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Abstract Mixotrophic plankton incorporate both autotrophy (via photosynthesis) and heterotrophy (via
phagotrophic grazing) into their metabolism. A large portion of marine protists are likely mixotrophic,
significantly contributing to bacterivory and regulating biogeochemical cycling. Constitutive mixotrophs that
produce their own plastids are often phenotypically plastic, varying their relative investments in photosynthesis
and grazing depending on environmental conditions. However, plastic mixotrophs have yet to be implemented
into a large‐scale coupled ocean model. Thus, we incorporated anOchromonas‐like constitutive mixotroph into
the COBALT biogeochemical model, focusing on a 1‐dimensional water column in the Sargasso Sea as a basis
for inquiry. We found that light was the primary driver of acclimation, with a preference for photosynthesis in
the euphotic zone and vice versa in the aphotic zone prior to mixing. A 3‐fold increase in bacterivory resulting
from mixotrophy accelerated the microbial loop, shifting biomass to higher trophic levels and increasing carbon
export by more than 20%. Overall, our results demonstrate the importance of including mixotrophs in
biogeochemical models for their important role in shaping food‐web dynamics and the biological carbon pump.
Though we found the effects of plasticity to be somewhat subtle in our 1D model, our methods provide a
computational tractable way to implement phenotypic plasticity and optimization on a global scale. We expect
future work to expand the domain and types of mixotrophy in ocean models and to explore stoichiometric
synergies between dual metabolic strategies.

Plain Language Summary Mixotrophs are a class of plankton that both synthesize their own organic
matter (via photosynthesis) and consume other organisms for nutrients. Mixotrophs have been experimentally
shown to adjust their cellular contents to modulate investment into either strategy depending on which mode is
more productive. Thus, we incorporated a phenotypically plastic mixotroph into a circulating ocean model that
tracks biological and chemical composition. We focused on a mixotrophic genus of nanoplankton Ochromonas
that primarily feeds on bacteria and limited our model domain to a single water column in the Sargasso Sea.
Results showed light availability to be the primary factor in driving the mixotroph's acclimation, leading to a
shift toward photosynthesis at shallow depths and grazing in deeper waters prior to ocean mixing effects. In
addition, biomass was redistributed from bacteria and phytoplankton to plankton of higher trophic level while
stimulating greater rates of carbon sinking into the deeper oceans. As climate change is expected to have an
impact on the structure of plankton communities and nutrient distribution in the global oceans, incorporating
mixotrophy into biogeochemical models is important for understanding how temperature shifts impact
ecosystem and carbon dynamics.

1. Introduction
Mixotrophy, or metabolism that incorporates both autotrophic and heterotrophic pathways, is increasingly
understood to be widespread in marine planktonic communities. With the ability to simultaneously photo-
synthesize and graze on prey, phagotrophic mixotrophs (sometimes termed “mixoplankton” (Flynn
et al., 2019)) are theorized to have a large impact on ocean community structure and food web dynamics by
facilitating the transfer of energy to higher trophic levels (Leles et al., 2018; Ward & Follows, 2016). Mix-
otrophic nanoflagellates are particularly important, as they comprise a sizable fraction of nanophytoplankton
(Zubkov & Tarran, 2008) and contribute significantly to bacterial mortality in the marine food web (Hartmann
et al., 2013). As a result, mixotrophs are also predicted to accelerate the biological pump in the process of
redistributing carbon from the microbial loop into organisms with larger body sizes (Mitra et al., 2014; Ward
& Follows, 2016).
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Given their important role in shaping marine ecology and biogeochemistry, further modeling work that includes
mixotrophy is vital for a complete picture of ocean ecosystems (Millette et al., 2023). Mixotrophs have previously
been incorporated into regional ecosystem models that confirm their role in promoting trophic transfer efficiency
and carbon cycling (Edwards, 2019; Leles et al., 2018, 2021; Mitra et al., 2014). To date, however, mixotrophs
have been incorporated into few global Earth system models. One such model, the MIT‐Darwin model, has
incorporated mixotrophy, though limited to dinoflagellates with fixed nutritional modes (Archibald et al., 2022;
Dutkiewic et al., 2020; Ward & Follows, 2016). As global ocean biogeochemical modeling is vital for tracking
carbon and nutrient flow in light of climate change and fishery sustainability (Fennel et al., 2022; C. A. Stock
et al., 2020), these models are incomplete without mixotrophy.

Furthermore, despite the fact that mixotrophs are known to vary their metabolic investment strategies, biogeo-
chemical models that do include mixotrophs typically fix their metabolic strategies. For example, mixotrophic
nanoflagellates have been empirically shown to adjust their relative investments in photosynthesis and grazing in
response to environmental conditions, especially light availability and prey resource availability (Barbaglia
et al., 2024; Lie et al., 2018; Wilken et al., 2020). Some smaller scale box models have simulated mixotroph
plasticity by allowing metabolic strategy to converge on a maximum growth rate and found that variability in
nutritional mode may alter mixotrophs' contributions to nutrient and carbon cycling (Archibald et al., 2024; Chu
et al., 2023). A framework for plastic mixotrophy in large‐scale biogeochemical modeling additionally allows for
a spectrum of metabolic phenotypes that would traditionally be represented as separate functional groups (e.
g., Ward & Follows, 2016) to be compressed into fewer tracers, saving computing time and costs. Nonetheless,
mixotrophic plasticity has yet to be explored in a large‐scale fully coupled biogeochemical setting.

To illustrate the effects of plastic mixotroph metabolic strategies on upper ocean ecosystem dynamics, we
implemented a class of mixotrophic nanoflagellates into the Geophysical Fluid Dynamics Laboratory's (GFDL)
model: Carbon, Ocean Biogeochemistry and Lower Trophics (COBALTv2) model, which simulates the inter-
action of phytoplankton, zooplankton, and bacteria with global biogeochemistry (C. A. Stock et al., 2020). We
chose to model our mixotroph after the nanoflagellate Ochromonas, a widely distributed and well‐studied genus
of constitutive mixotrophs, which produce their own plastids as opposed to incorporating those of their prey
(Mitra et al., 2016; Stoecker, 1998). Ochromonas is a prolific grazer on both bacteria (Lie et al., 2018; Wilken
et al., 2020) and small eukaryotic phytoplankton (Moeller et al., 2019) with major implications for the microbial
carbon loop (Andersson et al., 1989; Foster & Chrzanowski, 2012; Hartmann et al., 2013). We limited the model
domain to the Bermuda Atlantic Time Series (BATS) location in the Sargasso Sea to focus on the dynamics of a
plastic mixotroph in a one‐dimensional vertical water column throughout the year. Mixotrophy is theorized to be
advantageous in the surface waters of the Sargasso Sea where a dual metabolic pathway allows for efficient
resource utilization in high‐irradiance oligotrophic environments (Arenovski et al., 1995; Fischer et al., 2022;
Moeller et al., 2024). Additionally, seasonal cycles of mixing and stratification at BATS induce variability in
environmental conditions and resource availability (Longnecker et al., 2024; Viljoen et al., 2024), allowing us to
assess how mixotrophs may vary their metabolic strategies in response. Coupling planktonic food web dynamics
with full ocean model forcings through COBALT allows us to directly predict the consequences of mixotroph
plasticity on community structure and nutrient distribution across the water column, with avenues to expand to
other regions or the global ocean (Drenkard et al., 2025; Ross et al., 2023).

