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Abstract

The West Antarctic Peninsula (WAP) is a rapidly warming region, with substantial ecological and biogeochemical responses
to climate change and variability for the past decades, revealed by multi-decadal observations from the Palmer Antarctica
Long-Term Ecological Research (LTER) program. The wealth of these long-term observations provides an important resource
for ecosystem modelling, but there has been a lack of focus on the development of numerical models that simulate time-
evolving plankton dynamics over the Austral growth season along the coastal WAP. Here we developed a one-dimensional,
data assimilation planktonic ecosystem model (i.e., the WAP-1D-VAR model v1.0) equipped with a variational adjoint and
model parameter optimization scheme. We first demonstrate the modified and newly added model schemes to the pre-existing
food-web and biogeochemical components of the WAP-1D-VAR model, including diagnostic sea-ice forcing and trophic
interactions specific to the WAP region. We then conducted model experiments by assimilating eleven different data types
from an example Palmer LTER growth season (October 2002 - March 2003) directly related to corresponding model state
variables and intercompartmental flows. The iterative, data assimilation procedure reduced by 80% the misfits between
observations and model results, compared to before optimization, via an optimized set of 14 parameters out of total 72 free
parameters. The optimized model results captured key WAP ecological features, such as blooms during seasonal sea-ice retreat,
the lack of macronutrient limitation, and comparable values of the assimilated and non-assimilated model state variables and
flows to other studies, as well as several important ecosystem metrics. One exception was slightly underestimated particle
export flux, for which we discuss fully potential underlying reasons. The data assimilation scheme of the WAP-1D-VAR model
enabled the available observational data to constrain previously poorly understood processes, including the partitioning of
primary production by different phytoplankton groups, the optimal chlorophyll to carbon ratio of the WAP phytoplankton
community, and the partitioning of dissolved organic carbon pools with different lability. The WAP-1D-VAR model was
successfully employed to glue the snapshots from a range of the available data sets together to explain and understand the
observed dynamics along the coastal WAP.
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1 Introduction

The West Antarctic Peninsula (WAP) has experienced significant atmospheric and surface ocean warming since the
1950s, resulting in decreased winter sea-ice duration, retreat of glaciers, and changes in upper ocean dynamics (Clarke et al.,
2009; Cook et al., 2005; Henley et al., 2019; King, 1994; Meredith & King, 2005; Stammerjohn et al., 2008; D. Vaughan et
al., 2003; D. G. Vaughan, 2006; Whitehouse et al., 2008). These climate-driven changes propagate through marine food-webs
by affecting physiology of individual organisms and the whole communities (Hugh W Ducklow et al., 2007). Long-term
observational efforts through the Palmer Antarctica Long-Term Ecological Research program (LTER; since 1991) have
demonstrated a range of ecological and biogeochemical responses to changing environments, including phytoplankton
(Montes-Hugo et al., 2009; Saba et al., 2014; Schofield et al., 2017), marine heterotrophic bacteria (Bowman & Ducklow,
2015; Hugh W. Ducklow et al., 2012; Kim & Ducklow, 2016; Luria et al., 2014, 2017), nutrient drawdown (Kim et al., 2016),
and micro- and macrozooplankton (L. Garzio & Steinberg, 2013; Steinberg et al., 2015; Thibodeau et al., 2019).

The wealth of Palmer LTER time-series observations provides an important resource for ecological modelling, and
different types of ecological modelling approaches have been developed to explore the WAP responses to climate change and
variability. For example, an inverse modelling study estimated the steady-state dynamics of the WAP food-web by deriving
snapshots of intercompartmental flows among different plankton functional types and higher trophic levels (Sailley et al.,
2013). However, there has been a less focus on numerical ecosystem models that simulate time-evolving plankton dynamics
over the full Austral growth season along the WAP. Numerical ecosystem models provide estimates of key rate processes for
which observations have been less frequently or seldom made compared to frequently measured stocks and rates. Despite its
strength, constructing an ecosystem model is a challenge due to the lack of a priori knowledge on model parameters and
incomplete understanding of ecological processes that should be explicitly presented in the model structure (H. W. Ducklow
et al., 2008; Murphy et al., 2012). Owing to many observational studies, a more robust, yet still incomplete, data-based picture
is emerging of WAP food-web interactions and ecosystem dynamics, which could guide a development of the WAP-specific
numerical ecosystem model.

Here we introduce a one-dimensional variational data assimilation model specific to the coastal WAP (i.e., the WAP-
1D-VAR model v1.0) that we developed by adapting an existing biogeochemical-planktonic model of different ocean basins
(Friedrichs, 2001; Friedrichs et al., 2006, 2007; Luo et al., 2010). The WAP-1D-VAR model is compared against the roughly
semi-weekly, bio-physical observations over the Austral growth season near Palmer Station on Anvers Island, Antarctica
(64.77°S, 64.05°W). The field data record the seasonal variations in phytoplankton bloom initiation, peak and termination and
biogeochemistry modulated by variations in surface light, mixed layer depth, and sea-ice cover. In the present study, we 1)
describe the structure and schemes of the WAP-1D-VAR in great detail, 2) evaluate the model performance and robustness
using a variety of quantitative metrics, and 3) discuss the model applicability with regard to capturing the key WAP ecological
and biogeochemical features using the data from an example growth season.

2 Model development and implementation

2.1 Model state variables

The WAP-1D-VAR model v1.0 (Figure 1) is originally derived and modified from data-assimilative, ocean regional
test-bed models of the Arabian Sea, the Equatorial Pacific, and the Hawaii Ocean Time-series Station ALOHA (Friedrichs,
2001; Friedrichs et al., 2006, 2007; Luo et al., 2010). The WAP-1D-VAR model simulates stocks and flows of C, N, and P
through 12 different model prognostic state variables. The two size-fractionated phytoplankton compartments, diatoms and
cryptophyte, and the two different zooplankton compartments, microzooplankton and krill are separately simulated following
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the plankton functional types as in Sailley et al (2013). Functional grazing relationships are defined in which diatoms are
consumed by both krill (Euphausia superba) and microzooplankton (mostly ciliates and other protozoa), cryptophytes are
consumed by microzooplankton, and microzooplankton are grazed by krill. Other abundant zooplankton taxa in the WAP (e.g.,
salps, pteropods, and copepods; Steinberg et al. 2015) are not explicitly simulated in the WAP-1D-VAR model, in part to limit
the model complexity and in part because of limited data constraints on these groups, especially feeding. Higher trophic levels
are implicitly represented to close the model. The WAP-1D-VAR model allows for the partitioning between labile DOM
(LDOM) and semi-labile DOM (SDOM) such that the entire LDOM pool is available but only a limited portion of the SDOM
is available for bacterial utilization to account for lower lability of SDOM. Refractory DOM (RDOM) is not explicitly modelled
due to its much longer turnover time than labile and semi-labile pools, but some mass flows are included to RDOM from other
prognostic model compartments, such as bacteria, krill, and SDOM, to account for loss terms for those state variables. Detritus
represents an average particulate organic matter (POM) pool after removing living phytoplankton and bacterial biomasses, and
sinking of the detritus pool contributes to export flux. The WAP-1D-VAR model explicitly simulates NO3, NH4, and PO for
inorganic (macro)nutrient compartments, but there is not a separate Fe model compartment or Fe uptake processes, given that
iron limitation is absent or occurs only minimally and seasonally in the nearshore Palmer Station area (Sherrell et al., 2018).

2.2 Model equations

Here we describe key model processes that are either based on existing schemes or built as new, modified schemes
for the WAP. The original model schemes are detailed in Supplementary Material of Luo et al (2010). The WAP-1D-VAR
model simulates biological-physical model processes for a 1-D vertical water column, solving numerically for a discretized
version of the time-rate of change for each model state variable. For a generic tracer variable C the time-rate of change equation
takes the form (Glover et al., 2011):

oC 0 0 oC

5——5(WC)+5(K25)+JC )
where z is the depth, w is the vertical velocity (the sum of water motion and gravitational particle sinking), K- is the turbulent
eddy diffusivity (Eq. 1), and Jc is the biological and biogeochemical net source and sink term for C (Appendix Equations Eq.
A.2.41-44, A.3.37-40, A.4.53-55, A.5.24-26, A.6.27-29, A.7.4-6, A.8.4-9, A.9.2-4). The physical advection and mixing terms
are discussed below in section 2.3 and are applied sequentially following the computation of the biological and biogeochemical
terms Jc using a constant time step Af of 1 hour. The contributions of the source sink terms Jc to the full time rate of change
equations are constructed as a series of coupled ordinary differential equations, detailed in Appendix (sections A1-9), and are
solved using a second-order Runge-Kutta numerical integration scheme. The WAP-1D-VAR model simulates the dynamics
of C, N, and P, but here we only focus on the presentation of the model C dynamics. The cellular molar (N/C or P/C) quota
parameters of most state variables are fixed and not submitted to the optimization and data assimilation procedure. To first
order, a variety of the model physiological processes are affected by water temperature, including the maximum growth rates
of phytoplankton, bacteria, and zooplankton and basal respiration rates of bacteria and zooplankton. The Arrhenius function
is implemented to change these physiological rates as a function of water temperature (Eq. A.1.1).

