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Abstract

Chlorophyll (Chl) is widely taken as a proxy for phytoplankton biomass, despite well known variations in Chl:biomass ratios as
an acclimative response to changing environmental conditions. For the sake of simplicity and computational efficiency, many
large scale biogeochemical models ignore this flexibility, compromising their ability to capture phytoplankton dynamics. Here
we evaluate modelling approaches of differing complexity for phytoplankton growth response: fixed stoichiometry, classical
variable-composition with photo-acclimation, and Instantaneous Acclimation with optimal resource allocation. We compare
the performance of these models against biogeochemical observations from time-series sites BATS and ALOHA, where phyto-
plankton composition varies substantially. Models including photo-acclimation capture the observations better with minimal
parameter tuning and are more portable. Compared to the classical variable composition approach, instantaneous acclima-
tion yields similar performance and portability, while requiring fewer state variables. Further assessments using objective

optimisation and more contrasting stations are suggested.
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Abstract
Chlorophyll (Chl) is widely taken as a proxy for phytoplankton biomass, despite well known
variations in Chl:biomass ratios as an acclimative response to changing environmental
conditions. For the sake of simplicity and computational efficiency, many large scale bio-
geochemical models ignore this flexibility, compromising their ability to capture phyto-
plankton dynamics. Here we evaluate modelling approaches of differing complexity for
phytoplankton growth response: fixed stoichiometry, classical variable-composition with
photo-acclimation, and Instantaneous Acclimation with optimal resource allocation. We
compare the performance of these models against biogeochemical observations from time-
series sites BATS and ALOHA, where phytoplankton composition varies substantially.
Models including photo-acclimation capture the observations better with minimal pa-
rameter tuning and are more portable. Compared to the classical variable composition
approach, instantaneous acclimation yields similar performance and portability, while
requiring fewer state variables. Further assessments using objective optimisation and more

contrasting stations are suggested.

Plain Language Summary

Phytoplankton (tiny floating algae) play major roles in the ocean; as the base of
the food web and in exporting carbon from the surface to depth. They sustain growth
by actively altering their composition in terms of nutrients and especially chlorophyll,
which can be easily observed. However, for the sake of simplicity and fast calculations,
many global models ignore this flexibility, which yields inaccurate estimates of phyto-
plankton and associated carbon export. We assess the performance and general appli-
cability of model formulations of differing complexity. Our findings suggest that, com-
pared to simplistic fixed-composition models: 1) variable composition enhances model
performance and general applicability (portability) at the cost of more calculations, whereas
2) an efficient Instantaneous Acclimation approach enhances performance and portabil-

ity without substantially increasing computational requirements.

1 Introduction

Although phytoplankton largely drive the oceanic carbon cycle, including the ex-
port of carbon (C) from the surface to depth, direct observations of their carbon biomass

are rare. The most widely observed metric of phytoplankton is chlorophyll (Chl), because
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of its distinctive optical properties (Macintyre et al., 2000), but Chl:C:nutrient ratios vary
widely in response to fluctuations in ambient light and nutrient levels (Geider & La Roche,
2002; Mongin et al., 2006; Martiny et al., 2013). Inaccurate estimates of phytoplankton

C biomass limit our ability to quantify C export, and therefore our understanding of how
climate change is affecting marine ecosystems (Polovina et al., 2008; Arteaga et al., 2016).
Nonetheless, for the sake of computational efficiency and simplicity, many large scale ma-
rine biogechemical (MBGC) models use a simplistic Monod (1949) type formulation for
phytoplankton growth, assuming constant composition (Bopp et al., 2013; Totterdell,
2019; Le Quere et al., 2005). That assumption may not be problematic in some regions,
such as the Meditteranean Sea (Faugeras et al., 2003) or the North Atlantic (Ward et

al., 2013). However, variable composition is central to the complex biogeochemisty of

the vast oligotrophic ocean (Ayata et al., 2013; Mongin et al., 2006; Steinberg et al., 2001).

Compared to models assuming constant composition, those accounting for accli-

mation processes (individual-level physiologic response and associated variations in Chl:C:nutrient

ratios) reproduce better observations at oligotrophic time-series sites (Schartau et al.,
2001; Ayata et al., 2013). However, including flexible composition can be computation-
ally expensive; the dynamics of C and nutrients bound to phytoplankton (i.e., internal
stores) are typically described using the Droop ’quota’ model (Caperon, 1968; Droop,
1968), which requires a separate state variable for each element or nutrient resolved (Ward,
2017; Chen & Smith, 2018). Apart from computational cost, added complexity also in-
creases the number of uncertain parameters (Kwiatkowski et al., 2014; Ward, 2017) and
can make models less portable (Friedrichs et al., 2007). Recently, a computationally ef-
ficient 'Instantaneous Acclimation’ (IA) model was shown to capture phytoplankton sea-
sonality, including variable composition, at two contrasting stations in a 0-D setup (Smith
et al., 2016). Further tests suggested that it may be suitable for application in large-scale
MBGC models (Ward, 2017).

