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Chapter 2

Methodology

The goal of this chapter is to set out the methodology of this thesis, in both
a fundamental and practical manner. Section 2.1 sets out the philosophical
background of modelling, after which Section 2.2 introduces the base model
used in this thesis. Then the chapter continues with the observational
methods for determining the dissolved Al and Mn concentrations in the
West Atlantic Ocean (Section 2.3), and the comparison between the model
output and the measurements (Section 2.4).

2.1 Philosophical introduction

Over centuries several scholars have made progress in defining the essence
of science and, closely related, the essence of the scientific method (e.g.
Curd and Cover 1998, pp. 1–82; Hansson 2014). The history and develop-
ment of these topics would require a thesis in itself. For the purpose of the
current thesis we resort to a descriptive and concise definition because it
appears to be quite relevant to the objectives of the thesis.

Science is the ordering and creation of concepts, models, hypotheses
and theories. It is also the enterprise to experiment and measure, and to
predict and explain phenomena in the universe. All scientific statements,
i.e. hypotheses, explanations, predictions and so on, must be testable by
means of measurements. Any experiment set up to test a certain hypoth-
esis must be reproducible. There are different ways to learn about reality,
but they always involve a combination of the empiricist and rationalist
approaches. Modelling is rationalistic in nature, i.e. the focus is on theo-
rising. The empiricist nature of science sometimes tends to be neglected,
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i.e. there is less focus on experimenting and measuring. At the same time,
a new type of ‘empiricism’ is gaining ground. Models are used as empir-
ically accessible systems on their own, in a similar way as the systems in
which we are ultimately interested: the real world or a subsystem thereof.
Clearly, this type of ‘empiricism’ must not be confused with ordinary em-
piricism (e.g. Petersen 2006).

For instance, an Earth system model1 is a theoretical construct with
the goal to simulate the real Earth. This is not necessarily based purely
on fundamental theories, but it is nonetheless typically rationalistic in na-
ture. Model simulations are also like laboratory experiments, since ‘mea-
surements’ are performed by reading variables that the simulation pro-
duces. Hence, the model is an experimental set-up that can be used to
test hypotheses. This highlights the empiristic nature of model simul-
ation. Since clearly model outputs are not the same as measurements in
the real world, models must be assessed by comparison with real observa-
tions (Section 2.4).

2.1.1 Definition of a model

In the literature several mutually consistent and inconsistent definitions of
(mathematical) model can be found, as well as of theory. Here theory is
used in a loose sense; it is any mathematical description (plus interpreta-
tion) of the world. One definition of model that appears to be consistent
throughout several works is the following. A model is a realisation, repre-
sentation or structure of a theory in which all valid sentences of a theory
are satisfied (Tarski 1953, p. 11; Suppes 1961; Frigg 2006; Frigg and Hart-
mann 2012).2

This definition of model is too strict for the purpose of this thesis,
even with a loose definition of theory. It is strict in two senses. Firstly, a
model must cover a whole theory (‘all sentences’) according to this defini-
tion, while often models do not cover whole theories and sometimes they
are models of observations. Secondly, the definition does not allow for
finite predictive error and observational uncertainties (to be defined in
Sections 2.3 and 2.4). Therefore, here a broader definition is chosen, that
allows for uncertainties and can be applied directly to observations and/or

1In this thesis a model is taken to be a quantitative or mathematical model, except
when differently qualified (e.g. conceptual model).

2This is complementary to that a theory is a collection of models, in the semantic
view of theories (Suppes 1961; Van Fraassen 1989; Halvorson 2012).
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(parts of) several theories. Henceforth, a model is a structure for which at
least some sentences of one or more theories, hypotheses or observations
are satisfied within a sufficiently small predictive error.

More intuitively, a model is a virtual physical system that follows im-
posed mathematical equations, derived from general theory (in case of a
model of a theory) and/or parameterisations. Parameterisations can be
based on idealisations of theories and concepts, or on metaphors, analogies
and other principles, or they are based on observations (Petersen 2006,
§ 2.3.1). Often a combination of general theory and parameterisations is
necessary, where parameterisations substitute representations of physical
processes that cannot be explicitly integrated because of the lack of knowl-
edge of the modelled system and/or computational limitations (Petersen
2006; Katzav et al. 2012). In the case of a perfect model of a correct theory,
i.e. if the objects and structures of the equations refer realistically to the
real physical system, the observations will be simulated (in a statistical-
mechanical sense, i.e. as long as chaotic behaviour is averaged out). In the
case of a model that includes parameterisations, tuning of parameters is
often done to simulate the observations (again in a statistical-mechanical
sense). The more tunable parameters there are in the model, the more diffi-
cult it is to independently validate the model. In other words, a correct
simulation of observations does not imply the correctness of the model.

Consider a model of a theory without considering parameterisations at
this point. Suppose that the model does not predict true values T of some
variable that we are interested in. This may be the case because there are
problems with the implementation of the model, or it is non-linear which
calls for an ensemble of simulations to estimate the probability density
function, or it is not a good model of the theory, or the theory is not a
good description of reality. A perfect model of a theory is identical to the
formalism of a theory. When an interpretation (including the reference of
the model objects to reality) is added to the formalism, the model becomes
a theory. For anti-realists this means that a perfect model is identical to a
theory. Only for a realist there is a significant difference between a theory
and a perfect model of a theory.3

3Realism is the view that the world described by science is the real world, including
objects that may be part of a theory but are not observable. Anti-realism is the opposite
of this and includes many types, including e.g. phenomenalism which is the radical view
that physical objects do not exist in themselves, but only as perceptual phenomena or
sensory stimuli; and instrumentalism which is the view that theories are only useful
instruments to understand the world. While these types of anti-realism are outmoded,
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2.1.2 Examples of models

Law of gravitation

As an example of such a theory and model, consider Newton’s law of
universal gravitation. This law states that two masses attract each other
with a force that is directly proportional to the product of their masses
and inversely proportional to the square of the distance between them. In
the form of an equation this is:

F = G
m1m2

R2
e , (2.1)

where F is the force, G the universal gravitation constant, mi the masses,
R the distance between the bodies and e the unit vector directed from
the one mass to the other. This equation alone is the formalism of the
theory,4 while the explanation of the symbols is the interpretation. Only
the combination of formalism and interpretation is a theory of gravitation.
A perfect model of the theory is simply the formalism, i.e. Eqn 2.1. In this
specific case, the formalism of the theory is identical to the model, hence
the model is a perfect model of the theory.

Of course, models are in practice amended with an interpretation as
well, but that is not how the term model is used here. Adversely, the inter-
pretation is more important for the conceptual model, where the formalism
is significantly simplified, such that it only contains signs or directions and
not actual numbers. The complementary conceptual model to the gravi-
tation model as given by Eqn 2.1 can be a picture or a miniature model
of the Sun, Earth, Moon etc. From the picture one can determine the
directions of the forces, while one needs Eqn 2.1 for the numbers. In other
words, a mathematical model is quantitative, while a conceptual model is
qualitative.

more sophisticated forms of anti-realism would require much more explanation that
would not fit in this thesis (e.g. Curd and Cover 1998, pp. 1049–1289). There are also
forms in between like structural realism which is the view that the structures of the
theory are real but not the objects itself (Psillos 1999; Chakravartty 2014).

4For simplicity Eqn 2.1 is called the formalism of a theory, but the complete formalism
of the theory of gravitation contains several extra equations like F = ṗ, where the
momentum p = mẋ and the dot denotes the time derivative; for the calculation of
velocities and locations of masses, these equations, together with the formalism, the
boundary conditions and, typically for this case, the initial conditions, are needed.
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Ocean model of aluminium

As another example of a conceptual model, consider Figure 1.5, whose
caption explains what all terms mean (interpretation). Furthermore, (the
dissolution of) dust is clearly a source of Aldiss, increasing [Aldiss], while
adsorptive scavenging is a sink, decreasing [Aldiss]. However, the quantita-
tive effects of all processes are not displayed in the figure and they cannot
be derived from it. Most of the formalism is left out, hence it is only a
conceptual model.

