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Abstract i 

Abstract 

The European Regional Seas Ecosystem Model (ERSEM) is a state of the art 

biogeochemical model describing the nutrient (N, P, Si and Fe) and carbon cycles 

within the low trophic levels (up to the mesozooplankton) of the marine ecosystem. 

ERSEM is the reference model in the framework of the Project EU FP7 MEDINA 

(Marine Ecosystem Dynamics and Indicators for North Africa), an European study 

aiming to enhance the capacities of Northern African Countries, overlooking the 

Mediterranean Sea, in monitoring their costal ecosystems. More specifically, 

ERSEM will be used (coupled with the General Ocean Turbulence Model - GOTM) 

as a predictive tool to estimate the temporal and spatial variability of different 

ecological indicators. The latter are functions of environmental variables and 

processes that are used to describe the status of marine ecosystems and are useful for 

both scientific and management purposes. The aim of this thesis is to perform an 

uncertainty and sensitivity analysis (UA and SA, respectively) of ERSEM. 

Sensitivity analyses (SA) are methodologies that enable one to identify non-

influential input parameters. To this purpose we have used the most advanced 

UA/SA techniques available in literature: the Morris’ method, for screening and 

sensitivity analysis, and a Monte Carlo method for the uncertainty and global 

sensitivity analysis. Through the above mentioned techniques it is possible to 

identify the most relevant parameters of the model and to quantify the uncertainty of 

the model output due to the uncertainty of these parameters.  

In this pioneering study we have focused on the phytoplankton related 

parameters and have investigated the sensitivity and uncertainty of ERSEM in 

simulating the minimum concentration of oxygen, a widely used ecological indicator. 

The L4 (Western English Channel) implementation of GOTM-ERSEM currently in 

use at the Plymouth Marine Laboratory has been used as a case study. 

Our results indicate that the most relevant parameters are those related to the 

photosynthesis formulation of three of the four phytoplankton types described by the 

model. Furthermore, the Monte Carlo uncertainty analysis highlights a low 

uncertainty of the simulated minimum oxygen concentrations. 
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Introduction 

Ecological indicators are functions of environmental variables (e.g. nutrient 

concentrations, primary production, etc.) that are used increasingly to describe the 

status of marine ecosystems. They can be prescribed by law and are used to monitor 

the environmental status. 

Recent studies have highlighted that a multidisciplinary (holistic) approach is 

essential to improve our understanding of marine systems and to develop appropriate 

methodologies for their protection, management and exploitation (e.g. Barange, 

2003). Marine ecosystem models can describe different ecosystem dynamics, from 

hydrodynamics to biogeochemistry. For this reason, they were widely used to 

investigate marine environmental dynamics at different spatial and temporal scales 

(Blackford et al., 2004; Pastres and Ciavatta, 2005; Polimene et al 2006; Vichi et al., 

2006; Cossarini and Solidoro, 2008). More recently, they have also been proposed as 

potential tools to estimate ecological indicators, for scientific and management 

purposes. 

State-of-the-art marine biogeochemical models are complex, i.e. they describe 

a large number of processes, using mathematical equations that include typically a 

huge number of parameters. Whilst the values of these parameters are, in general, 

uncertain, the uncertainty of the model output is too often not assessed. However, if 

we want to use marine ecosystem models for the prediction of ecological indicators, 

we need to evaluate the model reliability, through a quantitative assessment of the 

model performance. An important part of this assessment is the understanding of 

how the model output is affected by (or is “sensitive” to) the choice of the parameter 

values and how the uncertainty of the parameters affects the uncertainty of the model 

output. The latter analyses are referred to as sensitivity and uncertainty analyses (SA 

and UA, respectively). 

In the presented thesis we performed a sensitivity and uncertainty analysis of 

the European Regional Seas Ecosystem Model (ERSEM), one of the most complex 

marine biogeochemical models currently in use. Our goal is to provide a preliminary 

assessment of ERSEM reliability to simulate ecological indicators. To achieve this 
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goal, we have used advanced UA/SA techniques: the Morris’s Elementary Effect 

Method for a preliminary, qualitative sensitivity analysis and a Monte Carlo-based 

method for a quantitative uncertainty and sensitivity analysis. 

We focused on the phytoplankton related parameters of ERSEM. We 

investigated the sensitivity and uncertainty of the simulated minimum oxygen 

concentration, which is a widely used ecological indicator. The analysis was carried 

out using a 1D configuration of ERSEM implemented at the long-term monitoring 

site L4 in the Western English Channel (UK). 

This work contributes to the European Project MEDINA (Marine Ecosystem 

Dynamics and Indicators for North Africa)
1
, where ERSEM is applied for the 

estimation of ecological indicators in the North African coast. 

The thesis is structured as follows:  

The first chapter will provide the basic knowledge regarding ecological 

indicators (especially, the oxygen indicator), marine ecosystem models and the 

importance of sensitivity and uncertainty analysis. In the following 4 chapters of the 

thesis, the description of the methods used is provided. In particular, the 

biogeochemical model ERSEM, the uncertainty and sensitivity analysis methods, the 

implementation of the methods and the climatological evolution of the oxygen 

indicator. Finally, in the last 3 chapters, the obtained results will be presented and 

discussed along with our conclusions and indication for future works. 

                                                 
1
 For more information, see Appendix 1. 
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Chapter 1. The terms of the challenge: ecological indicators, marine 

ecosystem models and uncertainty/sensitivity analysis 

This dissertation deals with the challenge of assessing the uncertainty and 

sensitivity of ecological indicators estimated by complex marine ecosystem models. 

In this chapter, we briefly describe the general aspects of this topic, on the basis of 

the scientific literature. 

 

1.1. The role of ecological indicators  and the choice of dissolved 

oxygen in our case study  

Ecological indicators are functions of environmental variables (e.g. nutrient 

concentrations, primary production) that are used to describe the status of marine 

ecosystems. They can be prescribed by law and are used to monitor the 

environmental status and to guarantee the absence of risk for humans. 

Indicators are meant to communicate information about the ecosystem status 

and the impact human activity on ecosystems to the public or government policy 

makers. A good ecological indicator should, therefore, be a synthetic parameter able 

to indicate the status of a given ecosystem in a way that is accessible to the users, in 

the form of a diagnostic or decision aid tool.  

Indicators should represent a compromise between the scientific knowledge, 

the need to be concise, simplicity of use, and the availability of data (Giardin et al., 

1999). In the words of Giardin: 

“It is difficult and often even impossible to characterize the functioning of a 

complex system, such as an eco-agrosystem [a marine ecosystem as well], by means 

of direct measurements. The size of the system, the complexity of the interactions 

involved, or the difficulty and cost of the measurements needed are often crippling” 

Since life is often too complex to be understood by means of simple 

measurements or simulations by models, ecological indicators help to describe the 
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complexity of the ecosystems in simpler terms that can be understood and used by 

non-scientists to make management decisions. For example, The Marine Strategy 

Framework Directive (MSFD), adopted in July 2008, prescribes the use of ecological 

indicators to assess the good environmental status (GES)
2
 of marine ecosystems. The 

MSFD aims at achieving or maintaining a good environmental status by 2020 at the 

latest. It is the first legislative instrument in relation to the marine biodiversity policy 

in the European Union, as it contains the explicit regulatory objective that 

“biodiversity is maintained by 2020”, as the cornerstone for achieving good 

environmental status.  

As a consequence, a great amount of effort has been put in the definition and 

application of ecological indicators in the recent years. In accordance with Piorr et al. 

(2003), ecological indicators play an important role in evaluating policy development 

regarding the environment by: 

- Providing decision-makers and the general public with relevant 

information on the current state and trends in the environment. 

- Helping decision-makers better understand cause and effect relationships 

between the choices and practices of businesses and policy-makers versus 

the environment. 

- Assisting to monitor and assess the effectiveness of measures taken to 

increase and enhance ecological goods and services. 

Ecological indicators can be used to assess the condition of the environment, 

to provide an early warning signal of changes in the environment, or to diagnose the 

cause of an environmental problem. Ideally, the suite of indicators should represent 

key information about structure, functioning, and composition of the ecological 

system, capturing the complexities of the ecosystem yet remain simple enough to be 

easily and routinely monitored. To achieve this goal an ecological indicator should 

meet the following criteria: be easily measured, be sensitive to stresses on the 

system, respond to stress in a predictable manner, be anticipatory, predict changes 

                                                 
2
 GES with regard to eutrophication has been achieved when the biological community 

remains well-balanced and retains all necessary functions in the absence of undesirable disturbance 

associated with eutrophication. 
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that can be averted by management actions, be integrative, have a known response to 

disturbances, anthropogenic stresses, and changes over time, and have low variability 

in response (Virginia et al., 2001).  

Many different types of indicators have been developed. Indicators are in 

general classified as abiotic, biotic, and cultural, and selected according to the 

ecological districts comprising the study area. 

They can be used to reflect a variety of aspects of ecosystems, including 

biological, chemical and physical. Due to this variety, the development and selection 

of ecological indicators is a complex process. So, often the challenge is to derive a 

manageable set of indicators that together meet these criteria. 

The U.S. Environmental Protection Agency’s Office of Research and 

Development (ORD) has prepared technical guidelines to evaluate the suitability of 

ecological indicators for monitoring programs
3
. The guidelines were adopted by 

ORD to provide a consistent framework for indicator review, comparison and 

selection, and to provide direction for research on indicator development. The 

guidelines were organized within four evaluation phases: (1) conceptual relevance; 

(2) feasibility of implementation; (3) response variability; (4) interpretation and 

utility. The Evaluation Guidelines were intended to be flexible within a consistent 

framework and the various strategies that can be used demonstrate that the process 

can be useful for a wide variety of indicators and program objectives (Kurtz et al., 

2001). 

Using ecological indicators is a pragmatic approach since direct 

documentation of changes in ecosystems as related to management measures, is cost 

and time intensive. For example, it would be expensive and time consuming to count 

every bird, plant and animal in a newly restored wetland to see if the restoration was 

a success. Instead a few indicator species can be monitored to determine success of 

the restoration.  

                                                 
3
 For more information about the Office of Research and Development (ORD) see 

http://www.epa.gov/aboutepa/ord.html. 
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The terms ecological indicator and environmental indicator are often used 

interchangeably. However, ecological indicators are actually a sub-set of 

environmental indicators. Generally, environmental indicators provide information 

on pressures on the environment, environmental conditions and societal responses. 

Ecological indicators refer only to ecological processes. So, for the purpose of this 

work it is used the second term. 

In particular, we chose the minimum dissolved oxygen concentration in the 

water column as a marine system indicator suitable for our analysis. This choice is 

based on three main reasons: 

- First of all, the MSFD has selected the oxygen concentration as one of the 

indicators for the assessment of the good environmental status (GES) of 

marine systems, in particular to evaluate the eutrophication descriptor 
4
. 

- Secondly, it is a clear and immediate indicator of the environmental 

status. Indeed it is simple to communicate it, everybody knows what 

happens in absence of oxygen. Moreover we considered the minimum 

daily oxygen whose value has a direct impact on the ecosystem. 

- Oxygen concentration is a very good descriptor of the “global” health of 

the ecosystem being the emergent result of complex biotic 

(biogeochemical and trophic) and abiotic (ventilation, vertical mixing) 

dynamics. For this reason O2 concentration is also a good variable to 

evaluate model performance as all the biotic (phytoplankton, zooplankton 

and bacteria) and abiotic (nutrient, temperature, mixing) model 

components are involved in its evolution.  

The eutrophication problems affecting worldwide in coastal marine waters, 

and the associated risk of severe oxygen depletion phenomena, have accentuated the 

need for accurate measurements and robust predictions of pelagic oxygen 

consumption. 

                                                 
4
 For more information, indicators for the eutrophication descriptor are available on the 

MSFD Task Group 5report (2010), http://www.ices.dk/projects/MSFD/TG5final.pdf. The MSFD 

descriptors are available at http://ec.europa.eu/environment/water/marine/ges.htm. 
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Despite the acknowledged relevance of dissolved oxygen as an indicator, 

monitoring and modelling its evolution in marine system is currently a challenging 

issue. This is due to the complexity of the dynamics of dissolved oxygen in marine 

systems, which are briefly mentioned in the following section. 

An important aspect to underline is that this is a preliminary and investigating 

work. For this initial purpose, we have focused our investigation only on the part of 

the model describing phytoplankton dynamics which has, however, an undoubted 

relevance on the O2 evolution. Furthermore, Phytoplankton is at the base of the 

pelagic food web, being responsible of the production of organic compounds from 

CO2 and dissolved nutrient. 

 

1.1.1. The main processes driving O2 in marine systems  

The main processes that determine the oxygen dynamic in marine ecosystems 

are: 

1) Oxygenic photosynthesis, which is the process through which plants 

and autotrophic bacteria convert carbon dioxide and light energy into 

chemical energy (sugars) and oxygen. Primary producers are, in a 

food chain, those organisms capable of synthesizing biomass (organic 

molecules) from inorganic precursors by means of the primary energy 

source; 

2) Community respiration, i.e. the consumption of oxygen and 

production of CO2 through the respiration of all the living organisms; 

3) The oxygen fluxes between atmosphere and water (or “reareation”); 

4) Physical transport by advective and diffusive processes. 

These processes largely affect the spatial-temporal evolution of the dissolved 

oxygen in marine systems, often determining evident seasonal cycles of the O2 

concentrations.  
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Through photosynthesis, terrestrial and marine plants are able to use solar 

energy and inorganic carbon to produce organic compounds: 

CO2 + H2O + light  CH2O + O2 (1.1) 

The rate at which a producer captures and stores a given amount of chemical 

energy as biomass in a given time is called gross primary production (GPP). So, GPP 

is important because it produces the organic matter (food) needed to support animal 

life on land and in the ocean. Some fraction of this fixed energy is used by primary 

producers for cellular respiration (by means of the oxygen produced by 

photosynthesis) and maintenance of existing tissues (i.e., “growth respiration” and 

“maintenance respiration”) (Amthor et al., 2001). The remaining fixed energy (i.e., 

mass of photosynthate) is referred to as net primary production (NPP). Therefore, 

primary producers are the base of all of the Earth's living ecosystems. In nature, free 

oxygen is produced by the light-driven splitting of water during oxygenic 

photosynthesis. To summarize the importance of primary producers, according to 

some estimates, green algae and cyanobacteria in marine environments provide about 

70% of the free oxygen produced on Earth and the rest is produced by terrestrial 

plants (Fenical, 1983). Phytoplankton are the main primary producers in the marine 

environment. It follows that it is the group able to affect the equilibrium of the whole 

marine ecosystem. 

The physical transport process is a direct consequence of the annual cycle of 

solar radiation and water column stratification which drive the primary production, 

and, consequently, the seasonality of the biomass and respiration of all the living 

organisms. Vertical transport of oxygen can have a relevant role in relatively deep 

marine systems. Here, the seasonal stratification of the water column can determine 

cycles in the vertical profiles of the oxygen concentrations. However, these cyclical 

profiles can be broken down by vertical mixing caused, for example, by wind events. 

Reareation is driven by the water temperature and therefore has a seasonal 

pattern as well.  
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Details on the community respiration are given in Section 2.2, through the 

description of the particular model that we have applied in these thesis. However, 

first we provide a general overview on marine ecosystem models. 
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1.2. Models and uncertainty 

Before introducing what is the role of uncertainty and sensitivity analysis in 

model building, it must first be made clear what is meant here by “model”, as well as 

by terms “input” and “output” which will be used throughout this work. Valid 

explanations about what is meant by “model, have been furnished by Saltelli et al. 

(2008) and following reported. 

Models are developed to approximate or mimic systems and processes of 

different natures (e.g. physical, environmental, social or economic), and varying 

complexity. Many processes are so complex that physical experimentation is too 

time consuming, too expensive, or even impossible. As a result, to explore systems 

and processes, investigators often turn to mathematical or computational models. 

A mathematical model is defined by a series of equations, input factors (such 

as parameters, driving forces, model structure), and variables aimed to characterize 

the process being investigated. Input is subjected to many sources of uncertainty 

including errors of measurement, absence of information and poor or partial 

understanding of the driving forces and mechanisms. This imposes a limit on our 

confidence in the response or output of the model. Further, models may have to cope 

with the natural intrinsic variability of the system, such as the occurrence of 

stochastic events. 

Good modelling practice requires that the modeller provides an evaluation of 

the confidence in the model output, possibly assessing the uncertainties associated 

with the modelling process and with the outcome of the model itself. 

