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Abstract

This thesis based on trait-based modeling approach and long term mesocosms data is the first

modeling study, which mechanistically and systematically investigated the impact of interplay

of multiple stressors and phytoplankton physiological properties on shaping the community

size structure.

Using a trait-based modeling approach with assuming cell size as the master trait, this study

illustrates (i) how uncertainties in allometric relationship of major growth-nutrient uptake traits

influence the size structure of the community, (ii) how community composition responds to

bottom up control via nutrient enrichment from deep nutrient rich water, (iii) how nutrient

enrichment and removal of grazers as two concurrently occurring multiple stressors reshape the

community structure and why/when additive/non-additive interaction types are observed, (iv)

how elevated CO2 and zooplankton (by selective grazing) (in)directly influence the community.

A central question then will be how phytoplankton community response to a combination of

stressors, and how this response is governed by trade-offs between eco-physiological traits.

The thesis is organized along three interlinked chapters. The first chapter addresses impor-

tance of allometric relationship of major growth-nutrient uptake traits, which are introduced

into a size-based multi-species nutrient-phytoplankton-detritus model to obtain a more realis-

tic phytoplankton dynamic under periodic nutrient enrichment. Considerable uncertainty in

these allometries, hence, limits ones ability to link them to observed changes in phytoplankton

community structures. Using the model, this chapter focuses on assessing the sensitivity of the

predicted community size structure to variations in allometric coefficients. This work is the first

systematic sensitivity study on allometric relationships of physiological traits in phytoplankton.

A unimodal pattern of diatoms mean cell size over various nutrient replenishment periods with

the maximum at intermediate periods is demonstrated. Lower nutrient subsistence demand

of larger diatoms is found to be crucial to promote them under intermediate mixing periodic-

ities. Non-uniform scaling in maximum growth rate is suggested to be helpful in preventing

dominance of unrealistically small (diatoms) species.

Secondly, the previously developed model is extended to resolve multi-species phytoplankton-

nutrients-detritus-zooplankton dynamics within the upper mixed layer. The data validated

model is used to systematically investigate the response of phytoplankton community to a

combination of major natural stressors, nutrient enrichment and grazer removal, thus, explain
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underlying mechanisms leading to (non)additive interactions of stressors. A novel approach is

proposed here to correlated community net growth rate to sudden shifts in the environmental

conditions and linking it with trait-mediated adaptive response helped to assess why and

when non-additive interactions are observed. Two variables, cross-trait variation (CTV) and

the specific multi-stressor sensitivity (SMS), are proposed here to track and predict the com-

munity re-organization under the impacts of multiple stressors over time. Our results reveal a

relatively uniform relationship between CTV and SMS throughout time, independently whether

nutrient or grazing stress has been varied. Synergistic effects exclusively occur at positive

cross-variations in traits, thus when effective traits shift to higher values under application of

complementary stressors, which here means increased nutrient usage ability under grazing

removal and increased grazing susceptibility under nutrient pulses. This study reveals that

synergistic effects need time to evolve, thus highlighting the role of duration of experiment. The

proposed trait-based explanatory framework can be used to mechanistically assess and probably

predict the effects of other stressor combinations and organism groups.

Finally, the extended model is adopted to asses the net impact of elevated CO2 and selective

grazing on the phytoplankton community as experimental studies investigating their impacts

are equivocal and model studies rare. The significant impact of ocean acidification on the

phytoplankton community under nutrient repletion is highlighted. A critical role of herbivorous

grazers is presented as the most important drivers controlling the structure of community under

nutrient limitation due to both direct/indirect effects. Direct effects of ocean acidification on

the phytoplankton community is illustrated that can either be damped or amplified by indirect

effects through higher trophic levels.
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Kurzfassung

Diese These basiert auf einem trait-basierten Modellierungsansatz und Langzeit-Mesokosmen-

Daten ist die erste Modellierungsstudie, die den Einfluss des Zusammenspiels mehrerer Stres-

soren und der physiologischen Eigenschaften des Phytoplanktons auf die Gestaltung der

Community-Größenstruktur mechanistisch und systematisch untersucht.

Unter Verwendung eines trait-basierten Modellierungsansatzes mit der Annahme der Zellgröße

als Hauptmerkmal zeigt diese Studie (i) wie Unsicherheiten in der allometrischen Beziehung

der wichtigsten Wachstums-Nährstoff-Aufnahmeeigenschaften die Größenstruktur der Gemein-

schaft beeinflussen, (ii) wie die Zusammensetzung der Gemeinschaft auf die Bottom-up-

Kontrolle durch Nährstoffanreicherung aus tiefem nährstoffreichem Wasser reagiert, (iii) wie die

Nährstoffanreicherung und die Entfernung von Weidegängern als zwei gleichzeitig auftretende

Mehrfachstressoren die Gemeinschaftsstruktur umgestalten und warum/wenn additive/nich-

tadditive Interaktionstypen beobachtet werden, (iv) wie erhöhte CO2 und Zooplankton (durch

selektive Beweidung) (in)direkt die Gemeinschaft beeinflussen. Eine zentrale Frage wird dann

sein, wie die Phytoplanktongemeinschaft auf eine Kombination von Stressoren reagiert und wie

diese Reaktion durch Kompromisse zwischen ökophysiologischen Merkmalen gesteuert wird.

Die Dissertation ist in drei miteinander verknüpfte Kapitel gegliedert. Das erste Kapitel be-

fasst sich mit der Bedeutung der allometrischen Beziehung der wichtigsten Wachstums-Nährstof-

faufnahme Merkmale, die in eine Größe-basierte Multi-Spezies Nährstoff-Phytoplankton-Detritus-

Modell, um eine realistischere Phytoplankton Dynamik unter periodischen Nährstoffanre-

icherung. Erhebliche Unsicherheit in diesen Allometrien schränkt daher die Möglichkeit ein, sie

mit beobachteten Veränderungen der Phytoplankton-Gemeinschaftsstrukturen zu verknüpfen.

Mit Hilfe des Modells konzentriert sich dieses Kapitel auf die Beurteilung der Sensitivität

der vorhergesagten Gemeindegrößenstruktur gegenüber Schwankungen der allometrischen

Koeffizienten. Diese Arbeit ist die erste systematische Sensitivitätsstudie über allometrische

Beziehungen von physiologischen Merkmalen im Phytoplankton. Ein unimodales Muster von

Diatomeen zeigt die mittlere Zellgröße über verschiedene Nährstoffnachschubperioden mit

dem Maximum an Zwischenperioden. Ein geringerer Nährstoffbedarf größerer Diatomeen ist

entscheidend, um sie unter mittleren Mischperiodizitäten zu fördern. Eine ungleichmäßige

Skalierung der maximalen Wachstumsrate wird empfohlen, um die Dominanz von unrealistisch

kleinen (Diatomeen) Arten zu verhindern.
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Zweitens wird das zuvor entwickelte Modell erweitert, um die Phytoplankton-Nährstoff-

Detritus-Zooplankton-Dynamik in der oberen Mischschicht aufzulösen. Das Daten validierte

Modell wird verwendet, um systematisch die Reaktion der Phytoplanktongemeinschaft auf eine

Kombination von wichtigen natürlichen Stressoren, Nährstoffanreicherung und Weidegang zu

untersuchen und so die zugrunde liegenden Mechanismen zu erklären, die zu (nicht-)additiven

Wechselwirkungen von Stressoren führen. Ein neuartiger Ansatz wird hier vorgeschlagen, um

die Netto-Wachstumsrate der Gemeinschaft mit plötzlichen Veränderungen der Umweltbe-

dingungen in Beziehung zu setzen und sie mit einer durch Merkmale vermittelten adaptiven

Reaktion zu verknüpfen, die dazu beiträgt, zu beurteilen, warum und wann nicht-additive

Wechselwirkungen beobachtet werden. Zwei Variablen, Cross-Trait-Variation (CTV) und die

spezifische Multi-Stressor-Empfindlichkeit (SMS), werden hier vorgeschlagen, um die Reorgani-

sation der Gemeinschaft unter den Auswirkungen von mehreren Stressoren im Laufe der Zeit

zu verfolgen und vorherzusagen. Unsere Ergebnisse zeigen ein relativ einheitliches Verhältnis

zwischen CTV und SMS über die Zeit, unabhängig davon, ob Nährstoff- oder Beweidungsstress

variiert wurde. Synergieeffekte treten ausschließlich bei positiven Kreuzvariationen in Traits auf,

also wenn sich effektive Traits unter Anwendung von komplementären Stressoren auf höhere

Werte verlagern, was hier eine erhöhte Nährstoffverwertung unter Weidentfernung und eine

erhöhte Weideanfälligkeit unter Nährstoffimpulsen bedeutet. Diese Studie zeigt, dass synergis-

tische Effekte Zeit brauchen, um sich zu entwickeln, und unterstreicht damit die Rolle der Dauer

des Experiments. Der vorgeschlagene merkmalsbasierte Erklärungsrahmen kann verwendet

werden, um die Auswirkungen anderer Stressor-Kombinationen und Organismengruppen

mechanistisch zu bewerten und wahrscheinlich vorherzusagen.

Schließlich wird das erweiterte Modell verwendet, um die Nettoauswirkungen von erhöhtem

CO2 und selektiver Beweidung auf die Phytoplanktongemeinschaft zu bewerten, da experi-

mentelle Studien, die ihre Auswirkungen untersuchen, zweideutig und Modellstudien selten

sind. Der signifikante Einfluss der Ozeanversauerung auf die Phytoplankton-Gemeinschaft

unter Nährstoffzufuhr wird hervorgehoben. Eine kritische Rolle der pflanzenfressenden Gras-

fresser wird als die wichtigsten Treiber dargestellt, die die Struktur der Gemeinschaft unter

Nährstoffeinschränkung durch direkte/indirekte Effekte kontrollieren. Es werden direkte Ef-

fekte der Ozeanversauerung auf die Phytoplanktongemeinschaft dargestellt, die entweder

gedämpft oder durch indirekte Effekte durch höhere trophische Ebenen verstärkt werden

können.
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1
Introduction

Marine phytoplankton, unicellular photosynthetic organisms, are responsible for approximately

half of the primary production on earth [31] and are recognized as crucial indicators for alter-

ation in the marine environment, as they usually respond quickly to a shift in environmental

conditions. Every day, phytoplankton fix more than a hundred million tons of carbon; which

is subsequently transferred into the aquatic ecosystem, sustaining secondary production in

all higher trophic levels [20]. They, therefore, play a key role in ecological functioning and

biogeochemical cycling of major elements such as carbon, nitrogen and phosphorous in aquatic

ecosystems [40]. Hence, any alteration in phytoplankton community composition due to natu-

ral/anthropogenic stressors can in turn affect the success and composition of subsequent trophic

levels, resulting in cascading consequences on aquatic ecosystems such as changes in food web

dynamics [9, 47], total primary production [8] and biogeochemical cycling [40]. The importance

of these consequences make studying of phytoplankton a prominent topic in plankton research,

helping scientists to predict and understand the adaptive capabilities of natural communities to

shifts in environmental conditions.

Although, empirical studies on phytoplankton in general investigate the effects of a single

environmental variable at a time, in nature phytoplankton communities concurrently confront

multiple environmental changes, i.e., stressors, such as nutrient enrichment, excessive grazing

or ocean acidification. The net effect of such stressors usually cannot be predicted based only on

their individual impacts, as stressors can moderate the effect of each other through unforeseen

interactions, leading to ”ecological surprises” [17]. The interactions between stressors typically

involve net impacts that significantly vary from the sum of their individual effects (i.e. an

additive effect) [35] defined as antagonistic or synergistic interactions where the net effects of

stressors are lesser/greater than the additive effect. Despite the increase in research interest,

large knowledge gap exists regarding to understand and predict the impact of multi-stressors

on the phytoplankton communities and explaining when and where such stressors interactions

are observed. In particular, It is difficult to fundamentally describe why interactions between
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stressors are usually context dependent or varies over time/space [11]. Moreover, our knowledge

is also limited due to lack of enough studies on assessing the effects of multi-stressors at the

community level.

In particular, how phytoplankton communities restructure themselves under environmental

perturbations depends on their flexibility in eco-physiological traits [58, 32]. The increase in

availability of phytoplankton traits data stimulate the growing interest of ecologists in the

assessing of responses of species traits to changes in environmental conditions [29].

”The existence of so great a diversity of species on Earth remains a mystery, ... the answer may lie in
quantifying the trade-offs that organisms face in dealing with the constraints of their environment.”

-David Tilman

Within this context, trait can be defined as any characteristic of phytoplankton that determines

its fitness via its impact on production, growth and survival. Examples of such traits for phyto-

plankton are resource uptake, susceptibility to grazer or predator avoidance and morphological

traits such as cell size [58]. Empirical studies suggest that the competitive abilities of species are

constrained by various trade-offs [58, 29]. A significant portion of such relationships between

traits are predicted by the phytoplankton cell size as a ’master trait’ [32, 59, 62], as it has a

very large influence on the individual eco-physiological traits. Existence of trade-offs explains

why not everything can be maximized at the same time. For example, nutrient acquisition in

phytoplankton is linked with the cell size, whereby small cells are dominant in low nutrient

environments while big cells occupy nutrient rich environments [3]. On the other hand, bigger

cell size enhances survival chances against predators. Such a trade-off between competitive

ability versus grazer susceptibility is one of the most researched topics on understanding the

community composition. Therefore, understanding the mechanisms controlling size structure

of the community are, thus, of crucial importance for predicting the impact of climate change in

the future.

Despite the increasing interest, our knowledge of phytoplankton community composition

is still limited by lack of powerful numerical methods for analysing the effects of such traits

on structure of the community [21]. The central theme of this thesis is thus to develop a

trait-based plankton model that covers the trait-environment relationships. Whereas earlier

work on phytoplankton resource competition focused on individual species or phytoplankton

types, trait-based representations of phytoplankton communities are becoming increasingly

popular [34]. Current nutrient-phytoplankton-zooplankton (NPZ) ecosystem models suffer from

various problems. These models mechanistically describe specific species by grouping them

into functional types (e.g. zooplankton, fish) and classifying the size (e.g. pico-, nano) which

results in countless parameters. Thus, due to need for many fixed parameters and very few

variables (adaptive ones), such models demonstrate the real systems in a static way. However, in

nature, organisms and their environment are extremely adaptive entities, capable of responding

to alteration in environmental conditions by adjusting behavior or regulating physiological

traits. Therefore, popular alternative models to traditional NPZ models are trait-based models



as they are based on the eco-physiological traits of individual species and aim to reduce over-

parameterizations problem by taking into account the trade-offs associated with key traits. The

traits in these models are able to adapt to temporal environment by regulating their values, while

arising trade-offs through balancing gains and costs prevent them from becoming unrealistic.

Hence, the trait-based models allows a better representation of reality and can help to predict

the responses of marine systems to ongoing global changes more accurately.

1.1. Structure of the PhD project

1.1.1. Aims

In the context of this work, we focused on the phytoplankton community response to shifts in

environmental conditions governed by underlying phytoplankton eco-physiological traits and

trade-offs between them. Accordingly, the scope of this thesis was divided into three phases:

1. tackling the uncertainty in allometric relationships of eco-physiological traits and effect of

bottom-control via nutrient enrichment on the multi-species phytoplankton community,

2. gaining more insight about the underlying mechanisms leading to observation of non-

additive interactions of multiple stressors.

3. systematically investigating the interplay of ocean acidification and selective grazing on

shaping the phytoplankton community.

This thesis based on trait-based and multi-species modeling approach and long term meso-

cosms data is the first modeling study, which mechanistically and systematically investigated

the impact of interplay of stressors and phytoplankton physiological properties on shaping the

community size structure. In addition, it can be used as a guideline for the development of

future size-structured ecosystem models and providing important insights for the interpretation

of observed successional shifts in phytoplankton communities.

1.1.2. Outline

This work is composed of three chapters, where each is stand-alone manuscript having its own

research question, methods and results.

Chapter 2 demonstrates the impact of uncertainties in size scalings of phytoplankton major

nutrient-growth traits on the phytoplankton community under temporal changes in ambient nu-

trient concentration. For this study a size-based multi-species phytoplankton-detritus-nutrient

model is developed and sets of numerical experiments were defined to systematically inves-

tigate the response of phytoplankton community at environments subjected to periodically

nutrient enrichment. This study is the first study what systematically assesses the importance of

allometric relationships of traits used in marine ecosystem models.



Chapter 3 presents response of the phytoplankton community to concurrently exerted multi-

ple stressors and introduces a novel trait framework to link shifts in environmental conditions

to underlying traits to assess when and where non-additive interactions of multi-stressors is

observed. This work considers nutrient addition and grazer removal as two main stressors

acting simultaneously on the community. Here, the previously developed model is extended to

cover zooplankton dynamics and other external factors such as temperature, CO2. The extended

phytoplankon-nutrient-detritus-zooplankton model is validated by long term mesocosms exper-

iments data from Kristineberg.

In the Chapter 4, the model, which, also includes size allometries for trophic interactions

and for the sensitivity of primary production to ocean acidification, is adopted to asses the net

impact of elevated CO2 and selective grazing on the phytoplankton community as experimental

studies investigating their impacts are equivocal and model studies rare.



2
Can we predict phytoplankton community

size structure using size Scalings of
Eco-Physiological Traits?