In Section 3.2.1 an ocean model of aluminium is introduced. The set of
equations in that section is a mathematical model that is associated with
the conceptual model just mentioned. With the mathematical model one
can actually make quantitative predictions, while the conceptual model
is mostly interpretation and contains little formalism. Contrary to the
gravitation model (Eqn 2.1), the model of aluminium is not identical to
the formalism of a theory, since the formalism of the underlying theory is
much too complex to be implemented. The underlying theory describes a
complex interaction between many different types of aluminium and silicon
particles. In the used model these interactions are ignored (if not impor-
tant) or parameterised (if important) into a simple equation. In this model,
described in Section 3.2.1, only two parameters are used to describe these
interactions. These parameters and the parameterisation (Eqns 3.2 and
3.3) introduce a parameterisation error, but the idea is that after tuning,
the model is good enough to reasonably predict the observations. This idea
is illustrated by Figure 2.11(b). While the predictive uncertainty is large,
there is a significant overlap with the observational accuracy domain (Sec-
tion 2.3). Furthermore, the model is implemented on a finite-resolution
grid which introduces a numerical error. This means that the model is not
solved analytically but numerically; henceforth we sometimes use the term
numerical model for this type of mathematical model. There may be prob-
lems in the underlyingbiogeochemical model (Pisces) and the dynamical
model (OPA) as well (Section 2.2). These errors all affect the accuracy
of the predictive capability of the aluminium model, i.e. they increase the
predictive error (Section 2.4). Since this parameterisation only simulates
the underlying processes (theory or reality) by approximation, this model
is not identical to the formalism of the theory. Hence, it is an approximate
model of the theory, assuming the underlying ideas, like electric potential
being a cause of adsorption, are somehow used in constructing the model.
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General circulation model

One type of numerical model is the General Circulation Model (GCM).
This can be regarded as a specific type of box model (Broecker and Peng
1982, pp. 15–22, 275–277; Sarmiento and Gruber 2006, pp. 10–15) with
typically a very large number of boxes (> 105), and hence it is computa-
tionally intensive (Kantha and Clayson 2000, § 2.1.1; Sarmiento and Gru-
ber 2006, pp. 215–221). Such models simulate geophysical fluids like the
ocean and the atmosphere. Conventionally, GCMs are explained as dis-
cretised versions of the Navier-Stokes equations, classical mechanics gener-
alised to fluids, together with several other equations for thermodynamics
and radiation (Cushman-Roisin and Beckers 2011, pp. 77–82).5

Analytical steady-state solutions of the Navier-Stokes equations are
only known for a few artificial systems. It is not even known whether a
general analytical solution exists given any initial velocity field. Therefore,
these equations are approximated by equations that can be solved analyt-
ically (e.g. by reducing the equations to the Eady model for which bottom
friction is neglected), or they are solved numerically (i.e. within GCMs).
In the first case, an approximation of the equations is solved exactly, while
in the second case, the full equations are solved approximately, hence in
both cases the solutions are approximations.

The combination of approximating the equations and after that solv-
ing them numerically is done often as well because of computational limi-
tations. The Navier-Stokes equations are typically approximated before
which they are solved numerically. For instance, in ocean models the
Boussinesq approximation is applied, which is the assumption that density
differences are sufficiently small to be neglected, except for g-dependent
terms. After these kind of approximations, the equations need to be discre-
tised, since computers are discrete as well and there is only finite memory
and computational power in a computer (Burks et al. 1946). This goes

5To be more precise, the Navier-Stokes equations are the combination of Newton’s
second law (F = ṗ) and the postulate that the fluid’s stress is the sum of a diffusing
viscous term and a pressure term. When interpreting every term in the equations as
objects in the real world (e.g. “ṗ represents the rate of change of momentum, where
momentum represents the mass (resistance of being accelerated) times the rate of change
of the position”) one arrives at a theory of fluid dynamics. The mentioned equations are
a perfect model of this theory. The Navier-Stokes equations utilise only part of classical
mechanics, and there are extra assumptions needed. The Navier-Stokes equations are
a model of classical mechanics applied to fluids, but it is also an idealised model of
statistical mechanics (Petersen 2006, pp. 23–24).
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together with a number of assumptions. There are no hard and fast rules
for decisions in writing and implementing such a model: it is more of an
art than sound craftsmanship.

One of the most difficult issues in writing a GCM is the handling of
subgrid processes. At any finite resolution, be it 1000 km or 1 m, there will
always be processes not described by the model. One of the quantities that
cannot be calculated correctly from any GCM is the kinetic energy. There
will be more kinetic energy at smaller and smaller scales until viscosity
gets important and energy dissipates (energy cascade). This occurs at
the Kolmogorov length scale (typically less than 1 mm). At that scale
turbulence converts kinetic energy into heat (Nieuwstadt 2008, pp. 89–94).
However, on the resolution where this takes place, no geophysical fluid
model exists since that is computationally unfeasible.

The difficulty is that in a model with a finite resolution, climate vari-
ables are not calculated on subgrid scales even though they may be sig-
nificant for processes on supergrid scales. This calls for parameterisations.
Typically, parameterisations express unresolved processes through (large-
scale) modelled quantities (e.g. Petersen 2006, p. 24). Eddy diffusion is
introduced as a parameterisation that accounts for subgrid dynamics. The
introduced parameterisation has the samemathematical structure as molec-
ular diffusion. Compared to eddy diffusion, molecular diffusion is negligible
and has no relevance for modelling geophysical fluids. The coefficients for
(eddy) diffusion depend on the spatial scale, and hence the values of the
horizontal and vertical diffusion are different from each other (Section 2.2.2
for the equations).

The model may be run with different sets of boundary conditions.
Boundary conditions include initial conditions and (variable) forcings. Con-
sider for example an atmospheric GCM or a coupled model to project fu-
ture climate. Initial conditions, ideally based on current observed climate
variables, are important for at most the first several decades. Beyond
that timescale the initial conditions are no longer relevant for projection
(Tebaldi and Knutti 2007). Rather, other boundary conditions and, for
a limited time, predictive uncertainty are more important (Hawkins and
Sutton 2009). Among such boundary conditions are solar radiation and
the average concentration of carbon dioxide in the atmosphere (forcings).
Other boundary conditions include those at the ocean–atmosphere inter-
face, the land–atmosphere interface and the top of the atmosphere. The
latter is defined in an arbitrary but practical way; this is part of the art
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of modelling. On longer timescales variability in the deep ocean is impor-
tant, which calls for the coupling of the atmosphere with an Ocean GCM
(OGCM). This implies the need for boundary conditions at the ocean–
sediment boundary. On even longer timescales a sediment model may be
included, in which case a deeper boundary within the sediment is defined.

All this depends on the amount of complexity that one needs for a
future climate projection, and the timescale on which you want to do the
projection. Of course a limiting factor is also our lack of knowledge about
parts of the Earth system. If carbon dioxide would not be prescribed,
one would need a full carbon cycle and socioeconomic model as part of
the system. In that case, long-term climate projections would become like
climate forecasts. However, reliable models of that kind do not exist at
the moment and will probably not be developed in the near future, since
human behaviour is effectively unpredictable.

2.1.3 The need for models

Many systems are outside of our reach of experimental control or are unin-
telligible if described accurately. For these reasons, scientific modelling is
an important tool. Models (analytical or numerical) are often used when
theories are too complex to handle. Therefore, models are not a complete
representation of such a theory (even though they may utilise several theo-
ries at once). It is also possible that there is no theory available, or only an
incomplete one. In that case, models may actually complement theories
and describe phenomena that lack a good theoretical description (Frigg
and Hartmann 2012).

With certain systems, it is very difficult or expensive to perform labo-
ratory experiments. These systems include the very small, like the quark-
gluon plasma, and the very large, like galaxies. The Earth is a relatively
large system, but experiments can be performed on this system. These
include adding carbon dioxide to the atmosphere and painting rooftops
white in an attempt to mitigate some of the consequences of the first. Of
course, the first example is not an intended experiment since the addition
of CO2 is a side effect of extracting energy from fossil fuels (Section 1.1).
The second example is intentional, but neither of the examples are good
scientific experiments. Since there is only one Earth to test our hypotheses
on, it is not possible to perform multiple climate experiments under con-
trolled conditions. For these reasons, in many physical sciences modelling
is important.
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For many systems, models are so complex that it is not possible to
derive analytical solutions (e.g. the Navier-Stokes equations, see discussion
on Page 30. This is a reason why numerical modelling has become relevant.
With such models, hypotheses can be tested in a statistically meaningful
way. From the results of numerical models conclusions can be drawn along
the lines of “This simulation based on this hypothesis is consistent with
the observations, hence it confirms the hypothesis.” or “Based on this
theory this phenomenon cannot be modelled, so the theory must be wrong.”
However, if a hypothesis or theory seems to be verified or falsified, this may
very well be for the wrong reason. Models are structures that are supposed
to be ‘isomorphic’ or similar to some part of a theory or the observations.
There may be no theory available at all, in which case the model in question
is a germ from which a theory may or may not grow.6 Models can contain
wrong parameterisations or assumptions. For this reason, they need to be
critically examined to find out whether they actually fulfil their purpose.
They also need to be checked for correctness: Do the objects and processes
in the model refer to reality in a reasonable way? Field and laboratory
studies must be used for this. Even though it does not answer the last
question in full satisfaction, in this thesis validation is done by comparing
the model output with field observations (Section 2.4).

Even though models may be wrong in a strict sense, they can be very
useful. If formulated and interpreted carefully, models can give insight and
advance science.

2.2 The model NEMO
For the studies in this thesis, the three-dimensional distribution of dis-
solved Al and dissolved Mn have been simulated with numerical models.
These models are embedded in the biogeochemical model NEMO-Pisces
(Aumont and Bopp 2006; Ethé et al. 2006). This section sets out the
relevant details of NEMO and Pisces, while the Al and Mn models are
described in the subsequent chapters. Pisces has been employed for many
other studies concerning trace metals, as well as large-scale ocean biogeo-

6Such a model may be a fit to a guessed function. Another example is given by one of
the solutions to the manganese model issues described in Chapter 6, where oxidised Mn
only settles if its concentration is above a certain threshold. Even though a scientific
hypothesis has been formulated for this model at a later stage, initially that model was
not based on any theory or hypothesis. Even with further explanation, such a model is
often not very mechanistic and will therefore sometimes be named a toy model.
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chemistry (e.g. Aumont and Bopp 2006; Gehlen et al. 2007; Arsouze et al.
2009; Dutay et al. 2009; Tagliabue et al. 2010). In the simulations de-
scribed here, Pisces has been driven by climatological (i.e. for a typical
or average year) velocity, temperature and salinity fields obtained from
the general circulation model called Nucleus for European Modelling of the
Ocean (NEMO). This method is also referred to as running Pisces off-
line, while running it coupled to the dynamical part of NEMO, including
possible feedbacks from the biogeochemistry to the dynamics, is referred
to as an on-line simulation (not done in this thesis).