By incorporating mixotrophic nanoflagellates as a functional group into a fully coupled biogeochemical model at
BATS, we address the following questions: (a) how does a mixotroph with dual metabolic modes persist in an
oligotrophic environment, (b) what are the seasonal dynamics and optimal strategies of a metabolically plastic
mixotroph, and (c) what are the ecological and biogeochemical impacts of introducing mixotrophs into a large‐
scale ocean model? This study aims to make predictions about trends in mixotrophy at scale, laying the foun-
dations for a global implementation of constitutive mixotrophs in COBALT.

2. Methods
We implemented a one‐dimensional column version of the Modular Ocean Model v6 (MOM6) (Adcroft
et al., 2019) with the Carbon, Ocean Biogeochemistry, and Lower Trophics v2 (COBALTv2) model (C. A. Stock
et al., 2020) in a 4 × 4 domain with 0.1° resolution at the Bermuda Atlantic Time Series (BATS) location
(31.67°N, 64.17°W), collecting one‐dimensional data as the horizontal average of the interior 2 × 2 grid. We used
surface forcing from the Japanese 55‐year Reanalysis (JRA55) (Kobayashi et al., 2015) with horizontal transport
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subject to doubly periodic boundary conditions (Reichl & Hallberg, 2018).
Additional sources of nutrients include atmospheric deposition of NH4 and
NO3 (Horowitz et al., 2003), dust from Zhao et al. (2018) with soluble Fe
calculated in accordance with Baker and Croot (2010). We initialized the
model with outputs from a previous run of COBALT, consistent with C. A.
Stock et al. (2020), incorporating an additional class of mixotrophs to the
existing plankton functional groups with initial distribution identical to that of
small phytoplankton. To account for unequilibrated model initialization, we
ran the model with one year of spin‐up followed by a second year where we
collected daily averaged data, both years using the same 2004 environmental
forcings.

The COBALTv2 model is fully described in previous publications C. A.
Stock et al. (2014, 2020), so here we briefly summarize our modifications to
relevant components of this model.

2.1. Implementation of Mixotrophy

The baseline COBALT model contains seven plankton functional types in
total: three phytoplankton functional groups (small, large, and diazotroph),
three zooplankton functional groups (small, medium, and large), and 1 bac-
terial group (for full details on the configuration of the baseline COBALTv2
food web, see C. A. Stock et al., 2014, 2020). The small and large phyto-
plankton functional types are roughly separated at an equivalent spherical
diameter (ESD) of 10 μm, with small phytoplankton encompassing cyano-
bacteria and other small nanoflagellates, and the large phytoplankton func-
tional type representing diatoms, coccolithophores, and other large
phytoplankton. The diazotroph is modeled after Trichodesmium. The three

zooplankton consume bacteria and phytoplankton, with the small zooplankton modeled as a microzooplankton
(<200 μm ESD) that predates on small phytoplankton and partially predates on bacteria. The medium and large
zooplankton are mesozooplankton (medium: 200–2,000 μm; large: 2–20 mm ESD).

As a starting point, we implemented the mixotroph by assigning it the photosynthetic capacity of a small
phytoplankter and the phagotrophic capacity of a small zooplankter as already implemented in COBALT
(Figure 1). To align our parameterization with the metabolism of Ochromonas (Figure 1), we increased the
maximum heterotrophic ingestion rate at 0°C from the small zooplankton's 1.28 to 1.74 day− 1, based on an
estimated value for Ochromonas of cell volume 200 µm3 (Hansen et al., 1997).

The total flux of mixotroph biomass (M), incorporating per capita growth and respiration (μm) as well as loss
fluxes ( j), is given by

dM
dt

= μm(η,ψ)M⏟̅⏞⏞̅⏟
Growth & Respiration Terms

− jgraz − jagg − jvir − jexu
⏟̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅⏟

Loss Terms

. (1)

As mixotrophy combines the respective metabolism of phytoplankton and zooplankton in the model, we express
the per capita growth rate of the mixotrophs (μm) as a weighted sum of autotrophic growth (μa) and heterotrophic
growth (μh). The relative contributions of these two modes are governed by two parameters: ψ and η.

μm(η,ψ) = μa(η,ψ) + μh(η,ψ) (2)

To capture the trade‐off in investment between phototrophic and phagotrophic metabolism (Archibald
et al., 2024; Chu et al., 2023; Moeller et al., 2024), the dimensionless parameter ψ (which takes a value between
0 and 1) represents the proportion of metabolic biomass invested into photosynthesis as opposed to grazing.
Values closer to ψ = 0 indicate a greater investment into heterotrophy while values closer to ψ = 1 indicate a

Figure 1. We integrated mixotrophic nanoflagellates into the COBALT food
web, with new additions highlighted in red. The mixotrophs feed on bacterial
and small phytoplankton, greatly preferring bacteria. In addition, the
mixotroph is a potential prey source for small zooplankton, which prefer
them equally to small phytoplankton.
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greater investment into autotrophy. Respiration is also weighted by ψ as photosynthetic and phagotrophic cellular
machinery may have different respiratory demands.

In addition, mixotrophic nanoflagellates appear to be less efficient at photosynthesis and phagotrophy than
specialist competitors (Edwards et al., 2023), perhaps due to the resource costs of building and dismantling more
cellular infrastructure (Litchman et al., 2007; Zubkov & Tarran, 2008). Thus, we use the dimensionless parameter
η (which takes a value between 0 and 1) to account for the cost of metabolic generalism compared to speciali-
zation (Flynn &Mitra, 2009; Ward & Follows, 2016) as a flat penalization multiplier on growth rate. This means
that our mixotroph cannot directly out‐compete either phytoplankton or zooplankton functional group. Further,
we found that the closer that η is to 0, the smaller the mixotroph abundance and the lower the mixotroph's impact
on community composition (Figure S1 in Supporting Information S1). For our main results, we set η = 0.9 to
represent a relatively efficient mixotroph.