In accordance with Saltelli, a view of modelling that may help to illustrate the 

role of scientific process is offered in Figure 1.1, taken from the work of the biologist 

Robert Rosen (1991) (see also Saltelli et al., 2000, pp. 3-4). This represents the 

Rosen’s formalization of the modelling activity, where the link between a model 

(driven by a formal entailment structure) and the world (driven by different classes of 

causality) is the process of “encoding” (from world to model) and “decoding” (from 

model to the world).  
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Figure 1.1: Modelling after Rosen (1991). 

 

On the left in Rosen’s diagram we have the “world”, that is the system which 

forms the subject of our investigation. The system, whether natural or artificial, is 

governed by rules which we have the ambition to uncover, or to use to our advantage 

(e.g. to estimate ecosystem indicators). To achieve this goal we craft or hypothesize a 

set of structures in a model (depicted on the right-hand side of the figure). For 

example, a hypothesized growth mechanism for a species can be translated into a 

differential equation in a model. While our species continues growing and dying 

quietly in the world, following the forces of its own systemic causality, our 

differential equation can be solved using the rules of mathematical calculus. 

According to Saltelli, the intuition of Rosen is that while the species in the world 

obeys rules, and the differential equation in the model has “rules” as well, whether 

formal or mathematical, no “rule” whatsoever can dictate how one should map the 

hypothesized rules in the world onto the rules in the model. In the words of Rosen, 

while the world and the model are each internally “entailed”, nothing entails the 

world with the model, indeed the portion of the world captured by the model is an 

arbitrary “enclosure” of an otherwise open, interconnected system. Encoding and 

decoding are not themselves “entailed” by anything, i.e. they are the object of the 

modeler’s craftsmanship. Encoding and decoding are the essence and the purpose of 

Entailment Entailment 

Encoding 

Decoding 

 

N 
Natural 
System 

F 
Formal 
System 
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the modelling process, indeed one writes a model in the hope that the decoding 

operation will provide insight into the world. This is only possible if the uncertainty 

in the information provided by the model is carefully apportioned to the uncertainty 

associated with the encoding process. To asses this, modellers use the sensitivity 

analysis (SA) that studies the relationships between information flowing in and out 

of the model. 

Since Galileo’s time scientists have had to deal with the limited capacity of 

the human mind to create useful maps of “world” into “model”. The emergence of 

“laws” can be seen in this context as the painful process of simplification, separation 

and identification which leads to a model of uncharacteristic simplicity and beauty. 

What makes modelling and scientific inquiry in general so painful is 

uncertainty, that is not an accident of scientific method, but its substance. 

In short, when a complex model is used as predictive model for management 

purpose, e.g. in the MEDINA European Project, to estimate indicators describing the 

status of marine ecosystem, it would be essential to analyse the output uncertainty in 

two ways: 

- Studying how the output uncertainty can be apportioned to different 

sources of uncertainty in the model input (parameters) (Sensitivity 

Analysis); 

- Quantifying the uncertainty in the model output (Uncertainty Analysis). 

It is only with a reliable estimation of the model output uncertainty that 

decision makers can make decisions as much reliable. 

 

1.2.1. Numerical models for the study of marine ecosystems  

Biogeochemical models representing trophic and chemical interactions in the 

marine system have been largely developed over the past 20 years (Hofmann and 

Lascara, 1998; McCarthy et al., 2002; Denman, 2003), particularly focusing on a 

biomass based description of the pelagic system. Furthermore, a theoretical 
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formulation of the basic equations in terms of partial differential equations (pde) of 

key biogeochemical constituents and associated rates has been published in the 

scientific literature (Vichi et al., 2006). This kind of approach helps to define the 

numerical implementation of marine biogeochemistry coupled with physical 

circulation models at all spatial and temporal scales. 

A generic marine ecosystem model, that can simulate the seasonal evolution, 

inter-annual variability and spatial heterogeneity across the range of coastal and 

eutrophic to neritic and oligotrophic situations with little or no re-parameterization, 

should provide a formidable heuristic and predictive tool contributing to such an 

approach (Blackford et al., 2004). 

Different models of pelagic biogeochemistry for the global ocean ecosystem 

can be used for different purposes. Some examples of them, available in scientific 

literature, are proposed in Appendix 2. 

Marine biogeochemical models with several complexity structures involve 

different levels of simplification and, therefore, of uncertainty. Among the many 

different marine ecosystem models available in the literature, we chose to focus our 

analysis on the model ERSEM, coherently with the objective of this thesis and for 

the following main reasons: 

1) ERSEM is the model used in the framework of the project MEDINA to 

which this thesis contributes. The project is an European founded study 

aiming to enhance the capacities of Northern African Countries, 

overlooking the Mediterranean Sea, in monitoring their costal 

ecosystems
5
; 

2) ERSEM is one of the most complex lower trophic level marine ecosystem 

models currently available in the scientific literature; 

                                                 
5
 For more information see Appendix 1. 
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3) ERSEM is the model used at the Plymouth Marine Laboratory (PML)
6
 

and available for developing the uncertainty/sensitivity analysis during 

my thesis research. 

The main characteristics of ERSEM are described in Chapter 2. 

                                                 
6
 PML is the research center in Plymouth (United Kingdom) where the present thesis was 

carried out. 
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1.3. Uncertainty and Sensitivity Analysis  

 - Sensitivity analysis for modellers? 

 - Would you go to an orthopaedist who didn’t use X-ray? 

 

 J.M.Fubringer 

 

In this work we performed a sensitivity/uncertainty analysis of the marine 

ecosystem model ERSEM. Is thus useful to define what sensitivity/uncertainty 

analysis is. 

Sensitivity analysis (SA) is the study of how the variance in the output of a 

model (numerical or otherwise) can be apportioned, qualitatively or quantitatively, to 

different sources of variation, and how the given model depends upon the 

information fed into it (Saltelli et al., 2008). SA is, therefore, a prerequisite for a 

meaningful quantitative use of numerical models in any setting and in any field they 

are used. 

Originally, SA was employed to deal with uncertainties in the model 

variables and parameters. Then the idea was extended to incorporate model 

conceptual uncertainty, i.e. uncertainty in model structures, assumptions, and 

specifications. As a whole, in the Saltelli’s words, SA is used to increase the 

confidence in the model and its predictions, by providing an understanding of how 

the model response variables respond to changes in the “input factors”. In the SA 

terminology, the input factors include the variables that force the model, the model 

structure, the data used to calibrate it, such as parameters, and the model-independent 

variables. SA is thus closely linked to uncertainty analysis (UA) which aims to 

quantify the overall uncertainty associated with the model response as a result of 

uncertainties in the model input. Therefore, UA quantifies the output variability 

allowing us to understand the reliability of the output prediction. 

For the aim to investigate how a given computational model responds to 

variations in its input, modellers usually conduct SA to determine: 

a) if a models simulates the system or processes under study; 
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b) the factors that mostly contribute to the output variability and that 

require additional research to strengthen the knowledge base; 

c) the model parameters that are insignificant, and that can be eliminated 

from the final model; 

d) if there is some region in the space of input factors for which the 

model variation is maximum; 

e) the optional regions within the space of factors for use in a subsequent 

calibration study; 

f) if and which (group of) factors interact with each other. 

There are various types of sensitivity analysis techniques, and each has 

strengths and weakness. One possible way of grouping sensitivity analysis methods, 

proposed by Saltelli et al. (2008), is into three classes: screening methods, local SA 

methods and global SA methods. Only two of them are used in this work: screening 

method and global SA methods. 

 

1.3.1. Screening method 

When dealing with models that are computationally expensive to evaluate and 

have a large number of input parameters, screening experiments can be used to 

identify the subset of parameters that controls most of the output variability, with a 

low computational effort. Indeed, often, only a few the input parameters have a 

significant effect on the output of complex models. Screening design are developed 

to deal with models containing hundreds of input factors. For this reason they should 

be computationally economical. As a drawback, these “economical” methods tend to 

provide qualitative sensitivity measures, i.e. they rank the input factors in order of 

importance, but do not quantify how much more important a given factor is than 

another. Therefore, they do not provide quantitative measures of the contribution of 

the parameter to the model uncertainty. In contrast, quantitative sensitivity methods 

can provide, for example, the percentage of the total output variance explained by 

each factor (or group of factors). There is clearly a trade-off between computational 



Chapter 1. The terms of the challenge 17 

cost and information
7
. Therefore, factor screening may be useful as a first step in 

UA/SA analysis when dealing with a model containing a large number of factors. 

The term screening design indicate any preliminary numerical activity that, 

independently of the number of experimental runs it uses, aims to isolate the most 

important factors from amongst a large number that may affect a particular model 

response. There are many types of screening techniques. Typical screening designs 

are one-at-a-time (OAT) experiments in which the impact of changing the values of 

each factor is evaluated in turn (Daniel, 1958, 1973). 

In this work, we have chosen to apply the improved version of the screening 

sensitivity method described by Morris (1991) as proposed in Campolongo et al. 

(2007). This method is a one-factor-at-a-time (OAT) experiment and it is extensively 

described in Section 3.1. However, here it is worth mentioning its major advantages. 

It is intended specifically for those cases in which the number of experimental 

runs has to be proportional to the number of input factors, and there are no 

simplifying assumptions about the form of the model.  

In respect with the most of OAT designs, that proposed by Morris (1991) is 

not dependent on the choice of the specific point in the input space. Moreover, in 

contrast to the majority of global methods, it doesn’t require an high number of 

model evaluations, increasing with the number of factors. So, at the same time the 

Morris method is both OAT and global (Saltelli et al., 2008). While adhering to the 

concept of local variation around a base point, this method makes an effort to 

overcome the limitations of the derivative approach by introducing large ranges of 

variations for the inputs and averaging a number of local measures, so as to remove 

the dependence on a single sampling point. 

 

                                                 
7
 Describing the various SA methodologies, we shall use the term computational cost as an 

indicators of efficiency. The computational cost will be given in terms of number of model 

evaluations (computer runs) needed for the analysis. This cost is usually a function of the number of 

factors involved in the analysis and of the complexity of the input/output behavior. A screening 

exercise that require an high number of model evaluations would be inappropriate, especially when 

the evaluation of the model requires a long time. 
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1.3.2. Global SA method 

Global SA techniques are extensively described in Saltelli et al. (2000). In 

global SA, the aim is to apportion the output uncertainty to the uncertainty in each of 

the input factors, whose uncertainty probability distribution is assumed to be known. 

The sensitivity indices are computed by sampling the values of the factors 

according to their probability distributions. Thus, the computed sensitivity is 

“global” because it explores the entire probability density function of the factors. 

SA experiment is usually considered to be global when  

a) all the parameters are varied simultaneously; 

b) the sensitivity is measured over the entire range of each input 

parameters. Thus, the sensitivity estimates of individual factors 

incorporate the effect of the range and shape of their probability 

density functions. 

A global SA technique incorporates the influence of the whole range variation 

and the form of the probability density function of the input. A global method 

evaluates the effect of the factor xi while all other factors xj, j≠i, are varied as well. In 

contrast, the local perturbative approach evaluates the effect of variation of the input 

factor xi when all other xj, j≠i, are kept constant at their central (nominal) value. 

In particular, in the “sampling-based” global SA methods, the model is 

executed repeatedly for combinations of values sampled simultaneously from the 

distribution of the input factors, producing an output sample for the variables of 

interest. This can be used to build an empirical probability distribution for the 

response variables and to estimate variability statistics for the output variables, such 

as mean values, standard deviations, etc. This statistics can be used to describe the 

uncertainty of the model output. 

One of the simplest “sampling-based” global UA/SA method is based on 

Monte Carlo sampling. As suggested by Saltelli et al. (2000), the following steps can 

be identified: 
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1. Design experiment (identify what question the model should answer) 

and determine which of its input factors should concern the analysis; 

2. Assign probability density functions to each uncertain input factor; 

3. Generate an input vector/matrix through an appropriate design; 

4. Evaluate the model, thus creating an output distribution for the 

response of interest; 

5. At this point we can quantify the variation in the model response. 

Note that, so far, we have implemented an uncertainty analysis (UA); 

6. Assess the influence of relative importance of each input factor on the 

output variables. This step, sensitivity analysis (global SA), is the 

apportioning of the uncertainty according to the source (i.e. to the 

factors). A possible representation of the results would be a pie chart 

that partitions the variance of the output. This variance decomposition 

allows the identification of the influential factors. As already said, this 

is a quantitative SA method, i.e. it tells how much more important one 

factor is than another. 

This method has already been successfully applied in marine ecosystem 

modelling, as described in the following section. 

 

1.3.3. Applications of UA/SA of marine system models: two 

case studies 

Recent examples of applications of UA/SA methods in marine ecosystem 

modeling are provided by Pastres and Ciavatta (2005) and in Cossarini e Solidoro 

(2007). 

In the study of Pastres and Ciavatta both sensitivity and uncertainty analysis, 

by means of Monte Carlo method, were applied to the lagoon of Venice. They were 

conducted to evaluate how the uncertainties in the parameters describing nitrogen 

loads and the self-purifying capacity of the system contribute to the total uncertainty 

in the modelled mean annual concentration of Dissolved Inorganic Nitrogen. A local 
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sensitivity analysis was initially used, so as to rank the parameters and provide an 

initial estimation of the uncertainty, which is a result of an imperfect knowledge of 

the dynamic of the system. This uncertainty was compared with that induced by an 

imperfect knowledge of the loads of Nitrogen, which represent the main forcing 

functions. On the basis of the results of the local analysis, the most important 

parameters and loads were then taken as the sources of uncertainty, in an attempt to 

assess their relative contributions. The global uncertainty and sensitivity analyses 

were carried out by means of a sampling-based Monte Carlo method. The results of 

the subsequent input–output regression analysis suggested that the variance in the 

model output could be partitioned among the sources of uncertainty, in accordance 

with a linear model. Based on this model, the variance in the mean annual 

concentration of DIN that was accounted for by the uncertainty in the parameters 

which specify the dynamics of the phytoplankton and zooplankton, and the 

uncertainties in the three main Nitrogen sources were estimated. 

Cossarini and Solidoro performed a global sensitivity analysis of a 

trophodynamic model of the Gulf of Trieste, by means of the Morris’ method. In this 

case the model was specifically developed for the northernmost part of the Adriatic 

Sea and, in accordance with the authors, the “model results reproduce fairly well the 

observed alternation of classical food chain and microbial food web as a result of the 

nutrient availability and the climatological factors used to force the system”. 

Nevertheless we have to highlight that the model considers only two groups of 

phytoplankton (diatoms and nano-pico phytoplankton) and two groups of 

zooplankton (meso and micro zooplankton) as well as heterotrophic bacteria, to 

simulate their role in DOC degradation and in phosphorus cycle, and the nutrient and 

carbon content in particulate organic matter and dissolved organic matter. The results 

of the global sensitivity analysis allowed the authors to identify the most relevant 

parameters that are those related to the growth formulations of the two phytoplankton 

groups, the total phosphorus in the system, the decay rate of particulate organic 

phosphorus and the mortality rate of bacteria. The analysis outlined that in spring and 

summer different processes within the two trophic pathways are dominant, and that 

while primary producers are mainly bottom–up controlled, bacteria experience both 

top–down and bottom–up controls. 
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The two above works demonstrated the usefulness of the Morris and Monte 

Carlo methods to perform the UA/SA of two marine system models, which were 

characterized by a low-medium level of complexity In this thesis the two methods 

were applied to perform the UA/SA of the European Regional Seas Ecosystem 

Model (ERSEM; Baretta, 1997; Baretta et al.,1995, Blackford 2004), which is 

described in the next Chapter. 
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Chapter 2. The biogeochemical model: ERSEM 

In this thesis we performed a sensitivity/uncertainty analysis (UA/SA) of the 

pelagic component of the European Regional Seas Ecosystem Model (ERSEM, 

Baretta, 1997; Baretta et al.,1995, Blackford 2004). In order to reproduce a realistic 

physical framework which is crucial to simulate the spatial and temporal evolution of 

biogeochemical variables, ERSEM was coupled with the General Ocean Turbulence 

Model (GOTM) (Burchard et al., 1999). GOTM is an hydrodynamic one dimensional 

(1D) water column model which dynamically simulates the evolution of temperature, 

density and vertical mixing when forced with metrological data (see section 2.3.2. 

”model set-up”). The GOTM-ERSEM coupled model has been implemented at the 

site L4, in the Western English Channel. This site is a long-term monitoring station 

located 10 nautical miles south of Plymouth.  

In this chapter, we provide a brief overview of the main features of ERSEM. 

The model equation describing phytoplankton related processes and oxygen 

evolution will be also described and discussed. Finally, we briefly describe the 1 

dimensional implementation of GOTM-ERSEM used in this work. For a complete 

description of the model equations we remand the reader to the cited literature (Vichi 

et al., 2007; Blackford et al., 2004). 