NEMO is a framework for ocean models (Madec 2008).7 This frame-
work is intended to be a flexible tool for studying the ocean and its in-
teractions with the other components of the Earth’s climate system (at-
mosphere, land, sediments) over a wide range of space and timescales.
Its seawater and sea ice (thermo)dynamics components are Océan PAral-
lélisé (OPA) and Louvain-la-neuve Ice Model (LIM), respectively. Further-
more, Tracer in the Ocean Paradigm (TOP) models the biogeochemistry.
TOP contains both transport (TRP) and sources minus sinks (Lobster,
Pisces).8

NEMO-Pisces has been used with ORCA2, one of its standard config-
urations. This configuration resolves all dominant water masses and has
a high enough resolution to resolve most of the relevant processes studied
in this thesis. Its resolution is similar to that of the observational dataset
that is intensively used in this work. In both the resolution and the mod-
elled tracers, this model is flexible enough for our purposes of modelling
trace metals, but at the same time it does not introduce too many degrees
of freedom. The latter would lead to underdetermination of the model
parameters.

2.2.1 Configuration: ORCA2

All model fields are defined on the ORCA2 coordinate frame (or grid), an
irregular grid covering the whole world ocean with a nominal resolution
of 2◦× 2◦, with the meridional resolution increased near the equator and
Antarctica, and both the meridional and zonal resolutions in the Mediter-

7NEMO and its components are released under the CeCILL (CEA CNRS INRIA
Logiciel Libre) licence, an international free software licence that is explicitly compatible
with the GNU GPL. Its source code can be downloaded from www.nemo-ocean.eu.

8In this thesis only Pisces is used, not Lobster. Neither Lobster nor Pisces are
acronyms.

www.nemo-ocean.eu
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Figure 2.1: The ORCA2 coordinate frame. The nominal resolution is 2◦× 2◦,
with an increase in resolution near the equator, near Antarctica and in several
large seas. The apparent singularity at the north pole is moved out of the sea.
This grid is the same at all model depth levels (Murray 1996; Madec and Imbard
1996).

ranean, Red, Black and Caspian Seas. On the Northern Hemisphere, it
has two coordinate singularities, one in Canada and the other in Russia.
More usual grids, like the commonly used geographic projection and the
Mercator projection, have their singularity at the geographic north pole.
The problem with this is that the north pole happens to be in the sea
(the Arctic Ocean). Hence, it is not possible to integrate the primitive
equations near the north pole on a geographical projection. Since a coor-
dinate singularity is an apparent singularity, it can be removed by choosing
a different coordinate frame. One such a frame is the ORCA2 grid that
has removed the coordinate singularity from the geographic north pole to
points on land which lay outside the effective model domain. The grid has
no singularity on the Southern Hemisphere, since it is not defined south
of 78.2◦ S. Figure 2.1 presents the ORCA2 grid laid over the geographical
grid.
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Figure 2.2: The layer thickness ∆z (m) of the ORCA2 configuration as a function
of depth (m). The upper layers are 10 m.

The vertical resolution of the ORCA2 grid is 10 m in the upper 100 m,
increasing downwards to 500 m, such that there are 30 layers in total and
the ocean has a maximum depth of 5000 m (Madec and Imbard 1996;
Murray 1996). Figure 2.2 shows the layer thickness as a function of depth.

2.2.2 Dynamical model: OPA

The dynamical component of NEMO is OPA, optionally coupled with the
sea ice component LIM. The OPA model is an Ocean General Circulation
Model (OGCM) that numerically solves the primitive equations on a rotat-
ing sphere (the Earth). These equations consist of approximations of the
Navier-Stokes equations (conservation of momentum), the continuity equa-
tion (conservation of mass) and the equation of state (relating temperature,
salinity and density). In all OGCMs, including OPA, several approxima-
tions are made. Firstly, the geometry of the ocean is assumed to be spher-
ical and thin compared to the radius of the Earth. Secondly, the effect
of density variations are neglected, except when they give rise to buoy-



2.2 The model NEMO 37

ancy forces (Boussinesq approximation), and the fluid is incompressible.
Thirdly, parameterisations are introduced to describe subgrid processes
(turbulence closure) (Kantha and Clayson 2000, pp. 36–44; Cushman-
Roisin and Beckers 2011, pp. 77–92; Madec et al. 2012, pp. 12–14). The
next subsection gives the equations (details can be found in Madec et al.
(2012)).

Model equations

The development of any conservative tracer T follows the conservation
equation, which is given by:

∂T
∂t

= −∇ · vT +∇ · (D · ∇T ) , (2.2)

where t is the time, and the first term on the right-hand side is advection
with v the 3-D advection velocity. The second term represents diffusion,
where D is the diffusivity tensor.

The fluid is assumed to be incompressible (∇ ·v = 0), hence advection
is simplified to ∇ · vT = T ∇ · v + v · ∇T = v · ∇T . Furthermore,
molecular diffusion is negligible and here the diffusion term is rather eddy
diffusion or turbulence, parameterising subgrid processes. Assuming the
fluid is Newtonian, incompressible and homogeneous, the eddy diffusion
term can be presented by two divergence-free scalars, one for the horizontal
diffusion and one for the vertical. Hence, (eddy) diffusion is simplified to
A∇2

h +B∂2/∂z2, with ∇h the horizontal divergence, and where A and B are
the horizontal and vertical eddy diffusivity coefficients, respectively. An
eddy-induced velocity vGM is added to the original velocity, following the
Gent-McWilliams eddy parameterisation scheme (Gent and McWilliams
1990; Gent et al. 1995).

Since all tracers are advected and mixed according to the same equa-
tions, these effects may be put together in a generic operator Γ, following
Sarmiento and Gruber (2006, p. 115):

Γ :=
∂

∂t
+ (v + vGM) · ∇ − A∇2

h + B ∂2

∂z2
. (2.3)

Γ represents all conservative dynamical processes, where ‘dynamical’ in-
cludes both advection by the velocity field, and eddy diffusion. The Γ-notation
is used for convenience since it concentrates the dynamical processes in one
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term, and we are primarily interested in the biogeochemistry. It is also pos-
sible to use this generic operator for the biogeochemical model equations,
since the dynamical processes apply to all tracers in the same way. Since
the dynamical tracers (T , S, v) are conservative and do not sink down
through the water column, the conservation equation for any dynamical
tracer T reduces to:

Γ(T ) = 0 , (2.4)

where boundary fluxes are not included.
The primitive equations, including boundary fluxes, are

Γ(v)h + f (e3 × v)h = − 1

ρ0
∇hp+ Fv (2.5a)

∂p

∂z
= −ρg (2.5b)

∇ · v = 0 (2.5c)
Γ(T ) = FT (2.5d)
Γ(S) = FS (2.5e)

ρ = ρ(T, S, p) , (2.5f)

where v is the 3-D velocity, the subscript h indicates the horizontal part
of the vector, f is the Coriolis acceleration, e3 = (0, 0, 1) the unit vector
in the z-direction, ρ is the in-situ density given by the equation of state
(last equation) and ρ0 a reference density, p the pressure, z is the vertical
coordinate, and g is the gravitational acceleration. Fv, FT and FS are the
surface forcing terms (Madec et al. 2012).

Boundary conditions

Precipitation, evaporation, river runoff and solar radiation (FT and FS)
have an effect on salinity and temperature, and hence the density of seawa-
ter (equation of state). These forcings feed through the pressure gradient
into the primitive Eqns 2.5a–f). All mentioned forcings also affect mixing,
which has an influence on the currents as well. River inflow is specified as
a fresh water flux at the river mouth. At the solid boundaries (sediment
and coastlines) the seawater flow is parallel to the boundary, and heat and
salt fluxes are neglected. At the interface between sea ice and the ocean,
heat, salt and fresh water are exchanged, and temperature and salinity in
the upper model layer are calculated.
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Dynamical forcings

In this thesis two climatologies of the dynamical fields are used. They were
obtained by forcing NEMO in the ORCA2 configuration with two different
sets of air-sea boundary conditions. Both sets of boundary conditions
consist of heat, fresh water and momentum fluxes that were derived from
bulk formulae. They are functions of wind, sea surface temperature, air
temperature, air humidity and evaporation minus precipitation. These
input variables were taken from two different sources as described next.

For the first climatology, Dynamics 1, daily wind stress based on Eu-
ropean Remote Sensing (ERS) satellite data is used for the tropics, and
NCEP/NCAR re-analysis data for the polar regions (Kalnay et al. 1996;
Kistler et al. 2001). Surface salinity is restored with a timescale of 60 days
towards the seasonal Polar Science Center Hydrographic Climatology (PHC)
dataset to avoid model drift (Timmermann et al. 2005). The last year of
this simulation is used as our one-year ‘climatology’ with a resolution of
five days of the dynamics. This climatology is referred to as Dynamics 1,
since it corresponds to the earlier Al simulations performed in this thesis,
namely those in Chapter 3, as well as the Mn simulations (Chapter 6).