The following sections provide further detail on the implementations of η and ψ for photosynthesis and grazing.

In accordance with other COBALT plankton tracers, we impose an internal stoichiometric ratio of 20N:1P on
mixotrophs to align with small phytoplankton. Thus, nutrient uptake for photosynthesis is taken up according to
this ratio whereas if N or P limits grazing, the excess nutrient is excreted as either phosphate or ammonium
respectively. This allows the model to impose stoichiometric ratios while maintaining total nutrient amounts.

2.1.1. Autotrophic Growth

We define the mixotroph's autotrophic growth rate as the net difference between its photosynthetic growth and the
portion of its metabolic respiratory costs to photosynthesis. Photosynthetic growth depends on temperature (T),
nutrient limitation (Nlim), and instantaneous irradiance (Iinst) varying over the diel cycle using a modified version
of the dynamic model of phytoplankton growth and acclimation described in Geider et al. (1997):

μa =
Pcm

1 + ζ
[1 − exp (

− αIinstθ
Pcm

)] − ψbresp,aTlim, (3)

where Pcm is the temperature‐specific light‐saturated photosynthetic rate, ζ is a biosynthetic cost, α is the
chlorophyll‐specific maximum initial slope of the Photosynthesis‐Irradiance (PI) curve, θ is the chlorophyll to
carbon ratio (Chl:C), and bresp,a is the autotrophic basal respiration rate. We scale the Chl:C ratio θ by ψ to account
for differences in chlorophyll content across mixotrophs with different investment strategies (see below). We also
multiply respiration by ψ to reflect the proportion of metabolic energetic costs due to phototrophy. Temperature
limitation (Tlim) follows from Eppley (1972) using an exponential term with temperature constant kT :

Tlim = exp(kTT). (4)

Similarly, we scale the photosynthetic rate Pcm with temperature and nutrient limitation, subject to the generalist
penalization factor penalization η between 0 and 1:

Pcm = ηPcmaxTlimNlim. (5)

We determine nutrient limitation (Nlim) as the minimum of nitrate, ammonia, phosphate, and iron limitations
using Liebig's Minimum Law (Liebig & Playfair, 1840).

Nlim = min[(NO3)lim, (NH4)lim, (PO4)lim,Felim] (6)

Nitrate and ammonium limitation are calculated such that nitrate uptake is inhibited in the presence of ammonium
and vice versa (O’Neill et al., 1989; C. A. Stock et al., 2014), with nitrate uptake muchmore inhibited by ammonia
than the opposite (by roughly 50 times) as governed by the ratio of half‐saturation parameters kNO3

and kNH4
:

(NO3)lim =
NO3

kNO3
+ NO3 + (kNO3/kNH4)NH4

, (7)
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(NH4)lim =
NH4

kNH4
+ NH4 + (kNH4/kNO3)NO3

, (8)

phosphate limitation is calculated using a saturating uptake function (Monod, 1949):

(PO4)lim =
PO4

kPO4
+ PO4

, (9)

and iron limitation follows a sigmoidal relationship with an internal cell quota, qFe defined as the ratio of internal
iron to internal nitrogen biomass (Sunda & Huntsman, 1995):

Felim =
q2Fe

k2Fe2N + q2Fe
. (10)

The Chl:C ratio (θ) varies with irradiance using an irradiance memory term (Imem) that lags behind instantaneous
irradiance to account for photo‐acclimation time. Additionally, the instantaneous irradiance term Imix takes on the
average irradiance of the mixed layer for depths in the mixed layer. In effect, Imem captures the average light
within a volume of water over roughly 24 hr to limit oscillations in the Chl:C ratio over the diel cycle. This is
tracked in the model for each location and depth and is not affected by advection and diffusion, an approximation
we address in the discussion section. The investment strategy (ψ) scales the mixotroph's minimum and maximum
Chl:C ratio such that ψθmin < θ < ψθmax:

θ =
ψ × (θmax − θmin)

1 + (ψθmaxαImem)/ (2Pcm)
+ ψθmin, where (11)

Imem = ∫

∞

0
γI exp (− γIτ) Imix(t − τ)dτ. (12)

In this formulation, η and ψ affect the effective autotrophic growth rate in different ways: η reduces the total
maximum growth rate of the mixotroph compared to a strict phytoplankter, while ψ reduces the Chl:C ratio
through the production of fewer chloroplasts, decreasing the initial slope of the PI curve. In effect η induces a flat
reduction in photosynthesis while ψ has the strongest effect in low‐light conditions.

2.1.2. Heterotrophic Growth

We calculate the mixotroph's grazing growth rate similarly as the difference between ingestion and respiration:

μh = ggemaxI − (1 − ψ)bresp,h, (13)

where ggemax is the maximum gross growth efficiency of mixotroph grazing and bresp,h is the temperature‐
dependent basal respiration rate for grazing, which we have also scaled by the partial investment into hetero-
trophy given by 1 − ψ. The mixotroph total ingestion rate (I) for n prey types

I = η × (1 − ψ) × Im ×
∑

n
i=1PAipi

kI +∑
n
i=1PAipi

, (14)

where each prey type i has biomass pi and prey availability PAi to the mixotroph, which we define below. In
addition, η and (1 − ψ) reduce the total ingestion rate to represent respectively the cost of generalism and the
proportion of metabolism dedicated to predation. The temperature and oxygen‐dependent grazing rate Im is

Im = ImaxTlim(O2)lim (15)

where Tlim follows Eppley temperature scaling from Equation 4 (Eppley, 1972), and the oxygen limitation (O2)lim
is determined using a saturating uptake function with no ingestion in low‐oxygen environments:
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(O2)lim =
max(O2 − O2,min, 0)

kO2
+min(O2 − O2,min, 0)

(16)

Each prey type's availability to the mixotroph PAi is calculated from an intrinsic preference for each prey type
(innate prey availability) IPAi:

PAi = IPAi × (
( IPAipi)

2

∑
n
j=1 ( IPAipi)

2)

1/2

, (17)

which scales with the relative abundances of all prey types using a mild density‐dependent switching behavior by
the grazer. For the mixotroph, available prey types include bacteria (IPAbact = 1) and small phyto-
plankton (IPAsmp = 0.25).