For global scale studies, particularly Earth system climate modelling, MBGC mod-
els pose the formidable challenge of capturing a wide range of oceanic regions with com-
putational efficiency and minimal parameter tuning. Here, we evaluate different formu-
lations for the flexible composition and acclimative response of phytoplankton, in terms
of model performance in a 1-D setup. We apply the IA-based FlexPFT model (Smith
et al., 2016) and two controls: a droop-quota model, which captures variable composi-

tion by calculating phytoplankton C and nitrogen (N) separately (and is therefore less
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computationally efficient), and a typical Monod-type fixed stoichiometry model. Each
phytoplankton model is incorporated into an otherwise identical Nutrient Phytoplank-
ton Detritus (NPD) model. We compare the performance of the three model variants

at two oligotrophic sites, where phytoplankton composition is known to deviate from the
average 'Redfield ratio’ (Ayata et al., 2013; Mongin et al., 2006; Steinberg et al., 2001)
typically assumed in fixed stoichiometry models. The two sites differ in physical condi-
tions; ALOHA (A Long term Oligotrophic Habitat Assessment, 22.75°N, 158°W), with
permanent startification (Kavanaugh et al., 2018) and BATS (Bermuda Atlantic Time
Series, 31.67°N, 64.167°W) with its seasonal cycle of deep mixing (Dave & Lozier, 2010).
We then conduct cross-validation experiments to test each model’s ability to capture the

dynamics at these two challenging sites.

2 Methods

The IA, monod-type (hereafter FS), and droop quota (hereafter DQ) model vari-
ants are all implemented within the NFlexPD model (Kerimoglu et al., submitted) with
one phytoplankton type and one limiting nutrient (nitrogen), written in the Framework
for Aquatic Biogeochemical Models (FABM, (Bruggeman & Bolding, 2014)). This al-
lows switching between different formulations to describe phytoplankton growth and up-
take in a common modelling framework. In the FS model phytoplankton growth rate is
limited by the ambient nutrient, following the Monod formulation. The DQ and IA mod-
els assume that phyoplankton growth rate depends on the the internal cellular quota (mo-
lar N:C ratio) and photoacclimation (C:Chl ratio of the chloroplast). In the IA model,
these internal ratios as well as physiological allocation factors acclimate instantly to op-
timize net growth rate (Smith et al., 2016). However, the DQ model, which lacks such
physiological allocations, calculates phytoplankton C and N separately. Despite differ-
ent assumptions, all model variants follow a similar set of differential equations for the
dynamics of the state variables: dissolved inorganic nitrogen (DIN), C and N bound to
phytoplankton (P and Py ), Detritus (D¢ and Dy ), Dissolved Organic Nitrogen (DON),
and Dissolved Organic Carbon (DOC). The DQ variant is described in detail in the sup-
plementary material section 1 and Fig S1. Kerimoglu et al. (submitted) describe the TA

and F'S variants in detail.



100 2.1 Simulations

110 We simulate two oligotrophic stations with extensive time-series observations: ALOHA
m and BATS. In order to simulate realistic conditions with a 1-D setup, we use the Gen-

12 eral Ocean Turbulence Model (GOTM, (Burchard et al., 2006)). As the initial conditions

13 for the hydrodynamical model, we use in situ temperature and salinity profiles (obtained
114 from https://hahana.soest.hawaii.edu/hot/hot-dogs/cextraction.html and batsftp
115 .bios.edu/BATS/ctd/ for ALOHA and BATS, respectively). Meteorological forcing, from

116 the European Centre for Medium-Range Weather Forecasts (ECMWF), ERA-5 hourly

17 reanalysis, with horizontal resolution of 0.25°x0.25° (https://cds.climate.copernicus
118 .eu/cdsapp#!/dataset/reanalysis-erab-single-levels?tab=overview), include:
119 wind speed, air pressure, air temperature, humidity, cloud cover, shortwave radiation,

120 and precipitation, each calculated using the Fairall et al. (1996) method. The model do-
1 main, split into 100 levels with surface zooming, extends to 500m for ALOHA and 450m
122 for BATS, where some temperature and salinity profiles are limited to 450m. To describe
123 the background turbidity, we assume Jerlov type IA for ALOHA, based on field mea-

124 surements in the North Pacific (Paulson & Simpson, 1977), and Jerlov type I for the very
125 clear water at BATS (Kullenberg, 1984).

126 All model variants are run for eight years, from 15 January 2008 - 315* December
127 2016. The first three years, as spinup period, are forced using repeating climatology of
128 the meteorology, temperature, and salinity. The last five years of model output is com-

129 pared with observations of Chl, DIN and primary production (PP), which can be obtained

130 from http://batsftp.bios.edu/BATS/bottle/ and https://hahana.soest.hawaii

131 .edu/hot/hot-dogs/bextraction.html, for BATS and ALOHA, respectively.

