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PIBM 1.0: An individual-based model for simulating phytoplankton
acclimation, diversity, and evolution in the ocean
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Abstract. Phytoplankton is a diverse group of photosynthetic organisms and accounts for almost half of global primary produc-
tion. However, most existing marine ecosystem models incorporate limited phytoplankton diversity, overlook phytoplankton
evolution, and treat phytoplankton as concentrations instead of particles. Here we present an individual-based phytoplankton
model that captures three dimensions of phytoplankton traits (size, temperature, and light affinities) and allows phytoplankton
cells to mutate in a one-dimensional (1D) water column. Other eompenents-of-this-ecosystemrecosystem components include
dissolved inorganic nitrogen, twenty-size-twenty-size classes of zooplankton, and detritus, all modelled as Eulerian fields. This
hybrid plankton model can not only reproduce the general seasonal patterns of nutrients, chlorophyll, and primary production

in the subtropical ocean, but also simulate variations in phytoplankton traits and functional diversity. We expect that this model

will be a useful tool for studying phytoplankton physiology, diversity and evolution in the ocean.

Copyright statement.

1 Introduction

The ocean carbon cycle plays a pivotal role in aﬁeeﬂﬁghewmme Earth Systemm&p% ~’s response to climate change
(Sigman and Boyle, 2000)—Phy i o o

with phytoplankton as one of its most critical players. Phytoplankton are essential in transportlng carbon from the surface to
the deep ocean, a process known as the bi iti

phytoplankton form the foundation of the marine food web and eeﬂeﬂbu{e%—te—a}me%wcggm half of global primary
production (Field et al., 1998). Given-th hew-Therefore, accurate predictions
of the Earth Systemwi toxt

models that effectively capture the physiology and ecology of phytoplankton.
TFhere-are-a-number-of-limitations-assoctated-with-Despite their importance, many existing phytoplankton models —First;

the-majority-of-plankton-have notable limitations. Most of these models use the Eulerian framework, while-in-—reatitywhich




25

30

35

40

45

50

55

assumes that phytoplankton cells are fixed at specific locations in the water column. However, in reality, phytoplankton cells
are dispersed in-throughout the water column by turbulence—While-a combination of turbulence, advection, mixing, and other

dynamic processes. Although Eulerian models are widely used and accepted, they can induee-introduce discrepancies due to
Jensen’s inequality, where the average of the mean may-does not necessarily equal the mean of the average (Baudry et al.,

2018; Christensen et al., 2022).
Ttisstillunelear-whether-the Bulerian-medel-Uncertainty remains about whether Eulerian models or fixed-depth ineubations

over—in situ incubations overestimate or underestimate primary production H-we-asstume-the agrangian-phytoplankton-modet

represents-the-greund-trathcompared to the realistic situation in which phytoplankton cells can move in the water column. For
example, Barkmann and Woods (1996) suggested that the-primary production estimates based on incubation-bettlesfixed-at

eertain-depths-fixed-depth incubation bottles could overestimate the true primary production by up-te-as much as 40%--while

the-computation-by Ress-and-Geider(2009)suggested-%, while Ross and Geider (2009) reported only a minor difference.

The abeve-problem-becomes-even-murkierchallenge intensifies when phytoplankton acclimation is taken-inte-account-due
to-the-different-timeseales-of-acelimation-and-considered, as it can operate at a different time scale than mixing (Tomkins
et al., 2020). Consider the case that phytoplankton-acclimate to-varying light conditions by chaneine For instance, when

& STHE LU RGN WAL

hytoplankton adjust their intracellular carbon-to-chlorophyll (C:Chl) ratios

in_response to changing light conditions, the relative speeds of acclimation and mixing become crucial, If mixing occurs
faster than acclimation, cells effectively experience an averaged light environment over their life cycle, which-may-exacerbate
potentially amplifying the effect of Jensen’s inequality. By-contrast—if-the-mixing rate-is-slower-than-the-acelimation—rate;
phytoplankton-eetls-eonstanthy-Conversely, when acclimation is faster than mixing, cells continuously adjust their intracellular
C:Chl ratioswhich-is-more-similar-to-the-Eulerian-seenario-in-which-phytoplankton-eells-are-fixed-at-, mirroring an Eulerian
scenario where phytoplankton remain at a fixed depth. In addition to light acclimation, phytoplankton can also adjust their
intracellular nutrient quota to acclimate to the external nutrient environment (Morel, 1987). Further eonsidering-the-stochastie

as-complexity arises because

acclimation timescales, along with photosynthesis and nutrient uptake j-rates, depend on phytoplankton traits steh-as-like cell
size (Litchman et al., 2009; Edwards et al., 2012). When-comparing-small-againstlarge-eeHsFor instance, acclimation may take
place-much-fasterfor-a-small-cell-than-alarge-cell-Unfortunately;-most-ef-the-occur much faster in small cells than in large
Given these limitations, Lagrangian models, also known as Individual-Based Models (IBMs), present a compelling alternative
to Eulerian approaches in ecological modeling. By simulating individual interactions, adaptive behavior, and responses to

environmental conditions, IBMs capture dynamics that conventional models often overlook (Woods and Onken, 1982; Grimm et al., 2006;
Ledbetter, 1979; Platt and Gallegos, 1981; Falkowski and Wirick, 1981; V

. While the first IBMs emerged in the late 1970s and early 1980s

their widespread use was limited due to high computational costs. Advances in computing power, however, have since made
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. However, despite their advantages, many existing Lagrangian phytoplankton models did-notstill fail to consider phytoplank-

ton traits -which-leaves-more-uncertainty-in-comparing-(¢.g., cell size, temperature and light affinities) which are known to
be important for determining phytoplankton physiology (Edwards et al., 2012, 2015; Chen, 2022), leading to uncertainty in
primary production estimatesbetweenEulerian-and-Lagrangtan-medels—. Considering multiple traits is also essential when

tﬂeefpefa{e&fhes&ffaﬁslnvestl ating what factors regulate biodiversity and the role of diversity in ecosystem functionin
are two central topics in ecological research (Huston, 1994; Hooper et al., 2005). To address these questions, phytoplankton

diversity models are indispensable. To this end, different types of phytoplankton diversity models have been developed (Acevedo-Trejos et a

. However, few of these models consider the four processes (selection, drift, speciation, and dispersal) that govern biodiversit

as synthesized in Vellend and Agrawal (2010). In most, if not all, phytoplankton diversity models, only selection and dispersal
are considered. One challenge in considerin
resolution of the trait axes must be high enough to robustly simulate trait diffusion (Beckmann et al., 2019). While this may not
be a problem for a single-trait model, the computational demand becomes substantial when multiple traits are considered. For
example, if we consider three traits as in the Darwin model (Follows et al., 2007; Barton et al., 2010; Dutkiewicz et al., 2020)
and set up 20 classes along each trait axis, at least 20° = 8000 phytoplankton tracers are needed.

Again, IBMs can be one promising approach to addressing this challenge. First, they allow for the straightforward inclusion
of mutation and drift (demographic stochasticity) in phytoplankton particles. Second, their computational cost is largely
determined by the number of particles instead of the number of traits. A key advantage of IBMs is that traits associated
with each phytoplankton particle can evolve freely. If a certain trait set of a particle is maladapted to the environment, this
phytoplankton particle can be removed from the system, thus saving computation costs. By contrast, once trait grids are set up

in Eulerian fields, they cannot be altered during the simulation.
Here, we introduce a novel i

speciation (mutation) in Eulerian phytoplankton diversity models is that the

s-Phytoplankton IBM (PIBM) in a
one-dimensional framework. PIBM is actually a hybrid model, integrating a Lagrangian module that simulates the phytoplank-
ton community ;eeupled-with-anFEulerian

zooplanktonand-detritus)-as—continuous—coneentrationsand an Fulerian module that tracks other tracers, including dissolved
inorganic nitrogen, zooplankton, and detritus. The Lagrangian

IBMs increasingly in plankton and marine research (Cianelli et al., 2004; Woods, 2005; Nogueira et al., 2006; Cianelli et al., 2009; Jokulsc




module includes three traits, cell size, optimal temperature, and light affinity, while also incorporating phytoplankton acclimation

95 capability and evolutionary dynamics. This type of mixed-hybrid Eulerian and Lagrangian medeHing-modeling approach has
been used beyond plankton medeHingmodeling, such as in the field of aerosol-cloud interactions-interaction (Grabowski et al.,
2019; Dziekan and Zmijewski, 2022).

‘Q

100

In the following sections, we first describe our ecological model and the differential equations that govern the growth and

105 selection of phytoplankton. Next, we present the main results of the model and discuss its merits and limitations. To validate

the model outputs, we compare them with in situ_observations at the Bermuda Atlantic Time-series Study (BATS) station.
Moreover, we compare PIBM outputs with those of two versions, Eulerian and Lagrangian, of a simple Nitrogen-Phytoplankton-Zooplanktc
(NPZD) model. This allows us to examine the effects of increased model complexity to understand how incorporating multiple
phytoplankton traits influences biomass, production, and the differences between Eulerian and Lagrangian approaches. It is

110 important to note that the objective of developing PIBM and performing model validation/comparison is not to_improve

simulations of bulk properties (e.g., nutrient and chlorophyll concentrations) against simpler models but to provide a tool

to better study phytoplankton diversity in the ocean.
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Figure 1. Conceptual diagram of the HD-hybrid-Eulerian-Lagrangian-1D PIBM model. N: Nitrogen. C: Carbon. Chl: Chlorophyll. The black

arrows represent nitrogen flows.

2  Model description

2.1 Overview

Phytoplankten-Eulerian-Lagrangian hybrid system that extends the classic NPZD framework. In PIBM, phytoplankton cells
are represented by super-individuals (the-Eagrangian module)see below) within the Lagrangian module, which is coupled to an
Eunterian module~-that-Eulerian module. The Eulerian module calculates the dynamics of dissolved inorganic nitrogentbBiNy,

multiple size classes of zooplanktontZO©), and detritus {BET)-as continuous concentrations aleng-across the vertical domain.
While nitrogen is the model’s

rimary currency, the model also estimates the carbon and chlorophyll content of phytoplankton cells. The model structure is
illustrated in Fig. 1, with all model parameters listed in Tables 1 and 2. The following subsections provide detailed descriptions

of both modules,

120




2.2 Lagrangian module

125 2.2.1 Super-Individuals

The Lagrangian module simulates the phytoplanktonie-community—as-phytoplankton community using super-individualsta
ehuster-, which represent clusters of identical phytoplankton cells)-to-represent-. This approach allows us to model a realis-

tic number of phyteplankton—cells—with-afferdable-computational-eosts—cells while keeping computational costs manageable
(Scheffer et al., 1995). To avoid memory issues;—we-assign-a-constant-limitations, the number of super-individuals remains

130 constant throughout the simulation.

2.2.2 Phytoplankton model

‘RZe ']E‘Figﬂ
Phytoplankton physiological rates, such as growth and nutrient uptake, are determined by three master traits;—: cell size,
optimal temperature(7,,,;, “('). and the initial slope of the Photosynthesis-Irradiance (P-1) curve (o "' (W2 m ¢

—1\—1 41

135 ity-and light affinity. These rates va

over time and depth, responding not only to changes in the external environment (nutrient availability, temperature, and light)

Cell size influences the ability of phytoplankton to take up inorganic nutrients and its vulnerability to zooplankton grazing.