The net change of phytoplankton (both diatoms and cryptophytes) C biomass is driven by their gross growth, DOC
excretion, particulate organic C (POC) production via aggregation, respiration, and grazing (Eq. A.2.41, A.3.37), the net
change of their N and P biomass by gross growth, dissolved organic N(P) (DON(P)) excretion, particulate organic N(P)
(PON(P)) production, and grazing (Eq. A.2.42-43, A.3.38-39), and the net change of their chlorophyll a (Chl) by gross growth,
DOM excretion, and grazing (Eq. A.2.44, A.3.40). The WAP-1D-VAR model adapts a phytoplankton growth scheme with
flexible stoichiometry, in which phytoplankton cells are allowed to accumulate and store more nutrients under light stress
(Bertilsson et al., 2003; Droop, 1974, 1983; McCarthy, 1980). The phytoplankton C growth rate is limited by their cellular
nutrient contents (quota) (Eq. A.2.1-2, A.3.1-2). Modified from Geider et al. (1998), phytoplankton N uptake decreases when
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their cellular N/C quota is higher than their reference (Redfield) ratio, but not limited when lower than their reference ratio
(Eq. A.2.4, A.2.8, A3.4, A.3.8). The N consumption completely ceases when the phytoplankton cellular quota reaches their
maximum allowable ratios and additionally limited by the ambient nutrient concentrations with a Monod function (Eq. A.2.10-
11, A.3.10-11). NH4 inhibition on NO3 uptake is modelled by assigning lower k" compared to k¥ (Table 2). The inhibition
term does not exist for PO4. The uptake scheme is similar for P (Eq. A.2.13, A.3.13), but P can be consumed in great excess
of current needs (Armstrong 2006). Such luxury uptake is modelled by assigning smaller maximum and minimum P quota
(Table 2), which acts to alleviate P limitation. The maximum photosynthesis rate decreases when the phytoplankton cellular
quota is lower than their reference ratio, and approaches zero near their minimum ratio (Eq. A.2.6, A.3.6). The Chl production
decreases with lowering photosynthetic active radiation (PAR) and completely ceases under no light, i.e., PAR =0 (Eq. A.2.14,
A.3.14). Phytoplankton release LDOM via passive diffusion of the low molecular weights DOM (e.g., neutral sugars and
dissolved free amino acids) with the same cellular elemental ratio as that of phytoplankton (Fogg 1966, Bjernsen 1988,
Biddanda and Benner 1997) (Eq. A.2.16-18, A.3.16-18). Phytoplankton also release L- and SDOM actively, such as
carbohydrate, as 75% of the labile (Eq. A.2.19, A.2.23, A.3.19, A.3.23) and 25% of the semi-labile pools (Eq. A.2.20, A.2.26,
A.3.20, A.3.26). This active DOM production enables phytoplankton to adjust their stoichiometry to approach their reference
ratio. If cellular organic C is in excess, DOC is released on a time scale of 2 days, and if excess N(P), DON(P) is released on
a time scale of 8 days (Eq. A.2.21-22, A.3.21-22). Diatoms are grazed by both microzooplankton and krill (Eq. A.2.33-40),
while cryptophytes are only grazed by microzooplankton (Eq. A.3.33-36). Microzooplankton grazing functions are altered by
assigning grazing limitation terms (€) to provide a limit on diatom grazing and route more cryptophytes to microzooplankton
(Eq. A.2.33, A.3.33), based on initial modelling attempts where elevated diatom Chl were not simulated due to their much
stronger removal by microzooplankton than cryptophytes, even with a varying model initial parameter set and adjusted baseline
parameters.

The net change of bacterial biomass is driven by their gross growth (via L- and SDOM uptake; Eq. A.4.12-14, A.4.15-
16, A.4.21-22), respiration (Eq. A.4.25), S- and RDOM excretion (Eq. A.4.26-28, A.4.35-43), grazing (Eq. A.4.44-46), and
mortality due to viral attack (Eq. A.4.47-49). The WAP-1D-VAR model allows both L- and SDOM as the sources for bacteria,
and bacterial nutrient quota let the lability of SDOM variable for their selective utilization. All the LDOM pool is available,
while only a limited portion of the SDOM pool is allowed for bacterial utilization, the degree of which is controlled by an
optimizable parameter controlling the relative utilization of SDOM to LDOM, or SDOM lability (Eq. A.4.11, Table 2).
Bacterial C growth is determined by their cellular quota and available L- and SDOM concentration (Eq. A.4.12-13), where the
growth would be limited if bacterial cellular N(P) quota is smaller than their reference ratios (Eq. A.4.8-9). Bacteria take up
LDOM in the way that the ratio of LDON(P) to LDOC uptake is the same as the bulk N(P)/C ratio of the LDOM (Eq. A.4.15,
Eq. A.4.21). Bacteria take up SDOM with higher N/P ratios to reflect that SDOM with higher N/P ratios is more labile (Eq.
A.4.13). The ratio of SDON to SDOC uptake by bacteria would vary between the bulk N/C of SDOM and the bacterial
reference cellular quota (Eq. A.4.16, Eq. A.4.22). Bacteria are modelled to either take up or release NHs and POs4 to maintain
their rather stable and consistent stoichiometry (Kirchman, 2000). Bacteria take up NO; only if their cellular N/C ratio is
smaller than their reference ratio (i.e., when bacteria are in short of N), in order to reflect higher energetic cost of NOs uptake
than NHa, but the amount of NOs uptake is modelled to be no more than 10% of N-specific bulk L- and SDOM uptake, and
the NOs plus NHa4 uptake is modelled to be no more than N-specific bulk L- and SDOM uptake (Eq. A.4.17-20). These limit
the maximum NOs uptake rate and set the inhibition of NH4 uptake on NO3 uptake. Bacteria excrete RDOM by transforming
LDOM to RDOM (A4.26-28). Bacteria adjust their cellular stoichiometry by remineralizing NHs and POs if C in short (i.e., N
and P in excess; Eq. A.4.29-30) and by excreting SDOC if C is in excess (i.e., N and P are in short; Eq. A.4.38-43). Bacteria
are grazed by microzooplankton (Eq. A.4.44-46), and a certain percentage of bacteria gets lost to LDOC pool due to viral
attack (Eq. A.4.47-49).

The net change of zooplankton (both microzooplankton and krill) biomass is driven by their gross growth (via grazing
on preys; Eq. A.5.3-5, A.6.3-5), L- and SDOM excretion (Eq. A.5.6-14, A.6.6-14), respiration (Eq. A.5.17, A.6.17), POM
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production (Eq. A.5.18-20, A.6.18-20), and grazing (Eq. A.5.21-23, A.6.24-26). Microzooplankton C growth is supported by
grazing on cryptophytes and bacteria (Eq. A.5.3-5), while krill C growth is supported by grazing on diatoms and
microzooplankton (Eq. A.6.3-5). Both zooplankton compartments follow the Holling Type 2 density-dependent grazing
function with a preferential selection on different prey species (Eq. A.2.33, A.2.37, A.3.33, A.4.44, A.5.21). Both zooplankton
groups release a portion of the organic matter that they ingest as DOM via sloppy feeding and excretion (Eq. A.5.6-8, A.5.9-
11, A.6.6-8, A.6.9-11) such that the ratio of the released DON(P) to LDOC is equivalent to the N(P)/C ratio of zooplankton.
The amount of SDOC excretion is a function of the total C growth (Eq. A.5.9, A.6.9), while the amount of SDON(P) excretion
is also a function of the zooplankton cellular N(P)/C ratio relative to their reference ratio (Eq. A.5.10-11, A.6.10-11).
Zooplankton adjust their body cellular quota by either releasing SDOM if C is in excess, or by regenerating NH4 or POs if N
or P is in excess (Eq. A.5.12-16, A.6.12-16), similar to the bacterial scheme. Respiration is formulated such that basal
respiration is based on a portion of zooplankton biomass, while active respiration is based on a portion of their grazed C (Eq.
A.5.17, A.6.17). Both zooplankton egest fecal matter as POM (Eq. A.5.18-20, A.6.18-20), but only krill additionally excrete
RDOM with N/C and P/C similar to bacteria (Eq. A.6.21-23). Microzooplankton are grazed by krill (Eq. A.5.21-23), while
krill are removed by implicit higher trophic levels (Eq. A.6.24-26), similarly calculated as a bacterial mortality term, rather
than as an explicit grazing process.

The net change of detritus is driven by POM produced by all phyto- and zooplankton compartments that is routed to
detrital pool (Eq. A.2.29-32, A.3.29-32, A.5.18-20, A.6.18-20) and its dissolution (Eq. A.7.1-3). An optimizable vertical
sinking speed is assigned to detritus to derive particle export fluxes (i.e., particle export flux = detrital concentration x particle
sinking velocity, wnsv in Table 2). The detritus that is lost due to dissolution is incorporated to SDOM pool when it sinks (Eq.
A.8.7-9), before regenerated to inorganic nutrients, rather than directly regenerated from as a particulate form. The net change
of LDOM is driven by LDOM excretion by all phyto- and zooplankton compartments (Eq. A.2.16-19, A.3.16-19, A.5.6-8,
A.6.6-8) and the amount of bacterial mortality that is incorporated to LDOM due to viral attack (Eq. A.4.47-49) and its uptake
by bacteria (Eq. A.4.12). The net change of SDOM is driven by SDOM excretion by all organisms (Eq. A.2.16-19, A.3.16-19,
A.5.6-8, A.6.6-8) and the amount of detrital dissolution (Eq. A.7.1-3), its uptake by bacteria (Eq. A.4.13-14), and its conversion
to RDOM pool (Eq. A.8.1-3). The conversion of SDOM to RDOM pool is a function of the stoichiometry of SDOM, in which
the conversion process is slower for higher N/C and P/C of the SDOM, to reflect that N- and P-enriched SDOM are more
likely labile. A certain percentage of NH4 is converted to NOs on a daily basis to represent a simple nitrification process in the
model (Eq. A.9.1).

2.3 Physical forcing

The WAP-1D-VAR model v1.0 is forced by mixed layer depth (MLD), photosynthetically active radiation (PAR) at
the ocean surface, sea-ice concentration, water-column temperature, vertical velocity, and vertical eddy diffusivity, at a
temporal resolution of 1 day. Temperature, sea ice, and vertical eddy diffusivity are set up at every vertical grid (depth) point.

MLD is determined based on a finite difference density criterion with a threshold value of Ago=0.03 kg m~ (Montégut
etal., 2004), after calculating potential density of water mass from temperature and salinity Conductivity-Temperature-Density
(CTD) observations. Vertical velocity, w, is assigned as zero because it is very weak in the surface waters of the study site (see
3.1), and materials are transported vertically mostly by diffusion. The vertical eddy diffusivity scheme treats the rapid vertical
mixing in the surface boundary layer by homogenizing model state variables instantaneously in the mixed layer by averaging
their values at every time step. Thus, K: value above MLD is not required, and only K- below MLD is calculated as follows:

K:(z) = Ko x exp{ —a x (z—MLD) } 2)
where z is depth (m) below MLD, Kxis the vertical eddy diffusivity at the bottom of the mixed layer (1.1 x 10* m?s™") (Klinck,
1998; D. A. Smith et al., 1999), and « is 0.01 (m™).
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Daily surface downward solar radiation flux (National Centers for Environmental Prediction reanalysis daily
averages) is used to calculate sea surface PAR. PAR is estimated as 46% of the total solar radiation (Pinker & Laszlo 1992,
Kirk 1994). The attenuation of PAR as a function of depth is calculated as follows:

PAR (z) = PARo x exp{ —(kw + ke x CHL) x z } ?3)
where z is depth (m), PARo is PAR level at sea surface (W m™), ki is the attenuation coefficient for seawater (m™), k. is the
attenuation coefficient for Chl ((mg Chl)! m?), and CHL is the Chl concentration (mg Chl m™).