The other climatology, Dynamics 2, is forced by DFS3, a forcing dataset
based on uncorrected surface atmospheric state variables of ERA-40 ex-
tended in time until 2007 with fields of the ECMWF operational analysis.
ERA-40 is the Re-Analysis performed by ECMWF of the global atmo-
sphere and surface conditions for 45 years, over the period from September
1957 through August 2002 (Uppala et al. 2005). The radiation and precip-
itation products were proposed by Large and Yeager (2004) and Uppala
et al. (2005). The wind velocities are taken from ERA-40. The model was
initialised from the ocean conditions in 1958 from Levitus et al. (1998).
A more detailed description of the creation of this dynamics can be found
in Brodeau et al. (2010). From this simulation years 1959 to 1972 were
averaged to obtain a monthly climatology with a reasonable Atlantic over-
turning (next subsection). This climatology is named Dynamics 2 and
corresponds to the later simulations of aluminium in this thesis, namely
those in Chapter 4. Appendix A utilises both dynamics, and only when
relevant for the simulation it will be noted which dynamics is used.
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General characteristics: ocean currents

Figure 3.1 presents the annually averaged surface velocity field of the OPA
output, for both dynamical forcing fields. Both show the main features of
the ocean circulation such as the equatorial current systems, the western
boundary currents (among which the Gulf Stream and Kuroshio), as well as
the Antarctic Circumpolar Current. There are minor differences between
the two dynamics. For instance, the equatorial currents are weaker in
Dynamics 2.

(a) Dynamics 1 (b) Dynamics 2

Figure 2.3: Modelled velocity at the surface, yearly average. The colour indicates
the speed in m s−1, while the vectors represent the direction of the flow. Vectors
are plotted at every fifth gridpoint.

Figure 2.4 presents the Overturning Stream Function (OSF) of the
Atlantic Ocean for both dynamics. The OSF is defined as the zonally
(through the basin) and vertically (from the surface downwards) inte-
grated meridional current speed. It is used as a measure for the Atlantic
Meridional Overturning Circulation (AMOC, Section 1.2.1). The upper
overturning cell has a strength of about 14 Sv (1 Sv = 106 m3 s−1) in both
dynamics. Observations suggest higher values of about 19 ± 5 Sv (Talley
et al. 2003; Cunningham et al. 2007; Rayner et al. 2011).

Even though both dynamics reproduce the AMOC, there are pro-
nounced differences between them. Firstly, the return flow is localised
around 2 km depth in Dynamics 1, while this is deeper for Dynamics 2. Sec-
ondly, the lower cell, associated with AntArctic Bottom Water (AABW),
is much stronger in Dynamics 1 compared to Dynamics 2. The value of
3 Sv in Dynamics 2 is more realistic than the 7 Sv of Dynamics 1 (Talley
et al. 2003; Rayner et al. 2011). This has significant consequences for bio-
geochemical tracers, among which dissolved aluminium (Aldiss) and silicic
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(a) Dynamics 1 (b) Dynamics 2

Figure 2.4: Atlantic Overturning Stream Function (OSF), a measure for the
AMOC in Sv (1 Sv = 106 m3 s−1). The erratic behaviour at 36◦ N is an arte-
fact from cross-land mixing through the Strait of Gibraltar. This is a model
parameterisation that attempts to resolve the problem that the Strait of Gibral-
tar is significantly smaller than the model resolution, while the fluxes between the
Atlantic Ocean and the Mediterranean Sea are important for the world ocean.

acid (Sidiss). The effect on [Sidiss] is presented in Section 2.2.3 and the
effect on [Aldiss] is discussed in Section A.1.

2.2.3 Biogeochemical model: PISCES

The model Pisces simulates the cycles of carbon, the major nutrients (ni-
trate, phosphate, ammonium, silicic acid) and the trace nutrient iron, along
with two phytoplankton types (nanophytoplankton and diatoms), two zoo-
plankton grazers (micro- and mesozooplankton), two classes of particulate
organic carbon (small and large) with differential settling speeds, as well
as calcite and biogenic silica. The Pisces model distinguishes three sili-
con pools: the silicon content of living diatoms (Sidiat), the silicon content
of dead settling diatoms (Sibiog), and dissolved silicic acid (Sidiss). In the
model, Sidiss and other nutrients are supplied to the ocean by means of
atmospheric dust deposition and rivers, while iron enters the ocean addi-
tionally through diffusion from anoxic sediments (Aumont and Bopp 2006).

For the studies in this thesis a single version of Pisces has been used,
namely version 3.1. While the model has been superseded by newer ver-
sions, for consistency reasons, all model simulations have been performed
with Pisces v3.1. This choice implies that none of the improvements
since v3.1 and hardly any of the bug fixes have been applied to the model
simulations presented here. Without expanding further on coding issues
of Pisces, it is likely that many simulations yield slightly different results
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when a newer version were used. We do not know whether the results of
the simulations in that version would give results that differ significantly
from those in this thesis.

In this section several details important for trace metal modelling will
be discussed. These details include how the Pisces tracers behave in
general, the sources of the tracers which are important for both the major
and the trace nutrients, and the characteristics of specific Pisces tracers.
For a more detailed description of Pisces, see Aumont and Bopp (2006)
and Aumont (in preparation).

Model equations

At any location in the ocean away from the boundaries, every tracer T is
conserved, except for internal chemical and biological conversions, which
are often referred to as the internal Sources Minus Sinks (SMS). The tracer
conservation equation has the form:

Γ(T ) = − ∂

∂z
(wT · T ) + SMST + fT · FT , (2.6)

where the dynamics (advection and mixing) are included in Γ (Eqn 2.3).
The first term on the right-hand-side represents the settling of heavy par-
ticles through the water column with z the depth (negative downwards)
and wT the settling speed of tracer T . In Pisces it is assumed that there
are two different settling velocities, one for small and one for big particles
(and, in principle, one where wT = 0 for dissolved substances and colloids).
Another simplification in the version of Pisces used in this thesis (v3.1) is
that T ∂wT /∂z is neglected, or that wT can be put in front of the vertical
gradient. The second term is the SMS, and the third term presents the
forcing fields (Page 45).

Settling of particles is, similar to advection and mixing, a purely phys-
ical process and hence conserves tracers. Nonetheless, this term is not
included in Γ for several reasons. Firstly, the settling speed is not the
same for all tracers. Secondly, it should not be part of a (generalised)
material derivative since settling is transport through seawater. Thirdly,
settling is very important for the biological pump (Section 1.2.2), so it
should be explicit in the notation of the biogeochemical equations.

Specific cases include drifting tracers (dissolved particles and colloids)
where wT = 0 and hence Γ(T ) = SMS(T ); conservative tracers (no biol-
ogy/chemistry) such that Γ(T ) = ∂(wT · T )/∂z; and drifting, conservative
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tracers for which Γ(T ) = 0. All this is valid as long as FT = 0, i.e. away
from the boundaries.

The standard version of Pisces accounts for 24 tracers. They can
chemically or biologically transform from one state to another (SMS) as
long as the two states concern the same chemical element (conservation of
atoms). E.g., iron in small particles can form iron in big particles, but it
cannot transform to any tracer of nitrogen.

As an example, consider the equation for carbon that is fixed in phy-
toplankton (Cphyt):

Γ(Cphyt) = (1− δ)µphytCphyt −mphyt
Cphyt

K + Cphyt
Cphyt

− waggrC
2
phyt − gzooCphytCzoo ,

(2.7)

where the first term on the right-hand side is the production term of phy-
toplankton, with δ the excretion rate of Dissolved Organic Carbon (DOC)
and µphyt the rate of photosynthesis (see below). The second term sim-
ulates mortality, with mphyt the phytoplankton mortality rate and K the
half-saturation constant for mortality. This means that for small phy-
toplankton concentration (Cphyt � K) mortality is quadratic, while for
large phytoplankton concentration (Cphyt � K) mortality is proportional
to Cphyt; relative mortality halves when Cphyt = K. The third term on the
right-hand-side represents aggregation, with waggr the phytoplankton ag-
gregation rate, which depends on the shear rate, as the main driving force
for aggregation is the local turbulence. The fourth term models grazing by
zooplankton, with gzoo the grazing rate and Czoo is carbon in zooplankton.
All these terms together form the SMS for carbon in phytoplankton. In-
deed, elements other than C, e.g. Fe or N, are not present in this equation,
since transformations between C and other elements are not allowed. This
equation applies to both functional classes of phytoplankton in Pisces,
namely nanophytoplankton and diatoms.