132 In order to thoroughly assess how well each model variant captures the observa-
133 tions, and its portability (i.e., applicability to different sites without re-tuning param-
134 eter values), we perform three experiments: (i) the reference simulations of each station

135 with individually tuned parameter sets (model runs labelled IA, FS, and DQ); (ii) cross-
136 validation, where phytoplankton-related parameters tuned for station ALOHA are ap-

137 plied at station BATS and vice versa, (model runs labelled TA-X, FS-X, and DQ-X); and
138 (iii) simultaneous runs using a common parameter set for phytoplankton-related processes
139 at both stations, (labelled IA-S, FS-S, and DQ-S). For experiments (ii) and (iii) initial

140 conditions and some abiotic parameters, such as sinking speed and detrital degradation
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rate, are kept the same as experiment (i) for each station. We quantify model perfor-
mance in terms of correlation, bias, RMSE, and a weighted cost function for overall mis-
match between models and observations. However, as we did not conduct data assim-
ilation, we omit the v, term from the cost function (equation (1) in Friedrichs et al. (2007)).
Thus, the individual (variable specific) and total cost functions, J,, and J, respectively

becomes:

w2 o
m j=1
1 M
J = M P Jm (].b)

Where M is the number of variable types (M= 3; Chl, DIN, and PP), N,, is the
number of observations of type m, and a;,, and a;,, are the modelled and observed val-
ues, respectively. The weight, W,,, is proportional to the reciprocal of the standard de-
viation (o) for each observation type (W,, = %”7 where C,,, = 3.5, for Chl and DIN
and C,, =5 for PP, since it has larger variance). We quantify model portability in terms
of the portability index (PI, Friedrichs et al. (2007)) which is the ratio of total costs (equa-

tion 1) from simultaneous experiment and the cross-validation experiment:

PI=J°/J" (2)

PI values approaching unity indicate increasing portability. For all experiments, param-
eters for the TA and FS variants were manually tuned within the literature values (i.e.
Sommer, 1991; Edwards et al., 2012; Kane et al., 2011; Yool et al., 2013; Pahlow et al.,
2013; Smith et al., 2016; Robson et al., 2018), described in supporting information Ta-
ble S1. In order to isolate the effect of instantaneous acclimation from that of param-
eter sensitivity, we apply similar parameter sets for the TA and DQ variants. For the FS
and DQ variants, the fixed allocation factors (fractional allocation towards nutrient up-
take and Chl:C ratio of chloroplast) are set to their biomass-weighed mean values from

the TA runs. We compare the model outputs with observed Chl, DIN, and PP.
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Figure 1.

1st of January 2011 to 31st December 2015.

3 Results

3.1 Performance of the three variants

o . « . o

Contour plots of Chl, DIN, and PP at stations BATS (a-1) and ALOHA (m-x) from

In oligotrophic regions, summertime nutrient concentrations are typically < 0.01

mmol m~* within the euphotic zone (Anderson & Pondaven, 2003; Dave & Lozier, 2010;

Steinberg et al., 2001), with vertical stratification that is destroyed by deep mixing dur-

ing winter and spring (Dave & Lozier, 2010). All model variants capture these charac-

teristics well, as seen in the DIN distributions (Fig le-g, Fig. 2d-f, and Fig. 3c and d).

At station BATS, winter mixing typically increases DIN from ~ 0.05 to 0.5 mmol m~3

(Fig 1h), as captured by all model variants, but exaggerated by the IA and DQ (Fig le

and g). The FS variant overestimates average summertime DIN within the upper 50m

(Fig 3 c-d). However, at 75-125m between summer and fall the three variants are more

similar, with the DQ variant producing slightly higher DIN than the FS variant (Fig 3g-

h). The TA variant consistently produces the lowest DIN concentrations. Although all
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169 model variants realistically capture DIN seasonality in the upper 50m, none captures the

170 sporadic spikes of DIN that occur at both stations (Fig 3g-h).
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Vertically averaged values of modeled (blue) and observed (red) Chl, DIN, and PP

from 1st January 2011 to 31st December 2015. Profiles for station BATS are shown in a-c, g-i,

and m-o, for Chl, DIN, and PP respectively. For station ALOHA, profiles are shown in d-f, j-1,

and p-r, for Chl, DIN, and PP respectively.

Similar to DIN, Chl in the oligotrophic region is typically scarce in the euphotic

zone due to nutrient limitation. At depths between 50-200m where nutrients are more

abundant, subsurface Chl maxima (SCM) occur during summer (Dave & Lozier, 2010;

Mignot et al., 2014). All variants capture these characteristics qualitatively well, both

seasonally and vertically at BATS (Fig la-c). However, at ALOHA the FS variant is un-

able to simulate low Chl in the upper 100m, nor distinct summertime SCM profiles (Fig 1n,

and Fig 2h). All model variants capture typical Chl concentrations and seasonality for

the SCMs that usually occur between 75-125m at both stations (Fig 2a-c and Fig 3e).

