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Summary

Viruses and microzooplankton grazers represent major
sources of mortality for marine phytoplankton and
bacteria, redirecting the flow of organic material
throughout the world’s oceans. Here, we investigate
the use of nonlinear population models of interactions
between phytoplankton, viruses and grazers as a
means to quantitatively constrain the flow of carbon
through marine microbial ecosystems. We augment
population models with a synthesis of laboratory-based
estimates of prey, predator and viral life history traits
that constrain transfer efficiencies. We then apply the
model framework to estimate loss rates in the California
Current Ecosystem (CCE). With our empirically parame-
terized model, we estimate that, of the total losses
mediated by viruses and microzooplankton grazing
at the focal CCE site, 22 � 3%, 46 � 27%, 3 � 2%
and 29 � 20% were directed to grazers, sloppy feeding
(as well as excretion and respiration), viruses and viral
lysate respectively. We identify opportunities to leverage

ecosystem models and conventional mortality assays to
further constrain the quantitative rates of critical ecosys-
tem processes.

Introduction

Viruses and microzooplankton grazers are major sources
of phytoplankton mortality throughout the world’s oceans
(Fuhrman, 1999; Calbet and Landry, 2004; Evans and
Brussaard, 2012; Mojica et al., 2016; Våge et al., 2018).
However, quantification of impacts of these ecological
interactions and the resulting fate of carbon remains chal-
lenging (Brussaard et al., 2008; Weitz and Wilhelm,
2012; Brum et al., 2015; Breitbart et al., 2018). Viral lysis
and grazing have potentially divergent consequences for
the flow of carbon (Fig. 1). Grazing transfers carbon to
higher trophic levels and may, in turn, catalyse the forma-
tion and aggregation of sinking organic particles. In
contrast, lysis may favour the production of dissolved
organic detritus (Wilhelm and Suttle, 1999), though viral
lysis products may also aggregate and sink through the
water column (Weinbauer, 2004; Guidi et al., 2015). To
quantify the relative importance of viral lysis and grazing
and their respective impact on biogeochemical dynam-
ics, it is essential to develop mechanistic biogeochemi-
cal models at regional and global scales.

The acquisition of quantitative data and characteriza-
tions of grazing and viral infection dynamics—and their
consequences for carbon flow—remains challenging.
One approach, the dilution method, has been routinely
used for decades to estimate growth and mortality of
primary and secondary producers (Landry and Hassett,
1982; Calbet and Landry, 2004). Modifications of the dilu-
tion method have been used to also estimate rates of
mortality due to viral lysis (Evans et al., 2003; Kimmance
and Brussaard, 2010). Despite the significant assump-
tions that must be made (Dolan and McKeon, 2005;
Beckett and Weitz, 2017, 2018), dilution experiments can
provide critical sources of quantitative information on loss
rates in marine microbial systems (Baudoux et al., 2006).

Despite their potential, results from dilution experiments
have had limited application to modelling material transfer
mediated by viruses and microzooplankton grazers
(Li et al., 2011; Stukel et al., 2011; Chen et al., 2014). This

Received 9 August, 2018; revised 3 April, 2019; accepted 8 April,
2019. *For correspondence. E-mail dtalmy@utk.edu; Tel. +1 617-
800-3630

© 2019 Society for Applied Microbiology and John Wiley & Sons Ltd.

Environmental Microbiology (2019) 00(00), 00–00 doi:10.1111/1462-2920.14626

https://orcid.org/0000-0002-7335-2088
https://orcid.org/0000-0002-4410-2960
mailto:dtalmy@utk.edu


limitation is partly because dilution experiments provide
information in the form of a system-specific loss rate, and
require additional measurements to inform ecosystem
model parameterization. Given appropriate auxiliary mea-
surements, dilution experiments can provide constraints
on parameterizations and parameter values that can be
directly utilized in the ecosystem and biogeochemical
models.
Here we demonstrate how, with appropriate additional

measurements, we can provide constraints on carbon
flows from phytoplankton to other major sinks including
viruses, grazers, viral lysate and the combined sum of
sloppy feeding, excretion and respiration (Fig. 1). We
focus here on a study site in the California Current Eco-
system (CCE) (Pasulka et al., 2015). The CCE offers
prior in situ estimates of virus and grazer related mortality
accompanied by concurrent measurements of virus
abundance and microzooplankton carbon that are essen-
tial for the modelling approach presented here. As we will
show, the integration of model-based analysis with appro-
priate datasets enable us to move towards estimates of
carbon flow within marine microbial ecosystems.

