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Abstract. The ability to constrain the mechanisms that transport organic carbon into the deep ocean is complicated
by the multiple physical, chemical, and ecological processes that intersect to create, transform, and transport
particles in the ocean. In this manuscript we develop and parameterize a data-assimilative model of the multiple
pathways of the biological carbon pump (NEMUROgcp). The mechanistic model is designed to represent sinking
particle flux, active transport by vertically migrating zooplankton, and passive transport by subduction and vertical
mixing, while also explicitly representing multiple biological and chemical properties measured directly in the field
(including nutrients, phytoplankton and zooplankton taxa, carbon dioxide and oxygen, nitrogen isotopes, and
Z34Thorium). Using 30 different data types (including standing stock and rate measurements related to nutrients,
phytoplankton, zooplankton, and non-living organic matter) from Lagrangian experiments conducted on 11 cruises
from four ocean regions, we conduct an objective statistical parameterization of the model and generate one million
different potential parameter sets that are used for ensemble model simulations. The model simulates in situ
parameters that were assimilated (net primary production and gravitational particle flux) and parameters that were
withheld (***Thorium and nitrogen isotopes) with reasonable accuracy. Model results show that gravitational flux of
sinking particles and vertical mixing of organic matter from the surface ocean are more important biological pump
pathways than active transport by vertically-migrating zooplankton. However, these processes are regionally
variable, with sinking particles most important in oligotrophic areas of the Gulf of Mexico and California, sinking
particles and vertical mixing roughly equivalent in productive regions of the CCE and the subtropical front in the
Southern Ocean, and active transport an important contributor in the Eastern Tropical Pacific. We further find that
mortality at depth is an important component of active transport when mesozooplankton biomasses are high, but that
it is negligible in regions with low mesozooplankton biomass. Our results also highlight the high degree of
uncertainty, particularly amongst mesozooplankton functional groups, that is derived from uncertainty in model
parameters, with important implications from results that rely on non-ensemble model outputs. We also discuss the
implications of our results for other data assimilation approaches.
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1. INTRODUCTION

Marine phytoplankton in the surface ocean are responsible for approximately half of the world’s photosynthesis
(Field et al. 1998). However, as a result of their short lifetimes and active grazing by a diverse suite of zooplankton,
most of the carbon dioxide fixed by phytoplankton will be respired back into the surface ocean on a time scale of
days to weeks (Steinberg and Landry 2017). Long-term sequestration of this biologically-fixed carbon dioxide
requires that the organic matter produced by marine autotrophs be transported into the deep ocean through a suite of
processes collectively referred to as the biological carbon pump (BCP) (Boyd et al. 2019; Ducklow et al. 2001; Volk
and Hoffert 1985). The BCP is estimated to transport 5 — 13 Pg C yr! into the deep ocean (Henson et al. 2011;
Laws et al. 2011; Laws et al. 2000; Siegel et al. 2014). Our ability to constrain the magnitude of this globally
important process (and its response to anthropogenic forcing) more accurately is hampered, however, by the diverse
spatiotemporal scales over which these processes act and difficulties in quantifying rates in a heterogeneous three-
dimensional ocean (Boyd 2015; Burd et al. 2016; Siegel et al. 2016).

Attempts to predict future changes in the BCP are also complicated by the diverse pathways of organic matter
flux into the deep ocean. Most research of the BCP has focused on sinking particles (Buesseler and Boyd 2009;
Honjo et al. 2008; Martin et al. 1987; Turner 2015), which include diverse biologically-produced material from dead
phytoplankton and zooplankton, fecal pellets, crustacean molts, and mucous feeding structures (Alldredge 1976;
Bruland and Silver 1981; Fowler and Small 1972; Hansen et al. 1996; Kirchner 1995; Lebrato et al. 2013; Small et
al. 1979; Smayda 1970). Slowly-sinking and suspended particles are also reshaped into rapidly-sinking marine
snow through abiotic aggregation processes (Alldredge 1998; Burd and Jackson 2009; Jackson 2001; Passow et al.
1994). These sinking particles are continually transformed, remineralized, and modified by a community of
particle-attached bacteria and protists and suspension- and flux-feeding mesozooplankton (Boeuf et al. 2019;
Poulsen and Kiorboe 2005; Simon et al. 2002; Steinberg et al. 2008; Stukel et al. 2019b).

Organic matter is also transported into the deep ocean through active transport by vertically-migrating
zooplankton and nekton (Archibald et al. 2019; Bianchi et al. 2013b; Longhurst et al. 1990; Steinberg et al. 2000)
and by passive transport of dissolved and particulate organic matter that is subducted by ocean currents or mixed
into the deep ocean (Carlson et al. 1994; Levy et al. 2013). The global magnitudes of these processes are highly
uncertain because they are difficult to constrain from in situ measurements. Active transport is commonly believed
to be responsible for a relatively small proportion (~10-20%) of the biological pump (Archibald et al. 2019;
Hannides et al. 2009; Steinberg et al. 2000). However, if mortality at depth is included as part of active flux, it can
be an important and at times dominant source of export, although such estimates are highly uncertain (Herndndez-
Leodn et al. 2019; Kelly et al. 2019; Kiko et al. 2020). Similarly, investigations of the importance of passive
transport initially focused on the role of refractory dissolved organic matter (Carlson et al. 1994; Copin-Montégut
and Avril 1993). Recent studies, however, highlight the importance and spatiotemporal variability of passive
transport of particles via subduction, eddy mixing, mixed layer shoaling, and vertical diffusion (Levy et al. 2013;
Omand et al. 2015; Resplandy et al. 2019; Stukel and Ducklow 2017; Stukel et al. 2018b). These passive transport
processes can be driven both by large-scale flows and by meso- and submesoscale circulation near fronts and eddies
(Llort et al. 2018; Omand et al. 2015; Resplandy et al. 2019; Stukel et al. 2017).

Numerical models are essential tools for investigating such processes that act across multiple spatiotemporal
scales and integrate multiple physical, chemical, and biological drivers. Such models have, for instance, been
crucial in elucidating spatial and temporal decoupling of phytoplankton production and sinking particle export
(Henson et al. 2015; Plattner et al. 2005), determining the temporal horizon over which anthropogenic signals appear
in the world ocean (Schlunegger et al. 2019), quantifying regional variability in subduction of organic matter (Levy
et al. 2013), and predicting climate change impacts on plankton communities and the BCP (Bopp et al. 2005;
Dutkiewicz et al. 2013; Hauck et al. 2015; Oschlies et al. 2008; Yamamoto et al. 2018). Models have also been used
to investigate the role of vertically migrating zooplankton in strengthening oxygen minimum zones (Bianchi et al.
2013b), meso- and submesoscale hotspots of particle subduction (Resplandy et al. 2019), and the impact of
glacial/interglacial changes in iron deposition on the BCP (Parekh et al. 2006). Such investigations would be
difficult or even impossible to undertake without models. Nevertheless, the models for varying processes differ
substantially, and few are able to thoroughly investigate the full potential parameter space or quantify the accuracy
of simulated energy flows through multiple trophic levels. While accurate simulation of physical circulation is
critical for simulating marine biogeochemistry (Doney et al. 2004), objective parameterization of biogeochemical
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87  models lags substantially behind similar approaches for physics. Indeed, the inability to constrain biogeochemical
88  relationships accurately may be the primary limitation on our ability to objectively evaluate biogeochemical models
89 (Anderson 2005; Follows and Dutkiewicz 2011; Franks 2009; Ward et al. 2013). Recent advances in formal

90  assimilation of biogeochemical properties into ocean models are beginning to allow objective model

91 parameterization, a crucial first step for treating models as testable hypotheses (Ford et al. 2018; Kaufman et al.

92 2018; Kriest et al. 2017; Mattern and Edwards 2019; Oschlies 2006; Shen et al. 2016; Xiao and Friedrichs 2014a).
93 Nevertheless, most of these approaches rely only on the assimilation of surface chlorophyll and/or other

94  phytoplankton properties, thus leading to potentially high inaccuracies in parameterizing zooplankton dynamics

95 (Loptien and Dietze 2015; Shropshire et al. 2020). This is particularly important, because inaccurate

96  parameterizations of mesozooplankton may lead to qualitatively and quantitatively inaccurate export dynamics

97 (Anderson et al. 2013; Cavan et al. 2017). Accurate simulation of the BCP likely requires a focus on assimilation of
98 data types crossing multiple trophic levels and both ecological and biogeochemical parameters.

99 In this study, we modify an existing, widely used biogeochemical model (NEMURO) to focus specifically on
100  the multiple pathways of the biological carbon pump. We refer to the new model as NEMUROgcp. We have three
101  distinct goals in creating NEMUROgcp. The first is to mechanistically model the multiple BCP pathways (sinking
102 particles, active transport by vertical migrants, and passive transport of organic matter by ocean circulation and
103 mixing). Our second goal is to enable direct comparability between modeled and field measurements of standing
104  stocks and rates. This allows the model to act as a synthetic tool using diverse measured variables to enhance
105  investigation of underlying and unmeasured processes (Dietze et al. 2013). Our third goal is a model that can be run
106 efficiently in multiple physical configurations to allow extensive data assimilation and hypothesis testing.

107  NEMUROsgcp is designed with a “core” nitrogen-based module (including all biological components, nutrients,
108  detritus, dissolved organic matter, and oxygen) that includes all three pathways of the BCP, along with submodules
109 (that can be turned on or off) that model the carbon system, **Th dynamics, and nitrogen isotopes. Here, we

110  perform a Markov Chain Monte Carlo statistical data assimilation to develop ensemble parameterizations of

111  NEMUROsgcp using 30 distinct types of field measurements from 49 Lagrangian experiments. We then investigate
112 the model’s ability to predict withheld measurements, conduct sensitivity analyses, and use the model to investigate
113 the BCP in four ocean regions.

114 2. METHODS
115 2.1. Core NEMUROgcp model

116 NEMUROgcp was developed from the NEMURO class of models originally developed for the North Pacific
117 (Kishi et al. 2011; Kishi et al. 2007; Yoshie et al. 2007) and includes several modifications adapted by Shropshire et
118  al. (2020) that allow the model to be compared more directly to common field measurements. It also includes three
119  optional modules that can be toggled on and off (the carbon system, nitrogen isotopes, and >**Th).

120 The core of NEMUROgcp is nitrogen-based and includes 19 state variables (Table 1): 3 nutrients (nitrate,

121 ammonium, and silicic acid), 2 phytoplankton (small phytoplankton and diatoms), 5 zooplankton (protistan

122 zooplankton, small non-vertically-migrating mesozooplankton, small vertically-migrating mesozooplankton, large
123 non-vertically-migrating mesozooplankton, large vertically-migrating mesozooplankton), 2 dissolved organic pools
124  (labile dissolved organic nitrogen and refractory dissolved organic nitrogen), 4 non-living particulate pools (small
125  particulate nitrogen, large particulate nitrogen, small opal, and large opal), two chlorophyll state variables (one

126  associated with small phytoplankton, the other with diatoms), and oxygen. As in Shropshire et al. (2020), the small
127 and large mesozooplankton are defined based on size (<1-mm and >1-mm, respectively) rather than trophic status to
128 allow direct comparison to common size-fractionated measurements. Relative to the original NEMURO model, key
129 changes include: 1) An explicit chlorophyll module (based on Li et al. 2010) that allows direct comparison to in situ
130 chlorophyll measurements and gut pigment measurements made with herbivorous zooplankton; 2) Division of

131 dissolved organic matter into refractory and labile dissolved organic nitrogen to simulate subduction of refractory
132 molecules; 3) Division of detrital pools into slowly and rapidly sinking particles to simulate more accurately the
133 gravitational pump; 4) Division of mesozooplankton into epipelagic resident taxa and vertical migrants to simulate
134 active transport by diel vertical migrators; and 5) Addition of a dissolved oxygen state variable that potentially limits
135 heterotrophic growth in the mesopelagic ocean. NEMUROgcp also modifies key transfer functions by, for instance,
136 allowing protists to feed on diatoms, since protistan grazers are often important diatom grazers (e.g., Landry et al.
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137 2011). The transfer functions linking state variables in NEMUROBCP are shown in Fig. 1 and explained in detail in
138 the online supplementary appendix. The 103 parameters in NEMUROBCP are explained in Supp. Table. 1.

139 Diel vertical migration is incorporated into NEMUROgcp via two alternate formulations. The first formulation
140 is designed for computational efficiency when the model is run in a euphotic zone only configuration

141 (NEMUROBCPYEUPONLy). In NEMUROBCP,EUPONLY diel Vertically migrating taxa (LZDVM and PZDV]\/I) Ol’lly feed at
142  night. During the day, their mortality and respiration do not contribute to detritus and dissolved nutrient pools, but
143 rather are treated as a loss of nitrogen from the model. The second formulation includes a true diel vertical

144 migration model based on the model of Bianchi et al. (2013b) for use when the model explicitly represents

145 mesopelagic layers. In this formulation (NEMUROgcp,pvm), vertically-migrating zooplankton swim towards a target
146 depth with a swimming speed of 3 cm s™ (with speed decreasing as zooplankton approach the target depth). During
147 the day, the target depth is defined as the depth of the 103 W m? isolume. At night, the target depth is defined as
148  the mean depth of phytoplankton biomass. NEMUROgcp pvm also includes a biological diffusion term that ensures
149 that LZpvm and PZpywm are dispersed around the target depth rather than accumulating within a single model layer.

150  2.1.1. Optional carbon system submodule

151 The carbon system in NEMUROgcp includes dissolved inorganic carbon (DIC) and alkalinity as state variables.
152 DIC is produced whenever there is net biological utilization of organic carbon and consumed whenever there is net
153  biological production of organic carbon at fixed stoichiometric ratios of C:N = 106:16 (mol:mol). Calculation of
154 other carbon system parameters (pH and partial pressure of CO») and air-sea CO, gas exchange are calculated using
155 procedures described in Follows et al. (2006).

156  2.1.2. Optional ***Th submodule

157 The #*Th submodule is based on the model of Resplandy et al. (2012). It adds a dissolved ?3*Th state variable,
158  as well as state variables associated with *Th bound to each of the nitrogen-containing particulate state variables
159 (i.e., each phytoplankton, zooplankton, and detritus state variable). Dissolved 2**Th is produced from the decay of
160 38U (which is assumed to be proportional to salinity, Owens et al. 2011). Dissolved 2**Th adsorbs onto the

161 aforementioned particulate pools following second-order rate kinetics. Particulate 2**Th is returned to the dissolved
162  pool through both desorption and destruction of particulate matter. 2*Th is also lost from the dissolved and

163  particulate phases through radioactive decay.

164  2.1.3. Optional "N submodule

165 The nitrogen isotopes submodule is based on the NEMURO+'°N model of Stukel et al. (2018a) that was based
166  on an earlier isotope model by Yoshikawa et al. (2005). The '*N submodule adds an additional 13 state variables
167  that simulate the concentration of °N in each nitrogen-containing state variable (nitrate, ammonium, all

168  phytoplankton and zooplankton groups, both detritus classes, and both dissolved organic nitrogen pools). Isotopic
169 fractionation occurs with most biological processes including nitrate uptake, ammonium uptake, exudation of

170  organic matter by phytoplankton, excretion and egestion by zooplankton, remineralization of detritus and dissolved
171  organic nitrogen, and nitrification.

172 2.2. Physical framework for model simulations

173 NEMUROgcr was developed so that it can be implemented in any physical framework. In this study, we used a
174  simple one-dimensional physical framework to simulate the water column associated with Lagrangian experiments
175 from which we derived our field data (see below). While this oversimplifies a system in which advection and

176 diffusion play important roles in re-distributing biological and chemical properties, we believe it is a reasonable
177 short-term approximation, especially because we are explicitly simulating results from in situ Lagrangian

178 experiments. In Lagrangian experiments, advection should play a reduced to negligible role in re-shaping plankton
179 time-series, although we note that Lagrangian drifters (see below) explicitly track only the mixed layer, which may
180 not be transported by the same currents as deeper layers. The use of a one-dimensional model does, however, allow
181 us to perform more than one million simulations for each of the 49 Lagrangian experiments, something that would
182 not be possible with a three-dimensional model grid. Our physical model framework simulates the euphotic zone
183 with variable vertical spacing that increases with depth, chosen to match sampling depths from the field programs.
184 Vertical layers are centered at 2, 5, 8, 12, 20, 25, 30, 35, 40, 45, 50, 55, 60, 70, 80, 90, 100, 110, 120, 130, 140, 150,
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185 and 160 m, although for each Lagrangian experiment we only include depths above the 0.1% light level. We

186 simulate vertical mixing as a simple diffusive process, with vertical eddy diffusivity coefficients varying with depth
187 and estimated by Thorpe-scale analyses from ficld measurements (Gargett and Garner 2008). Initial and boundary
188  conditions were determined from field measurements, although we sometimes had to estimate initial conditions from
189 relationships with other measured parameters because all state variables were not measured for all experiments (e.g.,
190 if diatom biomass was not determined, we estimated it from a relationship between diatom biomass and total

191  phytoplankton biomass). We ran the model for 30-days with constant vertical diffusion rates. 30-days is an

192 arbitrary length of time to run the model, but this time span was chosen for multiple reasons: 1) it is long enough to
193 reduce sensitivity to initial conditions, 2) it is the longest period of time for which we would expect quasi-steady
194  state conditions to be maintained in our study regions, 3) it allows sufficient time for parameter sets to potentially
195 drive some taxa to near extinction (i.c., it allows time for unreasonable parameter sets to, for instance, lead to

196 competitive dominance of small phytoplankton and drive diatoms to extinction). We recognize that maintaining
197  constant physical forcing introduces inaccuracy to our simulations and hence expect model-data mismatches,

198  particularly during dynamic conditions (e.g., upwelling) when the system changes more rapidly. Model outputs
199 were evaluated on the 30" day of the model simulation. Since we only simulate the euphotic zone, the model was
200 run in NEMUROgcp ruronty configuration.

201  2.3. Field data

202 Field data come from 49 short-term (~4-day) Lagrangian experiments conducted on 11 different cruises (Fig. 2)
203 in the California Current Ecosystem (CCE) (Ohman et al. 2013), in the Costa Rica Dome (CRD) in the Eastern

204  Tropical Pacific (Landry et al. 2016a), in the Gulf of Mexico (GoM) (Gerard et al. in review), and at the Chatham
205 Rise near the subtropical front in the Southern Ocean (Décima et al. in review). On these cruises a consistent

206  sampling strategy involved utilization of an in situ incubation array with satellite-enabled surface drifter and 1x3-m
207 “holey-sock” drogue centered at 15-m depth in the mixed layer (Landry et al. 2009). Samples for rate measurement
208  experiments (see below) were incubated in polycarbonate bottles placed in mesh bags at 6 — 8 depths spanning the
209 euphotic zone on the incubation array (Landry et al. 2009). On 10 of the cruises, an identically-drogued sediment
210  trap array was deployed to capture sinking particles (Stukel et al. 2015).

211 We assimilated a broad suite of standing stock and rate measurements across multiple trophic levels that

212 included: 466 measurements of NO3™ concentration and 423 measurements of NH4* concentration (Knapp et al.