1

2.1. Abstract

Cell size is an important determining factor for predicting the physiological and ecological

properties of phytoplankton. Size dependencies in eco-physiological properties are in general

reported as log-log linear scaling relationships. Considerable uncertainty in these allometries,

hence, limits our ability to link them to observed changes in phytoplankton community struc-

tures. In this study, we develop a size-based multi-species phytoplankton model and assess

the sensitivity of the predicted community size structure to variations in allometric coefficients.

The model describes the nutrient-phytoplankton-detritus dynamics within the upper mixed

layer for a matrix of habitats, which are characterized by the deep layer nutrient concentra-

tion and mixing frequency. Predicted diatom community mean cell size becomes maximal at

intermediate mixing frequencies, which confirms the importance of storage capacity (relative

to the subsistence demand) at intermittent nutrient supplies. Smaller subsistence demand of

large diatoms makes a critical factor in shaping the community size structure, while in environ-

ments with either short or long nutrient replenishment periods, maximum growth rate gains

similar or more importance. Notably, in these environments, the diatom community converges

towards unrealistically small species when we assumed a uniform (log-log linear) allometry in

maximum growth rate. Independent theoretical and empirical arguments motivated the usage

of non-uniform growth scaling, with which the minimal diatom cell size actually observed

in nature is realized in long-term simulations. Using allometries parameterized for the entire

1Taherzadeh, N., Kerimoglu, O., and Wirtz, K. W. (2017). Can we predict phytoplankton community
size structure using size scalings of eco-physiological traits? Ecological Modelling 360, 279 – 289.
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phytoplankton community, the subsistence advantage of the larger species becomes insignifi-

cant, leading to a ubiquitous dominance of smaller species, even when assuming non-uniform

scaling in maximum growth rate. This finding corresponds with the observed dominance of

pico-phytoplankton in many parts of the ocean. All combinations of physiological allometries

for diatom or mixed communities, however, underestimate both the mean cell size of the com-

munity and also size diversity. This may indicate a significant role of other ecological selection

mechanisms, such as arising from size-selective grazing. The approach outlined in this paper

helps to better assess the limits and the potential of size based phytoplankton models as an

increasingly important tool in plankton research.

Key words

Allometric scaling, Non-uniform scaling, Size-based model, Multi-species model, Community

structure, Subsistence quota

2.2. Introduction

Unicellular photosynthetic organisms in the ocean are responsible for roughly half of the

primary production on Earth [31], therefore, making a prominent subject of environmental

research. Phytoplankton communities display high diversity with regard to the size of individual

organisms, with cell volumes spanning more than nine orders of magnitude, from smallest

cyanobacteria (∼ 0.1 µm3) to the largest diatoms (> 108 µm3) [32]. Phytoplankton cell size

influences a large number of physiological traits as reviewed below and therefore plays a key

role in ecological functioning and biogeochemical cycling of major elements such as carbon,

nitrogen and phosphorous in aquatic ecosystems [40].

Given the importance of phytoplankton community structure in functioning of marine ecosys-

tems, a better understanding of the factors controlling the structure of those communities is

needed. Whereas earlier work on phytoplankton resource competition focused on individual

species or phytoplankton types, trait-based representations of phytoplankton communities are

becoming increasingly popular [34]. Empirical studies suggest that the competitive abilities of

species are constrained by various trade-offs [58, 29]. A significant portion of such relationships

between traits are predicted by the phytoplankton cell size as a ‘master trait’ [32, 59, 62], as it has

a very large influence on the individual eco-physiological traits. For major physiological traits

such as maximum growth rate (µmax), maximum uptake rate (vmax), nutrient uptake affinity (A),

and minimum and maximum intracellular nutrient quotas (Qmin, Qmax), power law functions of

cell volume had been fitted based on collected data [e.g. 58, 29]:

y = βVα (2.1)

where y represents the physiological trait, V phytoplankton cell volume (µm3), β the intercept



(minimum or maximum value for the smallest cell size) and α the scaling exponent describing the

size dependency of the trait. Using cell size for predicting eco-physiological traits in ecosystem

models [e.g., 108, 111, 100, 1] helps reducing the parameterization complexity considerably.

However, high uncertainties exist regarding the quantitative, and in some cases, qualitative

form of these allometric relationships. For example, major uncertainties exist related to size

scaling of maximum growth rate (µmax). For µmax reported size scaling exponents range from;

-0.32 [86], -0.25 [29] similar to a specific metabolic rate [12], -0.13 for diatoms [84] , -0.17 for

dinoflagellates [6], -0.08 for Antarctic phytoplankton [95] to small values such as -0.06 for all

marine phytoplankton [32]. In contrast to these fitted linear relationships between µmax and

cell size, theoretical work by Wirtz [110], in agreement with the data compilation by Finkel

et al. [32], proposed a unimodal function of µmax over cell size. Also, the recent experimental

work of Marañòn et al. [63] supports a unimodal, thus non-uniform allometry, with size scaling

exponent of 0.19 for species with cell volume less than 300 µm3 and -0.15 for the ones with cell

volume larger than 40 µm3.

Until now, no modeling study has performed a systematic investigation of the impact of

uncertainties in allometric relationships on the prediction of the community composition and

dynamics. It is also unclear to what extent physiological aspects can explain the observed

size structure; or when other (ecological) aspects become major determinants. The purpose

of the model study presented here is, first, to investigate the influence of various µmax size

scalings (linear/non-linear) on the predicted community size structure in typical environments

characterized by different nutrient availability and disturbance frequencies. Second, we extend

our analysis to assess the importance of size scalings in other physiological traits (vmax, A,

Qmin and Qmax) for phytoplankton community dynamics. This sensitivity study should from

a methodological point of view reveal the importance of each size scaling relationship for

assembling size-based ecosystem models.

To address these objectives, we describe a size-based multi-species model where each species

is assigned a cell size, which in turn determines the resource competition abilities of each

species according to various allometric relationships regarding the diatoms only and the entire

community of unicellular autotrophs. We then systematically assess the relative importance of

size scaling of each eco-physiological trait under consideration.

2.3. Model

2.3.1. Model description

Our model describes phytoplankton community dynamics within a 0-dimensional box rep-

resenting the surface layer of marine system. The model resolves the interactions between

nutrient (Nut), detritus (Det), and multiple phytoplankton species (Phyi) and the variability

of the internal nutrient store of each phytoplankton species (Qi ) (Eq.1-Eq.4) (Figure 3.1 and



Table B.1). The model box is assumed to be perturbed at certain frequencies to describe the loss

of phytoplankton form, and incorporation of the nutrient-rich deep water to the surface layer

during mixing events (e.g., Gargett [36]). The mixing frequencies and the nutrient concentration

at the bottom layer (Nutin) were considered here as environmental sensitivity parameters.

Phytoplankton is further subdivided into n species, according to a standard approach of

modeling intra-compartment changes [82, 26, 53]. To each phytoplankton (Phyi with i=1, ..., n) a

certain cell size is assigned, which in turn determines the parameters for growth and nutrient

uptake kinetics following allometric relationships (see Table 2.2 and Table B.7).
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Figure 2.1.: Schematic representation of the size-based multi-species model for the surface ocean,
which resolves: phytoplankton (Phy), intracellular nutrient quota (Q), nutrient (Nut) and
detritus (Det).

Phytoplankton growth in the model depends on intracellular nutrient quota according to

Droop [22] (Table B.1, Eq.5). The formulation relates growth to the availability of internal

nutrients rather than directly to external nutrient concentration (Monod model, [25]). Con-

sequently, the Droop formulation is better applicable to fluctuating conditions compared to,

e.g., the Monod model [38, 94]. Changes in the internal nutrient pool reflect an imbalance

between nutrient uptake and dilution by growth (Table B.1, Eq.2). Nutrient uptake increases

with ambient nutrient concentration and is down-regulated when the intracellular pool reaches

a maximum (Qmax) (Table B.1, Eq.7) [71]. A Monod-type saturation function is considered to

define phytoplankton growth as a function of light intensity [45, 102, 88] and describes how

photosynthesis rate increases with light intensity and saturates at high irradiance. The average



light intensity over the mixed layer is obtained by the Lambert-Beer law (Table B.1, Eq.6) which,

is commonly used in resource competition studies to express the attenuation of light due to

background particles and phytoplankton biomass [45]

Constant phytoplankton mortality fuels the detritus pool, while detritus is remineralized to

inorganic nutrients and removed from the surface ocean by both mixing and sinking (Table B.1,

Eq.4). To describe periodical mixing events the surface layer experiences nutrient enrichment by

upwelling of deep water, which is realized by a modification of the dilution rate.

Table 2.1.: Model equations and major functions. Parameters are described in Table 2.2 and
Table 2.3.

1.dPhyi
dt = µi(Qi, Ī)Phyi − (m + D)Phyi

2.
dQi

dt
= Vi(Nut, Qi)− µi(Qi, Ī)Qi

3.
dNut

dt
= D(Nutin −Nut) + φDet−

n

∑
i=1

Vi(Nut, Qi)Phyi

4.
dDet

dt
=

n

∑
i=1

mPhyiQi − (φ + D +
vDet

z
)Det

5. Growth : µi(Qi, Ī) =
(

µmax,i Qmax,i

Qmax,i −Qmin,i

)(
1− Qmin,i

Qi

)(
Ī

KI + Ī

)
6. Average light intensity: Ī(z) =

1
z

ˆ z

0
I0e-kz′dz′ =

I0

kz
(1− e-kz), k = κ+ε

n

∑
i=1

(Phyi Qi)

7. Nutrient uptake: Vi(Nut, Qi) =
(

vmax,i Nut Ai

vmax,i + Nut Ai

)(
Qmax,i −Qi

Qmax,i −Qmin,i

)

An aggregate representation of the multi-variate model outcome was used for better assessing

community dynamics. We specifically employ the three macro-ecological properties (1) total

biomass, (2) mean size, and (3) size diversity:

PhyT =
n

∑
i=1

Phyi (2.2)

〈L〉 =
1

PhyT

n

∑
i=1

Li · Phyi (2.3)

δL =
1

PhyT

n

∑
i=1

(Li − 〈L〉)2 · Phyi (2.4)

where PhyT is the total phytoplankton biomass, Li the size of ”species” i, 〈L〉 the mean size of

the community and δL the size diversity.



Table 2.2.: Model variables and allometric parameters.
Symbol Value Unit Description
State variables
Phyi mmol-C m-3 Phytoplankton biomass
Qi mol-N mol-C-1 Intracellular nutrient quota
Nut mmol-N m-3 Nutrient concentration
Det mmol-N m-3 Detritus concentration
Physiological parameters ∗

µmax Allom. scaled d-1 Maximum growth rate
Qmin Allom. scaled mol-N mol-C-1 Minimum internal cell quota
Qmax Allom. scaled mol-N mol-C-1 Maximum internal cell quota
vmax Allom. scaled mol-N (mol-C d)-1 Maximum nutrient uptake rate
A Allom. scaled m3 (mmol-C d)-1 Nutrient affinity
Qc Allom. scaled pgC cell-1 Cell carbon content
∗ see Table B.7

2.3.2. Model parameterization

The initial phytoplankton biomass concentration is uniformly distributed among model species

and set to 10 mmol-C m-3. Furthermore, the initial intracellular nutrient quota is assumed to

be at its maximum and the initial ambient nutrient concentration matches the inflow nutrient

concentration. All parameters are summarized in Table 2.2 and Table 2.3. Their values were cho-

sen identical or close to published values for similar models or represent typical environmental

conditions.

Table 2.3.: Environmental parameters.

Symbol Value Unit Description Source
L logeESD (µm) Cell size
m 0.1 d-1 Phytoplankton mortality rate Sarthou et al. [84]
κ 0.2 m-1 Background turbidity Edwards and Brindley [28]
z 25 m Mixed layer depth Kara et al. [48]

ε 0.05 m2mmol-N-1 Specific light attenuation
D 0.15 d-1 Mixing rate Fasham et al. [30]

I0 80 W m-2 Light intensity at surface
KI 25 W m-2 Half saturation constant for light
φ 0.01 d-1 Remineralization rate of detritus Edwards [27]

vDet 7 m d-1 Detritus sinking velocity rate Fasham et al. [30]
T 5 − 60 d Mixing period Gargett [36]
Nutin 5 − 80 mmol-N m-3 Deep water nutrient concentration NODC [74]

Ī W m-2 Average light intensity

Size scalings of eco-physiological parameters: The following phytoplankton growth and nutri-

ent uptake parameters are linked to cell size (master trait) through the power law function

(Equation (2.1)): maximum uptake rate (vmax), maximum growth rate (µmax), nutrient affinity



(A), minimum and maximum cell quotas (Qmin and Qmax). The employed allometric scaling

relationships for diatoms and all species (diatom included) are drawn from recently published

studies and are summarized in Table B.7. Reported mass specific scaling parameters for vmax,

Qmin and Qmax on a per cell basis are converted to a per mol carbon basis using allometric

coefficients for the carbon content per cell.

To investigate the effect of differences in reported size scalings of µmax [e.g. 6, 12, 57, 29, 63] on

the predicted community size structure, we first referred to data digitized from Finkel et al. [32],

as only rather complete compilation of existing literature data, and then chose five scenarios

(Figure 2.2). We considered three different allometric relationships for µmax of diatoms: a non-

linear scaling relationship with a peak at cell volume of 500 µm3 (Figure 2.2, a, [110]) (Di-NL)

and two linear scaling relationships, one for the full range of cell volumes (Di-L0), the other

constrained by the observed diatom cell size range (Di-L1). In addition, we compared two

allometric relationships for the entire community: a non-uniform (All-NL) and a linear scaling

relationships (All-L) (Figure 2.2, b).The non-linear µmax of diatom is fitted by eye as upper

envelope of the data set and linear ordinary least squares regression of the log10 transformed

data yields estimates for β and exponent α in Equation (2.1) (Table B.7).

Table 2.4.: Size scaling of physiological parameters for marine diatoms and all marine species.

Species Parameter Unit log10β α Source

Diatoms Qmin µmol-N cell-1 -8.59± 0.30 0.56± 0.12 Litchman et al. [57]
Qmax µmol-N cell-1 -8.39± 0.04 0.81± 0.01 Montagnes and Franklin [68]
vmax µmol-N (cell d)-1 -7.80± 0.32 0.67± 0.11 Litchman et al. [57]
A* L (cell d)-1 -7.31± 0.84 0.50± 0.92 Litchman et al. [57]
Qc pg-C cell-1 -0.54± 0.01 -0.81± 0.03 Menden-Deuer and Lessard [67]
µmax (linear) d-1 0.50± 0.06 -0.16± 0.02

Vcell < 500 µm3
µmax (non-linear) d-1 0.31 0.02

Vcell > 500 µm3 0.96 -0.24

All species Qmin pg-N cells-1 -1.47 (-1.78, -1.26) 0.84 (0.77, 0.92) Marañòn et al. [63]
Qmax pg-N cells-1 -1.26 (-1.35, 0.99) 0.93 (0.83, 0.96) Marañòn et al. [63]
vmax µmol-N (cell d)-1 -8.10 (-8.80, -7.30) 0.82 (0.65, 1.00) Edwards et al. [29]
A∗ L (cell d)-1 -7.31 (7.56, -6.86) 0.49 (0.41, 0.55) Edwards et al. [29]
Qc pg-C cell-1 -0.69 (-0.83, -0.58) 0.88 (0.83, 0.94) Marañòn et al. [63]
µmax (linear) d-1 0.11 (0.01, 0.20) -0.08 (-0.12, -0.05)

Vcell < 500 µm3
µmax (non-linear) d-1 -0.10 (-0.24, 0.04) 0.10 (-0.05, 0.22)

Vcell > 500 µm3 0.38 (0.14, 0.62) -0.15 (-0.22, -0.09)

∗ Calculated as
vmax

Kn
[43, 93], where Kn denotes the half-saturation concentration of nutrient uptake

(mmol- N m−3) with log10β = -0.49 ± 0.07 and α=0.17 ± 0.03 for diatoms adopted from Litchman et al. [57] and log10β = -0.84 (-1.24, -0.44)
and α = 0.33 (0.24, 0.45) for all species from Edwards et al. [29].

The number of virtual phytoplankton species is set to n=29. The size classes are distributed

evenly over fixed cell volumes range from 1 to 107 µm3 corresponding to a range of 0.22 to

5.58 logeESD (µm) (ESD: Equivalent Spherical Diameter), which provides a representative size

spectrum of phytoplankton observed in nature [32]. The original allometric coefficients are



based on cell volume and thus need to be rescaled to ESD (V = π
6 ESD3). Trait values for each

model species then follow from substituting the converted allometries into y=β′eα′L, where α′

and β′ are the ESD-based allometric coefficients, and L the natural logarithm of ESD. While

published allometries are often expressed in terms of cell volume, we choose L = logeESD as a

mechanistically more sound size unit, since, relevant ecological and physiological traits in the

phytoplankton can be linked to ESD using biophysical arguments [110, 111]. Nevertheless, we

provided both scales in Figure 2.2 for convenience.
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Figure 2.2.: Size dependency of maximum growth rate (µmax) used in this study. Data for µmax
are obtained from [32].