Parameterizing carbon flow

We describe parameters and constraints on phytoplank-
ton rates of loss to viral lysis and grazing in mixed com-
munities. We further consider additional information
required to convert specific loss rates to fluxes depicted
in Fig. 1.

Nonlinear model of population dynamics

Consider the following mass balance equation for a pop-
ulation of phytoplankton P:

dP
dt

= μP|{z}
phyto−

growth

− mvP|ffl{zffl}
viral

lysis

− mzP|ffl{zffl}
grazing

ð1Þ

In Eq. 1, producers grow at rate μ. Specific loss rates
due to grazing and viral infection are represented with
mz and mv respectively. All parameters have units
inverse time. Other producer losses exist, e.g. due to
sinking or grazing by higher trophic levels, but are not
included in Eq. 1. The focus of this work is to parameter-
ize loss rates and fluxes that can be constrained with
information from dilution experiments, where losses due
to sinking and consumption by higher trophic levels are
routinely removed (Evans et al., 2003; Mojica et al., 2016).
Note that all parameters and variables are defined in
Table 1. A detailed discussion of the assumptions used in
the dilution technique is provided in Supporting Informa-
tion Appendix S1A.

In Eq. 1, the loss terms mvP and mzP are the net flux
from producers to viruses and grazers, including also flux
to viral lysate, and detrital and inorganic carbon pools
(Fig. 1). Equation 1 obtains flux estimates with knowl-
edge of specific loss rates mz and mv, and phytoplankton
biomass P. Specific loss rates due to grazer and virus-
induced mortality (mz and mv) can be estimated through

Fig. 1. Carbon fluxes from phytoplankton to viruses and microzooplankton grazers. The green circles represent a phytoplankton cell. The block
and line arrows represent grazer and virus encounter with host cells due to motile behaviour and Brownian motion respectively. Green fragments
represent organic matter and we do not differentiate between dissolved and particulate forms. Solid red arrows are key carbon fluxes:
(i) assimilation into grazer biomass, (ii) grazing related losses to sloppy feeding, excretion and respiration, (iii) the `viral shunt’; viral lysate directed
towards detrital pools and (iv) assimilation into viral progeny. The goal of this work is to parameterize the four major carbon fluxes (i)–(iv) shown with
large red arrows.
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multiple methods, including the dilution method (Landry
and Hassett, 1982; Calbet and Landry, 2004), and the
modified dilution technique (Evans et al., 2003; Kimmance
and Brussaard, 2010). Estimates of mz and mv from these
techniques lead to direct flux estimates for specific sys-
tems, but they cannot be used for prognostic ecosystem
simulations that also describe and predict virus and
microzooplankton community dynamics.

Consider again the phytoplankton mass balance model
in Eq. 1, this time given mass–action losses due to infec-
tion and grazing:

dP
dt

= μP|{z}
phyto−

growth

−φvVP|fflffl{zfflffl}
viral

lysis

−φzZP|fflffl{zfflffl}
grazing

ð2Þ

where P, V and Z are the microbial producer, virus and
grazer carbon density respectively, μ is the producer
gross growth rate and φz and φv are microzooplankton
and virus maximal carbon clearance rates respectively
(Table 1). Zooplankton ecologists refer to the slope φz as
the maximal clearance rate, and for generality, we extend
this terminology and define φv as the viral maximal clear-
ance rate. To link directly with carbon transfer rates, our
clearance rates define the propensity for carbon transfer
per unit biomass in the grazers and viruses. We refer to
both rates as ‘maximal carbon clearance rates’ to distin-
guish them from per-capita equivalents (Kiørboe, 2011).

Equation 2 is the same mass balance as Eq. 1 with sub-
tle yet important differences that we will compare and con-
trast. The loss rates mz and mv in Eq. 1 only apply to a
single set of virus and grazer biomass densities—namely,
those at the study site where the dilution technique was
applied. Experimental values of mz and mv are therefore
system-specific. Eq. 2 replaces system-specific loss rates

mz and mv with the products φzZ and φvV, explicitly
resolving the dependence of phytoplankton loss rate on
virus and grazer biomass density. Maximal carbon
clearance rates φz and φv control how virus and grazer
biomass density influence phytoplankton loss rates,
and are process-specific rates. Although rarely consid-
ered, dilution experiments that estimate system-spe-
cific loss rates mz and mv may also provide constraints
on process-specific rates φz and φv, thereby contribut-
ing more directly to ecosystem model parameterization.