Sea ice conditions in the coastal WAP do not necessarily represent solely local temperature and climate conditions,
given that sea-ice concentration can be impacted by temperature, mixed layer, heat fluxes, regional winds, and other physical
processes (Saenz et al. in review). We implement a sea-ice model scheme to account for light transmission through sea ice (5%
of incident irradiance, a typical transmittance value used in the Community Earth System Model) and non-linearities in the
photosynthesis-irradiance (P-I) response under partial ice concentration (Long et al. 2015), using percent daily sea-ice
concentration data (GSFC Bootstrap versions 2/3, derived from SMMR/SSMI satellite temperature brightness data binned into
25 by 25 km grid cells). In many previous models, the light-limitation term L(J) is calculated as a function of mean irradiance
1 averaged over both ice-covered and open-water conditions, so £(7); instead we compute the mean of light-limitation term
(L(D)) as a function of fractional sea ice and open water and incident irradiance:

L(I) = PY/Pmax= 1 — exp(-1/I) @)

L) = fi x L) + fo x L(L) (5)
where PC is the C-specific photosynthetic rate (d!), P<uux is the maximum photosynthetic rate (d!), Ik is the parameter
describing the light-saturation behaviour of the Pl-curve (W m), I, is the open-water irradiance, /; is the under-ice irradiance

(i.e., 1 =0.05 x ), fi is the fraction of area covered with sea ice, and f, is the fraction of open water (i.e., fo =1 —fi).
2.4 Variational data assimilation

The WAP-1D-VAR model v1.0 is equipped with a built-in data assimilation scheme based on a variational adjoint
method (Lawson et al., 1995). By objectively optimizing model parameters, the assimilation method generates optimal
solutions of the model that minimize model-observation misfit (Friedrichs, 2001; Spitz et al., 2001; Ward et al., 2010). Initial
guesses of the model parameters (total of 72 free or optimizable parameters, Table 2) are assigned based on literature values,
or estimated directly using a subset of the observations. The data assimilation scheme (Figure 2) consists of four steps (Glover
etal., 2011): 1) starting with an initial guess of the model parameter set, the model is integrated forward in time from specified
initial conditions to calculate the difference between the model simulation and the field data, the model-observation misfit
(i.e., cost function; see 2.5); 2) an adjoint model constructed using the Tangent linear and Adjoint Model Compiler
(TAPENADE) is integrated backward in time to compute the gradients of the total cost with respect to the model parameters;
3) the computed gradients are then passed to a limited-memory quasi-Newton optimization software M1QN3 3.1 (Gilbert &
Lemaréchal, 1989) to determine the direction and optimal step size by which the model parameters need to be modified in
order to reduce the total cost; and 4) a new forward in time simulation is conducted using the new set of modified parameters.
These procedures are conducted in an iterative manner until the pre-set convergence criteria are satisfied to ensure that the
optimized parameters converge and the total cost reaches a local minimum. The pre-set convergence criteria include the low
gradients (sensitivity) of the total cost function with respect to model parameter from optimization and positive eigenvalues of
the Hessian matrix. See Supplementary Material of Luo et al. (2010) for more details.

When computed at the minimum of the cost function value, the inverse of the Hessian matrix provides the
uncertainties of optimized parameters, cross-correlations among parameters and sensitivities of the total cost to each parameter
(Matear, 1996; Tziperman & Thacker, 1989). High off-diagonal values in the inversed Hessian matrix indicate highly cross-
correlated model parameters, and one of the highly cross-correlated parameters is therefore removed from the optimization.
The square root of a diagonal element in the inversed Hessian matrix is the logarithm of the relative uncertainty of the
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corresponding optimized parameter (i.e., o). An optimized parameter with oy larger than 50% is updated but removed from the
next optimization cycle, while the optimized parameter with gr smaller than 50% is updated and kept for the next optimization
cycle. We define the optimized parameters with gr smaller than 50% as ‘optimized’ parameters and the optimized parameters
with oy larger than 50% as ‘updated parameters’, with the former and the latter reported with and without their error ranges,
respectively (Table 2). In other words, both changed parameters consist of an optimized model parameter set, but the
parameters reported with their error ranges are the ones optimized with relatively small errors and therefore considered
constrained. The absolute uncertainty of the constrained parameter is calculated as ps x exp(+ay) where pr is the value of the
optimized parameter. (Table 20).

2.5 Cost function

To represent a misfit between observations and model output, a total cost function is defined as follows (Luo et al.,

2010):
M 1 Nm am,n —Amn \2
T B B (Rt ©)
m Om
where m and n represent assimilated data types and data points, respectively, M and N» are the total number of assimilated
data types and data points for data type m, respectively, o,, is the target error for data type m, am» is observations, and a,, , is
model output. Given the high biological productivity of the WAP waters and the approximate log-normal distribution of many
marine biological variables, the base-10 logarithms of Chl and primary production (PP) are used in the cost function calculation
to capture phytoplankton dynamics (Campbell, 1995; Glover et al., 2018). The target error is calculated for each data type as:
Op =0y, xCV, 6)

where @,,,, is the climatological mean of the observations and CV,,, is the coefficient of variation (CV) of the observations of
each data type in the mixed layer (due to observational error and seasonal and interannual variations) over 2002-2003, 2003-
2004, 2004-2005, 2005-2006, 2006-2007, 2008-2009, 2009-2010, 2010-2011, and 2011-2012 period (for growth seasons’
relatively complete data coverage for modelling purposes). The standard deviations are used as target errors of the log-
converted data types. The CV of the log-converted data type is estimated as the average of + 1 standard deviation in log space
converted back into normal space (Doney et al., 2003; Glover et al., 2018). Hereafter, we present the total cost normalized by
M (J equivalent to J/M hereafter) as it indicates the model-observation misfit equivalent to a reduced Chi-square estimate of
model goodness of fit. We report the normalized total cost J along with normalized costs of individual data types (Jm)
throughout this article. /= 1 indicates a good fit from optimization, J >>1 indicates a poor fit or underestimation of the error
variance, and J <<I indicates an overfitting of the data, fitting the noise, or overestimation of the error variance.

3 Model experiments

3.1 Modelling framework

To examine the applicability of the WAP-1D-VAR model v1.0 to the coastal WAP region, we selected a nearshore
Palmer LTER water-column time-series station, Station E (64.77°S, 64.05°W), as the modelling site, that is situated
approximately 3 km south of Palmer Station and 6.5 km northeast of the head of Palmer Deep (Sherrell et al., 2018). Physical
forcing (Figure 3) and data types assimilated were derived from roughly semi-weekly physical, chemical and biological
profiles collected from small boat via a profiling CTD and discrete water samples at Station E. When weather and ice conditions
permitted, water column sampling at the station was conducted twice a week over the growth season since 1991. Seven upper-
ocean layer depths (2.5, 10, 20, 30, 40, 50 and 60 m) were chosen for the model vertical grids. Given that routine observations
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of Palmer LTER were conducted over the growth season (October - March), we simulated one example growth season with
the most complete data coverage, from October 2002 to March 2003 (2002-2003 growth season hereafter), instead of a series
of different growth seasons in a continuous manner. The example growth season simulations utilized that year’s specific
observed physical forcing fields and assimilated biological and biogeochemical observations. In other words, each Palmer
LTER growth season would have its own unique optimized parameter set, as well as initial conditions and physical forcing
that together determine the model solution for that year; however, only 2002-2003 growth season simulations are modelled in
the present study for model analysis and evaluation.

3.2 Initial and boundary conditions

Model initial conditions were prescribed 135 days before the model start date for the growth season (October 15,
2002), so on June 1, 2002. This 135-day spin up was conducted to minimize the impact of initial conditions on the model
output over the growth season. Initial conditions were prepared by first generating an optimized model simulation of the full
growth seasonal cycle forced by climatological physics and assimilated with climatological observations (i.e., climatological
model; using climatological physics and observations averaged over 2002-2003, 2003-2004, 2004-2005, 2005-2006, 2006-
2007, 2008-2009, 2009-2010, 2010-2011, and 2011-2012 period). Due to strong interannual variability in the phytoplankton
bloom phenology at Palmer Station, averaging across all these 9 years did not reflect distinct seasonal phytoplankton peaks,
leading to underestimated phytoplankton values (not shown). To capture this non-linear aspect of the coastal WAP system, we
constructed the climatological year by applying a single time shift to all variables so that a seasonal PP peak of each year lined
up with an average date of seasonal PP peaks from all years. Most biological initial conditions on June 1 were close to zero
given the lack of active physiological processes in the very low light and the presence of sea ice during wintertime before the
model growth season started. All the data types were set to zero at the lower boundary (bottom) except for NO3, PO4, SDOC,
SDON, and SDOP in which the climatological values at 65 m were used for lower boundary values (25.9 mmol m, 1.9 mmol
m, 6.5 mmol m>, 0.6 mmol m*, and 0.03 mmol m™, respectively).

3.3 Assimilated data

We included data types directly related to corresponding model outputs, including a mix of ecosystem stocks or state
variables — NOs, PO4, Chl for diatoms and cryptophytes, bacterial biomass, microzooplankton biomass, SDOC, POC, and PON
as well as C flows among model stocks — bulk net PP and bacterial production (BP). The data were sampled semi-weekly at
Palmer Station E (64.77°S, 64.05°W), the same location where our model was set up, and were downloaded from the Palmer
LTER data website (see Availability of Data and Model Simulations). The distinction between diatoms and cryptophytes was
established by assimilating phytoplankton taxonomic-specific Chl data for diatoms and non-diatom species derived from a
High-Performance Liquid Chromatography (HPLC) and CHEMTAX analysis (Schofield et al., 2017), but given cryptophytes
being the second dominant species in the water samples they are considered to represent non-diatom species. Given that
POC(N) from bottle filtration might capture both living biomass and detrital material, we adjusted the observed POC(N) by
subtracting phytoplankton and bacterial C(N) biomass to estimate the detrital pool, in order to only include non-living particles
to detrital pool. When phytoplankton or bacterial biomass data were not available, we assigned climatological (2002-2003 to
2011-2012) fractions of POC(N) to detrital pool. Phytoplankton- and bacterial biomass accountd for 74% of total POC and
71% of total PON. In converting Chl to phytoplankton C(N) biomass, the maximum Chl/C(N) ratio submitted for optimization
was used along with other reference ratios (Table 2). Microzooplankton biomass data were not available for the full time-
series, so microzooplankton biomass data from grazing experiments at Palmer Station (L. M. Garzio et al., 2013) were
assimilated to at least provide constraints on bacterial and cryptophyte grazing processes. However, due to the discrepancy in
the timing and location from model simulations of this study, the microzooplankton model-observation misfits were not
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examined in the present study. Krill biomass data were not assimilated due to the strong patchiness of their distribution that
might hinder proper model optimization. The vertical profiles of most of the data types were assimilated, whereas average NO3
and PO4 concentrations in the mixed layer were assimilated due to the difficulty of simulating depth-dependent nutrient
concentrations and the fact that net PP was mostly determined by surface nutrient concentrations (Luo et al., 2010). BP (mmol
C m d!) was derived from the *H-leucine incorporation rate (pmol 1" h!) data using the conversion factor of 1.5 kg C (mol
leucine)! incorporated (H. W. Ducklow, 2000). Bacterial biomass (mmol C m™®) was estimated from bacterial abundance
measured by flow cytometry with the conversion factor of 10 fgC cell! (Fukuda et al., 1998). SDOC was calculated by
subtracting the background concentration (41.2 mmol m™ for the modelling site) from total DOC concentration.