2.3.3. Model simulation and variation experiments

Differential equations (Table B.1, Eq.1-Eq.4) were solved numerically by using the Scipy Odeint2

solver (Python package) which is based on lsoda from the FORTRAN library ODEPACK. The

simulation time was set to 1000 days, within which simulations reached equilibrium. The

community mean size and size diversity were averaged for the last 200 days. Since this study

emphasizes the ecological time-scale, termination after 1000 days neglected changes in the target

variables mean cell size 〈L〉 and diversity δL below 0.5% per year. The long term simulations

(10000 days) prove also qualitative consistency with 1000 days simulations (see Section A.2). The

size structure of the community was investigated across various inflow nutrient concentrations

(Nutin: 5–80 mmol-N m-3 ) and mixing intervals (T: 5–60 days). The values were selected from

the typical ranges observed in nature [36, 74]. To assess the importance of each size scaling

relationship for shaping the community, the size constraint of each physiological trait defined in

Table B.7 was individually removed, while the remaining traits were kept size dependent. The

average of data obtained from Finkel et al. [32] (Figure 2.2) were assigned to size independent

µmax and for other traits, the trait value at median cell size were used.

2https://docs.scipy.org



2.4. Results

Under absence of temporal heterogeneities caused by mixing events, equilibrium residual

nutrient concentration (Nut∗) of smaller phytoplankton remains always lower than that for larger

phytoplankton. This indicates the unconditional dominance of smaller species independent

of light intensity and nutrient supply rate (Di-L0 scenario, see Section A.1). Hence, smaller

phytoplankton species emerge as unconditional winners according to the resource competition

theory [103]. However, when this system is periodically perturbed by introducing nutrients and

removing phytoplankton from the model box, analogous to the effect of wind-induced mixing

of a stratified water column, a niche for larger diatoms emerge (Figure 2.3).

All diatom scenarios (Di-L0, Di-L1 and Di-NL) result in a unimodal distribution of community

mean size across mixing periodicities (Figure 2.4, c). For short and long mixing intervals (T < 15

and T > 35 days) few smaller phytoplankton become dominant while the others vanish, so

that mean size of the community reaches to ∼ 2.5 logeESD (µm) and the size diversity declines.

At these periodicities, the community mean size decreases towards values above the existing

minimal cell size of diatom (>= 1.0 logeESD (µm) for both Di-L1 and Di-NL scenarios, and below

this minimal size for Di-L0 case (Figure 2.4, c). Conversely, intermediate mixing periodicities

(T : 15 ∼ 35 days) favor larger cells as expressed by a community mean cell size of up to ∼ 3.5

logeESD (µm) for all diatom scenarios (Figure 2.4, c). Also, community size diversity displays

a moderate unimodal dependency over mixing intervals with sustained elevated diversity at

intermediate mixing intervals (Figure 2.4, d).

Community compositions remain relatively small and do not show significant changes to

Nutin concentration at short and long mixing intervals, representing larger species outcompeting

smaller species (Figure 2.4, a-b; and see Section A.3). Whereas, at intermediate periodicities,

community mean size and size diversity peak at intermediate Nutin concentration resulting in a

unimodal distribution across various inflow nutrient concentrations.
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Figure 2.3.: Biomass dynamics of 29 marine diatoms (Di-L0) over 1000 days. Each panel shows
the model outcome for a different environmental setting with Nutin= 60 mmol-N m-3 and : a)
short , b) intermediate , and c) long replenishment period T.

The mean cell size of all species community displays a relatively uniform pattern across

various inflow nutrients/mixing intervals (Figure 2.4, c). Uniform µmax size scaling for the

entire community of marine species (All-L) induces dominance of the smallest species at all

environmental settings ( Figure 2.4, c) . However, a non-uniform µmax allometry slightly shifts

the community mean cell size up to 2.1 logeESD (µm) (All-NL, Figure 2.4, c), which is close to

where the µmax peaks (Figure 2.2, b).
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Figure 2.4.: Community composition in terms of mean cell size (a, c) and size variance (b, d)
varying over inflow nutrient concentration and nutrient mixing intervals for Di-L1 scenario
(a-b); and varying across mixing intervals with a constant Nutin= 60 mmol-N m-3 for differ-
ent allometric relationships in µmax (c-d). The µmax allometries comprise linear (“L”) and
non-linear scalings (“NL”) for both diatoms (“Di”) and the entire marine phytoplankton
community (“All”): linear scaling for diatoms is applied to either the entire size spectrum
(“Di-L0”) or the restricted spectrum above 1 logeESD (“Di-L1”).

To investigate the relevance of the size scaling relationship for each physiological parameter

considered in this study (Table B.7), we performed experiments where the allometry for each

physiological parameter was assumed size-neutral, while keeping the other parameters intact.

As the major variation was observed across the mixing intervals, we show here the results

obtained under three environment setups characterized by a constant Nutin= 60 mmol-N m-3

and three different mixing periodicities, T=10, 25, 60 days (Figure 2.5).

For all three environmental settings, the size scaling of Qmin appears to be the most important

determinant of the community size structure under short and intermediate mixing intervals

for all diatom scenarios (Di-L0, Di-L1 and Di-NL), as removing the size dependency of Qmin

leads to a collapse of community mean cell size down to ∼0.25 logeESD (µm). At short and

long mixing periodicities, our results also highlights a major role of µmax scaling for all diatom

scenarios. In Di-NL scenario, the community mean size at these periodicities, which is lower



than that in the intermediate intervals, but higher than that obtained by linear allometries for

µmax, turns out to be sustained also by Qmin allometries (Figure 2.5, a-i).

During intermediate mixing intervals, four size scalings of traits are at least required to

sustain the community at its maximum mean cell size, the ones in maximum growth rate,

minimum intracellular quota, affinity and maximum uptake rate. The model results reveal

a minor or negligible role of size scalings in two traits: maximum uptake rate (vmax) and

maximum intracellular quota (Qmax) in shaping community size structure (Figure 2.5, b, e, h).

Finally, our findings indicate the relatively important role of size scaling of affinity under low

inflow nutrient concentrations (<10mmol-N m-3 ) regardless of any mixing intervals (results not

shown). Contrary to the diatom community, the community with all species (All-L and All-NL)

displays an insignificant response to removal of the size constraint in individual physiological

traits, which indicates the persistence of small species at any nutrient/mixing regime (Figure 2.5,

m-o). The model outcome reveals that only µmax size scaling plays a major role in shaping the

size structure of the species community.
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Figure 2.5.: Changes in community mean cell size when neglecting allometric relationships one
at a time. Thick black line: allometries show in Table B.7 and grey bars: neutral allometry
experiment. Di-L0 (a-c) and Di-L1 (d-f): diatom scenarios with linear µmax over cell volume
ranges 1 − 107 µm3 and 10 − 107 µm3, respectively., Di-NL: diatom scenario with non-linear
µmax (g-i)., All-L (j-l) and All-NL (m-o): all species community scenarios with assumed linear
and non-linear µmax, respectively. For symbols, see Table 2.2.



2.5. Discussion

2.5.1. Community response to nutrient supply

The relevance of nutrient supply rate for the phytoplankton composition has been long rec-

ognized [103]. By explicitly addressing the nutrient concentrations at the bottom layers and

continuity in the supply rate we account for two major determinants of the overall supply

rate observed in aquatic ecosystems. In the ocean, nutrient enrichment of the surface water is

affected by various physical processes such as internal waves, mesoscale eddies and vertical

convective mixing [66]. The duration of these nutrient injections vary from the hours to several

days in coastal waters, and to monthly and even longer periods in the open ocean [36].

Effects of these two drivers on the phytoplankton community structure has been previously

explored. Based on numerical simulations of pairwise competition experiments, [38] demon-

strated that phytoplankton cells with a large storage capacity can gain a competitive advantage

at intermediate pulsing frequencies, which was experimentally confirmed by [23]. For the case of

nitrogen utilization, the larger allometric scaling coefficient for Qmax than that for Qmin leads to

a storage advantage for the larger cells , and to their competitive dominance under intermediate

mixing frequencies, as suggested by a pairwise invasibility analysis applied to a simple box

model of upper upper mixed layer dynamics [57]. By using the allometric relationships provided

by [57], and applying the invasibility analysis to an idealized model of an incompletely mixed

water column, [49] demonstrated that, whereas too low and too high mixing intensities favor

small cells, intermediate turbulent mixing intensities favor large cells. The study also shows the

storage advantage concept becomes relevant whenever spatial heterogeneities exist, which is

often the case in real ecosystems.

In the above mentioned studies, only the size of the most dominant species was used as

a proxy for the phytoplankton community [38, 57, 49]. In this study, we used two aggregate

properties of the community for a more complete description of the community size structure,

the mean cell size and size diversity. This would have also been possible with a moment closure

modeling approach [e.g., 100, 1], which would have been computationally more efficient as well.

However, multi-species models can provide further potentially relevant information if the size

distribution deviates from normality, such as in the case of multi-modalities [e.g., 16], although

in this study this was not necessary, as such behavior was not observed.

2.5.2. Size structure of marine diatoms

The absence of perturbations always favored small cells (see Section A.1). However, when

periodic mixing events are introduced, all three diatom scenarios (Di-L0, Di-L1 and Di-NL)

predict dominance of relatively large diatoms at intermediate mixing intervals (T : 15 ∼ 35 days)

particularly in periodically mixed environments. The qualitative response of phytoplankton

species to fluctuating nutrient conditions is in accordance with the outcome of previous studies



[57, 49]. This response leads therefore to a unimodal pattern of the community mean cell size

(Figure 2.4, c) across mixing intervals. The unimodal relationship between size diversity and

mixing intervals for the diatom community as suggested by our simulation results (Figure 2.4,

d), is also consistent with the intermediate disturbance hypothesis, which predicts that species

diversity is maximum at intermediate frequency of disturbance [81, 96]. This unimodality

arises because of, firstly competitive exclusion following resource depletion, which reduces the

number of species under (nearly) undisturbed conditions, and secondly, slow extinction rates of

species at intermediate mixing periodicities such that only a few species will manage to survive

[81, 96, 15, 55].

Both the mean community size and diversity rapidly increases with inflow nutrient concen-

trations (Figure 2.4, a-b and see Section A.3) over intermediate mixing periodicities, and tend to

decrease again at very high nutrient concentrations. This pattern agrees with the modeling study

of [108] for the global ocean, who found regional variations in phytoplankton size, with larger

cells being rare in oligotrophic waters and relatively abundant in areas of high nutrients supplies.

At short (T < 15 days) and long ( T > 35 days) periodicities, inflow nutrient concentration does

not affect the community composition significantly.

Choice of different size scalings for the diatom maximum growth rate becomes more critical

during short and long mixing intervals. With uniform (log-log linear) allometry in maximum

growth rate over the entire size spectrum (1 to 107 µm3) (Di-L0, Figure 2.4, c), the diatom

community always converges towards the smallest species represented in the model, whereas

in nature no diatom species with cell size below V=10 µm3 can be found [32]. Hence, the

physiological trade-offs alone can not sustain the community within the window of observed

diatom cell size in nature. This convergence towards non-existing diatoms can be recovered

by restricting the size range above 10 µm3 (Di-L1, Figure 2.4, c). However, by considering the

entire size spectrum but reducing the unrealistically high maximum growth rates of the smallest

species using non-uniform µmax (Di-NL, Figure 2.4, c), the model captures both the minimum

observed diatom size and provides a bottom up explanation for the absence of diatom < 10

µm3, in addition to other potential mechanisms that we did not consider in this study such as

selective grazing or sinking, to keep diatom sizes within observed ranges in nature.

Among all size scalings of traits, the allometric relationships for minimum intracellular

nutrient quota (Qmin) is found to be the key trait shaping the community size structure at

short and intermediate mixing intervals (Di-L0, Di-L1 and Di-NL, Figure 2.5, a-i), wheres at

long periodicities it becomes important only in Di-NL case. Without size dependency of the

minimum quota, the community collapses to very small, thus non-existing diatom species

regardless of any mixing periodicities. Furthermore, during both short and long mixings,

size scaling of maximum growth rate also play a major role in shaping the community size

structure for all diatom scenarios (Di-L0, Di-L1 and Di-NL, Figure 2.5, a-i). While size scalings of

maximum uptake rate (vmax) and maximum nutrient quota (Qmax) play a minor role in sustaining

community composition in any nutrient/mixing regime, allometric relationship of nutrient

affinity (A) becomes relevant at very low inflow nutrient concentrations (results not shown)



such as in oligotrophic open oceans and/or in regions characterized by deep stratification and

poor nutrient delivery to the surface [108, 7], respectively.

Although, the effect of size scalings of mol-C based traits: Qmin, Qmax and vmax on the

predicted community size structure depends on the chosen size scaling of carbon quota of

phytoplankton (Qc) , our results using different Qc allometric relationships (α= 0.712, log10β=

-0.314) [97] indicate the similar overall final outcomes (results not shown) regarding to vmax and

Qmin. However, size scaling of Qmax becomes relevant as difference in size scaling exponents

becomes larger (αQmax=0.81 > αQc=0.712). Survival of intermediate size species and a relatively

large size diversity can only be simulated using allometric relationships of a set of (at least) four

physiological traits (maximum growth rate and uptake rate, minimum intracellular nutrient

quota and nutrient affinity). Indeed, in eutrophic coastal upwelling zones and regions of

enhanced turbulent mixing larger phytoplankton becomes more dominant [108, 7]. The outcome

also calls for attention when developing size based models, which need to address a larger

and ideally complete spectrum of trade-offs and allometries to avoid strong unrealistic bias in

predicted size structures.

2.5.3. Size structure of marine phytoplankton

Allometries for the entire phytoplankton community result in small mean size and size diver-

sity (Figure 2.4, c, d), thus creating a uniform pattern over nutrient concentrations/mixing

periodicities. Unlike the case for diatom only, difference between Qmax and Qmin slopes for

the entire phytoplankton community is small (Table B.7), therefore the storage (Qmax/Qmin)

advantage that larger diatoms benefit from does not hold when considering all species. Recent

theoretical work of [110] and the experimental study of [63] suggested a unimodal function

of µmax over cell size as additional mechanism maintaining larger cells. Contrary to the linear

allometric relationship, the decline of phytoplankton µmax (Figure 2.2, b) for cell sizes decreasing

from approximately 1.5 logeESD (µm) may result in a trade-off between small cells with higher

nutrient affinity and slightly larger cells with faster growth rates, which may help larger species

to survive in variable environments [38]. Our model outcomes demonstrate that, linear size

dependency in maximum growth rate results in species with highest maximum growth rate to

be the unconditional winners. However, even though non-uniformity in maximum growth rate

prevents unrealistically high growth rate of the smallest species, non-uniformity alone cannot

explain the existence of larger species where the role of size scalings of Qmax and Qmin is minor

or top-down control is absent. Furthermore, we found an insignificant change in the community

mean cell size compared to the diatom community, where the size constraint of traits were

removed (Figure 2.4, g-o). The model outcomes point to the major role of maximum growth rate

in shaping the all species community size structure at any nutrient/mixing regime.

The outcome of comparison for these two communities, can be used to predict any community

size structure based on different sets of allometric relationships. The model in this study is

developed based on the assumption that nitrogen is the only limiting nutrient, given similar



size scaling exponents for minimum and maximum intracellular phosphorus quotas for marine

diatoms (αQmin= 0.79 and αQmax= 0.8) by Litchman et al. 57, P-limitation will likely result in the

overall too drastic dominance of small species regardless of other physiological allometries.

2.5.4. Limitations of our approach

The low complexity of our model structure allowed us to focus on the bottom-up factors, and

the relevance of eco-physiological traits for community composition across aquatic ecosystems.

However, the model suffers from a number of shortcomings such as the loss of size diversity in

nearly all scenarios, the likewise fast disappearance of large species, especially of larger diatoms,

and too little variation in the size structure in mixed (diatom plus non-diatom) communities.

These shortcomings point to the relevance of other factors, which are likely to be relevant.

Water temperature has often been proposed to impact size structure of marine phytoplankton

communities [95, 68, 32]. The study by Sommer [95] on Antarctic phytoplankton reveals a weak

size dependency of maximum growth rate on cell size, indicating more favorable conditions

for larger species under cold temperature. Indeed, later work of Montagnes and Franklin [68]

also points to an increase in organisms size and decline in specific maximum growth rate with

decrease in temperature. If all physiological rates slow down, the supremacy of small cells

might become less persistent in general.

Recent size-based models highlight the importance of zooplankton grazing for the phyto-

plankton size structure [78, 108, 85, 1]. The model of Wirtz and Sommer [114] reproduces shifts

in mean size L observed in mesocosm studies with high precision. Their quantitative analysis

of driving forces behind changes in L revealed a pre-dominant role of selective grazing, pro-

moting of larger species in particular in the blooming phase. Similarly, in nutrient rich regions,

small phytoplankton flourish but intense grazing pressure by smaller zooplankton prevent their

excessive growth [85, 108, 1]. This top-down control thus shifts the community mean cell size

towards higher values. As in this study the aim is to understand fully the effect of bottom-up

control, we deliberately did not consider grazing in our model. Due to this simplification, the

dominance of small species is possibly overestimated, especially at nutrient rich regions.

Sinking of individual cells should according to Stoke’s law further accentuate the dominance

of small species. However, the actual effect of sinking on the community (size) structure is

difficult to assess due to the control of excess density and buoyancy by the physiological state of

cells. The advantage of small species at high sedimentation rates for physiologically impaired

cells may therefore turn to a lacking size dependency of physiologically competent cells [57].

