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SAMENVATTING IN HET NEDERLANDS
Bivalven kunnen ons iets vertellen over het klimaat van lang vervlogen tijden. Dat kan omdat
deze weekdieren hun schelp vormen in evenwicht met hun directe omgeving. De chemische
samenstelling van een schelp wordt dus bepaald door de samenstelling van het zeewater, de
temperatuur, de voedselbeschikbaarheid, ... Door de samenstelling van een schelp te
analyseren kunnen we dus de omgevingscondities achterhalen waarin die schelp werd
aangemaakt. De moeilijkheid zit hem in het ‘vertalen’ van de chemische samenstelling van
een schelp in omgevingsinformatie.
De meeste studies in dit domein zijn gefocust op het ontdekken van eenduidige één-één
relaties waarbij de bepaling van één variabele in de schelp (groeilijn; chemisch element; ...)
rechtstreeks in verband kan worden gebracht met één wel bepaalde omgevingsvariabele op
basis van de gelijkenis der seizoenale patronen voor beide variabelen. De opname van de
meeste chemische elementen blijkt echter erg complex en wordt meestal door meerdere
omgevingsvariabelen tegelijk beïnvloed. In dit werk wordt dit probleem aangepakt met een
zogenaamde multi-proxy-aanpak. Hierbij wordt één omgevingsvariabele (bv.: Temperatuur)
door een combinatie van meerdere chemische elementen (bv. Mg, Sr, Ba en Pb) beschreven.
Deze aanpak heeft het voordeel dat de variatie in één element (bv. Mg) verklaard kan
worden door de variatie in een ander element (bv. Sr) zonder dat niet noodzakelijk is de
oorzaak van de variatie ten volle te begrijpen.
In de loop van het onderzoek wordt bovendien duidelijk dat vele elementen op een nietlineaire manier worden beïnvloed door hun omgeving. Daarom wordt de multi-proxy aanpak
toegepast op verschillende types niet-lineaire modellen. In een volgende stap worden de
verschillende multi-proxy modellen (al dan niet lineair) ook dynamisch gemaakt om rekening
te houden met een eventuele vertraagde opname van chemische stoffen tijdens de vorming
van de schelp. De introductie van dynamische modellen levert uiteindelijk de beste
resultaten op. De beste temperatuursreconstructies in dit werk worden geleverd door
lineaire dynamische modellen die Mg informatie gebruiken. Dit laat toe om de gemiddelde
fout van de klassieke statische Mg-modellen te reduceren van 4.2°C tot 1.3°C.
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SUMMARY IN ENGLISH
Because bivalve shells are synthesized in equilibrium with the ambient environment, shells
may reveal past climate information. The chemical composition of a shell depends on
environmental variables such as temperature, rainfall, and food availability… the difficulty
however, is the translation of the chemical signals that are measured along a shell’s growth
axis into environmental information.
Most studies in this field try to identify one to one relationships between a chemical element
(=proxy) and an environmental parameter, based on the similarity of the two seasonal
patterns. However, the incorporation of chemical elements in a shell appears to be highly
complex and is mostly influenced by several environmental parameters simultaneously.
In this work we propose a so called multi-proxy approach. We describe the behavior of one
environmental parameter (e.g. temperature) by using a combination of chemical elements
(e.g. Mg, Sr, Ba and Pb). The main advantage of this multi-proxy approach is that
unexplained variations in one proxy (e.g. Mg) can be explained by variations in another proxy
(e.g. Sr) without fully understanding the origin of these variations.
Along this work it becomes clear that many elements show nonlinear relationships with their
environment. Therefore, in first instance, the multi-proxy approach is applied to nonlinear
models. In a second step we introduce (linear and nonlinear) dynamical multi-proxy models,
in order to deal with possible deleted proxy incorporation during the shell formation. The
introduction of dynamics results eventually in the best reconstructions. The best
temperature reconstructions are obtained using dynamical Mg models that result in
reconstructions with an average error of 1.3°C. This is considerably better than the
reconstructions obtained by classical Mg models and having average errors of 4.2°C.
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INTRODUCTION: CLIMATE CHANGE AND
THE USE OF BIVALVES FOR CLIMATE RECONSTRUCTION
1. GLOBAL TEMPERATURE CHANGE
Global temperature is a popular metric for summarizing the state of global climate. The
calculation of the global temperature is based on averaging the temperature measurements
of maximal available records (Hansen et al., 2006). The global temperature from 1850 to
2005 (shown Figure 1a) is obtained from data over land, ship-based temperature analysis
and since 1982 satellite measurements of sea surface temperature (SST). Before 1850 no
global temperature measurements are available (Folland et al., 2001; Karl & Trenberth,
2003). As a result of all this different sources of temperature data the global temperature is
calculated differently over time. Highly simplified ‘Global temperature’ can be defined as the
average temperature of all available temperature measurements over the globe, where the
error for earlier global temperature estimates increases since less measurements were
available (Folland et al., 2001)

Figure 1: a: The global temperature since the first instrumental temperature records and the
atmospheric CO2 concentration for the same period. b: Reconstructed atmospheric CO2 levels for
the last 400000 years including the dramatic increase of atmospheric CO 2 since the industrial
revolution. (Figures from: Karl & Trenberth, 2003; Rohde, 2006)
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Figure 1 shows the similarity between the increasing global temperatures since the
beginning of the measurements and the total atmospheric CO2 concentration in the same
period. This similarity is not a coincidence. Already in 1824 Joseph Fourier discovered that
the atmospheric gases might increase the earth’s surface temperature. The importance of
CO2 in this ‘greenhouse effect’ was quantified later in 1896 by Svante Arrhenius who
formulated the ‘greenhouse law’. Svante Arrhenius was the first to speculate that changes in
the levels of CO2 in the atmosphere could substantially alter the surface temperature. In his
paper he predicted a temperature rise of 8˚ to 9˚C if the CO2 concentration would increase
2.5 or 3 times (Arrhenius, 1896). An amazingly accurate prediction considering the fact that
highly complex modern climate models come to very similar conclusions more than 120
years later (IPCC: Randall et al., 2007).
The main source of global climate change are human-induced changes in atmospheric
composition mainly resulting from emissions associated with energy use, but on local and
regional scales, urbanization and land use changes have also been important in the early
1900’s (Karl & Trenberth, 2003).
The human influences on modern climate change are now large enough to exceed the
bounds of natural variability (See Figure 1 and Karl & Trenberth, 2003). Moreover, the
impact of the changing climate on human health (Patz et al., 2005), the water resources
(Arnell, 2004), food supply (Parry et al., 2004) and on the sea level (Nicholls, 2004) turns the
problem of climate change into a major socio-economic political concern. So it is of major
importance to understand what factors drive the climate processes, in order to limit the
human impacts. Therefore we need (1) accurate climate reconstructions telling us how the
climate varied in the past and (2) climate models that are able to explain which parameters
drive the climatic variations.