3.4 Uncertainty analysis

Uncertainties of the optimized parameters were computed from a finite difference approximation of the complete
Hessian matrix (i.e., second derivatives of the cost function with respect to the model parameters) during the iterative
optimization process. We then conducted Monte Carlo experiments to calculate the impact of the optimized parameter
uncertainties on the model results. We created an ensemble of parameter sets (N = 1,000) by randomly sampling values within
the uncertainty ranges of the constrained parameters, and then performed a model simulation using each parameter set. 1,000
Monte Carlo experiments were shown to be adequate from a series of tests with different numbers of Monte Carlo sampling
(N = 500-2,000), where standard deviations of model simulated values converged after >1,000 Monte Carlo sampling (not
shown). All uncertainty estimates were calculated following standard error propagation rules and presented as = 1 standard
deviation in the article.

4 Results and discussion

4.1 Model skill assessment

In the case of the example growth season modelled in the present study (2002-2003 growth season), the iterative data
assimilation-parameter optimization procedure reduced by 80% the misfits between observations and model output compared
to the misfits with the initial guess parameters (Table 1). The optimized model solution also satisfied the pre-set convergence
criteria, with the low gradients of the total cost with respect to the optimized parameters and positive eigenvalues of the Hessian
matrix. Overall, there was a good model-data fit with largely decreased cost for each data type after optimization (Table 1).
There were three data types (NO3, diatom Chl, and bacterial biomass) that indicated a good fit from optimization, with their Jr
near 1, while none of the data types indicated a poor fit, or underestimation of the error variance. The average error or bias
(&pias) Was calculated to evaluate the model over- or underestimation of the observations (Doney et al., 2009; Stow et al., 2009).
&pias Indicated negative biases (i.e., model underestimation of the observations) for NOs, diatom Chl, cryptophyte Chl, bacterial
biomass, SDOC, POC, and PON, while positive biases (i.e., model overestimation of the observations) for PO4, PP, and BP
(Table 1). Some of these model biases cases were evidently shown on a point-to-point basis, especially for POC and PON
(Figure B1). Model skill was further evaluated with a Taylor diagram (Taylor, 2001) summarizing the statistics of the
correlation coefficient, normalized standard deviation (by the standard deviation of the observations), and centred (bias
removed) root-mean-square difference (RMSD) for each data type (Figure 4). There were five data types with relatively high
correlation coefficients (r > 0.5) and five data types with relatively low correlation coefficients (r < 0.5). The data types with
relatively high correlation coefficients tended to have relatively low centred RMSD and vice versa. Together, the model fitted
average observations slightly better than the seasonal- and spatial (vertical) variability, given that the changes in the phase and
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relative amplitude of the modelled variables relative to observations were not always strongly similar, despite small absolute
model-observation differences for most data types.

4.2 Optimized parameters

Among the total of 72 optimizable model parameters, subsets of 14 (5 optimized and 9 updated) parameters changed
compared to their initial guess values (Table 2). The number of the optimized parameters in the present study was small and
comparable to the results from optimization of other regional test-bed models (Friedrichs, 2001; Friedrichs et al., 2006, 2007,
Luo et al., 2010). This is consistent with the general behaviour of marine plankton ecosystem models, in which well-posed
model solutions would be found with only a subset of independent model parameters due to many cross-correlated parameters
inherent in nonlinear model equations (Fennel et al., 2001; Harmon & Challenor, 1997; Matear, 1996; Prunet, Minster,
Echevin, et al., 1996; Prunet, Minster, Ruiz-Pino, et al., 1996). Ecosystem models with a relatively large number of
unconstrained parameters (i.e., optimized parameters with high uncertainties, or updated parameters in the present study) might
reduce total costs to a greater extent, but could possess low predictive skill as a result of being over-tuned to fit noise in the
observations (Friedrichs et al., 2007).

The optimized model results at each model time step and grid were associated with generally small errors derived
from the Monte Carlo experiments (Figure B2). To examine the translation of optimized parameters to altered functioning of
the WAP biogeochemical processes, we compared two different sets of the model simulation results — one based on the
initial guess parameters (i.e., before optimization; Figure B3) and the other based on the optimized parameters (i.e., after
optimization; Figure 5, Figure B2). However, due to the non-linearities in the model it was not straightforward to identify
what caused the parameter variations, except for a few cases in which the changes in the parameter values were clearly
linked to the difference in the model results. One case was the relation of optimized @ (maximum Chl/N ratio, g Chl a (mol
N)™!) value to phytoplankton accumulations slightly more dominated by diatoms. The variations of ® are fundamentally
driven by an imbalance between the rate of light absorption and energy demands for photosynthesis and biosynthesis in
phytoplankton cells (R. J. Geider et al., 1997). @ can also change because of variations in phytoplankton photo-acclimation
or physiological differences across phytoplankton groups, from a lower @ value for smaller species to a higher @ value for
larger diatom cells (Richard J. Geider, 1987). In our case, ©® was optimized to a value that is 10% higher than its initial guess
value (Table 2), in order to simulate a relatively larger (smaller) proportion of diatoms (cryptophytes) in total phytoplankton
biomass. uxr (maximum krill C-specific growth rate, d!) was optimized to about 2 times larger value than its initial guess
value (Table 2), which resulted in larger krill accumulations in the optimized model results (Figure 5), compared to the
unoptimized model results (Figure B3). By contrast, the remaining cases of the other parameters is less clear because the
first-order impact of parameter variations on model results is less direct and more nuanced. Compared to the unoptimized
results (Figure B3), diss (detrital dissolution rate, d') was optimized to 5 times smaller value relative to its initial guess value
(Table 2), but overall there was decreased detrital accumulation in the optimized results (Figure 5) due to increased POC
production by cryptophytes, microzooplankton, and krill in the optimized results (not shown). Similarly, compared to the
unoptimized results, increased ap4 (initial slope of P-I curve of diatoms, mol C (g Chl)"' d"' (W m?)™"), gp4 (diatom half-
saturation concentration in microzooplankton grazing, mmol C m), and g ’p4 (diatom half-saturation concentration in krill
grazing, mmol C m™) did not necessarily lead to increased diatom accumulations, due to increased uyz (microzooplankton
C-specific maximum growth rate, d"!) and uxz (maximum krill C-specific growth rate, d!). The three other cases were
similarly interpreted: 1) The decreased acr (initial slope of P-I curve of cryptophytes mol C (g Chl)! d! (W m2)!) and
increased puz (microzooplankton C-specific maximum growth rate, d!), despite increased gcr (cryptophytes half-saturation
concentration in microzooplankton grazing, mmol C m), generated smaller cryptophyte accumulations in the optimized
results; 2) the increased 7ux z4c (bacterial maximum active respiration rate, d™!') and uz (microzooplankton C-specific
maximum growth rate, d'!), despite increased usz4c (maximum bacterial growth rate, d'!) and gzac (bacterial half-saturation
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concentration in microzooplankton grazing, mmol C m), generated smaller bacterial accumulations in the optimized results;
and 3) the increased uuz (microzooplankton C-specific maximum growth rate, d!) and guz (microzooplankton half-
saturation concentration in krill grazing, mmol C m™), despite increased pxr (maximum krill C-specific growth rate, d') and
3z (microzooplankton active respiration rate, d!), generated larger microzooplankton accumulations in the optimized
results.

4.3 Ecosystem indices

We examined key ecosystem indices for the modelled year, including NPP (directly comparable to '“C-PP
observations), net community production (NCP; i.e., NCP = NPP — bacterial-, microzooplankton-, and krill respiration), BP
integrated over the 60-m water column, and POC export (sinking) flux at 60-m (Figure 6, Figure B5). NPP increased after
complete sea-ice retreat, but a brief ice-edge bloom was simulated under sea ice at the beginning of the growth season (Figures
3, 6). Seasonal patterns of NCP resembled those of NPP and occasionally fell below zero (Figure 6), indicating the net
heterotrophy in subsurface waters. The depth-integrated NCP time series was moderately correlated to that of NPP over the
growth season (r = 0.78, p <0.001). The POC export flux increased over time and reached the maximum values at the end of
the growth season (Figure 6). The depth-integrated POC export flux was also moderately correlated to that of NCP, with the
POC export flux lagged by 15 days (r = 0.51, p <0.001). The depth-integrated BP showed a similar seasonal pattern with and
strongly correlated to that of NPP (Figure 6), with BP lagged by 2 days (r = 0.94, p <0.001). The growth-season mean of the
depth-integrated NPP, NCP, BP, and POC export flux at 60 m were 62 + 17 mmol C m?d!, 17.3 £ 19.6 mmol C m>d*, 1.7
+0.45 mmol C m2d!, and 4.7 + 4.6 mmol C m2d! (errors propagated from season-averaging in Figure 6 and Monte Carlo
errors in Figure B5). The mean e-ratio, defined as the growth-season mean of the time-lagged (by 15 days) POC export flux
divided by the annual mean NPP (i.e., particle export efficiency), was 0.08 + 0.06. The mean f-ratio, defined as the amount of
NOsuptake divided by the amount of NOs and NHa4 uptake both, was 0.66 + 0.18 (errors propagated from season-averaging in
Figure 7 and Monte Carlo errors in Figure B5). The mean BP/NPP ratio (also with time lagged BP by 2 days) was 0.03 £ 0.002
(errors propagated from season-averaging in Figure 6 and Monte Carlo errors in Figure B5).