Recent work of Wirtz [111], based on data of Bienfang et al. [10] and Waite et al. [107], provides

a mechanistic formulation for positive buoyancy of larger diatom, which may further explain

the strong competitive loss of large and very large diatoms in our numerical experiments.



2.6. Conclusion

Allometric relationships of phytoplankton major traits are increasingly incorporated into size-

based prognostic ecosystem models [108, 111, 100, 1]. However, to date no study has explicitly

considered the uncertainties in the underlying scaling rules and systematically investigated the

importance of size scaling of each eco-physiological trait. In this study, we quantified the effect

of bottom-up control and various size scaling relationships of phytoplankton physiological

traits on community size structure. The model outcomes reveal a unimodal distribution of

community mean size, as already suggested by previous theoretical studies [57, 49], and size

diversity across nutrient mixing periodicities or inflow nutrient concentrations (at intermediate

nutrient replenishment periods). Both properties remain relatively unchanged at short or long

periodicities due to the persistence of small species. Contrary to the diatom community, when

all taxonomic groups are considered the model always reveals this dominance of smaller species

regardless of any nutrient/mixing regime.

Another major finding is the critical importance of the functional shape in allometries for

modeling. Non-uniformity in maximum growth rate over the entire size spectrum leads to

more realistic outcomes by reducing the unrealistic maximum growth rates of smallest species,

hence preventing the community mean size to collapse below minimum diatom size as observed

in uniform maximum growth scenario (Di-L0). For the all marine phytoplankton species

community, non-uniformity alone can not alleviate the lack of larger species, which reflects a

too weak influence of the size scalings of minimum and maximum quotas or lacking of other

mechanisms.

Along different habitats, different sets of trait allometries seem to sustain community com-

position. For diatoms, size scaling of minimum nutrient quota plays a major role at short and

intermediate mixing periodicities, while allometric relationships of maximum growth rate gains

importance at short and long periodicities. Under low inflow nutrient concentrations, the size

scaling of affinity becomes relevant at any mixing interval. For the community of all species,

size scaling of maximum growth rate is the most important feature for shaping the community

size structure.

These findings help to critically assess limits and potentials of size-based ecosystem models.

We emphasize the importance of resolving the allometries for at least nutrient affinity, maximum

growth rate, and subsistence quota in these models. Finally, we conclude that physiological size

constraints alone cannot provide realistic simulations of phytoplankton size structure, which

implies a high relevance of other mechanisms such as selective grazing and sinking. Having

gained fundamental insights into the relevance of a large set of size scaling relationships in

physiological traits, adding other processes such as aggregation, size dependent sinking and

grazing remains to be a future task. Such as an extended model may become a useful tool to

investigate the dynamics of community size structure under multiple stressors such as: nutrient

limitation, shallowing of the mixed surface layer, and size selective grazing. The control of

primary production by bottom-up (nutrient limitation) and top-down (grazing) factors has been



for decades a relevant topic in marine ecosystem research, but a quantitative understanding of

the interaction between them - in particular as mediated by structural changes - is still lacking.

To sum up, our size-based model served as a conceptual framework contributing to a better

understanding of how the rich size structure of phytoplankton is influenced by scaling rela-

tionships in eco-physiological traits. It can guide the development of future size-structured

ecosystem models and provides important insights for the interpretation of observed succes-

sional shifts in phytoplankton communities. As the empirical evidence for testing this (or other)

size-based model is still scarce, our study also calls for the conduct of specific experiments which

allow insight into the making of phytoplankton size distributions or for increased efforts in

deriving size allometries from homogeneous data sets [e.g., as in 63].
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3
A trait-based framework for explaining

non-additive effects of multiple stressors on
plankton communities

1

3.1. Abstract

Phytoplankton communities are increasingly subjected to multiple stressors from natural or

anthropogenic sources. The cumulative effect of these stressors, however, may vary considerably

from the sum of impacts from individual stressors. Nonlinear effects such as changes in

community traits can either boost up (synergistic) or weaken (antagonistic) single stressors.

Despite previous empirical studies and meta analyses on the interaction types of various multiple

stressors, a more fundamental understanding of nonlinear effect accumulation is lacking. To

fill this gap, we here propose a new theoretical framework that is centered on the concept of

interaction traits and their trade-offs. The framework is applied to a novel size-based plankton

model resolving multi-species phytoplankton-nutrients-detritus-zooplankton dynamics within

the upper mixed layer. The model is validated using data from a series of outdoor mesocosm

experiments. In the direct aftermath of single perturbations that increase net growth rate, here

nutrient enrichment and grazer removal, the simulated phytoplankton community undergoes

structural changes as visible in altered community traits. These temporal variations explain

why the multiple stressor interaction switches from antagonistic to synergistic as compensatory

trait variations reduce over time of the experiment. This finding can be generalized within

our trait-based explanatory framework, which should be capable to mechanistically assess and

predict effects of other stressor combinations and for other organism groups.

1Taherzadeh, N., Bengfort, M., and Wirtz, K. W. (2018). A trait-based framework for explaining non-
additive effects of multiple stressors on plankton communities
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3.2. Introduction

Phytoplankton communities are responsible for half of the primary production on earth [31]

and form the base of aquatic food-webs, but are also subject to accelerated shifts in their growth

environment. These shifts add to natural variations and derive from a suite of processes starting

from many aspects of climatic change and comprising direct anthropogenic interventions such

as fertilizing the global ocean with inorganic carbon and the coastal ocean with nutrients. It

is thus rather the norm than the exception that phytoplankton communities undergo a broad

combination of environmental perturbations in parallel [104]. If any of those alterations in

a growth factor induces a decrease in fitness, it is called a ”stressor” [35]. In the following,

this popular definition is here extended to alterations with positive growth effects: arbitrary

but simultaneously changing growth factors are in the following termed ”multiple stressors”.

According to this neutral definition, for example, a (beneficial) temperature rise together with

nutrient enrichment act as ”multiple stressors” [14]. Experimental studies of plankton eco-

physiology in general investigate the effects of a single stressor at a time. However, multiple

stressors may have an impact that differs from the sum of effects of each stressor in isolation. If

the impact exceeds the sum of individual effects, the stressors are called synergistic, while in the

case of a lower total impact these are termed antagonistic [17]. Non-additive impacts represent

’ecological surprises’ that can counteract our (linear) understanding of ecosystem functioning.

For example, experimental studies of [50] and [106] suggest that acidification shifts freshwater

phytoplankton communities towards larger dinoflagellates, filamentous green algae, and larger

eukaryotic phytoplankton that all grow slower under higher temperature [2], which indicate a

synergistic (negative) effect of acidification and environmental warming.

How phytoplankton communities restructure themselves under environmental perturbations

depends on their flexibility in eco-physiological traits [58, 32]. Major eco-physiological traits

such has maximum growth rate or minimum nutrient demand determine competitive processes

and interaction with the biotic and abiotic environment (e.g., grazing susceptibility or nutrient

acquisition capacity). Most of these traits are correlated through trade-offs due to which

an adaptation in one trait results in shifts of other traits [112, 58], with direct and indirect

consequences on resource usage strategies [113]. Species that have an advantage under one

stressor (e.g., elevated temperature) may not perform well when a second stressor (e.g, elevated

CO2) is acting simultaneously [60]. Hence, the specific response of characteristic traits to both

single and combined stressors makes a central part of the overall growth and structural response

of phytoplankton communities to concurrently changing growth factors. These specific trait



shifts are in turn rooted in eco-physiological trade-offs, an idea that provides the starting point

of the work presented here. Previously, impacts of multiple stressors on phytoplankton have

been investigated by empirical works [e.g. 106, 33, 89] and meta-analysis of experimental studies

[e.g. 35, 14]. Multiple stressors were in particular not systematically connected to phytoplankton

traits and trade-offs. To fill this gap, we introduce a new theoretical framework which aims

to explain the community response to the multiple stressors taking into account structural,

trait-related changes. For doing so, we define (1) a response specific effect size to quantitatively

link main features of the community such as total net growth rate to alteration in environmental

conditions, and (2) trait-mediated adaptive growth response quantifying the contribution of

structural changes to the overall community response. A major goal of our study is to unravel

the relation between this adaptive capacity and the effect size. We will address this challenge by

building and validating a fully trait-based plankton model that resolves flexibility and adaptive

responses. The model will enable systematic stressor experiments to investigate how trait shifts

buffer or amplify the response impacts of multiple perturbations.

3.3. Methods and material

3.3.1. Model definition

Almost all eco-physiological traits in unicellular autotrophs are linked to cell size [58, 32, 111].

To represent a major share of the adaptive capacity in phytoplankton, we therefore adopt a

previously developed size-based model, which is extended to a simple ecosystem model by

supplementing dynamic equations for zooplankton, detritus and two nutrients. The model is

based on the multi-species model presented by [98], and adds more physiological detail such as

CO2 sensitivity and, most of all, ecological detail by incorporating size-based trophic relations

derived by [111]. The model describes ecosystem dynamics within a zero-dimensional box

representing the surface layer of a water column and resolves a full ensemble of phytoplankton

species or groups, resp. (Phyi with i=1, ..., n), and their internal nutrient quotas (QN,i, QP,i), three

zooplankton groups (Zj with j=1, 2, 3), two nutrients (nitrogen and phosphorous) (NutN , NutP)

and detritus (DetN , DetP) (see Supplementary Material, Table S1, Eq.1−9) (Figure 3.1). Each

phytoplankton group (Phyi) is characterized by its fixed cell size, which in turn determines

the growth-nutrient uptake parameters (see Table S7), primary production, mixotrophy and

loss terms (see Supplementary Material, Table S2−S4). Zooplankton is divided into small and

large ciliates, and copepods. A comprehensive model description is given in the Supplementary

Material (SI).
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Figure 3.1.: Schematic representation of the size-based multi-species model resolving biomass
of phytoplankton species (Phyi with i=1, ..., n), their internal nutrient quotas (Qi), ambient
nutrient concentration (Nut), detritus (Det) and zooplankton, further subdivided into small
and large ciliates (Cil-S, Cil-L) and copepods (Cop). N: Nitrogen, P: Phosphorous, C: Carbon,
T: Temperature and PAR: Photosynthetically Active Radiation.

3.3.2. Multi-stressor effects

Our study seeks to develop a more general and mechanistic approach to study, quantify and

predict multi-stressor effects on functional groups in ecosystems. The generic formalism should

describe arbitrary stressor effects in complex systems such as phytoplankton communities or

marine food-webs. Let En and Em denote two external variables or stressors such as nutrient

input and grazing pressure. For relating (known) effects of perturbing En and Em to (unknown)

multi-stressor effects, we pinpoint possible determinants of the non-linear interaction between

stressor reactions. A special focus is laid on internal re-organization of biological agents,

termed adaptive trait dynamics, and the trade-offs ruling that dynamics. We define as the first

determinant the specific multi-stressor sensitivity (SMS) being the sensitivity of the community

growth rate µ to parallel changes in En and Em:

SMS =
δ2µ

δEnδEm
(3.1)

This combined sensitivity to both stressors n and m can be shown to approach a function of

observed single stressor shifts ∆En and ∆Em, their growth effects ∆µn and ∆µm, and the observed

multi-stressor effect ∆µnm (see SI; B.3)

SMS =
∆µnm − ∆µn − ∆µm

∆En∆Em
(3.2)



When the SMS is zero, the single stressor effects sum up to the multi-stressor effect (∆µnm=∆µn +

∆µm), which reflects additive effects. Analogously, the SMS is positive for synergistic and

negative for antagonistic effects.

Similar to the definition of the specific multi-stressor sensitivity, we introduce the interac-

tion trait xn with respect to stressor n as the marginal dependency of the growth rate on the

(perturbed) environmental variable En:

xn =
∂µ

∂En
(3.3)

and analogously xm for stressor m. xm and xn denote biomass weighted community traits that

best characterize the response of the community to stressors m and n such as susceptibility to

grazing in case of trophic control or nutrient usage ability for limitations in nutrient supply (see

SI). In the frequent case of a linear dependency of µ on En, the interaction trait is equivalent

to the specific proportionality factor. Usually, xn changes upon alteration in En owing to, e.g.,

phenotypic plasticity or species resorting. For the same reasons, interaction traits may also

change under application of other stressors (e.g. Em) such as susceptibility to grazing can alter

due to nutrient stress. We hence introduce the cross-trait variation (CTV) that describes how the

effective interaction traits are modified by other stressors.

CTV =
xm,n − xm

∆Em
+

xn,m − xn

∆En
(3.4)

where ∆En and ∆Em again denote the magnitude in each perturbation, and xm,n the interaction

trait xm under combined application of stressor n and m (xn,m the interaction trait xn in the

same case). The cross-trait variation quantifies the extent of how effective interaction traits

are modified by other stressors such as alteration in susceptibility to grazing due to nutrient

stress and the alteration in nutrient usage ability due to grazing. Inherent to these changes

are trade-offs, thus morphological or physiological relations between different traits. If these

trade-offs are absent and other stressors do not affect the dynamics in each specific trait (xn,m=xn,

xm,n=xm), the CTV is zero.

3.3.3. Model initialization and parameterization

Initial conditions: Phytoplankton cell sizes in the model range from 0.1 to 107 µm3 (0.6− 107

µm ESD) corresponding to -0.5 to 6.2 loge ESD (µm) (ESD: Equivalent Spherical Diameter),

which provides a representative size spectrum of phytoplankton observed in nature [32]. The

number of virtual phytoplankton species is set to n=17, which has been tested to leave qualitative

results unchanged compared to higher resolutions in size classes. The initial distribution of

phytoplankton biomass over cell size equals a Gaussian function with mean at 2.8 loge ESD(µm),

standard deviation at 2 loge ESD(µm) and a constant offset of 1 mmol-C m-3 for each size bin.

Initial intracellular nutrient quotas for both nitrogen and phosphorous are at their maximum.



The initial ambient dissolved nitrogen (N) and phosphorous (P) concentration are set to 7

mmol-N m-3 and 0.8 mmol-P m-3, respectively. Both small and large ciliates are assumed to

have equal initial values (0.25 mmol-C m-3), while the biomass concentration of copepods

start at 5 mmol-C m-3, detritus N and P at 1.8 mmol-N m-3 and 0.005 mmol-P m-3. All model

parameters used in the reference run are summarized in SI (Table S5−S6).

Physiological parameters: As explained in more detail by [98], phytoplankton growth and

nutrient uptake parameters are linked to cell size (master trait) through the power law function

(y = βVα). These size allometries result in group specific values for maximum uptake rate (vmax),

maximum growth rate (µmax), nutrient affinity (A), minimum and maximum cell quotas (Qmin

and Qmax). The employed allometric scaling relationships are drawn from recently published

studies and are summarized in Table S7.

3.3.4. Validation data and environmental forcings

To test the model skill, we compiled and used data from the Kristineberg mesocosm experiments,

conducted in the Gullmar Fjord (Kristineberg, Sweden) between March and July 2013 (113 days)

as part of the BIOACID (Biological Impacts of Ocean ACIDification) project phase II. The ten

mesocosm bags of 55.5 m3 volume contained the natural plankton spectrum after passing a

1mm mesh. Five control treatments were hold at present day CO2 conditions (∼ 380 µatm pCO2,

here termed LpCO2), whereas the other five were enriched with CO2-saturated water to emulate

the expected end-of-the-century carbonate chemistry conditions (∼ 760 µatm pCO2, HpCO2). A

comprehensive description of experimental design and technical details are given by [5]. For

the validation runs, time-series of pCO2, temperature, mixing layer depth (MLD), PAR, and

measured zooplankton data were used as forcing. We converted copepod abundance data to

biomass by multiplying with a constant factor of 4 · 10-4 mmol-C/Ind.

We averaged the data of the LpCO2 and HpCO2 replicates to yield time-series in chloro-

phyll a (Chla), dissolved inorganic nitrogen (DIN), and dissolved inorganic phosphorous (DIP)

concentrations as reference for calibration. All model parameters were identical in the two

scenarios.

3.3.5. Numerical stressor experiments and interaction traits

Numerical stressor experiments were run at low pCO2 and low grazing pressure on the commu-

nity structure. The relatively strong size selective grazing pressure in the validation runs owing

to elevated copepod abundance was lowered by reducing the prey affinity of copepods to allow

for moderate co-existence of all phytoplankton size classes. This implies that in the experiments

zooplankton was dynamically resolved as state variable. We considered two perturbations (here

termed stressors) prevalent in pelagic ecosystems: nutrient enrichment (+Nut) and zooplankton

removal (-Zoo). Variations in nutrient levels and zooplankton grazing are commonly perceived

as most important for phytoplankton dynamics [24, 51, 39]. Nutrient enrichment (+Nut) may



originate, e.g., from mixing events while zooplankton removal (-Zoo) follows, e.g., from the

passage of a swarm of small fish, the major predator of mesozooplankton. Both stressors can

be thought to indirectly reflect anthropogenic and climatic changes such as increased storm

frequency or the down-harvesting of large pelagic fish and concomitant rise in small fish. The

respective states (N and Z) were perturbed at day 57, when nutrients were limited and also the

fluctuation in total phytoplankton biomass was negligible for a short time. These shifts were

applied individually and also simultaneously at distinct intensities.

All experiments were repeated using a single phytoplankton size class only, with cell size

of 3.5 log(ESD), which corresponds to a time- and community- average in most multi-species

simulations. This setting emulates state-of-the-art models neglecting trait dynamics and adaptive

capacity. Using both the multi- and mono-species configuration, the response of total net growth

rate of the community to both single and combined stressors were traced over time and averaged

for distinct periods depending on the nutrient state.