However, when averaged vertically, the IA variant tends to overestimate Chl concentra-
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tions compared to other variants (Fig 2a). This result differs from Ayata et al. (2013),
where all models underestimated SCM concentrations, except during blooms. Although

the TA and DQ variants are qualitatively similar at BATS, generally the latter simulates

slightly lower Chl and shallower SCMs at both stations, compared to the IA variant (Fig 1la,

¢). This agrees with the IA variant’s generally lower C:N and higher Chl:C ratios, com-
pared to the DQ (see supplementary material Fig. S2). Comparing all model variants,
from 75 to 125m, the F'S variant produces the lowest Chl because it lacks flexible quota,
but from June through November, it produces higher Chl than DQ. Despite capturing
the DIN concentration in the upper 50m, neither the DQ nor IA variant captures the
summer Chl at ALOHA (Fig 3b and d).

- IA —FS ——DQ —:-IAP —: FS-P —:- DQ-P % observed

(a) 0-50m mean Chl BATS(mg m~3) (b) 0-50m mean Chl Aloha

mmol m—3
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Figure 3. Depth averaged (upper 50m, and between 75-125m) Chl, DIN, and PP for the pe-
riod of 1st January 2011 to 31st December 2015, for the IA (blue), FS (orange), and DQ (green)
model variants respectively. Solid lines: individually tuned runs; dash-dot lines: cross-validation
experiments; red stars: monthly averaged in situ DIN, Chl, and PP measurements. The upper
50m is most consistently stratified, and the nutricline and SCM usually occur from 75 to 125m.

PP was averaged over the upper 100m, where PP is > 3 mgCm ™ *day ™.
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Unlike Chl and DIN, PP in oligotrophic regions usually occurs within the upper
~120m (Dave & Lozier, 2010). All variants capture the PP depth and its decline dur-
ing summer at BATS, but with higher PP and later peaks than observed (Fig 1i-j and
Fig 3i). The FS variant produces the most distinct pattern with brief spikes of higher
PP (>20 mgC m~2 day ') compared to the observations and other variants. When av-
eraged horizontally, the photo-acclimative variants generally capture well observed PP,
but the F'S underestimates PP in the top 50m because of its low summertime PP (Fig 1i).
The TA and DQ variants simulate a slight increase in PP at ~50m, but in the observa-
tions, it occurs at ~60m (Fig 2m and o). Unlike BATS, PP at ALOHA peaks in the sum-
mer, and declines in spring (Dave & Lozier, 2010), with the highest rate recorded in the
upper 50m, decreasing with depth (Fig 2p-r). None of the variants capture these pat-
terns, especially the F'S variant which consistently underestimates PP in the upper 50m
(Fig 3j and 2q), but the IA and DQ do capture winter and spring PP rates. The DQ vari-
ant produces generally the highest PP, as well as the highest C:N ratio within the up-
per 50m (supplementary material Fig S2), and therefore agrees best with the observa-

tions at ALOHA (Fig 3j).

The target diagrams (Jolliff et al., 2009) and cost values (J,,, J) quantify differ-
ences between the model variants, which perform similarly for DIN, but differ more for
Chl and PP (Figs. 4 and S3). In terms of overall performance, the IA produced the low-
est cost and bias, and the highest correlation for Chl. The DQ variant produces better
statistical metrics and the lowest J for PP, but slightly lower correlations, and higher
RMSD and cost for DIN and Chl, compared to IA. At BATS J for DQ is lower than for
IA (Fig. S3). The FS variant performed the worst in terms of Chl and PP, and conse-
quently, produced the largest overall costs (see Table S2 in the supporting material). In
terms of DIN the FS variant produced the lowest cost and bias, and slightly higher cor-
relation compared to the other variants (e.g. DIN correlations for FS, DQ, and TA are
0.74, 0.73, and 0.72, respectively at ALOHA). For DIN the IA and DQ variants produce
higher bias and RMSD, compared to the FS, especially at BATS, which is also reflected

in the Jprn.

3.2 Model portability

The cross-validation experiment tests a model’s ability to reproduce observations

from different regions without tuning, and therefore its predictive ability (Friedrichs et

—10—
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IA-S

DQ IAX

FS-X  DQ-X
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Taylor (a-c), target (d-f) diagrams (@RMSD is normalised RMSD), and costs (g-

h) for Chl, DIN, and PP at station ALOHA for the IA (triangles), FS (circles), and DQ (stars)

variants, each tuned individually to the observations (red), cross-validated (blue), and simulat-

ing both stations with a common parameter set (green). The cost functions J,, (g) and J (h)

were calculated for the individually tuned runs, cross validation experiment (-X suffix) and the

simultaneous experiment using a common parameter set (-S suffix), for each model. The figure

for BATS is shown in supporting information Fig. S3. Values for J,,, J and PI are provided in