Setting an upper limit for lateral or vertical carbon export from the euphotic zone (Dugdale & Goering, 1967), over
appropriate time and space scales, NCP is quantitatively equivalent to new production that is supported via external sources
of nitrogen (Hugh W. Ducklow & Doney, 2013). The higher mean f-ratio relative to the mean e-ratio in the present study
implied an imbalance between production and export at the study site, at least during the modelled period. Excess new
production relative to export production (as derived from sediment traps and >**Th disequilibrium; see Ducklow et al. 2018)
was previously observed in the WAP, presumably due to diel vertical migration, DOM export, lateral export, and diffusive
loss of PON via diapycnal mixing (Stukel et al., 2015). Stukel et al (2015) reported up to 5 times larger new production via
NOs uptake than export production via Th-based N export along the coastal WAP. There would be several additional
mechanisms driving the discrepancy between production and export. First, given that the assimilated pool of suspended POC
in the model formulation would not be a good indicator of a rapidly sinking detrital pool dominating particle export, our WAP-
1D-VAR model did not capture large, short-lived particle flux events (e.g., fecal pellets produced by a large swarm of krill),
underestimating POC export flux. Second, the WAP-1D-VAR model export scheme did not consider DOC export that would
have lowered the production-export discrepancy. Finally, it should be noted that RDOC was not explicitly modelled in the
WAP-1D-VAR, due to its much longer time scale than the model time scale, so accumulated and not-exportable RDOC pool
would have contributed to derivation of the modelled e-ratio from the modelled f-ratio. Indeed, the modelled mean e-ratio in
the present study situated at the lower end of the range of the e-ratios measured or estimated in the WAP waters (Hugh W.
Ducklow et al., 2018; Sailley et al., 2013; Stukel et al., 2015; Weston et al., 2013). By contrast, the modelled mean BP/NPP
ratio corresponded well to the estimates from other measurement- and observation-based studies (Hugh W. Ducklow et al.,
2012; Kim & Ducklow, 2016). Relatively low bacterial activity in productive Antarctic waters, typically reflected as a low
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BP/PP ratio, has been attributed to low LDOM availability for bacterial growth (Kirchman et al., 2009), low temperature
(Pomeroy & Wiebe, 2001), or top-down control via grazing and viral lysis (Bird & Karl, 1999).

4.4 Average C stocks and flows

We summarized the growth-season means of the C stocks and flows in the entire food web (Figure 7). The WAP-1D-
VAR model captured several key WAP ecological and biogeochemical features, including the lack of macronutrient limitation
(NOs and PO4 drawdown by phytoplankton utilization but remaining well above their half-saturation constants, Table 2) and
comparable values of the assimilated and non-assimilated model state variables (Hugh W Ducklow et al., 2007; Hugh W.
Ducklow et al., 2012, 2018; Kim et al., 2016; Moline et al., 2008; R. C. Smith et al., 2008), providing confidence in the model
simulations even for a non-assimilated data type such as krill. For instance, growth-season measurements in 2017-2018 at
Palmer Station showed a strongly patchy krill distribution, with the mean biomass of 0.12 = 0.04 mmol C m~ and maximum
biomass of 0.57 mmol C m™ when krill were present (unpublished data provided by J. Conroy and D. Steinberg), falling in the
range of the modelled krill biomass values (0.13 = 0.06 mmol C m?; calculated from Figure 7). The WAP-1D-VAR model
also simulated several important ecosystem metrics comparable to other statistical modelling studies. For instance, the
modelled phytoplankton seasonal patterns in the present study were consistent with physicochemical attributes revealed by a
distinct ecological seascape pattern in the coastal WAP (Bowman et al., 2018), including low Chl and high nutrients in the
first half of the growth season followed by high Chl and low nutrients in the second half of the growth season. A steady-state
solution based, inverse modelling study quantified different food-web states using ecosystem network indices from Palmer
LTER annual summer cruises along the WAP shelf region (Sailley et al., 2013). Their network indices included the ratio of C
export to total PP (i.e., equivalent to e-ratio in the present study) and the ratio of recycling (the sum of flows into respiration
and DOC pool) to total PP, where more (less) recycling favourable microbial food-webs were characterized by greater (smaller)
ratios of recycling to total PP and smaller (greater) ratios of total C export to total PP (Legendre & Rassoulzadegan, 1996). As
discussed above, the modelled mean e-ratio in the present study was smaller than the estimates in the inverse modelling study
for the WAP shelf region (Sailley et al., 2013), but consistent with their conclusion on the food-web status of the modelled
growth season (2002-2003) positioned on the microbial food-web side. The discrepancy in the e-ratio values between the
present study and Sailley et al. (2013) might be attributed to fundamentally different model formulation (i.e., time-evolving
modelling versus steady-state modelling) and optimization approach, or due to relatively strong microbial food-web activity
at our coastal site compared to the shelf region. Microbial food-web activity can be approximated by quantifying the amount
of fixed C flowing through heterotrophic bacteria (Carlson et al., 1999; del Giorgio & Cole, 1998; H. W. Ducklow, 2000;
Hugh W. Ducklow et al., 2012). According to this approach, microbial food-web activity from the optimized model results
was around 26 £ 9%, calculated as the ratio of bacterial L- and SDOC uptake to PP (mean + error from season-averaging and
Monte Carlo errors in Figure 7). SDOC appeared be an important bacterial C source when LDOC became scarce as the growth
season progressed (Figure 5), and on average, supported 19 + 7% of the total bacterial C uptake, or C demand (mean =+ error
from season-averaging and Monte Carlo errors in Figure 7). Indeed, several observational studies speculated that the WAP
bacteria utilize SDOM in short of LDOM (Hugh W. Ducklow et al., 2011; Kim & Ducklow, 2016; Luria et al., 2017).

5 Summary

We developed the WAP-1D-VAR v1.0 model, a one-dimensional variational data assimilation model specific to the
coastal WAP region, evaluated the model performance and robustness using a variety of quantitative metrics, and discussed
the model applicability with regard to capturing the key WAP ecological and biogeochemical features using the data from an
example growth season, 2002-2003. The data assimilation scheme significantly reduced the model-observation misfits via the
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optimized model parameter set that adjusted the simulation to better match the Palmer LTER observations in 2002-2003. We
also explored the nuanced question of how the observations influenced the data assimilation process, drove the variations in
optimized parameter values relative to their corresponding initial guess values, and affected the resulting model simulations.
The WAP-1D-VAR model successfully simulated the variables and flows that were not assimilated in the model simulations,
with the values consistent with other measurement- and observation-based studies in the WAP. Importantly, the data
assimilation scheme enabled the available observational data to constrain processes that were poorly understood, such as the
partitioning of NPP by different phytoplankton groups, the optimal Chl/C ratio of the WAP phytoplankton community, and
the partitioning of DOC pools with different lability. Up to this point, a range of observational studies has provided snapshots
of ecosystem and biogeochemical processes in the WAP. Yet, we have little understanding of the driving processes that
underlie the connections between each component in complex food-web interactions. We used data-assimilative modelling to
glue these snapshots together to explain better the observed dynamics and further understand the previously poorly constrained
processes in the coastal WAP system.
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Figure 1. Ecosystem model. The model is forced by five different physical forcing, denoted as a horizontal row across the
top of the schematic. The ecosystem component incorporates eleven different prognostic state variables.
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Figure 2. Variational data assimilation. A variational adjoint scheme is employed for the parameter optimization and data
assimilation processes (adapted from Glover et al., 2011). Gradient: the sensitivity of the total cost function with respect to
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Discussions

Figure 3. Physical forcing. Physical forcing used in the model, including surface PAR (a), sea ice concentration (b), water
temperature (c), and vertical eddy diffusivity (d) overlaid with MLD (dash line) in the modelled growth season.
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Figure 4. Model validation. A Taylor diagram using a polar-coordinate system summarizing the model-observational

correspondence for each model stock and flow for the modelled growth season. The angular coordinate for the Pearson

correlation coefficient (r), the distance from the origin for the standard deviation normalized by the standard deviation of the

observation, and the distance from point (1,0), marked as REF on x-axis, for the centred (bias removed) root-mean-square
545 difference (RMSD) between model results and observations.
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Figure 5. Model state variables. The model state variables for the modelled growth season (x-axis; month/day). The error
(standard deviation) of each model state variable from the Monte Carlo experiments (N = 1,000) is available in Figure SX.
Note different contour scales among panels. opt. as the optimized model output.
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Figure 6. Model ecosystem indices. The key ecosystem indices for the modelled growth season (x-axis; month/day). NPP:
net primary production, NCP: net community production, C export flux: particulate organic carbon (POC) export flux, and
BP: bacterial production. The error (standard deviation) of each rate process from the Monte Carlo experiments (N = 1,000) is
available in Figure B5. Note different contour scales among panels. opt. as the optimized model output.
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Figure 7. Mean carbon stocks and flows. Depth-integrated (0-60 m) C stocks (mmol C m?), flows (mmol C m3 d!), and
POC export flux at 60-m (mmol C m? d') averaged over the modelled Austral growth season (October-March). Values in
parentheses as errors propagated from season-averaging and depth-integration of the Monte Carlo errors.
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Table 1. Data types, observed means, coefficient of variation, target errors, and costs before and after optimization.
The observed mean (@), coefficient of variation (CV), and target error (o) of each assimilated data type used for calculating
the cost function before and after optimization. Jo is the normalized cost function before optimization and Jr is the normalized
cost function after optimization (Eq. 5-6). Data type units: mmol m™ for NO3, PO4; mmol C m™ for microzooplankton biomass,
diatom Chl, cryptophyte Chl, bacterial biomass, SDOC, and POC; mmol N m™ for PON; and mmol C m d! for PP and BP.
The average error or bias (&pias) is calculated from Stow et al. (2009), where a positive value indicates the model overestimation
of the observation and vice versa.

Data types n a Cv o Jo Jr Ebias
NOs 75 21.54 0.04 0.80 0.76 1.01 -35.86

PO4 75 1.43 0.03 0.05 0.54 0.39 0.36

logio diatom Chl 86 -0.07 0.20 0.08 5.47 1.05 -0.75
logio crypto. Chl 86 -0.27 0.24 0.10 4.34 0.43 -0.59
logi0PP 92 1.30 0.50 0.21 0.88 0.42 14.16
Bacterial biomass 55 0.44 0.08 0.04 9.03 1.17 -0.96

BP 55 0.05 0.16 0.01 0.35 0.26 0.65
SDOC 55 11.39 0.20 2.30 0.68 0.75 -45.23
POC 91 19.78 0.13 2.58 0.50 0.45 -22.17

PON 91 2.66 0.12 0.32 0.67 0.64 -3.49

Total cost function 23.21 6.57

22



580

585

https://doi.org/10.5194/gmd-2020-375
Preprint. Discussion started: 4 February 2021
(© Author(s) 2021. CC BY 4.0 License.

Table 2. Summary of model parameters. Summary of the model parameter symbol and definition, initial guess (po) and
optimized values (py) for optimizable parameters, the cost function gradient with regard to the optimized parameter (8.J/0p),
and prescribed values for fixed model parameters over the course of simulations. The parameter with ‘n/a’ in the parenthesis
is an updated parameter, while the parameter with values in the parenthesis is an optimized parameter with its upper and lower

bounds in the parenthesis. The uncertainties for these upper and lower bounds are calculated as: py x ¢ where pyis the value
of the optimized parameter and oy is the square roots of diagonal elements of the inverse of the Hessian matrix. The cost
function gradient with regard to the optimized parameter (6.J/0p) after data assimilation defined as: AJ/e®” where e*? = Ap for
an infinitely small Ap. For example, a 10% change of a parameter (Ap = 10%) leads to a total cost change equivalent to 10%

of the corresponding gradient.