From the definition of the two stressors, we deduced the relevant interaction traits following

the rationale given in the SI and summarized in Eq.B.6. Each interaction trait represents the

growth dependency on a specific ambient factor (stressor). In case of nutrient limitation, the

interaction trait quantifies the nutrient usage ability of species. Species that are most sensitive to

limiting nutrients are characterized by low nutrient usage ability. These weakest competitors

benefit most from the nutrient addition. In case of losses due to copepod grazing, the interaction

trait of species can be interpreted as the susceptibility to grazing. The most edible species gain

most from zooplankton removal. The community mean of both traits, are inherently related due

to their dependencies on the size distribution, which is an example for an indirect size–related

trade-off.

3.4. Results

3.4.1. Model validation

The multi-species simulation features a pronounced bloom in Chla parallel to a complete draw-

down in DIN and DIP, followed by a second bloom at deplete nutrient conditions (Figure

3.2). This dynamics corresponds to the observed (average) time evolution of Chla, DIN and

DIP concentration. Using measured zooplankton as external forcing leads to a nearly precise

reconstruction of the second phytoplankton bloom, including the differences between control

and treated pCO2 environments (Figure 3.2), which approves a high skill in particular of the

phytoplankton model.
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Figure 3.2.: Comparison between chlorophyll a (chla), dissolved inorganic nitrogen and phos-
phorous concentration (DIN, DIP) of the reference run and measured data for the control
(LpCO2, blue) and treated (HpCO2, red) mesocosms. Solid lines and diamonds represent
model results and measured data respectively. Dashed lines separate different phases of the
experiment: initial, first and second spring bloom, and post bloom.

The variations in individual process rates shown in Figure 3.3 disclose possible mechanisms

underlying the observed phytoplankton dynamics and how their relevance is changing through

the different growth phases. During the initial phase of the simulation, phytoplankton biomass

decreases slightly due to aggregation until day ∼ 10 for both pCO2 scenarios. Later around

day 30, with gradual drawdown of nutrients (Figure 3.2, B and C), phytoplankton pigment and

biomass concentration peaks and abruptly declines upon depletion of nutrients around day 40,

because of aggregation together with ongoing grazing (Figure 3.3, A). This reduction appears

earlier in the simulation than the data suggest. At this time, strong copepod grazing pressure

on intermediate size phytoplankton (∼ 3 logeESD) creates a bimodal size distribution with two

distinct size groups of small (2-15µm ESD) and large model species (150-500µm ESD) (Figure

3.3, B). Following the collapse of the first bloom, remineralized nutrients and direct excretion of

nutrients by zooplankton enable the formation of a second bloom. Respiratory carbon losses

prevail over grazing losses in the first half of the simulation, thus until the second bloom. The

effect of high and low pCO2 becomes visible during the second bloom, under elevated pCO2

mainly due to higher copepod biomass and thus faster nutrient regeneration in that treatment,

which leads to higher phytoplankton biomass especially in the size class representing large and

nearly inedible Coscinodiscus sp.) (Figure 3.3, B). Towards the end of simulation, ongoing grazing

pressure together with mixotrophic grazing and sinking result in the collapse of the second

bloom.
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Figure 3.3.: Specific rates and phytoplankton biomass distribution for the reference run under
high pCO2 condition (HpCO2). Figure A shows total phytoplankton production and loss
rates, and figure B represents individual phytoplankton biomass distribution over the time of
experiment. Dashed lines denote different phases of the experiment: initial, first and second
spring bloom, and post bloom.

Modified reference run: As a reference to the numerical experiments, the model dynamically

resolved zooplankton. The resulting grazing pressure turns out lower compared to the zoo-

plankton imposed from mesocosm measurements (in the calibration run), which prevented

intermediate size classes from extinction in the simulation. Although, less herbivores led to a

diminished second Chla bloom, but the modified reference run still captured the first bloom,

which is the main seasonal event in most marine systems (results not shown).

3.4.2. Stressor effects

Nutrient enrichment: Directly after injection of nitrogen, total net growth rate of the model

community increases, resulting in higher phytoplankton biomass production (Figure 3.4, I;

Figure 3.5, H). After a short delay, also simulated zooplankton starts to grow. The higher biomass

level of copepods translate to increased top-down control of both ciliates and phytoplankton.

Biomass of small and large ciliates does not change pronouncedly as being already at a very low

level. When the injected nitrogen pulse diminishes around days 60-70, aggregation and grazing

turn the total net growth rate negative, lowering community biomass production. Owing to

the increased copepod biomass, size separation at phytoplankton species with cell size of ∼ 3

logeESD intensifies around day 65 (Figure 3.5, H). A greater copepod stock also leads to biomass

enhancement of small species, which make the optimal prey for ciliates. After total drawdown

of the injected nitrogen, excretion of nutrients by the decreasing copepod stock and nutrient

remineralization fuel the production of mostly small species with cell size ∼2–3logeESD.

Grazer removal: Removal of much of the zooplankton standing stock at day 56 (Figure 3.5, D)

results in higher total net growth rate, thus higher biomass production (Figure 3.4, H). However,



the gain in primary production is lower compared to the one in the nutrient enrichment scenario,

as during the time of relieved grazing pressure, phytoplankton remains much limited by

nutrients. The removal of grazers slightly favors intermediate size classes, so that these smoothly

recover from very low biomass levels (Figure 3.5, I), while larger species outside the size grazing

kernel of copepods remain unaffected. However, removal of mesozooplankton relieves the

ciliates. Their growth slightly reduces the biomass of small species until copepods start to

recover shortly after application of the stressor. At that point, total phytoplankton biomass

declines. Further mixotrophic grazing, sinking and aggregation also contribute to the decrease

of total net growth rate enduring from approximately day 60 towards the end of simulation.
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Figure 3.4.: Comparison of phytoplankton total production and loss terms between the mono
species model configuration (top panels) and the one with multi species (bottom panels) under
single/multiple stressors. +Nut and -Zoo represent two stressors corresponding to nutrient
enrichment and grazer removal. The solid line shows relative growth rate (production-loss)
of the entire community. The dashed line indicates the time of stressor application.

Nutrient injection and grazer removal: Both nitrogen injection and zooplankton removal, when

acting as single stressors, increase the phytoplankton standing stock directly after exposure as

explained above. Also when both are applied at the same time, net growth rates increases (Figure

3.5, E). The first 20 days after exposure, changes in the phytoplankton community dynamics

are similar to the ones in the nutrient enrichment scenario (Figure 3.5 and 3.4, J). Thereafter,

as nutrients are again depleted and zooplankton biomass stays relatively constant but lower

compared to the nutrient injection scenario, the phytoplankton community reacts similar to the

scenario of (only) zooplankton removal. Hence, although both stressors are applied at the same

time, their dominant impact is organized sequentially, here first similar to nutrient enrichment

then to zooplankton removal.
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Figure 3.5.: Nitrogen concentration, copepod biomass and phytoplankton biomass distribution
under single /multiple stressors. +Nut and -Zoo represent two stressors corresponding to
nutrient enrichment and grazer removal. Dashed lines indicate the time of nutrient injection,
zooplankton removal or both.

3.4.3. Switching off adaptive responses

We compared the results of the multi species model with a mono species scenario to highlight

the importance of species sorting and structural changes. In the reference run and all scenarios,

the non-adaptive phytoplankton reaches in average higher primary production rates and is

much more top-down controlled compared to the multi-species set-up (Figure 3.4). There,

mixotrophic grazing and occasionally aggregation make the major loss processes. The mono

species phytoplankton compartment experiences a positive net growth rate until day 45, when

both aggregation and copepod grazing terminate the bloom and turn the net growth rate

negative (Figure 3.4, A and B). Non-adaptive phytoplankton responds to nutrient enrichment

more moderately compared to a community with full adaptive capacity. This pattern is mostly

due to limited aggregation losses in the aftermath of the nutrient injection (Figure 3.4, D). The

lack of competition and thus of a best adapted species with maximal nutrient usage ability

extends the period of nutrient replete conditions. This situation further leads to higher copepod

biomass. Removal of the copepods increases both production and aggregation of non-adaptive

phytoplankton, but the relieve from the major loss factor stimulates a stronger biomass gain

in relation to the adaptive case (Figure B.5, SI). Subsequently, copepods start to recover and

graze down the phytoplankton (Figure 3.4, C). Simultaneously injecting nutrients and removing

copepods (Figure 3.4, E) strongly enhance positive growth rates until day ∼ 65, where a short

phase of intense aggregation terminates the bloom. This pattern is qualitatively similar to the

multi-species case, but differs from the non-adaptive response to single stressors.



3.4.4. Effect size dependent on adaptive capacity

Changes in the phytoplankton community composition as induced by single and multiple

stressors are displayed in Figure 3.6. Size dependent alterations are shown for two characteristic

periods after exerting the stressors, i.e. under nitrogen replete (day 59) and deplete (day 75)

conditions. At nutrient replete condition, stressor induced changes in biomass weighed net

growth rate are maximal at small and large cell sizes (around 2 and 4 logeESD), thus creating a

bimodal size distribution as observed also in Figure 3.5.

The fitness landscape under combined perturbation in nutrient and grazing levels is similar

to the one under nutrient injection, which reflects stronger growth stimuli compared to the

zooplankton removal scenario. This pattern reappears in the modification of the biomass size

spectrum (Figure 3.6, B) as well as of the nutrient usage ability (Figure 3.6, C). The latter increases

for small model species because of their higher nutrient affinity and for very large size classes

because of their lower subsistence demand. Nutrient usage ability declines for intermediate

size phytoplankton but, averaged over the entire community, increases in the ”+Nut” and

the combined stressor scenario. In the intermediate size range, the susceptibility to copepod

grazing slightly decreases under all three stressor scenarios (Figure 3.6, D). In the subsequent

nutrient deplete phase, most effects on growth rate and interaction traits are roughly reverted

with respect to the initial nutrient replete phase, which indicates a relaxation of the community

structure to the original state. Average community growth rates are close to zero after the

multiple stressor application and negative in the single stressor experiments, and so are biomass

changes. Nutrient usage ability has increased under the ”-Zoo” perturbation, while becoming

negative for the ”+Nut” and the combined scenario. Also susceptibility to grazing has increased

in the ”-Zoo” case, whereas in the other cases it approaches zero. To sum up, changes in the

two interaction traits are in general negatively correlated immediately after stressor application

while positively correlated around two weeks thereafter. Trait and growth effects after the onset

of a combined stressor with few exceptions resemble the ones in the ”+Nut” case.
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Figure 3.6.: Changes in size dependent characteristics from the state before stressor application:
in the contribution of each size class to total net growth rate, in the phytoplankton density
distribution, and in interaction traits, the relative nutrient usage ability and susceptibility to
copepod grazing. The difference is taken either 2 or 18 days after stressor exertion (see ∆t).

3.4.5. Changes in multi-stressor sensitivity over cross-trait variations

When the numerical stressor experiments are run with distinct intensities of nutrient pulses and

copepod removals, we obtain a striking pattern in the relation between the cross-trait variation

(CTV) and the specific multi-stressor sensitivity (SMS) (Figure 3.7). First, both the SMS and

CTV increase over time and the SMS switches from antagonistic to synergistic few days after

parallel application of the two stressors. Our results reveal a relatively uniform relationship

between CTV and SMS throughout time, independently whether nutrient or grazing stress

has been varied. Synergistic effects exclusively occur at positive cross-variations in traits, thus

when effective traits shift to higher values under application of complementary stressors, which

here means increased nutrient usage ability under grazing removal and increased grazing

susceptibility under nutrient pulses.
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Figure 3.7.: Specific multi-stressor sensitivity (SMS) plotted over cross-trait variation (CTV) for
12 multi-stressor experiments. Nutrient input was varied from 0.2, 0.4, 0.8 to 1.6 mmolN m−3

and copepod removal from 0.4, 1.3 to 2.5 mmolC m−3.

3.5. Discussion

Model performance: Our size-based model demonstrates high skills in reproducing average

trajectories of Chla, DIN and DIP observed during the Kristineberg mecososm experiments. This

is remarkable since, model equations and parameters including allometric scalings were chosen

in accordance with mechanistic theories of phytoplankton growth [71, 111]. However, some

model coefficients describing relevant processes such as aggregation or the fraction of dissolved

nutrients released by mesozooplankton could not be constrained by theory or data and thus

had to be calibrated. As a result, the model well captures the first and second Chla bloom

including their decay and the speed of the nutrient drawdown. Furthermore, it also reproduces

the observed bi-modal size structure of the phytoplankton community. As described by [5], the

most important species contributing to the Chla build-up were the small (2–5 µm) silicifying

species Arcocellulus sp., Minidiscus sp. (both diatoms), and Tetraparma sp. (Chrysophyte) as well

as the very large (>200 µm) diatom Coscinodiscus sp. In addition, the main taxa contributing to

the second bloom were small (2-5 µm) diatoms (Minidiscus sp., Arcocellulus sp.), a large variety of

small green flagellates (0.8–5 µm) and Coscinodiscus sp. Initial (<day 20) moderate mismatches

between observed and simulated states may reflect weaknesses in our assumptions on nutrient

uptake. Another small discrepancy between data and model appears in the collapse of the

first bloom. The function describing phytoplankton TEP production and concomitant particle

aggregation has been tested within the model calibration phase to emulate a necessary strong



amplification of aggregation at the onset of nutrient limitation. However, it may still neglect

dynamic aspects including delays in aggregate formation. And despite the physiological and

ecological detail rarely considered en suite in state-of-the-art models, not all processes relevant

to achieve full consistency between observations and simulations, are taken into account. For

example, viral infection may influence phytoplankton mortality rate [13, 64] and variable sinking

velocity [111] can lead to a different reduction of Chla.

Processes shaping community dynamics: The phytoplankton dynamics in the model turns out

rather robust against ±20% variations in the most relevant parameters; large alterations were

only found for the simulated second bloom, which in particular is most sensitive against

changes in allometric coefficients of physiological traits (Figure S2). The importance of such

size scaling relationships on shaping the phytoplankton community structure and dynamics

was previously investigated by [98] using a predecessor model variant. Taherzadeh et al. also

demonstrated that physiological size constraints alone cannot provide realistic simulations of

phytoplankton size structure, which implies a high relevance of other mechanisms such as

selective grazing, aggregation and sinking. The extended model presented here confirms this

finding and emphasizes the role of such processes for shaping ecosystem dynamics especially

after the first spring bloom peak, which agrees with previous studies [4, 78, 114, 109]. Selective

grazing can reduce the ability of the strongest competitors to dominate the community, a

mechanism also been termed ”killing the winner” [101]. Ongoing grazing of intermediate size

species by copepods and of small ones by ciliates allows larger phytoplankton species to grow

despite their inferior uptake and growth capabilities. The balance between many size dependent

growth and loss factors, most of all nutrient uptake, growth and grazing, has led to coexistence

of most size classes in nearly all simulations.

Perturbations in nutrient and grazing levels: In the global ocean, intermittent enrichment of

surface water by deep water nutrients is one of the major natural perturbations affecting

phytoplankton growth and community composition. Such nutrient additions are generated by

various physical processes like internal waves, mesoscale eddies and vertical convective mixing

[66]. The injections can vary in their duration from hours to few days in coastal waters, and

to monthly or even longer periods in the open ocean [36]. Our nutrient injection experiments

emphasize the role of grazing in nutrient rich waters as major process buffering the effect of

nutrient addition and hence, keeping the size structure of the community within an observed

typical range [32]. Thus, although larger species gain an advantage under nutrient additions,

mesozooplankton limits their excessive growth. Conversely, small species with high area-

to-volume ratios and high nutrient affinity are in general favoured in oligothrophic oceans

[70].

Copepod mortality through consumption by higher trophic levels such as jellyfish and fish

larvae or juveniles often makes the second most important natural stressor influencing the lower

marine food-web [39]. The results of our individual stressor studies suggest that both, nitrogen

enrichment and copepod removal enhance the total net growth rate and biomass production

for all phytoplankton size classes, even though not with equal share. Concurrent application of



these two stressors indeed leads to higher positive net growth rate directly after exertion. The

growth stimulus is not additive, thus smaller than the sum of the effect of the single stressors. It

also triggers a major loss event by amplified aggregation about ten days after the perturbation,

and buffers a part of the environmental improvement to the subsequent period.

Role of trait responses: Buffered responses are different to the picture produced by the mono-

species model neglecting adaptive trait shifts. Here, the multiple stressors application does

not lead to sustaining positive growth effects. Persistent exploitation of growth stimuli even

during the nutrient deplete phase therefore seems to require a memory effect mediated by

steady re-organization of the phytoplankton community structure, which is most pronounced

under multiple stressors application. This finding emphasizes the usefulness of our size-

based modeling approach when assessing impacts of multiple stressors on the phytoplankton

community. The lack of response buffering through internal re-organization in the mono species

scenario results in excessive primary production, which subsequently is strongly counteracted

by zooplankton grazing mostly because the susceptibility of phytoplankton remains constant

over time. As a consequence, the mono-species phytoplankton compartment is much more

top-down controlled compare to multi-species case. Removing internal degrees of freedom not

only fails to track observed community size distribution in nature but also leads to the inability

of the simulated community biomass to respond realistically to sudden shifts in environmental

conditions.