supporting information Table S2.
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al., 2006). In this experiment, all model variants differ only slightly in their statistical
metrics for DIN, compared to the individual tuning. However, for Chl and PP, using the
parameter set tuned for a different station generally increases RMSD, bias, and reduces
correlation for all variants (Fig 4a-c, supporting Fig. S3a-c). In the cross-validation ex-
periment the FS variant’s performance suffers most, and also differs most compared to
the individual tuning, notably between 75-125m (dot-dashed and solid lines in Fig 3e and
f). For the IA and DQ variants, the cross validation and individually tuned results dif-
fer only slightly from the observations within the upper 50m, especially during summer.
However, at 75-125m, the cross validations from IA and DQ often overestimate and un-
derestimate observed Chl at BATS and ALOHA, respectively (Fig 3e and f). Overall be-
tween cross-validation and individual tuning, the DQ variant differs least in terms of J
and bias followed by IA, and FS (Fig 4d-h). However, in terms of correlations and RMSD,
the TA differs least.

The simultaneous experiment evaluates the potential applicability of each model
variant at multiple stations with a common parameter set, as in a typical global biogeo-
chemical model (Friedrichs et al., 2007). Individual and simultaneous tuning yield rel-
atively similar J values and statistical metrics. As discussed in (Friedrichs et al., 2007),
the ideal model would have a PI ~1 (equation 2), indicating good performance at mul-
tiple sites without being tuned individually for each, while also having a low cost. Fig 4
and Fig S3 reveals that the models with photoacclimation have lower cost, as well as greater
portability; i.e. including variable internal composition enhances portability, at least be-
tween these oligotrophic sites. Overall the DQ variant produces slightly better cost than
TA (average costs over all experiments for TA and DQ are 27.3 and 26.9, respectively)
and in terms of portability the TA variant is nominally closer to 1, indicating similar porta-

bility and skill for these two model variants.

4 Discussion

Phytoplankton acclimate, i.e. regulate their physiology and composition, in order
to sustain growth under changing conditions (Smith et al., 2011; Moreno & Martiny, 2018).
For example, as light becomes limiting Chl:C ratio increases (Laws & Bannister, 1980;
Geider et al., 1998), and as nutrients increase C:N ratio decreases (Mongin et al., 2006).
However, large-scale MBGC models often assume constant elemental and pigmentary

composition for phytoplankton (Laufkotter et al., 2015; Bopp et al., 2013), similar to the
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FS approach herein. Others represent these flexibilities in elemental composition, typ-

ically using a Droop quota model, but seldom with a more consistent allocation frame-

work in large-scale MBGC models (Kerimoglu et al., 2017; Kwiatkowski et al., 2018; Pahlow

et al., 2020). These approaches typically require additional state variables and calcula-
tions. To overcome these problems, Smith et al. (2016) proposed the IA approach, which
optimizes Chl:C:nutrient ratios instantaneously for local conditions, so that variable com-
position can be tracked via a single state variable (biomass). We have recently demon-
strated that the IA approach behaves similar to the fully dynamic version in a spatially
explicit 1D setup (Kerimoglu et al., submitted). Here we assess the performance, against
in-situ, observations at two oceanic stations with differing physics, of three different mod-
els for phytoplankton growth: FS, DQ, and TA, with varying degrees of flexible compo-
sition and computational efficiency. Specifically, we test whether variable elemental and
pigment compositions are sufficient for model generality and portability (DQ vs. FS) and

whether physiological acclimation provides further benefits (IA vs. DQ).

4.1 Model performance with individual tuning

With parameters tuned individually for each station, compared to the FS variant,
the photo-acclimative variants capture better common features in the oligotrophic ocean,
such as the depletion of DIN and Chl in the summer, near-surface primary production,
and deep SCM (Mignot et al., 2014; Ayata et al., 2013; Kavanaugh et al., 2018). Because
the FS variant cannot adjust its internal composition, i.e decrease its Chl:C and N:C dur-
ing the stratified summer, it often overestimates near-surface Chl and DIN, underesti-
mates SCM concentrations, and produces brief bursts of intense PP. The three variants
differ most in terms of Chl between 75-125m, where the optimal physiological acclima-
tion in the TA variant sustains growth and hence higher biomass and Chl (Fig S2, sup-
porting information), and higher C:N ratio than the DQ during summertime nutrient
depletion (Fig 3e and f). Despite its lack of optimal resource allocation, the DQ vari-
ant, which relies on a fixed parameterization for variable C:N ratios and acclimation of
chloroplast-specific chlorophyll density, captures PP better, as reflected in its highest cor-
relation and lowest overall cost, J. However, this is also because PP has a higher weight
than other observables, and a larger sum of squared differences ((a;j,;,—@;jm)?). Further-
more, in situ PP is measured using 4C incubation at both stations (Letelier et al., 1996;

Steinberg et al., 2001). It is known that this procedure can result in inaccurate PP val-
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ues, including over-estimates in the presence of slow-growing species (Pei & Laws, 2013,
2014), and it is unclear whether they measure net or gross PP (Marra, 2009; Kavanaugh
et al., 2018).