Model parameter symbol and definition (optimizable) Do Dr oJlop
Ag, Arrhenius parameter for temperature function 4000 - -7.8
Up4, Diatom C-specific maximum growth rate, d! 3.5 - 6.5
Licr, Crypto. C-specific maximum growth rate, d'! 3.0 - 1.2
apa, Initial slope of P-I curve of diatoms, mol C (g Chl)! d"! (W m?)’! 0.24 0.40 (n/a) <-0.1
ac, Initial slope of P-I curve of crypto., mol C (g Chl)"! d! (W m?)’! 0.12 0.05 (n/a) 1.6
Bpa, Light inhibition parameter for diatom photosynthesis (W m2)! 0.005 | - 2.1
Bcr, Light inhibition parameter for crypto. photosynthesis (W m™2)! 0.005 | - -0.67
Vrerpa, Maximum N uptake rate per diatom C biomass, mol N (mol C)! d! 0.5 - 0.10
Vrer cr, Maximum N uptake rate per crypto. C biomass, mol N (mol C)! d! 0.3 - <0.1
kM p,, NHy half-saturation concentration for diatom uptake, mmol m™ 0.1 - 0.91
kM g, NH4 half-saturation concentration for crypto. uptake, mmol m™ 0.1 - 0.31
kN9 p,4, NO; half-saturation concentration for diatom uptake, mmol m™ 1.0 - -0.91
kN9 g, NO; half-saturation concentration for crypto. uptake, mmol m™ 0.6 - -0.31
VP rer.p4, Maximum P uptake rate per diatom C biomass, mol P (mol C)-! d-! 0.03 - -0.57
VP rer.cr, Maximum P uptake rate per crypto. C biomass, mol P (mol C)! d-! 0.03 - -0.13
k%14, PO4 half-saturation concentration for diatom uptake, mmol m- 0.05 - <0.1
kP9 cr, POy half-saturation concentration for crypto. uptake, mmol m- 0.04 - <0.1
V93, C requirement (respiration) to assimilate NO3, mol C (mol N)'! 2.0 - -1.3
©, Maximum ChI/N ratio, g Chl a (mol N)’! 2.9 3.16 (n/a) 1.6
expsy.p4, Diatom passive excretion rate per biomass, d-! 0.05 - -0.54
expsy.cr, Crypto. passive excretion rate per biomass, d-! 0.05 - 1.0
exacr.p4, Diatom active excretion rate per growth rate, d-! 0.05 - -0.11
exacr.cr, Crypto. active excretion rate per growth rate, d! 0.05 - 0.18
pomps, POM production rate by diatom aggregation, (mmol C m3)-'d"! 0.04 - -1.0
pomcg, POM production rate by crypto. aggregation, (mmol C m~)-'d"! 0.03 - -0.56
kP9C¢, DOC half-saturation concentration for bacterial uptake, mmol C m 0.65 - -0.24
rspom, Parameter controlling SDOM lability 0.005 | - 0.31
Upac, Maximum bacterial growth rate, d-! 2.0 5.17 (n/a) 0.96
br pac, Parameter control bacterial active respiration rate versus production, (mmol C m=3d")! | 0.015 | - 0.44
ex4pypac, Bacterial extra SDOC excretion rate, d! 2.0 - <0.1
remipac, Bacterial nutrient regeneration rate, d°! 6.0 - 0.26
exrerr pac, Bacterial RDOC production rate, d! 0.017 - 4.3
s, Bacterial selection strength on SDOM 0.25 - <-0.1
854c, Bacterial basal respiration rate, d! 0.0127 | - 0.90
7 minac, Bacterial minimum active respiration rate, d-! 0.035 | - <-0.1
7 max.p4c, Bacterial maximum active respiration rate, d-! 0.58 0.89 (0.88-0.90) | <0.1
mortgac, Bacterial mortality rate, d”! 0.02 - 4.6
Lz, Microzoo. C-specific maximum growth rate, d*! 2.5 6.30 (n/a) <-0.1
gp4, Diatom half-saturation concentration in microzoo. grazing, mmol C m 1.0 1.28 (1.15-1.42) | <0.1
g ’p4, Diatom half-saturation concentration in krill grazing, mmol C m" 1.0 3.65 (n/a) 0.15
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gcr, Crypto. half-saturation concentration in microzoo. grazing, mmol C m-3 1.0 1.83 (1.60-2.09) | <0.1

gpac, Bacterial half-saturation concentration in microzoo. grazing, mmol C m 0.55 5.25 (n/a) -4.3

exuz, Total DOM excretion rate per microzoo. gross growth, d! 0.15 - 1.4

Sfexmz, Fraction of LDOC of total microzoo. DOC excretion 0.75 - 4.1

841z, Mlicrozoo. basal respiration rate, d*! 0.01 - <0.1

11z, Mlicrozoo. active respiration rate, d-! 0.42 0.71 (0.70-0.72) | <0.1

expJmz, Microzoo. extra SDOM excretion rate, d'! 2.0 - 0

remiyz, Microzoo. nutrient regeneration rate, d-! 4.68 - 0.26

pomuz, POM production rate per microzoo. gross growth, d-! 0.027 | - -0.20

kg, Maximum krill C-specific growth rate, d! 1.2 2.11(2.03-2.19) | <0.1
| gumz, Microzoo. half-saturation concentration in krill grazing, mmol C m™ 1.0 0.47 (n/a) <-0.1

exxr, Total DOM excretion rate per krill gross growth, d-! 0.3 - -0.88

fex kg, Fraction of labile DOC of total krill DOC excretion 0.75 - 1.0

rBxg, Krill basal respiration rate, d’! 0.03 - <-0.1

kg, Krill active respiration rate, d’! 0.3 - -0.79

expskr, Krill extra SDOM excretion rate, d! 2.0 - <0.1

remikg, Krill nutrient regeneration rate, d-! 4.0 - <0.1

pomgg, POM production rate per krill gross growth, d! 0.15 - -0.55

exrerr xr, Krill RDOC production rate, d! 0.02 - <-0.1

remvgg, Krill removal rate by higher-trophic levels, (mmol C m?)! d'! 0.78 - 0.59

fxr, Fraction of SDOM production by krill 0.1 - <-0.1
| from.nz, Fraction of POM production by higher-trophic level 0.2 - <-0.1

exrerr.spou, Conversion rate of SDOM to RDOM, d! 9.0E-4 | - 0.10

¢~.rpor, RDOM N/C ratio, mol N (mol C)! 0.05 - 0.40

q%p.rpor, RDOM P/C ratio, mol P (mol C)’! 6.5E4 | - <-0.1

q°~.pous, N/C ratio for POM production by microzoo. and krill, mol N (mol C)! 0.12 - 0.63

q%p.rou, P/C ratio for POM production by microzoo. and krill, mol P (mol C)’! 45E-3 | - -0.31

Ty, Nitrification rate (NHy to NOs), d! 0.076 | - 2.7

prfy, Preference for dissolving N content in POM 1.1 - <-0.1

prfp, Preference for dissolving P content in POM 4.0 - 0.30

wnsv, Detritus vertical sinking velocity, m d! 5.0 - 2.3

diss, Detrital dissolution rate, d'! 0.14 0.03 (n/a) -0.69

Model parameter symbol and definition (fixed) p

T,.s, Reference temperature in Arrhenius function, °C 15

qN.mv.p4, Minimum N/C ratio of diatoms 0.034

qNmax.pa, Maximum N/C ratio of diatoms 0.17

q°n.ror,pa, Reference (Redfield) N/C ratio of diatoms 0.15

¢ p.un.pa, Minimum P/C ratio of diatoms 0.0019

q°p.max.p4, Maximum P/C ratio of diatoms 0.0169

q°p.roF.pa, Reference (Redfield) P/C ratio of diatoms 0.0094

qNn.cr, Minimum N/C ratio of crypto. 0.034

qNmax.cr, Maximum N/C ratio of crypto. 0.17

q°n.roF,cr, Reference (Redfield) N/C ratio of crypto. 0.15

¢ p.uun,cr, Minimum P/C ratio of crypto. 0.0019

¢ p.max.cr, Maximum P/C ratio of crypto. 0.0169

q%p.ror.cr, Reference (Redfield) P/C ratio of crypto. 0.0094

q°n.pac, Reference (optimal) N/C ratio of bacteria 0.18

q%psac, Reference (optimal) P/C ratio of bacteria 0.02

qn.mz, Reference (optimal) N/C ratio of microzoo. 0.20

q°p .1z, Reference (optimal) P/C ratio of microzoo. 0.022

¢Cn.kr, Reference (optimal) N/C ratio of krill 0.20

q“pxr, Reference (optimal) P/C ratio of krill 0.008
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€pa, Grazing limit to the amount of diatoms available for microzoo. grazing, mmol C m**

0.001

€cr, Grazing limit to the amount of crypto. available for microzoo. grazing, mmol C m™

2.949
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Appendix A

1. Temperature effect

Tr =exp{ —Aex (1/T—1/Ty) }

2. Diatom processes

Cellular quota (ratio):
ONpa = Npa/Cpa
04 = Pp4/Cpa
OCcrr,p4 = CHLpA/Cpa
N and P limitation function:
Nipa = (ON.pa — G Numin.04)/(q N.RDF, DA — GENMIN.DA) 0<Nmpa=<1
Prpa = (O°.pa — g°p.vmv,p4)/(qCP.RDF. DA — qCP.MINDA) 0<Ppsa<l
Maximum photosynthesis rate:
PCyax = upax Ty x min(Nyp4, Prp4)
C-specific gross primary production:

Gpa = Cpa x Puax x{ 1— exp(—apa x Qcur x PAR)/Pumax) } x exp(—fp4 x PAR)