 

2.1. Model overview 

ERSEM is a state-of-the-art marine biogeochemical model which describes 

the carbon and nutrient (N, P, Si and Fe) cycle within the lower trophic level (up to 

the mesozooplankton) of the marine ecosystem. 

Model state variables include living organisms, dissolved nutrients, organic 

detritus, oxygen and CO2. 

Model living organisms are subdivided in three functional groups describing 

the planktonic trophic chain: primary producers, consumers and decomposers (Figure 

2.1). Primary producers and consumers are subdivided into 4 and 3 size-based 
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functional types, respectively, while decomposers are modelled through one 

functional type. More specifically, the phytoplankton community consists of 

picophytoplankton, nanoflagellates, dinoflagellates and diatoms. The zooplankton 

community includes: mesozooplankton, microzooplankton and heterotrophic 

nanoflagellates. On the other hand, decomposers are modelled by one type of 

heterotrophic bacteria. The functional types belonging to the same group share 

common process descriptions but different parameterizations. It is worth noting that 

the “functional group” approach differs from a classification of the organisms based 

on genera or species assemblages. In the group approach, the central role is not 

played by single species, but by the total biomass of a collection of species sharing a 

common functional behaviour. As an example, in ERSEM the group “diatoms” 

collects and represents all the phytoplankton taxa that assimilate dissolved silicate 

from the water column. The groups represent ecological functions, plausibly a 

species may straddle two functional groups. 

 

Figure 2.1: The pelagic ecosystem model flow diagram indicating the carbon and nutrient 

pathways between functional groups. Note that although not shown for simplicity, both 

particulate and dissolved organic matter compartments are subdivided according to size and 

reactivity, respectively (Blackford et al., 2004). 
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For modelling purposes, every organism could be represented like the 

standard organism shown in figure (Figure 2.2). This is a theoretical construct, as 

well as the functional groups, which should not be identified with the real organism. 

The standard organism interacts with the world by means of universal physiological 

and ecological processes such as photosynthesis, excretion, grazing, etc. The 

dynamics of the functional groups can be formulated in terms of material flows of 

basic elements, and the time rate of change of the others are derived from the 

constant ratios. 

Figure 2.2: Scheme of the standard 

organism and the 

physiological/trophic relationships 

with the major environmental 

forcings. The standard organism is a 

theoretical representation of the real 

organisms and can describe both an 

autotroph, a heterotroph or a 

mixotroph, depending on the choice 

of the (internal) state variables and 

the process equations that link them 

(Vichi et al., 2007). 

 

 

 

 

 

 

A key feature of ERSEM is the decoupling between carbon and nutrient 

dynamics, which leads to the simulation of variable stoichiometry within the 

modelled organisms. Chlorophyll is also treated as an independent state variable, 

following the formulation proposed by Geider et al. (1997). Consequently each 

plankton functional types is modelled throughout up to five state variables describing 

each cellular constituents (C, N, P, Si, Chla). 

The inclusion of a physiologically controlled variable carbon to chlorophyll 

ratio provides a more realistic interpretation of light limitation on primary production 
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and simulation of deep chlorophyll maxima, a more accurate interpretation of 

chlorophyll or ocean colour data when validating models or employing data 

assimilation techniques (Allen, 2002). 

Primary production is assumed to be not directly dependent on nutrient 

availability but active DOC (dissolved organic carbon) exudation is accounted in 

order to re-equilibrate the internal stoichiometry. This mechanism allows for a more 

accurate description of the nutrient limitation also ensuring a large production of 

dissolved organic carbon (DOC) fuelling the bacterial pool. 

The formulation of the dissolved and particulate organic matter (DOM and 

POM, respectively) production and fate is another key aspect of ERSEM. DOM is 

produced by different processes involving phytoplankton, bacteria and zooplankton 

(Blackford et al., 2004) while its consumption is exclusively regulated by bacteria 

uptake. Thus, resolving DOM into a labile and semi-labile component, the model 

provides a reliable (although extremely simplified) representation of the range of 

organic compounds present in the marine DOM and their different degree of 

degradability. POM is assumed to be produced by phytoplankton and zooplankton 

and is , divided into a number of size-based categories corresponding to different 

sedimentation rates. In this way it is possible, to realistically simulate the dynamics 

leading to the carbon export from the surface to the deep ocean (biological carbon 

pump). All together these features make ERSEM a flexible and adaptable model able 

to simulating, depending on the environmental nutrient concentration, the continuum 

of trophic pathways proposed by Legendre and Rassoulzadegan (1995), from the 

classical herbivorous food web (driven by large cell and high nutrient) to the so-

called “microbial loop” (Azam et al, 1983) driven by bacteria feeding on DOC.  

Although the model was developed in the context of the North Sea 

ecosystem, several studies have shown that ERSEM is equally applicable to warm 

temperate (Mediterranean) systems, tropical monsoon forced situations (Arabian 

Sea), coastal areas with large land-derived inputs and to subtropical Atlantic Ocean 

(Ruardij et al., 1997; Vichi et al., 1998a, 1998b; Allen et al., 1998a; Petihakis et al., 

1999; Zavaterelli at al., 2000; Obernosterer et al., 2001; Allen et al., 2002; Petihakis 

et al., 2002; Blackford and Burkill, 2002; Vichi et al., 2004; Raick et al., 2005). On 
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the whole, ERSEM approach to pelagic biogeochemistry is able to adapt to 

contrasting sites in the world ocean making it appealing for applications in the global 

ocean (Blackford et al., 2004). 

ERSEM has also been used in the context of climate studies. In fact, a key 

requirement for a predictive capability is the ability to simulate ecosystem response 

to inter-annual variability and climate change, particularly in the North Sea and in 

the Adriatic Sea (Pätsch and Radach, 1997; Taylor et al., 2002; Vichi et al., 2003a). 

Table 2.1(a) and (b) present the full list of state variables and their 

constituents , for a total of 49 state variables. P, Z and B represent phytoplankton, 

consumer and decomposer, respectively. R represents organic detritus both dissolved 

and particulate, while dissolved nutrients (NO3, PO4, NH4, Si) are represented by N. 

Rate parameters are denoted by r, nutrient to carbon ratios within a state variable are 

denoted by qP, qZ or qB. Superscripts are used to identify which component of the 

variable is being considered (C, N, P, Si, Chl). For example, PC represents 

phytoplankton carbon, qPN phytoplankton nutrient/carbon ratio. The set of parameter 

that characterizes the consumers and their prey availability is listed in Appendix 3). 

Heterotrophic bacteria are characterized by the parameter listed in Appendix 4. 
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Table 2.1. (Blackford et al., 2004) 

 

(a) Pelagic state variables 

 

(b) The corresponding state variable units 
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For a complete description of the ERSEM equations we remand the reader to 

the cited literature (Vichi et al., 2007; Blackford et al., 2004). Hereafter we limit our 

description to the model equations describing phytoplankton related processes and 

oxygen evolution which are the specific object of our study. 

 

2.1.1. The Phytoplankton functional groups in ERSEM 

As reported in Table 2.1(a), the phytoplankton community, P, consists of 

(Ebenhöh et al., 1997, Baretta-Bekker et al., 1997): 

- Diatoms (20–200 µm, phytoplankton silicate dependent); theirs notation is 

P1 and theirs constituents are C, N, P, Si, Chl. Therefore, for diatoms there are 5 

state variables. 

- Flagellates (2–20 µm); theirs notation is P2 and theirs constituents are C, N, 

P, Chl. Therefore, for flagellates there are 4 state variables. 

- Picophytoplankton (0.2–2 µm); theirs notation is P3 and theirs constituents 

are C, N, P, Chl. Therefore, for picophytoplankton there are 4 state variables. 

- Dinoflagellates (20–200 µm); theirs notation is P4 and theirs constituents 

are C, N, P, Chl. Therefore, for dinoflagellates there are 4 state variables. 

The above names of the functional group are indicative and do not exclude 

species usually described under different categories.  

The values of the phytoplankton parameters applied in this work as a 

reference were taken from Blackford et al. (2004) and they are listed in Table 2.2.  
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Table 2.2: Parameters for the phytoplankton functional groups (Blackford et al., 2004). 

 

Table 2.3: Optical and photosynthesis –irradiance curve parameters (Blackford et al., 2004). 
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The general formulation of the rate of change for each functional type (P) in 

ERSEM is the following.  

  

  
                                                    (2.1) 

Phytoplankton biomass is described by carbon, nitrogen, phosphorous and, in 

the case of diatoms, silicon components, because, as previously mentioned, variable 

C/N/P/Si cell quotas are allowed. Nutrient uptake is decoupled from the carbon 

processes and is dependent on cell nutrient quotas.  

All processes are regulated by ambient temperature throughout the Q10 value, 

which is a regulating temperature factor. Gross photosynthetic production is assumed 

to be a function (Eq. 2.2) of the maximum assimilation rate (rass, defined at 10 °C), 

temperature (t, Eq. 2.3), light (fi, Eq. 2.4) and phytoplankton (carbon) biomass (P
C
). 

In the diatom functional types, photosynthesis is also assumed to be dependent on 

external silica concentration. 

                       
   

 [   (
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)     ]for diatoms  (2.2) 

The temperature response factor (t) is assumed to be equal for all functional 

groups, taking the form of a Q10 function of the ambient temperature (T), empirically 

adapted to mimic enzyme inhibition at high temperatures: 
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Light limitation (fi) is assumed to be a function of a chlorophyll to carbon 

ratio (Geider et al. 1997). 
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 (2.4) 

where α is the initial slope of the PI curve, β is the photo-inhibition parameter 

and θ the chlorophyll to carbon ratio which is constrained by maximum (θmax) and 



Chapter 2. The biogeochemical model: ERSEM 31 

minimum (θmin) values. The proportion of photosynthate directed to chlorophyll 

synthesis (ρ) is given by 

  
           

   
 (2.5) 

The parameters pertaining to the PI curve are given in Table 2.3. Solving Eq. 

(2.4) and (2.5) for ρ = θ, i.e. when the proportion of photosynthate directed towards 

chlorophyll balances the existing Chl/C ratio, the PI curve and variation of 

chlorophyll to carbon ratio with light can be derived (Figure 2.3). 

 

Figure 2.3: The evolution of the modelled carbon to chlorophyll ratio with irradiance and the 

resulting modelled limitation on photosynthesis (derived from Geider et al., 1997) (Blackford et 

al., 2004). 

 

It is worth highlighting the relationship between the organic carbon-specific 

photosynthetic rate (P, in accordance with Geider et al., 1997) and the solar 

irradiance (I), that can be represented by the classic PI curve (Figure 2.4) displaying 

light on the x-axes and photosynthesis/production on the y-axis. 
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Figure 2.4: Schematic of the specific rate of photosynthesis (P) versus irradiance. Note the drop-

off at high irradiance due to photoinhibition. Ic is the compensation irradiance (Sarmiento and 

Gruber, 2006). 

 

The PI curve is commonly used to describe phytoplankton’s photosynthetic 

response to changing light intensity. Using this tool to approximate biological 

productivity is important because phytoplankton contribute ~25% of total global 

carbon fixation and are important suppliers to the marine food web. The hyperbolic 

response between photosynthesis and irradiance, depicted by the PI curve, is 

important for assessing phytoplankton population dynamics, which influence many 

aspects of the marine environment. On the whole, the carbon-specific photosynthetic 

rate (P) is formulated as a function of the irradiance (I) and of the chlorophyll to 

carbon ratio (θ). This is represented by Eq.s (2.2) and (2.4), which are coupled in the 

following: 

       [   
(
    

     
)
]  

( 
   

     
)
 (2.6)  

Photosynthetic rate increases with increasing light intensity until the maximal 

specific uptake (rass) is reached and continues to photosynthesize at the maximum 

rate thereafter. The photo-inhibition parameter β is essential, since in the upper few 

meters of the ocean, phytoplankton may be exposed to irradiance levels that damage 
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the chlorophyll-a pigment inside the cell, and this can decrease the photosynthetic 

rate. In this case, the response curve represents the photoinhibition as a decrease in 

photosynthetic rate at light intensities stronger than those necessary to achieve the 

values rass
8

. 

Modeled lysis represents non-resolved mortality processes and is assumed to 

be enhanced in nutrient limited situations (Baretta-Bekker et al., 1997). It is 

calculated from a minimal rate (rlysis) modified by the nutrient limitation factor (n): 

      
   

     
         

  (2.7) 

The nutrient limitation factor (n) employs ‘Droop kinetics’ (Droop, 1974). 

This is a function of the actual cellular carbon to nutrient ratios( C/N and C/P ) 

(PN/PC, PP/PP) and the maximum C/N and C/P ratios (qPmax) achievable. 
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Where qPmin and nPmin are the minimum nutrient to carbon ratios accounting 

for the structural part of the cell. The limitation factor is calculated for each 

phytoplankton types and ranges from 0 to 1. 

Carbon loss due to viral lysis is partitioned between particulate and dissolved 

detritus according to the ratio of minimal to actual internal nutrient to carbon ratio. In 

this way it is assumed that the structural components of the cell (i.e. cell wall and 

membranes) become particulate detritus while the remainder part (cytoplasm) 

become dissolved organic matter.  

                                                 
8
 Note that θmax is the maximum amount of Chl mg out of C mg. The reaction between 

chlorophyll (in chloroplasts) and irradiance (photons) determines the pigment excitement and the 

emission of electrons that take part to the Kelvin cycle for the production of energy (Adenosine-5'-

triphosphate, ATP) and the carbon organication. Therefore, the much more chlorophyll is contained in 

the cell, the much more carbon will be synthetized at low irradiance condition, and the much higher 

will be the photosynthesis rate P. This happens only at low irradiance condition because if the solar 

irradiance exceeds a species-specific threshold, a production inhibition will occur due to the presence 

of a surplus of free electrons able to become attached to oxygen and so to form free radicals. Geider 

highlights that Eq. (2.5) is a static description of instantaneous achieved photosynthesis at a given 

irradiance, constrained by rass and a constant quantum efficiency of photosynthesis. The question at 

hand is how this instantaneous response effects a change in the Chla to carbon ratio. 
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Phytoplanktonic photosynthesis is also the main process producing dissolved 

organic carbon (DOC) in the marine environment through cellular exudation 

(excretion, exc). In order to account for this, activity excretion of a fixed proportion 

(pex) of primary produced organic carbon is assumed to be excreted by phytoplankton 

as DOC. Additionally, DOC is also assumed to be released by phytoplankton in order 

to re-equilibrate the internal stoichiometry in case of nutrient stress condition.  

                   (    (     )(       ))  (2.9) 

Where the factor (1-pex) is the nutrient stress excretion of the potential 

assimilate. 

The respiration loss rate combines activity respiration as a fixed proportion 

(ractr) of actual assimilation (photosynthsis-exc) and basal metabolism (rrestr) related 

to ambient temperature (t). 

            (        
 )  ((                  )     ) (2.10) 

Hence net primary production may become negative due to basal respiration 

in low light conditions. 

The required nutrient uptake is calculated as a combination of uptake 

commensurate with carbon productivity and uptake necessary to address any internal 

shortfall of nutrients. Actual uptake is constrained by a maximum uptake dependent 

on an affinity parameter (a) and external nutrient concentration. So for phosphate 

uptake 

                                 
       

       (2.11) 

          (                      
 ) (2.12) 

where productivity is given by (uptake–excretion–respiration), qPmax is the 

maximum internal nutrient/carbon ratio and ap the affinity for nutrient. Nitrogen 

uptake is slightly more complex as there are two sources, nitrate and ammonium for 

which the individual functional groups may have different affinities. Partitioning of 
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uptake is calculated according to the ratio of maximum potential uptake from each 

source. 
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With no capacity for luxury uptake and storage of silicate, silicate uptake is 

derived from productivity and the appropriate Redfield ratio, 

                         
   (2.15) 

Nutrient loss via lysis and excretion are calculated as above, modified by the 

appropriate N/C ratio. Silicate loss is exclusively particulate.  

Sedimentation of phytoplankton is assumed to occur if they are nutrient 

stressed, with the rate dependent on a threshold value (st), nutrient limitation (n, Eq. 

2.8) and a sedimentation rate parameter (rsed), 

                     (    (    ))   (2.16) 

 



Chapter 2. The biogeochemical model: ERSEM 36 

2.2. ERSEM description of the oxygen production and 

consumption 

As mentioned in section 1.2, the consumption of oxygen during respiratory 

degradation of organic compounds in plankton communities is the essential 

counterpart to photosynthetic carbon assimilation in real marine systems. Thus, the 

oxygen concentration can be considered as kind of “global” parameter characterizing 

the status of the marines systems, since its dynamic are driven by a number of key 

ecosystem processes. 