Although the TA and DQ variants realistically simulate near-surface DIN (Fig 3d),
they do not capture the summer phytoplankton blooms (Dore et al., 2008) and increase
in PP (Dave & Lozier, 2010) that usually occurs in the North Pacific Subtropical Gyre.
This discrepancy may be due to the absence of nitrogen fixers in NFlexPD (Dore et al.,
2008; Church et al., 2009; Bottjer et al., 2017), or the lack of sporadic mixing, which lifts
the thin layer of Chl in the subsurface (Dore et al., 2008) and other processes, such as
anticyclonic eddies or effects of El-Nino (Church et al., 2009; Kavanaugh et al., 2018)
that are not well simulated by the 1D physical model. At BATS, DIN concentrations dur-
ing winter mixing are often overestimated by the IA and DQ variants. This may be due
to the lower mortality rate (0.75 d~!) applied herein for the FS variant, compared to the
IA and DQ variants (2.5 d=!). Additionally, nutrient and light limitation in FS are mul-
tiplicative, compared to the interactive effects of multi-resource limitation in the IA vari-
ant (see Fig. 3 of Smith et al. (2011)). Hence, as either nutrient or light becomes depleted,

growth is more severely limited in the FS variant, compared to the TA.

4.2 Model Portability

The physiological acclimation, which aims to optimize growth rate in the TA and
DQ variants, is similar to dynamic optimization of parameter values (e.g. Mattern et al.,
2012), which is typically applied to capture complex adaptive behaviours in response to
environmental changes (Arhonditsis & Brett, 2004), e.g. physiological plasticity or suc-
cession of plankton groups (Follows & Dutkiewicz, 2011). It is therefore expected that
the IA variant, which continually re-allocates resources to optimize growth, would cap-
ture better DIN and Chl dynamics at both stations in the cross-validation and simul-
taneous experiments. Although earlier studies (Friedrichs et al., 2007; Kriest et al., 2012;
Ward et al., 2013) found that increasing model complexity does not necessarily improve
misfits or predictive capability, here we find that the acclimative models overall perform
better compared to the simpler FS variant. Comparing the FS with the DQ and IA vari-
ants, including flexible composition increases portability, based on the statistical met-
rics, J, and PI. When compared to DQ, optimal acclimation as formulated in the TA vari-

ant does not massively enhance portability; however, IA has fewer state variables and
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produces better statistical metrics for Chl and DIN. Thus, when applied to a 3D regional
MBGC model for oligotrophic regions, the IA variant can be expected to more realis-
tically capture phytoplankton growth, nutrient uptake, and chlorophyll concentrations,

with fewer state variables.

4.3 Future outlook

This study has shown that adding photoacclimation and variable phytoplankton
composition can improve model portability and performance. The portability experiment
could be extended by applying data assimilation to fit each model variant to the obser-
vations as done previously in a 0-D setup (Smith et al., 2016) and by performing cross
validation experiments between more contrasting (e.g., subpolar and subtropical) regions.
Behrenfeld et al. (2016) showed that across most of the ocean variations in Chl, the most
widely observed metric of phytoplankton, result more from physiological acclimation than
from variations in their biomass. Models that account for photoacclimation can help to
disentangle the mechanisms underlying observed Chl variations. Although both the TA
and DQ variants capture Chl, PP, and DIN concentrations well, the idealized models pre-
sented herein are too simplistic to fully capture oligotrophic ecosystem dynamics. Mul-
tiple plankton types inhabit oligotrophic regions, including zooplankton (Dave et al., 2015)
and N-fixers (Dore et al., 2008; Karl et al., 2012) as well as other nutrients, such as phos-
phate (Steinberg et al., 2001; Karl et al., 2012); but our models only represent one type
of phytoplankton and nutrient. Other physical processes such as mesoscale eddies and
inter-annual variations driven by El-Nino/La-Nina events, cannot be captured by the 1-
D setup. For comprehensive MBGC model applications, it is essential to trace C, Os,

and alkalinity (Kwiatkowski et al., 2014).

5 Conclusions

We test an NPD-type model with three different variants differing with respect to
phytoplankton flexible composition and acclimative response: A Monod-type variant with
fixed stoichiometry (FS), another one with Droop quota (DQ) with photoacclimation,
and finally the Instantaneous Acclimation (IA) variant. We assess whether adding vari-
able composition and acclimation can enhance generality and portability at two oligotrophic
stations BATS and ALOHA. We find that the DQ and TA variants with variable C:N

and Chl:C ratios capture better the observations at both stations compared to the FS
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variant. Flexible composition also enhances portability and hence potential applicabil-

ity at large scales. Optimal acclimation only slightly enhances portability, but does im-
prove realism for DIN and Chl as quantified by statistical metrics. However, these ex-
periments are done without parameter optimisation and limited to oligotrophic sites. Fur-
ther studies using objective optimisation (data assimilation) and including more contrast-

ing regions would provide a more comprehensive and thorough assessment.
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The supporting information contains: 1) an explanation for the DQ model and how it
differs from the dynamic acclimation model described in Kerimoglu, Anugerahanti, and
Smith (submitted) in section 1, 2) Figure S2, which shows the seasonal averages of C:N

and Chl:C ratios within the upper 50m and between 75-125m, related to Figure 2 in
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the main manuscript, 3) Figure S3 which shows the statistical metrics for station BATS,
related to Figure 4 in the main manuscript, 4) Parameter Table S1 for indivdual tuning
and simultaneous experiment, and 5) Table S2, which contain the information on the cost

functions, related to Figure 4 in the main manuscript and Figure S3.