2. WHY THE NEED FOR CLIMATE RECONSTRUCTION ?
Climate processes are much more complex than the well known direct relationship between
greenhouse gases and temperature. Some models are able to describe a large part of the
climate variability over geological time scales, by using solar insolation as the most
important parameter (Imbrie et al., 1993; Paillard, 2001). But most modern climate models
depend on a huge number of environmental parameters (e.g. IPCC: Randall et al., 2007).
4

These models, with a high number of parameters, are more realistic and are better suited to
obtain a better understanding of recent climate processes and to resolve natural and human
induced temperature changes.
Climate models contain either a small number of environmental parameters (simple models)
or a large number of environmental parameters (complex models). These parameters are
needed to give a correct weight to the different environmental variables. To define the
parameters a model needs to be trained on environmental data (Kucera et al., 2005; von
Storch et al., 2004). However, climate models are elaborated to focus on climatic variations
over geological time scales, while the oldest instrumental temperature records date only
from around 1850. In order to reconstruct past climate these models have to rely on
temperature reconstructions based on natural climate archives.

3. HOW TO RECONSTRUCT CLIMATE
Natural archives are natural recorders of changing environmental conditions. Because the
accretion or growth rate of the natural archive is influenced by the prevailing climatic
conditions these natural archives preserve physical or chemical characteristics of the past
enabling the reconstructions of past climatic conditions. Some examples of natural climate
archives are ice cores, lake and ocean sediments, tree rings, corals and bivalve shells.
Proxies: A proxy is a measurable variable, preserved in a natural archive that records
environmental conditions. A proxy is generally associated to one environmental variable
such as e.g. temperature or precipitation. A ‘useful proxy’ is influenced by only one
environmental factor, or only slightly influenced by other environmental factors. Usually,
more several proxies can be measured in a single natural archive. Some examples of proxies
are: isotopes in ice cores (Yiou et al., 1991), the vessel diameter and vessel density in tree
discs (Verheyden et al., 2005) and the trace elemental composition of corals (Correge, 2006).
Paleo-climatology is the science dealing with the reconstruction of ancient climates.
Depending on the climate archive that is used to reconstruct climate, several sub-disciplines
exist in paleoclimatology. The sub-discipline to which the present study belongs is called
Sclerochronology.
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“Sclerochronology is the study of physical and chemical variations in the accretionary hard
tissues of organisms and the temporal context in which they formed.” (Definition from:
http://www.paleontology.uni-mainz.de/ISC2010/index.htm)
Sclerochronology is similar to dendrochronology, the study of annual rings in trees, and aims
to deduce the life history of an organism as well as to reconstruct records of environmental
and climatic change through time and space. Sclerochronology studies the growth patterns
and the chemical composition of growth increments for a variety of organisms. Some
examples of natural archives that are studied in sclerochronology are: mammal teeth and
bones, fish otoliths, corals and bivalve shells.
An illustrative example from tree rings: The width of the tree ring, the density of the vessels,
and the diameter of the vessels, are different proxies for different environmental
parameters. Tree rings are wider when conditions favor growth (yielding a light band), and
narrower when growth conditions are not optimal (yielding a dark band). When the relation
between temperature and tree ring properties is well-understood the information in the
tree record can be translated into temperature information. However the tree ring
properties are not only a result of changes in temperature, but are also influenced by
rainfall.
Most proxies are influenced by more than one environmental variable. This makes it often
difficult to translate the proxy information correctly into climatic information.

4. THE USE OF BIVALVE SHELLS
The natural archives that can be used for climate reconstruction are extremely diverse and
cover wide spatio-temporal time scales. The type of climate archive to be used depends on
(1) the resolution that is needed for the reconstruction and on (2) the type of environment
one is reconstructing. Bivalves thrive in a variety of aquatic environments and generally
record environmental conditions with a seasonal resolution.
TEMPORAL RESOLUTION

Climate archives such as ice cores and oceanic sediment cores accrete slowly and contain
climate information on decadal, centennial to millennial time scales and beyond. This is the
type of information that is needed for the construction of climate models on a geological
6

timescale. However, the information sampled in these archives is then averaged over
hundreds of years and is therefore of little use to reconstruct short time variations such as
seasonality. However, reconstructing seasonal variations is important for different reasons.
Small changes in seasonality for instance may induce abrupt climate changes (Denton et al.,
2005). Furthermore, the reconstruction of seasonality is important to understand fast
climatic variations, such as for instance El Niño events (Carre et al., 2005). From a more
practical point of view reconstructing seasonal variation can be of interest for archeological
studies (Kennett & Voorhies, 1996).
Bivalve shells represent fast-growing climate archives recording environmental information
on a seasonal time scale. Some bivalves show daily growth increments (e.g. Pecten maximus
in Barats et al., 2009); though most species grow more slowly, such that sampling of the
shell via drilling for instance, will usually correspond to a period of several weeks. Such a
temporal resolution can be of interest for archeological purposes, since bivalve shells are
frequently recovered from archeological sites. They can thus be useful for reconstructing the
local climatic conditions, giving detailed information of e.g. temperature variations on a
seasonal time scale.
E NVIRONMENT

Generally, climate archives record climate information only for the specific environment in
which they were constructed. For instance, corals typically occur in a tropical marine
environment, and therefore only record tropical marine conditions, trees can only record
terrestrial climate conditions, and so on. Bivalves are widely distributed and live in a variety
of environmental conditions: from fresh water systems to salty marine environments; from
warm tropical regions to cold polar regions. Detailed understanding of the proxy
incorporation processes in bivalves would therefore lead to the possible reconstruction of a
variety of aquatic environments.