Linking loss rates with fluxes

Only a portion of the phytoplankton losses due to viral
lysis and grazing are actually incorporated into virus
and grazer carbon biomass. We introduce transfer effi-
ciencies εv and εz that represent the proportion of lost
producer material that is incorporated into viruses and
grazers respectively. The transfer efficiencies partition
the flux from producers between each of the pools
depicted in Fig. 1. If losses are characterized with Eq. 1,
the fluxes incorporated into grazer and virus biomass
are simply εzmzP and εvmvP respectively. These fluxes
are sources of virus and grazer production, and are an
important step towards understanding system dynamics.
Also important are the associated fluxes towards dis-
solved and particulate pools, (1 − εz)mzP and (1 − εv)
mvP. In Table 2, we summarize how the parameters εz
and εv may be used in Eqs. 1 or 2 to quantify the flux of
organic material from phytoplankton to the various fates
depicted in Fig. 1. Our goal is to empirically constrain
each of the parameters required to predict the fluxes in
Fig. 1, focusing on the contrasting assumptions between
the approximations taken directly from the dilution tech-
nique (Eq. 1), and model equivalents that explicitly
resolve the dependence of fluxes on grazer and virus
carbon density (Eq. 2). Particular attention is paid to the
assumptions and measurements required to link the dis-
tinct approaches.

Table 1. Parameter and variable descriptions and units.

Symbol Description Units

P Producer biomass density μmol C l−1

V Virus biomass density μmol C l−1

Z Grazer biomass density μmol C l−1

μ Producer growth rate day−1

mv Specific loss rate due to viral lysis day−1

mz Specific loss rate due to
microzooplankton grazing

day−1

φv Virus maximal carbon clearance rate l (μmol C)−1 day−1

φz Grazer maximal carbon clearance rate l (μmol C)−1 day−1

εv Virus gross growth efficiency –

εz Grazer gross growth efficiency –

β Virus burst size Viruses per cell
Qv Virus particle carbon quota μmol C
Qh Host carbon quota μmol C
δvv Quadratic virus mortality coefficient l (μmol C)−1 day−1

δzz Quadratic grazer mortality coefficient l (μmol C)−1 day−1

Table 2. Contrasting methods for calculating the flux of organic
material from phytoplankton to microzooplankton grazers and
viruses.

Dilution technique
approximation (Eq. 1)

Typical modelled
flux (Eq. 2)

Flux to virus εvmvP εvφvVP
Flux to grazer εzmzP εzφzZP
Flux to viral lysate (1 − εv)mvP (1 − εv)φvVP
Flux to sloppy feeding

and respiration
(1 − εz)mzP (1 − εz)φzZP

Parameters and variables are defined in Table 1. In this work, we
empirically constrain each of the terms and compare and contrast
the different approximations.
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Empirical constraint on transfer efficiency

The gross growth efficiency (GGE) is a measure of the
proportion of carbon ingested by grazers incorporated
into biomass, after accounting for losses due to sloppy
feeding, respiration and excretion. For grazers, esti-
mates of GGE have been used to model carbon trans-
fer (Taniguchi et al., 2014). Here, we assume GGE is
an empirical analogue of εz. To compare and contrast
virus and grazer transfer efficiency, we approximated
εv based on burst size (βv), virus particle carbon quota
(Qv) and producer cell carbon quota (Qh; Jover et al.,
2014; Weitz, 2015):

εv = βv
Qv

Qh
ð3Þ

We compiled estimates of virus size, host size and
burst size (Supporting Information Table S1). Using the
allometric relations in Table 3, we estimated the virus
GGE (εv) for a broad range of viruses, including
cyanobacteriophage, viruses of eukaryotic algae, double-
stranded DNA and double-stranded RNA viruses.

Results and discussion

Our initial aim is to empirically constrain phytoplankton
losses and the efficiency of transfer to viruses and
higher trophic levels. The fluxes are listed in Table 2 and
depicted in Fig. 1. We begin by presenting empirical find-
ings of the transfer parameters εz and εv, and show how
these may be combined with specific loss rates mz and
mv from the CCE, to predict the fluxes in Fig. 1. We then
present steps necessary to embed these parameters
within an ecosystem model with explicit representation
of feedbacks between phytoplankton, microzooplankton
and virus dynamics. We discuss the application of this
model for more general prediction of the fluxes
in Fig. 1.