In ERSEM, the pelagic net production of oxygen is modelled through the 

balance between gross primary production (GPP) and the whole community 

respiration. The latter describes the CO2 production and consumption in the water 

column. Oxygen fluxes are then calculated by applying to the carbon the appropriate 

stoichiometric carbon to oxygen factor   
 . 
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In marine systems, direct respiration measurements in size-fractions have 

shown high activities of phytoplankton and bacteria (Williams, 1981). Measurements 

of high biomass and net production of free-living bacteria subsequently led to the 

realization that a large proportion of primary productivity is channelled through the 

microbial food webs of bacteria and heterotrophic flagellates (Azam et al., 1983; 

Fenchel, 1988) in addition to the direct macrozooplankton-fish food chain (Steele, 

1974). Respiratory processes in oceanic waters and in coastal waters without 

substantial input of easily degradable organic compounds from land and benthic 

plants rely on photosynthetic products from phytoplankton. Dark respiration of 

phytoplankton is linearly related to their growth rate (cf. Langdon, 1988), and thus to 

their photosynthetic output, and bacterial metabolism is greatly dependent on 

utilization of extracellular products of photosynthetic origin (cf. Larsson & 

Hagstrom, 1979, 1982). Because phytoplankton and bacteria are usually the main 

respiring organisms and zooplankton contributes much less to plankton community 

respiration (Williams, 1984) there is a close coupling between phytoplankton 



Chapter 2. The biogeochemical model: ERSEM 37 

productivity and community respiration (Jensen et al., 1990). The phytoplankton 

functional group respiration is reported in Eq. (2.10). Biomass and productivity of 

phytoplankton and bacteria are therefore likely to be good descriptors of plankton 

community respiration. For bacteria the coupling to production should be closer than 

to biomass because of the presence of a variable and often large proportion of 

inactive bacteria, and because active bacteria have variable turnover rates (Riemann 

et al., 1984). Taking into account all these aspects is essential in order to 

appropriately simulate the marine ecosystem dynamics. 
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2.3. The configuration of ERSEM at the L4 monitoring site  

As already stated we have used as case-study the GOTM-ERSEM 

implementation at the site L4 in the Western English Channel. In a real system, the 

temporal evolution of each biogeochemical variable in a fixed point (i.e. from an 

Eulerian point of view) is also depending from physical processes such as advection 

and diffusion. The temporal changes of each model state variable can therefore be 

seen as the sum of biogeochemical and physical processes. The numerical 

implementation of marine biogeochemistry coupled with physical circulation models 

requires a theoretical formulation in terms of partial differential equations which, in 

general, contain the divergence of material fluxes that determine the rate of change 

of the ecosystem state variables. We call this a generalized model of pelagic 

biogeochemistry, meaning the mathematical representation, by means of partial 

differential equations of biogeochemical processes. 

The general equation of the coupled model GOTM-ERSEM is the following: 
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(2.18.a)

 

In Equation (2.18.a) the first term indicates the physical equations of GOTM, 

while the second term represent the biogeochemical equations of ERSEM. In Eq. 

(2.18.a) ci represent the i-th variable (e.g. a given element concentration),      the 

parameters of the biogeochemical equations,       the parameters of GOTM. 

The general equation of the model output Yj is: 

     (   ) (2.18.b) 

where gi is a function of the model variables c and the time t. The output can 

be simply the time evolution of a model variable (     ( )) or, for example, the 

minimum value of a variable in the simulation period (      (   ( ))). 

We chose as study area the L4 station for the following reasons: 
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i. This was an implementation in use at the Plymouth Marine 

Laboratory (PML). Therefore, a calibrated ecosystem model was 

already available; 

ii. Additionally, this configuration was also applied to other sites. 

Blackford et al. (2004) used the same set of parameters to different 

areas. Therefore, the analysis results could be useful to study not only 

the L4 station but these areas as well; 

iii. Data of the chosen indicator (oxygen) were available for the L4 

station. They can be qualitatively compared with the analysis results. 

 

Figure 2.5: Map showing the locations of L4 (50° 15’N, 4° 13’W) within the wider context of the 

Western Channel Observatory domain (Smith et al., 2010). 

 

The costal site L4 (Figure 2.5) is seasonally stratified from late-April until 

September, and the variable biological response is regulated by subtle variations in 

temperature, light, nutrients and meteorology (Smyth et al., 2010). L4 has been 

sampled continuously by the Plymouth Marine Laboratory since 1988 with an initial 

emphasis on zooplankton measurements. This station is within 40 km of Plymouth 

and is characterized by summer nutrient depletion, although intense summer 

precipitation, increasing riverine input to the system, results in pulses of increased 
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nitrate concentration and surface freshening. It has a spring and autumn 

phytoplankton bloom. The last two decades have seen a warming of around 0.6°C 

per decade, and this is superimposed on several periods of warming and cooling over 

the past century. In general, over the Western English Channel domain, the end of 

the 20th century was around 0.5°C warmer than the first half of the century. Station 

L4 is periodically affected by riverine inputs of the Tamar estuary and the magnitude 

of these is determined by recent rainfall, wind mixing and the state of the tide. As to 

be expected, the station is strongly affected by ambient weather conditions.  

The profile of the dissolved oxygen concentration at the L4 station for the 

years 2010-2011 (Figure 2.6) shows that the lowest concentrations are, generally, at 

the deepest levels, between 20 and 50 meters depth, and ranged between August and 

October. On the other hand, the highest concentrations are obtained, generally, at the 

upper levels and, in particular, between April and May. 

 

Figure 2.6: Profile of the dissolved oxygen concentration for the years 2010-2011 for the L4 

station. The profile is obtained by means of the weekly data available at the Western Channel 

Observatory web site (http://www.westernchannelobservatory.org.uk/data/CTD/L4/). 

 

2.3.1. Model set-up 

In the 1D GOTM-ERSEM configuration at L4, the water column is 

discretized in 50 levels (Blackford et al., 2004; Appendix 5), from the level 0, that 

corresponds to the surface level, to the level 50
th

, representing the level starting at 

49.62 meters depth.  
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Figure 2.7: Depth profile of the 50 levels describing the water column. 

 

In the Figure 2.7 is depicted the depth profile of the 50 levels. The vertical 

resolution of the model is not uniform as the thickness of the levels decrease near the 

surface and the bottom of the water column where physical conditions are more 

variable, requiring higher resolution to be properly modelled. 

The model is forced with climatological physical functions (dry air and dew 

point temperature, cloud cover, air pressure, x and y-component of wind) obtained by 

averaging reanalysis meteorological data (ECMWF)
9
 and initialized with 

temperature, salinity and nutrient concentration observed in situ. Observed 

climatological temperature and salinity profile are dynamically assimilated by the 

model in order to ensure a correct simulation of the water column stratification and 

mixed layer.  

The seasonal evolution of surface radiation is calculated on the base of 

latitude, longitude, time, fractional cloud cover and albedo according to Rosati and 

Miyacoda (1988). Light extinction trough the water column is assumed to be 

dependent on water mass, organic particulates in the water column (both living and 

detritus) and silt as described in Blackford et al (2004). 

                                                 
9
 ECMWS is the European center for the weather forecast. 
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All simulations were carried out setting the time step in the calculation of the 

model equations at 900 s and a ten-year model spin-up was run to allow the model to 

reach a state of equilibrium under the applied forcing. 10 years run of spin-up were 

carried out in order to obtain a regular repeating cycle of the main biogeochemical 

variables. Then, the model was run to simulate the evolution of the model variables 

over one climatological year. 

At the lower boundary of the water column a simple remineralisation closure 

is applied exporting sinking detritus that is re-injected into the water column as 

dissolved nutrients and inorganic carbon at a fixed rate of 0.5 d
-1

.  

Note that nutrient values are set only as initial conditions. Therefore, being 

the system closed, external nutrients inputs are not considered. 
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Chapter 3. The uncertainty/sensitivity analysis methods 

The 1dimensional configuration of ERSEM at L4 described in the previous 

chapter was analysed using two advanced uncertainty and sensitivity methods, 

among the ones mentioned in Section 1.3. In particular, we applied the Morris 

method of screening sensitivity analysis to identify qualitatively the ERSEM 

production parameters that are the most important in the simulation of the minimum 

dissolved oxygen concentration at L4. Then, a Monte Carlo-based method was 

applied to assess quantitatively the sensitivity and uncertainty of the model output, 

with respect to the parameters identified in the screening analysis. 

In this chapter we summarize the main features of the Morris and Monte 

Carlo-based uncertainty/sensitivity analysis methods.  

 

3.1. The Morris method 

Screening sensitivity analysis allows one to identify qualitatively the most 

important parameters of a complex model, at a relatively low computational cost (see 

Section 1.3.1).  

The screening technique adopted in the present study for the preliminary 

ranking of the parameters Xi (     in Eq. 2.18.a), which also are named input factors 

in the framework of UA/ SA, is the improved version of the method described by 

Morris (1991) as proposed in Campolongo et al. (2007). 

The method is based on calculating for each input a number of incremental 

ratios, called Elementary Effects (EE), from which basic statistics are computed to 

derive sensitivity information. 

The key idea of this method is to average, for each input factor, a number of 

incremental ratios, called elementary effects (EEs), resembling derivatives, over the 

space of values of the input factors, which is approximated by a grid of p levels. 

From the EEs, basic statistics are computed to derive sensitivity information.  
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An elementary effect is defined as follows. Consider a model with k 

independent inputs Xi, i = 1,…,k, which varies in the k-dimensional unit cube across 

p selected levels. For a given value of X, the elementary effect of the ith input factor 

is defined as 
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where p is the number of levels, Δ is a value in {1/(p-1),…, 1-1/(p-1)}, X = 

(X1, X2,…, Xk) is any selected value in Ω such that the transformed point (X+eiΔ) is 

still in Ω for each index i = 1,…,k,, and ei is a vector of zeros but with a unit as its ith 

component. For the factor Xi, an incremental ratio of the model output Y is computed 

with respect to an increment   
 
 of the value Xj of the p-level grid. The distribution of 

elementary effects associated with the ith input factor is obtained by randomly 

sampling different X from Ω, and is denoted by Fi, i.e. EEi ∼ Fi. The Fi distribution 

is finite and, if p is even and Δ is chosen to be equal to p / [2 (p − 1)], the number of 

elements of Fi is p
k−1

 [p – Δ(p − 1)]. Assume, for instance, that k = 2, p = 4 and Δ = 

2/3, for a total number of eight elements for each Fi. The four-level grid in the input 

space is represented in Figure 3.1.  

 

Figure 3.1: Representation of the four-level grid (p = 4) in the two-dimensional input space (k = 

2). The value of Δ is 2/3. The arrows identify the eight points needed to estimate the elementary 

effects relative to factor X1 (Saltelli et al., 2008). 
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The total number of elementary effects can be counted from the grid by 

simply keeping in mind that each elementary effect relative to a factor i is computed 

by using two points whose relative distance in the coordinate Xi is Δ, and zero in any 

other coordinate. 

In the example shown in Figure 3.2, the parallelepiped represents the space of 

k = 3 input factors, the marginal distribution of which is subdivided into p = 4 levels, 

which define the four possible values of each factor. In other words, the input space 

is discretized into 4 levels grid Ω. 

 

Figure 3.2: Graphical representation of the Morris sampling strategy in a three-dimensional 

input factor space that define the ranges of variability of k = 3 input factors Xi (i = 1, …, k) 

subdivided into a grid of four levels (p = 4). The trajectory j (j = 1, 2, …, r), represented by the 

black arrows, connects a sequence of grid points that differ in one of coordinates by the quantity 

  
 
. The gray arrows represent a second trajectory drawn by changing the starting grid point 

and the sequence of the factor variations (Ciavatta et al., 2009). 

 

By incrementing each factor in random sequence, one obtains a trajectory j in 

the factor space (the sequence of black arrows in Fig. 3.2), the (k + 1) nodes of which 

represent sets of parameter values used to run the model (k + 1) times and to compute 

k values of EE. A number of j = 1, 2, . . . , r trajectories can be built by randomly 

selecting r starting grid points (a second trajectory is represented in grey in Fig. 3.2). 
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Thus, one obtains a sample of r EE values for each input factor, evaluated at different 

points within the whole range of variability of the factor. 

Once r elementary effects per input are available (   
 
              

       ), evaluated at different points within the whole range of variability of the 

factor, the statistic average (µi) and variance (  
 ) relative to the distributions of 

elementary effects can be computed for each factor by using the same estimators that 

would be used with independent random sample, as the r EEs belong to different 

trajectories and therefore independent:  
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The sensitivity measures, µ and σ proposed by Morris, are respectively the 

estimates of the mean and the standard deviation of the distribution Fi. The mean µ 

assesses the overall influence of the factor on the output. The standard deviation σ 

estimates the ensemble of the factor’s effects, whether nonlinear and/or due to 

interactions with other factors. An intuitive explanation of the meaning of σ is the 

following. Assume that for factor Xi we obtain a high value of σ. The elementary 

effects relative to this factor thus differ notably from one another, implying that the 

value of an elementary effect is strongly affected by the choice of the sample point at 

which it is computed, i.e. by the choice of the other factors’ values. By contrast, a 

low value of σ indicates very similar values among the elementary effects, implying 

that the effect of Xi is almost independent of the values taken by the other factors.  

However, Campolongo et al. (2007) proposed replacing the use of the mean µ 

with µ∗, which is defined as the estimate of the mean of the distribution of the 

absolute values of the elementary effects that we denote with Gi, i.e. |EEi| ∼ Gi. As 

suggested in Camplonogo et al. (2007), it has been used as sensitivity index the 

average µ∗ : 
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where r is the sample size for each factor. The overall computational cost for 

the calculation of µ∗ is thus r(k + 1) model runs, and it is worth noting that typically, 

the order of r is 10. 

Despite the single 
j

iEE  in Eq. (3.1) are local incremental ratios, the sensitivity 

index µ∗ is estimated by averaging several j

iEE  computed at different points 

sampled in the whole input space. Therefore, this method can be regarded as a global 

screening technique and allows one to perform a reliable screening for highly 

nonlinear models, while local derivative-based methods cannot. It has a number of 

advantages - in terms of lower computational costs, numbers of assumptions, and 

reliability of the results - with respect to other screening methods that are widely 

accepted in the literature (Ciavatta et al., 2009). In particular, Campolongo et al. 

(2007) compared the sensitivity µ∗ with a quantitative variance-based measures and 

demonstrated that µ∗ is a good proxy of the total sensitivity index ST. The total 

sensitivity index is a measure of the overall effect of a factor on the output (inclusive 

of interactions) and corresponds to the expected variance that is left when all factors 

but Xi are fixed, i.e. EX~i (VXi (Y|X~i)), and 

   
  

    
(   

(     ))

 ( )
 (3.5) 

STi is to be used when the goal is that of identifying non-influential factors in 

a model (rather than prioritizing the most influential ones). µ∗ is an effective 

substitute for the total index when the computational cost of ST is unaffordable. 

Moreover, Saltelli et al. (2008) showed that µ∗ is particularly suitable for 

screening purposes, because it is rather resilient against type II errors (failing to 

identify a factor with considerable influence on the model), to which the original 

measure µ is vulnerable. Type II errors might occur while the distribution Fi contains 

both positive and negative elements, i.e. when the model is non-monotonic or has 

interaction effects. In these cases, some effects may cancel each other out when 

computing µ , thus producing a low mean value even for an important factor. To 

avoid such type II errors, Morris (1991) recommended considering the values of µ 

and σ simultaneously, since a factor with elementary effects of different signs (i.e. 
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that cancel each other out) would have a low value of µ but a considerable value of σ. 

A graphical representation in the (µ, σ) plane allows for a better interpretation of 

results by taking into account at the same time the two sensitivity measures. µ∗ is a 

practical and concise measure to use, especially when there are several output 

variables.  

Finally, in contrast to µ in Eq. (3.2), the sensitivity index µ∗ has the advantage 

that it can be adjusted to provide the overall sensitivity of subsets of input factors (for 

details, see Campolongo et al., 2007). This last property allowed us to collect the 

constrained input factors –      in Eq. 2.18.a. - into groups and to evaluate their 

overall index µ∗ through the stochastic variations of the single factors in the groups 

while respecting their mathematical relationships, i.e. to produce an overall 

sensitivity measure relative to a group. The cost of grouping factors is the loss of 

information concerning the relative importance of the factors belonging to the same 

group. 

On the whole, the characterization of the distribution Fi through its mean µ or 

µ∗ and standard deviation σ gives useful information about the influence of the ith 

factor on the output. A high mean indicates a factor with an important overall 

influence on the output; a high standard deviation indicates either a factor interacting 

with other factors or a factor whose effect is nonlinear. 