5. BIVALVE SHELL FORMATION
To understand how environmental information can be incorporated in a bivalve shell a basic
understanding of the shell formation or biomineralization process is needed. A bivalve shell
is formed from elements subtracted out of the surrounding (sea-) water and the available
food. Typically, chemical elements are taken up through the gills, the gut, or directly by the
Chapter 1 - 7

mantle, and then transported to a calcification site at the ventral margin of the mantle
(Romeril, 1971). The cells of the calcification site have the capacity to create microenvironmental conditions in which elements reach the concentrations needed for mineral
deposition (Wilbur, 1984). This deposition, however, takes place in association with proteins,
which implicates an influence of the shell’s metabolic activity. The influence of metabolic
activity on bivalve elemental incorporation remains unclear. The metabolic control on
elements in bivalve calcite (Klein et al., 1996b) and aragonite (Gillikin et al., 2005b) are based
on the preferential transport of Ca and/or an exclusion of other elements from the
precipitating solution (Carre et al., 2006; Lorens & Bender, 1977). It is currently believed that
the carbonate is deposited in a previously deposited organic matrix by a matrix-mediated
crystal-forming process (Addadi et al., 2006). Many aspects of the biomineralization process
however are not understood, and much more research in this field is needed to fully
understand the mechanisms that drive shell formation, and to understand which factors
influence this process.

6. ENVIRONMENTAL PROXY MODELS IN BIVALVES
Many studies do describe the shell formation process with physiological or metabolic models
(e.g. Addadi et al., 2006; Carre et al., 2006; Rosenberg & Hughes, 1991). These models give
important insights in the shell formation process itself, but in general they cannot explain
the impact of different environmental parameters. Therefore, they are mostly not useful for
paleo-reconstructions.
Most environmental proxy models are based on the empirical observation that an isotopic or
a trace elemental record along the shell’s growth axis show remarkable similarities with
some environmental parameters (e.g. Kennedy et al., 1969; Surge & Walker, 2006). These
empirical environmental proxy models generally describe the proxy-environmental
relationships with linear regression models (e.g. Klein et al., 1996; Freitas et al., 2006). The
proxies that are mostly used when studying bivalves are stable isotope ratios (e.g. Epstein et
al., 1953) and trace element concentrations (e.g. Pearce & Mann, 2006) which are measured
along the growth axis of the shell. In the Sections 6.1 and 6.2 the most important proxies
used in bivalves are discussed, highlighting the most important environmental (or biological)
factors that can influence the proxy signals.
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6.1. ISOTOPE GEOCHEMISTRY
Isotopes are atoms of the same element with the same number of protons and electrons but
with a different number of neutrons, resulting in a different atomic mass. As a result of their
different atomic mass, isotopes of a same element react differently in chemical, physical and
physiological processes causing a difference in abundance between the source and the end
product. Isotopic fractionation factor is defined as α = RA / RB where R is the isotopic ratio of
respectively source (A) and end product (B). Since the fractionation factor α is usually very
small and close to one, isotopic data are usually presented as δ values. The δ value is
defined as: δA= (( RA/RStandard)- 1)*1000, where RStandard is the isotopic ratio of a standard that
is well-defined for every element.
OXYGEN ISOTOPES
Oxygen isotopes are probably the best understood temperature proxies in bivalve
sclerochronology. Epstein (1951; 1953) was the first to describe the temperature related
fractionation of oxygen isotopes in calcitic shells. In his pioneering work he showed that the
oxygen isotopic signature recorded in calcite shells could be used to reconstruct the water
temperature with an (RMSE) precision of 1˚C. However, he also observed that the isotopic
composition was not only influenced by the water temperature but also by the oxygen
isotopic ratio of the water within which the shells formed. The paleo-thermometry equation
(1) therefore requires that the δ18Oc value of the shell and the δ18Ow value of the ambient
water are known. Since the δ18Ow value of the ambient water is obviously not known for
paleo-carbonates, and given that the δ18Ow value of the ambient water is strongly influenced
by salinity1 (a difference in salinity of 1 and a corresponding change in δ18Ow can incorrectly
be interpreted as a change of 1˚C in water temperature; Faure, 1986), variations in salinity
are the main problem in the use of this equation for paleo-thermometry (Epstein et al.,
1953; Epstein et al., 1951).
(1)

1

Sanity is defined as the degree of saltiness of the water, traditionally expressed as the parts salt per
thousand parts of water (in ‰). But in 1978, oceanographers redefined salinity using the Practical Salinity
Scale (PSS) therefore in the domain of oceanography, salinity is nowadays given without units.
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The Epstein equation has been redefined based on additional experimental data (e.g.
Wanamaker et al., 2006), but a solution for the problematic sensitivity of δ18Ow to salinity is
still missing.
Also for aragonite shell material a number of paleo-thermometry equations were composed
(e.g. Carré et al., 2005; Grossman & Ku, 1986; Owen et al., 2008; Thorrold et al., 1997) Even
though the paleo-thermometry equations for aragonite shells are slightly different, the
oxygen isotopic composition for these shells mainly depends on the same two factors (1) the
water temperature and (2) the δ18Ow value of the ambient water and therefore salinity (See
equation (2): Grossman & Ku, 1986)
(2)