The rate of photosynthesis µphyt is a function of light intensity, the
chlorophyll concentration, the temperature and several limitation func-
tions (Aumont and Bopp 2006, for details). Diatoms, for instance, can
be Si-limited. In that case, µphyt is a function of the Monod limitation
function (Monod 1949) of the Sidiss concentration S:

L =
S

KSi + S
, (2.8)
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where KSi is the half-saturation constant; this is the Sidiss concentration
for which µphyt is half the maximum photosynthesis rate (rate is maximal
when S → ∞). If iron (Fe) is limiting as well, the rate of photosynthesis is
modelled as the minimum of two Monod functions (Sarmiento and Gruber
2006, p. 132):

L = min
(

S

KSi + S
,

F

KFe + F

)
, (2.9)

where F is the Fediss concentration.9 This example illustrates the influence
of nutrients on photosynthesis and hence diatom growth. Of course, also
other factors like temperature and acidity have an effect on the diatom
growth rate, but these influences are neglected in this model.

The equation for particulate organic carbon (Cdet) is given by:

Γ(Cdet) = mphyt
Cphyt

K + Cphyt
Cphyt + waggrC

2
phyt

+ other terms − ws
∂Cdet
∂z

.

(2.10)

Since this is a heavy tracer, the settling term is not zero (ws > 0). ‘Other
terms’ includes SMS from the two zooplankton carbon tracers and DOC.
The other terms were defined before. When adding the different equations
for carbon (not limited to Eqns 2.7 and 2.10), the result would be Γ(C) = 0,
if it were not for the settling terms, hence carbon is conserved.10 This
stands in contrast to the individual tracers, like fixed carbon (Cphyt), which
are non-conservative, also if all settling velocities involved are zero.

9The choice for a minimum in Pisces is relatively arbitrary. It can also be modelled
as the product of two Monod functions, which more accurately represents the idea of
co-limiting nutrients. Thus: µphyt ∝ (S/(KSi + S))(F/(KFe + F )). In such a model,
addition of Fe can partly neutralise Si limitation, or vice versa. In that case, if S = KSi
and F = KFe, and F were to be halved, then S must be multiplied with 3 to get back
to the original rate of photosynthesis. Proof: We must solve 1/4 = (x/(1 + x)) · 1/3 for
x, in case of S = x ·KSi. Its solution is x = 3. Thus, beginning from the half-saturation
concentrations for both the silicic acid concentration S and the dissolved Fe concentra-
tion F , decreasing one of the concentrations, the other must disproportionally increase
to keep the production rate the same. However, in the Pisces model either Si or Fe is
limiting, depending on which limitation term is smaller.

10When integrating over z, and including SMS at the boundaries, after sufficient time
one should arrive at a dynamical equilibrium: limt→∞

∫ 0

−D

∑
i(Γ(Ci) + FCi)dz = 0,

where D is the depth of the ocean.
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Boundary conditions

Besides transport and internal SMS within the ocean, tracers are added
to and removed from the oceans at its boundaries (sea surface, coast,
sediment and mid-ocean ridges). Sources and sinks are modelled as a
concentration change of the tracer at the boundaries. As long as the model
is not coupled to other models at the boundaries (e.g. an atmospheric
model), the flux of solid, liquid and dissolved tracers is prescribed by an
external forcing flux (last term in Eqn 2.6). Addition of these tracers is
given by ∂T /∂t = fT · FT , where FT is a forcing field that may need
to be scaled by measures of the corresponding gridbox and/or conversion
between elements (fT ). Since most of these input fluxes are only used for
the manganese ocean model in this thesis, the equations are given in the
respective Section 6.2.1.1. In the case of gasses (e.g. CO2), increase and
decrease is a consequence of a pressure difference. Removal of non-gaseous
tracers occurs near the sediment by burial of particles that are heavier
than water. The removal is determined based on the internal state of the
model.

Figure 2.5 shows the four source fields of Pisces v3.1, and Table 2.1
lists the relative input of the different basins for each of these sources.
Relative amounts per source will be discussed in Section 6.2.1.1 and given
(for Mn) in Table 6.3.

Basin Dust Sediment Fluvial Hydrothermal
Atlantic Ocean 49.1 24.9 41.7 13.6
Pacific Ocean 20.6 43.6 35.3 58.5
Indian Ocean 22.9 16.3 11.8 18.2
Southern Ocean 0.12 6.3 0.11 7.4
Arctic Ocean 0.56 7.4 7.6 2.2
Mediterranean Sea 6.8 1.5 3.5 0.00
total 100.0 100.0 100.0 100.0

Table 2.1: Relative amount of yearly dust, sediment, river and hydrothermal input
into each basin (%). The Southern Ocean is defined as the ocean south of 59◦ S.
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(a) Dust deposition (g m−2 yr−1) at the
ocean surface

(b) Dissolved carbon flux by river dis-
charge (g m−2 yr−1)

(c) Iron input by marginal sediments
(µmolFem−2 yr−1)

(d) Hydrothermal vent 3He input flux
(nmol m−2 yr−1)

Figure 2.5: Source fluxes of tracers to the ocean. Three-dimensional fields are
vertically integrated.

Characteristics of the output fields

This section presents and discusses the behaviour of silicic acid, iron and
oxygen as modelled by Pisces v3.1 as they are relevant for the rest of this
thesis. A more concise presentation of the general characteristics of chloro-
phyll, nitrate, silicic acid, oxygen, Dissolved Inorganic Carbon (DIC), al-
kalinity and iron will be given by Aumont (in preparation) and references
therein.

Figure 2.6 presents modelled [Sidiss] for both dynamical fields, with
measured [Sidiss] as coloured dots. Clearly, Figure 2.6a, corresponding with
Dynamics 1, presents a strongly overestimated [Sidiss] in the deep ocean,
while this overestimation is significantly reduced in Figure 2.6b (Dynam-
ics 2). The reason for this reduction is that in Dynamics 2 less Sidiss is
transported northwards with the AABW than in Dynamics 1 (Figure 2.4).
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(a) RefDyn1 (Dynamics 1) (b) RefDyn2 (Dynamics 2)

Figure 2.6: The modelled silicic acid concentration at the West Atlantic Geo-
traces section. Coloured dots are measurements (data from K. Bakker,
E. van Weerlee, M. Rijkenberg and H.J.W. de Baar). Both simulated and ob-
served concentrations are in µM (on a non-linear scale).

This means that the more realistic deep overturning cell in Dynamics 2
results in a more realistic simulation of [Sidiss] in the deep Atlantic Ocean.
A statistical comparison of the effects of the two dynamics on [Aldiss] and
[Sidiss] is given in Section A.1.

Of many trace elements is insufficient knowledge about the cycling,
which makes modelling them difficult. Of these trace elements, iron is the
most important trace nutrient (e.g. Raven 1990; Leynaert et al. 2004; Tim-
mermans et al. 2004; De Baar et al. 2005; Hoffmann et al. 2007; Denman
2008; Breitbarth et al. 2010; Rijkenberg et al. 2011; Tagliabue et al. 2012).
For this reason Pisces v3.1 includes iron (as the only trace element).

Figure 2.7 presents the modelled and measured dissolved iron (Fediss)
concentrations at the West Atlantic Geotraces cruise section. This
simulation is based on Dynamics 2. General properties of the iron dis-
tribution are captured by the model. These include the depletion at the
ocean’s surface and the subsurface minimum at 10–30◦ N. However, there
are important deviations from the measurements. Between 0 and 18◦ N at
300–1000 m depth [Fediss] is elevated in the measurements (coloured dots
in the figure). This is probably from remineralisation since it coincides
with the Oxygen Minimum Zone (OMZ). The model does not reproduce
this, even though an OMZ is present in the model (Aumont in prepara-
tion). For this, consider the oxygen (O2) concentration, which is presented
in Figure 2.8. A low [O2] can be seen around 300 m depth from about
20◦ S to 20◦ N. Finally, the high measured [Fediss] deeper than 2 km are
probably due to hydrothermal vents, which are not included in this model
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Figure 2.7: Modelled [Fediss] (nM) at the West Atlantic Geotraces cruise track,
based on Dynamics 2. Measurements of [Fediss] were taken during the Geo-
traces cruises (Rijkenberg et al. 2014) and are presented as coloured dots (same
non-linear scale).

simulation. These measurements have been described by Rijkenberg et al.
(2014) in more detail.

Figure 2.8: Modelled [O2] (µM) at the West Atlantic Geotraces cruise track,
based on Dynamics 2. Measurements of [O2] were taken during the Geotraces
cruises and are presented as coloured dots (same linear scale).
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Further details on the Pisces model can be found in the supplementary
material of Aumont and Bopp (2006) and in Aumont (in preparation), and
the source code of the model can be found at http://www.nemo-ocean.
eu/. Since Pisces v3.1 (Aumont and Bopp 2006), which is used in this
thesis, there have been improvements in simulating iron (Tagliabue et al.
2009; Tagliabue and Völker 2011; Tagliabue et al. 2014).

2.3 Observational data
The measured value of an observable (shortly: measurement) is never
exactly equal to the real value of the observable (shortly: truth). The
observational error consists of at least a random error and potentially a
systematic error (also named bias or accuracy):

measurement = truth + bias + random error . (2.11)

Probability
density Accuracy

Precision
Value

Reference value

Figure 2.9: Accuracy is the proximity of measurement results to the reference
value. Precision is the reproducibility of the measurement (based on http://
commons.wikimedia.org/wiki/File:Accuracy_and_precision.svg).