In order to estimate the sensitivity measures (i.e. the statistics of the 

distributions Fi and Gi), the design focuses on the problem of sampling a number r of 

elementary effects from each Fi. Now we report the steps followed to build the 

sample design.  

The design is based on the construction of r trajectories of (k+1) points in the 

input space, each providing k elementary effects, one per input factor, for a total of 

r(k+1) sample points. A trajectory can be seen in the form of a matrix, B
*
, with 

dimension (k+1)×k, whose rows are the vectors x
(1)

, x
(2)

, …, x
(k+1)

. This increase the 

economy of the design to k/(k+1). In the development of this design, it is convenient 

to assume that p is even and Δ = p / [2 (p − 1)]. With such assumption, each of the 

p
k−1

 [p – Δ(p − 1)] = p
k
/2 elementary effects for the ith input factor has equal 
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probability to being selected. The trajectories are generated in the following manner. 

A base value x
* 

for the vector X is randomly selected in the p-level grid Ω. x
*
 is not 

part of the trajectory but is used to generate all the trajectory points, which are 

obtained from x
*
 by increasing one or more of its k components by Δ. For the 

example of a trajectory for k = 3 and p = 4, illustrated in Fig. 3.2, the first trajectory 

point, x
(1)

, is obtained by increasing one or more components of x
*
 by Δ, in such a 

way that x
(1)

 is still in Ω. The second trajectory point, x
(2)

, is generated from x∗ with 

the requirement that it differs from x
(1)

 in its ith component, which has been either 

increased or decreased by Δ, i.e. x
(2)

= x
(1)

 + eiΔ or x
(2)

 = x
(1)

 − eiΔ. The index i is 

randomly selected in the set {1, 2, …, k}. The third sampling point, x
(3)

, is generated 

from x∗ with the property that x
(3)

 differs from x
(2)

 for only one component j, for any 

j ≠ i. It can be either x
(3)

 = x
(2)

+ eiΔ or x
(3)

= x
(2)

− eiΔ. And so on until x
(k+1)

, which 

closes the trajectory. The design produces a trajectory of (k+1) sampling points x
(1)

, 

x
(2)

, …, x
(k+1)

 with the key properties that two consecutive points differ in only one 

component and that any value of the base vector x
* has been selected at least once to 

be increased by Δ.  

We said that one or more of the k components of x
*
 are increased by Δ such 

that a vector x
(1)

 results that is still in Ω. 

At this point, the estimated elementary effect of the ith component of x
(1)

 is  
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 (3.6.a) 

if the ith component of x
(1) 

has been increased by Δ, or 
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 (3.6.b) 

if the ith component of x
(1) 

has been decreased by Δ. 

Let x
(2)

 be the new vector (  
( )

       
( )

   
( )

       
( )

     
( )

) defined like 

above. Select a third vector x
(3)

 such that x
(3)

 differs from x
(2)

 for only one component 



Chapter 3. The uncertainty/sensitivity analysis methods 50 

j: either   
( )

    
( )

   or   
( )

    
( )

  , with j ≠ i. the estimated elementary 

effect of factor j is then 

   
 
( ( ))  

 ( ( ))  ( ( ))

 
 (3.7.a) 

if Δ > 0, or 

   
 
( ( ))  

 ( ( ))  ( ( ))

 
 (3.7.b) 

otherwise. 

This step is repeated such that a succession of k+1 input vectors x
(1)

, x
(2)

, …, 

x
(k+1)

 is produced with two consecutive vectors differing in only one component. 

Furthermore, any component of the base vector x
*
 is selected at least once to be 

increased by Δ, to estimate one EE for each factor. The successive vectors x
(1)

, x
(2)

, 

…, x
(k+1)

 define a trajectory (matrix B
*
) in the parameter space, like in the example in 

Figure 11. In this way the rows of a matrix B
*
 are the vectors x

(1)
, x

(2)
, …, x

(k+1)
. This 

matrix is called orientation matrix and it corresponds to one trajectory of k steps in 

the parameter space, with starting point x
(1)

. This provide a single elementary effect 

per factor (to build a B
*
, see Appendix 6.a). This will be repeated r times, to obtain r 

orientation matrices. 

 

3.1.1. Working with groups: types of parameters  

The EE method presented above can also be extended by subdividing the 

input factors in groups and computing the sensitivity index µ∗ for each group. Fitness 

to work with groups, which is typical of the variance-based measures (Slatelli et al., 

2000), is very advantageous for models containing a high number of factors 

(hundreds or thousands), as it allows for the reduction of the number of model 

executions required, at the cost of losing information on the relative strength of the 

inputs belonging to the same group (Campolongo et al., 2007). 



Chapter 3. The uncertainty/sensitivity analysis methods 51 

When working with groups, the idea is to compute the elementary effects EE 

by changing the values of all factors of the same group simultaneously.  

For example, given a two-factor group   (       ), the absolute elementary 

effect in point X is computed as: 

    ( )  |
 ( ̃)  ( )

 
| (3.8) 

where X is any selected value in Ω such that the transformed point  ̃ is still in 

Ω, and each of the components ( ̃    ̃  ) has been either increased or decreased by Δ 

with respect to (       ). In order to treat groups of factors, the sampling strategy 

described in section 3.1. needs to be modified slightly (see Appendix 6.b). 

The sensitivity index µ∗  is then computed using Eq. 3.4. 

It is worth noting that, in the original definition given by Morris, the 

elementary effect is obtained by subtracting the function evaluated at X from that 

evaluated after incrementing one factor (see Eq. 3.1). As explained in Saltelli et al. 

(2007), this definition cannot be extended straightforwardly to cases in which more 

than one factor is moved at the same time, as two factors may have been changed in 

opposite directions, i.e. one increased and one decreased by Δ. By contrast, using µ∗ 

overcomes this problem, as the focus is not on the elementary effect itself but on its 

absolute value, i.e. the elementary effect is always positive, regardless of the 

displacement of the factors. This last property allowed us to collect the constrained 

input factors into groups and to evaluate their overall index µ∗ through the stochastic 

variations of the single factors in the groups while respecting their mathematical 

relationships.  

The drawback of working with group of factors is that one can not compare 

the relative importance of the factors belonging to the same group. because a single 

sensitivity index µ∗ is computed for the group (Campolongo et al. 2007). 
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3.2. Monte Carlo analysis 

Monte Carlo (MC) sensitivity/uncertainty analysis is based on performing 

multiple runs of a model, using randomly selected values of the input factors (e.g., 

the model parameters      in Eq. 2.18.a). The results of these runs are then used to 

determine the model uncertainty and to quantify the contributions of the input factors 

to the model uncertainty. In general, the analysis involves five steps (Saltelli et al., 

2000),: 1) selection of ranges and distributions for each input factor Xi; 2) generation 

of a sample from the ranges and distributions specified in the first step; 3) evaluation 

of the model for each element of the sample; 4) uncertainty analysis; 5) and 

sensitivity analysis. 

1) Selection of Probability Density Functions 

The choice of the probability density functions of the input factors is 

important, because it impacts the distributions of the Monte Carlo output. Thus, care 

must be used in developing distributions for the input variables when particular 

interest is placed on the estimation of distributions of the output variables (Saltelli et 

al., 2008). In this work, we applied uniform distributions to represent the probability 

functions of the ERSEM production parameters. The range of the distributions were 

defined on the base of a literature review. 

2) Sampling 

The second step in MC analysis involves the selection of a sample from the 

respective distributions developed in the first step. The sampling procedure adopted 

in this thesis is the random sampling.  

In random sampling, a sample of row vectors (          ) of the desired 

dimension N is generated from the joint distribution of the input variables.  
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In our application, x are combinations of values of the parameters      in Eq. 

2.18.a. 

Note that random sampling is also referred to as pseudo-random, since the 

random numbers are machine-generated by a deterministic process and not random 

strictu sensu. From the statistical point of view, random sampling has advantages, 

since it produces unbiased estimates of the mean and the variance of Y (Saltelli et al., 

2000). 

3) Evaluation of the model 

The third step in a MC analysis is the evaluation of the model for each of the 

N sample elements in Eq. (3.9). This provides a sequence of N model outputs of the 

form     (  )        , to be used in the uncertainty and sensitivity analysis. 
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 (3.10) 

In our application, these means to run N times the model equation 2.18.b. 

4) Uncertainty Analysis 

In the fourth step, the statistical distribution of the outcome of the Monte 

Carlo simulations (   in Eq. 3.10) is investigated to quantify the uncertainty of the 

model output. In our application, we computed the expected value and variance for 

the output variable y, and its coefficient of variation (CV). 
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The estimates in Equations (3.11), (3.12) and (3.13) are indexes of position 

and dispersion of the output that are as much more useful as much more the output 

distribution comes close to the Gaussian distribution. 

5) Sensitivity Analysis: regression analysis 

The final step is sensitivity analysis (global SA). For each input factor, a 

quantitative sensitivity index and the contribution to the model uncertainty are 

computed. 

The quantitative measures of sensitivity, adopted in the present thesis, are 

based on regression analysis. The input–output relationship was fitted by means of a 

multiple regression model accordingly to the method proposed by Ratto et al. (2007) 

and used by Ciavatta et al. (2008). 

It takes the form:  

      ∑            
 
        (    ) (3.14) 

In Equation (3.14), yt represents the t
th

 Monte Carlo output corresponding to 

the input factor sample    (           ); et is the error (residual) due to the 

approximation and it represents a Gaussian stochastic variable with mean 0 and 

variance σ
2
;                is the regression coefficient i, whose value is related 

to the t
th

 sample of the input factor i: )( ,tiii Xbb  . 

The regression coefficients bi represent the reliable ‘‘global’’ measurements 

of the sensitivity of the model output to the variation in each factor, if the regression 

model (3.14) is explaining a large fraction of the variance in the model output; that 

is, if the coefficient of determination   
  is close to unity, that means, if the 

relationship between the Monte Carlo output y and the factors Xi is quasi linear 

(Saltelli et al., 2008). In this case, if the input factors are independent, the 

contribution of each factor to the total variance of the output can be taken as being 

proportional to the square of the regression coefficients. Estimation of bi can take 

different courses. One common way of determining them is to use least-squares 
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analysis (Draper and Smith, 1981), minimizing some measure of distance between 

the model’s prediction and the data. 

The standardized regression coefficients were also computed, in order to rank 

the input factors. 

   
     (  )

   ( )
 (3.15) 

The standardized regression coefficients quantify the effect of varying each 

input variable away from its mean by fixed fraction of its variance while maintaining 

all other variables at their expected values (Saltelli et al., 2000). By means of an 

analogy with the relative sensitivities, these coefficients give the change in the model 

output, which is measured as a fraction of its standard deviation. This follows a 

change in the input   , measured as a fraction of its standard deviation    (  ). 

In this work, we present the results of the regression analysis by using 

“scatterplots”. These are plots of the output variable yi against xij for each input factor 

xj, where j = 1, …, k, and i = 1, …, N are the model simulations. Scatterplots are 

useful because they can provide qualitative insights of the relationship between 

model inputs and model predictions, such as nonlinear relationships, and thresholds 

(Helton, 1993). They can be considered global measures of importance, and are 

model-independent. One disadvantage of the method is the need to generate and 

examine a large number of plots, at least one per input factor. Furthermore, 

input/output scatterplots are in general a very simple and informative way of running 

a sensitivity analysis and they offer a qualitative measure of sensitivity, since they 

can provide an immediate visual depiction of the relative importance of the factors 

(Saltelli et al., 2000, 2008). 
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Chapter 4. Implementation of the methods to assess the 

uncertainty/sensitivity of the ecological indicator 

The previous chapters outlined the general features of the model and 

sensitivity/uncertainty techniques that were used in this work. 

However, these techniques had to be applied and set-up coherently with the 

specific objective of this thesis, i.e. the assessment of the uncertainty and sensitivity 

of an ecological indicator estimated by a marine ecosystem model. 

In our application, the ecological indicator is the annual minimum of the 

concentration of oxygen in the water column (the model output Yj in Eq. 2.18.b). To 

perform the UA/SA analysis, we followed the procedure shown in Figure 4.1: 

1) we set-up a “reference” simulation of the 1-D GOTM-ERSEM model in 

Eq. (2.18.a), in which we set the parameter values of the biogeochemical equation 

(    ) equal to their “reference” values, given in Table 2.2 and 2.3, and where we 

applied climatological forcings (     ), i.e. interannual averages of the 

meteorological data. This simulation provides the reference, climatological evolution 

of the daily minimum dissolved oxygen concentration and its annual minimum value 

at L4, i.e. in Eq. (2.18.b): 

         ([  ] ) (4.1) 

2) we applied the Morris screening method to identify, among the parameters 

     in Eq. (2.18.a), the subset of the production parameters that are more influent on 

the annual minimum concentration; 

3) we focused on the above identified parameters to perform the quantitative 

uncertainty and sensitivity analysis of the minimum oxygen concentration by means 

of the Monte Carlo simulations. 
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Figure 4.1: Flow diagram of the procedure of analysis applied in this work. 

 

The results of the application of this procedure are the core part of our work 

and they are described in the following three chapters. However, the development 

and application of the UA/SA procedure required a remarkable work of coding in the 

framework of this thesis, as described in the following. 
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4.1. FORTRAN implementation of the analysis  

The GOTM-ERSEM model developed by the Plymouth Marine Laboratory 

and used in this work is written in Fortran90 programming language
10

 and runs on 

UNIX systems. 

On the other hand, the Morris method routines were available initially in 

MATLAB code
11

, developed by the Joint Research Centre (JRC, Ispra, Italy; 

http://sensitivity-analysis.jrc.ec.europa.eu). 

In order to develop the UA/SA analysis, in the framework of this thesis it has 

been coded the Morris method in FORTRAN90 for its application with GOTM-

ERSEM, and it has also been coded specific coupling routines. 

This required the writing of thousands of code lines during two months of 

work. The versatile research tool that it has been developed is now in use at the 

Plymouth Marine Laboratory and available for applications by the wider scientific 

community. 

                                                 
10

 Fortran (Formula Translating System) is one of the most popular languages in the area of 

high-performance computing. Originally developed by IBM in the 1950s for scientific and 

engineering applications, Fortran has been in continual use for over half a century in computationally 

intensive areas. Successive versions have added support for generic programming by means of 

Fortran90. 
2
MATLAB (matrix laboratory) is a numerical computing environment and fourth-generation 

programming language. Developed by MathWorks, MATLAB allowed to our goals matrix 

manipulations, implementation of algorithms and creation of user interfaces. 

http://sensitivity-analysis.jrc.ec.europa.eu/


Chapter 5. Evolution of the minimum of DO in the reference simulation  59 

Chapter 5. Evolution of the minimum of dissolved oxygen in the 

reference simulation  

The first step of the analysis procedure outlined in the previous chapter is the 

simulation of the “reference” evolution of the ecological indicator, i.e. the minimum 

concentration of oxygen at L4. This is the simulation obtained when the values of the 

model parameters included in the UA/SA analysis are set equal to their reference 

values.  

Worthy of remark is that we consider as “reference” the simulation carried 

out with the parameter set listed in Table 2.2 and 2.3 (Blackford et al., 2004).  

The computed model output is the daily average of the minimum value of the 

dissolved oxygen in the water column. The depth at which the minimum of oxygen 

occurs was also recorded. 

The results of the reference simulation are presented and discussed in the 

following section. 

 

5.1. Results  

The simulated evolution of the minimum dissolved oxygen is shown in 

Figure 5.1. 
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Figure 5.1: Reference simulation of the minimum daily values of dissolved oxygen in the L4 

water column. 

 

The concentrations are higher from January to May. In summer, they decrease 

gradually, reaching the minimum annual value of 7 mg l
-1

 (219 µmol l
-1

) at day 

264 of the simulation, corresponding to the 21 of September. In autumn the 

concentrations increase progressively, returning to the winter  values. 

Interestingly, the simulated evolution of the minimum oxygen is qualitatively 

similar to the ones observed at L4 in the years 2010 and 2011. These are shown in 

Figure 5.2, which is drawn from Figure 2.6. 
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Figure 5.2: Observed evolution of the minimum daily values of dissolved oxygen observed at L4 

in the years 2010 and 2011 compared with the reference simulation. Data were obtained by the 

Western Channel Observatory (WCO). 

 

However, the shapes of the simulated and observed seasonal cycles are 

comparable. In particular, the annual minimum of dissolved oxygen occurs in 

September in both the simulation and the data series highlighting the capacity of 

ERSEM of reproducing the observed seasonality. 

On the other hand, it is clear that the model tends to underestimate the range 

of variability. Indeed, the amplitude of the oscillation of the observed data is nearly 

twice as much as the reference is. It should be stressed, however, that the data in Fig. 