This means that oxygen isotopes can only be used for shells sampled at sites for which there
is knowledge about δ18Ow or salinity. In addition, it is also assumed that these parameters
remain constant over the seasons. This however, is only valid in a limited number of study
areas. To assume a constant oxygen isotopic water composition shells need to be sampled in
areas without fresh water inflow like the Peruvian coast (Carre et al., 2005). On the other
hand, some studies have used the equation to reconstruct changes in fresh water inflow at
places with a constant temperature like Antarctic shelf waters (Tada et al., 2006).
For environments with a higher variability in water temperature or fresh water inflow other
methods are used to avoid the problem of salinity sensitivity in equation (1). For example
Gillikin et al. (2009) assumed that the growth stop of a bivalve occurs at fixed temperature
such that δ18Ow could be calculated from δ18Oc around the growth stop. Also, Mg/Ca profiles
are used to estimate the temperature variations and then combined with δ 18Oc
measurements to reconstruct fresh water fluxes. Although this last approach is often used
for corals (e.g. Watanabe et al., 2001) and foraminifera (e.g. Mashiotta et al., 1999), the use
of Mg as a temperature proxy in bivalves has not been fully understood (see section 5.2.
Trace elemental ratios).
With the exception of its salinity sensitivity, δ18Oc appears to be a proxy that is not much
influenced by environmental or physiological parameters. However, some studies report
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that the δ18Oc of biogenic carbonates can be influenced by shell growth rate (Owen et al.,
2002) and pH (McCrea, 1950; Zeebe & Wolf-Gladrow, 2001; Gazeau et al., 2007).
In conclusion, oxygen isotopes are generally accepted as the most reliable paleothermometers for bivalve shells. The sensitivity of oxygen isotopes to salinity, however, still
constitutes a major problem for all temperature reconstructions. A proxy or model which is
robust (=less sensitive) to salinity may improve paleo-temperature reconstructions.
STABLE CARBON ISOTOPES
The stable carbon isotope composition of bivalve shells (δ13Cc) living in estuaries has been
suggested as a potential salinity proxy for two reasons: (1) the δ13C in the shell is known to
originate at least partly from the dissolved inorganic carbon (DIC) of seawater (Gillikin et al.,
2006; Owen et al., 2008; Surge et al., 2001), and (2) in estuaries with short residence times,
the stable carbon isotope composition of dissolved inorganic carbon (δ13CDIC) is well
correlated with salinity (Fry, 2002; Gillikin et al., 2006).
However, several studies show that

12

C-enriched CO2 metabolic carbon, derived from food,

is also incorporated in the shell, which complicates the interpretation of the δ13Cc signal in
the shell. Moreover, the estimated percentage of metabolic carbon integrated into the shell
appears to be strongly influenced by the animal’s variable metabolic activity and is species
specific. In some species, strong decreases (up to 40% metabolic carbon) in δ13Cc have been
noted (Gillikin et al., 2009; Gillikin et al., 2007), whereas in others almost no decrease (close
10% metabolic carbon) was observed (Gillikin et al., 2006; Lorrain et al., 2004;
McConnaughey et al., 1997; Poulain et al., 2010). In addition to being species specific, the
amount of metabolic carbon in a shell often varies during the life span of an animal. It has
been observed that the amount of metabolic carbon increased in older specimens (Lorrain et
al., 2004; McConnaughey & Gillikin, 2008; Kennedy et al., 2001). Moreover, Versteegh
observed unusual shifts in the δ13C signature of the shell for some of the adult specimens
possibly due to reproduction, hatching and brooding (Versteegh, 2009).
For the open sea, where dissolved inorganic carbon (DIC) variations due to freshwater inflow
are less important the δ13C signature of a shell has been proposed as a proxy for upwelling
intensity, since DIC in upwelled waters are

13

C depleted (Ferguson et al., 2010; Jones &

Allmon, 1995; Killingley & Berger, 1979). However, the problem of the metabolic carbon is
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likely to also affect the interpretation of this potential upwelling proxy (McConnaughey &
Gillikin, 2008).
Although, the δ13C composition has also been shown to be influenced by the water
temperature respectively in organic and inorganic carbonate (Bemis et al., 2000; Romanek et
al., 1992) and by primary production in bivalve shells (Schöne et al., 2006), several studies
report δ13C profiles that do not show any seasonal signal (Elliot et al., 2009; Khim et al.,
2000). δ13C profiles showing no seasonal variability may indicate that the δ13C incorporation
is barely affected by seasonal variations (in δ13CDIC, upwelling intensity, temperature or
primary production), though they are more likely explained by the possibility that δ13CDIC
itself varied little with season.
A final important remark is that the δ13C composition of DIC in surface waters is decreasing
over the last 80 years due to the uptake of

13

C depleted atmospheric CO2 from fossil fuel

burning. The change in δ13C, known as the Sues effect, can clearly be observed in the δ13C
composition of bivalve shells (Butler et al., 2009b), in sclerosponges (Lazareth et al., 2000;
Sonnerup et al., 2000; Swart et al., 2002; Swart et al., 2010), in corals (Swart et al., 2010;
Swart et al., 2005) and in sediments (Cage & Austin, 2010)
In conclusion, the carbon isotopic composition is influenced by the δ13CDIC of the ambient
water, but metabolic activity may affect the signal. Since δ13CDIC varies with salinity and is
due to upwelling events the δ13CC measured in bivalve shells can potentially be used to
reconstruct these parameters, but one needs to be careful not to overlook effects of other
variables such as temperature, primary production and anthropogenic activity, which also
may influence the δ13CC composition of the shell thereby complicating the interpretation of
shell δ13C records.

6.2. TRACE ELEMENTAL RATIOS
It is common practice to present trace elements in carbonate selects as an elemental ratio to
Ca, with the latter considered as an internal standard. The variations observed in the
recorded Ca-concentrations are assumed to be related to instabilities during the
measurements.