Cellsize-is-expressed-in-terms-of It is expressed as the maximal carbon content per cell (Cy;q,,, pmol C cell =1 )—Nete-that-while

140 the-, which reflects the phytoplankton size in terms of its maximum carbon content during the division phase. While actual
cellular carbon content (Pc, pmol C cell 1) ean-vary-as-aresulttof fluctuates due to photosynthesis and respirationdepending-on
its-nutrient-and-light environment-we-assume-that-the-traits-of-, nutrient uptake and zeeplankton-grazing-only-depend-grazing
rates depend solely on Caivbecause-otherwise-these-traits-will-change-constantly-with-time, This simplification ensures that
these rates are not constantly recalculated due to changes in P and only change when Cyj,, varies due to mutation. Optimal

145 temperature (T, °C) and light affinity, expressed as the initial slope of the photosynthesis-irradiance curve (<", (W2 m~"
g Chl (mol ©)"1)~! d™), describe phytoplankton response to environmental temperature and light conditions.

We assign the three master traits to each phytoplankton super-individual at the beginning of the simulation, with values
randomly drawn from a uniform distribution within predefined minimum and maximum limits. Once assigned, trait values
remain constant throughout the simulation unless a mutation occurs (Section 2.2.3), which helps to sustain diversity.

150 TFhe-dynamies-of-At the heart of the Lagrangian module lie the equations governing phytoplankton cellular carbon (F¢),

nitrogen (Py, pmol N cell ™), and chlorophyll (Pcp;, pg Chl cell ~!)are-modeted following Geideret-ak(1998):, formulated

following Geider et al. (1998). Geider et al. (1998)’s equations describe the balance of photosynthesis, nutrient uptake, respiration,

2

and chlorophyll synthesis, capturing how phytoplankton regulate their cellular contents in response to environmental conditions.
Eqg.1 states that phytoplankton cellular carbon is fueled by photosynthesis, which converts inorganic carbon into organic
155 carbon, but is depleted by the cost of nutrient uptake and respiration. Eq.2 states that phytoplankton cellular nitrogen is fueled
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by nitrogen uptake but is depleted by respiration. Eq. 3 states that phytoplankton cellular chlorophyll content is fueled b
chlorophyll synthesis, which depends on both photosynthesis and nitrogen uptake, but is consumed by respiration.

1 de e yo_
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P (d1) is the carbon-specific photosynthesis rate, ¢ (mol C mol N™1) is the cost of biosynthesis, ng (mol N mol C~*
d~1) is the nitrogen uptake rate, Q~ (mol N mol C~!) is the cellular N:C ratio, pcp; (dimensionless) is the fraction of
phytoplankton carbon production that is devoted to chlorophyll synthesis, # (g Chl mol C™1) is the ratio of Chl synthesis to
carbon fixation (representing phytoplankton acclimation to light variability), Rc, Ry and Ry, (d™1) are the phytoplankton

respiration rates for carbon, nitrogen and chlorophyll, respectively. f(T") is the function describing the temperature (7', K)

dependence of phytoplankton metabolism which is detailed in the temperature section below.

It is important to note that we implicitly assume that Pc, Py, and Poy; are not affected by zooplankton grazing which only

reduces the number of cells per super-individual.

P¢ is a function of light availability as defined below:
7aCh,I. GC I A%
C_ pC|q_ PCmasm
PC=pPC|1-¢ )

where Pg (d~1) is the maximal carbon-specific photosynthesis rate, 7 (W m~2) is the irradiance, and A> (dimensionless)
is the term that accounts for photosynthetic photoinhibition (see Eq. 6)which—was—net-. Although photoinhibition was not
originally included in Geider et al. (1998), incorporating it is essential for capturing the decline in photosynthetic efficiency
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P¢ depends on intracellular nutrient status:

N N

Q ~ Wmin
N
%ax_Qmin

where p1,, (d71) is the maximal specific growth rateas-afunction-of-temperature-tnderresource(nutrient-and-tight)-replete

eonditions{see , which varies with temperature under nutrient- and light-replete conditions (Eq. 10);and-, Qﬁ’mm (mol N mol

C~1) is the maximal nitrogen-to-carbon ratio and Q7. is the minimal nitrogen cell quota-—&-- P

max ¥min

: both depend on cell size (Table 2). Here, we replaced the original P€ , (maximal photosynthetic capacity at a reference

temperature) from Geider et al. (1998) with 1,,, which depend on both temperature and light traits as shown later.

PnC::Nm ®)

To simulate the short-term responses of phytoplankton cells to potential high light stress when being-they are dispersed
to the surface, we include photoinhibition into the phytoplankton model following Ress-and-Geider(2009)previous studies
(Han, 2002; Ross et al., 2011; Nikolaou et al., 2016). Photoinhibition decreases the photosynthesis rate due to the-damage-of
D1 protein damage under high light, and it is expressed as the fraction of open Photosynthetic Units (PSU) (Han, 2002;
Nikolaou et al., 2016):

1

A% =
1+O'p511 IT+KUI2DSII 127'

(6)

opsrr (m? W1) is the effective absorption cross-section of the-Photosystem II (PSI)and-is-, parameterized as a power-law
relationship with 6€: opsrr = 6 (9°)* (Nikolaou et al., 2016). Here, § (W m~2)~! (g Chl g C~1)71) and  (dimensionless)
are constants (Table 1). 7 (s) is the turnover time of the electron transfer chain and K (s~!) is the ratio of damage to repair
constants (K = kq/k;).

The tension between photo-damage-photodamage (kg4, dimensionless) and repair (.., s) of a PSU determines the fraction of
open reaction centres and abundanees-the abundance of D1 proteins at a given light level. To set up a trade-off between high-

light adapted and low-light adapted ecotypes (Moore et al., 1998), we assume that &, and a©"

that-phytoplankton-eells-that-are—. Thus, phytoplankton cells adapted to low-light (i.e., with larger a“"), have a reduced
capability of photo-repair (i.e., smaller K) (Key et al., 2010). Conversely, phytoplankton cells adapted to high-light (larger

K) have-a-greater-capability-are better able to cope with photoinhibition but are less efficient in absorbing photons under low

light (smaller «©"). In addition, we consider the effect of nutrient status of-phytoplankton-on-cells™ability-to-photo-repair-on
their ability to perform photorepair, as nutrient limitation can jeopardize photosynthetic energy transfer efficiency (Herrig and

Falkowski, 1989). Therefore;we-come-up-with-Based on this, we propose the following relationship deseribingfor k,:

are negatively correlatedsueh

Chl N N
o QY — Qi
kT — a( )'U man , (7)
b %aw - Qf’rvun
irwhieh-where a =2 x 1075, b =5 x 1077, and v = —6.64 are constants. These parameters are-obtained-viafitting-to-the-data
of-were obtained by fitting data from Prochlorococcus in Moore et al. (1998).




Phytoplankton nitrogen uptake (V) depends on both external fevels-ef-DINdissolved inorganic nitrogen (DIN, mmol N

m %) levels and intracellular nitrogen status:

DIN No_QN\"
C C maz
Ve =V 8
N " DIT lfN ( %am Q%zn) ( )

with-where V.¢ = 11, QN . (mol N mol C~!d~1) being-is the maximal specific nitrogen uptake rate, and Ky (uM) being-is

max

215 the half-saturation constant for DIN uptake. The parameter n (dimensionless), varying-which varies between 0 and 1, is-the
shape-factor-adjusting-determines the dependence of the maximum uptake rate (V,gv ) on cell quota (Q) (Geider et al., 1998).
All three parameters -~ Ky, QY . and QY. - depend on cell size following allometric relationships (Table 2).
pcn (dimensionless) depends on light, photosynthetic rate, the initial slope of the P-I-photosynthesis-irradiance curve
(a©M), and Chl:C ratio (6°):

PC

_pN
220 pon = Onaqe AChl gC T )

where 62 is the maximum ehlerophyt-to-nitrogen-chlorophyll-to-nitrogen ratio (g Chl mol N~1). During dark hours, when
I =0, pcp is assumed to be-equal-toretain the value calculated at the end of the preceding light period.

The maximal growth rate, (t,,,, depends on Ty, (K) as well as the environmental temperature (1", K)fettewing(Chen;2622)-
which-extends—frem-, following Chen (2022), which extends the Metabolic Theory of Ecology (Dell et al., 2011; Chen and
225 Laws, 2017):

o ate e (10)
Hm =Ho = 17 Eec(Fat Ea)(o—0)

in-whieh-where 6 and z are the transformed optimal and environmental temperatures (for mathematical convenience);respeetively

=1 Lvpoq 1,1 1y,
Wk (T Topt ! 00V T kp\Ty T/ =~
1 1 1 1 1 1
9:(_ ) ”””:(‘) (11)
N To) o e \To T)

230 with Tj (K) being the reference temperature set at 288 K3. pig (d—1) is the normalization constant for f,,, tatf =0y, £, (eV)is
the intraspecific activation energy, and E; (eV) is the nominal activation energy regulating how fast the growth rate (;z, d=1)
decreases with increasing 7' when z > 6. Finally, k;, (€V K1) is the Boltzmann constant.

Based on analyzing-a-dataset-of phytoplankton—grewth-against-the analysis of a dataset relating phytoplankton growth to
temperature, (o (A1), E, (eV), and E}, (eV) are found to be allometric functions of § (Chen, 2022):

235 g =y’ P’ (12a)
E, = Eqo €% (12b)
E), = Epg e?? (12¢)
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in which 1/ (d7!) is the normalization constant for 1o when 6 = 0, E; (eV) is the interspecific activation energy, E,o (eV) is
the normalization constant for £, when 6 =0, 3 (eV) is the scaling exponent against § for E,, Exg (€V) is the normalization

constant for Ej, when 6 =0, and ¢ (eV) is the scaling exponent for Fy,.

Following the mechanistic model of Wirtz (2011), we assume-that-let ;1 varies-to decrease with cell Equivalent Spherical
Diameter (ESD, pum) as a result of intra-cellular self-shading and excess density:
M/
M/ _ 0 %
e
1+ao () ESD

13)

where ag (= 0.34 m~1) is the length scale of photosynthesis depletion, p* (= 0.25 pg C m~3) is the carbon density at a reference
ESD (ESD; =8.00 um), and po (= 0.50 pg C m~?) is the specific carbon density for the relative chloroplast volume (Vo /V).
We also assume-consider that phytoplankton respiration (12¢, Ry, and Rcy,;) felew-follows the same temperature depen-
dence as p,, (Barton et al., 2020).
Following Wirtz (2011), we-assume-that-these specific respiration rates are assumed to scale inversely with phytoplankton
ESD:
ESDy
ESD
where Rc ; is the temperature-dependent-temperature-dependent respiration rate at ESDy. If 7' = T,,,¢, R, s = 0.025 d ! for
the specific respiration rates of phytoplankton carbon, nitrogen and chlorophyll.

Ro = R (14)

Eqgs. 13 and 14 capture the unimodal relationship between maximal growth rate and cell size (Chen and Liu, 2010, 2011;
Maraiién et al., 2013). If a phytoplankton cell is too large, its self-shading and intracellular decline of CO5 reduces its maximal

growth rate. On the other hand, if a cell is too small, the high specific respiration cost leads to a rapid decline in maximal

growth rate. This eonstraint-tradeoff on the range of cell size plays a fundamental-role-inshapingphytoplankton-size-strueture
critical role in constraining phytoplankton size range in the model in which the phytoplankton cells are allowed to evolve freely

by mutation. Without this tradeoff, phytoplankton will evolve towards infinitely small cells in very oligotrophic environments.