5.1 and 5.2 are not suitable for a quantitative comparison, as they refer to specific 

years while the simulation refers to a climatological seasonal cycle. Furthermore, a 

model run covering those two specific years (2010, 2011) was not possible as the 

relative meteorological data were not available during the period of this thesis.  

The simulated minimum values of oxygen occur almost constantly at the 

bottom of the modelled water column, at the depth of 50 m. In Figure 5.3 we show 

the depths at which the minimum values were observed. Even if, in some sporadic 

cases, the minima were recorded close to the surface, the lowest oxygen 

5

6

7

8

9

10

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

O
2 

[m
gl

/l
] 

 

Time [months] 

Minimum Dissolved Oxygen - L4 station  

A2010

A2011

Reference

Simulation



Chapter 5. Evolution of the minimum of DO in the reference simulation  62 

concentrations mostly occurred in the deeper part of the water column, in agreement 

with the reference GOTM-ERSEM simulation. 

 

Figure 5.3: Depths at which the minimum daily values of dissolved oxygen were observed at L4 

in the years 2010 and 2011 (WCO). 

 

The description of physical and biogeochemical processes driving  the 

dissolved oxygen concentration in the water column are reported in section 1.1.1. 

The evolution of oxygen concentration is strongly affected by the physical processes 

such as vertical mixing resulting in water column stratification. L4 site is seasonally 

stratified throughout the summer period when the mixed layer is very shallow (5-10 

meters). On the contrary, during the winter period, the water column is completed 

mixed. This mechanism regulates the nutrient supply from the bottom to the upper 

part of the water column driving the seasonality of the whole planktonic community. 

Maximum values of chlorophyll (i.e. of phytoplankton biomass) is usually observed 

in the winter-spring period, while the minimum occurs in summer when the nutrient 

concentration are often below the detection limits (Smyth et al 2010). 

The fact that minimum values of oxygen occur almost constantly at the 

bottom of the modelled water column suggests that it should be crucial to focus the 
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UA/SA of the dissolved oxygen concentration on the parameters of physical 

processes of transport as well. 

Figure 5.4 shows the simulated seasonal cycle of the phytoplankton biomass 

integrated over the whole water column. The picophytoplankton (P3) is the 

functional type that contribute the most to the total phytoplanktonic biomass  over 

the year. The seasonal trend of all functional groups reflects the seasonal cycle of the 

minimum oxygen that has the highest minimum values in coincidence with the 

phytoplankton bloom which implies an high photosynthetic activity (Eq. 1.1). 

 

Figure 5.4: Seasonal cycle of phytoplankton groups’ biomass on the base on the reference 

parameter values by Blackford et al. (2004), and the physical parameters of L4 station. 

 

The calibration of the model on the most appropriate phytoplankton 

parameters involves the correct annual simulation not only of the phytoplankton 

biomass but, moreover, of the minimum oxygen as well. For example, incorrect 

values of these parameters may involve a shifting of the phytoplankton bloom from 

the spring to the summer or autumn period. As a consequence, the simulation of the 

minimum annual dissolved oxygen concentration will be incorrect as well.  
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Community respiration is another important process affecting the oxygen 

concentration. Not only the autotrophic biomass is relevant in the oxygen dynamic 

by means of the gross primary production (GPP), but the respiration of all 

community is crucial as well. For this reason, the comparison of seasonal trend of the 

autotrophic (phytoplankton) and heterotrophic (zooplankton and bacteria) biomass is 

reported in Figure 5.5. 

 

Figure 5.5: Seasonal cycle of autotrophic and heterotrophic biomass on the base on the 

reference parameter values by Blackford et al. (2004), and the physical parameters of L4 

station. 

 

In Fig. 5.5 is displayed the seasonal trend of the autotrophic (phytoplankton) 

and heterotrophic (zooplankton and bacteria) biomass integrated over the water 

column. The simulations highlight that in the spring period the phytoplankton 

biomass is predominant, while the heterotrophic biomass predominates in summer. 

The planktonic heterotrophic community is composed by zooplankton feeding on 

phytoplankton and by bacteria consuming the detritus deriving from the 

phytoplanktonic blooms and the grazing activity. This predominance of heterotrophic 

processes during summer produces an excess of respiration with respect to the 

oxygen production (Eq. 2.17) and, consequently, lower values of oxygen (Fig. 5.1). 
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Concluding, the model reproduces a realistic annual cycle of the minimum of 

oxygen. The oxygen seasonality could be a consequence of an evident seasonal 

succession between autotrophic (winter-spring) and heterotrophic (summer-autumn) 

dominance (Fig. 5.5). The representation of the oxygen seasonality in percent 

saturation (a unit of measure that is temperature dependent) rather than in mg l
-1

, 

could suggest that the DO evolution is a simple consequence of the temperature 

trend. 
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Chapter 6. Identification of the subset of the most relevant 

production parameters (screening analysis) 

In accordance to our analysis procedure outlined in Chapter 4, the Morris 

screening method was applied to identify the subset of parameters that are (among 

those considered) the most influential, in the simulation of the annual minimum of 

oxygen. This one-factor-at-a-time (OAT) method approximates a global sensitivity 

approach, because his experiment covers the entire space over which the factors may 

vary (in a local experiment, the factors vary only around their nominal values, and 

the results depend on the choice of these values). While the EE method was proven 

to be a very good compromise between accuracy and efficiency, especially for 

sensitivity analysis of large models (see, for instance, Campolongo and Braddock, 

1999), it is still not extensively used. Indeed, although 22 years have passed since the 

EE sensitivity method was published (Morris, 1991), examples of its application are 

still rare in the literature. Too often the simplest local analyses, varying one factor at 

the time around a baseline point, are employed.  

Therefore, the peculiarity of this work is not only due to the fact that is the 

first time it has been carried out a state-of-the art UA/SA technique of one of the 

most complex published marine biogeochemical models (ERSEM), but the need of 

making compatible and integrating the methods of analysis to the model was relevant 

as well. 

 

6.1. Set-up of the screening analysis  

The screening analysis was carried out by applying twice, in sequence, the 

Morris method, following the scheme in Figure 6.1. 
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Figure 6.1: Flow diagram of the applications of the Morris method to identify the subset of the 

most important production parameters. The Groups G1-G7 are specified in Tables 6.1 and 6.2. 

 

1) In the first application of the Morris method, we considered the whole set 

of the ERSEM parameters related to the primary production sub-model. However, 

we did not include in our analysis the parameters describing the “optimal” carbon to 

nutrient ratios in phytoplankton. The latter are referred to as the Redfield ratios 

(Redfield, 1958) and are considered as a theoretical biogeochemical constants. The 

101 parameters were subdivided in 7 groups, on the base of the physiological 

processes in which they are involved, as shown in Tables 6.1. The description of the 

parameters included in  in each of the above mentioned groups is given in Table 6.2. 

This first application of the Morris method leads to a first selection of the 

most important group of parameters. 
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2) The above selection was further refined by means of a second application 

of the Morris method. This considered only the parameters contained in the most 

important group identified in the above step 1. 

In both the applications 1) and 2), the ranges of variability of the parameters 

were defined as the reference values of the parameters +/-30%. 

Table 6.1: The seven groups of parameters included in the first application of the Morris 

method. 

Group Ecosystem process 
Total number of 

parameters 

1 Photosynthetic parameters 20 

2 
Metabolic carbon lost parameters 

(respiration) 
5 

3 Lost carbon by lysis parameters 4 

4 Nutrients parameters 50 

5 
Q10 parameters: regulating 

temperature factors 
4 

6 

Parameter Peir: 

photosyntetically available 

fraction of irradiation 

1 

7 Other parameters 17 

Total  101 

 

Table 6.2: The first four groups of phytoplankton parameters. 

(a) 

Group 1. Photosynthetic parameters 

α Initial slope of P-I curve [(W/m
2)-1

 d
-1

] 

β Light inhibition of photosynthesis [(W/m
2)-1

 d
-1

] 

θm Maximum chlorophyll to carbon cell ratio [mgChl mgC
-1

] 

φ Minimal quota of chlorophyll production [mgChl mgC
-1

] 
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Pm (rass in 

Blackford et al. 

2004) 

Maximal specific productivity at reference 

temperature (10°C) 

[d
-1

] 

 

 

(b) 

Group 2. Metabolic carbon lost 

parameters (respiration) 

Specific rest respiration [d
-1

] 

Extra mortality rate for large 

biomasses 

[d
-1

] 

Group 3. Lost carbon by lysis parameters Minimal specific lysis rate [d
-1

] 

 

 

(c) 

Group 4. Nutrients parameters 

Minimal nitrogen to carbon ratio [mmolN mgC
-1

] 

Minimal phosphorus to carbon ratio [mmolP mgC
-1

] 

Factor of inverse Redfield ratio giving the threshold for nitrogen 

limitation 

 

Factor of inverse Redfield ratio giving the threshold for phosphorus 

limitation 

 

Factor of inverse Redfield ratio giving the maximal nitrogen  to carbon 

ratio 

 

Factor of inverse Redfield ratio giving the maximal phosphorus  to 

carbon ratio 

 

Nitrate affinity m
3
 (mgC d

-1
)

-1
 

Ammonium affinity m
3
 (mgC d

-1
)

-1
 

Phosphate affinity m
3
 (mgC d

-1
)

-1
 

Maximal silicon to carbon ratio of diatoms (P1) mmol Si mgC
-1

 

Micheals-Menten constant for silicate limitation (P1) mmol Si m
-3

 

Minimal iron to carbon ratio µmol Fe mgC
-1

 

Maximal/optimal iron to carbon ratio µmol Fe mgC
-1

 

Specific affinity constant for iron m
3
 (mgC d

-1
) 
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The results of the application of the above steps 1) and 2) are presented in the 

following sections. However, we performed supplementary screening sensitivity 

analysis, with the objective of verifying the robustness of our results and to get 

valuable insights in the model. In particular, we verified that enlarging the range of 

the variability of the parameters from 30% to 50% in the above steps, does not 

impact the identification of the most relevant parameters. The results of this test are 

presented in Appendix 7. Furthermore, we applied the screening method to the 

analysis of production parameters subdivided by functional types (Table 2.1.a). This 

allows  to assess which is the ERSEM functional type with the strongest influence on 

the minimum of dissolved oxygen at L4. The results of this supplementary analysis 

are presented in Appendix 8. 
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6.2. The most important phytoplankton parameters  

The results of the first application of the Morris method are presented in 

Figure 6.2, which shows the value of the sensitivity index µ
*
 (Eq. 3.4, y-coordinate) 

for each group (x-coordinate). The figure indicates that the group 1 (the 

photosynthetic parameters in Table 6.2.a) is the most influential group on the 

simulation of the minimum oxygen concentration, since it reaches the highest µ
*
 

value, equal to 7. 

 

Figure 6.2: Results of the screening analysis (based on the Elementary Effect Morris’ Method) 

carried out on the 7 groups of phytoplankton parameters: photosynthetic parameters (Group 1, 

green), Clost respiration parameters (Group 2, primary blue), Clost lysis parameters (Group 3, deep 

blue), Nutrients parameters (Group 4, red), Q10 parameters (Group 5, deep red), peir parameter 

(Group 6, yellow), other parameters (Group 7, purple).  

 

This value is markedly higher with respect to the sensitivity of the other 

groups. The sensitivity of the peir group (group 6), nutrients group (group 4), Q10 

and group of "other parameters" (group 7) have comparable sensitivity values of 4. 

The less influential groups are the number 3 and 2 (carbon lost parameters by lysis 

and respiration, respectively), which has the lowest values of the sensitivity index. 

The second screening analysis was performed to identify the most important 

parameters within the group 1. These parameters were subdivided in the 5 groups, as 
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specified in Table 6.3. Each group is composed by 4 parameters, each relative to one 

of the four phytoplankton functional types for a total of 20. 

Table 6.3: The five groups of photosynthetic parameters used to carry out the second screening 

analysis. 

Photosynthetic parameters 

Group 1 α (P1,P2,P3,P4) Initial slope of P-I curve [(W/m
2)-1

 d
-1

] 

Group 2 β (P1,P2,P3,P4) 
Light inhibition of 

photosynthesis 
[(W/m

2)-1
 d

-1
] 

Group 3 θm (P1,P2,P3,P4) 
Maximum chlorophyll to 

carbon cell ratio 
[mgChl mgC

-1
] 

Group 4 φ (P1,P2,P3,P4) 
Minimal quota of chlorophyll 

production 
[mgChl mgC

-1
] 

Group 5 Pm (P1,P2,P3,P4) 
Maximal specific productivity 

at reference temperature(10°C) 
[d

-1
] 

 

The results are shown in Figure 6.3. The most influential phytoplankton 

parameters on the simulated minimum oxygen are, according to the overall screening 

analysis, the following: 

- Group 1: α (P1,P2,P3,P4) parameters; 

- Group 3: θm (P1,P2,P3,P4)parameters;  

- Group 5: Pm (P1,P2,P3,P4) parameters (note that Pm is equivalent to rass, the 

latter used in Blackford et al. 2004). 
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Figure 6.3: Results of the screening analysis (based on the Elementary Effect Morris’ Method) 

carried out on the 5 groups of photosynthetic parameters. α Group: Initial slope of PI curve 

parameters; β Group: Light inhibition of photosynthesis parameters; θm Group: Maximum 

chlorophyll to carbon cell ratio parameters; φ Group: Minimal quota of chlorophyll production 

parameters; Pm Group: Maximal specific productivity at reference temperature (10°C) 

parameters. 

 

Given the direct involvement of the above mentioned parameters in the 

oxygen production (throughout photosynthesis, see Eq. 2.6), this result was not 

unexpected. 

On the base of these parameters we have performed the Monte Carlo 

uncertainty and sensitivity analysis, described in the chapter 7. 
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6.3. The phytoplankton parameters with a lower importance  

The screening sensitivity analysis identified the parameters that are the most 

influential on the minimum dissolved oxygen concentrations simulated by GOTM-

ERSEM at L4. These parameters are the object of the Monte Carlo UA/SA analysis 

described in the next chapter. 

However, the screening sensitivity analysis pointed out also that some groups 

of parameters, characterizing specific physiological processes, have a relative low 

importance (e.g. metabolic carbon lost parameters due to respiration and lost carbon 

by lysis parameters).  

This information is relevant, because it can provide insights on the model 

functioning and (assuming that the model provides a reliable simulations) on the 

ecosystem dynamics underpinning the evolution of the considered variable. On the 

other hand, the individuation of the “less important” parameters may also help to 

highlight those processes which are poorly described in the model. These aspects will 

be discussed in the following paragraphs. 

First of all, an important aspect to highlight is the position obtained by 

nutrients group in the analysis. This result could be partially due to the fact that 

nutrient dynamics is extremely simplified in our 1-dimensional implementation. We 

have to remember, in fact, that nutrients values are provided only as initial conditions 

and additional nutrients inputs (i.e. due to riverine input and/or lateral advection) are 

not considered. As consequence, it is normal that nutrients group could have a bigger 

impact on the output value. Therefore, it has been over-estimated. 

Among the parameters of phytoplankton that the analysis pointed out to be 

not much important, the carbon lost due to respiration now we will consider. As we 

said, the most relevant processes influencing the dissolved oxygen evolution are the 

photosynthesis and community respiration. The respiration of the only 

phytoplankton, on the contrary, has a limited influence. Indeed, an increase of 

phytoplankton respiration rate (i.e. a decrease of the net with respect to the gross 

primary production), would imply a decrease of organic matter available to the 



Chapter 6. Screening analysis  75 

heterotrophic community with a consequent decrease of the heterotrophic respiration. 

Therefore, the community respiration does not change a lot. On the contrary a 

decrease in phytoplankton respiration rate, (i.e. an increase of the net with respect to 

the gross primary production) implies that more organic carbon is available for  

zooplankton and bacteria with the result that the heterotrophic respiration increase 

compensating the decrease of autotrophic respiration. Also in this case, the whole 

community respiration remains nearly stable. 

A similar consideration could be extended for the carbon lost due to lysis . 

Indeed, if an increase of lysis processes, by decreasing the phytoplankton biomass, 

decreases the oxygen production and the autotrophic respiration, it also increases the 

availability of DOM (the product of the lysis) for bacteria. The latter consume 

oxygen trough respiration but also support primary production by remineralising 

nutrients (regenerated production). All these processes may partially compensate 

each other producing a negligible effect on the simulation of the minimum of 

oxygen. 

Another useful information, coming out from the identification of the least 

important parameters, is that they are the same parameters for which it doesn’t make 

sense to take the trouble to calibrate or measure them in laboratory since the cost 

function would not change in an appreciable way. This is a time- and money-saving 

aspect. 