This implicates that the Ca content of the substrate is assumed

homogenous. Vander Putten (2000) showed via electron microprobe analysis of a bivalve
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shell (Mytilus edulis) that this is indeed the case, with Ca variation representing 1.4% RSD
over the entire length of the shell section. Ca can thus be used as an internal standard and
by considering elemental ratios over Ca, the data become significantly more reproducible
(Vander Putten et al., 1999; Vander Putten, 2000).
In some studies the discrimination coefficient of an element (DEl=[El/Ca]shell/[El/Ca]water) is
studied. This is done to eliminate variations in the elemental ratio’s of the shell that are
coupled to the chemical variations in the seawater. Although the use of the discrimination
coefficient can be very useful, to investigate the impact of environmental parameters (other
than water chemistry) directly on the incorporation process, it can only be used when the
water chemistry was monitored (e.g. Strasser et al., 2008), which is often not the case,
especially not on archeological shell samples.
It has been observed that some trace elemental ratio profiles in bivalve shells show
remarkable similarities with some environmental parameters, suggesting that the
incorporation of the trace elements is driven by the same environmental force. This is
highlighted below.
MG/CA RATIOS
Mg/Ca ratios in bivalves have been considered paleo-thermometers that are potentialy less
sensitive to salinity variations (Klein et el., 1996a), since (1) the Mg/Ca ratio is not influenced
by the mixing of salt and fresh water for a wide salinity range from 10 to 35 (Eisma et al.,
1976) and because (2) Mg-concentrations are positively correlated to temperature in
inorganic calcite (Mucci, 1987) and negatively correlated in inorganic aragonite (Gaetani &
Cohen, 2006). Although, several studies on Mg-incorporations in bivalves are promising and
offer paleo-temperature equations robust to salinity variations (Klein et al., 1996a; Pearce &
Mann, 2006), many other studies find a weaker or no correlation between temperature and
Mg/Ca ratios and report significant variation in the Mg/Ca ratio that is not explained by
temperature variation (Carre et al., 2006; Foster et al., 2008; Freitas et al., 2005; Pearce &
Mann, 2006; Surge & Lohmann, 2008; Vander Putten et al., 2000; Wanamaker et al., 2008).
However, it is not very clear what other factors may influence the Mg/Ca-ratios in a bivalve
shell.
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The Mg/Ca-ratios in foraminiferal calcite have been shown to be significantly influenced by
salinity (Lea et al., 1999; Nürnberg et al., 1996; Ferguson et al., 2008) and pH (Lea et al.,
1999; Russell et al., 2004). In bivalve shells a direct correlation between Mg/Ca ratios and
salinity has not been reported yet (Carre et al., 2006; Freitas et al., 2008), though
Wanamaker et al. (2008) experimentally demonstrate that the slope of the Mg-temperature
relationship is slightly different for different salinities. To our knowledge the influence of pH
on Mg/Ca ratios in bivalve shells has not been investigated yet.
The impact of the water chemistry, especially the Mg-concentration in ambient water, has
been suggested to be important factor influencing the Mg/Ca ratios in bivalve shells. (Lorens
& Bender (1980) observed that Mg/Ca ratios in calcite increased exponentially when solution
Mg/Ca ratios were raised above the normal seawater ratio. However, Vander Putten et al.
(2000) stated that the global Mg/Ca variations are not likely to be explained by variations in
seawater chemistry.
The clear species- specificity of Mg/Ca-temperature relationships (Freitas et al., 2008)
suggests that Mg-incorporation is likely to be influenced by species specific factors such as
metabolic activity, ontogenetic trends or the composition of the shell organic matrix.
An influence of metabolic activity on bivalve Mg/Ca ratios has been described by Lorens &
Bender (1977). Mg inhibits calcite precipitation at normal seawater concentration, therefore
it is posible that a higher metabolic activity induses preferential transport of Ca to, and/or an
exclusion of Mg from the precipitating solution. This theory however cannot explain the
higher Mg/Ca ratios during lower metabolic activity observed by Freitas et al. (2006).
Ontogenetic effects on shell Mg/Ca ratios have been observed in several studies (Elliot et al.,
2009; Freitas et al., 2005). Ford et al. (2010) report a strong influence of shell growth on the
Mg/Ca ratios in bivalve shells and Pearce & Mann (2006) report that shells with lower Mgconcentration were generally larger (although larger shells not always had lower Mg).
It is currently believed that Mg is often coupled to the organic matrix of the shell and that
next to temperature this is the most important factor that influences the Mg/Ca ratios in
shells. Takesue et al. (2008) reports that on average 33% of the Mg content of an aragonitic
shell is associated with organic matter. This indicates that Mg-incorporation in these shells is
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at least partly physiologically controlled, and therefore more complex than in inorganic
carbonate.

Takesue et al. (2008) observed a significant difference between the Mg-

signature in the right and the left valve of a single individual, which was attributed to the
twice larger organic matter content in that valve. Foster et al. (2008) observed that the
highest Mg/Ca ratios typically occur at the annual growth moreover he observed decreasing
Mg/Ca ratios with increasing distance from the periostracum. Foster’s results therefore
suggest that Mg is not integrated into the aragonite precipitate but is hosted by a disordered
phase e.g. organic components or nanoparticles of an inorganic phase. Moreover, element
distribution maps for Mg of aragonitic shells confirm that Mg is mainly coupled to the
organic matter (Jacob et al. 2008).
However, it is important to note that all mentioned observations (Foster et al., 2008; Jacob
et al., 2008; Takesue et al., 2008) are done on aragonitic shells and that it is likely that the
percentage Mg incorporated in the crystal structure is likely to be higher in calcitic shells
(Skinner & Jahren, 2003). Several, studies observed increasing Mg/Ca ratios with the change
of mineralogy from aragonite to calcite (e.g. Carre et al., 2006; Lorens & Bender, 1980;
Wisshak et al., 2009).
SR/CA RATIOS
Sr/Ca ratios in seawater also remain nearly constant over a broad salinity range, which
makes Sr a potential temperature proxy, independent of salinity variations (Dodd & Crisp,
1982). Moreover, Sr/Ca ratios for both aragonitic and calcitic archives have been shown to
be independent of seawater Ca and Sr concentrations (Lorens & Bender, 1980). The
percentage of Sr that is not associated with the carbonate but rather with shell organic
matter is much lower than for Mg in aragonitic shells2 (Takesue et al., 2008). Therefore Srincorporation is expected to be less influenced by physiological parameters and would
therefore be a more suitable candidate for paleo-reconstructions.
Sr/Ca ratios in corals were shown to be strongly related to SST and have been used to
reconstruct temperature with a Root Mean Square Error (RMSE) of 0.5°C (Correge, 2006).
However, Elliot et al. (2009) noticed that the partition coefficient of Sr is much lower in
2