1. Equations related to the Droop Quota model

The Droop Quota (DQ) model variant in this study is similar to the Dynamic Acclima-
tion (DA) version from Kerimoglu et al. (submitted), but with the physiological allocation
factors prescribed instead of dynamically calculated. The DA approach is based on the
study by Pahlow and Oschlies (2013), which analytically derived the Droop quota model
from an optimality-based formulation that maximizes growth rate p, by balancing the res-
piration and allocation costs against the benefits in terms of nutrient uptake and carbon

assimilation V.

1.1. Dynamic Acclimation with fixed allocation factor

In this section, we show that despite having the allocation factor fixed (not dynamically
calculated) the ‘fixed” DA version still retains the Droop growth relationship, whereby
the cell quota will saturates as growth increases to a certain level. Assuming that a fixed
amount of cellular nitrogen, N, is bound in the structural material (), the remainder
is allocated between requirements for growth and nutrient uptake. N uptake rate, V is
proportional the fractional allocation of intra-cellular nitrogen resources for that purpose,
fv, and C assimilation rate is proportional to the remaining resources available for that

purpose, expressed as the relative size of the chloroplast, fo. These two allocation factors
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are thus related via the following assumed trade-oft:

fczl—%—fv

The cellular gross growth rate, x4 depends on the potential light limited growth rate (!,
see equation 21 in Kerimoglu et al. (submitted)). Because this process occurs in the

chloroplast, p is scaled by the chloroplast size, fe:

w= i fo (1)

As discussed previously, the overall N acquisition rate depends on the potential uptake
of ambient dissolved inorganic nitrogen (DIN), (VN see equation 8) and the fractional

allocation of cellular resources for N uptake, fy:
V= fyVN (2)

Following Pahlow and Oschlies (2013) the optimal cell quota, @ can be calculated as:

1

Q=0Q. |1+ H—Qs(V’f‘—LﬂN)

(3)

Thus, the optimal ) depends on the ratio of light- to nutrient-limitation (“/‘—;) By bal-
ancing growth and uptake, u@ =V, via the balanced growth equation (Burmaster, 1979),

it is possible to calculate the optimal fy (Pahlow & Oschlies, 2013):

fu = (%) ~ Q- Q) @)

where (y is the cost of assimilating DIN (mol C (mol N)')). Thus fy increases with
decreasing cellular N quota, @Q); i.e., more nutrient limited cells allocate more resources
towards nutrient uptake. Equations 1, 2, and 4 can all be found in equations 3, 4, and

14, respectively in Kerimoglu et al. (submitted).

December 14, 2020, 3:07pm



X-4

According to equation 1, calculating fy dynamically using equations 3 and 4 results
in a saturating response for p as a function of ). That is, increasing () to high levels
yields diminishing returns in terms of growth as shown in Fig S1 (blue curve), which is
the classical representation of the Droop equation. However, if we fix fy to a constant
value (in this case, the biomass weighed average as calculated by the IA model variant)
and calculate p and @, using equations 1 and 3, respectively, the saturating relationship
still holds, albeit somewhat flatter (i.e. u saturates at a lower rate than when fy is
dynamically calculated, and growth is faster at lower @), as shown in Fig S1). Thus,
the model with fixed allocation factors retains the characteristics response of the Droop
model. Compared to the DA and IA model variants, the DQ variant will produce lower

(), and therefore higher C:N ratios, at low pu.

1.2. Down-regulation term

As stated in the main manuscript, all model variants follow a similar set of differential
equations. However, the DQ formulation calculates Phyc explicitly, and its rate of change
is similar to equation 1b in Kerimoglu et al. (submitted). With the assumption of fixed fy,
nutrient uptake rate for the whole cell can become unrealistically high, as DIN and hence
Phyy increase, making () become unrealistically high. Therefore, a down-regulation term
is required to limit ) values. This is done by prescribing a maximum quota Q. in the

Droop equation, via the following limiting quotient:

Qmax_Q
— _vmax ® 5
fQ Qmax_% ( )

The nutrient uptake rate, V' in equation 2 then becomes:

V= Vg (6)
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which also affects the respiratory cost of nutrient uptake, Ry (equation 7 in Kerimoglu et

al. (submitted)):

Ry = CvaVfQ (7)

The V in the DA variant in Kerimoglu et al. (submitted) is described using the allocation
factor towards nutrient affinity, fa. Increasing fa increases affinity (fl = fAAO, where A,
is the potential maximum nutrient affinity), and simultaneously decreases the maximum
nutrient uptake rate (Vmax =(1- fA)%, where V, is the potential maximum nutrient
uptake rate). Since the DQ variant here does not include any physiological acclimation,
the fa term is prescribed to its biomass weighted average as calculated by the TA model.