When applied simultaneously, the two stressors act as a single intense perturbation event on

the multi-species community that was expected to result in a synergistic community response

[41]. However, our results show the opposite. The model outcomes demonstrate that, during the

initial phase the overall net effect of combined stressors on the community is similar to the one

of nutrient enrichment in isolation. Therefore, based on the additive model proposed by [17],

the combined stressor impact cancels single nutrient enrichment stressor effects, resulting in a

combined net effect smaller than the sum of individual stressors. About a week after exertion

of stressors, the net effect of multiple stressors on the total net growth rate and phytoplankton

biomass becomes larger than the sum of two single stressors, hence, combined stressors interact

synergistically on the response variables (Figure 3.6, bottom panel).

Our finding on the combined effect of two major environmental stressors for phytoplankton

growth points to a possibly more general temporal sequence of accompanying changes at the

community and ecosystem level. Over time, the response to nitrogen injection and copepod

removal switches from antagonistic to synergistic as traits evolve along a trade-off, here induced

by shifts in the size distribution that in turn affect nutrient usage ability and susceptibility to

copepod grazing. After a delay, the nutrient usage ability is higher under in ”removal” scenarios

compared to the ”pulse only” scenario. Likewise, edibility becomes lower in ”pulse” scenarios

comapred to the ”removal only” case. This positive cross-variation in the major interaction traits

mediates a temporal change in the interaction type.

From antagonism to synergy: This change from an antagonistic to a synergistic response is

also in agreement with previous studies. For example, the meta analysis of [19] indicated



that experimental duration might be associated with the interaction type, or [80] suggested

that the net effect is shifted from antagonistic to synergistic over the course of a six-year

experiment when analyzing the interaction between effects of nitrogen availability and CO2

addition on total plant biomass. In general, directly after exertion of any multiple stressor, new

environmental condition can restructure a community constrained by trade-offs. However, over

time competitive exclusion following resource depletion reduces the number of species such

that only a few (superior) species will manage to survive [81, 96, 15, 55]. Therefore, we observe

a synergistic interaction between multiple stressors resulting in a detrimental impact on the

diversity in the community.

Multi-stressor sensitivity explained by cross-over trait variation: A first major finding of this

study is the emergent proportionality between specific multi-stressor sensitivity and cross-over

variations in effective traits:

SMS ≈ CTV (3.5)

This relation can be theoretically justified using linear perturbation theory within the new formal-

ism introduced in this work. This framework thus proved ability to link single stressor effects

and trait dynamics to multi-stressor effects. It allows to identify possible determinants of the

non-linear interaction between stressor reactions with special focus on internal re-organization

of biological agents, which in turn is ruled by trade-offs . These trade-offs reflect bio–mechanic

constrains, related to morphology or bioenergetics. They are inherent in variations to interaction

traits, which in turn incorporate the response specific stressors such as the nutrient usage ability

(w.r.t. nutrient limitation) or the susceptibility to grazing. The two new measures SMS and CTV

may serve as powerful tools when understanding or even predicting often diverging responses

of complex systems under multiple stressors

Conclusion

Phytoplankton communities are increasingly subject to natural or anthropogenic stressors. As

effects of each stressor may vary due to the current state of eco-physiological traits and also

due to properties of the stressor itself (intensity and duration), it remains one of the most

challenging problems to determine the impacts of combined stressors on marine ecosystems.

The approach proposed in this study proved its ability to explain when impacts become additive

or non-additive. One prerequisite was a new size-based plankton model resolving major

dependencies of plankton growth and interaction rates. We specifically illustrated that a mono-

species model without size dependencies in eco-physiological traits does not have the ability

to track realistic responses of planktonic ecosystems to environmental changes. A second

prerequisite is our new formalism that features two measures of often puzzling multi-stressor

responses in complex systems: specific multi-stressor sensitivity and cross-trait variation. The

novel formalism helped to reveal that those two measures are closely correlated as apparent

from a systematic investigation of the influence of multiple stressors on a model plankton



community. The approach thus offers a way to mechanistically explain the variety of responses

and interaction types observed in natural systems with special consideration of community

re-organization.

Trade-offs between interaction traits can infer positive cross-variations over time such that

the impact of multiple stressors switches from antagonistic to synergistic. Our work highlights

role of the duration of experiments for the occurrence of synergistic responses. Thus, to be

more general, directly after exertion of any (positive) stressors, the newly created environment

can favor various groups of species leading to coexistence of different size classes. Later, as

conditions becomes severe only superior species are able to withstand and survive. Hence, we

observe a switch from antagonistic and synergistic interaction over time.

To sum up, our size-based model in combination with our new trait-based formalism can relate

community responses and trait shifts under imposed stressors, and can be used to understand

and assess the impacts of various multiple stressors on marine ecosystems.
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4
Interplay of ocean acidification with

zooplankton towards shaping phytoplankton
community

1

4.1. Abstract

Oceanic uptake of anthropogenic CO2, thus, consequent reduction in pH level of seawater,

known as ocean acidification, is considered as a crucial stressor affecting composition of marine

communities. However, net impact of elevated CO2 remains unclear, as experimental results

are equivocal and model studies rare. To gain more understanding about how planktonic com-

munities response to the expected end of century CO2 (∼ 380 µatm), we adopted a mechanistic

trait-based plankton, which includes size allometries in eco-physiological properties, such as

for trophic interactions or for the sensitivity of primary production to ocean acidification. The

model results compare well with a series of observations from long-term mesocosms experiment.

Our findings suggest that a significant impact of ocean acidification on the phytoplankton

community can only be observed under nutrient repletion. The model outcomes highlights the

key role of herbivorous grazers, which can either be reduced or promoted by increased CO2, as

the most important drivers controlling the structure of community under nutrient limitation

due to both direct/indirect effects. Zooplankton, directly via size-selective grazing determines

the phytoplankton community size structure and biodiversity or indirectly through nutrient

excretion into the surface layer extends growth of phytoplankton in time. Direct effects of ocean

acidification on the phytoplankton community can either be damped or amplified by indirect

effects through higher trophic levels. The positive effect of increased CO2 on the production of

total phytoplankton biomass is amplified by zooplankton community alteration, while changes

1Taherzadeh, N., Bengfort, M., and Wirtz, K. W. (2018). Interplay of ocean acidification with zooplankton
towards shaping phytoplankton community.
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in the phytoplankton size-structure are dominated by grazing effects, which act oppositely to

the direct CO2 effects.

4.2. Introduction

Reduction in the pH level of the seawater due to oceanic uptake of anthropogenic CO2, known

as ocean acidification (OA), is commonly believed to be a major thread for marine communities

associated with the ongoing climatic change [46]. Despite recent studies on assessing the effect

of OA on the phytoplankton [56, 105, 52, 61], it is still poorly known that how OA play a

role in shaping marine phytoplankton communities. Most of these studies are limited their

investigation to single or a few species, as experimental studies using natural communities

are difficult to run and therefore rare or likely too short to unravel system wide modifications

[73, 83, 87, 42]. Notwithstanding these caveats, most studies suggest that OA has a limited

direct impact on bacterial and plankton communities, especially, when compared to other

growth factors or to indirect OA effects. This finding has been substantiated by one of the

long-term mesocosms studies, which was conducted in a coastal site in Sweden, using natural

plankton communities [5, 44]. The study demonstrated a significant difference for phytoplankton

biomass under high pCO2 and low nutrient conditions that can not unambiguously be linked to

CO2 fertilization alone. An important difference is changes in the food-web structure, here the

increase of copepod biomass under high pCO2, most probably stimulated by enhanced growth of

their phytoplankton prey [99]. In addition, this study and a number of community experiments

point to larger differences of the response within the community as often pico-phytoplankton or

large diatoms were favored under high pCO2. Clearly, the quantification of such indirect effects

requires employment of mechanistic models. These models should also be able to represent

structural differences in the response as major driving factors for post-bloom plankton dynamics

such as for CO2-dependent primary production, nutrient uptake, and grazing (or its avoidance).

To analyze direct and indirect responses of the community to elevated pCO2, we adopted a

size-based phytoplankton model (Figure 3.1). We concentrated on simulating two size-selective

stressors, size-selective grazing and the (indirect) effect of CO2 fertilization. The aim of this

study is to quantitatively attribute observed changes in plankton dynamics in OA experiments

to either direct and indirect effects of CO2 on shaping phytoplankton communities.

4.3. Method and material

4.3.1. Model

We adopted the previously developed size-based model to systematically investigate the impacts

of ocean acidification on the size structure of marine phytoplankton communities (Figure 3.1).

Comprehensive description of model equations, parameterization and validation data is given



in Section ?? and Appendix B.

4.3.2. Numerical experiments

To test how the model reproduces the experimental results, we distinguish between four different

scenarios:

1. HCO2+HCop: High pCO2 conditions with mean zooplankton abundance from the five

treated mesocosms (indicated as red solid line in the following figures).

2. LCO2+LCop: Low pCO2 conditions with mean zooplankton abundance from the five

control mesocosms (blue solid line in figures).

3. HCO2+MCop: High pCO2 conditions with mean zooplankton abundance from all ten

mesocosms (red dashed line in Fig in Figures).

4. LCO2+MCop: Low pCO2 conditions with mean zooplankton abundance from all ten

mesocosms (blue dashed line in Fig in figures).

In order to analyze the impact of selective grazing and acidification on the phytoplankton

biodiversity, we looked at the evenness E, which is defined as normalized Shannon index [90]:

E = −∑n
i=1 pi ln(pi)

ln n
. (4.1)

Here pi is the proportion of individuals belonging to the ith class of species and n is the total

number of different size classes of species. E gives the uncertainty in predicting the species

identity of an individual that is taken at random from the dataset.

4.4. Results

4.4.1. The separate effects of grazing and acidification on

phytoplankton biomass

There are different studies investigating the effect of ocean acidification on meso-zooplankton

species. Some indicate a positive effect on meso-zooplankton abundances [37], some a negative

[65, 18, 91, 92]. Most studies agree that direct effects of ocean acidification on copepods for rea-

sonable pCO2 values are negligible. Nevertheless, indirect effects as changing food quality and

quantity might effect meso-zooplankton species abundance. Without modeling the underlying

mechanisms in detail we are able to investigate the direct effects of grazing and acidification

on the phytoplankton community. This will help us to understand and estimate the potential

impact of the combination of both stressors. In the Kristineberg experiment, copepods and



ciliates have a higher and lower biomass respectively, during the second Chla bloom in elevated

CO2 experiments than in the control mesocosms (see Fig. 4.1).

(a)

(b)

Figure 4.1.: Biomass comparison of copepods and ciliates observed in Kristineberg mesocosms
experiment. Solid lines represent mean of each five treated and controlled mesocosms.
Dashed line indicates the mean biomass calculated from all 10 mesocosms. Data was interpo-
lated linearly.

Figure 4.2 displays the simulated biomass distribution for the phytoplankton community

over time. The positive values in the left figures refer to the case that, a simulation with high

pCO2 conditions and high copepod concentration results in an increment of biomass, while

negative values indicate the opposite case. The model outcome without zooplankton (Figure

4.2, b) shows that the zooplankton keeps nutrients and biomass in the system. Without them the

particulate organic nutrient pool is depleted soon after the first bloom due to detritus sinking



and hence, no second bloom occurs. The dominant phytoplankton species have a medium size

(∼ 2.7µm logESD) because of their high µmax and being the maximum size class for mixotrophic

grazers in the model. For the case where zooplankton grazes on phytoplankton, but does not

excrete any nutrients into the system (Figure 4.2 c), the second phytoplankton bloom is not as

pronounced as in the experimental observations. All simulations demonstrate that large species

benefit from high pCO2 during the first bloom. The higher amount of biomass results in a higher

biomass reduction due to aggregation. Therefore, we observe negative effects of elevated pCO2

on phytoplankton biomass directly after the first bloom. This effect is more strong for medium

sized phytoplankton species.



Phytoplankton biomass Difference in biomass
(mmol C m−3)

(a) Biomass distribution for scenario LCO2+LCop

(b) Same parameters as in Fig. a, but no zooplankton.

(c) Same parameters as in Fig. a, but no nutrient excretion by zooplankton (εN = εP = 0).

Figure 4.2.: Impact of zooplankton on the phytoplankton biomass distribution. Left: scenario
LCO2+LCop with data from control mesocosms for pCO2 and grazers. Right: Difference
between scenario LCO2+LCop and HCO2+HCop.

The amplifying effect of copepods on phytoplankton biomass during the second bloom

of the experiments is shown in Figure 4.3. In the case of scenario 3 (HCO2+MCop) and 4

(LCO2+MCop) (dashed lines in Figure 4.3), the difference in Chla concentration is caused by

higher phytoplankton growth under elevated pCO2 conditions. This effect is even amplified in

scenario 1 (HCO2+HCop) and 2 (LCO2+LCop) (solid lines in Figure 4.3), as the higher copepod



biomass results in an increased nutrient input in the high pCO2 scenario. Nutrient excretion by

zooplankton is proportional to their biomass. Therefore, copepods have a much stronger effect

on the total phytoplankton biomass than ciliates.

Figure 4.3.: Chla concentration during the second bloom. Dashed lines indicate simulations with
different pCO2 conditions but the same values for zooplankton biomass. This zooplankton
biomass is obtained from the mean of all 10 mesocosm experiments. Simulations plotted with
solid lines were run with mean zooplankton data from treated or control mesocosms only.

4.4.2. Changes in the community size structure and biodiversity

In the previous section, we presented that copepods have a positive effect on the total phyto-

plankton biomass. As copepods do not only consume phytoplankton but also ciliates, which

in turn are predators of smaller phytoplankton species, the effect of changing abundance in

grazers on the size distribution of the phytoplankton community is more difficult to analyze.

Figure 4.4 shows how the temporal mean of the relative biomass of small phytoplankton species

(ESD < 9µm) changes for different pCO2 conditions and grazing scenarios. The left of the x-axis

hereby represent the scenario with low copepod and high ciliat concentration taken from the

experiments under low CO2 conditions (see Fig. 4.1). The right side of the x-axis represent the

scenario with high copepod and low ciliate concentration. In the middle of the x-axis we used

the mean zooplankton concentration from all 10 mesocosm experiments. pCO2 is kept constant

on different values (y-axis) during the single simulations. The relative biomass of small species

decreases with increasing CO2 pressure. This is caused by the fact that, large species have the

strongest direct benefit from increased pCO2 in our model. An increase of copepods leads to

a decrease in ciliates biomass, the reduced grazing pressure on small phytoplankton species

enables an increase of their biomass as well. If small species benefit from this indirect effects,

large species have a disadvantage as they compete for the same nutrients. In terms of direct CO2



effects, major changes occur for low values of pCO2. The model outcome suggests that, above

approximately 500 µatm any further increase of pCO2 will not result in significant direct effects.

Direct effects are even more stronger, if we simulate a change to preindustrial CO2 conditions

(< 300 µatm).
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Figure 4.4.: The temporal mean of relative biomass of species smaller than 9 µm ESD for different
pCO2 conditions and grazing scenarios.

In our reference scenarios we observe that, initially evenness increases as phytoplankton

biomass increases. This is independent from CO2 treatment and grazing as long as nutrients are

available and predators are rare. In the high pCO2 scenario with high copepod concentration

evenness reaches higher values than under low pCO2 conditions (Figure 4.5). Using the same

grazing pressure for both scenarios, the difference between the high and low pCO2 scenario

is very small and opposite to the scenarios with different copepod concentrations under high

and low pCO2 conditions. Large species benefit from increased pCO2 independent from the

predator biomass used for the simulation. Consequently, the relative biomass of small species

decreases with increased pCO2 if the same predator concentrations are used in both scenarios

(see Figure 4.4). If copepods increase their biomass with increasing pCO2, as it was the case in the

Kristineberg experiments, the direct CO2 effect on the phytoplankton community distribution

can be damped or even inversed by the reduced grazing pressure from ciliates. When small

species grow under nutrient depleted conditions, mixotrophic grazing transports biomass to

larger size-classes. This leads to an increased evenness under high copepod concentrations (Fig.

4.5).



Figure 4.5.: Evenness, E, as index for biodiversity calculated in simulations for different grazing
forcings in high and low pCO2 scenarios.

4.5. Discussion and conclusion

Despite the fact that, we used the mean data from all CO2 enriched and control mesocosms

respectively, the individual experiments performed a bit differently in each case. Our finding

that, copepod biomass increases the total phytoplankton biomass in case of nutrient depletion

during the second bloom, remains true for the individual experiments as well. Looking at

measurements from individual mesocosm experiments instead of mean results from treated and

untreated mesocosms, we see that there is a positive correlation between Chla concentration and

copepod abundance during the second bloom (Appendix C, Figure C.1.1). This correlation seems

to be independent from the CO2 treatment. In general, grazers have a negative effect for species

that fit in their feeding kernel, but they can have a positive effect for the total phytoplankton

biomass. Following our stressor definition, zooplankton are more a subsidy than a stressor for

the phytoplankton community in the system we have studied here. While, an increased CO2

pressure caused by anthropogenic climate change follows the classic stressor definition.