However, note that this may be different for calcite shells since Sr is not incorporated in the calcite
crystal structure due to its bigger ionic radius. Skinner, H. & Jahren, A. (2003). Biomineralization. In
Treatise on Geochemistry (ed. by F. Holland & K.K. Turekian), Vol. 8, pp. 117-184. Elsevier, New York..
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bivalves, compared to corals suggesting a more important biological control. Sr/Ca ratios in
bivalves show clear seasonal patterns, which were shown to correlate with temperature (e.g.
Fuge et al., 1993; Richardson et al., 2004). Experimental laboratory work resulted in a paleothermometry equation with a RMSE of 2.8°C for a salinity range of 23‰ to 32‰, though a
weak salinity effect on the slope of the regression was observed (Wanamaker et al., 2008).
However, in several other studies Sr/Ca ratios did not correlate with temperature (e.g.
Foster et al., 2009; Freitas et al., 2005) and several authors report that factors other than
temperature do influence the biomineralization of Sr (Freitas et al., 2006; Gillikin et al., 2005;
Lorrain et al., 2005).
The Sr/Ca ratio in bivalve shells has been reported to be influenced by the metabolic activity
and growth rate (Carre et al., 2006; Freitas et al., 2005; Gillikin et al., 2005). Daily shell
surface area increment, an estimation of the quantity of carbonate precipitated over a given
period of time, clearly correlates with the Sr/Ca ratios (Carre et al., 2006). This proves that
shell Sr/Ca partitioning is coupled to kinetic effects (Lorrain et al., 2005). Carre at al. (2006)
proposed a new calcification model, where the Sr/Ca shell ratios are determined by Ca 2+channel selectivity against Sr2+, which depends (1) on the electrochemical potential imposed
by the crystallization process and (2) on the Ca2+-channel density per surface unit on mantle
epithelia.
However, growth rate, kinetic effects and temperature together can still not explain all
variations of the Sr/Ca ratios in the shell and several recent studies claim that the effect of
the shell growth has been overestimated. Foster et al. (2009) argue that the Sr/Ca ratio
variations between parallel transects in the same annual growth bands are too large to be
driven by non-biological factors. Moreover, Elliot et al. (2009) observed that differences in
Sr/Ca ratios between shell layers having very different growth rates were small and conclude
that it is unlikely that growth rate effects play a major role.
In some studies the Sr/Ca ratios appear to correlate with δ13C, suggesting that both proxies
are influenced by the same metabolic parameter(s) (Freitas et al., 2005; Klein et al., 1996b).
However, between the latter studies the regressions between these proxies are inversed...
Furthermore, other studies do not report a correlation between Sr/Ca and δ 13C (Elliot et al.,
2009). This suggests that the incorporation mechanisms of Sr are species specific, and
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therefore biologically driven (Stecher et al., 1996). Therefore, Sr/Ca profiles appear to reflect
a combination of biological and environmental controls that will need to be disentangled
before using these proxies in paleo-climatic studies. Moreover, the Sr/Ca signature and the
importance of each forcing factor is probably species specific.
BA/CA
According to several studies Ba/Ca profiles in bivalve shells are more reproducible than
Mg/Ca and Sr/Ca profiles between shells grown at the same site, suggesting a lower
biological but a higher environmental forcing (Elliot et al., 2009; Thebault et al., 2009a).
Moreover, Takesue et al., (2008) demonstrated that Ba is not bound to bivalve shell organic
matter what makes the Ba/Ca ratio a more suitable candidate for paleo-reconstructions.
Strasser et al. (2008) experimentally demonstrated that he partition coefficient of Ba in
larval and juvenile bivalve shells was negatively correlated with temperature and not
correlated with salinity. The same observation was done for statoliths (Zumholz et al., 2007)
and gastropod-shells (Zacherl et al., 2003).
Ba/Ca profiles in bivalve shells are generally characterized by a similar seasonal pattern:
sharp spring Ba/Ca-peaks and relatively constant background Ba/Ca-concentrations during
the rest of the year (Barats et al., 2009; Vander Putten et al., 2000). It has been suggested
that a different environmental driver is responsible for the Ba/Ca-peaks and for the Ba/Cabackground (Gillikin et al., 2006a). On the other hand, Elliot et al. (2009) observed that
Ba/Ca-peak ratios and Ba/Ca-background ratios are both associated with Chlorophyll
concentrations when two different regressions are proposed.
In most studies the peaks in Ba/Ca profiles have been suggested to be related to two
environmental parameters: (1) to seasonal change in primary production and phytoplankton
blooms (Pearce & Mann, 2006; Stecher et al., 1996; Vander Putten et al., 2000), and (2) to
increased riverine discharge events (Lazareth et al., 2003; Pearce & Mann, 2006; Carroll et
al., 2009). Also interesting is that several studies (e.g. Pearce & Mann, 2006; Stecher et al.,
1996) observed that Ba-peaks often coincide with Sr/Ca maxima. Since bloom events, and
therefore high food availability, can influence the animal’s physiology (Versteegh, 2009) it is
not surprising that Ba/Ca ratios have been shown to be slightly correlated with shell growth
(Carre et al., 2006; Gillikin et al., 2008).
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However, it is clear that the relation between the Ba/Ca peaks and bloom events is not
straightforward. Although some studies observed a direct relationship between the
amplitude of the plankton blooms and the amplitude of the Ba/Ca peaks (Elliot et al., 2009),
many other studies questioned this idea (Barats et al., 2009; Gillikin et al., 2008; Lazareth et