2.2.3 Phytoplankton division, death; mutation and evolutiondeath

Phytoplankton cell division takes-place-occurs when the cellular carbon content reaches Cy;,, (Cianelli et al., 2009; Ross and
Geider, 2009). When-a-cel-dividesUpon division, the parent cell is split into two equal daughter cells, each inheriting half of

the carbon, nitrogen, and chlorophyll content. As a consequence, the number of cells per super-individual doubles.

10
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Chl as

Whenphytoplankton-cells-divide-they-are-allowed-to-daughter cells inherit the same trait values for Cy;y,, Ty, and o

the parent cell; however, they have a small probability te-mutate-(i-e—changing-the-values-of-the-three-traits tog{ Carp s Toprs

and-logla“L)) following-of mutation, with the trait values altered according to a Gaussian distribution with the-mean equal
to the parenteel’s-trait-’s value and a given-specified standard deviation. The probability of mutation for a super-individual te

mttate(1/; ppy) 1S proportional to its number of cells —Although-it-(n; such that v, = Uy M phays Where 1 represents
the mutation rate per cell.

Although this mutation framework may not accurately reflect reality, for the-sake-of-simplicity and ease of modelling, we
assume that all ecotypes share the same mutation rate. However, in reality, mutation rates can vary among different phyto-
plankton ecotypes (Beardmore et al., 2011), and even within the same species when subjected to stress (Bjedov et al., 2003).

BesidesAdditionally, while we assume that the mutation of one trait is independent of others, the user can modify the mutation

covariance matrix to change how the mutation of one trait ean-depend-depends on those of other traits.

b5 SP v Y- ) P

cellularearbon-content-of Phytoplankton cells die when their cellular carbon content falls below a minimal threshold (C,,,;
mol C cell 1), defined as a quarter of Cy;, (Ross and Geider, 2009), or when the total nitrogen content of a super-individual

i
Z?:l(lj - E) (lm - m) n; Po

COV(lj,lm) = ¥ i Pey

whefe%—&nd—%fepfeseﬂﬁhﬁﬂe&ﬂ—fmwa%ueﬂ#tmi&f&ﬂ&mﬁespeedve}ydro s below 0.10% of the average nitrogen content

of all super-individuals. It is important to note that we-treat-tog{ Gy Fopr-and-toglaCtl)-as-traits-as-they-are-more tikely-to
. | distribution than 4 "

2.2.4 Funetional-diversity

11



300

anityin addition to respiratory cost, phytoplankton
305 cells are subject to zooplankton grazing. We assume that zooplankton grazing can only reduce the number of cells per
super-individual without affecting cellular carbon or nitrogen. When a cell dies, its nitrogen content is converted into detritus.
Simultaneously, to maintain a constant number of super-individuals, the super-individual with the maximum nitrogen content
is divided into two new super-individuals, each containing half of the cells of the parent super-individual.

2.3 Eulerian module
310 Dynamics of dissolved inorganic nitrogen, zooplankton, and detritus are modelled as Eulerian fields.
2.3.1 Dissolved inorganic nitrogen

The temporal and spatial variability of dissolved inorganic nitrogen (DIN, mmol N m~3) depends-on-is governed by several
processes: the total nutrient uptake by phytoplankton (Pyptake, mmol N m~—3; see Eq. 16), zooplankton excretion (Zexc; see
Eq. 17)and, detritus regeneration (D..g; see Eq. 18), and vertical diffusion (lastterm-of-the last term in Eq. 15).:

ODIN 0 ODIN
o —Pyptake + Zexe + Dreg + 2 |:K’U(z>W:|

where K, (z) (m? s~!) is-denotes the vertical eddy diffusivity at each depth layer. P,pake 2tin grid s daring-over the time step

315 (15)

At is defined as the sum of the nutrients taken up by all super-individuals within grid-sthat grid:

(16)

k
1
Pu ake —
ptaki H(S);

in which H (s) (m) is the height of the vertical grid s, Py ;(t+At) and Py ;(t) (mmol N per cell) represent the cellular nitrogen
320 content of super-individual 7 at time ¢ + At and ¢, respectively, and n; (¢t + At) represents the number of cells associated with
the super-individual 7 at time ¢ + At.

We assume that Z. is a constant fraction of the total amount of food ingested by all zooplankton:

N
Zexe = (1=€—n) Y _1; Z00; (17)

j=1
where £ (dimensionless) is-represents the gross growth efficiency of zooplankton s-assumed-and is assumed to be constant for
325 each size class. 1) (dimensionless) is-denotes the fraction of unassimilated food by zooplankton, also assumed constant for each
size class. I; (d~1) is the per capita total ingestion rate of zooplankton in size class jand-is-elaberated-, as detailed in the

following section.

12



D is a linear function of both detritus concentration (DET, mmol N m~?) and temperature (7, °C)as-well-as-temperature

330 Dyeg = Ran DET f1(T) (18)

where Ry, (d~1) is the conversion rate from-detritus—to-of detritus into dissolved inorganic nitrogen, and f5 (1) describes
the temperature dependence of heterotrophic activities, including zooplankton grazing and detritus regeneration, formulated

according to the Arrhenius equation:

5Ty =t (PG D) & (H74) _ me (19
335 where I, (eV) is the activation energy for heterotrophic processes (see Table 1).

2.3.2 Zooplankton

The code for modeling zooplankton biomass was developed drawing inspiration from the equations described by (Ward et al., 2012

. The model resolves 20 size-elasses-of zooplankton-spaced-uniformlyintogspacezooplankton size classes, spaced logarithmicall
from 0.80 to 3600 um ESD. We-define-the-The smallest size class as-is set at 0.80 um to mimie-represent the smallest het-

340 erotrophic eukaryotes in the oceanthat-, which predommantly feed on bacteria. The upper limit of 3600 pm is selected-as—a

chosen as a tradeoff between ensuring appropriate
grazers for large phytoplankton and eomputing-demand-as-we-wish-to-managing computational cost, as we fix the number of

zooplankton size classes as 20. Because phytoplankton cells are aﬂeweé%e%eelryeveh*e—lwfree to evolve in size during the
simulation, it y W&large (or small) size

345 that no zooplankton can feed on —E

too-few-zooplankton-them. However, expanding the zooplankton size range too much would reduce the resolution size classes

within the realistic zooplankton size range.

The nitrogen biomass of each zooplankton size class (ZOO;, mmol N m~3) increases with-the-amount of prey(inetudingatt
WM phytoplankton super-1nd1v1duals and zooplankton-smaller-than-themselves)-they-ecan-eat-but
e-smaller zooplankton, but decreases due to predation

350

by larger zooplankton and natural mortality.

9200, d i 9 9200
6t . = ZOO] g] Z Ijvjprey - Z ZOO]pred ]predv.? ZOO] mZ fh (T) + & (KU(Z) 62 . ) (20)
jpreyzl jp'red:1+J

where m, (d™!) is the linear zooplankton mortality rate—, and J is the total number of prey itemsinetuding-att-, including

phytoplankton super-individuals within-the-grid-and-othersmallerzeoplankten-and smaller zooplankton within the grid.

355 Zooplankton per capita ingestion rate (I; d™1) is calculated foHowing-using a sigmoidal functional response 5

pred;Jprey?

ing-that depends on total prey biomass (B; _ , mmol N m~3) (Ward et al., 2012):
’\/\/\/\/\/E\/\/\/\/ JIprey

Pipreasiprey Bipre AF;
I' ] . — max pred,Jprey prey 1 —e Jpred 21
Jpred,Jprey fh( ) ]P7€d F]pn,d + Kp’jpred ( ) ( )
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where I}:ajfi (d~1) is the size-dependent maximum ingestion rate (Table 2) (Hansen et al., 1997; Ward et al., 2012). Djorediprey

(dimensionless) tstepresents the palatability of prey jprey for predator jpreq. Fj,,.q (mmol N m~3) is the total prey availability
for predator jpred, and Kpj  , (mmol N m~3) is the grazing half-saturation constant of predator Jpred. The term (1 — err )

represents—accounts for the effect of prey refugewhich-reduces-the-grazing-effort-as—, which reduces grazing effort when

available prey becomes scarce (Ivlev, 1955; Mayzaud and Poulet, 1978). The total ingestion rate of zooplankton size class j is

. J
therefore given by I; =375 11 jpre,

The food availability for the-zooplankton size class j,oo (F},..) includes both phyto- and zooplankton prey and is computed

7200

as:
.7700_1
]zoo - z : ¢]zooﬂphy zphy + : ¢]zooy7/zoo iz00 (22)
iphy =1 tz00=1

in-whieh-where k is the number of super—individuals within the vertical grid. B;

Tphy

:niphy PN iphy/H and B;

1zo0

(mmol
N m~3) arerepresent the nitrogen biomass of the it .y phytoplankton super-individual and the
respectively. Note-that-

th  zooplankton size class,

Since there is no zooplankton prey for the smallest zooplankton size class (j,o0 = 1)—We-, we assume that zooplankton do
not feed on other zooplankton larger than their-ewn-size;-themselves but can feed on any phytoplankton prey;-although-feeding
on-a-phytoplankten-prey-, However, feeding on phytoplankton larger than their optimal prey size is penalized by-the-due to low

prey palatability, ¢; . .4 j,.., (dimensionless):

9 red s Jprey -
Do sioeey = TP l <ln (%Z;)) (2 ired) ] (23)

where ¥ (dimensionless) is the predator:prey volume ratio, ¥,p¢ (dimensionless) is the optimal predator:prey volume

]pred7]prey
ratio (Kigrboe, 2009), and o, (dimensionless) is the standard deviation of the feeding kernel.
Yopt 1s estimated frem-based on the optimal prey sizedefined-as-ESD-, which is defined by the relationship between ESD of

the optimal prey (ESDE'! ) ys-and the predator ESD (ESD,cq) (Hansen et al., 1994; Banas, 2011):

Pré€yopt
ESDEres  =0.65 ESDp. (24)

As we assume that zooplankton grazing only affects the number of cells per super-individual (n; , ) instead-efrather than

cellular carbon or nitrogen, i
nitrogen-while conserving total nitrogen is not trivial. We assume that the-phytoplankton mortality due to zooplankton grazing
(gphy, d™1), exi.e., the proportional loss of nitrogen content -during the time step At, is equal for all phytoplankton cells within
the same super-individual ¢and-the-same-and for all phytoplankton cells within the same vertical layer)—While-the-deaths-of

phytoplankten-eellsean-be-. While phytoplankton cell deaths can be modeled as a binomial process, swe-ean-the law of large
numbers allows us to assume that the loss of cell numbers within a super-individual is proportional to the grazing rate gphy

thanks-to-the-law-of large-numbers-(Beckmann et al., 2019). Therefore, we have:

estimating changes in n; , to-conserve-totat

Moy (t + At) = Niphy (t) (1 — Jphy At) (25)
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The total phytoplankton biomass loss due to zooplankton grazing within each vertical layer (Pg, mmol N m~3) ean-be

390 ealeulated-as-is computed as follows (note that we drop the subscript of z for convenience):

395

400

k
1
}%_HZ:HWwa%W@_mW“+NO
iphy =1
1 k
=2 Y P ) (ni},},yu) gy (D1~ g1y At))
ipny=1
1 k
= _E Z PNuiphy (t) iy (t) Yphy At
iphy =1
k
—yg At Ziphyzl PN,iphy (t) iy (t)
phy H
Nz
= D Ljsuurimy At (26)
jzoo=1

where k is the number of phytoplankton super-individuals within the vertical layer.