Figure 2.9 presents a hypothetical measurement, or average of several
measurements, with a probability distribution around that value. The

http://www.nemo-ocean.eu/
http://www.nemo-ocean.eu/
http://commons.wikimedia.org/wiki/File:Accuracy_and_precision.svg
http://commons.wikimedia.org/wiki/File:Accuracy_and_precision.svg
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typical spread of this distribution is the precision or reproducibility of
the measurement. The random error lies, with a high probability, within
the precision. Another value in the figure is denoted as reference value.
The difference between this reference value and the measured value is the
accuracy of the measurement. Ideally, the reference value is equal to the
‘truth’ or ‘real value’, but that is in principle empirically inaccessible.

In the case of recent oceanographic programmes like Geotraces, so
called ‘reference samples’ were taken, of which subsamples were sent to
different laboratories. The individual so-called ‘reference samples’ must
not be confused with the above reference value. Next in each laboratory
the values of such reference samples were determined with the methods
used by the respective laboratories. An independent referee does at first
remove statistical outlier laboratories (if any) and from the remaining sub-
mitted data of remaining laboratories derive ‘consensus values’ with stan-
dard deviations from these samples. Comparison with the reported values
and standard deviations of anyone’s given laboratory provides an extra
indication of the accuracy and precision of that one laboratory. These con-
sensus values are used only as an additional quality control for providing
extra confidence of the given laboratory, but are not used for adjustment
of the datasets of ocean seawater measurements. Whereas in this thesis
the model output of the dissolved Al and Mn concentrations is regularly
compared with the latter datasets of ocean seawater measurements, the ex-
tra information of these ‘consensus values’ does not affect this model-data
comparison. Henceforth, both truth and consensus value may be used for
the reference value, and the difference between these terms is of no further
use for the goals of the rest of the thesis.

In this thesis the focus is mainly on the Aldiss and Mndiss distributions
obtained from the recent sampling along the Geotraces Atlantic Merid-
ional transect, which is presented in Figure 2.10. The complete methods
for producing the ocean seawater measurements and datasets of dissolved
Al and Mn, and the latter datasets in themselves, were the work of Dr. Rob
Middag. Only for the sake of complete information of the readership of
this thesis, these methods are included as the final appended Section 2.6
of this chapter.
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Figure 2.10: Sampling stations. With a total of 60 full water column depth profiles
sampled, the transect was completed in four separate cruises. Stations 1.2–1.19
were sampled during cruise 64 PE 319 aboard RV Pelagia in April/May 2010 (blue
dots). Stations 2.21–2.41 were sampled during cruise 64 PE 321 (black dots) in
June/July 2010 and stations 4.3–4.7 were sampled during cruise 64 PE 358 (yel-
low dots) in August 2012 aboard RV Pelagia completing sampling in the Northern
Hemisphere. Sampling of the GA02 Geotraces transect in the Southern Hemi-
sphere was conducted from the British research vessel RRS James Cook (cruise
74 JC057) in March/April 2011 (red dots). Numbers in this figure indicate the
leg and station numbers (NLeg.NStation). Figure with the courtesy of R. Middag
and M. Rijkenberg.
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2.4 Model-data comparison

This section sets out how to judge how well a model performs with respect
to the observations (i.e. how reliable it is), and how this relates to the
accuracy of the measurements and the predictive error of the model.

If some modelled variable and the corresponding measured variable
coincide sufficiently, the model may be reliable in the statistical sense, but
it may give the right results for the wrong reasons. This means that in
principle such a result does not say anything about the intrinsic11 goodness
of the model, another type of reliability (Petersen 2006, p. 58). It only
says something about the statistical reliability of the model, or how well
it performs within the context where it is used. If the model simulation
output and the observations are not sufficiently similar, the model is not
reliable (in the first, statistical sense).12 In that case, if the model is based
on a theory, most likely it is not a good model of the theory. However, if it is
a good model of the theory (especially when the model is isomorphic to the
theory’s formalism), either the theory or the observations are inadequate.
If in that case the observations are correct, the model provides evidence
for the falsity of the theory.13

2.4.1 Predictive uncertainty and error

A model can make predictions of variables in a system. How these predic-
tions relate to observations and the true state of the system is depicted in
Figure 2.11. This figure includes all quantitative aspects of the reliability
of a model simulation relevant for the purposes in this thesis. For a wider
typology of uncertainties, refer to Petersen (2006).

The reference value T (or truth) is represented by the green circle, and
the measured value O (or observation) by the blue circle. The dotted circles

11Realists and structural realists would say ontological, while empiricists and the like
would probably not call it that. Moreover, some anti-realists may even not consider any
other type of reliability than the statistical model performance.

12In the case of chaotic behaviour, an average of an ensemble of simulations with
small variations in the internal state or initial conditions of the model may be taken to
compare with the observations. An ensemble average cannot be taken of observations,
so the chaotic error cannot be averaged out. This error must hence be taken into account
when defining ‘sufficiently similar’.

13The latter option is unlikely. Theory falsification is characterised as “extraordinary
research” instead of “normal science” (Kuhn 1970). More likely is that the model is not
a good model of the theory.
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Figure 2.11: Accuracy, precision, residual, predictive error and predictive uncer-
tainty. The green circle represents the true value of a variable (T ), the blue circle
is the observation (O) and the red circle is the prediction (P ) by the model. The
random error of the observation is the precision and that of the model is the
predictive uncertainty. They are represented by the large dashed circles around
O and P . The distance between the observation and the truth is the accuracy.
The residual is defined by the distance from the prediction to the observation,
while the distance to the truth is called the predictive error. In (a) there is no
overlap between the domain of predictive uncertainty around P and the domain
of precision around O, which signifies that there are structural problems with the
model (as opposed to parameter or numerical errors), while there is a big overlap
in (b), hence in that case the prediction is relatively good. This figure is loosely
based on Stow et al. (2009), though the terminology is different from theirs.

around observation O and prediction P represent the typical spreads in
the measurements and simulated values, respectively. More precisely, they
represent levels of constant probability density of P and O, respectively,
such that the integrated densities outside their circles are low, say, 5 %.

The observation O should be close to T . The distance between O
and T is the accuracy of the observation. Of course, T and hence the
accuracy and the predictive error are not known. If there is no significant
systematic error in the method of measurement, the truth T lies within the
observational precision. The precision is also referred to as reproducibility
and is equal to the standard deviation of several measurements of a certain
reference sample.

A modelled value P (prediction) of a variable should be as close as
possible to the true value T as well. The smaller the difference between
P and T , the more predictive the model is. Therefore this distance is
simply called the predictive error. This error consists of structural errors,
including the errors of the underlying model structure and parameterisa-
tion. As with observations, models have a sort of random error, which is
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here referred to as predictive uncertainty. This uncertainty includes the
parameter space, numerical errors and, often, representation errors. The
latter type signifies that model variables do not correctly represent observ-
ables, because of a finite gridbox size and the fact that, as is done in this
thesis, the seasonal cycle is averaged out. In the Al and Mn models in this
thesis (Chapters 3, 4 and 6) interannual variability and chaotic behaviour
from the model’s dynamics do not occur either because the dynamics are
prescribed by a one-year climatology (Section 2.2), and the trace metal
models are linear and do not feed back to the underlying model. Further-
more, the underlying dynamical model is very viscous (because of its low
resolution). Seasonal variability and numerical errors are assumed to be
small. Hence, the predictive error mainly concerns the free range of pos-
sibilities in the choice of parameters. Those are not extensively probed in
this thesis, except for a small number of sensitivity simulations in the core
parameters of the Al and Mn model (not the underlying NEMO-Pisces
model).

To some extent the parameters are tuned such that the model better
reproduces the measurements, i.e. minimises the residual, and generally
with that the predictive error. This does not mean, however, that the
predictive error can always become zero. Firstly, if the halo around the
prediction does not include the observation, as in Figure 2.11(a), tuning of
parameters can decrease the residual only to a certain extent, i.e. it cannot
escape the original halo. For further reduction structural model changes
are needed. Secondly, the total number of degrees of freedom of the 3-D
model (even taking only the yearly average of a quasi-steady-state year)
is much higher than the number of tunable parameters. For instance, a
reduction of the residual in the Southern Ocean may result in an increase
of the residual in the Arctic Ocean.

2.4.2 Goodness of fit

The precision and accuracy of [Aldiss] and [Mndiss] are very high as shown
in Section 2.6. This means that its metrical distances are small, as depicted
by Figure 2.12. As long as the precision and accuracy are high (i.e. small
in a metrical sense) compared to the predictive error (or residual), one can
decrease the predictive error by decreasing the residual, i.e. the difference
between the prediction and the observation. This is important, since the
observations are known, while the truth is empirically inaccessible. The
goodness of fit measures the performance of a model. It is defined as
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some function of the residuals, and modellers typically try to optimise the
goodness of fit.

In Figure 2.11(a) there is no overlap between the domain of predictive
uncertainty around P and the domain of precision around O, which signifies
a wrong prediction and should correspond to a low goodness of fit, while
there is a big overlap in Figure 2.11(b), corresponding to a high goodness
of fit, hence in that case the prediction is relatively good.

P
T

O
residual

predictive error

  predictive
uncertainty

Figure 2.12: See the caption of the more general Figure 2.11, but in this figure we
illustrate how the accuracy and precision compare with the predictive uncertainty
and predictive error in this thesis. The accuracy and precision are both very high
for the observations of [Aldiss] and [Mndiss], while the predictive uncertainly and
predictive error are assumed to be much higher.