213 2021); 422 measurements each of silicic acid and 84 measurements of biogenic silica (Krause et al. 2015; Krause et
214  al. 2016); 455 chlorophyll @ measurements (Goericke 2011); 193 measurements of small phytoplankton biomass by
215 a combination of epifluorescence microscopy and flow cytometry (Selph et al. 2021; Taylor et al. 2012); 193

216  measurements of diatom biomass by epifluorescence microscopy (Taylor et al. 2012; Taylor et al. 2016); 193

217  measurements of protistan zooplankton biomass by epifluorescence microscopy and/or light microscopy of Lugol’s
218  stained samples (Freibott et al. 2016); 44 measurements each of vertically-integrated <1- and >1-mm epipelagic-
219  resident mesozooplankton biomass; 43 measurements each of vertically-integrated <1- and >1-mm diel-vertically-
220  migrating mesozooplankton biomass; 413 measurements of particulate organic nitrogen and 28 measurements of
221  dissolved organic nitrogen (Stephens et al. 2018); 342 measurements of net primary productivity by either H'*CO5"
222 or H'*COs uptake methods (Morrow et al. 2018; Yingling et al. 2021); 149 measurements of nitrate uptake by

223 incorporation of ’NO;™ (Kranz et al. 2020; Stukel et al. 2016); 50 measurements of silicic acid uptake by

224 incorporation of 32Si (Krause et al. 2015); 248 measurements each of whole phytoplankton community growth rates
225 and whole phytoplankton community mortality rates due to protistan grazing determined by chlorophyll analyses of
226  microzooplankton dilution experiments (Landry et al. 2009; Landry et al. 2021); 53 measurements each of small
227 phytoplankton growth rates and small phytoplankton mortality rates due to protistan grazing determined by high-
228  pressure liquid chromatography pigment analyses of microzooplankton dilution experiments combined with flow
229 cytometry and epifluorescence microscopy (Landry et al. 2016b; Landry et al. 2021); 53 measurements each of
230 diatom growth rates and diatom mortality rates due to protistan grazing determined by high-pressure liquid

231 chromatography pigment analyses of microzooplankton dilution experiments combined with flow cytometry and
232 epifluorescence microscopy (Landry et al. 2016b; Landry et al. 2021); 41 measurements each of vertically-

233 integrated <1-mm and >1-mm nighttime mesozooplankton grazing rates by the gut pigment method (Décima et al.
234 2016; Landry and Swalethorp 2021); 41 measurements each of vertically-integrated <1-mm and >1-mm daytime
235 mesozooplankton grazing rates by the gut pigment method (Décima et al. 2016; Landry and Swalethorp 2021); 37
236 measurements of sinking nitrogen using sediment traps (Stukel et al. 2019a; Stukel et al. 2021); 19 measurements of
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237 sinking biogenic silica using sediment traps (Krause et al. 2016; Stukel et al. 2019a); and 475 measurements of

238  photosynthetically-active radiation. Each of the above measurements was typically the mean of measurements taken
239 at a specific depth (or vertically-integrated) on multiple days of the Lagrangian experiment, thus allowing us to also
240  quantify uncertainties for all measurement types. Each of the above measurements also directly maps onto a

241 specific standing stock or process in the model enabling direct model-data comparisons. Field data are listed in

242 Supp. Tables 2 — 4.

243 2.4, Data assimilation and objective model parameterization approach

244 Using the available datasets described above, our goal was to develop an automated and objective model

245 parameterization method that would allow us to generate an ensemble of parameter sets for hypothesis testing or as
246  prior distributions in future data assimilation studies. We refer to this approach as objective ensemble

247 parameterization with Markov Chain Monte Carlo (OEPmcmc). We began by log-transforming most field

248 measurements to normalize the data (some measurements, e.g. growth rates that can be positive or negative, were
249 not transformed). We then defined a cost function:

Ng; Npr,i No,ij
1 Szwfs NI "1 Z] (errorl-‘]-‘k>2

YN & Npri Noij £ unc; j i

251 where Ngies was the number of different sampling locations (i.e., 4 = CCE, CRD, GoM, and Chatham Rise), Nig;

252 was the number of Lagrangian experiments conducted at location i, Nprt; was the number of data types that were
253  measured at site i, Ny,ij was the number of distinct observations of data type j at location i, and:

250 J(p) =

j=1

model; j , — obs; ;; if model; ;, > detlim; j, or obs;;, > detlim, ;

254 error; ;i = : . .
Lk 0 if model, j;, < detlim; ;, and obs;;, < detlim;

255  where model;; is the model result corresponding to observation obs;;«, and detlim;; is the detection limit for data
256  type,. This is equivalent to stating that there is no model data discrepancy if both the observation and the
257  corresponding model result are below the experimental detection limit. Observational uncertainty was defined as:

ik
258 unc; j x = max

———, ExpUnc; ',k>
Vs jk Y

259  where 0y is the standard deviation of multiple samples taken for the distinct observation k of data type j at location
260 i (i.e., 0yj«is the standard deviation of multiple measurements taken at the same depth over the course of a

261  Lagrangian experiment), Ns;;« is the number of samples associated with observation & of data type j at location /,
262 and ExpUnc;; is the experimental uncertainty (e.g., instrument accuracy) of observation k of data type j at location
263 i. We chose to use the maximum of these two terms because, in most cases, the standard error of repeated

264  measurements was greater than experimental uncertainty (and inherently incorporates experimental uncertainty).
265 However, in some cases (e.g., if three measurements of nitrate at 12 m depth on a particular Lagrangian experiment
266  reported the same value), the standard error of the measurements was an unrealistically low estimate of true

267  uncertainty.

268 The cost function, J(p), gives equal weight to all measurement types within a specific Lagrangian experiment
269 (e.g., if a Lagrangian experiment has 10 measurements of sinking nitrogen flux and 100 measurements of

270 chlorophyll, J(p) gives each of those measurement types equal weight). It also gives different locations a weight
271 proportional to the square root of the number of Lagrangian experiments at that site. That decision was made so that
272 a more heavily sampled region (i.e., CCE) can provide more constraint to the model, while preventing that region
273 from overwhelming the model results. We note that this is a comparatively weak cost function (relative to, for

274 instance, likelihood), because it normalizes to the number of measurements. We chose a weak cost function,

275 because it reflects the fact that uncertainty in initial conditions and physical forcing introduces model data misfit that
276  is unassociated with parameter choice.

277 To investigate the parameter space, we performed a Markov Chain Monte Carlo search (Metropolis et al. 1953).
278 We first defined allowable ranges for all parameter values based on laboratory and field experiments, combined with
279 results from prior model simulations (Supp. Table 1). These allowable ranges were defined to be broad and often
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280 spanned several orders of magnitude for a particular parameter. We then defined an initial guess for each parameter
281  based primarily on values used in other NEMURO models (Kishi et al. 2007; Shropshire et al. 2020; Yoshie et al.
282 2007). We first ran 30-day simulations for all 49 Lagrangian experiments using the initial parameter values and

283 calculated the cost function based on J(p;). We then perturbed the parameter set by adding to each parameter a

284 random number drawn from a normal distribution with mean of 0 and standard deviation equal to a jump length of
285 0.02 times the width of the allowable range for that parameter. When newly selected values fell outside the

286 allowable range, we mirrored them across the boundary. For many of the variables expected to follow a log-normal
287  distribution (e.g., phytoplankton half-saturation constants), we log-transformed prior to the MCMC search. We then
288 re-ran the 30-day model for all Lagrangian experiments and calculated a new cost associated with this parameter set,
289  J(pz). We chose whether or not to accept this parameter set based on the relative cost functions of J(p/) and J(p2).
290 If J(p2) was less than J(p;) we automatically accepted the new parameter set as a viable solution. If J(p,) was greater
291 than J(p;), we accepted it with probability:

292 prob = e0-5x(J (@) ~J (Pn+1))

293 We walked through the parameter solution space for a total of 1.1 million iterations (discarding the first 100,000
294 iterations as a “burn-in” period before the cost function stabilized at a relatively low value). In this way, we
295 explored the correlated uncertainty in all parameters of the core model, except the temperature sensitivity

296  coefficient. We chose not to vary the temperature sensitivity coefficient (TLIM), because it is fairly well-

297 constrained from experimental measurements and most model rates were directly correlated to TLIM; hence
298  changes in TLIM lead to commensurate changes in so many other rate parameters that allowing it to vary would
299  have made calculation of mean values of other parameters (e.g., maximum growth or grazing rates) almost

300  meaningless.

301 We also saved model results associated with the BCP (e.g., sinking particle flux, net primary production,
302 subduction rates, active transport) for the model simulations associated with each parameter set.

303 3. RESULTS
304  3.1. Objective model parameterization

305 In our Markov Chain Monte Carlo (MCMC) exploration of the solution space, the cost function evaluated at our
306  initial guess was 972. Over the first ~100,000 iterations of the MCMC procedure, the cost function declined to

307 approximately 100 and remained near this value for the remainder of the MCMC procedure (1 million additional
308 simulations). We thus considered the first 100,000 iterations to be a “burn-in” period, and all results are based on
309 the subsequent 1,000,000 solution sets. For this analysis set, the mean cost function was 98.2 with 95% confidence
310  interval = 83.8 — 115.3. For comparison, we also conducted an undirected MCMC exploration of the solution space
311 (i.e., every solution was accepted regardless of relative change in cost function) that yielded a mean cost function of
312 3197 (C.I. = 1270 — 5657) after the burn-in period, with a minimum value of 740 (across the 1,000,000 simulations).
313  The OEPwmcmc procedure thus determined a set of 1,000,000 solutions for which the cost function was substantially
314  reduced relative to either our initial parameter guess or a random sample of the solution space.

315 We investigated the 1,000,000 OEPwcmc solution sets to determine which parameters were well or poorly

316  constrained by the data (Supp. Tables 1 and 2). We focus here on how well the field observations allowed the

317 OEPwmcwmc approach to constrain the parameters relative to prior estimates of allowable ranges. This is distinct from
318  the question of which parameters are most well constrained because some parameters were well known from prior
319  knowledge (e.g., phytoplankton maximum growth rates) while others are poorly known (e.g., phytoplankton half-
320 saturation constants). Some parameters were very well constrained by the data. Ten of the 101 variables were

321 constrained to within 10% of their allowed range (for log-transformed variables, 10% of their log-transformed

322 parameter space). Six of the 10 well-constrained variables were associated with phytoplankton bottom-up forcing,
323 while only two parameters associated with zooplankton were well constrained by the data (the Ivlev constants for
324  protistan grazing on small and large phytoplankton). The most well-constrained parameter was the ammonium half-
325 saturation constant for small phytoplankton which was assumed to vary from 0.001 — 1 mmol NH4" m™ and was
326  constrained by the OEPumcemc procedure to a 95% C.1. of 0.0011 - 0.0065 mmol NHs" m™=. For metazoan

327 zooplankton, all parameters except Ivlev constants had 95% C.1.s that spanned >60% of the allowable range, and
328 many exceeded 90% of the allowable range. Overall, 25 parameters had 95% C.1.s that spanned >60% of the
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329 allowable range, suggesting that those parameters were more strongly constrained by our prior estimates than by the
330  field data (Supp. Table 1).

331 Next, we highlight analyses of bottom-up forcing on small phytoplankton (Fig. 3) and correlation of large

332 phytoplankton (i.e., diatoms) bottom-up forcing with other model dynamics (Fig. 4) as examples of typical patterns
333 of correlation among parameters. Small phytoplankton parameters were generally well-constrained by the extensive
334 datasets of phytoplankton growth rates, net primary production, and phytoplankton biomass (as assessed

335 microscopically and/or by chlorophyll analyses). For instance, although we allowed the maximum growth rate of
336 small phytoplankton (Vi sp) to vary from 0.1 to 1 d”!, the OEPpmcmc procedure constrained Viasp to 0.22 to 0.64
337 (at the 95% C.1.). The least well constrained parameter related to small phytoplankton growth was the half-

338  saturation constant for nitrate uptake, which varied from 0.011 to 1.3 mmol N m=. Several of these phytoplankton
339 parameters were also correlated in predictable manners. For instance, Vmax,sp Was negatively correlated with the
340 initial-slope of the photosynthesis-irradiance curve (asp, correlation coefficient (p) = -0.15), because increased

341 maximum growth rates and stronger light dependence (i.e., a slower rate of increase in photosynthesis with

342 increasing light) offset each other to maintain similar realized growth rates under typical light-limited conditions.
343 Vmax,sp Was also positively correlated with the mortality rate (mortsp, p=0.25), because commensurate changes in
344  Vpaxsp and mortsp maintain similar net growth rates for small phytoplankton.

345 Parameters associated with large phytoplankton were typically less well-constrained, although they did differ
346 from parameters associated with small phytoplankton in several predictable ways. For instance, the maximum

347 growth rate of large phytoplankton (Vimax 1, mean = 0.72 d!, 95% C.1. was 0.43 — 0.99 d!) was greater than the
348 maximum growth rate of small phytoplankton (mean = 0.37 d"!, 95% C.I. was 0.22 — 0.64 d") despite the fact that
349 we used identical allowable ranges of 0.1 — 1 d"!. The half-saturation rate for large phytoplankton uptake of nitrate
350  (Knorp= 1.6 mmol N m~) was also substantially greater than Kno sp (0.25 mmol N m), although their half-

351  saturation constants for ammonium uptake were similar. Unsurprisingly, the maximum growth rate of large

352  phytoplankton was strongly correlated with the maximum growth rate of protistan zooplankton on large

353  phytoplankton (gmaxszp, p=0.35), because grazing by protistan zooplankton is often the dominant source of

354  mortality for all phytoplankton (including diatoms). More surprisingly, Vmax,Lp had an even stronger correlation
355  with the maximum grazing rate of epipelagic-resident large (>1-mm) mesozooplankton on small phytoplankton
356  (gmaxpzresse, p = 0.43). We believe that this arises from a correlation between large mesozooplankton standing
357 stock and gmax pzres,sp. Since small phytoplankton are often the most abundant potential prey item, higher

358  gmaxpzressp values allow large mesozooplankton (which preferentially graze large phytoplankton) to sustain higher
359  Dbiomass and prevent large phytoplankton from escaping grazing pressure, thus requiring a higher maximum growth
360  rate to maintain their biomass.

361 Some correlations were unexpected. For instance, the initial slope of the photosynthesis-irradiance curve (op)
362  was positively correlated with the remineralization rate of labile dissolved organic nitrogen to NHs" (refaec,oonN,
363 p=0.31). Both of these parameters were strongly constrained by the OEPymcmc procedure (arp had an allowable prior
364  range 0of 0.001 —0.04 m> W-! d"! but had a posterior 95% C.I. of 0.008 — 0.03 m*> W' d'!; refuec.ponnu had an

365 allowable range of 0.005 — 0.3 d"! but a 95% C.L of 0.005 — 0.01 d'!). It is not clear why these parameters would be
366  correlated, although it is likely related to the relative realized growth rates of large phytoplankton in the upper and
367 lower euphotic zone. High values of arp would promote higher realized growth rates in the deep euphotic zone;

368  high values of refsec.pon,nu Would lead to higher realized growth rates in the nutrient-limited upper euphotic zone.
369  The lkeda parameter for large zooplankton (Ikz, d'!), which sets the basal respiration of small (<1-mm)

370 mesozooplankton was positively correlated with Viax,cp (p=0.12), Knue (p = 0.16), and arp (p = 0.29). While the
371 first and third correlations are not surprising (both lead to increased large phytoplankton growth which would

372 support higher mesozooplankton respiration), it is surprising that Ik;z would be correlated with Knu 1 since higher
373 half-saturation constants lead to lower realized phytoplankton growth rates. Vmarp Was also negatively correlated
374  with the daytime mortality rate of small (<1-mm) vertically-migrating mesozooplankton at their mesopelagic resting
375 depth (mortyay,Lzpvm, p = -0.35), which is opposite to what would be expected if large phytoplankton growth was
376 necessary to support mesozooplankton mortality, but may reflect an indirect effect of intraguild competition between
377 small mesozooplankton and protistan grazers (mortqay,.zovm Was also negatively correlated with the Ivlev constant
378 for small mesozooplankton grazing on protistan zooplankton (Ivizpvm,sz, p =-0.27) which would indicate that

379 mesozooplankton increases when their feeding rate on protists increases).
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380 While these are only a subset of the multiple correlations, they highlight the complex, and often

381 counterintuitive, relationships among many parameters. This analysis also clearly elucidates the importance of joint
382 parameter sensitivity analyses. For instance, when model sensitivity to maximum large vertically-migrating

383 mesozooplankton grazing rates on small phytoplankton (gmaxpzres,sp) Was investigated with a maximum large

384  phytoplankton growth rate (Vimax.rp) of ~0.6 d”!, the analysis suggested that the model was only weakly sensitive to
385 ZmaxpzREs.sp, and that the optimal value was near 0.03 d-!. However, when the same analysis was conducted with
386 Vimax.Lp = ~1.0, the model was very sensitive to gmaxpzrEs sp, and the optimal value of 0.1 — 0.2 d™.

387 3.2. Model data comparison (assimilated data)

388 To determine whether the model was able to simulate assimilated measurements accurately, we compared

389 model-data results with respect to two key processes related to export: net primary production and sinking particle
390 flux (Figs. 5 and 6, respectively). For most Lagrangian experiments, the model 95% confidence interval bracketed
391 the mean of the observed net primary production (Fig. 5). However, the model substantially underestimated net
392 primary productivity for several experiments in the CCE (e.g., 605-1, 605-3, 704-4, 810-5, and 1604-4) conducted in
393 near-coastal regions with recently upwelled high-nitrate water. The model-data discrepancy thus likely results from
394  our assumption of a one-dimensional system with constant physics for 30-days. In reality, these Lagrangian

395 experiments were heavily influenced by coastal upwelling processes missing in our one-dimensional model and
396 experienced markedly non-linear dynamics as the water parcels were advected away from the upwelling source and
397 nutrients drawn down over time (e.g., Landry et al. 2009). Contemporaneous nutrient input from directly below
398  these water parcels was thus likely not the source of nitrogen supporting high production, as is assumed by our one-
399  dimensional physical framework. In less dynamic regions (e.g., GoM), the model more faithfully simulated

400  phytoplankton production.

401 The model did a reasonable job simulating sinking particle export flux from the euphotic zone (Fig. 6). For the
402  majority of experiments, observed export fell within the 95% confidence interval of the model simulations.

403  However, that the simulated export flux range was quite substantial for most cycles. Indeed, the 95% confidence
404  intervals for export flux at a single locations using the 1,000,000 MCMC solutions were at times as large as the
405  confidence interval for mean observed flux across the 49 different Lagrangian experiments. This suggests that

406  uncertainty in parameter estimation for the model is as important a source of error for export flux as variability

407  between regions and seasons. The only region for which the model produced a stark bias in export flux relative to
408  the observations was the CRD, where the model consistently overestimated export flux. This is not surprising for
409  this region, because the CRD is dominated by Synechococcus, which contribute substantially less to export flux than
410  larger phytoplankton (Saito et al. 2005; Stukel et al. 2013). In other regions, model underestimates of export flux
411  were typically more notable than model overestimates (observations were seldom less than the lower bound of the
412 model’s 95% confidence interval).

413 3.3. Model data comparison (unassimilated data)

414 To assess the model’s ability to simulate state variables and processes not included in the assimilation dataset,
415  we utilized the thorium sorption and nitrogen isotope submodules and compared model results to measured total
416  water column ***Th (Fig. 7), the C:***Th ratio of sinking particles (Fig. 8a), and the 5'°N of sinking particles (Fig.
417 8b). NEMUROgcp accurately simulated many properties of 2**Th dynamics found in the field data. For instance, it
418  did a reasonable job of estimating the shape and magnitude of vertical profiles, notably simulating low #**Th activity
419  in surface waters and 2*Th activity close to equilibrium with 23U in deeper waters. The model also captured some
420  key aspects of inter- and intra-regional variability in **Th activity, including much lower ?**Th activity in coastal
421 regions of the CCE (e.g., Fig. 7a, c, ah) relative to offshore regions (e.g., Fig. 7e, ad, ae). The model also accurately
422 estimated the consistently high >*Th activity found in the GoM. The greatest model-data mismatch with respect to
423 234Th activity was found in the CRD (Fig. 7ai — am). In this region, the model was fairly accurate at predicting

424 mixed layer #*Th activity, but the model consistently underestimated 23*Th activity in the deep euphotic zone. The
425 model was also reasonably effective at predicting the C:>**Th ratio of sinking particles. The model both accurately
426 estimated the mean value of sinking particle C:>**Th ratios (median observation = 7.2 umol C dpm™'; median model
427  value for locations paired with observations = 7.7 pmol C dpm™') and the range of C:***Th values (observation = 2.2
428  —20.5 pmol C dpm™!; model = 4.1 — 30.0 umol C dpm™). For most simulations, the modeled and observed C:**Th
429 ratios also showed very good agreement (Fig. 8a). However, the model consistently overestimated the C:**Th ratio
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430  of sinking particles in the CRD, a region where the model was particularly poorly constrained and predicted a wide
431  range of C:*Th ratios. The model also substantially underestimated the C:***Th ratio for several sediment trap
432 collections in the GoM. Nevertheless, the overall model-data agreement with respect to 2**Th dynamics is

433 reassuring, especially since key parameters (e.g., thorium sorption and desorption coefficients) were not estimated
434 by the OEPmcemc procedure but instead were taken directly from the literature.

435 The model was also able to accurately simulate the 3'°N of sinking particles, albeit with a more limited set of
436  observations available (note that we did not simulate nitrogen isotopes for Lagrangian experiments from the

437 SalpPOOP cruise, because the 3!°N of deepwater nitrate, an important boundary value, was unknown in this region).
438 The median observed 5'°N of sinking particles was 4.6 compared to a model estimate of 6.1, while the observed
439 range was 1.7 — 14.3 and the modeled range was 1.8 — 9.3 (Fig. 8b). The only simulation for which there was a

440  substantial mismatch between model result and observation was from a single experiment in the CRD in which there
441 is substantial uncertainty in the observed §'°N because one sediment trap replicate had a very high 5'°N value, while
442  the other two replicates had values near the simulated value.