Furthermore, in the case of the predictions are not in accordance with the 

observations, i.e. a specific parameter is not important for the screening analysis but 

on the contrary it is relevant in the observed reality, this would mean that a weakness 

of the model has been detected. Indeed, the specific process wouldn’t be 

appropriately described by the model. Consequently, the advantage is that we know 

the weak point of the model and we can improve it. On the other hand, the drawback 

is that we could not obtain good estimates of the indicator. 
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Chapter 7. Uncertainty and sensitivity of the modelled oxygen at L4 

(Monte Carlo analysis) 

The parameters identified as the most relevant by the screening analysis 

(Chapter 6) were the focus of the final step of our analysis (see Chapter 4): the 

UA/SA through the analysis of Monte Carlo model simulations. This aims to 

characterize the uncertainty of the model estimates of the minimum dissolved oxygen 

concentration at L4 and to quantify the contributions of the parameters to this 

uncertainty. 

 

7.1. Set up of the analysis 

The screening sensitivity analysis highlighted that the most influential model 

parameters on the simulation of the minimum dissolved oxygen are (among those 

considered) the ones related to the photosynthesis: 

 α(P1,P2,P3,P4), which define the initial slope of P-I curve; 

 θm(P1,P2,P3,P4), which define the maximum chlorophyll to carbon ratio; 

 Pm(P1,P2,P3,P4)), which are the maximum (carbon specific) 

photosynthetic rate for each of the phytoplanktonic types considered 

by the model. 

In order to carry out the UA/SA through Monte Carlo simulations (see 

Chapter 3), we applied the procedure described in Chapters 3 and 4 and summarized 

in the scheme of Figure 7.1. 
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Figure 7.1: Flow diagram of the applications of the Monte Carlo uncertainty and sensitivity 

analysis to identify the uncertainty of the model output and to rank the parameters in order of 

importance. 
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a literature review, which led to the results shown in Table 7.1 (Geider et al., 1997; 

Hugh et al., 2002). 

Table 7.1: Minimum and maximum values of the three photosynthetic parameters for each 

phytoplankton group. These values were used to create the respective uniform distributions. 

Parameters 

P1-Diatoms(1) P2-

Flagellates(1)(2) 

P3-

Picophytoplankton
(1) 

P4-

Dinoflagellates(1) 

min max min max min max min max 

α 

gC gChl-1 µmol-

1 photons m2 

0.350 2.420 0.390 1.500 0.950 2.400 0.140 1.490 

(W m-2)-1 d-1 1.391 9.616 1.550 5.960 3.775 9.536 0.556 5.921 

θm 

gChla g-1C 0.036 0.072 0.017 0.036 0.015 0.026 0.007 0.047 

mgChla mg-1C 0.036 0.072 0.017 0.036 0.015 0.026 0.007 0.047 

Pm 

s-1 235000 603000 79129 267246 72000 281000 30000 252000 

d-1 2.720 6.979 0.916 3.093 0.833 3.252 0.347 2.917 

(1) Geider et al. (1997) 

 (2) Hugh et al. (2002) 

 

We performed a random sampling choosing a number of N=1000 random 

values for each parameters. The resulting frequency distributions are exemplified for 

the parameters α(P1), and θm(P4) in Fig. 7.1. 

These led to the production of a random matrix X(12×1000) (see Eq. 3.9) that 

was input to the N=1000 Monte Carlo runs of GOTM-ERSEM. Each run provides 

the annual cycle of the minimum oxygen concentration, from which we computed 

the annual minimum O2 value. These values              , were then 

assembled in the output vector Y(1000×1) (see Eq. 3.10). 

The computational cost of the Monte Carlo simulation was 17 hours. 

The next sections present the results of the UA/SA carried out on the 

outcomes of the Monte Carlo simulations, using the statistical and regression 

analysis methods presented in Chapter 4. 
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However, in the last section, we present also the assessment of the 

"uncertainty in the timing" of the model estimates of the annual minimum of the 

dissolved oxygen concentration. This was carried out by identifying the earliest and 

latest day of the year in which this minimum may occur according to the Monte 

Carlo simulations. 
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7.2 Uncertainty of the simulated dissolved oxygen  

The results of the uncertainty analysis carried out on the base of the output 

vector Y are presented in Table 7.2. 

Table 7.2: Summary of Monte Carlo uncertainty analysis. 

 

Uncertainty analysis 

Model output Mean value Standard deviation CV% 

O2min 6.90 0.04 2.84 

    

 

The average value of the dissolved oxygen estimates is 7 mg l
-1

 (215.5 

µmol l
-1

) and the uncertainty is 3%, as indicated by the coefficient of variation (CV) 

of the estimates. The low standard deviation points out that the phytoplankton group 

doesn’t affect the model response. 

Figure 7.2 shows the distribution of the model estimates as resulting from the 

output of the Monte Carlo output. It approximates a Gaussian distribution. This 

indicates that the coefficient of variation computed by using the standard deviation is 

an adequate statistics to characterize the dispersion of the distribution, hence the 

model uncertainty. 
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Figure 7.2: Normal distribution of the 1000 values of minimum oxygen concentration ,its mean 

value, variance and coefficient of variation of the distribution. This probability density function 

is based on the 1000 parameter set chosen by means of the random sampling.  

 

However, we note also that there is a sort of upper bound value in the 

distribution, around 7.3 mg l
-1

 (230 µmol l
-1

) (Fig. 7.2). This could be explained by 

the fact that the three parameters considered (photosynthetic parameters: α, θm, Pm) 

affect both photosynthesis and community respiration, which are the two processes 

concurring to the oxygen evolution in the water column but with opposite effects. 

Photosynthesis produces oxygen while respiration consumes it. Thus, if high values 

of α, θm and Pm increase photosynthesis (see Eq. 2.6), they indirectly increase also 

the community respiration, by increasing the level of organic carbon available for 

heterotrophic organisms (both grazers and detritivouros). This mechanism could 

explain the tendency of the model to stabilize toward a limit (maximum) values of 

oxygen. 
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7.3. Apportioning the uncertainty of the oxygen estimates among 

the model parameters: the global sensitivity analysis  

In the last step, the sensitivity analysis (global SA) allows to apportion, 

quantitatively, the uncertainty in the output to the uncertainty in the parameters. The 

input-output relationship was represented by means of a multiple linear regression 

(Eq. 3.14) and the regression coefficients bi, were estimated using least square 

methods. The resulting estimates are shown in Table 7.3. The coefficient of 

determination R
2
 is 0.75, indicating that the linear model explains a large fraction of 

the output variance. 

Table 7.3: Summary of Monte Carlo sensitivity analysis. 

 

Sensitivity analysis 

Input factors β b Rank 

Intercept  214.59  

X1 = αP1 0.532 1.401 1 

X2 = αP2 -0.066 -0.319 9 

X3 = αP3 0.072 0.264 8 

X4 = αP4 -0.210 -0.810 4 

X5 = θmP1 0.157 92.110 6 

X6 = θmP2 0.029 32.962 12 

X7 = θmP3 0.062 120.904 11 

X8 = θmP4 -0.066 -34.682 10 

X9 = PmP1 0.151 0.751 7 

X10 = PmP2 -0.188 -1.844 5 

X11 = PmP3 -0.415 -3.578 2 

X12 = PmP4 -0.351 -2.899 3 

    

R
2
 = 0.75    
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Figure 7.3 shows the ranking of the parameters based on the absolute value 

|βi| of the standardized regression coefficients (see Section 3.2.)  

 

Figure 7.3: Ranking of the twelve photosynthetic parameters by means of the standardized 

regression coefficient’s absolute value. 

 

The three most important photosynthetic  parameters are, in order: 

1. α(P1): initial slope of PI curve of diatoms(P1 group), |  (  )
|       ; 

2. Pm(P3): maximal specific productivity of small phytoplankton 

(picophytoplankton, P3 group) at reference temperature, |   (  )
|       ; 

3. Pm(P4): maximal specific productivity of large phytoplankton (dinoflagellates, P4 

group) at reference temperature, |   (  )
|       . 

On the contrary, the three least important factors are, in the 10
th

, 11
th

 and 12
th

 

positions respectively: 

- θm(P4): maximum chlorophyll to carbon cell ratio of large phytoplankton, 

|  (  )
|       ; 

- θm(P3): maximum chlorophyll to carbon cell ratio of small phytoplankton, 

|  (  )
|       ; 

- θm(P2): maximum chlorophyll to carbon cell ratio of medium size phytoplankton 

(flagellates, P2 group), |  (  )
|       . 
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The results of the parameter ranking based on the regression analysis are 

explored in the scatterplots in Figure 7.4. In the plots, we report the values of the 

dissolved oxygen output resulting from the Monte Carlo simulations against the 

values of the parameters. 
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Figure 7.4: Scatterplots of αP1 (a), PmP3 (b) and PmP4 (c)versus the values the minimum oxygen 

concentration obtained by Monte Carlo runs. 

 

Since scatterplots offer a qualitative measure of sensitivity (see Section 3.2.), 

we can say that a scatterplots with little shape, e.g. Pm(P4) in Fig. 7.4(c), which 

presents a more uniform cloud of points over the range of the input factor on the 

abscissa, is almost sure sign that the parameter is less influential than factor Pm(P3) 

and α(P1). We have to say “almost” because there are instances in which a bi-

dimensional scatterplot can be deceiving, leading to type II errors
12

 (Saltelli et al., 

2008). 

An example of low grade of relationship between Monte Carlo output and a 

photosynthetic parameter is depicted in Figure 7.5. The scatterplot between the factor 

   (  ) and the output O2min presents a rather uniform distribution of points over the 

range of the input factor on the abscissa, as indicated by the low value of the angular 

coefficient of the regression line. 

                                                 
12

 Non-identification of an influential factor. 
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Figure 7.5: Scatterplots of θmP2 versus the values the minimum oxygen concentration obtained 

by Monte Carlo runs. 

 

The results of the output variance partitioning are shown in the pie-chart in 

Figure 7.6, which shows the fraction of variance explained by each of the 

parameters. The overall explained variance is 72.4% and the three photosynthetic 

factors able to explain the most part of output variance are, in order: 

1. α(P1): the first factor in the ranking of the most important parameters, 

 (   )       ; 

2. θm(P3): the second important factor,  (     )       ; 

3. θm(P2): the third,  (     )       . 

Altogether, the uncertainty of these parameters explains 57.8% of the 

uncertainty in the model estimates of the dissolved oxygen. The remaining 14.6% of 

model uncertainty is apportioned between the other 9 photosynthetic parameters. 
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Figure 7.6: Pie chart representing the variance decomposition with the identification of the main 

influential factors. 

 

It is worth noting that the results of the ranking (Fig. 7.3) and apportioning of 

variance (Fig. 7.6) are not equivalent. This is not surprising, because these two 

analyses bring different information. The position of the parameters in the ranking 

classifies the relevance of the parameter with respect to the ecosystem process, and 

depends upon the mathematical representation of the process in the model equations. 

The fraction of variance explained by the model depends not just on the parameter 

relevance, but also on its uncertainty, i.e. the range of variability of its value. 

Simplifying, a parameter that is not very relevant (i.e. has a low ranking), could 

explain a large fraction of the model variance because it has a huge range of 

variability, i.e. we have poor information on its value. On the contrary, a very 

relevant parameter, i.e. ranking high, could explain a small fraction of the model 

variance because its range of variability is small, i.e. we have accurate estimates of 

its value. 

Taking account of the above considerations, we can interpret the outcomes of 

the ranking and variance partitioning as follows. 
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All parameters (α, Pm, θm) concern the same process, that is the 

photosynthesis. In this work we subdivided these parameters through the different 

functional groups. Therefore, a specific parameter can be more important than 

another owing to the intrinsic characteristics of the relative group. The functional 

groups in ERSEM are classified on the base of dimensions (i.e. the surface/volume 

ratio) (see Section 2.1.1.) and, specifically for the diatoms (P1 group), also in based 

on a particular nutrient requirement (Si). This classification is helpful in describing 

the relationship between species and nutrients, since, on first approximation, the 

kinetic of the nutrient uptake depends on the surface/volume ratio of the cell. 

On the other hand, the same (allometric) classification is less effective in 

describing the different photo-physiological strategy used by the functional types to 

optimize the use of solar radiation (i.e. to improve photosynthetic efficiency) and to 

prevent the cellular damages due to the excess of light energy (i.e.  photoacclimation 

and photoprotection processes). The latter processes, in fact, are less correlated with 

the cell size. In the functional group of the diatoms, in particular, there are species 

with different photo-physiological features (Dimier et al., 2007; Lavaud et al., 2007). 

This implies that the light-dependent parameters, such as the initial slope of PI curve 

(α), are hugely variable within the “diatom” functional type. Indeed, we chose for the 

analysis a wide range of variability of these parameters in accordance with literature 

(Geider et al., 1996). This could explain why a large portion of the variance of the 

model is explained by just the light-dependent parameter of the diatoms, α(P1). 

To conduct a closer investigation on the relationship between the Monte 

Carlo output Y and the factors Xi, a non-linear regression analysis was carried out. 

The regression model is therefore considered a state dependent regression (SDR) 

model. The performances of the SDR and MLR model were compared. The SDR 

analysis result wasn’t statistically influence in comparison with the MLR analysis. 

The total variances explained by means of the two analysis were similar. 
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7.4. Uncertainty in the timing of the minimum dissolved oxygen 

concentration 

The dynamic of dissolved oxygen, is characterized by temporal variability. 

Consequently, it is useful for a decision maker to know when (i.e. in which period of 

the year) the oxygen concentration might reach its lower limit, possibly giving rise to 

anoxia phenomena. This could help to plan more precisely precautionary measures to 

minimize the environmental impact. 

Therefore, it is useful to assess the uncertainties associated with the modeling 

process not only in the prediction of the output’s absolute value, but also on the 

timing when a specific output value can be observed. Thus, we investigated the 

uncertainty in the timing of the model estimates of the minimum oxygen indicator, in 

relation to uncertainty in the model parameters. 

This was carried out by identifying the earliest and latest day of the year in 

which the minimum occurred in the water column, according to the Monte Carlo 

simulations. The two respective seasonal cycles are shown in Figure 7.7(a) and (b) 

for which the minimum O2 values have been normalized respect with the minimum 

value of its own trend in order to point out the temporal shift. 
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Figure 7.7: Seasonal cycles of the normalized minimum oxygen concentration at the 50
th

 level 

for the output values set at which the minimum O2 appears as first (September 19
th

) and as last 

(October 14
th

) along whole year (a) and between August and October (b). Values are normalized 

respect with the minimum value of its own trend. 

 

In Fig. 7.7(b) we can observe that the earliest minimum appear at 19
th

 

September, while the latest at 14
th

 October. Thus, the temporal range of the model 

prediction of the oxygen indicator’s value is 26 days, the total days between 

minimum and minimum. With respect to the total number of days, this represent a 

fraction of 7.22% days, which may be assumed as a kind of "temporal uncertainty" in 

the estimates of the indicator. 
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Conclusions 

The results presented in this work show that the objectives specified in the 

introductive section have been achieved. After having explained the structure of 

ERSEM, the main trophic interactions and the need to couple ERSEM with the 

hydrodynamic model (GOTM), in order to properly simulate marine ecosystem 

dynamics, we focused on to understand how the variation in the minimum O2 

concentration value can be apportioned to the phytoplankton parameters, that are 

sources of variation. Therefore, the semi-quantitative screening analysis and the 

Monte Carlo uncertainty and sensitivity analysis have been carried out to achieve the 

purpose. 

On the base of the analyses carried out in the present thesis, the elementary 

effect method pointed out that photosynthetic parameters are, among those 

considered, the most important in ERSEM (Fig. 2.9). In particular, the initial slope of 

PI curve, the maximum chlorophyll to carbon ratio and the maximal specific 

photosynthetic rate are the most relevant parameters (Fig. 2.10). 

The MC uncertainty analysis showed that the uncertainty of the output 

generated by the model is very low, with a coefficient of variation of ~3% and a low 

standard deviation. The results suggest that the variable of response was not sensible 

to the phytoplankton parameters. 

The model shows also a low temporal uncertainty simulating the minimum of 

oxygen in a window of only 26 days (Fig. 4.2. and 4.3.). 

The results point out that the evolution of the oxygen concentration observed 

in the two years (Fig. 5.2) is qualitatively similar with the seasonal evolution of the 

reference simulation (Fig. 5.1) and with the seasonal cycles of the normalized 

minimum oxygen concentration (Fig. 7.7). Indeed, the least of the minimum oxygen 

values fall, in the two years observed, between September and October, like in the 

simulations. On the other hand, the model involved an undervaluation of the range of 

variability of the simulated oxygen respect with the data in the two years observed 

(Fig. 5.2). 
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Moreover, the uncertainty in the timing of the minimum dissolved oxygen 

concentration (Fig. 7.7) is comparable with the inter-annual variability in the timing 

of the minimum values of the two-years observed (Fig. 5.2). 