Virus and grazer transfer efficiency

In Fig. 2, we show the relationship between virus radius,
and virus carbon gross growth efficiency (GGE) estimated
with Eq. 3. Also shown for comparisons are measured
GGE for a range of grazer sizes, using the compilation of
Taniguchi et al. (2014). Despite significant uncertainty, the
comparison shows clearly that viral GGE (εv) is signifi-
cantly lower than the grazer GGE (εz). This simple analysis
suggests that compared to grazers, viruses do not assimi-
late a large portion of their hosts’ carbon, consistent with
prior findings (Jover et al., 2014). The release of viral
lysates leads to a carbon shunt from the particulate to the
dissolved phase (Wilhelm and Suttle, 1999). To constrain
the partition of material flux towards grazers, viruses and
other sinks (Fig. 1), we also require rates of transfer.

Carbon flow in a CCE

Consider again the carbon fluxes depicted in Fig. 1, and
listed in Table 2. Since transfer efficiencies εz and εv can be
estimated from laboratory experiments (Fig. 2), and loss
rates mz and mv can be taken directly from dilution experi-
ments (Supporting Information Table S2), these fluxes and
associated uncertainties can be constrained. The model pre-
dicts that of the losses to grazers and viruses in the CCE,
22 � 3%, 46 � 27%, 3 � 2% and 29 � 20% are partitioned
to grazer biomass, sloppy feeding (including respiration and
excretion), viral biomass and viral lysate respectively (note
that propagation of uncertainty in parameter estimates is
described in the Supporting Information Appendix S1B).
Thus, almost one-third of the phytoplankton carbon is lost to
the viral shunt, with a relatively small portion going to viruses
themselves. In contrast, approximately one-fifth of phyto-
plankton carbon is transferred to grazers. Overall, around
75% of the material is transferred to the detrital and inor-
ganic carbon pools, through a combination of sloppy feed-
ing, respiration and viral lysis. Some of this material may
be retained in the surface ocean through regenerative

Table 3. Size-dependent carbon quotas for viruses and their hosts.

Trait Parameterization Comments

Qv [41(rv − 2.5)3 + 130(7.5rv
2 − 18.75rv + 15.63)]

(1 × 106)/(6.022 × 1023)
Constants were determined with a model of virus head

structure, with literature values used to define key
structural traits such as virus capsid thickness (Jover et
al., 2014). Note that the fitted values assume virus size
(head radius, rv) is expressed in nm.

Qh log10(Qh (1 × 106)�12.0107) = [−0.538 � 0.158] +
[0.86 � 0.06]log10(V)

V is cell volume (V = 4/3πrh3), where rh is host equivalent
spherical radius in μm. Numerical values are from
statistical fitting of relations between protist plankton
(< 3000 μm3) cell carbon and volume (Menden-Deuer
and Lessard, 2000)

Numerical values within square brackets are in the units originally reported, values outside square brackets, without errors, are conversions to
μmol C individual−1. Ranges correspond to 95% confidence intervals.
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mechanisms (Wilhelm and Suttle, 1999), and some may
aggregate and be removed via sinking (Engel et al., 2004;
Laber et al., 2018).

Towards ecosystem structure and function

Estimates of material transfer using Eq. 1 do not fully
resolve the coupling between phytoplankton, viruses and
microzooplankton. To understand how these fluxes emerge
from the coupling between groups, it is necessary to also
resolve the production and losses of viruses and grazers,
and to explicitly quantify how phytoplankton losses depend
on microzooplankton and virus biomass density (Eq. 2). In
what follows, we demonstrate how information from dilution
experiments and laboratory studies may be combined for a
more general prediction of ecosystem structure and func-
tion. We begin with a discussion of parameters φv and φz

that constrain the dependence of phytoplankton losses on
virus and grazer biomass density. We go on to demonstrate
how these parameters can be used to predict ecosystem
structure. More general application of these techniques
requires direct resolution of the caveats of the dilution tech-
nique (Dolan and McKeon, 2005; Baudoux et al., 2006;
Kimmance and Brussaard, 2010; Beckett and Weitz, 2017;
Supporting Information Appendix S1C).

Comparing maximal clearance rates between viruses
and grazers

From Eqs. 1 and 2, maximal carbon clearance rates may
be inferred if the virus and grazer biomass density are
known:

φv =mv=V ð4Þ
φz =mz=Z ð5Þ

The vast majority of dilution experiments do not measure
virus and grazer biomass density, preventing the conver-
sion of loss rates to maximal carbon clearance rates. Yet,
Pasulka et al. (2015) measured the abundance of viruses
as well as the biomass of grazers. We therefore inferred
maximal carbon clearance rates in the CCE with Eqs. 4
and 5, using measurements of microzooplankton carbon
(Supporting Information Table S2), and the virus abun-
dance data of Pasulka et al. (2015). To convert virus abun-
dances to carbon densities, we used the model of Jover
et al. (2014) (Table 3) to infer virus carbon quota using an
assumed virus capsid radius. Algal viruses span a consid-
erable size range, from ~20 nm to 200 nm capsid radius
(Brussaard, 2004). A study conducted in the Southern
California Bight reported virus particle sizes predominantly
towards the lower end of this range, in the majority of
cases particle radius was < 40 nm (Cochlan et al., 1993).
When a 25 nm capsid radius is assumed, our analysis
predicts that biomass normalized viral maximal carbon
clearance rates (φv) are higher than grazer maximal car-
bon clearance rates (φz; Fig. 3A), implying viruses in this
system may have a greater propensity (per unit carbon) to
kill their hosts than grazers. When 50 nm capsid radius is

Fig. 2. Inferred virus gross growth efficiency (GGE; εv, red squares
and triangles) compared with grazer GGE (εz, blue circles). The virus
GGE was inferred using Eq. 3, where cell quotas were inferred using
the allometric equations in Table 3 (sources are in Supporting Infor-
mation Table S1). The microzooplankton GGE was taken directly
from Taniguchi et al. (2014). Uncertainty ranges on virus GGE were
calculated with upper and lower bounds of Eq. 3 based on values in
Table 2. The horizontal dashed line marks 100% transfer efficiency.
Median virus and grazer GGE are 0.023 and 0.315 respectively.
Virus GGE is in general less than that of grazers.

Fig. 3. Maximal carbon clearance rates inferred from dilution experi-
ments performed by Pasulka et al. (2015). Clearance rates were derived
from chlorophyll-a dilution experiments, by normalizing inferred grazer
and virus-specific loss rates (units day−1) by bulk grazer and virus bio-
mass (μmol C l−1). The data for loss rates, virus abundance and
microzooplankton concentration are in Supporting Information Table S2.
Upper and lower limits of the boxes are upper and lower quartiles
respectively. For viruses, three different estimates of the clearance rate
were derived when the capsid radius used to convert from abundance
units to carbon units was assumed to be 25, 50 or 75 nm. The analysis
shows that the assumed capsid radius has a profound influence on the
inferred, carbon-specific viral clearance rate.

© 2019 Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology
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assumed, the clearance rates of viruses and grazers are
comparable, and when 75 nm radius is assumed, viral
maximal carbon clearance rates are smaller than grazer
maximal carbon clearance rate (Fig. 3).
It should be emphasized that maximal carbon clearance

rates in Fig. 3 are only one component of the realized loss
of phytoplankton due to viral lysis and grazing. Estimates
of transfer efficiency (Fig. 2) and other constraints on the
production and loss of viruses and microzooplankton are
important to know the realized rate of transfer. The maxi-
mal carbon clearance rate is an important indicator of the
propensity for viruses and grazers to capture their prey.
Yet, our analysis shows that direct comparisons of maxi-
mal carbon clearance rates of viruses and grazers depend
critically on measurements of predator and parasite
carbon biomass (Fig. 3). Lack of empirical constraint on
carbon density makes inference of process-specific model
parameters challenging. This limitation could be partially
resolved by combining virus particle size with particle con-
centration measurements to infer virus carbon density.

Disentangling taxa-specific from bulk clearance rates

Marine viruses are generally highly hosted species-specific
and plankton can exhibit size- and host-selectivity in graz-
ing. Hence, one limitation of using rates inferred from chlo-
rophyll a dynamics is the potential to overlook viral (and
grazing activity) that occurs only within a subset of the
plankton community (Mojica et al., 2016; Beckett and Weitz,
2018). During the same set of dilution treatments, Pasulka
et al. (2015) inferred viral and grazer loss rates from
flow cytometry measurements of Prochlorococcus and
Synechococcus, and also measured the carbon bio-
mass of nanozooplankton grazers. In Supporting Infor-
mation Appendix S1D and Fig. S4, these measurements
were used to predict the maximal carbon clearance rates
of nanozooplankton grazers feeding on these cyano-
bacteria, contrasting also with estimates of cyanophage
maximal carbon clearance rates. The analysis shows that,
regardless of whether cyanophage is assumed to be
50%, 10% or 1% of the total viral population,
cyanophage clearance rates typically exceed nan-
ozooplankton clearance rates (Supporting Information
Fig. S1).
Overall, these analyses suggest that robust inference

of ecosystem model parameters from community-level
experiments requires more detailed measurements of
virus community structure to accompany measurements
of loss rates.