443 3.4. Sensitivity analysis

444 The OEPmcmc approach allowed us to investigate uncertainty associated with all three pathways of the BCP
445 (see the next two sections). First, we focus specifically on variability in model estimates of gravitational flux, as
446  these can be directly compared to field measurements. When comparing modeled gravitational flux for different
447 Lagrangian cycles, the median coefficient of variation (standard deviation / mean) was 0.49, with a range of 0.29 —
448 1.38. This represents substantial uncertainty in sinking particle flux due solely to different potential parameter

449  choices (Fig. 6). For instance, on the fifth Chatham Rise Lagrangian experiment (which was the experiment with
450 coefficient of variation closest to the median), the mean model predicted gravitational flux was 1.24 mmol N m~ d-!
451  with a standard deviation of 0.62 mmol N m? d' and a 95% confidence interval from 0.29 to 2.6 mmol N m? d-!.
452  This shows that for a typical cycle, there was nearly an order of magnitude variability in export flux based solely on
453  uncertainty in model parameterization. For comparison, across the 49 Lagrangian experiments for which we have
454  sediment trap deployments near the base of the euphotic zone, the field observations of gravitational flux at the base
455  of the euphotic zone ranged from 0.22 — 6.3 mmol N m? d"!. Thus, for a typical Lagrangian experiment, uncertainty
456  in model parameterization introduced slightly less uncertainty in gravitational flux than variability across the

457  multiple regions. For the fourth GoM Lagrangian experiment (the experiment with the highest coefficient of

458  variation), the mean model predicted gravitational flux was 0.23 mmol N m? d"! with a standard deviation of 0.31
459 and a 95% confidence interval from 0.0069 — 1.07 mmol N m? d!. For this particular cycle, some likely parameter
460  sets predicted gravitational flux nearly equal to the mean measured gravitational flux across the diverse regions we
461 studied, while other likely parameter sets predicted export more than an order of magnitude lower than the lowest
462  observed flux. This high degree of uncertainty should be considered when results of a single model simulation are
463  considered and provide a strong argument for the importance of ensemble modeling.

464 To investigate the relationships among uncertainties in the three pathways of the BCP and uncertainties in
465  parameters, we computed the R? of ordinary least squares linear regressions of each BCP pathway as a function of
466  each parameter. This approach allows us to quantify the percentage of variability in the export pathway explained
467 by a linear relationship with a specific parameter. This is distinctly different from some traditional sensitivity
468  analysis approaches that either compute the derivative of a model output with respect to different parameters or vary
469  parameters by a fixed amount (e.g., £10%). Unlike those approaches, our R? approach explicitly accounts for the
470  certainty with which different parameters are constrained. For instance, a model may be very sensitive to the

471 maximum growth rate of diatoms; however, if that parameter is well constrained by laboratory experiments, field
472 data, and/or data assimilation, then parameter uncertainty may not be the dominant source of uncertainty in model
473 results. Our approach is thus well suited to determining which parameters especially merit future experimental
474 focus.

475 Our results show that the R? values for BCP pathways regressed against most parameters were ~0.01 or less.
476 However, some of the parameters were able to explain 10% of the variability in specific BCP pathways. For
477 instance, the linear mortality parameter for protistan zooplankton (mortsz) explained 15% of the variability in
478 gravitational particle export (positive correlation) and 18% of the variability in export due to vertical mixing
479 (negative correlation). These correlations reflect the importance of protistan zooplankton in controlling
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480  phytoplankton populations without producing rapidly sinking particles. Multiple parameters had similar inverse
481 correlations with gravitational particle export and export due to vertical mixing. For example, the assimilation

482 efficiency of small epipelagic-resident mesozooplankton, the Ivlev constant for large mesozooplankton feeding on
483 small mesozooplankton, and the sinking speed of fast-sinking detritus all had positive correlations with gravitational
484 flux; the maximum grazing rate of small epipelagic-resident mesozooplankton on protistan zooplankton, and the
485 remineralization rate of fast-sinking detritus had negative correlations with gravitational flux. The remineralization
486  rate of fast-sinking detritus explained the highest proportion of variability in gravitational flux (45%). Only two
487 parameters (the maximum grazing rate of large vertically-migrating mesozooplankton on small mesozooplankton
488 and the Ivlev constant for large mesozooplankton feeding on small protists) explained >10% of the variability in
489 active transport (19% and 18%, respectively, with both positively correlated with active transport). Notably, none of
490 the parameters most responsible for uncertainty in the BCP were related to phytoplankton bottom-up limitation. We
491 do not believe that this reflects a lack of importance of bottom-up processes in the BCP. Rather, this reflects a much
492 greater uncertainty in parameterizations for zooplankton and non-living organic matter, combined with the

493 importance of these processes to the BCP (Anderson et al. 2013; Cavan et al. 2017).

494 As mentioned previously, two of the most important parameters for determining gravitational flux are the

495 sinking speed (Lsink) and remineralization rate of fast-sinking particles to DON (refgec,cron,pon). Notably, these two
496  parameters are strongly related to the remineralization length scale for these particles

497 (RLS=Lsink/(refgcc,Lron,pontTefaec Lronnta)). We illustrate the impact of variability in RLS on model gravitational
498 flux by focusing on two Lagrangian experiments representative of the CRD (CRD-1) and upwelling-influenced

499 regions of the CCE (1604-3). RLS was strongly correlated with gravitational flux for each experiment (Pearson’s p
500 = 0.62 for both experiments, p<<107). The relationship was not perfectly linear, however (Supp. Fig. 1a,b).

501  Particularly for the CRD experiment, but also for the CCE experiment, there was a threshold effect such that RLS
502  was only weakly correlated with gravitational flux at RLS >~150 m. This resulted from higher RLS values leading
503  to decreased recycling in the system and hence reduced primary production. Comparison of the probability density
504  functions for RLS determined by the OEPwmcemc procedure with probability density functions for only those

505  parameter sets that accurately predicted gravitational flux for these cycles (to =1 standard deviation of the observed
506  value) show that gravitational flux was more accurately predicted for the CCE experiment with RLS values slightly
507  higher than the overall average of the whole dataset (median for the entire dataset was 85 m; median for parameter
508  sets that accurately predicted export for this cycle was 115 m, Supp. Fig. 1c), while it was more accurately predicted
509 for the CRD experiment with RLS values lower than the average for the dataset (median RLS for accurate parameter
510  sets =57 m, Supp. Fig. 1d). This highlights the sensitivity of the model to these parameters while suggesting

511  differences in remineralization length scale between these specific regions, although we caution that RLS calculated
512 above is only for fast-sinking detritus and does not account for the additional gravitational flux mediated by slowly
513 sinking particles.

514  3.5. Model results: Three pathways of export

515 We compared the relative magnitude of the three BCP pathways for all Lagrangian cycles and all OEPwycmc
516  parameter sets (Fig. 9a). Results showed that export was typically dominated by some combination of gravitational
517 and/or mixing flux. Active transport typically contributed a relatively small proportion of export from the base of
518 the euphotic zone (mean = 2.8%, 95% C.1. = 0.02% - 16.5%). Across the dataset, gravitational flux was the

519  dominant export pathway (mean = 56.1%, 7.1% - 99.6%), although mixing was also an important source of export
520 (mean=41.1%, 0% - 92.3%). The large confidence intervals for each of these fluxes highlight the uncertainty in
521  our estimates of the BCP pathways. They also, however, obscure distinct regional variability among the

522 experiments analyzed in our study.

523 During upwelling-influenced experiments in the CCE, mixing and gravitational flux often contributed

524 approximately equally to the BCP, with different parameter sets suggesting either dominance by mixing or

525 gravitational flux. For instance, during CCE cycle 1604-3 (Fig. 9b) gravitational flux contributed an average of 61%
526 (29 — 84%) of export, while mixing was responsible for 35% (12 — 67%). Not every CCE coastal cycle had a

527 relatively even split, however, with some more dominated by sinking flux and others more dominated by mixing
528 flux (e,g. CCE cycle 0605-3 which occurred during a dense coastal dinoflagellate bloom, Fig. 9g). In oligotrophic
529 regions of the CCE and GoM, export was typically dominated by sinking flux, with relatively minor contributions
530 from both mixing and active transport. For instance, during CCE cycle 1408-5 gravitational flux was responsible for
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531 86% (70 — 97%) of export (Fig. 9¢), while during GoM cycle 5 sinking was responsible for 89% (66 — 98%) of

532 export (Fig. 9¢). During CRD experiments, which had relatively high mesozooplankton biomasses relative to

533 phytoplankton biomass, active transport was comparatively more important. For instance, during CRD cycle 1,
534 active transport averaged 6.5% (0.7 — 26%) of export and was more important than mixing flux (4.3%, 0.4 — 12%,
535 Fig. 9d). During the Chatham Rise experiments in the Southern Ocean, export patterns were comparable to those in
536  the upwelling-influenced CCE, driven primarily by gravitational flux and mixing, with gravitational flux slightly
537 more important.

538 Looking at patterns across regions and across the varying conditions on our Lagrangian experiments, the

539 proportion of export driven by vertical mixing was correlated with vertical eddy diffusivity at the base of the

540 euphotic zone (Spearman’s p = 0.64, p<107). This is not surprising, since vertical diffusion drives particulate and
541 dissolved organic matter flux across the euphotic zone. Because sinking and vertical mixing were the two dominant
542 mechanisms of export, vertical eddy diffusivity also showed a strong inverse correlation with gravitational flux

543 (Spearman’s p = -0.64, p<107°). Across all simulations, organic matter mixed out of the euphotic zone was

544 relatively evenly split between DOM and POM, but variability in POM flux was greater (mean = 3.4 + 6.9 mmol N
545  m?d") than variability in DOM (mean = 4.6 = 5.5 mmol N m? d™!). For most simulations (72%), DOM mixing flux
546 exceeded POM mixing flux. However, POM mixing was greater for 66% of the simulations with total mixing flux
547 >20 mmol N m2 d!. Flux of fast-sinking particles exceeded that of slow-sinking particles at the euphotic zone base
548  for 90.5% of simulations, with fast-sinking particles averaging of 2.3 mmol N m= d!' (0.07 — 10.4 mmol N m? d'!)
549  and slow-sinking particles averaging 0.35 mmol N m? d"!' (0.02 — 1.4 mmol N m? d).

550  3.6. Model results: Diel vertical migration and active transport

551 In NEMUROgcp, active transport is driven by two processes: respiration/excretion and mortality at depth. The
552 former is parameterized as a temperature- and size-dependent function representing basal respiration, and is

553  comparatively well constrained by prior experimental work. The latter is parameterized as a density-dependent

554  function representing predator-induced mortality, a process that is highly uncertain because few studies have

555  quantified zooplankton mortality in the mesopelagic ocean. We fit linear regressions to log-transformed active

556  transport plotted against log-transformed mesozooplankton biomass (Fig. 10a) to determine a power law relationship
557  predicting active transport from mesozooplankton biomass: AT = aB°, where AT = active transport (mmol N m d-
558 1), B =biomass (mmol N m?), a=0.0052 + 6x10°, and ¢ = 1.29 + 0.0004, R?> = 0.90, p<<10~. Similar relationships
559  were also determined for the respiration/excretion component of active transport (E = aB®, a = 0.0037 £ 4x10%, b=
560 1.02 £ 0.0005, R? = 0.87, p<<10?) and the mortality component of active transport (M = aB¢, a = 0.00054 = 10, b =
561  2.04+0.001, R*>=0.89, p<<10~?). As expected, since excretion is density-independent while mortality is density-
562  dependent, the exponent of the excretion power law was ~1 and the exponent of the mortality power law was ~2.
563  This led to mortality becoming a greater fraction of total active transport as mesozooplankton biomass increased
564  (Fig. 10d). The transition from active transport dominated almost entirely by respiration to active transport

565  comprised mostly of mortality at depth occurred rapidly as biomass increased past ~5 mmol N m?2. As a result of
566  the density-dependent parameterization of mortality, daytime mortality also increased with increasing zooplankton
567  biomass (m = aB¢, where m is specific mortality (h™) a = 2.6x10"* £ 5x10, and b= 0.995 £ 0.001, R? = 0.68,

568  p<<107?). This generated daily mortality rates (i.c., over a 12-h daytime period) of ~0.3% d’! at a biomass of 1 mmol
569 N m?and~6% d! at a biomass of 20 mmol N m (Fig. 10e). Overall mortality for vertically-migrating

570 mesozooplankton was approximately evenly split between the epi- and mesopelagic, although this ratio was poorly
571  constrained by the model (Fig. 10f). For instance, 9% - 96% of large-mesozooplankton mortality occurred in the
572  mesopelagic (at the 95% C.1.).

573 As suggested by the validation data, vertical migrator biomass was primarily found in the large (>1-mm)
574 mesozooplankton size class. The large mesozooplankton were also predominantly vertical migrators, while the
575 small mesozooplankton were primarily epipelagic residents (Fig 10g). Consequently, large mesozooplankton
576 typically dominated active transport (Fig. 10h) even though small mesozooplankton usually contributed

577 proportionally more to active transport than to biomass as a result of higher specific respiration rates (Fig. 10i).

578 It would be reasonable to assume that predator-induced mortality in the deep ocean would be negatively
579 correlated with the abundance of diel-vertical migrators, because high mortality would yield a competitive
580 advantage for epipelagic-resident zooplankton. For the full dataset, however, we found a negligible correlation
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581  between the mesopelagic mortality term for large mesozooplankton (mortsay,pzpvm) and large mesozooplankton

582 biomass (Spearman’s p =-0.0077). When investigating this correlation for individual experiments, the correlation
583  was sometimes positive and sometimes negative. This lack of a correlation was driven by strong correlations

584  between the mortqday pzovm and both the assimilation efficiency of these zooplankton and their maximum grazing rate
585 on smaller mesozooplankton. This led to a compensatory higher growth rate to offset the higher mortality rate and
586 consequently to a reasonably strong correlation between mortqay,pzpvm and the magnitude of export attributable to
587 predation on large mesozooplankton in the deep ocean (p = 0.25).

588 4. DISCUSSION
589 4.1. Biological carbon pump pathways

590 Gravitational flux is by far the most well studied pathway of the BCP, because it is the only pathway for which
591 direct in situ flux measurements are possible. Nevertheless, incredibly sparse in situ sampling necessitates

592 spatiotemporal extrapolation approaches to derive regional and global estimates of gravitational flux, including the
593 use of forward models, inverse models, and satellite algorithms (e.g., Hauck et al. 2015; Laws et al. 2000; Schlitzer
594 2004). Satellite algorithms, as perhaps the most widely used and cited methods for deriving global estimates,

595 deserve special attention. These approaches have delivered widely varying estimates of the magnitude of

596  gravitational flux, and indeed the algorithms underlying such estimates often differ in the fundamental relationship
597 predicted between sinking particle flux and phytoplankton biomass and production (Dunne et al. 2005; Henson et al.
598  2011; Laws et al. 2000; Siegel et al. 2014). Such studies typically estimate export flux from relationships with net
599 primary production (or surface chlorophyll) and/or temperature because these properties are easily observable by
600  satellite remote sensing. These studies, however, have reached widely differing relationships about the relationships
601  of these properties to export efficiency (e-ratio = gravitational flux / net primary productivity). Indeed, the in situ
602 data compiled here shows no significant dependence of export efficiency on NPP or temperature (Figure 11a),

603  because export efficiency depends not just on temperature and phytoplankton production, but also the community
604  composition of phytoplankton and zooplankton, physiological adaptations of important taxa, and a multitude of

605 ecological interactions (Buesseler and Boyd 2009; Guidi et al. 2016; Turner 2015). Indeed, focusing only on the
606  regions studied here, anomalously high Synechococcus abundances likely results in low export efficiency in the

607 CRD (Saito et al. 2005; Stukel et al. 2013), salp blooms drive very high export in the Chatham Rise (Décima et al. in
608  review), and the diatom Thalassiosira seems to play a particularly important role in export in the CCE (Preston et al.
609  2019; Valencia et al. 2021). In the latter, diatom photophysiological health is a strong predictor of export

610  (Brzezinski et al. 2015), although the diatoms likely sink mainly after grazing by metazooplankton (Morrow et al.
611  2018).

612 Despite the diversity of processes that affect the BCP, many of which are not included in NEMUROgcp, our
613 simulations reasonably reproduce the variability of export efficiency across the study regions, even though results
614  for individual experiments are imprecise (Fig. 11). One important process that drives variability in export efficiency
615 is temporal decoupling of production and export (Henson et al. 2015; Kahru et al. 2020; Laws and Maiti 2019).

616  Despite the use of constant physical forcing throughout our 30-day simulations, they exhibit distinct temporal

617  variability in biogeochemical properties. We highlight results from one experiment in slightly-aged upwelled water
618  off the California coast, using 5 different evenly-spaced parameter sets chosen from our ensemble (Fig. 12). In each
619  of these simulations, net primary production increases early in the simulations, rapidly in some, more gradual in
620  others (Fig. 12a). Net primary production soon diverges in all of the simulations, however, with some gradually
621  decreasing after the first week and others exhibiting blooms. Gravitational flux was even more variable, with one
622 simulation peaking almost immediately and others with substantial temporal lags between net primary production
623 and export (Fig. 12b). This led to substantial temporal variability in export efficiency (Fig. 12c) and quite complex
624 relationships between gravitational flux and net primary production (Fig. 12d).

625 Assessing the accuracy with which the model simulates export due to vertical mixing (variously called the eddy
626 subduction pump, mixed layer pump, and/or physical pump) is more difficult. Previous studies to quantify this

627 process have either relied on indirect biogeochemical proxies (Llort et al. 2018; Stukel and Ducklow 2017) or

628 numerical models (Levy et al. 2013; Omand et al. 2015; Stukel et al. 2018b) to quantify these processes. Our

629  vertical mixing results should be considered with some caution due to our overly simplified one-dimensional

630  physical framework. Nevertheless, it is reassuring that our simulations from the CCE, which showed that vertical
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631 mixing out of the euphotic zone was often similar in magnitude to gravitational flux and at times even higher, is

632 similar to results based on a Lagrangian particle model developed for the region (Stukel et al. 2018b). More realistic
633 estimates for all regions could be derived by coupling NEMUROgcp and our parameter ensembles to a three-

634 dimensional ocean simulation.

635 The magnitude of active transport mediated by diel-vertically migrating zooplankton in the global ocean

636 remains highly uncertain due to a paucity of measurements and the difficulty of constraining the amount of mortality
637  occurring at depth. Studies that include only respiration and/or excretion of zooplankton at depth typically find that
638 active transport is a relatively small fraction of gravitational flux (Hannides et al. 2009; Steinberg et al. 2000).

639 However, more recent studies that have attempted to incorporate mortality experienced in the deep ocean have

640 derived much larger estimates of active transport (Hernandez-Ledn et al. 2019; Kelly et al. 2019; Kiko et al. 2020).
641  These studies should be considered highly uncertain, however, because they necessarily make large assumptions
642 about the amount of zooplankton mortality occurring in the deep ocean, where it has never been directly quantified.
643 Results from our study, which does include mortality at depth, suggests that active transport is a quantitatively

644 important, but never dominant component of the BCP, in line with results from a recent global estimate derived
645 from a combination of satellite remote-sensing products and modeling approaches (Archibald et al. 2019).

646 One aspect of the BCP that our current euphotic-zone only simulations do not address is sequestration

647 efficiency in the mesopelagic (Buesseler and Boyd 2009; Kwon et al. 2009; Marsay et al. 2015). It is reasonable to
648  surmise that the remineralization length scale will vary for different BCP pathways, and be regionally variable as
649 well. With gravitational flux, typically ~50% of particles will sink 100 m beneath the euphotic zone before

650  remineralization, although remineralization length scales are highly variable and the spatial patterns are poorly

651  understood (Buesseler and Boyd 2009; Marsay et al. 2015). Meanwhile, vertically-migrating zooplankton typically
652  reside at depths of 200 — 600 m during the day and hence respire the majority of their carbon dioxide at this depth
653 (Bianchi et al. 2013a), although it is unclear how the inclusion of mortality depth into our understanding of active
654  transport will affect the overall depth of penetration of actively-transported carbon into the deep ocean. Stukel et al.
655 (2018Db), suggested that subducted particles in the southern CCE are mostly remineralized near the base of the

656  euphotic zone with little penetration into the mesopelagic, although in regions with deep convective mixing,

657 signatures of subduction show substantial transport into the deep ocean (Llort et al. 2018; Omand et al. 2015). Boyd
658  etal. (2019) surmised that active transport may have the greatest sequestration efficiency, followed by vertical

659  mixing, then gravitational flux, although their synthesis was only able to draw from the few studies that have

660  quantified these processes and they note that determining the sensitivities of sequestration efficiencies to

661 environmental drivers is crucial to predicting climate change impacts on marine carbon sequestration. We believe
662 that future incorporation of our model ensemble approach into three-dimensional coupled modeling frameworks
663  could be an important step forward in understanding the magnitude, and uncertainty in these processes.