We modeled mixotroph grazing following existing zooplankton grazing functions in COBALT (C. A. Stock
et al., 2014, 2020). Grazing functional forms have been investigated in COBALT in prior studies, including prey
switching (C. Stock & Dunne, 2010; C. A. Stock et al., 2008); here we chose a Holling Type II functional form
(Holling, 1966) and an ingestion matrix consistent with other grazers already parameterized in the model
(C. A. Stock et al., 2020).

Egestion and excretion from grazing is partitioned by predefined fractions into detritus and dissolved nutrients as
per Table 1.

2.1.3. Loss Terms

Mixotroph loss terms include grazing mortality, aggregation, viral lysis, and exudation.

Small zooplankton (smz) are able to graze on mixotrophs (IPAmx = 1), who also graze on small phytoplankton
(IPAsmp = 1) and bacteria (IPAbact = 0.25) as shown in Figure 1. Small zooplankton grazing follows similar
dynamics to Section 2.1.2 with parameterization identical to that of C. A. Stock et al. (2020). Thus, mixotrophs are
subject to grazing mortality ( jgraz) by.

jgraz = Z × Im ×
PAmxM

kI +∑
n
i=1PAipi

(18)

where Z is the biomass of small zooplankton,M is the biomass of mixotrophs, and Im and PAi are calculated with
the small zooplankton's parameters (C. A. Stock et al., 2020).

Aggregation loss ( jagg) follows quadratic density dependence such that aggregation is suppressed under high
growth conditions and increases rapidly as growth drops below some fraction ( fagg) of the maximum possible
growth rate at temperature T (Doney et al., 1996; Waite et al., 1992):

jagg = (1 − μratio)
2maggM2, (19)

μratio = min[
μmem

faggPcmaxTlim
, 1], (20)

μmem = ∫

∞

0
γμ exp (− γμτ)μa(t − τ)dτ, (21)

where μratio is the ratio of the mixotroph's time‐averaged autotrophic growth memory (μmem) to some defined
fraction ( fagg) of the maximum photosynthetic rate Pcmax, andmagg is the aggregation rate constant. The autotrophic
growth memory μmem is calculated as a time‐average and tracked per location and depth similarly to the irradiance
memory Imem. The primary purpose of this is to dampen the effects of rapid changes in growth on aggregation loss
due to the diel cycle or advection of plankton. All aggregated biomass is routed to the detrital pool.
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Table 1
Mixotroph Photosynthesis, Grazing, and Loss Parametrization

Parameter Name Units Value

kT Temperature scaling °C− 1 0.063

C2N C:N ratio molC molN− 1 6.625:1

P2N P:N ratio molP molN− 1 1:20

Autotrophy parameters

α Chl‐specific max init. slope of P‐I curve gC gChl− 1 m− 2 J− 1 1.564e− 4

PCmax Maximum photosynthetic rate at 0°C day− 1 1.25

ζ Cost of biosynthesis Dimensionless 0.05

bresp,a Basal autotrophic metabolic rate at 0°C day− 1 0.03

θmax Maximum Chl:C ratio gChl gC− 1 0.03

θmin Minimum Chl:C ratio gChl gC− 1 0.002

γI Irradiance memory decay rate day− 1 1.0

kNH4 Half‐saturation for ammonium limitation μmol kg− 1 0.01

kNO3 Half‐saturation for nitrate limitation μmol kg− 1 0.5

kPO4 Half‐saturation for phosphate limitation μmol kg− 1 0.01

kFed Half‐saturation for dissolved iron uptake μmol kg− 1 0.1

kFe2N Half‐saturation for iron cell quota limitation nmol Fe mol N− 1 19.875

Heterotrophy parameters

Imax Maximum ingestion rate at 0°C day− 1 1.74a

kI Half‐saturation for grazing μmol N kg− 1 1.25

bresp,h Basal heterotrophic metabolic rate at 0°C day− 1 0.025

ggemax Maximum gross growth efficiency Dimensionless 0.4

IPA Innate prey availability Dimensionless Bact.: 1b

SP: 0.25b

kO2 Half‐saturation for oxygen limitation μmol kg− 1 8.0

(O2)min Minimum oxygen for grazing μmol kg− 1 0.8

ϕdet Fraction of ingestion to detritus Dimensionless 0.1

ϕldon Fraction of ingestion N to labile dissolved organic N Dimensionless 0.14

ϕsldon Fraction of ingestion N to semilabile dissolved organic N Dimensionless 0.04

ϕsrdon Fraction of ingestion N to semirefractory dissolved organic N Dimensionless 0.01

ϕNH4
Fraction of ingestion N to ammonium Dimensionless 0.3

ϕldop Fraction of ingestion P to labile dissolved organic P Dimensionless 0.13

ϕsldop Fraction of ingestion P to semilabile dissolved organic P Dimensionless 0.04

ϕsrdop Fraction of ingestion P to semirefractory dissolved organic P Dimensionless 0.03

ϕPO4
Fraction of ingestion P to phosphate Dimensionless 0.3

Loss parameters

magg Aggregation rate constant day− 1 μmol N− 1 kg− 1 0.1

fagg Fraction of maximum growth to aggregation Dimensionless 0.25

γμ Growth memory decay rate day− 1 1.0

mvir Viral lysis rate constant day− 1 μmol N− 1 kg− 1 0.2

ϕvir,ldon Fraction of viral N to labile dissolved organic N Dimensionless 0.7

ϕvir,sldon Fraction of viral N to semilabile dissolved organic N Dimensionless 0.1

ϕvir,srdon Fraction of viral N to semirefractory dissolved organic N Dimensionless 0.2
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Mixotroph losses to viral lysis ( jvir) are modeled as quadratically density‐dependent and temperature‐dependent
with rate constant (mvir):

jvir = TlimmvirM2. (22)

Viral losses are partitioned into the dissolved organic matter pools based on fixed ratios given in Table 1.

Finally, exudation loss ( jexu) is modeled as a constant fraction ( fexu) of phototrophic productivity,

jexu = fexuμaM (23)

with all exudation loss routed to labile dissolved organic matter.

2.1.4. Dynamic Metabolic Strategies

We aim to contrast mixotrophs with fixed metabolic strategies (constant ψ) and mixotrophs with dynamic
metabolic strategies (variable ψ) in response to environmental conditions, consistent with experimental work on
constitutive mixotrophs (Barbaglia et al., 2024; Wilken et al., 2020). To do this, we first interpret ψ as the
photosynthetic fraction (i.e., plastid fraction) of mixotrophic metabolic biomass within each grid cell as opposed
to the investment strategy of any individual mixotroph. This allows us to directly track the photosynthetic biomass
Ma (initialized at half the total biomass 0.5M) as an advected tracer (consistent with COBALT's approach to
modeling tracer concentrations as opposed to planktonic agents) and calculate ψ = Ma/M at the beginning of
each timestep. This allows for the mixing of different investment strategies with circulation in the water column.

