO and TEPC -

BTEPC C-specific collision rates between dCCHO and TEPC m3 (mmol C) 1 d— 1
Model parameters (fixed) Value

Dyn photoautotrophic loss rate of organic nitrogen 0.1 a—1

2) C Ngyer enhancement factor of carbon exudation relative to y 1.0 -

3)p remineralisation rate of dissolved organic matter 0.05 d— 1

Hwget hydrolysis/degradation rate of detritus 0.02 a—1

5) w gel hydrolysis/degradation rate of TEPC 0.01 a1

6) Tgissol dissolution rate of particulate inorganic carbon 0.01 a1

7 ¢accHO coagulation parameter of dCCHO 7.48 - 10_4 m3 (mmol C) 1 d— 1
8) dTEPC coagulation parameter of dCCHO-TEPC 2.56-10"2  m3 mmoo)—1a—1
9) Tef reference temperature for A g relation 293.15 K

100 A g slope of arrhenius relationship 4500 K

11) aqp light attenuation due to water column 0.04 m—1

12) ac light attenuation due to chlorophyll a 0.05 (mg Chla) ™ 13

13) R?Jhl cost of chlorophyll maintenance 0.1 a—1

14) Ry total respiration maintenance cost 0.05 a—1

15) ¢ Chl cost of photosynthesis coefficient 0.6 mol C (g Chla) ™~ 1

16) ¢ N cost of N uptake 0.7 mol C (mol N)— 1

17) Ag potential nutrient affinity 1 m3 motc—1a—1
18) VON photoautotrophic potential N assimilation rate 4.0 mol C (mol N) — 1

19) VOC photoautotrophic potential C fixation rate 4.0 mol C (mol C) ™ 1

20y N algal nitrogen loss rate 0.1 a1

2D) pagg aggregation rate 0.01 m3 (mmol N) ™ 14-1
22) pacCcHO minimum DOC fraction allocated to dCCHO 0.2

23) gm, nitrogen specific maximum grazing rate 0.2 a—1

24) € prey capture rate normalised to maximum grazing rate 1 (mmol N)2 m—6

25) M 200 mortality rate of zooplankton 0.05 a1

26) Ry sql zooplankton basal respiration rate 0.05 a1

27) ppic slope of APIC formed per AC assimilated 5.0 mol PIC (mol C) ™ 1

Table A.1. Auxiliary model variables and model parameters.
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B Data assimilation

B.1 Parameter optimisation procedure

The entire optimisation procedure of each (LC, MC, and HC) case is subject to five consecutive analysis steps:

1) adjustment of parameters while considering published typical values — specify model solution that is in qualitative

(visual) good agreement with observations of the medium calcification MC case

2) application of simulated annealing algorithm (SANN), see (Bélisle, 1992), to effectively scan and minimise the seven-
dimensional manifold (©,J(©)), while avoiding to get trapped into local minima of J(©) — obtain global estimate of

©

3) local refinement of the parameter estimate, using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm (Broyden,
1970; Fletcher, 1970; Goldfarb, 1970; Shanno, 1970) — identify maximum likelihood estimate that corresponds with
the global minimum (©,, .J (@))

4) calculation of the inverse of second derivatives of .J(©) with respect to every parameter (H; = 9.J/ (’)@? at ©, which is
a point-wise approximation of the diagonal elements of a Hessian matrix H) — derive marginal errors (standard errors,
\ /H;jl) of the estimated parameter values

5) application of a Monte Carlo Markov Chain (MCMC) method, using the marginal error information of 4) to confine cred-
ible range of optimal parameter values — derive posterior confidence limits of parameter estimates and collinearities

(correlations) between parameter estimates.

For steps 2, 3, and 5 the R package FME is applied, as coded and described by Soetaert and Petzoldt (2010). The plankton
ecosystem model was coded and compiled as shared library in FORTRAN so that we can apply a FORTRAN-R wrapper
function. This wrapper allows us to take advantage of fast numerical Euler forward integrations of the model equations while,
at the same time, we can benefit from the R platform and its freely available packages. The cost function J(©) is evaluated in
R. The MCMC method employed here is based on the Adaptive Metropolis-Hastings (AMH) algorithm (Haario et al., 2001),
which is also available with the R package FME. The AMH algorithm generates a new parameter vector (©*) by perturbing

the 0r1g1nal vector O, inferred from a proposal” distribution (Metropohs et al., 1953). The-marginal-errorinformation(Step4)

— The standard deviation information

required for generating the initial proposal (Gaussian) distribution in the AMH algorithm is derived from the diagonal elements
of Hessian matrix. We approximated the diagonal elements of the Hessian with finite central differences, as described in e.g.
Matear (1995), Kidston et al. (2011), and in Kreus and Schartau (2015). To do so we imposed an incremental step size of 1%

variation to the respective parameter values.
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B.2 Data correlation matrices

Correlations during pre-bloom (¢;; i =1, ..., 13) between mesocosms with medium observed calcification in matrix form are

given below:

DIC DIN  Chla PON POC PIC TA

DIC 1 057 =095 —-0.77 -095 —-0.89 0.88
DIN . 1 —-0.56 —-0.52 -0.53 —-0.58 0.53
Chla . . 1 0.71 0.91 0.81 —0.77
Cy = (B.1)
PON . . . 1 0.87 0.77 —0.65
POC . . . . 1 0.83 —0.77
PIC . . . . . 1 —-0.95
TA . . . . . . 1
Correlations during post-bloom period (¢;; 1= 14, ..., 22) are:
DIC DIN Chla PON POC PIC TA
DIC 1 022 027 029 -0.83 -093 094
DIN . 1 0.3 031 -0.23 -022 0.24
Chla . . 1 099 0.01 -0.44 0.49
Cy = (B.2)
PON . . . 1 —-0.02 —-045 0.50
POC . . . . 1 0.65 —0.64
PIC . . . . . 1 —0.99
TA . . . . . . 1

Residual standard errors (o;) were calculated based on daily measurements between the mesocosms of similar observed calci-

fication and can be written in matrix notation with off-diagonal elements being zero:

(DIC)

o! 0 - 0
0 U(DIN) . :

S, = _ " (B.3)
0 0 o™
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