664  4.2. Data-assimilating biogeochemical models

665 Implicit to our OEPwmcmc approach is the philosophical realization that our model (like all biogeochemical

666  models) oversimplifies an incredibly complex system. Hence, we accept that no single solution set will accurately
667 simulate all aspects of the BCP. Instead, we proposed a mechanistic-probabilistic approach that explicitly

668  investigates the ecosystem uncertainty. This contrasts with some other data-assimilation approaches (e.g., gradient-
669 based methods including the variational adjoint, Friedrichs et al. 2007; Lawson et al. 1995; Schartau et al. 2001) that
670  seek to find a single solution that minimizes model-data misfit. While the variational-adjoint approach is

671  computationally efficient and allows objective determination of a single solution that can then be used for high-

672 resolution simulations (Mattern et al. 2017), our work shows that very different parameter sets can result in similar
673 cost function values, despite generating distinctly different model outputs.

674 Our approach has similarities with other biogeochemical model ensemble approaches. For instance, Doron et
675 al. (2013) used an ensemble Kalman filter algorithm to assimilate surface chlorophyll data and determine regional
676  variability in biogeochemical parameters for a simple ecosystem model. Gharamti et al. (2017a; 2017b) used a

677 modified approach to simultaneously estimate model parameters and state variable distributions to enable reasonably
678 accurate ensemble predictions of modeled processes. These Kalman filter approaches are widely used in physical
679 sciences for state estimation, re-analyses, and prediction purposes, although the data-assimilating state variable

680  updates sacrifice true dynamical consistency. Meier et al. (2011) used dynamically consistent model ensembles
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681 generated from three different biogeochemical models forced with four climate projections and three different

682  nutrient loading scenarios to investigate increasing hypoxia in the Baltic Sea. Garnier et al. (2016) used a

683  probabilistic version of the NEMO/PISCES model to generate a 60-member ensemble simulation of chlorophyll in
684  the North Atlantic that accounts for uncertainties in biogeochemical parameters and sub-grid scale processes. Gal et
685 al. (2014) conducted a single model ensemble approach similar to ours in which they perturbed the most sensitive
686  parameters in their model to investigate whether trends associated with different nutrient loading scenarios were
687 consistent across the ensemble, although their approach did not use data assimilation to determine the different

688  parameter values used. Ramondenc et al. (2020) used the statistical model check engine to assimilate laboratory and
689 in situ observations to probabilistically constrain parameters associated with scyphozoan growth and degrowth.

690 Anugerahanti et al. (2018) conducted a model ensemble approach in which, rather than modifying parameter values,
691 they modified the functional form of key transfer functions associated with nutrient uptake, grazing, and mortality
692 while simulated chlorophyll, nutrients, and primary production at 5 time-series sites. They discovered that the

693 model was especially sensitive to modifications the grazing and mortality functions. A further study (Anugerahanti
694 et al. 2020) simultaneously perturbed physical circulation fields and the biogeochemical model and found that

695  results were most sensitive to variability in the biological model. The result of these ensemble approaches is a

696  probabilistic estimate of model outputs that (hopefully) accurately reflects true uncertainty in the system. Our

697 OEPwmcwmc approach, by utilizing field data to automate the choice of parameter sets to be used in the model

698  ensemble, allows us to generate one million different dynamically consistent model realizations that each fit the

699 available data, while simultaneously exploring different regions of the solution space with regard to uncertainties in
700  all of the modeled parameters. We consider this to be a reasonable tradeoff for the increased computational expense
701 of our approach (relative to the variational adjoint or Kalman filter approaches), while noting that each approach has
702  distinct advantages or disadvantages for different applications.

703 An additional novelty of our study is the variety of different data types assimilated into the model (30 different
704  rate and standing stock measurement types). Most data-assimilating biogeochemical models only incorporate data
705 associated with nutrients and/or surface chlorophyll and other remotely-sensed parameters (e.g., Mattern et al. 2014;
706  Wang et al. 2012; Xiao and Friedrichs 2014b). The incorporation of multiple data types spanning trophic levels and
707  biogeochemical processes is important to model validation, because models can often reasonably simulate time

708  series of one particular variable, with unrealistic dynamics of associated trophic levels. Ciavatta et al. (2014) found
709  that assimilation of light attenuation coefficient data improved model prediction of light attenuation coefficient data,
710  but did not improve model estimates of surface chlorophyll, and even degraded model performance in some regions.
711  Furthermore, assimilation of only noisy standing stock data can lead to model overfitting and inability to retrieve
712 accurate model parameters, even in an idealized model (Loptien and Dietze 2015). The few studies that have

713 attempted to incorporate many measurement types have focused on nutrient and phytoplankton parameters. For
714  instance, Kim et al. (2021) assimilated standing stock data associated with 9 model compartments along with net
715  primary production and bacterial production into a model of an Antarctic coastal ecosystem but incorporated no
716  metazoan zooplankton data. In a model simulating three distinct open ocean regions, Luo et al. (2010) incorporated
717  only one zooplankton parameter (mesozooplankton biomass) amongst 17 assimilated data types, mostly associated
718  with non-living compartments. By contrast, we incorporate an extensive suite of group-specific protistan grazing
719 rate measurements and biomass and grazing rate measurements for each of our 4 metazoan zooplankton groups.
720  While these provide realistic bounds within which zooplankton dynamics can vary, zooplankton parameters still
721  remain among the least constrained parameters in our model due to the difficulty of making zooplankton rate

722 measurements (e.g., the paucity of grazing measurement relative to net primary production) and the fact that most
723  zooplankton measurements (derived from net tows) inherently integrate over broad depth ranges. The weak

724 constraints on zooplankton processes are particularly important in light of multiple studies that have shown that even
725 subtle changes in grazing formulations can fundamentally alter biogeochemical behaviors of models (Chenillat et al.
726 2021; Gentleman and Neuheimer 2008; Prowe et al. 2012; Sailley et al. 2015; Sailley et al. 2013; Schartau et al.
727 2017) and the crucial roles of metazoan zooplankton for multiple pathways of the BCP (Buitenhuis et al. 2006;

728 Steinberg and Landry 2017).

729 4.3. Future directions

730 We have highlighted some of the insight about the BCP that can be gleaned from our ensemble data
731 assimilation approach. However, as noted previously, there are many limitations associated with using a simplified
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732 one-dimensional physical framework, and indeed a large portion of our study goal was to set the stage for more

733 advanced uses of NEMUROgcp and OEPumemce. One obvious future step is to incorporate NEMUROgcp into three-
734 dimensional circulation models. Although NEMUROBCP was originally written in Matlab, we are currently

735 adapting it to Fortran compatible with circulation models such as ROMS, HY COM, and MITgem. Three-

736 dimensional NEMUROgcp simulations may take different forms One approach would be to use different parameter
737 sets from the data ensemble in independent model runs, to conduct three-dimensional global biogeochemical model
738 ensembles. Notably, our different parameter sets are equally supported by assimilated field data, yet some predict
739 very different ecosystem states (e. g., they vary in relative proportion of large/small phytoplankton, in turnover times
740 for biota, in partitioning of organic matter between the particulate and dissolved phase, etc.). This ensemble

741  modeling approach would thus allow quantification of BCP uncertainties in four dimensions. An alternate approach
742 would be to use parameter distributions from one-dimensional simulations as prior estimates of parameters for data-
743 assimilation in a three-dimensional model. These prior estimates of each parameter (and the parameter covariance
744 matrix) could be incorporated into the cost function for many different data-assimilation approaches. Comparison to
745 satellite-observed or in situ time-series data would add powerful additional constraints on parameter values.

746 Another future use of the ensemble approach would be to asimulate the results of specific Lagrangian

747 experiments. In the current study, we developed an ensemble of plausible parameter sets that could be used for

748 global ensemble models in the future or as prior distributions for future studies, while also assessing the uncertainty
749 in parameter values. These goals informed our decision to conduct a joint parameter estimation that simultaneously
750  utilized data from all available experiments (rather than estimating different parameter values for each experiment or
751 each region). To simulate ecosystem dynamics for a specific experiment as accurately as possible, one would need
752  to treat initial conditions and boundary values as unknown values to be determined during the optimization

753  procedure. As such, the cost function should formally be defined as a function of these unknown values: J(I¢, By, F,
754 P) where Ic represents the initial conditions (all state variables, all depths), By is the boundary values (i.e., values of
755  the state variables at the bottom boundary of the model), F is the physical forcing, and P is the parameter set. While
756  this introduces a large number of additional unknown variables to solve for, it also justifies use a more stringent cost
757 function (e.g., the likelihood function). Thus to use NEMUROgcp to model a specific Lagrangian experiment (e.g.,
758  time-varying conditions during the North Pacific EXPORTS Lagrangian study, Siegel et al. 2021), we recommend
759  treating our results for estimated global ranges of parameters as prior values in a Bayesian analysis to

760  simultaneously constrain /¢, By, F, and P for that Lagrangian experiment.

761 In the current study, we incorporated a broad suite of standing stock and rate measurements spanning nutrients,
762  phytoplankton, zooplankton, and non-living organic matter, because our goal was to simultaneously constrain all
763  parameters in the model while investigating overall uncertainty in model outputs. However, Loptien & Dietze

764  (2015) noted that specific parameters and processes can be better constrained if only the most relevant type of data is
765 included. We thus suggest that targeted choice of data types to assimilate could allow the use of OEPmcmc for

766  investigation of specific processes that are difficult to directly measure in sifu. For instance, zooplankton mortality
767 at depth has been hypothesized to be a potentially important component of the BCP (Hernandez-Le6n et al. 2019;
768  Kelly et al. 2019), but estimates of zooplankton mortality at depth are typically derived from either allometric

769 relationships between zooplankton size and life span or estimates of mortality made in the upper ocean (Brett and
770  Groves 1979; Hirst and Kigrboe 2002; Ohman and Hirche 2001). By incorporating only the data sources that offer
771 the most constraint on zooplankton parameters (e.g., biomass and grazing rates of each zooplankton group), it may
772 be possible to better constrain the fraction of mortality occurring in the deep ocean.

773 NEMUROgcp was built off of the NEMURO family of models (Kishi et al. 2007), and here we only added extra
774 state variables essential for modeling BCP pathways from the euphotic zone into the mesopelagic. There are, of
775 course, multiple additional processes that are important to simulating marine biogeochemistry and the BCP that are
776 currently absent. Some additional processes that we consider priorities and plan to implement in future versions of
777 NEMUROgcp include variable stoichiometry of organic matter, N, fixation, and additional realism in the microbial
778 community. Elemental stoichiometry (e.g., C:N:P) can vary substantially between different organic pools and

779 across the different BCP pathways (Hannides et al. 2009; Singh et al. 2015), is predicted to change as a result of
780 ocean acidification and/or increased temperature and stratification (Oschlies et al. 2008; Riebesell et al. 2007), and
781 can affect the balance between carbon sequestration and nutrient supply and regeneration leading to potentially
782 enhanced carbon sequestration and growing oxygen minimum zones in a future ocean (Michaels et al. 2001;

783 Oschlies et al. 2008; Riebesell et al. 2007). Adding variable stoichiometry to NEMUROgcp is simple but will
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require the addition of state variables associated with each model compartment that is allowed to vary in its
elemental ratios, with substantial added computational costs. N fixation is simultaneously a source of new
production in the absence of upwelling and a process that can substantially alter elemental stoichiometry in the open
ocean. It could be introduced to the model through a state variable(s) simulating diazotrophs (Hood et al. 2001) or
through implicit parameterization (Ilyina et al. 2013). NEMUROgcp might also benefit from added realism in
microbial dynamics. The roles of heterotrophic bacteria in particle remineralization are currently included implicitly
in the model. Explicit simulation of bacterial biomass and processes such as colonization of particles, microbial
hotspots on sinking particles, production of hydrolytic enzymes, quorum sensing, and predator-prey dynamics with
protists have the potential to more accurately simulate feedbacks that affect remineralization length scales in the
ocean (Mislan et al. 2014; Robinson et al. 2010; Simon et al. 2002). Additionally, the model currently includes only
two phytoplankton, which were explicitly identified as diatoms and non-diatoms in this data-assimilation exercise.
The latter category subsumes a wide variety of different phytoplankton taxa into a group with transfer functions
designed to simulate picophytoplankton (especially cyanobacteria). It thus excludes the presence of mixotrophs,
which are abundant and diverse bacterivores in the open ocean, can survive low-nutrient and low-light conditions by
supplementing their nutritional budget with phagotrophy, and may have distinctly different biogeochemical roles
due to their decreased reliance on dissolved nutrients (Jones 2000; Stoecker et al. 2017).

5. Conclusions

The data assimilation approach utilized here is a computationally feasible method for incorporating a diverse
suite of in situ measurements to objectively define parameter sets for ensemble modeling of the BCP. The 30 data
types assimilated in this study improve constraints on ecosystem dynamics. However, some parameters, especially
those related to metazoan zooplankton, remain poorly constrained by available data, despite assimilation of 8 data
types explicitly representing metazoan zooplankton rates and standing stocks. This likely results from a
combination of the inherently patchy nature of many mesozooplankton populations (i.e., high measurement
uncertainty) and the vertically-integrated nature of zooplankton net tows which obscures simple relationships
between predator abundance, prey abundance, and grazing rates.

The three BCP pathways were spatiotemporally variable across four study regions. Despite a very simple
physical framework, distinct patterns were identified. Active transport was only a dominant contributor to the BCP
in the CRD, where simulations predicted it to be responsible for 20-40% of export from the euphotic zone. Near the
subtropical front of the Southern Ocean and in upwelling-influenced regions of the CCE, both gravitational flux and
vertical mixing were important components of the BCP, with the relative importance of the two determined more by
differences between parameter sets, than by differences between the conditions experienced during specific
Lagrangian experiments. In offshore oligotrophic regions of the CCE and the GoM >80% of export was usually
attributable to gravitational flux, although mixing dominated in a few experiments.

Our ensemble approach highlights uncertainties around model estimates of the BCP that arise from imprecisely
defined parameters. Indeed, variability in many aspects of the BCP is as large comparing different (realistic)
parameter sets within a specific location as it is across regions as distinctly different as the oligotrophic GoM and
coastal CCE. Notably, different realistic parameter sets from our ensembles predict very different export
efficiencies (and hence magnitudes of the gravitational pump) despite similar net primary production. This suggests
that model validation against net primary production (or sea surface chlorophyll) data is insufficient to validate
model skill in simulating BCP variability. The explicit representation of thorium and nitrogen isotope dynamics in
NEMUROgcp should aid in future model validation efforts.
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826 Code Availability
827 Code will be available on GitHub.
828 Data Availability

829  Field data used in this manuscript is available on either the CCE LTER Datazoo repository

830  (https://oceaninformatics.ucsd.edu/datazoo/catalogs/ccelter/datasets) or the Biological and Chemical Oceanography
831 Data Management Office repository: https:/www.bco-dmo.org/project/834957, https://www.bco-

832 dmo.org/project/819488, and https://www.bco-dmo.org/project/754878. For ease of access it is also included in
833 Supp. Tables 2-4. The data file containing all model outputs (from all ensembles) is too large to deposit but can be
834  generated from the code on GitHub. A summarized version (every 1000™ iteration) is included as Supp. Table 7,
835 summary statistics are given in Supp. Table 1, with the correlation and covariance matrices given in Supp. Table 6.

836 Author Contribution

837 MRS developed NEMUROgcp model and performed the simulations. MD led SalpPOOP project. MDO led CCE
838  project. MRL led BLOOFINZ and FIuZIE projects. MRS prepared the manuscript with contributions from all co-
839 authors.

840  Acknowledgements

841 We thank the captains and crews of the R.V.s Melville, Revelle, Knorr, Thompson, Sikuliaq, and Tangaroa and the
842  NOAA ship Nancy Foster. We are also grateful to our many collaborators in the CCE LTER, BLOOFINZ-GoM,
843 CRD FIuZIE, and SalpPOOP Projects, especially Karen Selph, Thomas Kelly, Ralf Goericke, Scott Nodder, Andres
844 Gutierrez-Rodriguez, Jeff Krause, and Karl Safi. This proposal was funded by U. S. National Science Foundation
845  awards OCE1756610 and 1851347 to M.R.S.; OCE-0826626 to M.R.L; and OCE-0417616, OCE-1026607, OCE-
846 1637632, and OCE-1614359 to the CCE LTER Program. It was also funded by the National Oceanic and

847  Atmospheric Administration’s RESTORE Program Grant (Project Title: Effects of nitrogen sources and plankton
848  food-web dynamics on habitat quality for the larvae of ABT in the GoM; under federal funding opportunity NOAA-
849  NOSNCCOS-2017-2004875) and by the Ministry for Business, Innovation and Employment (MBIE) of New

850  Zealand, by NIWA core programs Coast and Oceans Food Webs (COES), Ocean Flows (COOF), and by the Royal
851 Society of New Zealand Marsden Fast-track award to M.D.

852
853  REFERENCES

854  Alldredge, A. 1998. The carbon, nitrogen and mass content of marine snow as a function of aggregate

855 size. Deep-Sea Res. | 45: 529-541.

856 Alldredge, A. L. 1976. Discarded appendicularian houses as sources of food, surface habitats, and

857 particulate organic matter in planktonic environments. Limnol. Oceanogr. 21: 14-23.

858  Anderson, T. R. 2005. Plankton functional type modelling: running before we can walk? J. Plankton Res.
859 27:1073-1081. doi:10.1093/plankt/fbi076

860 Anderson, T. R., D. O. Hessen, A. Mitra, D. J. Mayor, and A. Yool. 2013. Sensitivity of secondary

861 production and export flux to choice of trophic transfer formulation in marine ecosystem

862 models. J. Mar. Sys. 125: 41-53. doi:10.1016/j.jmarsys.2012.09.008

863  Anugerahanti, P., S. Roy, and K. Haines. 2018. A perturbed biogeochemistry model ensemble evaluated
864 against in situ and satellite observations. Biogeosciences 15: 6685-6711.

865  ---. 2020. Perturbed biology and physics signatures in a 1-D ocean biogeochemical model ensemble.
866 Front. in Mar. Sci. 7: 549.

867  Archibald, K. M., D. A. Siegel, and S. C. Doney. 2019. Modeling the impact of zooplankton diel vertical
868 migration on the carbon export flux of the biological pump. Global Biogeochem. Cycles 33: 181-
869 199.

18


https://oceaninformatics.ucsd.edu/datazoo/catalogs/ccelter/datasets
https://www.bco-dmo.org/project/834957
https://www.bco-dmo.org/project/819488
https://www.bco-dmo.org/project/819488
https://www.bco-dmo.org/project/754878
https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

870 Bianchi, D., E. D. Galbraith, D. A. Carozza, K. A. S. Mislan, and C. A. Stock. 2013a. Intensification of open-

871 ocean oxygen depletion by vertically migrating animals. Nat. Geosci. 6: 545-548.

872 do0i:10.1038/nge01837

873 Bianchi, D., C. Stock, E. D. Galbraith, and J. L. Sarmiento. 2013b. Diel vertical migration: Ecological
874 controls and impacts on the biological pump in a one-dimensional ocean model. Global
875 Biogeochem. Cycles 27: 478-491. doi:10.1002/gbc.20031

876 Boeuf, D. and others 2019. Biological composition and microbial dynamics of sinking particulate organic
877 matter at abyssal depths in the oligotrophic open ocean. Proc. Natl. Acad. Sci. U. S. A. 116:
878 11824-11832. doi:10.1073/pnas.1903080116

879 Bopp, L., O. Aumont, P. Cadule, S. Alvain, and M. Gehlen. 2005. Response of diatoms distribution to
880 global warming and potential implications: A global model study. Geophys. Res. Lett. 32: 4.
881 doi:10.1029/2005g1023653

882 Boyd, P. W. 2015. Toward quantifying the response of the oceans' biological pump to climate change.
883 Front. in Mar. Sci. 2: 77.

884 Boyd, P. W., H. Claustre, M. Levy, D. A. Siegel, and T. Weber. 2019. Multi-faceted particle pumps drive
885 carbon sequestration in the ocean. Nature 568: 327-335. d0i:10.1038/s41586-019-1098-2

886  Brett, J., and T. Groves. 1979. Physiological energetics. Fish physiology 8: 280-352.

887 Bruland, K. W., and M. W. Silver. 1981. Sinking rates of fecal pellets from gelatinous zooplankton (salps,

888 pteropods, doliolids). Mar. Biol. 63: 295-300.

889 Brzezinski, M. A. and others 2015. Enhanced silica ballasting from iron stress sustains carbon exportin a
890 frontal zone within the California Current. J. Geophys. Res. Oceans 120: 4654-4669.

891 doi:10.1002/2015jc010829

892 Buesseler, K. O., and P. W. Boyd. 2009. Shedding light on processes that control particle export and flux
893 attenuation in the twilight zone of the open ocean. Limnol. Oceanogr. 54: 1210-1232.

894 doi:10.4319/10.2009.54.4.1210

895 Buitenhuis, E. and others 2006. Biogeochemical fluxes through mesozooplankton. Global Biogeochem.
896 Cycles 20: 18. doi:10.1029/2005GB002511

897 Burd, A. and others 2016. Towards a transformative understanding of the ocean's biological pump:

898 Priorities for future research, p. 36. Report of the NSF Biology of the Biological Pump Workshop,
899 Feb. 19-20, 2016.