Recall our original definition of model: a structure in which at least
some sentences of a theory, hypotheses or observations are satisfied within a
sufficiently small predictive error. To define the right criterium for ‘some’
sentences being ‘sufficiently’ good, a goodness-of-fit function should be
introduced. Note, however, that such a function typically (as in what
follows) only takes into account the residual while leaving out other aspects
of uncertainty.

To compare quantitatively the model results of this thesis with the
observations, the focus is on the West Atlantic Ocean. The data points of
the Geotraces transect in that region are used. First the observations
are linearly interpolated onto the model grid, after which sensible residuals
can be defined as Pi −Oi for each i ∈ {1, ..., N}, where N are the number
of data points. The interpolation introduces a representative error that is
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now taken to be part of the residual (Figure 2.12). Then several statistics
are determined, namely the Root Mean Square Deviation (RMSD), the
Reliability Index (RI) and the correlation coefficient r. Definitions of these
statistics can be found in Stow et al. (2009). However, since there are many
more observations and grid boxes in the upper part of the ocean, more
weight would go to the upper layers of the ocean if these statistics were
to be used unadjustedly. To compensate for the inhomogeneous sample
distribution in depth, for each of these statistics adjusted versions are
defined as follows:

The RMSD is determined by

Dl =

(∑30
k=1∆zk ·

∑J
j=1(Pjk −Ojk)

2

J ·
∑30

k=1∆zk

)1/2

, (2.12)

where O is the observed and P the modelled [Aldiss] or [Mndiss], weight-
ing with model layer thickness ∆zk of layer k ∈ {1..30} for every station
j ∈ {1..J}, where J is the number of stations (60 for [Aldiss] and onshore
[Mndiss], or 55 for shipboard [Mndiss]). The l signifies the vertical weight-
ing modification of the standard RMSD with the model layer thickness
∆z (Figure 2.2). This is done to compensate for the overrepresentation
of data points near the ocean surface. Furthermore, for each sensitivity
simulation the significance of the change in the RMSD compared with the
corresponding reference simulation is calculated. This is determined by
means of a Monte Carlo simulation on the reference simulation for which a
subsample of 400 has been randomly selected from the original set of 1800
or 1650 data–model points. They are the pairs of observations and model
output, both on the model grid. This is done 50 000 times, and from this
the 2σ confidence interval is calculated (the mean ± two times the stan-
dard deviation). Suppose that we wish to simulate q, and assume q is in
steady state. Given a simulation X, for each model simulation Y resulting
in qY (x), the average RMSD of the Monte Carlo simulation of qY (x) must
be outside the 2σ confidence range of the RMSD distribution of qX(x) to
say that Y is a significant improvement or worsening compared to X.

The reliability index adjusted by weighting with the model layer thick-
ness is defined as

RIl = exp

∑30
k=1∆zk

∑J
j=1(logOjk

Pjk
)2

J ·
∑30

k=1∆zk

1/2

. (2.13)
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Finally, the adjusted correlation coefficient is defined as

rl =

∑30
k=1∆zk

∑J
j=1(Ojk −O)(Pjk − P )√(∑30

k=1∆zk
∑J

j=1(Ojk −O)2
)(∑30

k=1∆zk
∑J

j=1(Pjk − P )2
) ,

(2.14)
where the bars denote averages over all j ∈ {1..J} and k ∈ {1..30}. The
significance in changes of RIl and rl between simulations X and Y are
calculated in the same way as for Dl.14

2.5 Epilogue

Models are used to test our knowledge of the real world, and to make
predictions (e.g. future climate projections). If base assumptions about
the Earth are put into the model, the phenomena in the real world should
be present in the model simulations as well. If that is not the case, the
model or our understanding of the world is wrong. If the model shows a
high goodness of fit with observations, this suggests that our understanding
is correct. This ‘testing approach’ will be applied in Chapters 3, 4 and 6.

Instead of trying to model the real world, it is also possible to do
sensitivity simulations in which boundary conditions or internal variables
of a model are changed. The effect on the system (e.g. the change in
surface temperature or the effect of pollution on certain plants) may then
be quantified relative to the perturbation in the boundary condition or
internal variable. This is a way to find out what the most important
processes in a model are. This approach will be applied in Chapters 3
and 6, and Appendix A. If changing certain parameters has a big effect
in the model, the processes that include these parameters may be the
most important ones in the real system. These processes should be looked
at most carefully when modelling the Earth or when changing things on
our Earth.

14Often the significances will be the same for the different goodness-of-fits, but that
does not need to be in general. For instance, the RMSD is more a measure for the
absolute difference between measurements and model, while the correlation coefficient
says more about how well the simulated tracers are distributed.
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2.6 Appendix: Shipboard methods by Dr. Rob
Middag

2.6.1 Sample collection
For the determination of tracer concentrations, notably [Aldiss] and [Mndiss], sam-
ples were collected along the Geotraces Atlantic Meridional section of the
Netherlands (Figure 2.10). Sampling was done with an all-titanium ultraclean
CTD sampling system for trace metals (De Baar et al. 2008) with novel PVDF
samplers. Immediately upon recovery, the complete titanium frame with its 24
PVDF samplers was placed inside a clean room environment sampling from where
the sub-samples for trace metal analysis were collected. The water was filtered
from the PVDF samplers over a 0.2 µm filter cartridge (Sartobran-300, Sartorius)
under pressure (1.5 atm) of (inline prefiltered) nitrogen gas. Sub-samples for dis-
solved metals were taken in cleaned (Middag et al. 2009, for cleaning procedure)
LDPE sample bottles. All sample bottles were rinsed five times with the sample
seawater. Seawater samples were acidified with HCl to a concentration of 0.024 M
HCl which results in a pH of 1.7 to 1.8 with Baseline® Hydrochloric Acid (Seastar
Chemicals Inc.).

2.6.2 Analysis of dissolved Al
Analyses of dissolved Al were performed on shipboard with the improved lumo-
gallion fluorescence flow injection method of Brown and Bruland (2008), adapted
from Resing and Measures (1994). This method is a flow injection analysis, based
on the fluorescence from the reaction between lumogallion and Al. Samples were
stored in a refrigerator (4◦C) and analysed usually within 24 h after sampling
but always within 36 h. Samples were acidified 1 h before the start of a run of 10
samples with the equivalent of 2 ml 12 M ultraclean HCl (Baseline® Hydrochloric
Acid, Seastar Chemicals Inc.) per litre of sample to 0.024 M HCl which results
in a pH of ∼1.8. In the flow injection system the samples were buffered inline
to a pH of 5.5 ± 0.1 with ultraclean 2 M ammonium acetate buffer. This buffer
was produced by diluting a saturated solution of ammonium acetate crystals to
a 2 M solution with MQ (Millipore Milli-Q) deionised water R > 18.2 MΩ cm−1.
The pH was subsequently adjusted to be between 8.8 and 8.9 with ultraclean
ammonium hydroxide. The latter was produced by bubbling 0.2 µm filtered high
purity ammonia gas through MQ water.

The buffered sample was pre-concentrated during 150 s on a Toyopearl AF-
Chelate 650M (TosoHaas, Germany) column. Hereafter the column was rinsed
for 60 s with MQ water to remove interfering salts. The Al was subsequently
eluted from the column with 0.16 M HCl (Suprapure, Merck) during 180 s. The
eluate of Al in HCl entered the reaction stream which consisted of a lumogallion
(Pfaltz & Bauer) solution in 4 M ammonium acetate buffer. The 4 M buffer was
produced similar to the 2 M buffer (see above), but with the pH adjusted to be
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between 6.4 and 6.5 and the lumogallion was a 4.8 mM solution in MQ. The
mixing of the HCl and the buffer results in a reaction pH between 5.3 and 5.4 at
which an Al-Lumogallion chelate complex is formed which can be detected by its
fluorescence. The complex was mixed in a 10 m reaction coil placed in a water
bath of 50 ◦C. Hereafter a 5 % Brij-35 (Merck) solution in MQ was added to
increase the sensitivity (Resing and Measures 1994) and mixed in a 3 m length
mixing coil. Afterwards the emission of the fluorescent complex was detected on
a FIA-lab PMT-FL detector with a 510 until 580 nm emission filter and a 480
until 490 nm excitation filter. Concentrations of Al were calculated in nanomole
per litre (nM) from the peak heights of triplicate measurements.

The system was calibrated using standard additions from a 5000 nM Al stock
solution (Fluka) to filtered acidified seawater of low Al concentration that was
collected in the sampling area. A five-point calibration line (0, 3, 6, 12 and 24 nM
standard additions) and blank determination were made every day. The three
lowest points (0, 3 and 6 nM) of the calibration line were measured in triplicate
and the two highest points (12 and 24 nM) in duplicate in order to add more
weight to the lower part of the calibration line. The resulting concentration in
nM were converted to nmol kg−1. The blank was determined as the intercept of
the signals of increasing pre-concentration times (30, 60, 120 and 240 seconds)
of the calibration water and was 0.15 nM (σ = 0.035 nM; n = 57). The value
of 0.2 nM was the maximum allowed blank before starting a series of analyses.
The limit of detection, defined as three times the standard deviation of the lowest
concentration observed, was 0.05 nM. The flow injection system was cleaned every
day by rinsing with a 0.5 M HCl solution.