. e PN, () i, (1) . . . .
Since —phv=1 Il}l y " isrepresents the total phytoplankton nitrogen concentration within each vertical layer (Py),

we can derive:

S L,
gphy — Jzoo ;}\j hy (27)

Hence, the number of cells within a super-individual at the next time step (¢ + At) ean-be-computed-asis given by:
Nz
1 = Ilzooﬂ 1.
ni . (t+At)=n;, (1) (1 — M At) (28)
phy phy PN

It is therefore important that the grazing effect (n; ,, (¢ + At)) has to be computed before phytoplankton nutrient uptake
(FrLyptakes Eq. 16).

2.3.3 Detritus

Changes in the concentration of detritus (DET, mmol N m—3) are computed as:

opET - ODET 0 ODET
= ; (77 I +m, fh(T)) 200; = Ran DET fi(T) =Wa —5—+ 5~ (K”(Z) 0z ) @

where W, (m d 1) is the detritus sinking rate.
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2.3.4 Phytoplankton biomass ;-trait-distributien;-and primary production

The Eulerian module additionatty-ealeutates-the-also calculates the concentration of total phytoplankton nitrogen, carbon and
chlorophyll eencentration;-and-biomass, as well as the net primary productivity at each grid layer.
The concentration of total phytoplankton nitrogen, carbon and chlorophyll biomass (B.;Bp, , mmol N m~3; Bp, mmol C

m~3; and Bp,,,, mg Chl m~2) is computed at each grid layer as follows (note that we drop the subscript of z for convenience):

k *
Zi:l P)iphy ’ niphy

B, = 7 ; (30)
where %Wefefﬁﬁlf;mthe three different units of mass (i.e., Py, Pc and Poyyp).
Net Primary Productivity (MPPNPP, mg C m~3 d~1) of a vertical layer is integrated over a daily cycle:
12 k(t)
NPPNPP = - ; ; APc(t) m—(t)} @D

where k(t) is the number of phytoplankton super-individuals at time ¢ —

2.4 SizeSpeetra
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layer.

2.4 Physical forcing

As a case study, our 1D model simulates the upper 250 m of the Bermuda Atlantic Time-series Study (BATS) station. To
maintain generality and simplicity, some region-specific details, although-seme-details(e-g=-such as phosphorus limitation
instead of nitrogen limitation)-are-not-considered-to-keep-its-generality—A-total-, are not included. The vertical grid consists

of 100 depth-develsdefine-the-vertical-grid-with-inereasing resolution-towards-levels, with resolution increasing toward the sea
surface, following a sigma grid -approach similar to that used in the Regional Ocean Modeling System (ROMS; Shchepetkin

and McWilliams (2005)).

The model is fereed-with-three-external-externally forced by three environmental variables: temperature, vertical eddy diffu-
sivity(#+), and photosynthetically active radiation (PAR). Temperature profiles are-impeorted-from-(1, °C) are prescribed from
monthly climatological data in the World Ocean Atlas 2013 (Locarnini et al., 2024). Vertical eddy diffusivity prefites-(K,, m?
s™1) were interpolated-froms interpolated from daily outputs of a previous model eutpat(Bruggeman-and Bolding2044: Le
(GOTM) which uses the k ~ ¢ turbulence model to compute K, <+0=1m?s=1-

Surface<(Bolding and Villarreal, 1999; Bruggeman and Bolding, 2014; Le Gland et al., 2021). Finally, surface PAR (I, W
m~2) at BATS station-was-estimated-is estimated dynamically at each time step as a function of mid-day light, time of the-day,

and day length, following Anderson et al. (2015). Light vatues-atong-attenuation within the water column (I,, W m™?2) are
estimated-is computed at each time step feHewing-using the Beer-Lambert law;-based-on-tyand-chlorophyll-concentrationLaw,
incorporating the effects of seawater and chlorophyll absorption:

NA-DP-—n ha dan

Iz — IO e—z (Kw+KChl fzo Chl(z) dz), (32)

where K, (m™') and K¢y (m? (mg Chlm?) 1) are the light attenuation coefficients for seawater and elterophyt-chlorophyll-a,
respectively.

Fig. 2 shows the temporal-and-spatial-distribution-seasonal evolution of the physical forcing variables, representing-the
typical-seasonal-illustrating the typical temporal and spatial variability at the BATS station. During winter and early spring, the
temperatures-were-towtemperatures remain low, while K, were-is high. The mixedHayerreaches-a-maximum-depth-of-around
Mixed Layer Depth (MLD, m), defined as the depth where K, < 10~* m? !, reaches its maximum depth (~-250 m) from

February to the-en

March. From April onward, MLD decreases abruptly, coinciding with a reduction in K, and an-inerease-in-temperature-in-the
first 25-m-of-the-water-column-—From-late springte-tate-a warming of the surface water. Throughout late spring and summer,

the water column is-strongly-stratified—It-can-be-observed-how-becomes strongly stratified, with the surface mixed layer gets
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warmer-and-reaches-a-depth~-warming and deepening to 50 m in-by September. At the beginning-onset of fall, a-decrease-in
temperature-and-an-inerease-in-cooling temperatures and increasing K, deepens-deepen the surface mixed layer once again.

(a) Temperature (°C) (b) K, (m?s™) (c) PAR (W m?)
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Figure 2. Temporal and vertical variability of the model forcing variables. (a) Temperature (°C), (b) Vertical diffusivity (K, m? s™1), and

(c) Photosynthetically active radiation (PAR; W m~2). In (b), the white line identifies the mixed layer depth (m).

2.5 Vertical moevements-transport of particles

The-movementof-both-

In addition to_the super-individuals

as—, the Lagrangian module also

simulates the movement of passive inert particles as a validation tool. Both passive particles and super-individuals move due

to vertical diffusion, following a random walk feHewing-model based on Visser (1997). The following-equation-computes-the
change in position (z;) for-of an individual particlefrem-the-, from depth at time ¢ s-to time ¢ + 1 (2441), is computed over a

finite time step -0t as:

Zt4+1 = 2t —|—K1/](Zt) 5t+R \/2 r—1 Kv(Zt —|—% K{}(Zt) 5t) (St, (33)

where K (z:) represents the gmée%e#dfffuﬁw vertical diffusion gradient (= §K,/dz) at depth z;, R is a random factor

variable drawn from a uniform distribution with

zero mean and variance r (r = % for a uniform distribution between - 1 and 1) (Ross and Sharples, 2004).

We-In addition to diffusion, phytoplankton vertical movement is also influenced by sinking, which is size-dependent and
follows the allometric relationship described in Durante et al. (2019) (Table 2). However, we assume no vertical veleeity—of
eurrents-current velocity in the system. Fhesinkingrate-of-

2.6 Initial conditions

In our standard model run, we initialize 20,000 phytoplankton e

inDPurante-et-al(2019)-super-individuals and 1,000 passive particles with these numbers maintaining constant during the
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simulation. The vertical positions of both passive particles and phytoplankton super-individuals were randomly assigned

485  between the surface (0 m) and bottom (250 m) at the start of the simulation, following a uniform distribution.
As previously explained, the three master traits were assigned to each phytoplankton super-individual at the beginning of
the simulation. The initial ESD of each phytoplankton super-individual was randomly drawn from a uniform distribution in log.
space between 0.80 and 60.00 . These ESD values were then converted to phytoplankton cellular carbon content following.

Menden-Deuer and Lessard (2000) (Table 2). Subsequently, the initial cellular nitrogen content was estimated based on the

490 Redfield ratio (C:N = 106:16 mol:mol), while the initial cellular chlorophyll content was calculated assuming a Chl:C ratio

of 1:50 (g:g2). C\y;,, the maximum carbon content at which a division event occurs, was set twice the initial cellular carbon

content, The initial number of phytoplankton cells per super-individual was calculated assuming a constant phytoplankton
nitrogen concentration of 0.10 mmol m~? throughout the water column.
Fo-ensure-that T, values were randomly drawn from a uniform distribution between 2 and 30 °C. Similarly, o<"! values
495 were randomly drawn from a uniform distribution in log space between 0.01 and 0.50 (W* m~" g Chl (mol ©)~") "1 d" ",
In the Eulerian module, the initial concentrations of DIN were interpolated from the January profile at BATS, obtained from
the World Ocean Atlas (Garcia et al., 2024). The total initial zooplankton nitrogen concentration was set o 0.10 mmol N m~?

throughout the water column and evenly distributed among the 20 size classes. Detritus concentration was also initialized as
0.10 mmol N.m™?,

500 2.7 Boundary conditions

To preserve total nitrogen, zero fluxes are applied at both surface and bottom boundaries for all Eulerian fields. Additionall
a reflective boundary condition is used for particles encountering both surface and bottom boundaries during the random

walkwo orrectly-the Lagrangtan-module-also-computes-the-movements-of 1000-passive-inert-pa es-whese-trajectorie

can-be-tracked. We leave the option to use the Dirichlet boundary condition if one wishes to.

505 2.8 Model simulations

To achieve (quasi) steady-state seasonal cycles, PIBM was run for 6 years, with only the last year analyzed in this study.

The model solves the differential equations governing biological processes using the forward Euler method with a constant
10-minute time step. However, because the vertical random walk requires a shorter time step (Ross and Sharples, 2004),
particles undergo 200 substeps per biological time step, resulting in a random walk time step of 3 seconds.

510 Asthe particle random walk is computationally intensive, we implemented parallel computing using openMPI (Gabriel et al., 2004)
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Table 1. Fixed parameters of the +B-hybrid-1D PIBM model.

Parameter Symbol Value Units
Phytoplankton maximal chlorophyll to nitrogen ratio® oN . 3 g Chl mol N1
Phytoplankton cost of biosynthesis? ¢ 3.00 mol C mol N1
Shape-factor describing the dependence of V., on QN1 n 1.00 dimensionless
Phytoplankton maximal growth rate when Tppe = 15 °C? 1/ 5 dt
Interspecific activation energy? E; 0.22 eV
Normalization constant for E > FEq 2.3 eV
Normalization constant for E,? E.o 0.98 eV
Activation energy for heterotrophic processes? B, 0.65 eV
Boltzmann constant ky 8.62 x 107° eVK!
Scaling exponent against 6 for F,> 15} -0.20 eV
Scaling exponent against 6 for E,;2 10} 0.27 eV
Normalization constant of the o pgrr and 6¢ relationship* & 0.492 m? W1 gCgChl™!
Exponent of the o pgs; and 0¢ relationship4 K 0.469 dimensionless
Turnover time of the electron transfer chain* T 5.50 x 1073 s
Damage constants of a PSU4 kq 5.00 x 1076 dimensionless
Standard deviation of mutation of three traits a. 0.1 dimensionless
Zooplankton grazing half-saturation constant Kpj e 0.15 mmol N m~3
Coefficient of the prey refuge® A -6.60 (mmol N)~! m3
Zooplankton gross growth efficiency® 13 0.30 dimensionless
Fraction of unassimilated food by zooplankton® n 0.24 dimensionless
Zooplankton mortality rate at 15 °C m, 0.005 d-!
Standard deviation of zooplankton grazing kernel® O jpred 0.5 dimensionless
Conversion rate from detritus to DIN at 15 °C Ry, 0.10 d-t
Detritus sinking rate Wy 0.50 md!
Light attenuation coefficient for seawater” K, 0.04 m~!
Light attenuation coefficient for chlorophyll” Ken 0.025 (mg Chl m—2)~!