In terms of size structure within the phytoplankton community, our model indicates an

increase of larger species biomass with increasing atmospheric pCO2. Although, the model

reproduces the general pattern in the biomass development of Coscinodiscus sp., the timing

of the blooms is shifted in relation to the measured data. In addition, the model seems to



overestimate the amplitude of these blooms (Appendix C, Figure C.2.1). This is partly may be

due to the model results showing the biomass of all species larger than 200 µm ESD, while the

data point are calculated only from Coscinodiscus sp. abundance. Therefore, a direct comparison

of simulated relative biomass of Coscinodiscus sp. (see Fig. 4.5) with empirical data is difficult

and would probably lead to a misinterpretation of the results. In summary, our simulations

suggest that, zooplankton not only changes the phytoplankton community size distribution by

selective grazing, but promotes phytoplankton growth by providing nutrients.

Large phytoplankton species dominate blooms, because they benefit most from direct CO2

effects and do not suffer from grazing. This direct effect can be outreached by indirect effects

like a decrease of ciliates through intermediate grazing, which favors small phytoplankton

species. This is in line with previous results form experimental data analysis by Langer et al.
[54] who conclude that top-down effects from predators, rather than bottom-up effects from

food source determine the composition of small-sized plankton communities. Indirect effects

of copepods on microphytoplankton and bacterial communities via a trophic cascade have

been studied in detail by Zöller et al. [115]. Similar mesocosms experiments in Finland in 2015,

showed comparable results [75]. Paul et al. demonstrated that the positive effect of increased

pCO2 on the chlorophyll concentration is caused by organic matter which is longer available

as a nutrient pool for phytoplankton under high pCO2 than under current conditions. They

correlate this observation with a decreased respiration and bacterial production rate under acid

conditions. The complexity arising from interactions on different trophic levels makes it difficult

to extrapolate the results from small-scale experiments or simulation to larger scales. In order to

evaluate the effect of climate change on the plankton community, it is important to point out

that ocean acidification is not an alone-standing effect. Rather, it is accompanied by an increase

in temperature, which is supposed to have a strong effect on most species [76].
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General conclusion

Phytoplankton communities are increasingly subject to natural or anthropogenic stressors. As

effects of each stressor may vary due to the current state of eco-physiological traits and also due

to properties of the stressor itself (intensity and duration), it remains one of the most challenging

problems to determine the impacts of combined stressors on marine ecosystems. The main aim

of thesis was to understand the influence of these stressors on the phytoplankton community by

systematically assessing the underlying mechanisms and eco-physiological traits and trade-offs

between them. For doing so, a trait-based modeling approach as a powerful tool to link trait

changes to temporal variability in environment have been used with phytoplankton cell size

as a key trait linking other major eco-physiological traits. As it is not possible to investigate all

types of stressors, for this work nutrient enrichment, grazer removal, elevated CO2 and selective

grazing have been selected as major stressors threatening the community.

This thesis explicitly for the first time considered the uncertainties in underlying scaling

rules and systematically investigated the importance of size scaling of each eco-physiological

trait in ecosystem models. Using a size-based multi species nutrient-phytolankton-detritus

model forced periodically by deep nutrient rich water, in particular it is found that the diatom

community mean size and size diversity follow a unimodal distribution across nutrient mixing

periodicities. Conversely, when all taxonomic groups are considered the model always reveals

dominance of smaller species regardless of any nutrient/mixing regime. The lower nutrient

subsistence demand of larger diatoms is indicated as a key trait sustaining them at intermediate

mixing periodicities and high maximum growth rate of smaller cells as the main determinant of

their success at too stable and too unstable environments. Non-uniform scaling in maximum

growth rate is revealed to be crucial in preventing dominance of unrealistically small (diatoms)

species. However, for the all marine phytoplankton species community, it is found that non-

uniformity alone can not alleviate the lack of larger phytoplankton, which reflects weaker

influence of allometries of minimum and maximum quotas or lacking of other possible processes

such as sinking, grazing, aggregation and etc (chapter 2).

Extending the previously developed model to resolve multi-species phytoplankton-nutrients-

detritus-zooplankton dynamics within the upper mixed layer and introducing mentioned

missing processes, this work aimed to address the influence of simultaneously occurring multiple

stressors, nutrient enrichment and grazing removal, on the phytoplankton community. A novel
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approach proposed here to link community net growth rate to shift in the environmental

conditions and correlating it with trait-mediated adaptive response helped to assess why and

when non-additive interactions are observed. In this approach we introduced two new terms:

cross-trait variation (CTV) and the specific multi-stressor sensitivity (SMS) to assess the multi-

stressors dynamics. Result of various numerical stressor experiments in this study with distinct

intensities nutrient pulses and copepod removals reveals a striking pattern in the relation

between the CTV and the SMS. First, both the SMS and CTV increase over time and the SMS

switches from antagonistic to synergistic few days after parallel application of the two stressors.

The results also highlight a relatively uniform relationship between CTV and SMS throughout

time, independently whether nutrient or grazing stress has been varied. Synergistic effects

exclusively occur at positive cross-variations in traits, thus when effective traits shift to higher

values under application of complementary stressors, which here means increased nutrient

usage ability under grazing removal and increased grazing susceptibility under nutrient pulses.

This work demonstrated that synergistic effects need time to evolve, thus highlighting the role

of duration of experiment. This thesis moreover emphasis on the importance of size-based

models as a mono-species model without size differentiation does not have the power to track

shifts in environment and thus, adaptation of species to their habitats to maintain community

composition as observed in nature (chapter 3).

In this thesis, it is in particular found that ocean acidification has significant impact on the

phytoplankton community only under nutrient replete condition. It is also pinpoint the critical

role of herbivorous grazers as the most important drivers controlling the structure of community

under nutrient limitation due to its both direct/indirect effects. Zooplankton, directly via size-

selective grazing determines the phytoplankton community size structure and biodiversity or

indirectly through nutrient excretion into the surface layer extends growth of phytoplankton in

time. Direct effects of ocean acidification on the phytoplankton community is shown that it can

be damped or amplified by indirect effects through higher trophic levels. The positive effect of

elevated CO2 on the production of total phytoplankton biomass is amplified by the changes in

zooplankton community, while alteration in the phytoplankton size-structure are dominated by

grazing effects, which act oppositely to the direct CO2 effects (chapter 4).

The model presented in this thesis contain simplifications and assumptions as any model,

but powerful enough to capture real community dynamics as observed in long term outdoor

Kristineberg mesocosms experiments. In addition, all numerical experiments are chosen as

close to events observed in nature. To sum up, this work with the presented size-based model

(validated with data) and performed numerical experiments, is the first modeling study which,

mechanistically and systematically investigated the impact of interplay of stressors and phyto-

plankton physiological properties on shaping the community size structure. This trait-based

framework can be further be used to understand and assess the impacts of other multiple

stressors such as global warming threatening marine ecosystems.
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Marı́a Algueró-Muñiz, Bora Nam, Eric P. Achterberg, Ulf Riebesell, Maarten Boersma,

et al. Community barcoding reveals little effect of ocean acidification on the composition

of coastal plankton communities: Evidence from a long-term mesocosm study in the

gullmar fjord, skagerrak. PloS one, 12(4):e0175808, 2017.

[55] Karl-Erich Lindenschmidt and Ingrid Chorus. The effect of water column mixing on

phytoplankton succession, diversity and similarity. Journal of Plankton Research, 20(10):

1927, 1998. doi: 10.1093/plankt/20.10.1927. URL +http://dx.doi.org/10.1093/plankt/

20.10.1927.
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A
Appendix I

A.1. Equilibrium solution to the size-based multi-species

model

According to the resource competition theory, the species with the smallest equilibrium external

nutrient concentration (Nut∗) is the winner of resource competition [103]. Equilibrium solutions

of similar differential equation systems describing phytoplankton growth with variable internal

stores have been presented previously (e.g., [23] and [49]), but as our model slightly differs

from those previous models, here we present a steady-state analysis of our model too. The

equilibrium nutrient quota is obtained by setting the differential equation of phytoplankton to

zero:

dPhyi
dt

= µi(Qi, I)Phyi − (m + D) Phyi = 0 (A.1)

µi(Q∗, I∗) = m + D (A.2)

where i=1, 2,..., 29 is the number of species, Q∗ (mol-N mol-C-1) and I∗ (W m-2) represent the

equilibrium nutrient quota and light intensity; respectively. After substituting growth function

(Equation (A.2)) into Equation (A.1) and some rearrangements, we obtained the equilibrium

nutrient quota as following:
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m + D =

(
µmax,i Qmax,i

Qmax,i −Qmin,i

)(
1− Qmin,i

Q∗i

)(
I∗

KI + I∗

)
(A.3)

Q∗i =
µ
′
i Qmin,i

µ
′
i − (m + D)

, with: (A.4)

µ
′
i =

(
µmax,i Qmax,i

Qmax,i −Qmin,i

)(
I∗

KI + I∗

)
(A.5)

Finally, by setting the quota change over time to zero and substituting the growth function

from Equation (A.2) into Equation (A.7), the Nut∗ is calculated as:

dQi

dt
= νi(Nut, Qi)− µi(Qi, I)Qi = 0 (A.6)

νi(Nut∗, Q∗i ) = µi(Q∗i , I∗)Q∗i (A.7)

(
vmax,i Nut∗ Ai

vmax,i + Nut∗ Ai

)(
Qmax,i −Q∗i

Qmax,i −Qmin,i

)
= µ

′
i

(
1− Qmin,i

Q∗i

)
Q∗i (A.8)

vmax,iµ
′
iQ
∗
i − µ

′
iQmin,ivmax,i

vmax,i AiBi − µ
′
iQ
∗Ai + Qmin,iµ

′
i Ai

= Nut∗i , with: (A.9)

Bi =
Qmax,i −Q∗i

Qmax,i −Qmin,i
(A.10)

Employing our model size-based physiological traits (vmax, µmax, A, Qmin and Qmax) (Di-

L0) and physical parameters in the Equation (A.9) always result in the lowest Nut∗, thus, the

unconditional dominance of small cells.
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Figure A.1.1.: Equilibrium nutrient concentration over phytoplankton cell size for different
values of equilibrium light intensity (Di-L0).
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Figure A.2.1.: Comparison between simulation time of 1000 days and long term (10000 days)
for change of diatom community mean cell size and size diversity (Di-NL, Nutin= 60
mmol-N m-3).
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Figure A.3.1.: Change of diatom community mean size (a, c) and size diversity (b, d) over
various inflow nutrient concentrations and mixing intervals for the Di-L0 scenario (a-b) and
Di-NL scenario (c-d).



B
Appendix II

B.1. Model description

Phytoplankton specific production rate (µi) for group ”i” in the model is a function of light

intensity, temperature, internal nutrient quotas and CO2 (Table B.2, Eq.1). All metabolic rates

and remineralization rate of detritus increase with rising temperature following the Q10 equation

or Van’t Hoff rule, resp., ( fT) (Table B.3, Eq.1) [69]. Nitrogen and phosphorous are in the model

regarded as limiting nutrients of primary production and the growth rate dependency on

their intracellular stores is defined by the Droop function (qN,i and qP,i) (Table B.1, Eq.3-4).

Co-limitation by the two nutrients quotas is described by a normalized multiplicative type

function(Table B.1, Eq.2) [113]. Light limitation ( fPAR,i) follows a cumulative one-hit Poison

distribution including photoinhibition [77]. This light response function also depends on cell

size, temperature, and CO2 (Table B.1, Eq.5). The average light intensity (PAR) over the mixed

layer is obtained by the Lambert-Beer law (Table B.1, Eq.18) resolving the attenuation of light

due to background particles and phytoplankton biomass (Table B.1, Eq.17) [45]. Furthermore,

the rate limitation by sub-optimal carboxylation( fCO2,i) is specified by a biophysically explicit

description for carbon uptake as a function of cell size adopted from [110] and simplified by

[72] (Table B.3, Eq.6).
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Table B.1.: Model equations. Auxiliary variables and parameters are described in Table B.2−
B.7. The subscript i distinguishes phytoplankton size classes and j the three zooplankton
classes.

State variable Dynamical equation Unit

1. Phytoplankton biomass
dPhyi

dt
= (µi − A− Ri − Si)Phyi − Gi + (εmGm,i −

im
max
∑

k=i
Gmk)Phyi mmol-C m-3

2. Cell nitrogen quota
dQN

i
dt

= VN
i − (µi − Ri)QN

i mol-N mol-C-1

3. Cell phosphorous quota
dQP

i
dt

= VP
i − (µi − Ri)QP

i mol-P mol-C-1

4. Ciliates biomasses (Zj=1,2)
dZj=1,2

dt
= y

n
∑

i=1
GrazijD

reg
j −Grazj3Dreg

3 −mjZ2
j mmol-C m-3

5. Copepod biomass (Zj=3)
dZj=3

dt
= y

n
∑

i=1
GrazijD

reg
j −mjZ2

j mmol-C m-3

6. N-content of detritus (DetN)
dDetN

dt
=

n
∑

i=1
(A · PhyQN

i )− (φ fT +
νd

MLD
)DetN + (1− y)

n
∑

i=1
GiQN

i + (1− εm)
n
∑

i=1
Gm, Q

N
i +

3
∑

j=1
mjZ2

j QZ,N
j † mmol-N m-3

7. P-content of detritus (DetP)
dDetP

dt
=

n
∑

i=1
(A · PhyQP

i )− (φ fT +
νd

MLD
)DetP + (1− y)

n
∑

i=1
GiQP

i + (1− εm)
n
∑

i=1
Gm,iQP

i +
3
∑

j=1
mjZ2

j QZ,P
j † mmol-P m-3

8. Nitrogen conc. (N)
dN
dt

= φ fTDetN −
n
∑

i=1
(VN

i · Phyi) + εN
3
∑

j=1
Zj mmol-N m-3

9. Phosphorous conc. (P)
dP
dt

= φ fTDetP −
n
∑

i=1
(VP

i · Phyi) + εP
3
∑

j=1
Zj mmol-P m-3

†These terms are replaced with (1− y)
2
∑

j=1
Grazj3Dreg

3 QZ,N
j and (1− y)

2
∑

j=1
Grazj3Dreg

3 QZ,P
j respectively,

where zooplankton is assumed as external forcing, i.e, not dynamically resolved.

Phytoplankton biomass removal is driven by aggregation (A), size dependent respiration (Ri),

sinking (Si), grazing by strict heterotrophs (Gi) and mixotrophic grazing (Gm,i). Phytoplankton

cells and/or detritus particles are assumed to form aggregates that are rapidly exported from

the system (Table B.2, Eq.5). The strength of aggregation is in our model controlled by a

dimensionless auxiliary variable for the concentration of transparent exopolymeric particles

(TEP). Concentration of TEP is here suggested to depend on the temporal derivative of the

internal nitrogen quota (Q̇N) of phytoplankton according to a sigmoid function (Table B.3, Eq.7).

This formulation reflects the correlation between TEP formation and carbon overconsumption,

the latter being accompanied with a rapid decline in nutrient quotas. The respiratory loss

of each size class or species, resp., is proportional to its nutrient uptake rate (Table B.2, Eq.4)

[79, 3]. Sinking of individual species is described by a modified Stoke’s law function adopted

from [111], which takes into account positive buoyancy of larger cells (Table B.1, Eq.6). Size

dependent grazing of zooplankton on phytoplankton follows a normal distribution function

centered around an optimal prey size (L∗). Furthermore, smaller phytoplankton are assumed to

be grazed by mixotrophic phytoplankton with larger cell size (Table B.2, Eq.8).



Table B.2.: Primary production related rates. Parameters are described in Table B.3 − Table B.7.
Description Rate Unit

1. Growth rate µi = µmax,i · fT · fQ,i · fPAR,i · fCO2,i d-1

2. N-uptake rate VN
i (N, QN

i ) = vN
max,i · fT ·

(
N · AN

i
vN

max,i + N · AN
i

)
· (1− qN,i) mol-N (mol-C d)-1

3. P-uptake rate VP
i (N, QP

i ) = vP
max,i · fT ·

(
P · AP

i
vP

max,i + P · AP
i

)
· (1− qP,i) mol− P(mol-C d)-1

4. Respiration rate Ri = R∗VN
i (N, QN

i ) d-1

5. Aggregation rate A = A∗TEP · (
n
∑

i=1
PhyiQ

N
i + DetN) d-1

6. Sinking rate Si = e
−0.5

(qN,i · qP,i

0.452

)2

· e(0.5Li) · νs

MLD
d-1

7. Grazing rate Gi =
3
∑

j=1
Grazij · Zj · D

reg
j d-1

8. Grazing on ciliates GCil = Imax,3 · g3
ρc3Z1,2

F3
Z3Dreg

3 d-1

9. Mixotrophic grazing Gmi = Θ(Li)Im
maxGmax

m
i

∑
k=i−∆m

Phyk

Hm +
i

∑
k=i−∆m

Phyk

d-1

10. Switching under low nutrient conditions Gmax
m = 1−

(
1 + e(−20(µi−0.02))

)−1
d-1

11. Size limitation for mixotrophic grazing Θ(Li) =

{
1 ifLi < 2.8
0 else

Internal nutrients pools are filled by nutrient uptake as formulated by the Monod function

[71] and reduced because of dilution by growth (Table B.1, Eq.2−3). Nutrient uptake increases

with ambient nutrient concentration and is down-regulated when the intracellular pool reaches

a maximum (Qmax) (Table B.3, Eq.2−3). Changes in ciliate biomass reflect an imbalance

between growth due to grazing on small size phytoplankton and grazing by copepod and

density dependent mortality (Table B.1, Eq.4). Copepod biomass in the model increases due to

grazing on phytoplankton and reduces as a result of density dependent mortality (Table B.1,

Eq.5). Particle aggregation and sloppy feeding of zooplankton fuel the detritus pools, while

organic matter is remineralized to inorganic nutrients and removed from the surface ocean by

sinking (Table B.1, Eq.6−7). Finally, ambient nutrient pools are reduced because of uptake by

phytoplankton and replenished through remineralization of detritus and zooplankton excretion

(Table B.1, Eq.8−9). For related functions and parameters value please see Table B.3−B.7.