An internal reference sample was measured in triplicate every day. This was a
sub-sample of a 25 dm3 volume of filtered seawater that was taken at the beginning
of Leg 1 (also used during Leg 2, i.e. Iceland to the equator) and Leg 3 (Punta
Arenas, Chile, to the equator). The relative standard deviation (i.e. the precision)
of this replicate analysis seawater sample that was analysed 40 times on different
days in triplicate was 3.34 % (Leg 1 and 2) and 2.27 % for 17 analyses during
Leg 3. The relative standard deviation on single days was on average 1.3 % and the
absolute values were 6.46 and 9.83 nM for the first two legs and Leg 3, respectively.

As external comparison the samples collected on the Geotraces Intercal-
ibration Cruise (www.geotraces.org) as well as some samples from the SAFe
cruise (Johnson et al. 2007) were analysed for Al. At this station the results
listed in Table 2.2 were obtained. The dissolved Al data at the Bermuda Atlantic
Time-series Study (BATS) from the Geotraces cruises by Royal Netherlands
Institute for Sea Research (NIOZ) were checked for accuracy by comparison with
the consensus values calculated from an independent referee. This lab had re-
ceived seven reference values from the cross-sections of seven different cruises,
including the values that were determined by NIOZ. Of these cruises one refer-
ence value was removed, leaving six values. These reference values were averaged,
resulting in a consensus value, which is here considered as the true value. These

www.geotraces.org
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[Aldiss] (nmol kg−1) Consensus Middag et al.
SAFe S 1.67± 0.10 (n = 6) 1.68± 0.03 (n = 4)
Geotraces S 27.5± 0.2 (n = 6) 27.4± 0.3 (n = 12)
Geotraces D 17.7± 0.2 (n = 6) 17.5± 0.3 (n = 21)

Table 2.2: Consensus values of [Aldiss] in the SAFe and Geotraces reference
samples as of November 2011 and the according values of those determined by
NIOZ (Middag et al. in preparation).

values are listed in Table 2.2, together with the values determined by NIOZ. The
observations by NIOZ have accuracies (compared to the reference values) that are
smaller than the precisions of both the consensus and NIOZ values.

Besides the high accuracy with the consensus value, the profile at the BATS
station shows a good comparison with another cruise (Figure 2.13). The differ-
ences between the two are notable, but this is because of variability (at a timescale
of seasons or more).

Figure 2.13: [Aldiss] of NL 2010 (at the BATS station): good agreement with
US 2008. [Aldiss] data by Middag (2010) and Brown and Bruland (2008). Re-
drafted after Cutter and Bruland (2012).
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2.6.3 Analysis of dissolved Mn

Analyses of dissolved Manganese (Mn) were performed on shipboard with the
method developed by Doi et al. (2004) with some slight modifications in the
preparation and brands of the chemicals used. Furthermore, samples were buffered
in-line with an ammonium borate sample buffer (see text below). Samples were
acidified with the equivalent of 2 ml 12 M ultraclean HCl (Baseline® Hydrochloric
Acid, Seastar Chemicals Inc.) per litre of sample to 0.024 M HCl which results
in a pH of ∼1.8 at least 6 h before analysis. In the flow injection system, the
samples were buffered in-line to a pH of 8.5± 0.2 with ammonium borate sample
buffer. This buffer was produced by dissolving 30.9 g of boric acid (Suprapure,
Merck) in 1 L MQ water (Millipore Milli-Q) deionised water R > 18.2 MΩ cm−1

and adjusting the pH to 9.4 with ammonium hydroxide (Suprapure, Merck).
The buffered sample was pre-concentrated during 150 s on a Toyopearl AF-

Chelate 650M (TosoHaas, Germany) column. Hereafter the column was rinsed for
60 s with MQ water to remove interfering salts. The Mn was subsequently eluted
from the column with 0.16 M HCl (Suprapure, Merck) during 170 s. The Mn was
subsequently eluted from the column for 200 seconds with a solution of 0.1 M three
times quartz distilled formic acid (reagent grade, Merck) containing 0.1 M hydro-
gen peroxide (Suprapure, Merck) and 12 mM ammonium hydroxide (Suprapure,
Merck). The pH of this carrier solution was adjusted to 2.9 ± 0.05. The eluate
with the dissolved Mn passed a second column of immobilised 8-hydroxyquinoline
(Landing et al. 1986) to remove interfering iron ions in the carrier solution (Doi
et al. 2004). Hereafter the carrier mixed subsequently with 0.7 M ammonium
hydroxide (Suprapure Merck) and a luminol solution. The latter luminol solution
was made by diluting 600 µl luminol stock solution and 10 µl TETA (triethylenete-
tramine, Merck) in 1 dm3 MQ. The luminol stock solution was made by diluting
270 mg luminol (3-aminophtalhydrazide, Aldrich) and 500 mg potassium carbon-
ate in 15 ml MQ. The resulting mixture of carrier solution, ammonium hydroxide
and luminol solution had a pH of 10.2±0.05 and entered a 3 m length mixing coil
placed in a water bath of 25 ◦C. Hereafter the chemiluminescence was detected
with a Hamamatsu HC135 Photon counter. Concentrations of dissolved Mn were
calculated in nanomole per litre (nM) from the photon emission peak height of
triplicate measurements.

The system was calibrated using standard additions from a 5000 nM Mn stock
solution (Fluka) to filtered acidified seawater of low Mn concentration that was
collected in the sampling area. A five-point calibration line (0, 0.1, 0.2, 0.6 and
1.2 nM standard additions) and blank determination were made every day. The
three lowest points (0, 0.1 and 0.2 nM) of the calibration line were measured in
triplicate and the two highest points (0.6 and 1.2 nM) in duplicate in order to add
more weight to the lower part of the calibration line. The blank was determined by
measuring acidified MQ which was below the detection limit and subsequently no
blank was substracted. The limit of detection defined as three times the standard
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deviation of the lowest value observed was < 0.01 nM. The flow injection system
was rinsed every day with a 0.5 M HCl solution.

An internal reference sample was measured in triplicate every day. This was a
sub-sample of a 25 dm3 volume of filtered seawater that was taken at the beginning
of Leg 1 (also used during Leg 2, i.e. Iceland to the equator) and Leg 3 (Punta
Arenas, Chile, to the equator). The relative standard deviation (i.e. the precision)
of this replicate analysis seawater sample that was analysed 40 times on different
days in triplicate was 2.57 % (Leg 1 and 2) and 1.21 % for 17 analyses during
Leg 3. The relative standard deviation on single days was on average 1.37 %
and the absolute values were 0.45 and 0.61 nM for the first two legs and Leg 3,
respectively.

As external comparison the samples collected on the Geotraces Intercali-
bration Cruise (www.geotraces.org) as well as from the SAFe cruise (Johnson
et al. 2007) were analysed for Mn. At this station the results listed in Table 2.3
were obtained. In this case for Mn the same procedure as for Al has been done,
but with more than six samples (Table 2.3). Again, the BATS intercomparison or
cross-over station showed excellent agreement between sampling and processing
systems used by NIOZ. In this case the distributions of the measurements from
NIOZ lie within the precision of the consensus values (not denoted in Figure 2.9
– the consensus values here are determined from multiple values while a ‘true
value’ would be only one value). In other words, the accuracy is smaller than
the precision of both the consensus and NIOZ values, i.e. the reference value lies
within the bell curve of Figure 2.9.

[Mndiss] (nmol kg−1) Consensus Middag et al.
SAFe D2 0.35± 0.05 0.33± 0.01 (n = 24)
Geotraces S 1.46± 0.14 1.47± 0.03 (n = 10)
Geotraces D 0.21± 0.03 0.18± 0.01 (n = 5)

Table 2.3: The BATS intercomparison or cross-over station used by the NIOZ
(Netherlands).

Besides the good agreement with the consensus values, the measurements also
agreed well with those of an independent lab. The profiles of both laboratories
at BATS are presented in Figure 2.14. The difference between the two profiles
is significant mostly in the mixed layer. Furthermore, these Mn profiles are also
consistent with the profiles determined by Landing et al. (1995).

Figure 2.15 shows the correlation between the two methods of analysis for
the determination of [Mndiss], shipboard and laboratory measurements, by NIOZ
(courtesy of R. Middag). There is a very good agreement between the shipboard
and mass spectrometer analyses, which strongly suggests a high observational ac-
curacy. In Chapter 6 the observational data obtained from the shipboard Flow

www.geotraces.org
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Figure 2.14: [Mndiss] at the NL 2010 (Bermuda) station: good agreement be-
tween two different methods of two labs with independent primary lab standards
prepared by Rob Middag at NIOZ and Geoffrey Smith at UCSC. Samples were
analysed by Rob Middag both at sea (FIA NIOZ) and in the lab (ICPMS UCSC).

Injection Analysis (FIA) analysis is used for the comparison with the model simul-
ations.

Figure 2.15: The correlation between the two methods of analysis for the deter-
mination of [Mndiss], shipboard and laboratory mass spectrometry.
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