1. Geider et al. (1998); 2. Chen (2022); 3. Brown et al. (2004); 4. Nikolaou et al. (2016); 5. Ward et al. (2012); 6. Buitenhuis et al. (2010);
7. Gan et al. (2010).
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Table 2. Size scaling coefficients of-for phytoplankton and zooplankton traits, following the general formula (y%a%w’&;m&

where V' +represents cell volume (um®). For phytoplankton, V is derived from Cy;, using the allometric relationship from

Maraiion et al. (2013) (first entry in this table). For the size scaling of maximal phytoplankton growth rate-and respiration raterates,
see see BEgs. 13 and 14.

Variable Symbol a b Units
Phytoplankton cellular carbon’ Pc 6:260.017  0.88 pmol C cell™*
Phytoplankton half-saturation constant for nitrogen uptake? Ky 0.14 0.33 mmolNm~3
Phytoplankton cellular maximum N:C ratio® N o 0.25 -0.07 mol:mol
Phytoplankton cellular minimal N:C ratio’-? N 0.07 -0.17 mol:mol
Sinking rate of phytoplankton®*_ Wohy 0.0019 0.43 dt
Zooplankton maximum grazing rate®->_ Gz [ 21.90 -0.16 d-!

1. Menden-Deuerandlessard(2000)Maranodn et al. (2013); 2. Edwards et al. (2012); 3. Maradénetal(2043)—4-
Ward-et-al«2012)5Durante-et-al-20H9Ward et al. (2012); 4. Durante et al. (2019).

2.9 Initial-eonditionsObservational data

For model validation, we obtained observational data for DIN (nitrate and nitrite), Chl, and NPP from the BATS website
(https://bats.bios.asu.edu/). To interpolate the data for each vertical grid at each time point, we applied the k-nearest neighbors
KNN) algorithm, with each data point calculated as the mean of the three nearest neighbors.

2.10  Mean trait and trait (co)variance

We characterize phytoplankton community composition in terms of mean trait values and trait (co)variance. Trait (co)variance

serves as a measure of functional diversity, capturing trait variations in the community (Norberg et al., 2001; Chen et al., 2019; Le Gland et

. The community mean phytoplankton trait is calculated as the carbon-weighted mean of all phytoplankton cells in the

k

T Y ieqlini Poy

T Tk 5
Y i ni Pog

(34)

where [; and n; represent the trait value and number of cells of super-individual partieles-were-randomly-assigned-between-the
surfaee1, respectively, and P ; represents the cellular carbon content of this super-individual.
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The trait covariance is calculated as:

k _ N
i—1(ji = 1) (i —lm) ni Poi
COV(ZJ,lm) _ Zz:l( Js i) ( > ) n C, (35)
> i1 i Poy

530 where [, and [,,, represent the mean values of trait j and m, respectively. I ; and [,,, ; represent the trait j and m of super-individual

Chl

1 respectively. It is important to note that we treat [0q(Clg;.)s Tops, and log(a as traits as they are more likely to follow

normal distribution than the raw units.

2.11 Functional diversity: Rao index

We computed the functional diversity of a phytoplankton community using the Rao index, a classic index to quantify diversit
535 in functional ecology (Rao, 1982; De Bello et al., 2021):

N N
Rao=7 > pip;di; (36)

i=1j=1

where p; and p, represent the relative proportion in carbon biomass of super-individual 7 and 7, respectively, in the community.
d;; represents the Euclidean distance between these two super-individuals in the three-dimensional trait space:

(37)

540 where [, represents the k‘" trait of super-individual 7 normalized between 0 m)-and-the-bottom(250-m)at-the-start-of the
stmutationfollowing-auniform-distributionand 1 because the three traits have different units (I} , = M
The-ESD-ef-each-phytoplankton-As shown above, the Rao index not only captures the relative abundance biomass in this

case) of each individual, but also takes into account trait similarities between individuals,

2.12  Size Spectra

545  Size spectrahave been widely used to provide insights into the size structure and energy flow of aquatic communities (Platt and Denman, 19
- To illustrate how this model can be used to simulate the plankton size distribution, we plotted the size spectra for both phyto-
and zooplankton at the first 10 m of the water column and compared them between winter (20" February) and summer (20°".
August). We constructed the size-abundance spectra by calculating the total cell abundances in each of the 20 size bins that
cover the entire size range of the simulated plankton community (from ~ 0.80 to 3600 pm). The size bins were defined
550 according to an octave (logy) scale of cell volume,
The size-abundance spectra for phytoplankton is computed straightforwardly, with cellular yolume derived using the allometric
relationship between volume and cellular carbon (Cuo, see Table 2). Each super-individual was-randomty-assigned-between
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the-is assigned to the corresponding size bin based on its cellular volume, and the total abundance within each size bin is
determined by summing the number of phytoplankton cells within all super-individuals of that volume range.

For zooplankton, the biovolume of each of the 20 size classes is known, but their abundance must be estimated from biomass
concentration. Specifically, the abundance of each size class is estimated as the ratio of total zooplankton carbon biomass to
the individual carbon content. To calculate individual carbon content, zooplankton nitrogen content is first converted to carbon
for each size class using the canonical Redfield ratio (C:N = 106:16mok:meol). The initial-celtular-ehlorophyl-content-was

mindividual carbon content (Z, g C) is then derived

from biovolume using the allometric relationship proposed by Harris et al. (2000):

v
Ze=pz g ESD? pg pe, (38)

where pz (g cm~3) is the density of zooplankton, assumed to be equal to seawater density (1.025 g cm~>throughout the-water

touse-the-Dirichlet-boundary-conditionif-one-wishesto-), dimensionless) is the proportion of wet mass composed of dr

mass; and dimensionless) is the proportion of dry mass composed of carbon. For non-gelatinous zooplankton, we adopted

values of pg = 0.20 and p. = 0.45.

2.13 Model simulations

To-reach(quast)-steady-state—seasonal-eyeles;—The size spectra of both phytoplankton and zooplankton were calculated as
ordinary least-squares regression lines with log;o-transformed total cell abundance (y-axis, individuals m—?) as the response
variable, and log;-transformed cell volume for each size class (x-axis, um?) as the predictor. All zero-abundance data were

smallest size classes (0.80 pum, 1.20 um) were removed for the zooplankton fraction because such small size classes, which
deviate from the normal linear trend, were not often considered in the construction of size spectra.
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585 2.13 Sensitivity analysis

2.14 Observational data
v Lidati
2.13.1 Number of phytoplankton super-individuals

The number of phytoplankton super-individuals is a crucial parameter affecting the computation speed of PIBM. Ideally, we
590 aim to determine the minimum number of super-individuals that can be used without compromising model accuracy. To assess

the impact of the number of phytoplankton super-individuals on model outputs, we downloaded-observational-data—of-DHEN

the-irregular-eruise-data;-we-used-k-nearest-neighbonrs (KNNjalgorithm-with-each-data—poin ulated-as the mean of

three-nearest-neighbeursran simulations with 5,000, 10,000, and 50,000 super-individuals while keeping all other parameters
595 constant and compared their results against the standard run with 20,000 super-individuals.

2.13.2 Comparison with simple NPZD models

To examine the effects of increased model complexity proposed in the PIBM, and assess how incorporating multiple phytoplankton
traits influences plankton biomass and production, we implemented two simple NPZD models: one Eulerian and one Lagrangian.
These models contain only a single, generic phytoplankton group, where carbon, nitrogen, and chlorophyll dynamics follow.
600 Geider et al. (1998) (Egs. 1,2, 3).
However, important differences exist. First, the term of photoinhibition is not included, meaning that P is an increasing
function of light (7) in both models:

—a“M" 9° 1P

(39)
605
Second is an exponential function of temperature following the Arrhenius equation:
pon S0 €7 (40)

where F, is the activation energy of phytoplankton.
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Table 3. Parameters of the simple NPZD model that differ from PIBM.

Parameter Symbol  Value Units
Activation energy of phytoplankton growth 032" '
Initial slope of the - curve. o 12 m?WlgC(zChhT!
Zooplankton mortality rate at 15 °C M 0.1 -l

Last, there is only one zooplankton group that feeds exclusively on phytoplankton and experiences linear mortality:

5 41

9700 maz _ PN APy 9
o~ W) 200 I 5= (1 - e )Zoomeh(THaz(K”(z)

We ran these two simple NPZD models under the same forcing as PIBM with identical simulation settings (e.g., time
step, simulation duration). However, we have to stress that strict comparisons between PIBM and simpler NPZD models are

impossible due to different parameter sets and model architecture.

3 Results

Below, we first describe the behavior of the phytoplankton model, followed by an-in-depth-examination-of the-1D-model-output:

Then-we-compare-the-modeled-a detailed analysis of PIBM outputs. We then compare the modeled fields of DIN, Chl, and NPP
against observations to ensure that our model can atleast-qualitatively reproduce the main patterns-of-observationsobserved

patterns. Afterwards, we show-seme-patterns-highlight patterns emerging from the model outputs-that may be interesting but
hard to directly measure in situ. Finally, we present the results of sensitivity analyses, including the effects of phytoplankton
super-individuals and comparisons against simple NPZD models.
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3.1 Phytoplankton fitness landscapes
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Figure 3. Contour plots for phytoplankton growth rate (u, d='), N:C ratio (Q”, mol:mol) and Chl:C ratio (g:g) as functions of the three
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a typical summer condition (dissolved inorganic nitrogen = 0.10 mmol N m 2, temperature = 28 °C, and PAR = 250 W m™2).

Fig. 3 illustrates how growth rate (1, d~1) (top row), QiﬂNv:gv(mol:mol) (middle row), and the Chl:C ratio (g:g) (bottom row)
vary for different phytoplankton ecotypes which have unique combinations of traits (i.e., aphytoplankton-with-a-charaeteristie

26



625

630

635

640

645

650

655

ESP-ealeutated-from-Cy;y, Top: and aCM). To facilitate understanding the respenses;we-plot-the-interpretation, we present 2D
contour plots by-varying-twe-traits-that vary two traits at a time (i.e., ESD vs. T,,;, ESD vs. a“", and T,,,¢ vs. a“"), while
keeping the third trait constant. Below;-wepresentFigure 3 shows the results for the summer period, eharacterised-characterized
by a constant DIN concentration of 0.10 mmol m3, a temperature of 28°°C, and an irradiance of 250 W m—2,

In the left column, we present the effeets-ef-impact of cell size and T,,,¢, with a constant «“" of 0.08 W2 m~! g Chl~! mol
C d~'. This a®™ value is designed to adapt to the current light conditions without strong photoinhibition. As anticipated, the
maximum peak of . is observed for small-size phytoplankton (< 3 pm), efficient at taking up nitrogen at low environmental
concentrations, and with a T,,; around 28-30 °C, close to the environmental temperature (Fig. 3a). Moreover, we observe
close to zero p values for the whole size range when T, is far from the environmental temperature, highlighting maladapted
ecotypes. @-N:C shows maximum values for small phytoplankton cells, almost regardless of T,,: (Fig. 3b), decreasing
towards largest sizes, consistent with the observations by Baer et al. (2017). In this particular scenario, where both irradiance

Chl

and o~"" are constant, the Chl:C ratio also peaks for small cells with high T5,,; (Fig. 3c), similar to . The increase in the

Chl:C ratio for large-size ecotypes and T,,; < 10 °C may be related to the minimum growth in carbon content (Fig. 3a).