900 Burd, A. B, and G. A. Jackson. 2009. Particle Aggregation. Annu. Rev. Mar. Sci. 1: 65-90.

901 doi:10.1146/annurev.marine.010908.163904

902 Carlson, C. A., H. W. Ducklow, and A. F. Michaels. 1994. Annual flux of dissolved organic carbon from the
903 euphotic zone in the northwestern Sargasso Sea. Nature 371: 405-408. doi:10.1038/371405a0
904 Cavan, E. L., S. A. Henson, A. Belcher, and R. Sanders. 2017. Role of zooplankton in determining the

905 efficiency of the biological carbon pump. Biogeosciences 14: 177-186. doi:10.5194/bg-14-177-
906 2017

907 Chenillat, F., P. Riviere, and M. D. Ohman. 2021. On the sensitivity of plankton ecosystem models to the
908 formulation of zooplankton grazing. PloS one 16: e0252033.

909 Ciavatta, S. and others 2014. Assimilation of remotely-sensed optical properties to improve marine

910 biogeochemistry modelling. Prog. Oceanogr. 127: 74-95.

911  Copin-Montégut, G., and B. Avril. 1993. Vertical distribution and temporal variation of dissolved organic
912 carbon in the North-Western Mediterranean Sea. Deep-Sea Res. | 40: 1963-1972.

913 doi:10.1016/0967-0637(93)90041-Z

914 Décima, M., M. R. Landry, M. R. Stukel, L. Lopez-Lopez, and J. W. Krause. 2016. Mesozooplankton

915 biomass and grazing in the Costa Rica Dome: amplifying variability through the plankton food
916 web. J. Plankton Res. 38: 317-330. doi:10.1093/plankt/fbv091

917 Décima, M. and others in review. Salp population-blooms drive 5-fold increases in carbon export flux.
918 Nature Communications.

19


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

919 Dietze, M. C,, D. S. Lebauer, and R. Kooper. 2013. On improving the communication between models

920 and data. Plant, Cell Environ. 36: 1575-1585.

921 Doney, S. C. and others 2004. Evaluating global ocean carbon models: The importance of realistic

922 physics. Global Biogeochem. Cycles 18: n/a-n/a. doi:10.1029/2003gb002150

923 Doron, M., P. Brasseur, J.-M. Brankart, S. N. Losa, and A. Melet. 2013. Stochastic estimation of

924 biogeochemical parameters from Globcolour ocean colour satellite data in a North Atlantic 3D
925 ocean coupled physical-biogeochemical model. J. Mar. Sys. 117: 81-95.

926 Ducklow, H. W., D. K. Steinberg, and K. O. Buesseler. 2001. Upper ocean carbon export and the biological
927 pump. Oceanography 14: 50-58.

928 Dunne, J. P, R. A. Armstrong, A. Gnanadesikan, and J. L. Sarmiento. 2005. Empirical and mechanistic
929 models for the particle export ratio. Global Biogeochem. Cycles 19: GB4026.

930 doi:10.1029/2004GB002390

931 Dutkiewicz, S., J. R. Scott, and M. Follows. 2013. Winners and losers: Ecological and biogeochemical
932 changes in a warming ocean. Global Biogeochem. Cycles 27: 463-477.

933 Field, C. B., M. J. Behrenfeld, J. T. Randerson, and P. Falkowski. 1998. Primary production of the

934 biosphere: Integrating terrestrial and oceanic components. Science 281: 237-240.

935 Follows, M. J., and S. Dutkiewicz. 2011. Modeling Diverse Communities of Marine Microbes, p. 427-451.
936 In C. A. Carlson and S. J. Giovannoni [eds.], Annual Review of Marine Science, Vol 3. Annual

937 Review of Marine Science. Annual Reviews.

938 Follows, M. J., T. Ito, and S. Dutkiewicz. 2006. On the solution of the carbonate chemistry system in

939 ocean biogeochemistry models. Ocean Modelling 12: 290-301.

940 doi:10.1016/j.0cemod.2005.05.004

941 Ford, D., S. Key, R. McEwan, |. Totterdell, and M. Gehlen. 2018. Marine Biogeochemical Modelling and
942 Data Assimilation for Operational Forecasting, Reanalysis, and Climate Research. New Frontiers
943 in Operational Oceanography: 625-652.

944  Fowler, S. W., and L. F. Small. 1972. Sinking rates of euphausiid fecal pellets. Limnol. Oceanogr. 17: 293-
945 &.
946  Franks, P. J. S. 2009. Planktonic ecosystem models: perplexing parameterizations and a failure to fail. J.

947 Plankton Res. 31: 1299-1306. doi:10.1093/plankt/fbp069

948 Freibott, A., A. G. Taylor, K. E. Selph, H. Liu, W. Zhang, and M. R. Landry. 2016. Biomass and composition
949 of protistan grazers and heterotrophic bacteria in the Costa Rica Dome during summer 2010. J.
950 Plankton Res. 38: 230-243. do0i:10.1093/plankt/fbv107

951 Friedrichs, M. A. M. and others 2007. Assessment of skill and portability in regional marine

952 biogeochemical models: Role of multiple planktonic groups. J. Geophys. Res. Oceans 112: 22.
953 do0i:10.1029/2006jc003852

954 Gal, G., V. Makler-Pick, and N. Shachar. 2014. Dealing with uncertainty in ecosystem model scenarios:
955 application of the single-model ensemble approach. Environmental modelling & software 61:
956 360-370.

957  Gargett, A., and T. Garner. 2008. Determining Thorpe scales from ship-lowered CTD density profiles. J.
958 Atmos. and Ocean. Tech. 25: 1657-1670.

959 Garnier, F., J.-M. Brankart, P. Brasseur, and E. Cosme. 2016. Stochastic parameterizations of

960 biogeochemical uncertainties in a 1/4° NEMO/PISCES model for probabilistic comparisons with
961 ocean color data. J. Mar. Sys. 155: 59-72.

962  Gentleman, W. C., and A. B. Neuheimer. 2008. Functional responses and ecosystem dynamics: how
963 clearance rates explain the influence of satiation, food-limitation and acclimation. J. Plankton
964 Res. 30: 1215-1231. doi:10.1093/plankt/fbn078

965  Gerard, T. and others in review. Bluefin Larvae in Oligotrophic Ocean Foodwebs, Investigations of

966 Nutrients to Zooplankton: Overview of the BLOOFINZ-Gulf of Mexico program. J. Plankton Res.

20


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

967 Gharamti, M., A. Samuelsen, L. Bertino, E. Simon, A. Korosov, and U. Daewel. 2017a. Online tuning of

968 ocean biogeochemical model parameters using ensemble estimation techniques: application to
969 a one-dimensional model in the North Atlantic. J. Mar. Sys. 168: 1-16.

970  Gharamti, M. and others 2017b. Ensemble data assimilation for ocean biogeochemical state and

971 parameter estimation at different sites. Ocean Modelling 112: 65-89.

972 Goericke, R. 2011. The size structure of marine phytoplankton - What are the rules? California

973 Cooperative Oceanic Fisheries Investigations Reports 52: 198-204.

974  Guidi, L. and others 2016. Plankton networks driving carbon export in the oligotrophic ocean. Nature
975 532: 465-470. doi:10.1038/nature16942

976 Hannides, C. C. S., M. R. Landry, C. R. Benitez-Nelson, R. M. Styles, J. P. Montoya, and D. M. Karl. 2009.
977 Export stoichiometry and migrant-mediated flux of phosphorus in the North Pacific Subtropical
978 Gyre. Deep-Sea Res. | 56: 73-88. doi:10.1016/].dsr.2008.08.003

979 Hansen, J. L. S., T. Kiorboe, and A. L. Alldredge. 1996. Marine snow derived from abandoned larvacean
980 houses: Sinking rates, particle content and mechanisms of aggregate formation. Mar. Ecol. Prog.
981 Ser. 141: 205-215. doi:10.3354/meps141205

982  Hauck, J. and others 2015. On the Southern Ocean CO2 uptake and the role of the biological carbon
983 pump in the 21st century. Global Biogeochem. Cycles 29: 1451-1470.

984 doi:10.1002/2015gb005140

985 Henson, S. A., R. Sanders, E. Madsen, P. J. Morris, F. Le Moigne, and G. D. Quartly. 2011. A reduced

986 estimate of the strength of the ocean's biological carbon pump. Geophys. Res. Lett. 38: L04606.
987 doi:10.1029/2011GL046735

988 Henson, S. A, A. Yool, and R. Sanders. 2015. Variability in efficiency of particulate organic carbon export:
989 A model study. Global Biogeochem. Cycles 29: 33-45. doi:10.1002/2014gb004965

990 Hernandez-Ledn, S. and others 2019. Zooplankton and Micronekton Active Flux Across the Tropical and
991 Subtropical Atlantic Ocean. Front. in Mar. Sci. 6. doi:10.3389/fmars.2019.00535

992 Hirst, A., and T. Kigrboe. 2002. Mortality of marine planktonic copepods: global rates and patterns. Mar.
993 Ecol. Prog. Ser. 230: 195-209.
994 Honjo, S., S. J. Manganini, R. A. Krishfield, and R. Francois. 2008. Particulate organic carbon fluxes to the

995 ocean interior and factors controlling the biological pump: A synthesis of global sediment trap
996 programs since 1983. Prog. Oceanogr. 76: 217-285. doi:10.1016/j.pocean.2007.11.003
997 Hood, R. R., N. R. Bates, D. G. Capone, and D. B. Olson. 2001. Modeling the effect of nitrogen fixation on
998 carbon and nitrogen fluxes at BATS. Deep-Sea Res. |1 48: 1609-1648.
999 Ilyina, T., K. D. Six, J. Segschneider, E. Maier-Reimer, H. Li, and |. Ndifiez-Riboni. 2013. Global ocean
1000 biogeochemistry model HAMOCC: Model architecture and performance as component of the
1001 MPI-Earth system model in different CMIP5 experimental realizations. Journal of Advances in
1002 Modeling Earth Systems 5: 287-315. do0i:10.1029/2012ms000178

1003  Jackson, G. A. 2001. Effect of coagulation on a model planktonic food web. Deep-Sea Res. | 48: 95-123.
1004  Jones, R. I. 2000. Mixotrophy in planktonic protists: an overview. Freshwater Biology 45: 219-226.
1005 Kahru, M., R. Goericke, T. B. Kelly, and M. R. Stukel. 2020. Satellite estimation of carbon export by

1006 sinking particles in the California Current calibrated with sediment trap data. Deep-Sea Res. Il
1007 173: 104639. doi:10.1016/j.dsr2.2019.104639

1008 Kaufman, D. E., M. A. Friedrichs, J. C. Hemmings, and W. O. Smith Jr. 2018. Assimilating bio-optical glider
1009 data during a phytoplankton bloom in the southern Ross Sea. Biogeosciences 15: 73-90.

1010 Kelly, T. B., P. R. Davison, R. Goericke, M. R. Landry, M. D. Ohman, and M. R. Stukel. 2019. The

1011 Importance of Mesozooplankton Diel Vertical Migration for Supporting a Mesopelagic

1012 Ecosystem. Front. in Mar. Sci. 6: 508. doi:10.3389/fmars.2019.00508

1013 Kiko, R. and others 2020. Zooplankton-Mediated Fluxes in the Eastern Tropical North Atlantic. Front. in
1014 Mar. Sci. 7. doi:10.3389/fmars.2020.00358

21


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1015 Kim, H. H., Y.-W. Luo, H. W. Ducklow, O. M. Schofield, D. K. Steinberg, and S. C. Doney. 2021. WAP-1D-

1016 VAR v1. 0: development and evaluation of a one-dimensional variational data assimilation

1017 model for the marine ecosystem along the West Antarctic Peninsula. Geoscientific Model

1018 Development 14: 4939-4975.

1019 Kirchner, M. 1995. Microbial colonization of copepod body surfaces and chitin degradation in the sea.
1020 Helgolander Meeresuntersuchungen 49: 201-212.

1021 Kishi, M. J., S.-i. Ito, B. A. Megrey, K. A. Rose, and F. E. Werner. 2011. A review of the NEMURO and

1022 NEMURO.FISH models and their application to marine ecosystem investigations. Journal of
1023 oceanography 67: 3-16.

1024 Kishi, M. J. and others 2007. NEMURO - a lower trophic level model for the North Pacific marine

1025 ecosystem. Ecol. Model. 202: 12-25. doi:10.1016/j.ecolmodel.2006.08.021

1026  Knapp, A. N. and others 2021. Constraining the sources of nitrogen fueling export production in the Gulf
1027 of Mexico using nitrogen isotope budgets. J. Plankton Res. doi:10.1093/plankt/fbab049

1028  Kranz, S. A. and others 2020. Lagrangian Studies of Marine Production: A Multimethod Assessment of
1029 Productivity Relationships in the California Current Ecosystem Upwelling Region. J. Geophys.
1030 Res. Oceans 125: €2019JC015984. doi:10.1029/2019jc015984

1031 Krause, J. W. and others 2015. Variability in diatom contributions to biomass, organic matter production
1032 and export across a frontal gradient in the California Current Ecosystem. J. Geophys. Res. Oceans
1033 120: 1032-1047. doi:10.1002/2014jc010472

1034 Krause, J. W., M. R. Stukel, A. G. Taylor, D. A. Taniguchi, A. De Verneil, and M. R. Landry. 2016. Net

1035 biogenic silica production and the contribution of diatoms to new production and organic

1036 matter export in the Costa Rica Dome ecosystem. J. Plankton Res. 38: 216-229.

1037 doi:10.1093/plankt/fbv077

1038 Kriest, 1., V. Sauerland, S. Khatiwala, A. Srivastav, and A. Oschlies. 2017. Calibrating a global three-

1039 dimensional biogeochemical ocean model (MOPS-1.0). Geosci. Model Dev. 10: 127-154.

1040 doi:10.5194/gmd-10-127-2017

1041 Kwon, E. Y., F. Primeau, and J. L. Sarmiento. 2009. The impact of remineralization depth on the air-sea
1042 carbon balance. Nat. Geosci. 2: 630-635. doi:10.1038/NGE0O612

1043 Landry, M. R., A. De Verneil, J. . Goes, and J. W. Moffett. 2016a. Plankton dynamics and biogeochemical
1044 fluxes in the Costa Rica Dome: introduction to the CRD Flux and Zinc Experiments. J. Plankton
1045 Res. 38: 167-182. d0i:10.1093/plankt/fbv103

1046 Landry, M. R., M. D. Ohman, R. Goericke, M. R. Stukel, and K. Tsyrklevich. 2009. Lagrangian studies of
1047 phytoplankton growth and grazing relationships in a coastal upwelling ecosystem off Southern
1048 California. Prog. Oceanogr. 83: 208-216. doi:10.1016/j.pocean.2009.07.026

1049 Landry, M. R. and others 2016b. Phytoplankton production and grazing balances in the Costa Rica Dome.
1050 J. Plankton Res. 38: 366-379. doi:10.1093/plankt/fbv089

1051 Landry, M. R. and others 2021. Microbial food web dynamics in the oceanic Gulf of Mexico. J. Plankton
1052 Res. d0i:10.1093/plankt/fbab021
1053 Landry, M. R,, K. E. Selph, A. G. Taylor, M. Décima, W. M. Balch, and R. R. Bidigare. 2011. Phytoplankton

1054 growth, grazing and production balances in the HNLC equatorial Pacific. Deep-Sea Res. Il 58:
1055 524-535,

1056  Landry, M. R., and R. Swalethorp. 2021. Mesozooplankton biomass, grazing and trophic structure in the
1057 bluefin tuna spawning area of the oceanic Gulf of Mexico. J. Plankton Res.

1058 Laws, E. A, E. D'Sa, and P. Naik. 2011. Simple equations to estimate ratios of new or export production
1059 to total production from satellite-derived estimates of sea surface temperature and primary
1060 production. Limnol. Oceanogr. Meth. 9: 593-601. do0i:10.4319/lom.2011.9.593

1061 Laws, E. A, P. G. Falkowski, W. O. Smith, H. Ducklow, and J. J. McCarthy. 2000. Temperature effects on
1062 export production in the open ocean. Global Biogeochem. Cycles 14: 1231-1246.

22


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1063 Laws, E. A., and K. Maiti. 2019. The relationship between primary production and export production in

1064 the ocean: Effects of time lags and temporal variability. Deep-Sea Res. | 148: 100-107.

1065 doi:10.1016/j.dsr.2019.05.006

1066 Lawson, L. M., Y. H. Spitz, E. E. Hofmann, and R. B. Long. 1995. A Data Assimilation Technique Applied to
1067 a Predator-Prey Model. Bulletin of Mathematical Biology 57: 593-617.

1068 Lebrato, M. and others 2013. Jelly biomass sinking speed reveals a fast carbon export mechanism.
1069 Limnol. Oceanogr. 58: 1113-1122. doi:10.4319/10.2013.58.3.1113

1070  Levy, M., L. Bopp, P. Karleskind, L. Resplandy, C. Ethe, and F. Pinsard. 2013. Physical pathways for carbon
1071 transfers between the surface mixed layer and the ocean interior. Global Biogeochem. Cycles
1072 27:1001-1012. doi:10.1002/gbc.20092

1073 Li, Q. P., P. J. S. Franks, M. R. Landry, R. Goericke, and A. G. Taylor. 2010. Modeling phytoplankton

1074 growth rates and chlorophyll to carbon ratios in California coastal and pelagic ecosystems.
1075 Journal of Geophysical Research-Biogeosciences 115: G04003. doi:1029/2009JG001111

1076 Llort, J., C. Langlais, R. Matear, S. Moreau, A. Lenton, and P. G. Strutton. 2018. Evaluating Southern
1077 Ocean Carbon Eddy-Pump From Biogeochemical-Argo Floats. J. Geophys. Res. Oceans: n/a-n/a.
1078 doi:10.1002/2017jc012861

1079 Longhurst, A. R., A. W. Bedo, W. G. Harrison, E. J. H. Head, and D. D. Sameoto. 1990. Vertical flux of
1080 respiratory carbon by oceanic diel migrant biota. Deep Sea Res. 37: 685-694.

1081 Loptien, U., and H. Dietze. 2015. Constraining parameters in marine pelagic ecosystem models—is it
1082 actually feasible with typical observations of standing stocks? Ocean Science 11: 573-590.

1083 Luo, Y. W., M. A. M. Friedrichs, S. C. Doney, M. J. Church, and H. W. Ducklow. 2010. Oceanic

1084 heterotrophic bacterial nutrition by semilabile DOM as revealed by data assimilative modeling.
1085 Aquatic Microbial Ecology 60: 273-U143. doi:10.3354/ame01427

1086 Marsay, C. M., R. J. Sanders, S. A. Henson, K. Pabortsava, E. P. Achterberg, and R. S. Lampitt. 2015.
1087 Attenuation of sinking particulate organic carbon flux through the mesopelagic ocean. Proc.
1088 Natl. Acad. Sci. U. S. A. 112: 1089-1094. d0i:10.1073/pnas.1415311112

1089 Martin, J. H., G. A. Knauer, D. M. Karl, and W. W. Broenkow. 1987. Vertex: carbon cycling in the

1090 northeast Pacific. Deep Sea Res. 34: 267-285.

1091 Mattern, J. P., and C. A. Edwards. 2019. A Simple Finite Difference-Based Approximation for

1092 Biogeochemical Tangent Linear and Adjoint Models. J. Geophys. Res. Oceans 124: 4-26.

1093 Mattern, J. P., K. Fennel, and M. Dowd. 2014. Periodic time-dependent parameters improving

1094 forecasting abilities of biological ocean models. Geophys. Res. Lett. 41: 6848-6854.

1095 doi:10.1002/2014g1061178

1096 Mattern, J. P., H. Song, C. A. Edwards, A. M. Moore, and J. Fiechter. 2017. Data assimilation of physical
1097 and chlorophyll a observations in the California Current System using two biogeochemical
1098 models. Ocean Modelling 109: 55-71.

1099 Meier, H. M. and others 2011. Hypoxia in future climates: A model ensemble study for the Baltic Sea.
1100 Geophys. Res. Lett. 38.

1101 Metropolis, N., A. W. Rosenbluth, M. N. Rosenbluth, A. H. Teller, and E. Teller. 1953. Equation of state
1102 calculations by fast computing machines. The journal of chemical physics 21: 1087-1092.

1103 Michaels, A. F., D. M. Karl, and D. G. Capone. 2001. Element stoichiometry, new production and nitrogen
1104 fixation. OCEANOGRAPHY-WASHINGTON DC-OCEANOGRAPHY SOCIETY- 14: 68-77.

1105 Mislan, K. A. S., C. A. Stock, J. P. Dunne, and J. L. Sarmiento. 2014. Group behavior among model bacteria
1106 influences particulate carbon remineralization depths. J. Mar. Res. 72: 183-218.