However the equation for V remains unchanged:

VoA DIN
Viax + A DIN
(1 — fa)VofaAoDIN

T (1= fa)Vo + faAoDIN ®)

‘/\/:
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Figure S1. Growth rate against quota when fy is dynamically calculated to its optimal value
and when its prescribed (we use the value of 0.35 for fy). Growth rate and cell quota here
were calculated based on equation 3 and 10, respectively in Pahlow and Oschlies (2013). Light
limited growth and nutrient uptake formulations are parameter are all the same as Kerimoglu et

al. (submitted)
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Line color and styles as in Fig. 2 in the main manuscript.
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Similar to Fig. 4 in the main manuscript but at station BATS.
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Table S1. Parameter values for simulations of stations ALOHA and BATS. The DQ variant
uses the same parameter set as A, and the same fixed values for the allocation factors as the F'S
variant. Initial conditions for phytoplankton carbon biomass for the DQ variants are 0.46 and 0.33
for stations BATS and ALOHA, respectively, following the Redfield ratio. For the simultaneous
and cross-validation experiments, k., wpny, all abiotic parameters, and initial conditions are kept
the same for each stations. The parameters are taken within Smith et al. (2016); Pahlow et al.
(2013); Robson et al. (2018), apart from a! (Kane et al., 2011), Qo (Sommer, 1991), Vo, Ag
(Edwards et al., 2012), and wqe; (Yool et al., 2013). Mortality rates are higher than literature

values to implicitly account for predation.

Parameter BATS ALOHA  Simultaneous
term Definition units IAA FS 1A FS IA FS
Phytoplankton

kep specific light extiction m? mmol N—T 0.03 0.02
Wphy vertical velocity md! 0 -0.02
Ren loss rate of chlorophyll d! 0.08 01 01 01 0.1 0.1
0 Chl:C ratio gChl molC~! 0.18 0.35 0.25
Lo maximum potential growth rate d-! 4 4 3.7 35 375 4
ol Chl-specific slope of the PI curve m2E'mol CgChl™! 38 35 37 5 375 35
fa Allocation towards affinity 0.73 0.83 0.76
v Allocation towards nutrient uptake 0.26 0.35 0.3
Qo Subsistence cell quota molN molC~! 0.025 0.025 0.025 0.025 0.025 0.025
Qfixed Fixed cell quota molN molC~! 0.083 0.044 0.75
Vo Potential maximum uptake rate mol N molC~! d~! 1.2 1 1.2 1 1.2 1
Ay Potential maximum nutrient affinity m? mmolC~! d~! 07 05 07 03 06 0.7
Kn Half saturation constant mmolN m~3 0.69 0.81 0.75
(N C-cost of N uptake molC moIN~! 04 04 05 03 05 0.4
Con C-cost of Chl synthesis molC gChl-1 1 05 08 04 09 0.6
M, Quadratic mortality rate m? moIN—! d~! 25 07 31 15 25 1.2
Mpar Part of mortality that goes to detritus 04 06 04 05 04 0.6
Abiotic

Weet sinking of detritus md! -2.5 -2.5
ke specific light extinction m? mmol ™! 0.03 0.03
ket degradation rate of Detritus d-t 0.03 0.045
kdon remineralisation rate of DON d—! 0.03 0.02
PARydtg daily average par at the surface on the first time step 4.5 4.5
k.dtg attenuation coefficient on the first time step 0.02 0.02

Initial conditions
Phyx Phytoplankton N biomass mmol m~3 0.7 0.5
DIN Dissolved Inorganic Nitrogen mmol m~3 0.7 0.5
DON Dissolved Organic Nitrogen mmol m™3 0.7 0.5
DOC Dissolved Organic Carbon mmol m~—3 0.7 0.5
detn Detritus N mmol m—* 0.7 0.5
detc Detritus C mmol m™3 0.7 0.5
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Table S2. Cumulative cost functions J,, and J at stations ALOHA and BATS for each model

run, and portability index PI (=J%/J%).
Model Run JChl JDIN Jpp J PI

IA 25.60 14.41 41.42 27.14
FS 31.56 13.99 62.44 36.00
DQ 28.12 15.10 38.00 27.07
[A-X 26.02 14.68 40.64 27.11
FS-X 45.46 14.02 80.00 46.50
DQ-X 30.32 15.48 33.66 26.48
IA-S 27.29 14.39 41.00 27.56 1.02
FS-S 32.83 14.12 63.61 36.85 0.79
DQ-S 28.79 15.10 37.92 27.27 1.03
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