In the middle column, we present how growth, ©@~-N:C and Chl:C ratios change with cell size and a“"

, with a constant 75,
of 30 °C. This Ty, value is close to the environmental temperature (28 °C), indicating adapting to the ambient temperature. j
peaks for small phytoplankton (< 3 zm) and o“”! around 0.10 W2 m~! g Chl~! mol C d~! (Fig. 3d). The light condition of
250 W m~2 favor organisms with low light affinity values (a“”! <0.20 W~! m? g Chl~! mol C d—') with high capability of
photo-repair. Q&l\lgvmainly depends on cell size, progressively decreasing towards the largest sizes (Fig. 3e). Otherthings-All
else being equal, the-cells with more optimal a®M values tend to have-exhibit lower N:C ratios (Fig. 3e). Chl:C ratio shows the

maximum values for the smallest phytoplankton with the lowest o

, and the minimum values for the largest phytoplankton
with the highest a“" (Fig. 3f). As larger «“" increases the probability of photoinhibition and reduces the carbon-specific
photosynthesis rate, the amount of cellular chlorophyll content also decreases relative to carbon.

In the right column, we present the effeets-impact of T,; and aChl

, with a constant ESD of 1.36 um. As anticipated,
given the defined environmental conditions, the highest growth rate (1) is achieved by phytoplankton cells with a T,,; close
to the environmental temperature and a“”! values around 0.10 W~! m? g Chl~! mol C d~!, which are better adapted to high
irradiance (Fig. 3g). Moreover, gﬁywq increases with T5,,;, with a minimum corresponding to cells with high growth (Fig.
3h). Similarly, the Chl:C ratio is maximized for ecotypes with T, closer to the environmental temperature, and characterized

C

by lower a©”! values, resulting in reduced photoinhibition (Fig. 3i).

3.2 Comparisons with observations

We compared the observed DIN, Chl, and NPP at the BATS station with the model output (Fig. 4). Our model is able to repro-
duce the general qualitative patterns of these three variables, albeit with some quantitative differences. Both the observation
and the model output show an increase in surface DIN and Chl during the winter when mixing is the strongest (Fig. 2). The
model also successfully reproduces the deep chlorophyll maximum between 50 and 100 m. In-spite-of-Despite the presence of

the deep chlorophyll maximum, the model can alse-reproduce the surface maximum of NPP, which extends below 50 m during
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the summer.

660 Admittedly, there are some differences between the model output and the observations. The model appears to underestimate

DIN in deep waters and overestimate Chl in the euphotic zone—whieh-istikely-because-the-phesphorustimitation-at BATSHs
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Figure 4. Comparing-Daily comparison between observed data (left column) and modeled data (right column) for (a, b) BIN-dissolved
inorganic nitrogen (DIN, mmol m~?), (¢, d) €atchlorophyll concentration (Chl, mg m~?), and (e, f) NPP-net primary productivity (NPP.
mg C m™? d™"between observations and-model-outputs.

3.3 Moedelled-Modeled patterns of passive particles

Fig—Figure 5 compares the vertical distribution of passive particles and phytoplankton super-individuals, erabling-allowing
665 us to verify i#-whether the Lagrangian module property-models-accurately represents the random walk of particles. While

28



670

675

680

the distribution of phytoplankton super-individuals can be additionally affected by cell division and death, the distribution of
passive particles is driven purely by diffusion.

As passive particles (Fig. 5a) are homogeneously distributed throughout the water column, we can affirm that the particle
random walks are working correctly. During periods of high vertical mixing, the distribution of super-individuals shows a
homogeneous pattern (Fig. 5b). However, as expected, during the period of strong stratification of the water column (April
- October), more pronounced differences were observed. A greater number of super-individuals were found in the euphotic

layer, where conditions for survival are optimal, with their abundance decreasing in deeper layers.
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Figure 5. Mean temporal and vertical frequencies of (a) passive particles and (b) phytoplankton super-individuals every 5 m depth and every

5 days along the last year’s simulation. The white lines represent the Mixed-ayerDepth-mixed layer depth (MLD, m).

3.4 Modelled patterns of phytoplankton carbon, nitrogen, zooplankton and detritus

Phytoplankton carbon and nitrogen concentrations, for which no observational data are available, show similar patterns. Both
of them peak at spring after the shoaling of mixed layer depth (Fig. 6A;Ba,b). Before the spring bloom, surface phytoplankton
carbon and nitrogen can penetrate deeper than 150 m due to strong winter mixing. Similar to the patterns of chlorophyll,
phytoplankton carbon also shows elevated concentrations at the deep chlorophyll maximum during summer, although this
maximal layer is not as pronounced as that of chlorophyll (Fig. 4d).

By contrast, zooplankton biomass peaks in the summer and autumn after the phytoplankton spring bloom (Fig. 6€c), sug-
gesting that the demise of the phytoplankton spring bloom is at least attributed to intensified zooplankton grazing. Detritus also
peaks after the phytoplankton spring bloom, but unlike zooplankton, its concentration gradually declines with time, as a result

of both accelerated decomposition due to high temperature and shifts in zooplankton size structure.
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Figure 6. ModeHedpatterns-Temporal and vertical variability of modeled (a) phytoplankton carbon M ), (b) phytoplankton
nitrogen M ), (c) total zooplankton nitrogen(\nlgglvlv\lvnvl:jl, and (d) detritus LII\]/I\I/]\(/)\]/\NVI\I}:E)‘

3.5 Modelled Chl:C and N:C ratios

The phytoplankton cellular N:C and the-Chl:C ratios are impertantphytoplankton-properties-thatshow-the-extentkey indicators
of how phytoplankton eels-acelimate-to-the-acclimate to light and nutrient envirenment—Fhey-availability. These ratios are
also crucial to-tink—for linking phytoplankton carbon to sateHite-observations-of-chlorophyH-to-satellite-derived chlorophyll
observations and to the limiting elementnutrient, nitrogen (Fig. 7).

The model eutput-provides-predicts higher Chl:C ratios in the surface mixed layer during the-winter-as-a-—result-of-winter
due to enhanced nutrient supply dte-to-from strong mixing. Fhe-In contrast, Chl:C ratios are tow-lower in both the surface
layerin-the-summer-summer surface layer and in deep waters beneath-the-surface-below the mixed layer. These patterns can be
understood as an outcome of the balance between photosynthesis and chlorophyll synthesis. Under high light and low nutrient
conditions, phytoplankton cells reduce the rate of chlorophyll synthesis relative to carbon synthesis and vice versa. However,
when the light is too low, the synthesis rate of chlorophyll is too low to sustain the maintenance of chlorophyll, leading to a
phenomenon known as “bleaching” (Pahlow et al., 2013; Behrenfeld et al., 2016).

While the patterns of Chl:C ratios can be easily understood from the perspective of environmental control, N:C ratios are

more related to changes in phytoplankton size than to the environment DIN or light. While one might expect that phytoplankton

cells should have lower N:C at the surface during the summer due to low DIN, the model actually predicts the opposite pattern.
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This is because the summer surface waters are dominated by small cells which tend to have larger N:C ratios (Marafién et al.,
2013; Baer et al., 2017).
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Figure 7. Modeled-patterns-Temporal and vertical variability of modeled phytoplankton (a) Chl:C ratio (g Chl mol C~ 1Y and (b) N:C ratio
(mol N mol C™1).

3.6 Modelled phytoplankton trait distribution and functional diversity

Our model shews-a—typical-pattern—that-reproduces the typical pattern of increasing phytoplankton mean size inereases-with

nutrient availability (Fig. 8Aa). Phytoplankton mean size is the smallest at the surface during the summer and autumn, where
DIN is low, but increases with depth as nutrients become more abundant. During winter, phytoplankton mean size is also larger
at the surface during the winter (but not as large as in deeper waters during summer) when nutrient concentrations are higher
due to stronger mixing.

Phytoplankton size variance (Var(Cg;,)) is an index for size diversity and is the greatest in the area of the deep chlorophyll
maximum during summer and autumn and the lowest beneath the euphotic zone (150 m) (Fig. 8Bb). The high size variance at
the deep chlorophyll maximum results from the movements of small cells from above and large cells from below. Size variance
is also slightly greater at the surface during the winter than the summer due to more abundant nutrients, but not as high as
those in the deep chlorophyll maximum. This suggests that dispersal probably plays the most important role in affecting size
diversity.

As expected, phytoplankton community mean T, largely follows seawater temperature, with higher values at the surface
during summer and lower values at depth (Fig. 8€c). However, phytoplankton mean T,,; show-shows the lowest values at the
area of deep chlorophyll maximum during summer and autumn, corresponding to the maximal variance of T, (Fig. 8Bd).
Otherwise, the variance of T,,; generally shows larger values in the surface mixed layer than at depth.

Phytoplankton mean light affinity (a.”*!) also follows the opposite pattern of light availability, being the lowest at the summer

Chl

surface and the highest in the deepest waters (Fig. 8E¢). The variance of a~"" shows a qualitatively similar pattern with those
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of variance of Cy;, and T, being higher during the winter and at the deep chlorophyll maximum (Fig. 8Ff), again suggesting
mixing can enhance trait variance and diversity.

The covariances between traits suggest selection forces against different traits. The covariance between T,y and Clg;, is
largely negative during the winter, suggesting larger cells tend to be cold-adapted at local scales. Conversely, Cov(Topt, Caiv)
is often positive at surface and deep chlorophyll maximum during summer at local scales. It is important to note that these
covariances are calculated at local scales. We can still observe negative Cov(T,p:, Cgiv) for the whole water column in which

the small and warm-adapted cells are at the surface and large and cold-adapted cells are at depth.
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Figure 8. Temporal and vertical variability of modeled phytoplankton of traits weighted by phytoplankton carbon content (Eq. 34). (a

Mean phytoplankton size (ESD) back-transformed from the carbon threshold of cell division (Cy;,). (b) Variance of phytoplankton Cly;,,.

Mean phytoplankton optimal temperature (77;,:). Variance of phytoplankton 7,,:. (¢) Mean phytoplankton light affinity represented

by In-transformed slope of Photosynthesis-Irradiance curve (o). Variance of phytoplankton Ln aM. Covariance between
hytoplankton Tyy: and Ln Cl;,. (h) Covariance between phytoplankton T,y and Ln o©'. (i) Covariance between phytoplankton Ln

Caipand Ln o7
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Chl is largely negative, suggesting that due to the negative environmental correlation

Chl is

The covariance between T,,; and o

between temperature and light, cold-adapted cells tend to adapt to the low light. The covariance between size and «

mostly positive during winter and at deep chlorophyll maximum, indicating larger cells tend to adapt to low light.

The modelled patterns of functional richness-targelyfoHew-these-of(eo)variances—diversity quantified as the Rao index

largely follow the trait variances and the covariance between cell size and other two traits (Fig. 2?)—Beth-functional-richness
and-evenness-are-9). The Rao index is greater during the winter season with strong mixing and at the layer of deep chlorophyll

maximum.

0.25

0.20

0.15

Depth (m)

0.10

0.05

0.00

J FM A M J J A S O N D
Time (months)

Figure 9. MedeHed-patterns-Temporal and vertical variability of phytoplankton functional diversity (a)-richness-and-(bRao index) evenness

weighted by cellular carbon.