We allowed the mixotroph to change its metabolic strategy to maximize growth in its local environment. Growth
and mortality ( dMdt ) are allotted to autotrophic biomass (Ma) and heterotrophic biomass (Mh) to maintain their
existing proportions. At each time step, a constant fraction ofMa and Mh decays, and the mixotroph is presented
with a binary decision to replenish this biomass with the production of either chloroplasts or digestive vacuoles.
The mixotroph takes the choice that maximizes instantaneous growth rate by comparing the productivities of a
strictly photosynthetic (μ⋆

a ) and strictly phagotrophic mixotroph (μ⋆
h ) as a proxy:

μ⋆
a = μa(ψ = 1) (where Imem is replaced with Iinst), (24)

μ⋆
h = μh(ψ = 0). (25)

Under conditions in which complete phototrophy would be more productive (μ⋆
a > μ⋆

h ), the value of ψ shifts
toward 1, and vice versa. For the hypothetical strict phototroph, instead of using the 24‐hr average irradiance Imem
in the calculation of the Chl:C ratio as in Equations 11 and 12, we substitute it with Iinst, which responds
instantaneously to the diel light cycle. Assuming an asymptotic rate of approach ν, we use the following dif-
ferential equations to describe this process:

Table 1
Continued

Parameter Name Units Value

ϕvir,ldop Fraction of viral P to labile dissolved organic P Dimensionless 0.65

ϕvir,sldop Fraction of viral P to semilabile dissolved organic P Dimensionless 0.15

ϕvir,srdop Fraction of viral P to semirefractory dissolved organic P Dimensionless 0.2

fexu Fraction of NPP to exudation Dimensionless 0.13

Note. All other values from small phytoplankton and zooplankton in C. A. Stock et al. (2020). aHansen et al. (1997). bLie
et al. (2018), Wilken et al. (2020), and Moeller et al. (2019).
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dMa

dt
=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Ma

Ma +Mh
(
dM
dt
) + νMh μ⋆

a > μ⋆
h

Ma

Ma +Mh
(
dM
dt
) − νMa μ⋆

a < μ⋆
h

Ma

Ma +Mh
(
dM
dt
) μ⋆

a = μ⋆
h

, (26)

dMh

dt
=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Mh

Ma +Mh
(
dM
dt
) − νMh μ⋆

a > μ⋆
h

Mh

Ma +Mh
(
dM
dt
) + νMa μ⋆

a < μ⋆
h

Mh

Ma +Mh
(
dM
dt
) μ⋆

a = μ⋆
h

. (27)

In terms of ψ (represented by Ma/ (Ma + Mh)), this reduces to

dψ
dt

=

⎧⎪⎪⎨

⎪⎪⎩

ν(1 − ψ) μ⋆
a > μ⋆

h

− νψ μ⋆
a < μ⋆

h

0 μ⋆
a = μ⋆

h .

. (28)

The parameter ν sets a maximum rate of change for ψ, with 0 indicating a completely static strategy and larger
values corresponding to faster rates of phenotypic acclimation. We take ν = 1.0 day− 1 to match the exponential
kernel decay rates of irradiance memory ( γI) and growth memory ( γμ), but see Results below and Figure S3 in
Supporting Information S1 for the effects of other ν values.

We modeled phenotypic plasticity this way as opposed to an evolutionary model because, in our view, this
approach more faithfully represents a reasonable mechanism by which the mixotroph can measure and adjust
resource acquisition and utilization of its plastids on a short time scale. That is, we envision that a mixotroph can
compare the relative performance of a chloroplast and a digestive vacuole inside of its cell, and choose which
structure to build next on this basis. However, we acknowledge that the use of a fitness gradient could produce
different results, which we do not explore here.

For a full list of mixotroph parameters, refer to Table 1.

2.2. Model Validation

For model validation, we ran two models: a static mixotroph with investment into phototrophy and phagotrophy
(η = 0.9,ψ = 0.5,ν = 0) and a model absent of mixotrophs (η = 0), comparing both models with observa-
tional data from the BATS station (Figure 2, Table 2).

The one‐dimensional version of COBALT aligns well with predictions of NPP, but varies in consistency with
nitrate and phosphate concentrations, even in the absence of mixotrophy (Figure 2). Predictions of NPP worsen
with the introduction of a static mixotroph, though nitrate and phosphate estimations improve (Table 2). It is
important to note that since COBALT is primarily a global model, it may not necessarily resolve specific sites
especially precisely.

2.3. Sensitivity Analysis

We performed three sensitivity tests on the mixotroph to assess the role of light, nutrient, and prey availability on
our mixotroph's investment strategy, each of which affect productivity with a saturating response curve. We
modulated the initial slope of each of these response curves by either 50% or 200% through α for light availability
(Equations 3 and 11), nutrient limitation half‐saturation constants (1/ kNO3

, 1/ kNH4
, 1/ kPO4

, 1/ kFe) for nutrient
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availability (Equations 6–10), and prey availability (Equation 14), after which the average biomass‐weighted
investment strategy ψ was measured. Results are discussed in Section 3.2 and Figure 6.

3. Results
3.1. Persistence of Mixotrophic Nanoflagellates in an Oligotrophic Gyre

We first characterized the persistence of a mixotrophic nanoflagellate in the Sargasso Sea by considering a static
metabolic strategy that equally weights photosynthetic and grazing investments (η = 0.9, ψ = 0.5, ν = 0). The
model captured typical seasonal physical oceanography in the Sargasso Sea, with annual variation in the depth of
well‐homogenized surface water (a.k.a., “mixed layer”) that regulates the biomass and productivity of plankton

(Figure S2 in Supporting Information S1). Dividing the year into four seasons
(Spring =March–May, Summer = June–August, Autumn = September–No-
vember, and Winter = December–February), a deep mixed layer depth
(MLD) led to upwelling of sunken nutrients in winter and spring, stimulating
homogeneously high biomass and productivity throughout the mixed layer
(Figures 3a, 3d, 3e, and 3h). During summer shoaling of the mixed layer, the
surface waters became oligotrophic in the stratified ocean, reducing total
productivity and biomass (Figures 3b, 3c, 3f, and 3g).