From mechanisms to a simple ecosystem model

We now consider steps required to embed process-
specific phytoplankton loss parameters in an ecosystem

and biogeochemical modelling context. Consider a model
of material transfer from a phytoplankton community (P),
to viruses (V) and grazers (Z):

dP
dt

= μP|{z}
phyto−

growth

− φvVP|fflffl{zfflffl}
loss

due to

lysis

− φzZP|fflffl{zfflffl}
loss

due to

grazing

ð6Þ

dV
dt

= εvφvVP|fflfflfflffl{zfflfflfflffl}
viral

production

− δvvV
2|fflffl{zfflffl}

viral losses

ð7Þ

dZ
dt

= εzφzZP|fflfflfflffl{zfflfflfflffl}
grazer

production

− δzzZ
2|fflffl{zfflffl}

grazer

losses

ð8Þ

In Eqs. 7 and 8, the terms εvφvVP and εzφzZP are the
production of viruses and grazers respectively. We also
introduce higher order loss terms, δvvV

2 and δzzZ
2. All

parameter definitions and units are listed in Table 1.
Equations 6–8 place the mass balance in Eq. 2 in a
broader ecosystem context, adding only the minimal
number of processes to fully resolve the production and
losses of phytoplankton, virus and microzooplankton.
Producers grow at rate μ, and losses due to viral infection
and grazing are controlled by linear interaction terms with
slopes φv and φz respectively. The parameters εv and εz
control the proportion of producer material that is trans-
ferred to virus and grazer biomass, and δvv and δzz are
virus and grazer mortality parameters respectively.

In Eqs. 7 and 8, we assume virus and microzooplankton
losses increase quadratically with virus and grazer bio-
mass density. If losses were assumed to be linear with
respect to virus and grazer biomass density, the model
leads to competitive exclusion of either the virus or the
grazer—a result that is clearly unrealistic, as viruses and
grazers coexist throughout the surface ocean. By making
loss rates diminish at low biomass density, quadratic mor-
tality promotes coexistence among competing groups.
Quadratic increases in loss rates are commonly applied
within plankton ecosystem models to mimic the effect of
higher trophic levels on the plankton community, implicitly
due to increases in the predators of plankton as systems
are enriched (Steele and Frost, 1977). Viruses do not form
a base in the food chain in the manner that micro-
zooplankton do. Nonetheless, viruses are subject to losses
due to particle attachment and grazing (Weinbauer, 2004)
and perhaps, for this reason, quadratic loss terms have been
shown to characterize viral losses (Middleton et al., 2017). In
Supporting Information Appendix S1E, we show that when a
linear term is included in Eqs. 6–8, the linear and quadratic

© 2019 Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology
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loss parameters have qualitatively similar influence on the
steady-state predictions of virus and grazer biomass. We
opt to include only the quadratic term for parsimony.

Consider the following steady-state predictions of car-
bon biomass, found by setting Eqs. 6–8 to zero:

P* =
μ

εzφ2
z

δvv
δzz

� �
+ εvφ2

v
δzz
δvv

� � ð9Þ

V* =
μεvφv

εvφ2
v + εzφ2

z
δzz
δvv

� � ð10Þ

Z* =
μεzφz

εzφ2
z + εvφ2

v
δvv
δzz

� � ð11Þ

Equations 9–11 predict ecosystem biomass structure
using community-level life history traits.

Modelling ecosystem transfer rates

In Fig. 4A, we show rates of transfer using system-specific
loss rates mz and mv. In Fig. 4B, we show how the ecosys-
tem model can be used to extend these estimates and
make predictions about the rate of transfer to each of the
fates depicted in Fig. 1. The rates in Fig. 4B were gener-
ated by substituting the steady-state solutions from
Eqs. 9–11 into the modelled flux terms in Table 2 (Fig. 4B),
taking advantage also of our derived estimates of maximal
carbon clearance rates φv and φz (Fig. 3, assuming
virus capsid radius 50 nm), and transfer efficiencies εv
and εz (Fig. 2).

In Table 2, the modelled flux terms all depend linearly
on the phytoplankton, virus and microzooplankton

biomass, which in Fig. 4B were assumed to be the
steady-state solutions (P*, V* and Z*) in Eqs. 9–11. Since
all three steady-state solutions in Eqs. 1–3 increase line-
arly with respect to producer growth rate, μ, modelled var-
iation in producer carbon (Fig. 4B) is driven by variation
in producer growth rate that we imposed to be consistent
with the range observed by Pasulka et al. (2015). Further-
more, modelled increases in specific loss rates in Fig. 4B
arise due to increases in virus and microzooplankton
biomass (Table 2) that also are driven by changes in
producer growth rate (Eqs. 10 and 11). The emergent lin-
ear relations between specific loss rates and producer
carbon in Fig. 4B are qualitatively consistent with rela-
tions between dilution based specific loss rates and
chlorophyll a concentration in Fig. 4A. These linear rela-
tions emerge because of the linear dependence of virus
and microzooplankton biomass on producer growth rate
in Eqs. 10 and 11, that in turn are a consequence of the
coupling between P, V and Z, in Eqs. 6–8.