al., 2003). Moreover, it has been observed that well dated Ba-peaks occur approximately 7
to 40 days after the demise of a plankton bloom (Gillikin et al., 2008; Thebault et al., 2009a).
Therefore other environmental drivers have been proposed, such as pulses of increased
dissolved Ba or barite formation after the plankton blooms, and also changes in Ba
partitioning due to biological events e.g. spawning (Gillikin et al., 2006a). Among these
hypotheses the most probable cause for the Ba/Ca-peaks is ingestion of barite particles (Fritz
et al., 1990). The difference between the amplitude of the peak of Ba/Ca in the shells and
the amplitude of the Chlorophyll-a peak would then be explained by differences in the
species composition of the plankton bloom (Thebault et al., 2009a). A plankton bloom with a
high proportion of diatoms would result in more barite formation since aggregates
consisting of diatom skeletons represent appropriate micro-environments for barite
formation (Bishop, 1988; Dehairs et al., 1980). Plankton blooms with a low proportion of
diatoms would not yield Ba/Ca-peaks but only low Ba/Ca-ratios in the shell (Thebault et al.,
2009a).
Gillikin et al., (2006a) demonstrated that the background of the Ba/Ca profile in Mytilus
edulis of the Scheldt Estuary is related to variations in Ba/Ca ratios in the ambient water.
Since Ba/Ca ratios in estuaries are generally negatively correlated to salinity (Gillikin et al.,
2006a) the Ba-background concentrations are a potentially useful proxy for paleo-salinity
reconstructions.
MO/CA RATIOS
Not many studies report on Mo/Ca ratios in Bivalve shells. However, as for Ba/Ca, Mo/Ca
profiles in bivalve shells appear very reproducible between specimens sampled in the same
environment (Barats et al., 2010; Thebault et al., 2009a). Mo/Ca profiles are also
characterized by seasonal Mo/Ca-peaks and a relatively constant Mo/Ca-background,
although the Mo/Ca-background seems to increase during the lifespan of the animal.
Moreover Mo/Ca-peaks occur synchronous to Ba/Ca-peaks, albeit with different amplitude.
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The similarity between Ba/Ca profiles and Mo/Ca profiles suggests a similar environmental
driver. Thibault et al. (2009a) suggests that the Mo/Ca ratio could be used as a proxy for
nitrate uptake by phytoplankton, Mo being required for the activity of the nitrate reductase
enzyme.
MN/CA RATIOS
Most studies dealing with Mn/Ca ratios in shell carbonate relate Mn/Ca ratios to variations
in Mn2+ concentrations in the ambient water and riverine input (Barats et al., 2008; Freitas et
al., 2006; Jeffree et al., 1995, Caroll et al., 2009). Some other studies have linked Mn/Ca
ratios to plankton blooms (Lazareth et al., 2003; Owen et al., 2002; Vander Putten et al.,
2000). Since these two environmental parameters are coupled: (1) -Mn2+ is delivered to the
ocean by riverine input, and (2) an increased riverine input often induces blooming events,
Mn/Ca ratios are potential proxies for both environmental parameters. However, it has also
been observed that 78% of bivalve shell Mn is linked to the organic matter, suggesting a
strong physiological influence during Mn incorporation (Jacob et al., 2008; Takesue et al.,
2008). Moreover, Carre et al., (2006) observed a weak correlation between Mn/Ca ratios and
shell growth.
LI/CA RATIOS
Li/Ca ratios have recently been proposed as a potential temperature proxy based on a weak
inverse exponential relationship observed during growth experiments under controlled
conditions (Clarke et al., 2009a). Field observations as well have revealed a weak correlation
between Li/Ca ratios in bivalve shells and temperature (Thebault et al., 2009b). Li/Ca ratios
were shown to co-vary significantly with micro growth increment width and also with river
discharge, indicating that the interpretation of seasonal Li/Ca patterns is not straightforward
(Thebault et al., 2009b).
PB/CA RATIOS
Pb/Ca ratios recorded in corals (Shen & Boyle, 1987), sclerosponges (Lazareth et al., 2000;
Swart et al., 2002) and bivalves (Gillikin et al., 2005a) show a similar trend with a clearly
higher Pb/Ca ratio measured in the early seventies. Moreover, several studies showed that
the Pb/Ca peaks recorded in bivalve shells can be coupled to pollution events (Price &
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Pearce, 1997; Raith et al., 1996; Richardson, 2001). Therefore Pb/Ca ratios are mostly
associated with pollution and anthropogenic activity.
However, on a smaller time scale, Pb/Ca ratios measured along the growth axis of a bivalve
shell exhibit clear seasonal cycles (Pearce & Mann, 2006; Vander Putten et al., 2000). Even
though it was experimentaly demonstrated that the partition coefficient of Pb in shells of
juvenile bivalves (Strasser et al., 2008), and in adult bivalve soft tissues (Mubiana & Blust,
2007) is strongly correlated with temperature, a temperature driven seasonal effect is
unlikely since Pearce & Mann (2006) report Pb/Ca maxima to occur in winter, while Vander
Putten et al. (2000) observed these for summer. Therefore, Pearce & Mann (2006) proposed
that the Pb/Ca variations in the shells may reflect the dilution of Pb in the ambient water
due to higher rainfall in winter. However, the shell Pb/Ca paterns observed by Vander Putten
et al., (2000) are anti-correlated to Pb variations in the water. It is however remarkable that
the two mentioned studies observed maximal Pb/Ca variations near the annual growth stop
of the shells (in the winter for Vander Putten et al. (2000) and in the summer for Pearce &
Mann (2006)). This may imply some relation between shell growth and Pb concentrations,
even though, to our knowledge, this hypothesis is not confirmed in literature.
In many studies Pb/Ca ratios in bivalves show a clear ontogenetic trend (Price & Pearce,
1997; Raith et al., 1996; Richardson, 2001).