Additionally, a shallow summer mixed layer led to the formation of a deep
chlorophyll maximum (DCM; Figure S2 in Supporting Information S1).
Similarly to small phytoplankton, the static mixotroph's biomass peaked in
the DCM during summer and autumn (Figures 3b, 3c, 3f, and 3g). Therefore,
we defined the DCM region as 60–100 m deep, contrasting community
composition and function between the DCM with the variable surface mixed
layer for subsequent analyses (Figure S2 in Supporting Information S1). We
recognize that this is shallower than the typical 100 m DCM observed at

Figure 2. Model outputs including a static mixotroph (solid line) as well as one without mixotrophy (dashed line) were
compared against discrete bottle samples at BATS in the top 150 m from 2000 to 2009 (inclusive). Soluble Reactive
Phosphorus (SRP) data was used for bioavailable phosphorus validation. We time‐averaged model outputs over each season
and plotted depth and nutrient concentrations on a log scale.

Table 2
Error Metrics in the Top 100 m for the Default 1D COBALT (NM = No
Mixotroph) and Mixo‐COBALT (SM = Static Mixotroph) Compared to
Empirical Data From BATS From 2000 to 2009 Inclusive: Linear
Correlation, Bias, and Root Mean Square Error

Tracer # Obs.

Correlation Bias RMSE

NM SM NM SM NM SM

NPP (mg C m− 3 day− 1) 762 0.609 0.593 2.13 3.28 5.85 7.36

Nitrate (μmol m− 3) 1,510 0.327 0.328 583 425 651 509

Phosphate (μmol m− 3) 427 0.281 0.293 14.0 11.3 22.2 19.6

Note. Soluble Reactive Phosphorus (SRP) data was used for bioavailable
phosphorus validation. Model predictions for observed data were calculated
using a 1 month moving average and linearly interpolating between depth
bins in the model output.
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BATS (e.g., Casey et al., 2007), which is a known bias within COBALTv2 (Moeller et al., 2019; C. A. Stock
et al., 2020), though this should not qualitatively impact the relative tradeoff between dynamic and static
mixotrophy central to our analysis.

Overall, we found that the mixotroph persisted in the ecosystem throughout the year, with biomass and pro-
ductivity patterns that mirrored small phytoplankton (Figure 3). Interestingly, the discrepancy in productivity
between small phytoplankton and mixotrophs was greatest under high‐nutrient conditions such as at the winter
surface or summer DCM, where phytoplankton more successfully outcompeted mixotrophs (Figures 3e, 3f, 3g,

Figure 3. (a–d) Biomass and (e–h) per capita productivity of the mixotroph, small phytoplankton, and small zooplankton
were separated by season and plotted against depth. Phytoplankton and zooplankton performance absent of mixotrophy were
also included as a dashed line for comparison. We note variation in the mixed layer depth (MLD; the seasonal average
marked as a red dashed line) as well as spikes in the deep chlorophyll maximum region (DCM; marked in light blue; Figure
S2 in Supporting Information S1) observed in the summer.

Figure 4. We plotted the mixotroph's per capita productivity across a range of fixed metabolic strategies, comparing across
seasons (a–d) as well as between the surface mixed layer (blue line) and DCM region (orange line). Stars mark the growth‐
maximizing strategy for its respective depth bin and season. Per‐capita productivity was calculated first as a vertical integral
and subsequently time‐averaged.
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and 3h). This suggests that mixotrophic generalism was most competitively viable under oligotrophic conditions,
though small phytoplankton were never competitively excluded.

3.2. Differences in Optimal Growth Strategies Between Static and Dynamic Mixotroph

To account for mixotrophs' variable metabolic investment into photosynthesis and grazing, we tested a variety of
fixed ψ values (i.e., ν = 0) and found that throughout the year, per capita productivity was lowest with exclusive
heterotrophy (ψ = 0) and increased to a plateau as the metabolic mode shifted toward autotrophy (Figure 4).
Across seasons and depth bins, the optimal growth‐maximizing strategy remained predominantly autotrophic
(i.e., ψ > 0.75) except in the oligotrophic summer mixed layer, where an intermediate strategy (ψ = 0.5) was
slightly more productive (Figure 4).

When we instead allowed the mixotroph to vary its investments as described in Equation 28 with a maximum rate
of ν = 1.0 day− 1, the mixotrophs converged on a homogeneous strategy by depth within the mixed layer, with
the ψ value corresponding closely with the MLD. Heterotrophy was preferred within the winter deep mixed layer
in winter and autotrophy in the shallow summer mixed layer, though the average ψ value of did not differ
drastically from a 50:50 split (Figures 5a and 5c). With the current parameterization, mixing acted on a faster time
scale than the mixotrophs could change their strategy, leading to homogeneity of ψ in the mixed layer; however,
varying the speed of mixotrophic acclimation (ν) modulated the relative impact of mixing on metabolic strategy
but the average ψ value remained relatively consistent (Figure S3 in Supporting Information S1). We observed
throughout the year that the mixotroph became more autotrophic above 100 m and heterotrophic below 100 m as
demonstrated by the relative difference in productivity between phototrophic and phagotrophic strategies that
guides acclimation (Figure 5b). This suggests that the deeper mixed layer injected heterotrophic mixotroph
biomass into shallower waters in winter, decreasing the average ψ value, but summer stratification preserved a
photosynthetic preference in the mixed layer. Notably, these results deviate from the expected trends in Figure 4,
where the ability to alternate to a heterotrophic mode was preferred in summer as opposed to winter.

The causal mechanism behind the dynamic mixotroph's growth‐maximizing ψ investment strategy was primarily
light availability. Comparing against mixotrophs with altered response to irradiance, nutrients, and prey reveals

Figure 5. Panel (a) shows the dynamically varying investment strategy of the mixotroph with maximum acclimation rate
maximum rate ν = 1.0 day− 1. Panel (b) plots the difference in production between a completely phototrophic and
phagotrophic mixotroph, which is responsible for the mixotroph's direction of dynamic acclimation (Equations 24, 25, and 28).
We averaged the investment strategy across depth and weighting by biomass to obtain panel (c), with an overall annual average
of ψ = 0.545 marked as a dashed line.
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that their investment strategy was most greatly influenced by changes in sensitivity to light, followed by prey and
lastly nutrients (Figure 6). This is consistent with our observation that the direction of phenotypic acclimation was
entirely stratified by depth (Figure 5b) where we would expect tracers such as nutrient and prey availability to
follow the advection dynamics of the MLD. Combined with the sensitivity of the effect of ψ to light, this leaves
irradiance as a primary candidate for driving the mixotroph's metabolic strategy in the Sargasso Sea.