The model solutions predict linear relations between
phytoplankton biomass and losses to microzooplankton
grazers and viruses (Fig. 4B). Yet, the slope of these linear
relations depends also on the loss parameters δvv and δzz
(Eqs. 9–11). In the absence of independent information to
constrain higher order loss parameters, we selected values
that led to model predictions of V* and Z* consistent with
the observations. In Supporting Information Appendix S1F,
we report variation in the residual sum of squares between
model predictions of V* and Z* (Eqs. 9 and 11) and observa-
tions of virus and grazer biomass (Pasulka et al., 2015).
The sensitivity revealed combinations of δvv and δzz that
led to good agreement between the model predictions of
V* and Z* and the observations. With values of δvv and

Fig. 4. Carbon transfer through viruses and grazers.
A. Dilution based estimates of chlorophyll a loss rates from Pasulka et al. (2015).
B. Modelled rates of carbon transfer to grazer biomass, sloppy feeding, excretion and respiration, viruses and viral lysate (referred to in the
Figure legend as the ‘viral shunt’), using the terms in Table 2, with virus and grazer steady states in Eqs. 5–8. A range of trophic states was
simulated by allowing the phytoplankton growth rate to vary within the range [0,1.7] consistent with the measurements of Pasulka
et al. (2015).
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δzz guided by this sensitivity (Supporting Information
Appendix S1F), we estimate that 19.5%, 40.7%, 1% and
38.8% of total losses flow to grazing, sloppy feeding and
respiration, viral biomass and viral lysate respectively.
Due to lack of independent constraint on δvv and δzz, we
do not attempt to constrain uncertainty on these rate
estimates. We note only that the predictions, by design,
all fall within the range of estimates based directly on mv

and mz (22 � 3%, 46 � 27%, 3 � 2% and 29 � 20%).

Towards mechanistic prediction

Our model estimates of carbon transfer rates are explicit
with respect to phytoplankton, virus and grazer biomass,
as well as the coupling between these pools (Fig. 4B).
Yet, they do not add constraint to estimates of the same
fluxes using mv and mz directly from dilution experiments
(Fig. 4A). Indeed, inclusion of the additional parameters
δvv and δzz adds uncertainty. Nevertheless, by incorporat-
ing ecosystem feedbacks and the steady-state solutions
in Eqs. 9–11, the predictions are based on the coupling
between phytoplankton producers, parasites and preda-
tors, and could be integrated within biogeochemical and
carbon cycle models. Furthermore, they may be used to
examine mechanistic constraints on carbon flow. For
example, the CCE estimated phytoplankton loss rate due
to grazing is higher than it is to viral lysis (Fig. 4A). Our
analysis reveals that these high loss rates may be due to
high transfer efficiency of carbon to grazers by compari-
son to viruses (Fig. 2). Clear differences in transfer effi-
ciency are likely to confer advantages to grazers, even
when their maximal carbon clearance rates are comparable
or lower by comparison to viruses (Fig. 3). This analysis
demonstrates how maximal clearance rates and transfer
efficiencies may be combined for more general, prognostic
understanding of ecosystem carbon transfer rates. If
uncertainties associated with the dilution technique can be
resolved (Beckett and Weitz, 2017, 2018, see also
Supporting Information Appendix S1C: Caveats and Limi-
tations), these approaches will enable broader parameteri-
zation of ecosystem carbon fluxes.

Model caveats and limitations

Our ecosystem model considers phytoplankton, viruses
and microzooplankton each as homogeneous biomass
pools, and disregards group-, species- and strain-specific
interactions that may fundamentally influence ecosystem
structure and function (Thingstad, 2000; Le Quere et al.,
2005; Follows et al., 2007; Friedrichs et al., 2007; Våge
et al., 2013, 2018; Thingstad et al., 2014; Weitz et al.,
2015). Viral infection and grazing rates are treated with
Holling I encounter terms, overlooking the potential for

grazing rate to saturate with prey density, consistent with
the Holling II functional response (Holling, 1959). A third
type of response, with a sigmoidal shape as a function of
resource concentration, was observed by Holling (1959),
and has been found in a range of zooplankton groups
(Steele and Frost, 1977; Jeschke et al., 2004), and alter-
native functional forms have been proposed linking key
response parameters to allometry (Flynn and Mitra,
2016) and behaviour-based prey selectivity (Weisse
et al., 2016). We limited our attention to Holling I, and
neglected group, species or strain level interactions, to
demonstrate how carbon flow can be quantitatively con-
strained with existing field and laboratory data. Our goal
was to motivate more detailed empirical, quantitative
model constraint.

