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Climate change impact on
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Marine mixotrophy increases trophic transfer

efficiency, mean organism size, and vertical carbon flux

Ben A. Ward®?" and Michael J. Follows*

2School of Geographical Sciences, University of Bristol, Bristol BS8 1SS, United Kingdom; PLaborzato: 2 =s Sciences de I'Environnement Marin, Institut
Universitaire Européen de la Mer, Technopole Brest Iroise, 29280 Plouzané, France; ard “Depai ‘men: ot arth, Atmospheric and Planetary Sciences,

Massachusetts Institute of Technology, Cambridge, MA 02139

Edited by David M. Karl, University of Hawaii, Honolulu, HI, and approved [ ecembc¢r 22 2215 (received for review August 28, 2015)

Ecological Modelling 92 (1996) 33-53
Mixotrophic plankton, which combine the uptake of inorganic re-

sources and the ingestion of living prey, are ubiquitous in marine
ecosystems, but their integrated biogeochemical impac's rmai.)
unclear. We address this issue by removing the strict .:=tintio.. ke-
tween phytoplankton and zooplankton from a g. ~bal mo.'| of the
marine plankton food web. This simplification allows (2 emergence
of a realistic trophic network with increasc« fidelity to empirical
estimates of plankton community structur. a.d elemental stoichi-
ometry, relative to a system in whick au *otrophy and heterotrophy
are mutually exclusive. Mixotrou: v el hances t sfer of bio-
mass to larger sizes classes furt. er u the food ¢
approximately threefold i-icre. se in global mean
an ~35% increase in s.kin  carbon flux.

phytoplankton succession

Kai-W. Wirtz *, Bruno Eckhardt

Received 20 July 1995; accepted 3 October 1995

Abstract

mixotrophy ! planktun | size | trophic transfer | biolog|

To account for changes in the distribution of species grouped together in an comy p—
averaged physiological p and derive for their d ics. These p may des ribe Nifts fro..
larger 10 Smaller §-~~inr ~* Batwinnn saanine iish hisk and e dasinnd nf aama mwssians fac wamicla & axi e in o

model for the ph
non-diatomic as we¢
physical parameter:
succession of alga
123-178).

Keywords: Lake ecos

17 May 2019

Limnol. Oceanogr., 52(4), 2007, 15331544
© 2007, by the American Society of Limnology and Oceanography, Inc

A biodiversity-inspired apprcacir-to aquatic ecosystem modeli

Jorn Bruggeman' and Seba tican A. L. M. Kooijman
Vrije Universiteit, Faculty of Earin & Life Sciences, Department of Theoretical Biology
1081 HV Amsterdem, 1. ¢ Netherlands

Abstract

Current aquatic ecosystem models accommodate increasing amounts of physiologid
the role of biodiversity by aggregating multitudes of different species. We propose that
of aquatic ecosystems is likely to benefit more from improved descriptions of biodive
from incorporation of more realistic physiology. To illustrate how biodiversity can be
the system of infinite diversity (SID), which characterizes ecosystems in the spirit of g
theory as single units adapting to environmental pressure. The SID describes an ecq
population model and continuity in species-characterizing parameters, and acquires rig
succession as evolution of the parameter value distribution. This is illustrated by a four-
model that minimizes physiological detail, but includes a sophisticated representatio
and interspecific differences. This model captures several well-known aquatic ecos
formation of a deep chlorophyll maximum and nutrient-driven seasonal successiof
theories on changes in species composition in both time and space. We argue that desp:
detail, SIDs may ultimately prove a valuable tool for further qualitative and quan
ecosystems.
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Despite the removal of a distinction that is central to all current
giobal-scale ecosystem and biogeochemistry simulations (9-12), the
emergent community structure shown in Fig. 1B allows the mixo-
trophy model to reliably reproduce observed, global distributions of
chlorophyll a, primary production and nutrients (Figs. S1 and S2).
At specific time-series sites where in situ empirical data are avail-
able (Fig. S3), the two simulations show only minor differences in

Biomass Trophic strategy

10 reproduce the concentrations oI noflimiting nutrients, which
often overestimated by the two-guild model.

Although the two model configurations make no prior assump-
tions with regard to the balance of autotrophic and heterotrophic
nutrition in each size class, both model communities show a clear
and credible (7, 9, 13) trophic structure, with a general shift from
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