Table B.3.: Model sub functions and related variable parameters.

Description (Source) Symbol Function Unit

1. Temperature dependency [69] fT Q

T − Tref

10
10

2. Co-limitation [113] fQ,i
qN,i · qP,i

0.5(qN,i + qP,i)

3. Internal nitrogen quota dependency [22] qN,i
QN

i −QN
min,i

QN
i

4. Internal phosphorous quota dependency [22] qP,i
QP

i −QP
min,i

QP
i

5. Specific light limitation [77] fPAR,i

(
1− e

−
αPARPAR

µmax,i · fCO2,i · fT

)
· e
−

βPARPAR
µmax,i · fCO2,i · fT

6. CO2 dependency [110, 72] fCO2,i
1− e−aCO2 ·CO2

1 + a∗e(Li−aCO2 ·CO2)

7. Transparent Exopolymer Particles TEP TEPmin
1− TEPmin

1 + e(B∗Q̇N+B∗offs)
mmol-C m−3

8. Functional response [111] gj 1− e−xj

9. Food processing ratio [111] xj
Azoo · Fj

Imax,j

10. Potential grazing rate of grazer Zj on prey Phyi [111] Grazij Imax,j · gj ·
ρij · Phyi

Fj
d-1

11. Down regulation [111] Dreg
j

(
1 + e

−

n
∑

i=1
Grazij − Gmin

0.05

)−1

12. Optimal ingestion rate [111] I∗max,j I°
max fT · e(α+(2−α)L∗j +(α−3)Lj) d-1

13. Maximum ingestion rate [111] Imax,j I∗max,j · e
−sj(L∗j−〈L

′〉j)2
d-1

14. Effective food concentration [111] Fj


Fj=1,2 =

n
∑

i=1
Phyi · ρij

Fj=3 =
n
∑

i=1
Phyi · ρi3 +

2
∑

j=1
Zj · ρj3

mmol-C m−3

15. Average food size [111] 〈L′〉j


〈L′〉j=1,2 =

2
∑

j=1
Phyi · ρij · Li/Fj=1,2

〈L′〉j=3 = (Phyi · ρi3 · Li +
2
∑

j=1
Zj · ρj3 · Lj)/Fj=3

logeESD (µm)



Table B.4.: Model sub functions and related variable parameters (continue).

Description (Source) Symbol Function Unit

16. Variable MLD MLD(t)
0.4 + 0.6

(1 + e(0.2(t−tdelay)))))
m

17. Background turbidity [45] k ε · (
n
∑

i=1
PhyiQi) + κ d-1

18. Average light intensity within MLD [45] PAR
PAR0

MLD

MLD´
0

e−k·z′dz′ =
PAR0

k ·MLD
(1− e−k·MLD) µmol m-2s-1

19. Total phytoplankton biomass PhyT

n
∑

i=1
Phyi

20. Community mean cell size 〈L〉 20. 1
PhyT

n
∑

i=1
Li · Phyi logeESD (µm)

21. Community size diversity δL 1
PhyT

n
∑

i=1
(Li − 〈L〉)2 · Phyi logeESD (µm)

22. Variable Copepod body size Lj=3
0.6 + 0.4

(1 + e(0.2(t−tdelay)))
logeESD (µm)

24. Chlorophyll a Chla ΘN
n
∑

i=1
PhyiQ

N
i + ΘC

n
∑

i=1
Phyi mg-C m-3



B.1.1. Model parameters

Table B.5.: Parameters used in the reference run
Symbol Value Unit Description

Li loge ESD µm Phytoplankton cell size
A∗ 0.2 d-1 Maximum aggregation rate
B∗ 15 mol-N (mol-C d)-1 TEP related coefficient
B∗offs 3.5 TEP related coefficient
TEPmin 0.07 TEP related coefficient
R∗ 3 mol-C mol-N-1 Respiratory C cost of N assimilation for phytoplankton
νs 0.05 m d-1 Settling velocity of phytoplankton
αPAR 0.024 µmol phot-1m2d Light absorption
βPAR 0.002 µmol phot-1m2d Coefficient for photoinhibition
aCO2 0.013 µatm-1 Carbon acquisition
a∗ 0.02 µm-1 Carboxylation depletion
Lj=1,2 2.8,3.8 loge ESD µm Zooplankton body size
Lj=3 6.2 loge ESD µm Copepod maximum body size
L∗j 1.2,1.2,3 loge ESD µm Optimal prey size for zooplankton class j
I°
max 173 d-1 Imax at Lj = L∗ = 0

αIm,0 0.2 Size scaling exponent of I∗max
α αIm,0(Lj + L∗j ) Zooplankton maximum ingestion rate related parameter
sj 2.5,2.,2.2 loge ESD (µm)-2 Selectivity of zooplankton j

ρij e−sj(L∗j−Li)
2

Preference of grazer Zj for prey Phyi

ρj3 e−s3(L∗3−Lj)
2

Preference of grazer Z3 for prey Zj=1,2

Azoo 0.2 m3(mmol-C d)-1 Grazing affinity for algal food
y 0.3 Zooplankton growth efficiency
Rzoo 0.3 mmol-C m-3 Specific activity respiration of grazing
εm 0.2 Specific C overconsumption/release
Im
max 0.9 d-1 Maximum ingestion rate for mixotrophic grazing

∆m 3 Number of size classes with Li ≤ Lk consumable by species k
mj=1,2,3 0.02, 0.02, 0.005 d-1 Zooplankton mortality rate
Gmin

Azoo·Rzoo
y d-1 Min. harvesting rate at which grazing starts

Table B.6.: Parameters used in the reference run
Symbol Value Unit Description

Tref 10 °C Reference temperature
κ 0.2 d-1 Background turbidity
ε 0.05 m2mmol-N-1 Light attenuation due to phytoplankton biomass
φ 0.003 d-1 Remineralization rate of detritus
νd 1 m d-1 Detritus sinking velocity rate
Q10 2 (phy.), 2.4 (zoo.) Rate increase at 10 °C temperature rise
QN

Z 0.3 mol-N mol-C-1 Zooplankton internal nitrogen quota
QP

Z 0.03 mol-P mol-C-1 Zooplankton internal phosphorous quota
εN 0.01 mmol-N(mmol-C d)-1 Zooplankton nitrogen excremention parameter
εP 0.0001 mmol-P(mmol-C d)-1 Zooplankton phosphorous excremention parameter
ΘN 1.1 mol Chlamol-N-1 Chla to nitrogen ratio
ΘC 0.006 mol Chlamol-C-1 Chla to carbon ratio



B.2. Allometric relationships of physiological traits

Table B.7.: Size scaling of physiological parameters for phytoplankton adapted from [29] and
[63]. The subscript ’i’ represents each phytoplankton species, V is the phytoplankton cell
volume and L the natural logarithm of Equivalent Spherical Diameter.

Description Parameter Original Value Original unit Final value Final unit

Min. cell N-quota QN
min 10−9.3V0.77

i pg-N cells-1 0.032e−0.33L mol-N mol-C−1

Min. cell P-quota QP
min 10−10.6V0.79

i pg-P cells-1 0.002e−0.27L mol-P mol-C−1

Max. cell N-quota QN
max 10−8.5V0.9

i pg-N cells-1 0.183e0.06L mol-N mol-C−1

Max. cell P-quota QP
max 10−9.5V0.89

i pg-P cells-1 0.018e0L mol-P mol-C−1

Max. N-uptake rate vN
max 10−8.V0.8

i µmol-N (cell d)-1 0.619e−0.24L mol-N (mol-C d)-1

Max. P-uptake rate vP
max 10−9.V0.8

i µmol-P (cell d)-1 0.062e−0.24L mol-P (mol-C d)-1

N affinity AN 10−7.5V0.78
i L (cell d)-1 1.983e−0.3L m3 (mmol-C d)-1

P affinity AP 10−7.8V0.78
i L (cell d)-1 0.994e−0.3L m3 (mmol-C d)-1

Cell carbon content Qc 10−0.69V0.88
i pg-C cell-1 0.116e2.64L mol-C cell-1

Max. growth rate Vcell < 500 µm3
µmax

10−0.17V0.035
i d-1 0.658e0.105L

d-1
Max. growth rate Vcell > 500 µm3 10−0.03V−0.02

i 0.963e−0.06L
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Figure B.2.1.: Allometric relationships used in the model for major growth-nutrient uptake
parameters given in Table B.7.



B.3. Multi-stressors effect

B.3.1. Specific multistressor effect size

We here introduce a generic formalism to describe stressor effects in complex systems such as

phytoplankton communities or marine food-webs. The formalism specifically aims at relate

(known) single stressor effects and trait dynamics to (unknown) multi-stressor effects. For

doing so, we pinpoint possible determinants of the non-linear interaction between stressor

reactions with special focus on internal re-organization of biological agents, termed adaptive

trait dynamics, and the trade-offs ruling that dynamics.

Consider a –sudden– shift in the external variable or stressor, resp., En, which triggers a

shift in the target variable µ (e.g. growth rate, or biomass) from the unperturbed value µ0

(∆µ = µ− µ0):

∆nµ =
δµ

δEn
∆En (B.1)

where the differential
δµ

δEn
formally expresses how sensitive µ reacts to external changes. In

case of two simultaneous stressors ∆En, ∆Em, we write the linear (Taylor) expansion of the total

effect:

∆nmµ =
δµ

δEn
∆En +

δµ

δEm
∆Em +

δ2µ

δEnδEm
∆En∆Em (B.2)

While the first terms can be related to single stressor effects which may be known from lab

experiments, the last term describing the combined sensitivity to both stressors n and m is in

general given neither from theory nor experiments. This sensitivity is here termed the specific

multi-stressor sensitivity (SMS) :

SMS =
δ2µ

δEnδEm
(B.3)

Under the (rough) approximation that the observed single stressor shifts ∆µn and ∆En are

similar to the respective contributions in the multi-stressor case,

δµ

δEn
=

∆µn

∆En
(B.4)

we obtain an expression for the specific multi-stressor sensitivity depending on (observed/-

known) single–stressor responses ∆µn and ∆µm:

SMS =
∆µnm − ∆µn − ∆µm

∆En∆Em
(B.5)

SMS is zero for additive effects, positive for synergistic and negative for antagonistic effects.



B.3.2. Effective interaction traits

The interaction trait xn with respect to stressor n is defined as the sensitivity of the growth rate

wrt the (perturbed) environmental variable En

xn =
∂µ

∂En
(B.6)

Note the similarity of the trait definition Eq. B.6 to the effect relation Eq. B.1. The first

equation formally describes how the target variable (here growth rate µ) depends on marginal

changes in an ambient factor, while the second quantifies the (again marginal) realized effect of µ

when shifting that factor. Their respective value must not necessarily coincide because system

effects such as compensation, synergies, adaptation will lead to a divergence between the formal

dependency
∂µ

∂En
and the phenomenological dependency

δµ

δEn
.

Eq. B.6 in particular offers a simple and reasonable way of how to define effective trait

variables. For example, if En denotes the grazer pressure, which in turn relates with predator

concentration (Z), such that the growth rate includes a mortality term proportional to this

concentration (-g′Z), xZ is the negative proportionality factor, thus grazing rate per unit grazer

(-g′). The factor is in general formulated as the product of edibility and relative ingestion rate,

and is here termed the susceptibility to grazing.

In the second case considered in our study, Em denotes the nutrient concentration (Em = N);

however, due to the indirect dependency of growth on N, the formalism gets more complicated.

While uptake rate U is an explicit function of the ambient nutrient concentration (U(N)), here

formulated using the affinity A,

U =
(

U−1
max + (AN)−1

)−1
(B.7)

the (carbon based) growth rate depends on the internal and not external nutrient availability

apart of the respiration term (−ζU(N)). Following the rationale outlined by [? ], the marginal

dependency can be derived by referring to the balance equation, such that we have

xN,i ≈
∂µi

∂Q
dQi

dN
=

δµi

δQ

[∂Ui

∂N
−Qi

∂µ

∂N

]
·
[

Qi
∂µi

Q
+ µ

]−1
(B.8)

The nutrient usage ability, xN,i or its averaged trait form xN=C−1
T ∑i xN,iCi – with biomass

Ci and total community mass CT–incorporates three types of determinants of how a species

or a community can cope with nutrient limitation: (1) The external dependency on nutrient

availability that stems from the derivative term

∂Ui

∂N
= U2

i (AiN)−2 · Ai (B.9)

predicts a diminishing xN at high nutrient concentration - because of declining relevance of

nutrient uptake. (2) The quota dependency of carbon based growth,
∂µi

∂Q
, similarly scales down



the relevance of nutrient uptake traits at high internal stores. This physiological determinant

reflects a delay moment in the description of nutrient limitation as internal stores may decouple

from ambient nutrient level at the scale of hours to weeks. (3) At low nutrient availability with

Ui ≈ AiN, xN becomes proportional to the nutrient affinity, which is a classical trait describing

nutrient uptake ability.

B.3.3. Cross-over trait sensitivity and trade-offs

A major hypothesis underlying our approach is that the phenomenological dependency
δµ

δEn

can be approximated at first order by the formal stressor dependency
∂µ

∂En
, i.e.

δµ

δEn
≈ ∂µ

∂En
= xn (B.10)

This relation entirely focusses on the trait mediated response and neglects system feed-backs.

However, the approximation allows for a derivation of the specific multi-stressor sensitivity in

terms of interrelated changes in trait, which in turn reflect morphological or physiological trade-

offs. The SMS follows from combining Eq. B.3 and Eq. B.10 by applying another perturbation

∆Em and repeat the procedure with a different sequence of stressors, thus perturbing xm w.r.t. to

stressor En.

SMS ≈ δxn

δEm
+

δxm

δEn
(B.11)

This procedure implies that the difference is taken from an already perturbed state instead

from the ground value as in the previous formalism. The procedure and its outcome is here

denoted as the cross-trait variation (CTV):

CTV =
xnm − xm

∆Em
+

xmn − xn

∆En
(B.12)

The cross-over terms describe how the effective interaction traits are modified by other

stressors such as the possible alteration in susceptibility to grazing due to nutrient stress and the

alteration in nutrient usage ability due to grazing. Inherent to these changes are trade-offs, thus

relations between different traits. For phytoplankton communities, susceptibility to grazing

xZ is linked to nutrient usage ability xN since both traits depend on the size structure of the

community. Therefore, adaptation in xN will induce a change in xZ too. This change will

increase with the strength of the trade-off and is inherent to the terms δxZ/δN and δxN/δZ. It is

in principle possible to calculate the cross-trait variations based on the formulations underlying

the size-based model.

A first major outcome of this study, in mathematical terms, is the similarity between specific

multi-stressor sensitivity and cross-over sensitivity in effective traits:

SMS ≈ CTV (B.13)



According to this hypothesis, synergistic effects occur at positive cross-variations in traits,

thus, when effective traits shift to higher values under application of complementary stressors

(e.g., increasing nutrient usage ability under grazing removal). This re-organization within the

community will in general require some time so that a second prediction of our theory is a

transition from antagonistic to synergistic multi-stressor effects over time.

B.4. Supplementary figures

B.5. Mono species scenario
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Figure B.5.1.: Nitrogen concentration, copepod biomass and phytoplankton biomass distribution
under single /multiple stressors. +Nut and -Zoo represent two stressors corresponding to
nutrient enrichment and grazer removal. Dashed lines indicate the time of nutrient injection,
zooplankton removal or both.



B.6. Sensitivity analysis
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Figure B.6.1.: Measured Chl-a for 10 Kristineberg mesocosms from [5]. Red and blue indicate
High CO2 and low CO2 conditions respectively.
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Figure B.6.2.: Sensitivity analysis for Chl simulated in the reference configuration for low pCO2
condition. Parameters are varied by ±%20 of their original value. Descriptions and reference
values of the parameters are listed in Tables B.7 and B.5.



C
Appendix III

C.1. Individual mesocosms

Even though copepods seems to benefit from CO2 treatment in the Kristineberg experiments, the

connection between copepod abundance and phytoplankton biomass seems to be independent

from CO2. Taking measurements from day 49 and 57 of the experiments, we see a positive

correlation between chlorophyll a and copepod abundance. This supports the model results

that nutrient excretion by copepods amplifies phytoplankton growth in the post-bloom phase.
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Figure C.1.1.: Mesocosms with high Chla show a higher abundance of copepods during the
second bloom. Zooplankton abundance data are available for day 49 and 57. We used the
mean of both days for copepod abundance and Chla (µgC m−3). Red dots indicate treated
mesocosms, blue dots indicate control mesocosms.

81



C.2. Cosinodiscus dynamic

Figure C.2.1.: Comparison between simulated and measured data for treated (red) and untreated
(blue) environments. Simulation results indicate all species larger than 200 µm ESD. Solid
lines indicate simulated results and diamonds represent measured data.
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