Our climatological simulation of the oxygen indicator doesn’t allow us to 

state the model is potentially applicable as tool to simulate ecological indicators. 

These are only qualitatively and theoretic considerations. In order that the model can 

be used as predictive tool and can be an useful support for decision makers, the 

model has to be validated. Indeed, the predictive skill can be confirmed only by 

means of a comparison with observed data. Observed data, used in this work and 

obtained by the Western Channel Observatory (WCO) for the L4 station, refer to 

only two specific years (2010-2011). Thus, climatological simulations and observed 

data are not directly comparable. 

These simulations are carried out with the specific objective to assess, and 

then to partition, the uncertainty of the model output related to the model parameters. 

Other use of these data are not strongly recommended without having carried out a 

model validation. 

Further resources could be invested in a subsequent work. Indeed, this is only 

a first attempt to highlight the possibility to approach to a more complete estimation 

of the temporal uncertainty of the model. Further work is required in order to provide 

a definitive  assessment of the ERSEM capability and robustness in the prediction of 

ecological indicators. First of all, not all the parameters embedded in the ERSEM 

equations were considered in our studies, but only the ones related to the 

phytoplankton (primary producers). Secondly, the model uncertainty/sensitivity has 

been evaluated only on one (albeit very informative) simulated variable (oxygen). 

Finally, there are a numbers of other input factors potentially responsible for a wide 

portion of uncertainty that has not been taken into account: 

- zooplankton (Z), bacteria (B) and nutrients (N) parameters; 

- initial conditions; 

- physical forcings (e.g. processes of transport, meteorological data); 

- uncertainty of the model structure, thus about its specific equations. 
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Therefore, this preliminary work is not able to prove the stability of ERSEM, 

its ability in reproducing a web of complex feedbacks between its components. The 

latter is a key property of natural systems and one of the most challenging issues for 

ecosystem modellers. The evaluation of this potential skill could be achieved only 

integrating in the UA/SA the input factors above mentioned and using also other 

variables of response. 

In fact, this could become the most completed UA/SA on one of the most 

complex Marine Ecosystem models. 

Additionally, the efficiency coming from other different combinations of the 

MC techniques could be tested. For example, in the second step of MC analysis other 

sampling procedures could be used rather than the random sampling, such to achieve 

a better coverage of the sample space. Furthermore, other measures of sensitivity can 

be given by other Monte Carlo-based method, instead of the regression analysis (see 

Saltelli et al., 2000). 
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Appendices 

Appendix 1 

MEDINA (Marine Ecosystem Dynamics and Indicators for North Africa, 

http://www.medinaproject.eu) is a 3-years European Union funded project enhancing 

the capacities of Northern African Countries (Morocco, Algeria, Tunisia, Libya and 

Egypt) to monitor their Mediterranean costal ecosystems. Including fish stocks 

resources, MEDINA improves Mediterranean environmental policies, conventions 

and protocols. 

MEDINA contributes to develop the framework for issuing long term 

monitoring programs through mutual exchanges among Mediterranean partners, 

between North Africa and Europe: the EU partners, leaded by University Cà Foscari-

Venice (Italy), act according to the EU regulatory framework, particularly the Marine 

Strategy Framework Directive (2008/56/EC of 17 June 2008), transferring their 

capacity to North African Countries. 

What is more, MEDINA is oriented towards a full integration of costal 

monitoring into GEOSS, taking full advantage of the tools available upon the Group 

of Earth Observation (GEO) and contributing to GEO activities and Communities of 

Practice.
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Appendix 2 

In the last few years, several global ecosystems models have been developed 

that include an explicit representation of the iron cycle (e.g., Moore et al., 2002; 

Aumont et al., 2003; Gregg et al., 2003; Dutkiewicz et al., 2005). Aumont and Bopp 

(2006) used the Pelagic Interaction Scheme for Carbon and Ecosystem Studies 

(PISCES) ocean biogeochemical model to estimate the effect of a long-term and 

large-scale iron addition on atmospheric CO2. The model reproduced the observed 

timing and amplitude in chlorophyll, the shift in ecosystem composition, and the 

pCO2 drawdown; it also proved to be of utility in interpreting the observations. The 

authors used the model to analyse the results from eight iron fertilization experiments 

and the iron fertilization was performed over the global ocean for a hundred years to 

forecast its efficiency to mitigate atmospheric CO2 increase. This model is derived 

from the Hamburg Model of Carbon Cycle version 5 (HAMOCC5) (Aumont et al., 

2003). PISCES has been designed to suit a wide range of temporal and spatial scales, 

including quasi steady state simulations on the global scale. The model has 24 

compartments. Phytoplankton growth can be limited by five different nutrients: 

nitrate, ammonium, phosphate, silicate and iron. Four living pools are represented: 

two phytoplankton size classes/groups (nanophytoplankton and diatoms) and two 

zooplankton size classes (microzooplankton and mesozooplankton). For all living 

compartments, the ratios between C, N and P are kept constant to the values, while 

the internal contents in Fe of both phytoplankton groups and in Si of diatoms were 

prognostically simulated as a function of the external concentrations in nutrients and 

of the light level. 

Additionally, advances in model sophistication have attempted to address 

diversity as well, but have been criticised for doing so inaccurately or ahead of a 

requisite understanding of underlying processes. Predicting potential change in 

plankton ecosystems therefore requires the use of models that are suited to this 

diversity, but whose parameterisation also permits robust and realistic functional 

behaviour. Yool et al. (2010) adopted MEDUSA (Model of Ecosystem Dynamics, 

nutrient Utilisation, Sequestration and Acidification) in a multi-decadal hindcast 

simulation, and its biogeochemical performance was evaluated at the global scale. 
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The MEDUSA model is a new “intermediate complexity” plankton ecosystem 

model, building beyond the standard nutrient-phytoplankton-zooplankton-detritus 

(NPZD) formulations, but without elaborating to the number of state variables and 

parameters in contemporary plankton functional types (PFT) models. MEDUSA 

includes the biogeochemical cycles of nitrogen, silicon and iron, broadly structured 

into “small” and “large” plankton size classes, of which the “large” phytoplankton 

class is representative of a key phytoplankton group, the diatoms. MEDUSA has a 

particular focus on the biologically-driven sequestration of carbon in the deep ocean. 

The model resolves 11 state variables distributed between the nitrogen (6), silicon (2) 

and iron (1) cycles. The remaining 2 state variables denote chlorophyll for each 5 of 

the 2 phytoplankton classes. Nitrogen is the model’s primary currency. 

Finally, another global ocean biogeochemistry model is PlankTOM5. It was 

used by Vogt et al. (2010) to investigate the dynamics of dimethylsulphide (DMS) 

and its phytoplanktonic precursor particulate dimethylsulphoniopropionate 

(DMSP)
13

. It simulates the full cycles of phosphate, silicate, carbon, oxygen and 

contains a simplified iron cycle. In order to simulate global DMS concentration 

patterns, PlankTOM5 represents ecosystem dynamics based on 3 phytoplankton 

functional types (silicifiers or diatoms, calcifiers or coccolithophores, and mixed 

phytoplankton or nanophytoplankton) and 2 zooplankton functional types (micro- 

and mesozooplankton). The prognostic variables for the 3 phytoplankton functional 

types are their total biomass, iron, chlorophyll and silicium content for the silicifiers. 

For the two size classes of zooplankton functional types, only the biomass is 

modelled. All plankton functional types are assumed to have a constant C:N:P ratio. 

DMS seasonality in the temperate and high latitudes is driven by phytoplankton 

biomass, where DMS and chlorophyll are coupled. Therefore, this model was tuned 

to better represent DMS seasonality for the global ocean by means of the inclusion of 

an explicit light dependent term that leads to a decoupling of DMS and chlorophyll 

in the Tropics and to a better representation of global DMS seasonality. PlankTOM5 

                                                 
13

 Dimethylsulphide is a climate relevant gas produced in marine ecosystems and emitted to 

the atmosphere (Stefels et al., 2007), where it is oxidised to sulphate aerosol and involved in the 

formation of cloud condensation nuclei (Charlson et al., 1987). 
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is one of the first global prognostic models that is capable of simulating global DMS 

seasonality correctly and the “Summer Paradox”
14

. 

 

 

                                                 
14

 Most prognostic models represent surface DMS patterns reasonably well in the mid- and 

high latitudes, where DMS and chlorophyll are tightly coupled, but some are unable to simulate the 

observed decoupling of DMS and chlorophyll-a in the low latitudes: between ca. 40±N and 40±S, 

DMS concentrations are maximal during the summer, when chlorophyll concentrations are at their 

lowest (Vallina et al., 2006). In contrast, DMS concentrations are low during the spring bloom, when 

chlorophyll values are maximal in this area. This behavior was called the “Summer Paradox” (Simó 

and Pedró s-Alió, 1999; Toole et al., 2003). 
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Appendix 3 

Table A.1: Parameters for the consumers functional groups (Blackford et al., 2004). 

 

 

Table A.2: Parameters describing the relative prey availability for each consumer defining the 

trophic structure of the model (Blackford et al., 2004). 
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Appendix 4 

Table A.3: Parameters for the bacteria functional group and detrital processes (Blackford et al., 

2004). 
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Appendix 5 

Table A.4: The depth of each levels of the water column used to simulate the vertically 

turbulence in the model. 

levels depth [m] levels depth [m] 

1 -0.0651 26 -15.2451 

2 -0.20325 27 -16.6853 

3 -0.3582 28 -18.194 

4 -0.53189 29 -19.7647 

5 -0.72645 30 -21.3892 

6 -0.9442 31 -23.0582 

7 -1.1877 32 -24.7611 

8 -1.4597 33 -26.4865 

9 -1.7632 34 -28.2222 

10 -2.10143 35 -29.9559 

11 -2.47782 36 -31.6751 

12 -2.89603 37 -33.368 

13 -3.35989 38 -35.0233 

14 -3.8734 39 -36.6308 

15 -4.44066 40 -38.1816 

16 -5.06583 41 -39.6681 

17 -5.75302 42 -41.0843 

18 -6.50623 43 -42.4256 

19 -7.32924 44 -43.6889 

20 -8.22545 45 -44.8726 

21 -9.19775 46 -45.9762 

22 -10.2483 47 -47.0005 

23 -11.3786 48 -47.9471 

24 -12.5889 49 -48.8186 

25 -13.8785 50 -49.6179 
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Appendix 6 

a) How building an orientation matrix B
*
 ( by Saltelli et al., 2007): 

To build the orientation matrix B
*
, the first step is the selection of a matrix B, 

whose dimensions are (k+1) k, with elements are 0’s and 1’s and the key property 

that every column index j, j = 1,…, k, there are two rows of B that differ only in the 

jth entry. A convenient choice for B is a strictly lower triangular matrix of 1’s: 

  

[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 . 

The matrix B', given by 

          
     , 

where        is a (k+1) k matrix of 1’s and    is a randomly chosen base 

value of X, is a potential candidate for the desired design matrix, but it has the 

limitation that the kth elementary effect it produces would not be randomly selected.  

A randomized version of the sampling matrix is given by 

 ∗  (       
  (   )[(         ) 

∗        ]) 
∗ , 

where  ∗ is a k-dimensional diagonal matrix in which each element is either 

+1 or -1 with equal probability, and  ∗ is a k-by-k random permutation matrix in 

which each row contains one element equal to 1, all others are 0, and no two columns 

have 1’s in the same position. Read row by row,  ∗ gives the order in which factors 

are moved;  ∗ states whether the factors will increase or decrease their value along 

the trajectory.  ∗ provides one elementary effect per input, which is randomly 

selected. 
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b) How building an orientation matrix  ∗ for groups ( by Saltelli et al., 2007): 

In order to treat groups of factors, the sampling strategy described in cap 2.7. 

and in Appendix 5.a. needs to be modified slightly. It is first necessary to consider a 

matrix G describing how factors are allocated into groups. This matrix is defined as 

follows: its element G(i,j) equals 1 if factor i belongs to group j; otherwise G(i,j) = 0. 

If g is the number of groups in the experiment, G has sizes k×g. In this case the 

matrix of trajectories  ∗ has dimensions (g+1)×k, since all the factors in a group 

move together.  ∗ can be built considering a lower triangular matrix B whose 

dimensions are (g+1)×g and setting 

 

 ∗         
  (   )[(   (  ∗)        ) 

∗        ] , 

 

where, similarly to the single-factor experiment,      is a matrix of 1’s with 

dimensions (i×j);  ∗ is a diagonal matrix (k×k) describing whether the factors 

increase or decrease value; and  ∗ is a (g×g) matrix, describing the order in which 

the groups move. 

 



Appendices 103 

Appendix 7 

In order to assess the reliability of the identification of the most relevant 

parameters , the screening analysis was carried out also by considering the ranges of 

variability of the parameters as the reference values of the parameters +/-50%, rather 

than +/-30%. The Morris method was applied twice, in sequence, to the 

phytoplankton parameter following the same scheme in Fig. 6.1. 

The result of the first application of the Morris method (Figure A.1) led to the 

same selection of the most important group of parameters, that is the photosynthetic 

group. 

 

Figure A.1: Results of the screening analysis (based on the Elementary Effect Morris’ Method) 

carried out on the 7 groups of phytoplankton parameters: photosynthetic parameters (Group 1, 

green), Clost respiration parameters (Group 2, primary blue), Clost lysis parameters (Group 3, deep 

blue), Nutrients parameters (Group 4, red), Q10 parameters (Group 5, deep red), peir parameter 

(Group 6, yellow), other parameters (Group 7, purple).  

The second screening analysis was performed to identify the most important 

parameters within the group 1. 

The results are shown in Figure A.2. The most influential phytoplankton 

parameters on the simulated minimum oxygen are, according to the overall screening 

analysis, the following: 
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- Group 1: α (P1,P2,P3,P4) parameters; 

- Group 3: θm (P1,P2,P3,P4) parameters;  

- Group 5: Pm (P1,P2,P3,P4) parameters (note that Pm is equivalent to rass, the 

latter is used in Blackford et al. 2004). 

 

Comparing the results with Fig. 6.3, enlarging the range of the variability of 

the parameters from 30% to 50% , does not impact the identification of the most 

relevant parameters. 

 

Figure A.2: Results of the screening analysis (based on the Elementary Effect Morris’ Method) 

carried out on the 5 groups of photosynthetic parameters. α Group: Initial slope of PI curve 

parameters; β Group: Light inhibition of photosynthesis parameters; θm Group: Maximum 

chlorophyll to carbon cell ratio parameters; φ Group: Minimal quota of chlorophyll production 

parameters; Pm Group: Maximal specific productivity at reference temperature (10°C) 

parameters. 
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Appendix 8 

An additional screening analysis has also been carried out by subdividing the 

phytoplankton parameters on the basis of the phytoplankton functional types they 

belong to. Consequently the 101 parameters were classified in 4 groups resembling 

each of the PFTs described by ERSEM: P1 (group 1), P2 (group 2), P3 (group 3), P4 

(group 4). Another group (group 5) has been added in order to account for the 

irradiance-related parameters (peir) which are not depending on phytoplankton 

functional types. 

Figure A.3 shows the results of the screening analysis on the phytoplankton 

parameters subdivided in functional groups. It has been assumed a range of 

variability of the parameters from the main reference value of 10%. 

 

Figure A.3: Screening analysis (based on the Elementary Effect Morris’ Method) carried out on 

5 groups of phytoplankton parameters: diatoms parameters (Group 1, green), flagellates 

parameters (Group 2, primary blue), picophytoplankton parameters (Group 3, deep blue), 

dinoflagellates parameters (Group 4, red), peir parameter (Group 5, deep red). 

This analysis points out that the most influential functional group on the 

sensitivity of the minimum daily oxygen concentration is the group 3 (P3, 

picophytoplankton group). The following relevant groups, in order, are: group 2 (P2, 

flagellates parameters), group 1 (P1, diatoms parameters), group 5 (photosyntetically 
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available fraction of irradiation parameter, Peir), and the latest is group 4 (P4, 

dinoflagellates parameters). 

The results obtained were easily inferable by means of the distribution of the 

phytoplankton biomass between the different groups (Fig. 5.4). Since the O2 

production depends strictly on the primary producers, it is verisimilar that it will be 

influenced by the group that more than others contributes to the total phytoplankton 

community. Indeed, the parameters that more than others are able to affect the 

simulation of the O2 min values, are the parameters of the most abundant functional 

group simulated by the model, that, in our case,  is the picophytoplankton (P3) 

group. 
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