1107 doi:10.1357/002224014814901985

1108 Morrow, R. M., M. D. Ohman, R. Goericke, T. B. Kelly, B. M. Stephens, and M. R. Stukel. 2018. Primary
1109 Productivity, Mesozooplankton Grazing, and the Biological Pump in the California Current
1110 Ecosystem: Variability and Response to El Nifio. Deep-Sea Res. | 140: 52-62. doi:10.1016/j.dsr.
1111 2018.07.012

23


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1112 Ohman, M. D., K. Barbeau, P. J. S. Franks, R. Goericke, M. R. Landry, and A. J. Miller. 2013. Ecological
1113 Transitions in a Coastal Upwelling Ecosystem. Oceanography 26: 210-219.

1114  Ohman, M. D., and H. J. Hirche. 2001. Density-dependent mortality in an oceanic copepod population.
1115 Nature 412: 638-641.

1116  Omand, M. M. and others 2015. Eddy-driven subduction exports particulate organic carbon from the
1117 spring bloom. Science 348: 222-225. doi:10.1126/science.1260062

1118  Oschlies, A. 2006. On the use of data assimilation in biogeochemical modelling. Springer.

1119 Oschlies, A., K. G. Schulz, U. Riebesell, and A. Schmittner. 2008. Simulated 21st century's increase in

1120 oceanic suboxia by CO2-enhanced biotic carbon export. Global Biogeochem. Cycles 22: GB4008.
1121 doi:10.1029/2007gb003147

1122  Owens, S. A., K. O. Buesseler, and K. W. W. Sims. 2011. Re-evaluating the *38U-salinity relationship in
1123 seawater: Implications for the *8U-2**Th disequilibrium method. Mar. Chem. 127: 31-39.

1124 doi:10.1016/j.marchem.2011.07.005

1125 Parekh, P., M. J. Follows, S. Dutkiewicz, and T. Ito. 2006. Physical and biological regulation of the soft
1126 tissue carbon pump. Paleoceanography 21. doi:Pa3001

1127  10.1029/2005pa001258
1128  Passow, U., A. L. Alldredge, and B. E. Logan. 1994. The role of particulate carbohydrate exudates in the

1129 flocculation of diatom blooms. Deep-Sea Res. | 41: 335-357.

1130 Plattner, G. K., N. Gruber, H. Frenzel, and J. C. McWilliams. 2005. Decoupling marine export production
1131 from new production. Geophys. Res. Lett.: doi:10.1029/2005GL022660.

1132 doi:d0i:10.1029/2005GL022660

1133 Poulsen, L. K., and T. Kiorboe. 2005. Coprophagy and coprorhexy in the copepods Acartia tonsa and
1134 Temora longicornis: clearance rates and feeding behaviour. Mar. Ecol. Prog. Ser. 299: 217-227.
1135 Preston, C. M., C. A. Durkin, and K. M. Yamahara. 2019. DNA metabarcoding reveals organisms

1136 contributing to particulate matter flux to abyssal depths in the North East Pacific ocean. Deep-
1137 Sea Res. Il: 104708.

1138 Prowe, A. F., M. Pahlow, S. Dutkiewicz, M. Follows, and A. Oschlies. 2012. Top-down control of marine
1139 phytoplankton diversity in a global ecosystem model. Prog. Oceanogr. 101: 1-13.

1140 Ramondenc, S., D. Eveillard, L. Guidi, F. Lombard, and B. Delahaye. 2020. Probabilistic modeling to
1141 estimate jellyfish ecophysiological properties and size distributions. Scientific reports 10: 1-13.
1142 Resplandy, L., M. Lévy, and D. J. Mcgillicuddy. 2019. Effects of eddy-driven subduction on ocean

1143 biological carbon pump. Global Biogeochem. Cycles 33: 1071-1084. doi:10.1029/2018GB006125
1144  Resplandy, L. and others 2012. How does dynamical spatial variability impact 234Th-derived estimates
1145 of organic export? Deep-Sea Res. | 68: 24-45. d0i:10.1016/j.dsr.2012.05.015

1146  Riebesell, U. and others 2007. Enhanced biological carbon consumption in a high CO2 ocean. Nature
1147 450: 545-548. doi:10.1038/nature06267

1148  Robinson, C. and others 2010. Mesopelagic zone ecology and biogeochemistry — a synthesis. Deep-Sea
1149 Res. 11 57: 1504-1518. d0i:10.1016/j.dsr2.2010.02.018

1150 Sailley, S. F., L. Polimene, A. Mitra, A. Atkinson, and J. I. Allen. 2015. Impact of zooplankton food

1151 selectivity on plankton dynamics and nutrient cycling. J. Plankton Res. 37: 519-529.

1152  Sailley, S. F. and others 2013. Comparing food web structures and dynamics across a suite of global
1153 marine ecosystem models. Ecol. Model. 261: 43-57. doi:10.1016/j.ecolmodel.2013.04.006
1154  Saito, M. A,, G. Rocap, and J. W. Moffett. 2005. Production of cobalt binding ligands in a Synechococcus
1155 feature at the Costa Rica upwelling dome. Limnol. Oceanogr. 50: 279-290.

1156 Schartau, M., A. Oschlies, and J. Willebrand. 2001. Parameter estimates of a zero-dimensional

1157 ecosystem model applying the adjoint method. Deep-Sea Research Part li-Topical Studies in
1158 Oceanography 48: 1769-1800. doi:10.1016/s0967-0645(00)00161-2

1159 Schartau, M. and others 2017. Reviews and syntheses: parameter identification in marine planktonic
1160 ecosystem modelling. Biogeosciences (BG) 14: 1647-1701.

24


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1161  Schlitzer, R. 2004. Export production in the equatorial and North Pacific derived from dissolved oxygen,

1162 nutrient and carbon data. Journal of Oceanography 60: 53-62.

1163 doi:10.1023/B:JOCE.0000038318.38916.e6

1164  Schlunegger, S. and others 2019. Emergence of anthropogenic signals in the ocean carbon cycle. Nature
1165 climate change 9: 719-725.

1166  Selph, K. E. and others 2021. Phytoplankton community composition and biomass in the oligotrophic
1167 Gulf of Mexico. J. Plankton Res. doi:10.1093/plankt/fbab006

1168 Shen, C., H. Shi, Y. Liu, F. Li, and D. Ding. 2016. Discussion of skill improvement in marine ecosystem
1169 dynamic models based on parameter optimization and skill assessment. Chinese Journal of
1170 Oceanology and Limnology 34: 683-696.

1171 Shropshire, T. A. and others 2020. Quantifying spatiotemporal variability in zooplankton dynamics in the
1172 Gulf of Mexico with a physical-biogeochemical model. Biogeosciences 17: 3385-3407.

1173 doi:10.5194/bg-17-3385-2020

1174  Siegel, D. A. and others 2016. Prediction of the export and fate of global ocean net primary production:
1175 the EXPORTS science plan. Front. in Mar. Sci. 3: 22.

1176 Siegel, D. A,, K. O. Buesseler, S. C. Doney, S. F. Sailley, M. J. Behrenfeld, and P. W. Boyd. 2014. Global
1177 assessment of ocean carbon export by combining satellite obervations and food-web models.
1178 Global Biogeochem. Cycles 28: 181-196. doi:10.1002/2013GB004743

1179  Siegel, D. A. and others 2021. An operational overview of the EXport Processes in the Ocean from

1180 RemoTe Sensing (EXPORTS) Northeast Pacific field deployment. University of California Press.
1181  Simon, M., H. P. Grossart, B. Schweitzer, and H. Ploug. 2002. Microbial ecology of organic aggregates in
1182 aquatic ecosystems. Aquatic Microbial Ecology 28: 175-211.

1183 Singh, A., S. Baer, U. Riebesell, A. Martiny, and M. Lomas. 2015. C: N: P stoichiometry at the Bermuda
1184 Atlantic Time-series Study station in the North Atlantic Ocean. Biogeosciences 12: 6389-6403.

1185  Small, L. F., S. W. Fowler, and M. Y. Unlu. 1979. Sinking rates of natural copepod fecal pellets. Mar. Biol.
1186 51:233-241.
1187  Smayda, T. J. 1970. The suspension and sinking of phytoplankton in the sea. Oceanography and Marine

1188 Biology Annual Review 8: 353-414.

1189 Steinberg, D. K., C. A. Carlson, N. R. Bates, S. A. Goldthwait, L. P. Madin, and A. F. Michaels. 2000.
1190 Zooplankton vertical migration and the active transport of dissolved organic and inorganic
1191 carbon in the Sargasso Sea. Deep-Sea Res. | 47: 137-158.

1192  Steinberg, D. K., and M. R. Landry. 2017. Zooplankton and the ocean carbon cycle. Annu. Rev. Mar. Sci.
1193 9: 413-444.
1194 Steinberg, D. K., B. A. S. Van Mooy, K. O. Buesseler, P. W. Boyd, T. Kobari, and D. M. Karl. 2008. Bacterial

1195 vs. zooplankton control of sinking particle flux in the ocean's twilight zone. Limnol. Oceanogr.
1196 53:1327-1338. d0i:10.4319/10.2008.53.4.1327

1197 Stephens, B., M. Porrachia, S. Dovel, M. Roadman, R. Goericke, and L. Aluwihare. 2018. Non-sinking
1198 organic matter production in the California Current. Global Biogeochem. Cycles.

1199 Stoecker, D. K., P. J. Hansen, D. A. Caron, and A. Mitra. 2017. Mixotrophy in the Marine Plankton. Annu.
1200 Rev. Mar. Sci. 9: 311-335.
1201  Stukel, M. R. and others 2017. Mesoscale ocean fronts enhance carbon export due to gravitational

1202 sinking and subduction. Proc. Natl. Acad. Sci. U. S. A. 114: 1252-1257.

1203 doi:10.1073/pnas.1609435114

1204 Stukel, M. R., C. Benitez-Nelson, M. Décima, A. G. Taylor, C. Buchwald, and M. R. Landry. 2016. The

1205 biological pump in the Costa Rica Dome: An open ocean upwelling system with high new

1206 production and low export. J. Plankton Res. 38: 348-365. doi:10.1093/plankt/fov097

1207  Stukel, M. R., M. Décima, and T. B. Kelly. 2018a. A new approach for incorporating 15N isotopic data into
1208 linear inverse ecosystem models with Markov Chain Monte Carlo sampling. PloS one 13:

1209 €0199123. doi:10.1371/journal.pone.0199123

25


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1210 Stukel, M. R., M. Décima, K. E. Selph, D. A. A. Taniguchi, and M. R. Landry. 2013. The role of

1211 Synechococcus in vertical flux in the Costa Rica upwelling dome. Prog. Oceanogr. 112-113: 49-
1212 59. doi:10.1016/j.pocean.2013.04.003

1213 Stukel, M. R., and H. W. Ducklow. 2017. Stirring up the biological pump: Vertical mixing and carbon
1214 export in the Southern Ocean. Global Biogeochem. Cycles 31: 1420-1434.

1215 doi:10.1002/2017GB005652

1216  Stukel, M. R. and others 2015. Using Lagrangian-based process studies to test satellite algorithms of
1217 vertical carbon flux in the eastern North Pacific Ocean. J. Geophys. Res. Oceans 120: 7208-7222.
1218 doi:10.1002/2015JC011264

1219 Stukel, M. R. and others 2019a. The Carbon:2**Thorium ratios of sinking particles in the California

1220 Current Ecosystem 1: Relationships with plankton ecosystem dynamics. Mar. Chem. 212: 1-15.
1221 doi:10.1016/j.marchem.2019.01.003

1222 Stukel, M. R., T. B. Kelly, M. R. Landry, K. E. Selph, and R. Swalethorp. 2021. Sinking carbon, nitrogen, and
1223 pigment flux within and beneath the euphotic zone in the oligotrophic, open-ocean Gulf of
1224 Mexico. J. Plankton Res. doi:10.1093/plankt/fbab001

1225  Stukel, M. R., M. D. Ohman, T. B. Kelly, and T. Biard. 2019b. The roles of suspension-feeding and flux-
1226 feeding zooplankton as gatekeepers of particle flux into the mesopelagic ocean. Front. in Mar.
1227 Sci. 6: 397. d0i:10.3389/fmars.2019.00397

1228 Stukel, M. R., H. Song, R. Goericke, and A. J. Miller. 2018b. The role of subduction and gravitational

1229 sinking in particle export, carbon sequestration, and the remineralization length scale in the
1230 California Current Ecosystem. Limnol. Oceanogr. 63: 363-383. d0i:10.1002/In0.10636

1231 Taylor, A. G., R. Goericke, M. R. Landry, K. E. Selph, D. A. Wick, and M. J. Roadman. 2012. Sharp gradients
1232 in phytoplankton community structure across a frontal zone in the California Current Ecosystem.
1233 J. Plankton Res. 34: 778-789. doi:10.1093/plankt/fbs036

1234  Taylor, A. G., M. R. Landry, A. Freibott, K. E. Selph, and A. Gutierrez-Rodriguez. 2016. Patterns of

1235 microbial community biomass, composition and HPLC diagnostic pigments in the Costa Rica
1236 upwelling dome. J. Plankton Res. doi:10.1093/plankt/fbv086

1237  Turner, J. T. 2015. Zooplankton fecal pellets, marine snow, phytodetritus and the ocean’s biological
1238 pump. Prog. Oceanogr. 130: 205-248. doi:10.1016/j.pocean.2014.08.005

1239  Valencia, B. and others 2021. Relating sinking and suspended microbial communities in the California
1240 Current Ecosystem: digestion resistance and the contributions of phytoplankton taxa to export.
1241 Environmental Microbiology 23: 6734-6748. doi:10.1111/1462-2920.15736

1242  Volk, T., and M. I. Hoffert. 1985. Ocean carbon pumps: Analysis of relative strengths and efficiencies in
1243 ocean-driven atmospheric CO; changes, p. 99-110. /n E. T. Sundquist and W. S. Broeker [eds.],
1244 The Carbon Cycle and Atmospheric CO2: Natural Variations Archean to Present. American

1245 Geophysical Union.

1246 Wang, C. H., X. Y. Li, and X. Q. Lv. 2012. Adjoint Assimilation of SeaWiFS data into a Marine Ecosystem
1247 Dynamical Model of the Bohai Sea and the North Yellow Sea. 18th Biennial Isem Conference on
1248 Ecological Modelling for Global Change and Coupled Human and Natural System 13: 2045-2061.
1249 doi:10.1016/j.proenv.2012.01.195

1250 Ward, B. A., M. Schartau, A. Oschlies, A. P. Martin, M. J. Follows, and T. R. Anderson. 2013. When is a
1251 biogeochemical model too complex? Objective model reduction and selection for North Atlantic
1252 time-series sites. Prog. Oceanogr. 116: 49-65. doi:10.1016/j.pocean.2013.06.002

1253 Xiao, Y., and M. A. M. Friedrichs. 2014a. Using biogeochemical data assimilation to assess the relative
1254 skill of multiple ecosystem models in the Mid-Atlantic Bight: effects of increasing the complexity
1255 of the planktonic food web. Biogeosciences 11: 3015-3030. doi:10.5194/bg-11-3015-2014

1256 Xiao, Y. J., and M. A. M. Friedrichs. 2014b. The assimilation of satellite-derived data into a one-

1257 dimensional lower trophic level marine ecosystem model. J. Geophys. Res. Oceans 119: 2691-
1258 2712. d0i:10.1002/2013jc009433

26


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1259  Yamamoto, A., A. Abe-Ouchi, and Y. Yamanaka. 2018. Long-term response of oceanic carbon uptake to

1260 global warming via physical and biological pumps. Biogeosciences 15: 4163-4180.

1261  Yingling, N. and others 2021. Taxon-specific phytoplankton growth, nutrient limitation, and light

1262 limitation in the oligotrophic Gulf of Mexico. J. Plankton Res. doi:10.1093/plankt/fbab028
1263 Yoshie, N., Y. Yamanaka, K. A. Rose, D. L. Eslinger, D. M. Ware, and M. J. Kishi. 2007. Parameter

1264 sensitivity study of the NEMURO lower trophic level marine ecosystem model. Ecol. Model. 202:
1265 26-37. doi:10.1016/j.ecolmodel.2006.07.043

1266  Yoshikawa, C., Y. Yamanaka, and T. Nakatsuka. 2005. An Ecosystem Model Including Nitrogen Isotopes:
1267 Perspectives on a Study of the Marine Nitrogen Cycle. Journal of oceanography 61: 921-942.
1268 do0i:10.1007/s10872-006-0010-5

1269

1270

1271

1272

27


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

1273 Table 1. State variables in NEMUROBgcp

Abbreviation Description Units
Core model
SP Small (non-diatom) phytoplankton mmol N m?3
LP Large phytoplankton (diatoms) mmol N m?3
Sz Small (protistan) zooplankton mmol N m?3
LZRES <1-mm epipelagic-resident mesozoopankton mmol N m?3
LZDVM <1-mm diel-vertically-migrating mesozooplankton mmol N m?3
PZRES >1-mm epipelagic-resident mesozoopankton mmol N m?
PZDVM >1-mm diel-vertically-migrating mesozooplankton mmol N m?
NO Nitrate mmol N m?3
NH Ammonium mmol N m?3
PON Slowly-sinking detritus mmol N m?3
LPON Rapidly-sinking detritus mmol N m?
DON Labile dissolved organic nitrogen mmol N m™
DONref Refractory dissolved organic nitrogen mmol N m™
Sl Silicic acid mmol Si m3
opP Slowly-sinking opal (biogenic silica) mmol Si m?3
LOP Rapidly-sinking opal (biogenic silica) mmol Si m?3
CHLeps Chlorophyll associated with small phytoplankton mg Chlam?
CHLp, Chlorophyll associated with large phytoplankton mg Chla m?3
(0)4% Dissolved oxygen mmol O m?3
Carbon submodule
DIC Dissolved inorganic carbon mmol C m?3
ALK Alkalinity mmol m?3
Z4Thorium submodule
dTh Dissolved #**Th dpm L*?
SPh 234Th adsorbed to small phytoplankton dpm L*?
LP 234Th adsorbed to large phytoplankton dpm L*
SZ 234Th adsorbed to small zooplankton dpm L?
LZRESt 234Th adsorbed to LZRES dpm L?
LZDVM, 234Th adsorbed to LZDVM dpm L?
PZRESt 234Th adsorbed to PZRES dpm L?
PZDVMr 234Th adsorbed to PZDVM dpm L?
PON, 234Th adsorbed to slowly-sinking detritus dpm L?
LPON1, 234Th adsorbed to rapidly-sinking detritus dpm L?
Nitrogen isotope submodule
SPy1s 5N in small phytoplankton mmol N m3
LPn1s 5N in large phytoplankton mmol N m?3
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1274