3.3. Carbon Redistribution Due To Elevated Productivity and Displacement of Phytoplankton and
Bacteria

We assessed the ecological impact of the mixotroph by comparing simulations with no mixotroph, a static
mixotroph (ψ = 0.5, ν = 0 day− 1), and a dynamic mixotroph (ψ variable, ν = 1.0 day− 1) and found that
mixotrophy broadly redistributed the biomass of lower trophic levels to higher trophic levels, though the total
planktonic biomass changed by less that 1% in both cases. The introduction of a bacterivorous nanoflagellate led
to an expected reduction in bacterial biomass due to grazing, while phytoplankton similarly decreased as a result
of competition for photosynthetic resources and grazing pressure on small phytoplankton (Figure 7). Small to
medium‐size zooplankton marginally increased with the introduction of a newmixotrophic prey source to support
higher trophic levels; however, large zooplankton decreased, seemingly because declines in large phytoplankton
prey were not sufficiently compensated for by increases in medium zooplankton prey (Figure 7). The community
structure did not differ greatly between a static and dynamic mixotroph (Figure 7). We did not observe strong
seasonality in the mixotroph's impacts on bacteria, though the marginal impact on small phytoplankton biomass
was largest in the oligotrophic summer and autumn, reflecting greater nutrient competition, while the marginal
positive impact on small to medium‐sized zooplankton was largest in winter, reflecting greater surges in prey
biomass density (Figure S4 in Supporting Information S1).

Consistent with existing predictions (e.g., Stoecker et al., 2017; Ward & Follows, 2016), the changes to carbon
flow reveal that mixotrophs drove higher productivity and increased the rate of carbon sequestration. Despite
lowered bacterial biomass from increased bacterivory (Figures 7 and 8a), total bacterial productivity and net
primary productivity actually increased (Figures 8b and 8c), indicating an increase in turnover rates. While the
total DOC flux remained unchanged, sources of DOC shifted from density‐dependent factors (i.e., viral lysis) to
production‐dependent factors (i.e., exudation and grazing egestion), which on average produced more refractory
dissolved organic matter (Figure 8e, (C. A. Stock et al., 2020)). As a result, carbon export at 100 m substantially
increased by about 20% (Figure 8d). A breakdown of export production showed that the increase observed here

Figure 6. We compared our standard model to models with altered mixotroph parameterization to assess the role of various
factors on mixotroph investment strategies. Namely, we halved and doubled the initial slopes of the mixotroph's response
curves to irradiance (α), nutrient concentrations (1/ kNO3

, 1/ kNH4
, 1/ kPO4

, 1/ kFe), and prey availability (1/ kI), and measured
the resulting change in the average investment strategy. Average ψ was measured with a biomass weighted average across the
water column and subsequently time‐averaged.
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Figure 7. The change in biomass of various plankton functional groups with the introduction of either a static or dynamic
mixotroph is shown. Biomass was integrated across the entire water column with an annual time average.

Figure 8. The bars of each chart represent models with (1) no mixotrophs; (2) a static mixotroph with ψ = 0.5,η = 0.9; (3) a
dynamic mixotroph with ν = 1.0 days− 1,η = 0.9; (4) an equivalently size‐classed strict autotroph ψ = 1.0,η = 1.0; and
(5) an equivalently size‐classed strict heterotroph ψ = 0.0,η = 1.0 panels (a–c) show increases in bacterivory, bacterial
productivity, and primary productivity respectively with the introduction of either mixotroph. The resultant increase in carbon
export at 100 m is shown in panel (d). Panel (e) breaks down the changes in the sources dissolved carbon fluxes. Overall trends
in carbon fluxes show that the introduction of mixotrophs largely increases productivity and turnover rates.
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was largely accounted for by elevated grazing activity while decreases in the contributions by phytoplankton via
aggregation were balanced by mixotroph aggregation (Figure S4 in Supporting Information S1).

This raises the question of whether the biogeochemical changes we observed were in fact due to mixotrophic
metabolism or simply the result of introducing an additional functional type at this size class with a distinct
ecological niche. Comparing against equivalent strict autotrophs and heterotrophs, we found that including a
dynamic mixotroph elevated bacterivory, bacterial production, primary production, equally or more than either
equivalent autotroph or heterotroph (Figures 8a–8c). Combining the increased primary production from autot-
rophy and increased export efficiency from heterotrophy allows for mixotrophy to induce an even greater overall
increase in carbon export (Figure 8d).

We did not find major differences in environmental impact between a static and dynamic mixotrophs, though
increased bacterivory by mixotrophs had marginal effects on biogeochemical cycling. Given that the average
ψ value did not deviate especially far from 0.5 (Figure 5c), we did not observe a large difference the annually
averaged biomass of any individual plankton group between models of static and dynamic mixotrophy
(Figure 7 and Figure S5 in Supporting Information S1). However, dynamic strategy acclimation led to a
20.0% increase in mixotrophic bacterivory compared to a static mixotroph, while their effect on carbon export
was reduced by 11.2% (Figure 8). The export ratio, defined as the fraction of NPP contributing to carbon
export, increased from 7.76% to 8.23% with a static mixotroph while the dynamic mixotroph elevated it
slightly less to 8.14%.

4. Discussion
Oceanographers have long posited that, because of their dual role as primary producers and grazers, mixotrophs
may serve as “short circuits” in the planktonic food web, allowing rapid recycling of nutrients into photo-
synthetic biomass (Mitra et al., 2014; Moeller et al., 2024; Stoecker, 1998). Our results align with existing
predictions that mixotrophic protists promote productivity despite decreased biomass, suggesting increased
turnover and ultimately driving excess dissolved nutrients toward sequestration (Mitra et al., 2014; Ward &
Follows, 2016). Thus, we emphasize the importance of incorporating mixotrophic nanoplankton into biogeo-
chemical models for their major ramifications in estimates of carbon sequestration, especially in light of climate
trends (Jassey et al., 2015; Puglia et al., 2026) which may alter mixotrophs' relative investments in photo-
synthesis and grazing (Lepori‐Bui et al., 2022; Princiotta et al., 2016; Wilken et al., 2013). However, caution
must be taken to avoid over‐extrapolating the present results to the global ocean as incorporating ecosystem
components large‐scale constraints in a global model may lead to redistribute export as opposed to a net in-
crease (Luo et al., 2022).