Limitation on N and P uptake:
VPax = (g Naax — ONpA)/(g N max — gENrDF) 0< Puux<1
VPiax = (qCp.yax — O°p.04)/(q P sax — qCp.rDF) 0<Vuux <1
N assimilation:
GMpg = Cpa x V¥rerx Ty x VVyuax x{ NH4/(NH4 + K"+ NO3 x kNP/RNO3)
G"%p4 = Cpa x VWeerx Ty x V¥uax x{ NO3/(NO3 + kN3 + NH4 x kNO3/kN)
G"oa = G"p i+ GVOp,
P assimilation:
GP%pa = Cpa x VPrerx Ty x Vyux x{ PO4/(PO4 + k%) }
Chlorophyll production:
Gy = Ox (GNP ps+ GNPpa) x{ G pa /o x CHLpax PAR x exp(-f x PAR) }
Respiration:
RSpa = GNO3p; x (V03
Passive excretion of LDOM:
ECpapoc,psy = expapsy x Cpa
ENpaLpon.psy = expa,psv X Npa
EPparpor,psy = expapsy X Ppa
Active excretion of LDOC:
ECpapocacr = expaact x Gpa
Active excretion of SDOC:
ECpaspocacr= 0.5 x Cpa x max( 1 — ON.pa/q nror.pa, 1= OP.oalq p.RDFDA, 0)
Active excretion of SDON and SDOP (if EXpa,spoc.acr > 0, otherwise 0):
EVpasponacr = 0.5 x 0.25 x Npa x max( 1 — O¥p.palqg p.ror,04/q N rDF.D4, 0 )
EPpasporacr = 0.5 x 0.25 x Pps x max( 1 — O°npalqnror.0a/qg P.ROF,D4, 0 )
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e Partitioning between LDOM and SDOM:
ECparpoc = ESparpocrsy + 0.75 x ESparpoc.acr
ENparpon = ENpaLponpsy
EPparpor = E parpoppsy
ECpaspoc = ECpaspocacr+ 0.25 x ESparpoc.acr
ENpaspon = ENpaspon.acr
EPpaspor = EFpaspop.acr
e POM production by aggregation:
D¢, =pompa x Cpax Cps
D¥ps = Q%.pa x D b4
Dfps = QC.pa x Dpa
Dpy = QCn1p4 x Dp4
e  Grazing by microzooplankton:
GZ pamz= Ty x umz x Cuz
x [ (Cpa— €pa) >/ {(Cpa— epa)* + gpa* + (Ccrypro x gpalgeryrro)* + (Crac x gpalgpac)*} |
GZVpamz = QNpa x GZ pamz
GZ'pamz = Q%o x GZ pamz
GZ M pynz = QCchrpa x GZ pamz
e  QGrazing by krill:
GZ paxr= Ty x uxrx Ckr
x [ Cpa*/{Cps*+ g'pa*+ (Cuzx g 'palgmz)*} |
GZVpakr = Q% pa x GZ pakr
GZpakr = Q%pa x GZ pakr
GZ M pykr = QCcrLpa x GZCpakr
e  The net growth rate equations:

dCpu . ,

o = Gpua — E€paLpoc — E€pa.spoc — Dpa — RCpa — GZpamz — GZ pakr
dNp4

o = G"pa — ENpaLoon — ENpaspon — DVpa — GZVpamz — GZVpakr
dPp4

7 = GPpa— E pa.Loor — EFpaspor — Dpa — GZ payz— GZ pakr
dCHLpa
7 = G, — DCHLp, — GZMpy iz — GZMpy kR

3. Cryptophyte processes

e  Cellular quota (ratio):
O%v.cr = Ncr/Cer
O%.cr = Pcr/Ccr
OCcri,ck = CHLcr/Ccr
e N and P limitation function:
Nicr = (ON.cr — g nmv.cr)(qEN rDE.CR — qEN MIN,CR) 0<Nrer <1
Prcr = (QP.cr — g pan,cr)(qCP.rF,CR — gCP.MIN.CR) 0<Prer<1
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e  Maximum primary production rate:

PCyax = pcr x Ty x min(Nycr, Prcr) (A.3.6)
e  (C-specific gross primary production:
G cr = Ccr % PCyax x{ 1— exp(—acr x QCcrr x PAR)/P uux) } x exp(-Bcr x PAR) (A3.7)
670 e Limitation on N and P uptake:
Pax = (¢ Naax — ONer) (g Nmax — gEnror) 0 < Puux <1 (A.3.8)
VPax = (qpsax — Op.cr)/ (g P.vax — g°p.ROF) 0<Vuux <1 (A.3.9)
e Nitrogen assimilation:
GMcp = Ccr x Vrerx Ty x Vpux x{ NH4/(NH4 + KN+ NO3 x kKNH/ENO3) (A.3.10)
675 G"Pcr= Ccr x VNrer x Ty x VVuax x{ NO3/(NO3 + kN9 + NH4 x KNO3 /M) (A3.11)
GVcr =G er+ GNP (A3.12)
e Phosphorus assimilation:
GP%cr = Ccr x VPrerx Ty x VPuax x{ PO4/(PO4 + kP9%) } (A.3.13)
e Chlorophyll production:
680 GHhcg = O x (GNP cr + GNP cr) x{ GCcr Jax CHLcr x PAR x exp(-fx PAR) } (A.3.14)
e  Respiration:
R€cr= GNP cg x §V0° (A.3.15)
e Passive excretion of LDOM:
ECcrrpoc,psv = excrpsv x Ccr (A.3.16)
685 ENcr Lponpsy = excrpsy X Ncr (A3.17)
EPcripor.psy = excrpsv x Pcr (A3.18)
e Active excretion of LDOC:
ECcripocacr = excract x GCcr (A.3.19)
e Active excretion of SDOC:
690 ECcrspocacr= 0.5 x Ccr x max( 1 — QN.cr/qn.roF.cr, 1— OCp.cr/q p.roF,CR, 0) (A.3.20)
e Active excretion of SDON and SDOP (if EXCcrspoc.acr> 0, otherwise 0):
EVerspovacr = 0.5 x 0.25 x Ner x max( 1 — QVp.cr/qCp.ror,cr/qEn.roF.CR, 0 ) (A.3.21)
EPcrspopacr = 0.5 x 0.25 x Pcr x max( 1 — O°n.cr/qCn roF,.cr/qCp.roF.CR, 0) (A3.22)
e  Partitioning between LDOM and SDOM:
695 ECcripoc = ECcripoc,psy+ 0.75 x E€cr Lpoc.act (A.3.23)
ENcrrpon = ENcr Loon.psy (A3.24)
Efcripor = EFcrpop.psv (A.3.25)
ECcrspoc = E€crspoc.act + 0.25 x E€cr Lpoc.act (A.3.26)
ENcrspon = ENcrspon.acr (A.3.27)
700 EPcrspor = EFcrspopacrt (A.3.28)
e POM production by aggregation:
Dr  =pomcr x Ccrx Ccr (A.3.29)
DVer = Qicr x AScr (A.3.30)
Dfcr = QC%.cr x A (A.3.31)
705 DMLer = QCchrcr x AScr (A.3.32)

e  Grazing by microzooplankton:
GZCcr =Ty x umz x Cuz
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x [ (Ccr — ecr)/{(Ccr — ecr)* + gcr? + (Cpax gcr/gpa)* + (Crac x gcr/gac)’} | (A.3.33)
GZNck = Q.cr x GZcrmz (A.3.34)
710 GZPck = Q.cr x GZCcrmz (A.3.35)
GZMcr = QcuLcr x GZCcrmz (A.3.36)
e  The net growth rate equations:
dCcr
o GCcr — ECcripoc — ECcrspoc — D cr — RScr — GZCcr (A.3.37)
dNcr
7 GNer — ENcrpon — ENcr.spov — DVer — GZNcr (A.3.38)
dPcr
715 0 = GPcr — Efcrrpor — EF crspop — DVcr — GZ cr (A.3.39)
dCHLcr
T = GLcg — DL — GZ L (A.3.40)
4. Bacterial processes
e  Cellular quota (ratio):
720 OCNpac = Npac/Crac (A4.1)
O%psac = Ppac/Cpac (A4.2)
OFnsac = Npac/Psac (A4.3)
Ov.epor = Nrpom/Crpom (A.4.4)
QOCpLoov = Proom/Crpom (A4.5)
725 OCN.spom = Nspom! Cspom (A4.6)
OCpspom = Pspom/Cspom (A.4.7)
e N and P limitation function:
Nisac = OQN8aclqCn.sac 0<Nsac<1 (A.4.8)
Prsac = OP5aclqpsac 0<Prpac <1 (A4.9)
730 e Maximum available LDOC and SDOC:
ALC = Cipoc (A.4.10)
ASC = rspoc x Cspoc (A4.11)
e Bacterial uptake of LDOC and SDOC (i.e., bacterial gross C growth):
G sac.Lpoc = pacx Ty x Cpac x min(Nzsac, Praac) x{ ALC/(ALC + kPO + ASC) } (A.4.12)
735 GCpac,spoc = pupacx Ty x Cpac x min(Nysac, Prpac) x{ ASC/ASC + kP9C+ ALC) } (A4.13)
GCBac,poc = G ac,Lpoc + GCpac.spoc (A4.14)
e Bacterial N uptake:
GCBac,Loon = G ac.Lpoc x QN.Lbom (A.4.15)
G sacspon = G Bac,spoc x min{ gn.sac, QN.spom + f5/Ngac x (qn.84c — QCN.spom) } (A4.16)
740 G pacnis = GCpac.Loon x NH4/Nrpom/min(1, Nisac) (A4.17)
if Nipac <1,
G sacno3 =min{ 0.1 x NO3 x 1/min(1, Njs4¢) x (G sac,Loon + GCac.spon)/(Nrpom+ Nspom),
(NO3 + NH4) x (Gpac,oon + GVsac.spon)/(Nepos + Nspom) — G¥pac } (A.4.18)
else, GCpacno3=0 (A.4.19)
745 G sacn = G sacpon + GCsacspon + GCpacnrs + G sacno3 (A.4.20)

e  Bacterial P uptake:
29
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G sac.Loop = GCsacpoc x QCp.Loom (A4.21)
G acspop = GCsac.spocx min{ g°p.aac, Op.spom + f5/Praac x (q€p.sac — Op.spom) } (A4.22)
G ac.ros = G ac.Lpon x PO4/Prpom/min(1, P;s4c) (A.4.23)
750 G sac.p = G ac.Loor + GCsacspop + GCac.pos (A4.24)

e Respiration:

RCac =% x Gacnos + Ppac x Ty x Cac

+{ minac+ (Fmax,ac — Fminac) x exp(=brsac x G pac.poc) } x GCpac.poc (A.4.25)
e RDOC release:
755 E€sacrpoc = refisac x Cpac (A.4.20)
E"gac.rpon = ECsac rpoc x qEN.rpoM (A.4.27)
E"acrpop = E€pac.rpoc x q“p.rooM (A.4.28)

e Remineralization of inorganic nutrients:
if Ov.8ac > g“npac and QCp.aac > ¢°psac (i.e., C in short)