A major source of uncertainty in our model predictions
is due to lack of constraint on the virus and grazer loss
processes, which are encapsulated in the parameters
δvv and δzz. We assumed quadratic losses since this
enabled microzooplankton and viruses to coexist. An
alternative way for models to maintain coexistence
among viruses and microzooplankton grazers is to allow
the different groups to persist by feeding in parallel on
groups within the producer community that have different
rates of resource uptake and susceptibility to predation
(Thingstad and Lignell, 1997; Våge et al., 2013). We
acknowledge the value of explicit resolution of diverse
plankton traits for mechanistic resolution of community
dynamics. To this end, we advocate for more wide-
spread measurement of group-specific phytoplankton
growth and loss processes (Mojica et al., 2016), com-
bined with measurements of carbon-density within differ-
ent groups.

Summary and conclusions

For decades, dilution experiments have been routinely
used to quantify phytoplankton and cyanobacteria losses
due to microzooplankton grazing (Landry and Hassett,
1982; Calbet and Landry, 2004). More recently, the modi-
fied dilution assay has been used for phytoplankton viral
lysis rate measurements (Evans et al., 2003; Kimmance
and Brussaard, 2010). The modified dilution technique
has been implemented in diverse environments, ranging
for example through trophic gradients of the Pacific and
Atlantic gyres (Pasulka et al., 2015; Mojica et al., 2016),
to continental shelf and coastal environments including
the western English Channel and the North Sea
(Kimmance et al., 2007; Baudoux et al., 2008) and
coastal Taiwan (Tsai et al., 2012). A view is beginning
to emerge of viral lysis and grazing both contributing
appreciably to total phytoplankton losses. For example,
viral lysis of picoeukaryotic groups in the North Sea ranged
from insignificant, to 0.23 day−1, whereas grazing by
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microzooplankton was typically between 0.2 and 0.4 day−1

(Baudoux et al., 2008). Mojica et al. (2016) found equiva-
lent impact of viral lysis and grazing at low latitudes in the
North Atlantic, shifting to grazer dominated losses further
north.

Despite the progress that has been made, it is still
unclear how viral infection and grazing influence nutrient
turnover and carbon sequestration within marine systems.
We have shown steps necessary to embed community-
level measurements within biogeochemical models to
allow assessment of virus and grazer impacts on carbon
flow on broad-scales. We used a single dataset from the
CCE, as this was the only instance we could find of virus
and grazer abundance measurements taken collectively
with dilution experiments (Pasulka et al., 2015). These
data were used to quantitatively constrain the dependence
of viral lysis and grazing on virus and grazer biomass den-
sity, within mixed plankton communities. Data from the
CCE were augmented with estimates of transfer efficien-
cies from laboratory experiments. Empirical constraint on
the density dependence of lysis and grazing and transfer
efficiency are important steps for more general, empirical
constraint on the ‘viral shunt’ (Wilhelm and Suttle, 1999)
within models. For the CCE, we estimate that of the com-
bined losses due to grazing and viral lysis, 22 � 3%,
46 � 27%, 3 � 2% and 29 � 20% go to grazers, sloppy
feeding and respiration, viral biomass and viral lysate
respectively.

For more widespread empirical constraint on ecosys-
tem models, it would be best for dilution experiments to
more routinely be accompanied with measurements of
phytoplankton, virus and grazer biomass density (includ-
ing also virus and grazer size and composition). Doing
so would lead to reduced uncertainty on estimates of
carbon flux and allow far greater synergy between obser-
vational findings and ecosystem models. As variants of
the dilution technique are explored, model formulations
can be altered and expanded to describe additional pro-
cesses, such as species or strain-specific diversity of
growth and losses (Thingstad, 2000; Våge et al., 2013;
Beckett and Weitz, 2018), trade-offs (Thingstad et al.,
2014; Record et al., 2016) and nonlinear interaction
terms (Li et al., 2017; Sandhu et al., 2018; see also
Supporting Information Appendix S1G). Closer interac-
tion between experimental manipulations and model
parameterization may open the door to deeper under-
standing of microbial ecosystem impacts on carbon
transfer at global scales.
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