3.7 Plankton size spectra

During both seasons, log abundances form linear relationships with log size (biovolume) for both phytoplankton and zoo-
plankton (Fig. 10). The slopes of phytoplankton size spectra were between -+35-and—1+1-0.99 and -1.36, consistent with what
would be expected for phytoplankton communities in oligotrophic oceans (Fig—0)-(Maraifién, 2019). The slopes of the phyto-

plankton size spectra were more negative in the summer than in the winter, also consistent with previous observations that the

34



745

750

755

phytoplankton size spectra became steeper and small phytoplankton became more dominant when nutrient supply diminishes
(Huete-Ortega et al., 2014).

By contrast, the slopes of zooplankton were similar between summer and-winter(-0.85) and winter (-0.80) and were less
steep than those of phytoplankton(Fig-—0). This relates to three factors. First, large zooplankton have a wider feeding kernel
than small ones, thus having access to a wide range of prey. Second, the predator-prey size ratio increases with predator
size, which makes the slope of size spectra less steep (Trebilco et al., 2013). Third, large zooplankton can also feed on small
zooplankton. These patterns are consistent with the observations in marine plankton communities that more biomass can exist

in larger size classes, which leads to an inverted biomass pyramid (Gasol et al., 1997; Trebilco et al., 2013).

(a) Size Spectra for February 20t (b) Size Spectra for August 20t
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Figure 10. Phytoplankton (Phy) and zooplankton (Zoo) size spectra at the surface during the-(a) Winter-winter (B March20'" February)

and (b) Summer-period-summer | (%gg& August). Fhe-Open dots shew-represent the abundance of each size class—Fhestratght-, while
solid lines show-indicate the OES-ordinary least squares regression tinesfits, Shaded areas denote the 95% confidence intervals (¢ = 0.05).
The slopes of each regression line are also shewndisplayed.

3.8 Diel variability of phytoplankton cell

Our model allows to track the properties of a phytoplankton cell throughout a diel cycle to gain insights from the life history of
the cell. Fig-Figure 11 shows the trajectory of a randomly selected super-individual at hourly resolution during the first week
of the-winter and the first week of the-summerperiod-thourly-resolution)summer.

During the winter period, this phytoplankton particle was dispersed widely between the surface and 50 m in the water column
due to strong mixing (Fig. 11a). Because the water column was well mixed, it was exposed to relatively stable conditions of
temperature (~ 19.50 °C) and DIN (Fig. 11b,d). By contrast, this particle experienced variable PAR conditions, oscillating
between daily maximums ~ 50 W-m=2-and 200 W m~2. By comparison, the variations of Chl:C ratio () are modest (Fig.

11h), suggesting its limited acclimation capability.
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During the summer period, the super-individual position was more stable at around 35 m in the first seven days due to weak
mixing (Fig. 11a). As a consequence, the environmental conditions (temperature, DIN, and PAR) the particle experienced were
relatively stable. However, the variabilities of phytoplankton @~and-#“-N:C and Chl:C are of the same magnitude between
summer and winter, mainly due to diel changes of light.

The-phytoplankton-Q~-and-#“-The phytoplankton N:C and Chl:C were higher during the winter period (Fig. 11g, red line)
than during the summer (blue line), reflecting the higher nutrient and lower light environment in the winter.

Tn-spite-of-Despite the seasonal differences, both particles divided twice during this period (Fig. 11e-f). The phytoplankton
cellular carbon content increased progressively with time before the division event until reaching the division threshold (Fig.
11f). When this threshold was reached, the number of phytoplankton cells doubled and the cellular carbon, nitrogen and Chl
content halved (Fig. 11e-f).

Irrespective of the birth event, we can also observe clear diel changes in cellular carbon, nitrogen, and chlorophyll contents
induced by light-driven photosynthesis, nutrient uptake, chlorophyll synthesis, and dark respiration. Cellular carbon increased
from sunrise to sunset but declined in the dark due to respiration. Correspondingly, N:C and Chl:C ratios declined during the

daytime and increased during nighttime.
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Figure 11. Tracking a randomly selected phytoplankton super-individual for 7 days (hourly resolution) during the winter (ree-selid-blue
dashed lines) and the summer (blue-dashed-red solid lines) periods. (a) Depths (m) between which the super-individual oscillated in the water
column. (b) Differences in the Temperature (°C) conditions experienced by the super-individual. (c) Differences in the Photosynthetically
Active Radiation conditions (PAR; W m™?2) experienced by the super-individual. (d) Differences in the nitrogen concentration conditions
(NO3, pmol N m~?) experienced by the super-individual. (¢) Temporal evolution of phytoplankton cell abundance (number of cells) within
the selected super-individual. (f) Temporal evolution of cellular carbon content (Pc, pmol C cell™1). (g) Temporal evolution of nitrogen

cellular quota (Q~, pmol N pmol C™1). (h) Temporal evolution of ehlorephyt-chlorophyll to carbon cellular ratio (9€, mg Chl mmol C™1).
Vertical dashed lines indicate the beginning of each day.(The-panelHabels-are-missing)-
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3.9 Effect of the number of super-individuals

We investigated the effect of the number of phytoplankton super-individuals on the key model outputs sueh-as-including DIN,
phytoplankton biomass, NPP, and diversity by running three-four simulations with 5,000, 10,000, ard-20,000, and 50,000
super-individuals. We computed the temporal trends of key-these variables integrated throughout the water column during the

final year of each simulation (Fig. 2212).

The number of phytoplankton super—1nd1v1duals has ﬂeghgib}&effeet&eﬁfh&bt&lepfepef&es—ﬂiehﬂ&B}N*Z%J%v—Pﬁ

funetional-richness—and-evenness—TheJower numbers—of-weak effects on these variables. Increasing the number of super-

r-tends to reduce DIN and increase

individuals e

hytoplankton biomass and NPP, although the trends are very similar between 20,000 and 50,000 super-individualsduring-most
. Contrary to what one might expect, increasing the number

of super-individuals

suffietentnumber-of phytoplankton-slightly reduces phytoplankton functional diversity particularly in the winter and summer.

although the seasonal trends are qualitatively similar. In summary, the number of phytoplankton super-individuals isrequired
to-represent-phyteplankton-diversitydoes not have an appreciable effect on modelled phytoplankton biomass and diversity.
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Figure 12. Comparisons of simulations with different numbers of super-individuals on vertically integrated variables. (a) Dissolved inorganic
nitrogen (DIN, mmol m~2). (b) Phytoplankton carbon (Pc, mmol C m~?). (c) Phytoplankton nitrogen (Pn, mmol N m~2). (d) Chlorophyll

. (f) Phytoplankton functional diversity (Rao index).
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3.10 Comparisons with simple NPZD models

790 We compared the model outputs of DIN, Chl, and NPP between two simple NPZD models, Eulerian and Lagrangian, and
PIBM (Fig. 13) and the three models produce qualitatively similar seasonal and vertical patterns. The three models generate
similar concentrations of DIN, although DIN is depleted earlier during spring in PIBM than in the two NPZD models. The two
NPZD models also reproduce deep chlorophyll maximum layers during summer and autumn, similar to PIBM. A pronounced
difference is that the Chl concentrations are lower and the deep chlorophyll maximum is deeper in the two NPZD models than

795 PIBM. The two NPZD models also produce higher NPP levels than PIBM, although the seasonal and vertical patterns are

Notably, the outputs produced by the Lagrangian NPZD model are almost identical with those produced by the Eulerian
NPZD model, although with slightly greater spatiotemporal variations.
In summary, the outputs generated by PIBM are not qualitatively different from simpler NPZD models, although some

800  details differ due to model architecture and parameter setting.
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4 Discussion

We have presented a novel hybrid Eulerian-Lagrangian plankton model (PIBM) that treats phytoplankton as particles or
superindividuas- We-assign-super-individuals. Each phytoplankton super-individual is associated with three master traits (celt
size- cell size (de) temperature afﬁmty (Topt) and hght affinity (a©"!)) to-each-phytoplanktonsuper-individual-and-these
in— which govern various physiological traits related to nutri-
ent uptake and photosynthesis. Mmmﬁmmm%mmm

cells to have acclimate and evoluve, making it suitable-well-suited for addressing many questions in phytoplankton ecology

and evolution.
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i
was not aimed at improving the modeling of commonly measured bulk variables such as nutrient and chlorophyll concentrations.
On the contrary, it is well known that more complex models often provide less accurate predictions of these variables than
simpler models (Kwiatkowski et al., 2014), due to greater uncertainties in model structure and parameterization. Indeed, our
simple NPZD models can generate outputs as good as, or even better than, PIBM without parameter tuning. However, this
does not imply that developing complex models is unnecessary or without value. The same applies to this work, our model

is designed as a tool to address research questions related to phytoplankton biodiversity, which simple NPZD models cannot
address.

We-also-

41



870

875

880

885

890

895

41 Model limitations

In this section, we highlight several limitations of eur-mede-PIBM which will be addressed in future work. One-weakness-of

A key limitation of PIBM is its high computational cost. This arises from the need for a short time step to accuratel
simulate the random walk of particles in the water column (Ross and Sharples, 2004). To balance this requirement (<6 s) with
computational efficiency, we set the biological reaction time step to 200 times that of the random walk. Additionally, accuratel

representing the phytoplankton community requires modelling a large number of particles—As-super-individuals. Since each
particle is

simulated individually, computational cost
scales proportionally with the number of particlesconsidered—TFo-obtain-a-satisfactory-modelresult-. OQur sensitivity analyses
indicate that 5,000 super-individuals appear sufficient to reproduce the main seasonal patterns of phytoplankton diversity s-itis
desirable-to-model-as-many particles-as-possible-and other variables, although some quantitative differences remain (Fig. 22);

We have-also implemented openMPI parallel computing for simulating the random walk of both the passive and phytoplank-
ton particles. However, the computation is still tee-slew-not fast enough to allow effective sensitivity analysis or parameter op-
timization. In the future, we will make the computations of biological reactions in parallel and will attempt openMP which may

allow more efficient memory sharing among threads. Another mere-advaneed-remedy would be to implement GPU computing

to speed up the computation. We are considering to integrate our model into PlanktonIndividuals.jl (Wu and Forget, 2022), a
Julia language-based phytoplankton individual-based model that can take advantage of GPU computing capability of the Julia

language.
The second limitation relates to the inadequate parameterization of the phytoplankton model using laboratory data and the

need for more extensive validation of the overall H3-model output. While the size scaling of nutrient uptake has been studied
(e.g. Edwards et al,, 2012; Marafion et al,, 2013) and
the temperature dependence of phytoplankton growth seems clear (Thomas et al., 2012; Chen, 2022) how-the-light-traits-ef

light traits on growth remains relatively unknown, particularly in the context of photoacclimation. Edwards et al. (2015)
analysed-analyzed the relationships between light traits (e.g., slope of the P-}-photosynthesis-irradiance curve). However,

the-model-they—used-did-net-consider-their model did not account for the dependence of photosynthetic rate on the Chl:C
ratio or photoinhibition. To eenstder-account for both the effects of the Chl:C ratio and photoinhibition on photosynthesis

of phyteplankton-phytoplankton photosynthesis, we have to assume an empirical relationship between o™
rate based on the-eontrast-differences between high-light adapted and low-light adapted ecotypes of Prochlorococcus (Moore

extensively in the literature

and the repair
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et al., 1998). However, it remains unclear how this scaling relationship ean-be-applied-applies to phytoplankton in general. We
need-more-data-on-this-te-obtain-More data are needed to establish a more reliable relationship between the-photosynthetic
parameters.

The model outputs of phytoplankton traits also need to be validated against observations. While the measurements of phy-

Chl

toplankton size structure can be obtained, other traits such as T,,,; and « are difficult to measure in situ on a cellular basis.