We found that the inclusion of mixotrophic nanoflagellates additionally altered community composition by
shifting the distribution of biomass to higher trophic levels and reducing bacteria and phytoplankton through
grazing and competitive displacement. The high irradiance and oligotrophic conditions typical of BATS may
allow for mixotrophs to effectively compete with phytoplankton despite the penalized mixotroph productivity
relative to that of specialist phytoplankton and zooplankton (Crane & Grover, 2010; Edwards, 2019). At the same
time, substantial mixotrophic bacterivory has been shown to play a key role in regulating food web function in
Atlantic oligotrophic gyres (Hartmann et al., 2012, 2013), allowing for mixotrophs and microzooplankton in our
model to coexist through partitioning grazing niches between bacteria and phytoplankton respectively. Mixo-
trophic protists led to an average overall increase in cell size as grazing restricts the biomass of small plankton in
favor of higher trophic levels, consistent with previous global modeling work that also found that mixotrophs
enhanced carbon export (Ward & Follows, 2016).

As one of the first coupled biogeochemical models to include dynamic mixotrophy, our results provide insight
into the behavior and environmental effects of a mixotroph that varies its metabolic investments. Pragmatically,
our formulation allowed us to capture a wide array of mixotroph metabolic investment strategies with a single,
temporally and spatially varying, mixotroph type, balancing computational efficiency with biological realism (Le
Quéré et al., 2005). As we found dynamic mixotrophy to elevate carbon export less than static strategies
(Figure 8), our model suggests a potential connection between mixotroph plasticity and biogeochemical cycling.
Previous studies have shown that grazing activity has a greater tendency than photosynthesis to release recal-
citrant carbon that is more subject to sequestration (Hessen et al., 2004; Tranvik, 1994), some drawing con-
nections between mixotroph metabolism and carbon cycling (Archibald et al., 2024; Wilken et al., 2014). These

Journal of Geophysical Research: Biogeosciences 10.1029/2026JG009780

SHEU ET AL. 15 of 19

 21698961, 2026, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2026JG

009780 by H
olly M

oeller - U
niversity O

f C
alifornia , W

iley O
nline L

ibrary on [21/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



results warrant further investigation into the extent to which mixotrophs' seasonal cycling of nutritional modes
affects biogeochemical processes.

Investigating the patterns of metabolic strategy themselves, our dynamic mixotroph skewed heterotrophic during
winter and spring blooms and autotrophic during summer and autumn oligotrophy, demonstrating inconsistent
agreement with existing predictions about mixotrophs in the Sargasso Sea. Under oligotrophic summer condi-
tions, mixotrophs are expected to invest heavily in phagotrophy to support nitrogen acquisition and compete with
specialist phytoplankton (Arenovski et al., 1995; Chu et al., 2023; Moeller et al., 2024) while dissolved nutrient
availability during spring blooms favor autotrophy (Archibald et al., 2024). On the other hand, other studies have
found that mixotrophs are most effectively able to compete with specialist zooplankton in largely low‐irradiance
high‐nutrient environments that may not reflect the surface oceans of the Sargasso Sea (Edwards, 2019; Princiotta
et al., 2023). Our mixotroph tended toward a “default” autotrophic mode where light is available, only turning
toward phagotrophy to supplement nutritional needs in low light as some models have suggested (Crane &
Grover, 2010). It is important to note that our study is limited to one site and that running global simulations in
COBALT, as it is primarily tuned to do, may yield differing results.

Alternative formulations of mixotrophy may also alter this prediction. For example, allowing mixotrophs to
sample over the entire ψ space (rather than making a binary comparison between phototrophy and phagotrophy;
Equation 28) could produce distinct growth‐maximizing strategies (Archibald et al., 2024), though this could be
computationally intractable. Further, we accounted for the effects of photosynthetic investment by incorporating
ψ into our equation for θ, the chlorophyll to carbon ratio of the mixotroph. While we made this choice to directly
mimic the biological effects of investment (i.e., mixotrophs with higher photosynthetic investment would have
higher chlorophyll content), the light‐saturating photosynthesis‐irradiance curve in COBALT is most sensitive to
θ at low light levels (C. A. Stock et al., 2014). Thus, the effects of ψ were stronger at depth compared to the well‐lit
surface (Figure S6 in Supporting Information S1), contributing to the abrupt, depth‐dependent shift in mixotroph
optimal ψ values observed in our results. The preference for photosynthetic tendencies could also be reduced by
tuning the model to more precisely reflect empirical data such as by adjusting cell size dynamics to align with
empirical data on mixotrophy (Våge et al., 2013).

Moreover, generalist mixotroph strategies have been theorized to be advantageous in low‐nutrient environments
(Faure et al., 2019; Leles et al., 2017; Ward et al., 2011) because nutrients acquired via grazing may support
sustained mixotroph photosynthesis (Flynn & Mitra, 2009; Ward et al., 2011). However, the COBALT model is
not a quota model, and therefore does not allow for this synergy between forms of metabolism. (i.e., in our
formulation, mixotrophs cannot, e.g., combine extra nitrogen from grazing and carbon from photosynthesis to
produce new biomass. Rather, our model assumes strictly additive contributions of phototrophy and phagotrophy
to growth, doubly excreting excess nutrients in the process.) Additionally, COBALT's formulation with
population‐level Monod kinetics as opposed to an agent‐based quota model may lead to some error, particularly
where mixing populations are heterogeneous (Baudry et al., 2018; Hellweger & Kianirad, 2007). For instance, a
lack of internal quota or life history modeling results in a calculation of Chl:C ratio (Equations 11 and 12) that is
best approximated for the well‐homogenized mixed layer. Future work in upper ocean biogeochemical models
could use quota‐based or similar approaches that allow for synergies between metabolic modes as well as tracking
of life history (Mitra et al., 2016; Moeller et al., 2024; Ward et al., 2011; Wilken et al., 2014).

Regardless of investment formulation, however, our model consistently predicts that mixotrophs amplify
biogeochemical processes. Therefore, we argue that due to their ramifications for the biological pump,
community structure, and food web energetics, mixotrophy is a vital component to consider in biogeochemical
modeling. Though we observed marginal aggregate effects of a dynamic mixotrophy at BATS, seasonal and
depth‐based variability in strategy may have more pronounced impacts on carbon cycling and trophic dy-
namics in more variable coastal systems that should not be ignored. We hope that future work continues to
recognize and explore mechanisms of plasticity in mixotrophs and expand the functional scope of mixotrophy
in modeling.
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Availability Statement
Model code and initialization are available at Sheu (2026a). Model output and MATLAB code for generating
figures are also available at Sheu (2026b). Data from the Bermuda Atlantic Time Series (BATS) Hydrostation is
available at Johnson et al. (2026).
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