760 REMPsac = remigac x (Nsac — Cpac % qEn,B4C) (A.4.29)
REMIpac = remisac x (Psac — Csac x q°P.4c) (A.4.30)
remipac
elseif 0N s4c < g“vaac and OFnac < g“N.ac/q paac (i.e., N in short)
REMI"gac= 0 (A4.31)
765 REMIP34c=0 (A.4.32)
else (i.e., P in short)
REMPpac=0 (A.4.33)
REMIP34c=0 (A.4.34)
e SDOM excretion to adjust stoichiometry:
770 if O pac > ¢“npac and QP sac > ¢p.pac (ie., C in short)
ECBacspoc=0 (A.4.35)
E¥sacspon=0 (A.4.36)
EPpacspor =0 (A.4.37)
elseif Qv sac < qCnpac and QPN sac < g“N.8ac/qCp.aac (i.€., N in short)
775 ECsacspoc = exapsac % (Coac — Nac/qon,sac) (A.4.38)
E¥sacspoc=0 (A.4.39)
E"4cspop = exapspac % (Psac — NpaclqEn.sac x q°p.pac) (A.4.40)
else (i.e., P in short)
ECBac.spoc = exanspac x (Cpac — PpaclqCp.pac) (A4.41)
780 EVs4c.spon = exapssac % (Npac — Ppaclgpacx qEn,8aC) (A.4.42)
Epac.spor =0 (A.4.43)

e  Grazing by microzooplankton:
GZCac =Ty x umz x Cuz

x [ Coac*/{Ccr®+ gpac*+ (Cpa x gpaclgpa)*+ (Ccr x gpaclgcr)*} | (A.4.44)
785 GZVsac = GZ pacx QN ac (A.4.45)
GZPpac = GZC pac x QP sac (A.4.406)
e  Viral mortality:
MCpac = msac x Cpac (A.4.47)
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Mpac = maac x Naac
MPs4c = mpac x Ppac
e Net flux of inorganic nutrients through bacteria:
FLUXH g0 = REMIV34c — GCpacNu4
FLUXY%3p4c = —G Bacno3
FLUX"%p4c = REMI”pac — GCBac.ros

e  The net growth rate equations:

dCgac

o = G sucpoc — ECsacspoc — ECpac.rpoc — RCac — GZC8ac — MCpac
dNBpac . N N v v

dt = GNpac.pon — ENpacspon — EVac.roon — RVac — GZVsac — MVpac
dPsac P P P P P P

o = G"sac.popr — E" ' Bac.spop — E'sac.roor — R"Bac — GZ"ac — M" Bac

5. Microzooplankton processes
e  Cellular quota (ratio):
ONwmz = Nzl Cuz
Oumz = Cuz/Puz
e  Gross growth:
Gz = GZ cr + GZ Bac
GMuz= GZ%cr + GZBac
GPyz= GZ cr + GZPBac
e LDOM excretion:
ECvz 100 = fexmz % exyz x Guz
ENuz1poN = fexmzx exmz x GNyz
EPyzipop = foxmzx exmz x GPuz
e SDOM excretion:
ECvzspoci = (1 — fexmz) x exmz x Guz
EVvzsponi = (1 — fexmz) x exmz x Gz x OnamzlqCnmz
EPvizspor.1 = (1 — fexmz) x exmz x GPyz x O pyzlqCpuz
e SDOM excretion to adjust stoichiometry:
ECvzspoc2 = exapimz x Cuz
x max(0, 1 — ONuz/ g nmz, 1 — QCPmz/qCpaz)
EVyvzspon2 = 0.5 x ESyuzspoc2 x QSNuz
EPvizspor2 = 0.5 x ESvzspoc2 x OCpuz
e Remineralization of inorganic nutrients:
REMIPviz = remiyz x max(0, Nuz — Cuz x ¢z,
Nuz — g NmzlPyz % qCp.uz)
REMI? iz = remivz x max(0, Puz — Cyzx ¢ puz,
Pyiz — g°pmz/Nyz x g“nuz)
e Respiration:
Rz = rPuz x Ty x Cuz + ruz x Guz
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e  POM production:

Pz =pomuz x GCuz
Pz =q“Nrou x Guz
PPyz  =q%rom x GCuz

e  QGrazing by krill:
GZ vz = Ty x pmz x Ckr
x [ Cu{Cuz* + guz* + (Cpa x guz/gpa)*} |
GZiz= QNumz x GZuz
GZPmz = Q€uz x GZ uz
e  The net growth rate equations:

dCuz c c c c
7 = G“Mmz— E“mzrpoc — E“mzspoc,i — E“uzspoc,2
— Pz — Rz — GZ%z
dNuz v N N N
7 = G"mz— E"vzrpon — E"vzspon,1 — E™mzspon,2
— PYuz— RVyz — GZNyz
dPuz P P P P
0 = G "mz— E"mzLpop — E vz spop,1 — E" mzspop,2

— PPyuz— Rz — GZPuz

6. Krill processes
e  Cellular quota (ratio):
OCNkr = Nkr/Ckr
OCxr = Ckr/Pkr
e  Gross growth:
G kr = GZ pakr+ GZuz
GNkr = GZVpaxr+ GZNuz
GPkr = GZPpakr+ GZFuz
e LDOM excretion:
ECkrLDoC = fox kR % exkr X Gkr
ENkr1DON = foxkr % exxr X GNkr
EPkrLDOP = foxkr % exxr X GTkr
e SDOM excretion:
ECkrspoc.i = (1 — fexkr) x exxr x GCkr
EVrspon,1 = (1 — fex.kr) x exxr x GVkr x ONxrlg nkr
EPkrspor.1 = (1 — fexkr) % exxr x G'kr x Opxr/qCp.kr
e SDOM excretion to adjust stoichiometry:

ECkrspoc.2 = exapskr x Ckr

x max(0, 1 — ONkr/qN.kr, 1 — O°Pkr/qCr.kR)

EVrspon.2 = 0.5 x ESkr.spoc.2 x ONkr
EPkrspor2= 0.5 x Ekr spoc2x O,

KR
e Remineralization of inorganic nutrients:
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REMPkr = remikr x max(0, Nkzr — Ckr x g“nkr,

Nkr — qNkr/IPxr % ¢°PkR)

REMIkr = remixr x max(0, Pxr — Cxkr x ¢“Pxr,

e Respiration:

Pxr — q°pxr/Nkr % q°NkR)

RSz = rPxr x Ty x Ckr + r'kr x Gkr

e  POM production:

P%r = pomkr x Gkr
PYxr =g prou x Gkr
PPxr =q prov x GFxr

e RDOC release:

ESkrrpoC = refikr x Ckr

ENkrrpon = ECkr.rpOC X q“N.RDOM

EPkrrpop = Ekr rpOC % ¢ P.RDOM

e Removal by higher trophic levels

MCkr = mortkr x Ckrx Ckr
MYkr = Mkr rpoC X ONkR
MPxr = MCkr rpoC X QP KR

e  The net growth rate equations:
dCrkr

dt

C

—P%g—R

dNxr
dt

«kr — E€kr L0oc — ECkr.spoc,i — E€krspoc.2 — ECkr rpoc

Cxr — MCkr

= GNkr — EVkr.1oon — ENkr spon,1 — EVkr.spon,2 — ENkr RpON

— PVkgr — R¥kr — MMkg

dPkr
dt

= GPkg — EPkr1poc — E kr spoc.i — ETkr spoc.2 — ETkr rpoc

— PPkr — RPkr — MPkr

7. Detrital processes
e Dissolution:
DISS per = diss x Cper

DISSNper = diss x prfy x Nper
DISS per = diss x prfe x Pper

e  The net change equations:
dCper

dt
dNpET

dt
dPpEr

dt

where DISS 1z = fromnz x MCkr

= D4 + Dcr + DCuz + D r + DISSCHz — DISSCpET

= DVp4+ DVcr + DVyz + D¥kg + DISS 1z — DISS per

= DPpa+ DPcr + DPyiz + DPxr + DISST 11z — DISST pET
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DISSVuz = fromz x MVkr
DISS vz = fromuz x MFkr

8. DOM processes
e Conversion of SDOM to RDOM:
REFR spou = exrerr spom x Cspom x exp{ 1 — min(Qn,spom/qn rport, Op.spomlqCp.rpom) }
REFRNspom = REFR spov x qEn,rpom
REFRTspoy = REFR spow x g°p.room
e  The net change equations:

dCrpom c c c c c
o = Epupoc + E€crpoc + ECvmzipoc + ECkr Lpoc + MCac — GCpac.Lpoc
dNLpom N N N N N N
o = E"parpon + E"cripont E"mzipon + EVkr Loon + M"sac — G"BacLDON
dPLoowv P P P P P P
o = E"parpor + E"crrpor+ E"mzrpop + E kg Lpop + M" Bac — G' Bac,LDOP
dCspom c c c c c
o = E%paspoc + E*crspoc + E*Bac.spoc + E“mzspoc,1 + E“mzspoc,2
+ ESrspoc1 + ESkrspoc2 + ECuzspoc + DISSCper — REFR spom — GCsac.spoc
dNspom v N N N N
o = E%paspov + E”crspon + E"Bac.spon + E"mzspon,1 + EVymzspon,2
+ EVkrspon,1 + ENkrspon,2 + ENuzspon + DISSYper — REFRspov — GVgac.spon
dPspom » p » » P
o = E"paspop + E" crspor + E'Bacspop + E mzspor.1 + E mzspop,2

+ EPkg spor,1 + EPkr.spop2 + ECuzspop + DISSTper — REFR  spom — GTsac spop

9. Dissolved inorganic nutrient processes
e Nitrification:
NTRF = rnny x NH4
e  The net change equations:

dNH4

7 = FLUX"g,c + REMI"vuz + REMI"kr+ REMI 1z — GMp4 — GNP g — NTRF
dNO3

e FLUXYPg4c — GNPpy — GNP cr + NTRF

dPO4

7 = FLUX"%psc + REMI vz + REMIkr+ REMI 11z — GP%pa — G cr

where REMIVuz = M kr— D¥nz — ESPONy;
REMI 1z = M¥kr— D1z — ESPOPyz
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Appendix B

Figure B1. Comparison of the observations to model results from initial guess values and optimized model parameters. Errors
represent how much larger model output is compared to observations. Normalized observation: observations normalized by

the mean of each model state variable.
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Figure B2. The errors (standard deviation) of the model state variables for the modelled growth season (x-axis; month/day)
from the Monte Carlo experiments (N = 1,000). Note different contour scales among panels.
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Figure B3. The model state variables for the modelled growth season (x-axis; month/day) using the initial parameter guess
values (i.e., before optimization). Note different contour scales among panels.
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Figure B4. The ecosystem indices for the modelled growth season (x-axis; month/day) using the initial parameter guess values
(i.e., before optimization). Note different contour scales among panels.
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955 Figure BS. The errors (standard deviation) of the ecosystem indices for the modelled growth season (x-axis; month/day) from
the Monte Carlo experiments (N = 1,000). Note different contour scales among panels.
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