Moreover, even the-bulk properties such as the N:C and Chl:C ratios of the whole phytoplankton assemblage are diffienlt
challenging to measure in situ due to the difficulties asseetated-with-measuring-in quantifying phytoplankton carbon and ni-
trogen. Only a few studies have managed to measure cellular carbon and/or nitrogen of small size phytoplankton using flow
cytometric sorting (Graff et al., 2012; Baer et al., 2017);-while;for-. For larger cells, most studies relied on microscopic count-
ing to estimate phytoplankton cell volume which can then be converted to carbon (Cloern, 2018) without any measurement
of cellular nitrogen. Fhese—types-This type of information is essential for studying biogeochemical cycling and validating
ecosystem model outputs.

Another limitation is that the model may be overly complicated if we want to understand the key factor in controlling some
ecological phenomenon (see below). The-model-has-ineladed-PIBM considers multiple traits and processeswhich—form—an
intertwined-, forming an interconnected feedback network that makes it ehalenging-difficult to isolate the direct effect of a
single factor. For example, if we aim to assess whether primary production is limited by nutrient supply or light availability by
performing a single-factor perturbation experiment, the increase in nutrient supply will not only affect the nutrient status but
also the trait distribution of the whole phytoplankton community. This change in the mean trait-of phytoplankton-phytoplankton
trait depends on the existing trait diversity of-the-community—{within the community and the mutation rate of individual
cellsy-abeut-which-we-have ittle-information-(Aeevedo-Trejos-et-als 2015 Chen-et-als2019)—1f, both of which remain poorly

understood (Acevedo-Trejos et al., 2015; Chen et al., 2019). However, if a user already knows that the system can be simplified
(e.g., there is little variability in phytoplankton thermal or light traits), the-user-they can modify the initial eendition-conditions

and the mutation rate to remove the unnecessary trait variance. Thus, one can simplify this model to a single-trait (e.g., size)
phytoplankton model if desired.

Finally, needless to say that our model only considers one limiting nutrient — nitrogen — without considering other important
elements such as phosphorus or silicate;—~which-probablyteads—to—some-diserepaney—._This omission likely contributes to
discrepancies between observations and eur-model outputs at BATS, where phosphorus is Himitingthe limiting nutrient. It is up

to the user to decide whether to add these nutrients to the model and also depends on the question being asked.

4.2 Model strengths

Qur model has several strengths:

First, PIBM simulates the movements and acclimation status of phytoplankton cells with different traits in the ocean and
helps address the uncertainty of modeling using Eulerian models and measuring NPP using fixed-depth incubations. It has been
widely acknowledged that for both Eulerian models and in situ incubations, the estimates of primary production can be biased.
although the extent of this bias is uncertain (Barkmann and Woods, 1996; Ross and Geider, 2009; Baudry et al., 2018). Some

43



differences in bias estimates may stem from the traits of phytoplankton cells. Although our preliminary comparison between the

simple Eulerian and Lagrangian models shows no significant differences (Fig. 13), it remains to be tested whether incorporatin

additional traits will influence the divergence between the two approaches. Notably, most previous individual-based phytoplankton
models are similar to our simple Lagrangian NPZD model which does not consider phytoplankton functional diversity (i.e..
trait differences among cells). Although developing an Eulerian version of PIBM is beyond the scope of this paper, we can
investigate how the estimates of primary production estimates differ between Eulerian and Lagrangian models across different

stratified vs. well-mixed water columns) using a simplified version of PIBM.

935

940 environments (e.g.

Second, PIBM captures three dimensions of phytoplankton traits. We followed the DARWIN model (Follows et al., 2007; Barton et al., 2
to assign three master traits to phytoplankton, with slight differences. The rationale of designing these three traits is that they.
are largely orthogonal to each other. In other words, small and large cells have an equal probability of being warm-adapted
or cold-adapted and they also have the same probability of being high-light-adapted or low-light-adapted. The impact of trait

945 changes on phytoplankton acclimation and differences in primary production estimates between Eulerian and Lagrangian
models remains to be investigated using PIBM.

Third, our phytoplankton model allows phytoplankton evolution. We incorporated phytoplankton evolution into the Lagrangian
module, allowing mutation of all three master traits in phytoplankton super-individuals. Modeling phytoplankton evolution
has been a hot topic recently (Ward et al., 2019; Beckmann et al., 2019), and individual-based models provide an ideal and

950  straightforward approach to incorporate mutation and evolution (Acevedo-Trejos et al., 2022). We will use PIBM to further
investigate the impact of evolution on phytoplankton diversity and primary productivity.

4.3 Potential applications

Below we discuss several potential applications of our model. Note that these are not exhaustive ;-butjustserve-as-potential
interesting-direetions-but highlight promising directions for future research.

955 4.3.1 Validating in situ measurements of primary production

An-obvious—As discussed above, a key application of our model is to eheek—the-assess bias in in situ measurements—of
primary-produection—for-which-prim roduction measurements, where incubation bottles are tethered at fixed depthsand

exposing phytoplankton to different light conditions than those experienced in a dynamically mixed water column. While sev-
960 eral studies have attempted to address this problem using Lagrangian phytoplankton models (Barkmann and Woods, 1996;

Baudry et al., 2018; Tomkins et al., 2020), they often overlook phytoplankton traits. The most important phytoplankton trait
for this problem weuld-be-are likely light-related traits (e.g., «“"), which are rarely considered in phytoptanktonLagrangian

Lagrangian phytoplankton models.

In addition, it is not only the trait itself but also the trait distribution that can matter for primary production. In other

965 words, phytoplankton diversity and community composition have-to-be-taken-into-account-to-assess-how-aceurate-the-in-siti
measurements-of-primary-produetion-areis essential for accurately assessing in situ primary production measurements. Since
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phytoplankton trait distribution is not static across time and space, the bias also depends on the phytoplankton community
being sampled, so there is no guarantee that the bias can be easily extrapolated to other cases. The caveat is that we need to
know the phytoplankton trait distributions (which are even harder to measure) to assess the accuracy of primary production

estimates.
4.3.2 Understanding what controls phytoplankton diversity

The central theme of ecology revolves around understanding the factors that regulate biodiversity. Vellend and Agrawal (2010)
presented a unified view of four processes controlling biodiversity: selection, dispersal, drift, and evolution. While many studies
investigate what regulates phytoplankton diversity in the ocean (Barton et al., 2010; Vallina et al., 2014; Righetti et al., 2019;
Dutkiewicz et al., 2020), few managed to examine the holistic effects of all four processes on biodiversity.

Our-model-PIBM already incorporates the processes of selection, dispersal, and evolution and can be easily adapted to
integrate-driftto-address-this-gapinclude drift. One challenge would be again about the computational costs if one wishes to
understand the large-scale patterns of phytoplankton diversity by coupling the individual-based model with a global circula-
tion model (Hellweger et al., 2014). Nevertheless, this challenge can be addressed using advanced computing techniques as

described above.
4.3.3 Understanding how phytoplankton acclimation and trait distribution affect phytoplankton distribution

Biological oceanographers have long been fascinated by distinctive patterns of phytoplankton distribution in the ocean such
as the deep chlorophyll maximum (Cullen, 2015) and spring bloom (Behrenfeld, 2010; Lévy, 2015). Despite extensive study,
debates persist on what mechanisms drive these patterns.

The formation of deep chlorophyll maximum remains enigmatic with ongoing debate as to whether it reflects an actual
accumulation of phytoplankton biomass or is primarily driven by photoacclimation for which phytoplankton cells increase
their intracellular pigment content to acclimate to the low light condition. There is evidence that some phytoplankton species
may be more abundant at the surface but show a peak of total pigments at the layer of deep chlorophyll maximum, while
some other species may indeed show greater biomass at this layer (Chen et al., 2011). Again, the location of the phytoplankton
biomass peak likely depends on phytoplankton traits. Our model is an ideal tool for elucidating the contribution of real biomass
versus the photoacclimation effect to the layer of deep chlorophyll maximum.

Similar arguments can be raised for the spring bloom. Behrenfeld (2010) argued that contrary to the light effects (i.e., the
critical depth hypothesis), the coupling between phytoplankton growth and zooplankton grazing plays a critical role in induc-
ing the spring bloom. Lévy (2015) also used a 1D NPZD model to test different hypotheses and highlighted the importance
of physics forcing on the validity of each hypothesis. However, few studies have considered the roles of the changes in phyto-
plankton traits and photoacclimation in determining the onset of spring bloom. Our model presents an exciting opportunity to

fill this knowledge gap.
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4.3.4 Understanding diel variations in phytoplankton cell properties

Another potential application of our model is to understand the-diel-variations-of-diel variations in cell size, abundance, and the
cell cycle of phytoplankton in the oligotrophic ocean (Vaulot et al., 1995; Li et al., 2022). It is an interesting phenomenon that
picophytoplankton cells such as Prochlorococcus and Synechococcus tend to show synchronized growth over a diel light/dark
cycle. Phytoplankton cells tend to increase the size from sunrise to sunset but divide in late afternoon or evening, thus creating
a mismatch between cell carbon production and abundance (Li et al., 2022). However, these diel rhythms can be different
for different groups of phytoplankton (Vaulot and Marie, 1999). It is still unclear how these different patterns can be entirely
explained by environmental (light, nutrient) variations or at least partly due to endogenous circadian clock (Heath and Spencer,
1985; Hellweger et al., 2020).

As eur-model-PIBM is driven by a diel light/dark cycle, it can be used to understand what regulates the changes in cell
properties linked to the cell cycle. Our model can be further modified to include cell cycles of phytoplankton to understand
what controls phytoplankton division (Pascual and Caswell, 1997). Another promising future direction is to include more
molecular processes such as gene expression and protein synthesis into the phytoplankton cell cycle, thus allowing us to link

molecular studies with phytoplankton traits (Hellweger, 2020; Hellweger et al., 2020).

5 Conclusions

We introduce a novel 1D-hybrid Eulerian-Lagrangian model, uniquely tailored to explore how water column dynamics shape
phytoplankton dynamics. Phytoplankton are medelled-modeled as super-individuals, a Lagrangian particle that represents a
cluster of clonal phytoplankton cells that are physiologically identical and share a common history. Each phytoplankton super-
individual is characterized by its cell size, temperature affinity and light affinity. Furthermore, these super-individuals possess
the capability to mutate, enhancing the model’s capacity to simulate phytoplankton growth, productivity, and diversity within
dynamic aquatic environments.

The seasonal variability of temperature, irradiance, and vertical diffusivity at the BATS station enabled us to evaluate the
response of our ecological model to environmental changes. By employing three master traits (size, temperature affinity, and
light affinity), the individual-based model illustrates the evolution and adaptation-acclimation of the phytoplankton community
to environmental conditions and the competition between different phytoplankton ecotypes. Furthermore, the model allows in-
dividual analysis, allowing us to scrutinize how each phytoplankton super-individual responds to the environmental conditions
it encounters throughout its life cycle. The-medel-also-While the current version has several weaknesses, such as high compu-
tational costs, and the need for extensive parameterization, and validation-—Hewever;-with-the-appropriate-experimental-design,
it has several potential applications that would help us address questions related to the individual growth of phytoplankton, as

well as the productivity and diversity of the phytoplankton community.

Code and data availability. The model code and input data are publicly available at https://github.com/BingzhangChen/IBM

46


https://github.com/BingzhangChen/IBM

under the MIT license and also available on zenodo https://doi.org/10.5281/zenodo.13310586.
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