SZn1s 15N in small zooplankton mmol **N m?3
LZRESn1s >N in LZRES mmol >N m?
LZDVMn1s N in LZDVM mmol >N m?
PZRESn1s >N in PZRES mmol >N m?3
PZDVMn1s >N in PZDVM mmol >N m?3
NOnis >N in nitrate mmol >N m?3
NHnis >N in ammonium mmol >N m?3
PONy1s >N in slowly-sinking detritus mmol N m3
LPONn1s >N in rapidly-sinking detritus mmol N m3
DONn1s >N in labile DON mmol >N m?3
DONREFn1s >N in refractory DON mmol N m3
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1278  Figure 1 - Schematic depiction of core NEMUROgcpmodel. Arrows show transfer functions (orange = Si flux;
1279 blue = N flux). Rectangles show state variables (SiOH3 = silicic acid; NO3z = nitrate; NH4 = ammonium; Opalsmai =
1280  small biogenic silica; Opaljarge = large biogenic silica; DON;.r = refractory dissolved organic nitrogen; DONjapiic =
1281 labile dissolved organic nitrogen; PONgmai = small detritus; PONjqrge = large detritus; DTM = diatoms; PS = small
1282  phytoplankton; Chl; = diatom chlorophyll; chls = small phytoplankton chlorophyll; ZS = protistan zooplankton; ZLes
1283  =<I1-mm metazoan zooplankton that are resident in the euphotic zone; ZL 4ym = <1-mm diel-vertically-migrating
1284  metazoan zooplankton; ZPrs = >1-mm metazoan zooplankton that are resident in the euphotic zone; ZP4ym = >1-mm
1285  diel-vertically-migrating metazoan zooplankton
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1288 Figure 2 — Locations of our in situ Lagrangian experiments (blue = California Current Ecosystem, Brown = Gulf of
1289 Mexico, Green = Costa Rica Dome, Magenta = Chatham Rise).
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Figure 3 — OEPmcwmc parameter distributions for bottom-up control of small phytoplankton. Line plots on top are
probability density functions for individual parameters (see bottom for label and axes). Colored plots are heat maps
showing joint parameter distributions. Parameters are: maximum growth rate at 0°C (Vinaxsp, units = d!), half-
saturation constant for nitrate uptake (Kno sp, mmol N m), half-saturation constant for ammonium uptake (Knm sp,
mmol N m™), initial-slope of the photosynthesis-irradiance curve (asp, m> W' d!), photoinhibition parameter (Bsp,
m? W' d'!), respiration rate at 0°C (ressp, d), linear mortality term at 0°C (mortsp, d'), excretion parameter (excsp,
unitless), ammonium inhibition of nitrate uptake (inhxuno.sp, m® mmol N1).
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Figure 4 — OEPwycwmc parameter distributions for large phytoplankton and some other other model processes. Line
plots on top are probability density functions for individual parameters (see bottom for label and axes). Colored
plots are heat maps showing joint parameter distributions. Parameters are: maximum growth rate at 0°C (Vmax,Lp,
units = d!), initial-slope of the photosynthesis-irradiance curve (arp, m> W' d!), half-saturation constant for NH4*
uptake (Knp,Lp, mmol N m™), maximum grazing rate of small zooplankton on large phytoplankton (gmaxsz.e, d).
maximum grazing rate of large (>1-mm) epipelagic-resident mesozooplankton on small phytoplankton (gmax,pzrEs,sps
d!), maximum grazing rate of large (>1-mm) vertically-migrating mesozooplankton on small (<1-mm)
mesozooplankton (gmaxpzovm.rz, d), the Ikeda respiration parameter for small (<1-mm) mesozooplankton, daytime
mortality rate for small (<1-mm) vertically-migrating mesozooplankton (mortgay,1 zpvm, m> mmol N-' d'!),
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1314 Figure 5 — Model-data net primary production comparison. Blue box plots show model results for each simulated
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1316  from Lagrangian experiments.
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1319  Figure 6 — Model-data sinking particle export comparison. Blue box plots show model results for each simulated
1320  Lagrangian experiment, with whiskers extending to 95% confidence limits. Yellow diamonds show observations
1321 from sediment trap deployments (no observations were available for 9 experiments).
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1334  Figure 9 — Triangle diagrams showing the proportion of export due to each biological carbon pump pathway.
1335 Locations near the upper apex of the triangle indicated dominance by sinking particles, locations near the bottom left indicate dominance by
1336 active transport, locations near the bottom right show dominance by mixing. Colors represent the proportion of total model simulations with
1337 export patterns falling within a specific proportion of different export pathways. Lines indicated contours showing a constant proportion of one
1338 BCP pathway (i.e., red lines are constant proportions of active transport, blue lines are constant proportions of gravitational flux, and purple lines

1339 are constant proportions of mixing flux). a) results for all simulations, b) results for a typical CCE coastal site (1604-3), c¢) typical CCE
1340 oligotrophic site (1408-5), d) typical Costa Rica Dome site (CRD-1), e) typical Gulf of Mexico site (GoM-5), f) typical Chatham Rise site (Salp-
1341 5), g) example of a CCE site (0605-3) dominated by mixing flux.
1342
37


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

1343

1344
1345
1346
1347
1348
1349
1350
1351
1352
1353

1354

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

- s j
o =i " ¢ % 6:4: 1f
£ ; -1
> =z 10-1 = 10 i
— 10-1 B I+] 107
2 = Sl
£ -2 10
=0 = =t
E_ = % 1073 & 107
@ C 10 ® 107
F 104 = L Biemn _ 04
o y = 0.0052x -2 = y = 0.0037x 02 s 13 - 0.00054x
= .(3 E
£ 102 10" 1 10 102 X 102107 1 10 12 2 102107 1 10 402
Vertical Migrator Biomass Vertical Migrator Biomass Vertical Migrator Biomass
(mmol N m'2) (mmol N m'Z) (mmol N m'z)
-.—f—- =
= v o
2 s gm'z e 150 ¢
n 8r =
o L=
Ez £ 10° T
o 0.6 £ 2 1
2 9 104 2
B = © =
Q [t D
< 004} B O
B o g 10 £05
- e =
(@] L [} 1 o ie]
% 0.2 = 10-5 ¥ e i g
© g y =0.00026x%9% S
Lo ‘Da 10—? o 0
102 107 1 10 102 102101 1 10 4¢? 0 0.5 1
Vertical Migrator Biomass Vertical Migrator Biomass Fraction of Large Mesozooplankton
(mmol N m'z) (mmol N m'?') — Mortality at Depth
£5
0.06 g 2,-
E g E sowm| B S @
— e . |_
g g L DVM s
8 1Ll £0.04 82
7] Y- = =
T - 5 <
E 55
5 005 i §002 R
: == =
i 5 9
= ‘-': = g g
0 i . 0 B o
1041021021071 1 10 102 10%10%10*40*0%0" 1 © = 02 04 06 08
Zooplankton Biomass Active Transport - Fraction of Large
(mmol N m-z) (mmol N o d'1) Vertically-Migrating

Mesozooplankton Biomass
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experienced during the day at their mesopelagic resting depths. (g) and (h) show normalized histograms of logo-transformed zooplankton
biomass and active transport, respectively. Dashed blue line is small epipelagic-resident zooplankton, solid blue is small DVM zooplankton,
dashed red is large epipelagic-resident zooplankton, solid red is large DVM zooplankton. (i) shows the fraction of active transport mediated by
large mesozooplankton (>1 mm) as a function of their fraction of total vertically-migrating mesozooplankton biomass. Dashed gray line is the
1:1 line.

38


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

1355

1356
1357
1358
1359
1360

1361

1362

1363
1364
1365
1366

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

T T T T

L ¢  Cal Current
30+ 30+ B  Costa Rica Dome
- ® Gulf of Mexico
A SalpPOOP

=y
o
==
o

w

Gravitational Flux (mmol C m2 d'1)
(9]

Gravitational Flux (mmol C m2 d'1)

—_
—

10 30 102 10 30 102

Net primary production (mmol C m2 d'1} Net primary production (mmol C m2 d'1)

Figure 11 — Gravitational flux as a function of net primary production for in situ data (a) and model results (b).
Averages and standard deviations are shown for individual Lagrangian experiments. Nitrogen-based model results
were converted to carbon units assuming a C:N ration of 106:16 (mol:mol). Background in both figures is a
heatmap of all model results (i.e., all Lagrangian experiments and all parameter sets). Solid black lines show
contours of constant e-ratio (=gravitational flux / net primary production).

NPP

=
oo
T
1

o
=)
T
.

=
Y
T
it

Gravitational Flux (mmol N m - d'l)

=
[ |9}
T
L

: n 0 : .
0 5 10 15 20 25 30 0 5 10 15 20

Time (days) Net Primary Production (mmol Cm 2 d ™)

Figure 12 — Temporal variability in net primary production (a, mmol C m? d'!), gravitational flux (b, mmol N m™
dh), and export efficiency (c, unitless with a C:N conversion ratio of 106:16 mol:mol), along with a phase-space plot
depicting the same data (d). All plots are from Lagrangian experiment 1604-3 (CCE upwelling region). Different
colors are for simulations with ensemble parameter sets 2x10°, 4x10°, 6x10°, 8x10°, or 10°.

39


https://doi.org/10.1101/2022.01.07.475464
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.07.475464; this version posted January 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

w £ O N

Gravitational Flux (mmol N m= d'1)
Gravitational Flux (mmol N m2 d'1)

0.8 1
0.6 0.8
0.6
0.4
0.4
0.3 0.3
0.2 0.2
: [
a) CCE Coastal ' b) CRD
11 ] I‘\IIIIII 1 1 L1 11111 1 0_1 bl II\ | L1 11111 1 | L1 1 1111 -
10 100 1000 10 100 1000
Remineralization Length Scale (m) Remineralization Length Scale (m)
0.01 — 0.015 pr s
¢) CCE Coaslal d) CRD
E £
50.008 r ?_;
g g
=] = 0017}
2 &)
£ 0.006 | =
& &5
g 2
B £
g) 0.004 é‘%
P >, 0.005 |
£ 0002 | 2
5 6
2 2
=S o
0 0
10 100 1000 10 100 1000
Remineralization Length Scale (m) Remineralization Length Scale (m)

1367

1368 Supp. Fig. 1 — Heatmap showing the relationship between modeled gravitational flux and the remineralization length
1369 scale of fast-sinking detritus (RLS = Lsink/(refaec, Lpon,pontrefaec Lronns) ) for a representative CCE upwelling-
1370  influenced experiment (a, 1604-3) and a representative Costa Rica Dome experiment (b, CRD-1). Horizontal

1371  magenta lines show the sediment-trap measured gravitational flux. Probability density function for RLS determined
1372 by the OEPmcwmc procedure (black lines in ¢ and d) and for only those solutions that predicted export flux within +1
1373 standard deviation of the mean sediment trap measurement for CCE 1604-3 and CRD-1 (red lines in ¢ and d,

1374  respectively).
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Appendix 1: Core NEMUROgcp equations

Equations for small phytoplankton (SP): The rate of change of small (i.e., non-diatom) phytoplankton as a function of time is equal to the gross production of
small phytoplankton on nitrate plus the gross production of small phytoplankton on ammonium minus the sum of small phytoplankton respiration, small
phytoplankton excretion, grazing on small phytoplankton by all five zooplankton groups, and non-grazer mediated mortality.

dsp
W = GPPN03SP + GPPNH4-SP - RESSP - EXCSP - GRAZSPZSZ - GRAZSPZLZRES - GRAZSPZLZDVM - GRAZSPZPZRES - GRAZSPZPZDVM - MORTSP

GPPyossp = Vinax.sp X TLIMgp X LLIMgp X NOLIMgp X SP
GPPypasp = Vimax.sp X TLIMgp X LLIMgp X NHLIMsp X SP
TLIMp = etv.sp*T

LLIMp = (1 — e—asp/Vmax,SPXPAR)(e—ﬁsp/‘/max,SPXPAR)

NO3 i
NOLIMgp = ———— e~ (NH4xinhyy No,sP)
: NO3+Kno3,s5P

NH4

NHLIM;p

NO3+KNHa,sP

GPPypysp = TLIMgp X LLIMgp X NOLIMgp

RESsp = refyespsp X e5rsP*T x SP

EXCsp = exXtoxc,sp X (GPPyo3sp + GPPypasp)

GRAZspy57 = Gmax,sz,sp X TLIMy sz 5p X OXYLIM i X GLIMsz 5p X SZ

TLIMy gy sp = e*o525PXT

_ oxy
OxyL[MMiC n Oxy+Koxymic

GL[M§7 sp = mMax (0’1 . eL’VSZ'SPX(Hl?‘eshszvsp*SP))

GRAZpy17rEs = Gmaxrzrs,sp X TLIMg 1 zrgssp X OXYLIMyoe X GLIM 75 sp X LZggs

TL[Mg.LZRFS,SP = ptCg.LZRESSPXT

oxy

0xy+koxymet

OxyLIM . =
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GLIM zpgs,sp = Max (0.1 — eivLZRESrSPX(thTCShLZRES,SP—SP))

GRAZp3170vm = Imaxrzovm,sp X TLIMg 1 7zpym,sp X OXYLIMyoe X GLIM  zpyp sp X LZpyy
TL[Mg.LZDVM,SP = et€qLzDVYM,sPXT

GLIM zpyy,sp = max (0,1 — e“’LZDVM,SPX(WEShLZDVM,sp—SP))

GRAZspypzrEs = 9max,pzres,sp X TLIMg pzrps.sp X OXYLIMyer X GLIMpzppssp X PZpgs
TLIMg pyres,sp = e"¢g.PZRES SPXT

GLIM,ypps.sp = max (0,1 B eiVPZREs,SPX(lhreshPZREs,sp—SP)) . e—(inhSZLZprgpx(LP+SZ+LZRES+LZDVM))

GRAZspapzpvm = Gmaxpzovm,se X TLIMg pzpym sp X OXYLIMyer X GLIMpzpyp sp X PZpyy
TL[Mg,PZDVM,sp = etcgPzDVM,sPXT

GLIM,ypys sp = Max (0,1 B eivPZDVM,SPX(threshpznww,sp—SP)) » e—(L’nhSZLZvagpx(LP+SZ+LZRES+LZDVM))

MORTsp = refpmore.sp X €msP*T x SP

Equations for large phytoplankton (LP): The rate of change of large phytoplankton (i.e., diatoms) as a function of time is equal to the gross production of large
phytoplankton on nitrate plus the gross production of large phytoplankton on ammonium minus the sum of large phytoplankton respiration, large phytoplankton
excretion, grazing on large phytoplankton by all five zooplankton groups, and non-grazer mediated mortality.

dLP
ar GPPyoz1p + GPPyyyip — RES p — EXCip — GRAZ py5; — GRAZ py1zpes — GRAZ py1zpvm — GRAZipapzres — GRAZypypzpym — MORT,p

NOLIM,p

GPPyosp = Vinaxp X TLIMyp X LLIMp X min(NOLIMp + NHLIM, p, SiLIM,p) X NOLIM,, + NHLIM,, x LP

NHLIMp
NOLIM|p+NHLIM|p

GPPyyarp = Vinaxip X TLIMyp X LLIM,p X min(NOLIM,p + NHLIM, p, SiLIM, ) X X LP

TLIM,p = etvip*T
LL[MIP — (1 — e*“l,P/Vmax,l,PXPAR)(e*,BI,P/Vma,x,LPXPAR)

NO3

— N9  ,-(NHaxinhymnNoLP)
NO3+Kpno3,sP

NOLIM,p =
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NH4

NHL]MLP = m
. Si
SLL[MLP - m

GPPyoa.p = TLIM,p X LLIM,p X NOLIM,

RES;p = Tefrospp X e*riP*T X LP

EXCpp = extoye1p X (GPPyozpp + GPPyparp)

GRAZpy57 = Gmaxszip X TLIMg sz 1p X OXYLIM ;e X GLIM sz, p X SZ

TLIM, sy, p = e'cos21pXT

GLIM, ,p = max (0’1 _ eivSZ'Lpx(threshSZ'Lp—LP))

GRAZ 1 py17rEs = Imaxizres,p X TLIMg zrpsip X OXYLIMyee X GLIM) zpps1p X LZggs
TLIMy, zrEsp = e*CgLzRESLPXT

GLIM, ;pps  p = Max (0’1 — eiVLZREs,LPX(thTEShLZREs,LP—LP))

GRAZ py120vm = Imaxrzovmre X TLIMg 1 7pya 1p X OXYLIM yer X GLIM  zpyy 1p X LZpyy
TLIMy,zpymp = etCaLzovm LPXT

GLIM, ;pyy Lp = Max (0‘1 — eiVLZDVM,LPX(thTBShLZDVM,LP—LP))

GRAZ 1 prpzrEs = Ymaxpzres,Lp X TLIMg pzrpsip X OxYLIMyee X GLIMpzpps p X PZgps
TLIMy pzrEsp = e*CgPZRESLPXT

GLIMPZRES Lp = max (0,1 _ eiVPZRES,LPX(thrEShPZRES,LPfLP)) X e7(inhSZLZ,LPX(SZJFLZRESJFLZDVM))
GRAZ  p2pzpvm = Imax,pzovmp X TLIMg pzpym,p X OXYLIM yoe X GLIMpzpyp p X PZpyy
TLIMy pzpymLp = € CoFzPVMLPXT

GL[MPZDVM Lp = max (0,1 _ eL'VPZDVM’LPX(threshpZDVM'Lp*LP)) X e7(inhSZLZ,LPX(SZJFLZRESJFLZDVM))

MORT,p = refporeip X €miPT X LP

dsz

7 = (GRAZSPZSZ + GRAZLPZSZ) X GGESZ - MORTSZ - EXCSZ - EGESZ - GRAZSZZLZRES - GRAZSZZLZDVM - GRAZSZZPZRES - GRAZSZZPZDVM
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MORTsz = Tefmore sz X €"ms2XT X OxyLIMy;c X SZ

EXCs; = (GRAZgpys; + GRAZ, pys7) X (AEg; — GGEgy)

EGEs; = (GRAZgpysz + GRAZ pys7) X (1 — AEgy)

GRAZsz3172rEs = ImaxrzrEs,sz X TLIM g 7rps sz X OXYLIM yoe X GLIM  zpps 7 X LZggs
TLIM g, 7rEs,sz = e'¢g.LZRES sZXT

GLIM} zpps sz = max (0,1 — eWLZRES,SZX([hreshLZRES'SZ_SZ))

GRAZs33170 = Imaxszovmsz X TLIMy 1zpyssz X OXyLIMyee X GLIM, zpya.s7 X LZpyg

TL[Mg,LZDVM,sz = etcgLzDVM,szXT

GLIM, ;pym sz = Max (0,1 — eiVLZDVM,SZX(thr@ShLZDVM,SZ_SZ))

GRAZsz7p7rEs = 9max,pzrEs,sz X TLIMg pzres sz X OXYLIMyoe X GLIMpzpps sz X PZgps

TLIMy p7rEs,sz = e‘CoPZRESSZXT

GLIMpgpgs sy = max (0,1 — eivpzresszx(threshpzrss;sz=52)) x o~ (inhLz52x(LZRES+LZDVM))

GRAZsz7pz2pvMm = Imaxpzovmsz X TLIMg pzpym sz X OXYLIMyer X GLIMpzpyy sz X PZpyy

TLIMypzpymsz = etCqPzDvM,szXT

GL[MPZDVM sz = max (0’1 _ eiVPZDVM,SZX(threShPZDVM,SZ*SZ)) X e*(inhLZ,SZX(LZRESJrLZUVM))

dLZ pgs
dt = (GRAZLPZLZRES + GRAZSPZLZRES + GRAZSZZLZRES) X GGELZRES - MORTLZRES - EXCactive,LZRES - EXCbasal,LZRES - EGELZRES - GRAZLZRESZPZRES - GRAZLZRESZPZDVM
€ fimortnight,Lzres X € MEZRES®T X OxyLIMyop X LZgps®  during the night
MORT, zres =

T€fmort.aayLzres X € MZRESXT 5 OxyLIMypy X LZpps®  during the day
EXCoctiverzres = (GRAZ py1zres + GRAZgpy 1 2res + GRAZz51 7rEs) X ACtres 1 7RES
EXCpgsaiizres = Tkiz X e™a2*T X OxyLIMye X LZggs

EGELZRES = (GRAZLPZLZRES + GRAZSPZLZRES + GRAZSZZLZRES) X (1 - AELZRES)
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GRAZ\ 7pgs2p7rESs = 9max,pzres,Lzres X TLIMg pzrpsizrEs X OXYLIMyer X GLIMpzpgs 1 7res X PZggs

TLIMy p7REs,LzrES = e“CoPZRESLZRESXT

_ iv g X (thresh S c—LZRES
GLIMpzppszres = Max (()’1 — eWPZRESLZRESX( PZRES,LZRES ))
GRAZ  zres2pzpvm = Gmaxpzovmizres X TLIMg pzpymizres X OXYLIMyoe X GLIMpzpyy, 1zrEs X PZpyM
tcg,pzDVM,LZRESXT

TLIMy pzpym,LzrESs = €

GLIMp,pyu LzrEs = Max (()’1 — eiVPZDVM,LZRESX(lhTEShPZDVM,LZRES—LZRES))

ALZpyy
T = (GRAZLPZLZDVM + GRAZSPZLZDVM + GRAZSZZLZDVM) X GGELZDVM - MORTLZDVM - EXCactive,LZDVM - EXCbasal,LZDVM - EGELZDVM - GRAZLZDVMZPZRES - GRAZLZDVMZPZDVM
_ refmort_night_LZDVM X etmLzovM*T X OxyLIM ., X LZDVM2 during the night
MORTLZDVM -

refmort_day_LZDVM X etmLzovM*T X OxyLIM . X LZDVM2 during the day

EXCactive,LZDVM = (GRAZLPZLZDVM + GRAZSPZLZDVM + GRAZSZZLZDVM) X aCtres,LZDVM

EXCpasarizovm = kg X 62T X OxyLIMyer X LZpyy

EGELZDVM = (GRAZLPZLZDVM + GRAZSPZLZDVM + GRAZSZZLZDVM) X (1 - AELZDVM)

GRAZ, zpvm2pzrES = Imax,pzrEsLzovm X TLIMg pzpesizpvm X OXYLIM yee X GLIMpzgps 1 zpvm X PZggs

TL[Mg,PZRES,LZDVM — efcg,PZREs,LZDVMXl

GLIMpypEs Lzpym = Max (0,1 — eiVPZRES,LZDVMX(tthShPZRES,LZDVM*LZDVM))

GRAZ\zpvmz2pzovm = 9maxpzovmrzovm X TLIM g pzpym zovm X OXYLIMyee X GLIMpzpyp 1zovm X PZpyum

TLIMy pzpym,Lzovm = etcgpzpVM LZDVM¥T

GLIMpzpyy Lzpym = Max (()’1 — eiVPZDVM,LZDVMX(””"eShPZDVM,LZDVM*’ZDVM))

dt = (GRAZSPZPZRES + GRAZLPZPZRES + GRAZSZZPZRES + GRAZLZRESZPZRES + GRAZLZDVMZPZRES) X GGEPZRES - MORTPZRES - EXCactiv,PZRES - EXCbasal,PZRES - EGEPZRES
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MORT _ Tefmortnight,pzres X € MPZRESXT X OxyLIM o X PZgrs®  during the night
PZRES ™ re fnort,daypzres X € mPZRESXT 5 OxyLIMyo X PZpps®  during the day

EXCoctive,pzres = (GRAZypypzres + GRAZsprpzrps + GRAZszpzrEs) X AClres pzRES
EXCpasarpzres = Ikpz X €827 X OxyLIMyyor X PZgps

EGEPZRES = (GRAZLPZPZRES + GRAZSPZPZRES + GRAZSZZPZRES) X (1 - AEPZRES)

dPZpyuy
T = (GRAZSPZPZDVM + GRAZLPZPZDVM + GRAZSZZPZDVM + GRAZLZRESZPZDVM + GRAZLZDVMZPZDVM) X GGEPZDVM - MORTPZDVM - EXCactiv,PZDVM - EXCbasal,PZDVM - EGEPZD‘
T€fimort night pzpvm X € mPZOVMXT 5 OxyLIMypp X PZpyy®  during the night
MORTpzpym =

Tefmort,day,PZDVM X etcm'PZDVMXT X OxyLlMMet X PZDVM2 during the day
EXCactive,pzovm = (GRAZ pypzpym + GRAZspypzpym + GRAZsz2pz0vM) X AClres pzpvm
EXCpasapzovm = Tkpz X €"a2*T X OxyLIMyer X PZpyy

EGEPZDVM = (GRAZLPZPZDVM + GRAZSPZPZDVM + GRAZSZZPZDVM) X (1 - AEPZDVM)

dNO3

T = NITRIFICATION - GPPNO3SP + RESSP X NPfrac,SP - GPPN03LP + RESLP X NPfrac,LP
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NITRIFICATION = refpiy X e®nitrT x OxyLIM, X NH4

dNH4
dt = Z Z GRAZizj X (AE; — GGE;) + Z (EXCactiv,i + EXCbasal,i) + REMINpoy nya + REMIN, poy ypa + REMINpon ypa X (1 - fDON,DONref) + REMINDONref,NH

i=protists j=prey i=mesozoo

— GPPyossp + RESsp X (1 = NPrracsp) — GPPyosp + RES,p X (1 — NPyyaep) — NITRIFICATION

REMINpoy nia = T€fgecponnn X €Cdecronnh*T x OxyLIMy;. X PON
REMINLPON,NH4 = Tefdec,lpon,nh X etCdeciponnhXT OxyLIM ;. X LPON
REMINp oy nia = T€fgecaonnn X € Cdecdonnh*T x OxyLIM ;. X (1 - fDON,DONref) X DON

REMINDONref,NH4 = refdec,donref,nh X gCdecdonrefnhXT x OxyLIMy;c X DONref

dPON

— - = MORTs, + MORT,, + Z Z GRAZyy; % (1 — AE;) — AGGREGATION — REMINpoy nis — REMINpoy po

i=protists j=prey
AGGREGATION = Tefyoc pon,ipon X €'¢decPONLPONXT x PON?

- t XT
REMINpoy,pon = Te€faecpon,pon X € “decpondon™ x PON

dLPON
dt

= MORTs; + MORT, 4,05 + MORT,z40m + MORTp 2105 + MORTpz40m + Z z GRAZyy; % (1 — AE;) + AGGREGATION — REMIN, poy ns — REMIN,pow pon

i=mesozoo j=prey

- te xT
REMIN_ponpon = T€fgecipon,pon X € “tectrondon”™ X LPON
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dDON
dt

= EXCSP + EXCLP + REMINPON,DON + REMINLPON,DON - REMINDON,NH4- - REMINDON,DONTef

_ ¢ XT
REMINpon ponres = T€faecaonnn X € Cdecdonnh™ X fron ponrer X DON

dDON,os
T = REMINDON,NI—M— X fDON,DONref - REMINDONref,NH4-

REMINponresna = T€fdecpoNref NHa X et¢decponrefNHaXT 5 DONref

dsi
dt
DISSOLUTION gpq1.5i = Tefecoparsi X € cdecopatsi*T x Op

= Ryiy X EXCpp + DISSOLUTION gy s; + DISSOLUTION, gparsi — Rsion X (GPPyoaip + GPPyyzip — RES,p)

DISSOLUTION pa1si = T€fgecioparsi X € dectoralsixT x [OP

dop

—— = MORT,p X Ryyy + GRAZypy57 X Ry — DISSOLUTIONgpq s
dLOP

——= Z GRAZypy; X Rgi.y — DISSOLUTION gy s;

i=mesozoo
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Chlgp = SP X R;.y X 12 X Chl: Csp

_ Chl:Csp,max
Chl: Cgp = max Tohie , Chl: Csp min
140.5XChl:Csp max* 7C XPAR

msp

Achisp = asp/Chl: CSP,max

Bsp/“sp
PS = Viaxsp X TLIMgp X (NOLIMgp + NHLIMgp) X —2— x ( Bp )

m
SP aspt+Psp Asp+PBsp

Chlyp = LP X Rg.y X 12 X Chl: Cpp

. _ Chl:CLpmax .
Chl: C,p = max Tehily, ,Chl: Cpp min

1+0.5XChL:CLp max* IS

C
mLp

Xcenllp = alp/Chl: CLP,max

Py

Bip/arp
Vinax.1p X TLIMyp X min(NOLIM,, + NHLIM, p, SiLIM, ) X —2— x ( bp )

Lp ap+Bip ap+Bip
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Appendix 2: Carbon system equations
Norg = SP + LP + SZ + LZges + LZpyy + PZpes + PZpyy + PON + LPON + DON + DON,..¢

Norg 1s the sum of organic nitrogen in a model layer.

AOxy = ANOT'g X O:NNH4 —ANO3 X (O:NN03 - O:NNH4-)
O:Nnos = 150/16
O:Nnus = 118/16

ADIC = —ANyyy X C: N

C:N =106/16

ANO3 + ANH4

AAlk = —ANO3 X C: N + ANH4 —
N:P

N:P=16
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Appendix 3: Thorium equations

dTh 238 SPrp, LPrp, SPry, SPry
ar Aa3a X “7°U + GRAZgpys; X (AEs; — GGEsy) ~p + GRAZ pysz % (AEsz — GGESZ)F + GRAZgpy zrEs X AClyes 1 zRES Sp_ + GRAZspa1zpvm X ACtres1zpym Sp
SPrp, SPry, LPry LPry
+ GRAZpypzres X ACtres pzRES Sp + GRAZspapzpvm X AClyes pzpvM Sp + GRAZ py1zrEs X AClyes 1 zRES P + GRAZ py1zpym X ACtes 1 zpvm P
LPry LPry SZrn SZtn
+ GRAZ papzrEs X AClyes pzRES P + GRAZ papzpvm X ACtrespzpvm I + GRAZz317rEs X AClyes 12RES 57 + GRAZsz3120vM X AClreszpym 57
SZTh SZTh LZTeSTh
+ GRAZz2pzREs X ACtres pzRES sz + GRAZsz2pz2pvm X AClyes pzpvM sz + GRAZ zpes2pzRES X AClrespzRES “Lires
LZdvmyy, LZresry LZdvmyy, SPrp,
+ GRAZ ) zpymzpzrEs X OClres pzRES “LZdom + GRAZ) zrgsopzpvm X ACtres pzpym “LZres + GRAZ  zpymzpzpvm X ACtrespzpym TLZdom. + SPTop
+ RES LPTh + EXC LZT@STh + EXC LZdvah + EXC PZTeSTh_ PZdvah
LP LP basal,LZRES L7res basal,LZDVM LZdvm basal,PZRES P7res basal,PZDVM PZdvm
PON7y, LPONpy,
+ (REMIN poy yys + REMINPON,DON)W + (REMIN poy nzs + REMIN oy pon) “LPON + KbackSPrn + kpack LPrh + Kpack SZn + kpackLZresry
+ kbackLZdvah + kbaCkPZTeSTh + kbaCkPZdvah + kbackPONTh + kbackLPONTh - kaT X SP X Th — kaT X LP X Th — kfor X SZXTh
— kfor X LZres X Th — kgor X LZdvm X Th — Ko X PZres X Th — kgor X PZdvm X Th — kgor X PON X Th — kfor X LPON X Th — 334 X Th
dSPrp, SPrp, SPrp, SPrp, SPry, SPry, SPry, SPry,
= Kfor X SP X Th — GRAZ —— — GRAZ —— — GRAZ —— — GRAZ —— — GRAZ —— — MORTsp—— — —_—
dt for SP252 " ¢p SP2LZRES o p SP2LZDVM ~ gy SP2PZRES "¢ p SP2PZDVM ~op SPTop SPTop
— kpack SPrn — A234SPrp
dLPrp, LPry, LPrp, LPrp, LPry, LPry, LPry, LPry,
T = kfor X LP X Th — GRAZ pys7 ? — GRAZ py17rEs 7 — GRAZ py12pvm ? — GRAZ pypzREs 7 — GRAZ 1 p2pzpvm ? — MORT p 7 —RES;p 7

- kbackLPTh - /1234-LPTh
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dSZrp SPrp, LPrp, SZrn SZrn SZrn SZtn
dt = kfor X SZ X Th + GRAZpy5; X GGEg; S_P + GRAZ py57 X GGEgyz 7 — GRAZsz317rEs S_Z — GRAZz3170vm S_Z — GRAZsz5p7rEs S_Z — GRAZsz5p70vm S_Z
SZrn
— MORTg, S7 - kbackSZTh - 1234SZTh
dLZrespy LZresty LZresty LZresty LZresty
-, = kfor X LZres X Th — GRAZ zrpsopzres ———— — GRAZ zrpsopzpvm ———— — MORT zpps ————— — EXChusarizres ———— — kpackLZTESTH
dt LZres LZres LZres LZres
— AyzqlZresyy
dLZdvmqyy ke s LZdvm x Th — GRAZ LZdvmyy, CRAZ LZdvmyy, T LZdvmyy, xC LZdvmqy, o L7d
—_— = vm - —_— = —_— —_— = —_— = vm
dt for LZDVM2PZRES 7 1 LZDVM2PZDVM ™ 7 1o LZDVM ™ o basal LZDVM ~ > back Th
— AyzaLZdvmey,
dPZresry PZresry PZresry
T = kfor X PZres X Th — MORTPZRESW — EXCbasal,PZRES W — kbackPZresTh — 1234PZT€STh
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dPZdvmpy PZdvmyy, PZdvmyy,

= Kpor X PZdvm X Th — MORT p;pyy basal,PZDVM — kpaek PZdvmey, — A334PZdvmeyy,

dt PZdvm PZdvm
dPONTn _ 1 o pON x Th + GRAZ (1— AE )SP + GRAZ (1 - AEg) = LPrn  worr o, 32 4 vorr,, X0 acerecarion PONTh
—_— X —_ X
dt for SP25Z ;ZN Sp LP2SZ sz SPTop P p PON
Th
- (REMINPONNH4 + REMINPONDON)PO—N kpack PONTR — 4234 PONTp,
dLPONy, SPry, SPry, SPry
—ar kfor X PON X Th + GRAZgpy; zpes X (1 —ac resLZRES) Sp L GRAZspy17pym X (1 Cres LZDVM) Sp Ly GRAZ spypzpres X (1 Lres PZRES) Sp
SPrp LPry
+ GRAZspapzpvm X (1 —ac resPZDVM) Sp + GRAZ py17rEs % (1 Ctres,LZDVM) LP
LPry LPry SZrn
+ GRAZ pypzres X (1 - aCtres,PZRES) ? + GRAZ popzpvm X (1 — QClyg PZDVM) r + GRAZgz317rE5 X (1 - aCtres,LZRES) 57
SZrn SZrn, SZrn
+ GRAZsz7317pvm X (1 - aCtres,LZDVM) 57 + GRAZs73p7p5s5 X (1 — AClygs PZRES) 57 + GRAZ sz5p7pvm X (1 res,PZDVM) 57
LZresTh LZdvmyy, LZresy
+ GRAZ  7es2p7RES X (1 — AClyes PZRES) ———— + GRAZ  zpymzpzres X (1 - aCtres,PZRES) W + GRAZ  7es2p70vM X (1 - aCtres,PZDVM) W
+ GRAZ (1 )LZdva” MORT 52T 4 MORT ynps 2r2ST™0 | MORT sy iV ™ ORT s T
X (1—act E——— S —_—
LZDVM2PZDVM res,PZDVM) o 276y LZRES ™ o LZDVM ™ PZRES " po o
PZdvmyy, PONpp, LPONzy
+ MORTPZDVMW + AGGREGATION PON - (REMINLPON,NH4 + REMINLPON,DON) LPON kbaCkLPONTh - /1234_LPONTh
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Appendix 4: “Nitrogen equations

Rsp = SPnis / SP

Rip = LPy;s/LP

Rsz = SZnis / SZ

Rizres = LZresnis / LZres
Riziavm = LZdvmy;s / LZpyy
Rpzres = PZresyis / PZres
Rezavm = PZdvmyis / PZpyy
RN03 = N03N15 /NO3

Ryry = NH4y5 / NH4

RPON = PONN15 /PON
Ripon = LPONy;s / LPON
RDON = DONN15 /DON
Rponrer = DONrefyis / DONggr

“dr (GPPNOSSP — RESsp X NPfrac,SP) X Ryo3 X @yozup + (GPPNH4SP — RESgp X (1 - NPfrac,SP)) X Rypa X Aypaup — EXCsp X Rgp X @y, — MORT 5p X Rgp
— GRAZgpys7 X Rsp — GRAZ spp 1 7rEs X Rsp — GRAZgp172pym X Rsp — GRAZ popzrps X Rsp — GRAZ spapzpym X Rsp
dLPyqs
T (GPPN03LP — RES;p X NPfrac,LP) X Ryo3 X @yozup + (GPPNH4LP — RES;p X (1 - NPfrac,LP)) X Rypa X @ypaup — EXCip X Ryp X atpyy, — MORT p X Ryp

— GRAZ pys7 X Rip — GRAZ py17pps X Rip — GRAZ py17pvm X Rip — GRAZ pypzrps X Rip — GRAZ 1pypzpym X Ryp
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—— = GRAZspys; X Rgp + GRAZ 1 pys7 X R1p — (1 - AESZ)(GRAZSPZSZ + GRAZLpzsz)Rszasz,Eg - (AESZ - GGESZ)(GRAZSPZSZ + GRAZLPZSZ)RSZQSZ,Exc

dt

— GRAZsz517r5s X Rsz — GRAZ 75, 7pym X Rsz — GRAZgz5p7ps X Rz — GRAZ s73p7pym X Rsz — MORT sz X Rgy

dLZresyqs

T = GRAZspy1zres X Rsp + GRAZ py1zps X Rpp + GRAZsz317res X Rsz — (1 - AELZRES)(GRAZSPZLZRES + GRAZ 1 py17res + GRAZSZZLZRES)RLZRESaLZ,Eg
- aCtres,LZRES(GRAZSPZLZRES + GRAZ 1 py1 75 + GRAZSZZLZRES)RLZRESaLZ,Exc — GRAZ  7resopzrES X Rizres — GRAZ zpgsopzpvm X Rizres — MORT zpps X Rizpgs
— EXChasatzrEs R1ZRES X127, Exc

dLZdvmpy,s

— dt = GRAZgpy1zpvm X Rsp + GRAZ 1 py1zpym X Ryp + GRAZsz5120ym X Rsz — (1 — AE zpyy) (GRAZspyy2pvm + GRAZ pyrzpym + GRAZSZZLZDVM)RLZDVM“LZ,Eg
— AClyes 17DVM (GRAZgpy12pvm + GRAZ 11 zpvm + GRAZSZZLZDVM)RLZDVMaLZ,Exc — GRAZ  zpymaprzres X Rizovm — GRAZ zpymapzovm X Rizpvm
— MORT 1 zpvm X Rizpvm — EXChasarizovmRizovm @iz bxc

dPZresyis

— dr = GRAZgpypzres X Rsp + GRAZ 1pypzpres X Rip + GRAZ s75p7p5s X Rsz + GRAZ  zpp52p7rEs X Rizres + GRAZ  zpymapzres X Rizpvm

— (1 = AEpzpps) (GRAZspypzrps + GRAZ popzres + GRAZszopzres + GRAZ zpgs2pzrEs + GRAZLZDVMZPZRES)RPZRESaPZ,Eg
— aCtyes pzres (GRAZspypzres + GRAZ popzres + GRAZszopzres + GRAZ zpps2p7rEs + GRAZ L 2pymzpzres)Rpzres @bz exe — MORT pzgrgs X Rpzpgs

— EXCpasar,pzresRpzrES Ap7,Exc
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dPZdvals
= GRAZ sp2pzpvm X Rsp + GRAZ pypzpym X Rip + GRAZsz5pzpym X Rsz + GRAZ  7p550p70vm X Rizres + GRAZ  zpymzpzovm X Rizpvm

dt

— (1 = AEpzpym) (GRAZspypzpvm + GRAZ 1pypzpym + GRAZsz5ppvm + GRAZ zrgs2p20vm + GRAZ 1 zpym2p20vm) Rpzpvm @pzEg
— aCtyos pzpvm (GRAZ spopzpym + GRAZ popzpvm + GRAZsz5pzpvm + GRAZ zrp52p20vm + GRAZ zpymapzovm) Rpzovm@pzzxe — MORT pzpyy X Rpzpyu
— EXChasar,pzovmRpzovm @pz,Exc

ANO3y;s

T = NITRIFICATION X RNH4aNit - (GPPNO35P - RESSP X NPfrac,SP + GPPNO3LP - RESLP X NPfTaC,LP) X RN03 X aN03up

ANHAy,s

—dr = - (GPPNH4SP — RESgp X (1 - NPfrac,SP) + GPPyparp — RES p X (1 - NPfrac,LP)) X Rypa X Onpaup + (AEg; — GGEs;)(GRAZspys; + GRAZLPZSZ)RSZ“SZ,Exc
+ aCtyes 17rEs (GRAZ spa1zres + GRAZ 1 py1zpes + GRAZ 7012055 )R1zRES Xz ve + ACtres 120y (GRAZspa1zpym + GRAZ pozpvm + GRAZsz0120vm) Rizovm @1z £xe
+ aCtyes pzres (GRAZspopzres + GRAZ popzres + GRAZszpzres + GRAZ zresapzres + GRAZ zpymzpzres)Rpzres bz Exe
+ actyes pzovm (GRAZspopzpvm + GRAZ 1popzpym + GRAZsz2p2pvm + GRAZ 1zrgs2p20vm + GRAZ zpym2p20vm) Rpzovm@pz,exe + EXChasaiizres Rizres X1z Exe
+ EXChasarzovmRizovm @iz exe T EXChasarpzresRpzres@pz,xe + EXChasarpzovmRpzovm@pzpxe — NITRIFICATION X Rypa@pie + REMINpoy npa X Rpon@pan
+ REMIN poynua X Ripon@pan + REMIN poy npa X Rpon@pany + REMIN ponyernHa X Rponref@pan

dPONy,s

T = MORTSP X RSP + MORTLP X RLP + (1 - AESZ)(GRAZSPZSZ + GRAZLPZSZ)RSZQSZ,Eg - AGGREGATION X RPON - REMINPON,NH4 X RPONO.’PZN

— REMINponpon X Rpon®p2p
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dLPONy;s
- . = (1 - AELZRES) (GRAZSPZLZRES + GRAZLPZLZRES + GRAZSZZLZRES)RLZRESaLZ,Eg + (1 - AELZDVM)(GRAZSPZLZDVM + GRAZLPZLZDVM + GRAZSZZLZDVM)RLZDVMaLZ,Eg

dt

+ (1 = AEpzpes) (GRAZ spapzrps + GRAZ pypzrps + GRAZszapzres + GRAZ zrpsapzres + GRAZ zpvmapzres) Rpzres@pz,kg
+ (1 = AEpzpym) (GRAZspapzpym + GRAZ popzpvm + GRAZsz2pzpvm + GRAZ zpes52pz0vi + GRAZ 170y ma2pz0vm) Rezovm@pzeg + MORT 57 X Ry
+ MORT zpgs X Ryzres + MORT zpyy X Ryzpyy + MORT pzpps X Rpzrps + MORT pzpyy X Rpzpym + AGGREGATION X Rpoy — REMIN 1poy nua X Rppon@pan
— REMIN 1pon pon X Ripon@p2p

dDONy,s

T EXCsp X Rgp X @pyy + EXC1p X Ryp X @y, + REMINpoy pon X Rpon@p2p + REMIN 1pon pon X Ripon@p2p — REMINpoy npa X Rpon@pan
— REMIN ponponres X Rpon

dDONrefy5

— dr = REMIN pon ponres X Rpon — REMINponresnma X Rponref@pan
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