Hirao et al. (1994) suggested that the

mechanism for exclusion of lead becomes more efficient with age and Dick et al., (2007)
related the strong decrease of element accretion with time, to the animal’s respiration mass.
This ‘respiration mass’ relates to the animal’s body mass, growth and animal size at a given
age (See Dick et al., 2007 for a detailed definition).

7. PROBLEMS IN BIVALVE SCLEROCHRONOLOGY
7.1. INTERFERING ENVIRONMENTAL PARAMETERS
As shown in the previous section, none of the proxies that are currently used in bivalve
sclerochronology are unambiguously driven by only one environmental factor. The influence
of additional environmental forcers is often large, rendering the environmental
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interpretation of a chemical signature highly complex and in some cases impossible.
Moreover, the incorporation of most of the proxies is disturbed by vital effects like
‘metabolic effects’, ‘ontogenetitic trends’ and ‘kinetic effects’…
Both additional environmental forcers and vital effects complicate the interpretation of a
proxy signal. To deal with this problem, two workings strategies are usually applied: (1) keep
on looking for new proxies that are not or poorly influenced by more than one forcer (e.g.
Hippler et al., 2009), or (2) combining two or more proxies that are influenced by the same
environmental factors to resolve the ‘disturbing variation’ (see Section 8).

7.2. SHELL GROWTH AND THE UNKNOWN TIME BASIS
A second important problem in bivalve sclerochronology is the fact that shell growth
patterns are often unknown. This implies that it is difficult to transform measurements made
on a distance scale (e.g. the growth axis of a shell) to the timescale. This step, however, is
essential to understand the relation between proxies and environmental parameters, and
errors in the time basis can result in a wrong representation of proxy incorporation.
The most objective methods are probably based on shell monitoring, by measuring the shell
length regularly (e.g. Hippler et al., 2009) or by marking the shells at regular intervals with
calcein (e.g. Mouchi, 2010). These methods, however, require intensive monitoring and may
stress the bivalves thereby biasing the investigated proxy-environmental relationship.
Therefore, other methods have been proposed: it is possible to couple the proxy
measurements to the environmental measurements relying on the similarity between both
patterns. A review of the different methods developed to reconstruct the time basis is
presented in de Brauwere et al. (2008). For all these methods, however, the user needs an
initial assumption of the proxy-environment relationship (e.g. the relationship is linear, or
the signal is periodic…). These assumptions are also biasing the results, meaning that no
objective conclusions can be made.
The final option then to avoid the problem of growth variability is to use bivalve species with
a well known shell growth pattern and clear growth increments (annual, monthly,
fortnightly, tidal, daily, or sub-daily). By doing so, the proxy measurements can be coupled to
the environmental data by counting the growth increments. Unfortunately, bivalve species
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with well known growth patterns are scarce. Two examples are Pexten maximus with daily
growth increments (Barats et al., 2009) and Artica islandica with its yearly and fortnightly
growth increments (Schöne et al., 2005).

7.3. TIME AVERAGING
To measure a chemical signal in accreting substrates, samples of a certain volume need to be
taken along a growth axis. This yields a number of discrete points all representing the
average concentration for a variable time window of a continuous signal. When the sampled
volume is small compared to spatial variations in the continuous signal, the effect of
averaging is small. However, if the accretion rate is slow, the averaging effect may become
considerable. As a result, an amplitude loss is observed in the proxy-signal of fast varying
signals, what can incorrectly be interpreted to reflect changing environmental conditions.
Such averaging effects have been described by Goodwin et al. (2004) and have been
observed in various bivalve proxy signals (Kennedy et al., 2001; Kingston et al., 2008). In the
work of Beelaerts (2011) several methods are described to correct for averaging errors: A
non-parametric correction of averaging errors based on the Fourier transform is described in
Beelaerts et al. (2009), though this method does not provide a time axis. In Beelaerts et al.
(2010) a parametric method, based on the estimation of a harmonic signal model, is
described which tackles both problems simultaneously: the estimation of a time axis and
correction of averaging errors.

7.4. DIAGENESIS
Another concern in bivalve sclerochronology are the changes in bivalve shell composition
due to diagenesis what impedes the use of these shells for paleo-reconstructions. Diagenesis
is defined as all chemical, physical, or biological change undergone by sediment or crystalline
structures after its initial deposition or formation. Diagenetic changes have been observed in
both isotopic and trace elemental proxy signals.
For biogenic carbonates for instance, Mn/Ca and Fe/Ca ratios have been reported to be
larger, where Sr/Ca ratios are lower in archaeological biogenic carbonates than in modern
biogenic carbonates. These changes, mostly resulting from reduced conditions in the
environment (Spencer et al., 2003) are frequently observed and therefore the usefulness of
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trace elements for climate reconstruction has been questioned (Elorza & García-Garmilla,
1996; Jimenez-Berrocoso et al., 2004; McGregor & Gagan, 2003).
The problem of diagenesis remains an important issue in sclerochronology. In theory
diagenesis can be considered as an extra factor that may influence the proxy signal, the only
difference is that this factor is not active during the proxy incorporation but a long time after
it. Therefore, resolving the problem of diagenetic changes is exactly the same as resolving
the problem of interrelating environmental forces and the same two working strategies can
be proposed: (1) keep on looking for proxies that are not sensitive to diagenetic changes or
(2) combining proxies in a multi-proxy model to resolve the variations due to diagenesis.

8. THE MULTI-PROXY IDEA
The present work is dealing with the complexity of interpreting proxy records due to the
occurrence of unexpected signal variation. Since all potential proxies suffer from undesired
forcers (vital or environmental) who influence the proxy signal, the interpretation of a proxy
signal is potentially biased.
To deal with this problem it has been proposed to develop multi-proxy approaches (Gentry
et al., 2009; Schöne et al., 2006; Klein et al., 1996a). The main idea behind these multi-proxy
approaches is that the combination of proxy records measured in one organism (or natural
achieve) can help to explain the variation induced by undesired forcers. This condition would
exist when different proxies were disturbed by the same environmental factors. Generally
these approaches combine a limited number of proxies (mostly two) and the combination of
the proxies based on their complimentary. Generally, a two step method is applied with the
variation in a ‘disturbing forcer’ being reconstructed using one proxy, and then eliminated
for the other proxy. For example in corrals the combination of Sr/Ca-ratios and δ18O
measurements is often used to reconstruct the δ18O variations in the water coupled to
salinity variations (e.g. Gagan et al., 1998; McCulloch et al., 1994; Quinn & Sampson, 2002).
Also in foraminifera Mg/Ca-ratios and δ18O measurements are often combined for the same
purpose (Billups & Schrag, 2002; Elderfield & Ganssen, 2000)
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On the other hand, many paleo-climatology studies combine proxy records obtained from
different natural achieves to obtain more reliable environmental reconstructions (e.g. Cook
et al., 2002; Loubere, 1999; Neukom et al., 2010). The main idea behind these multi-proxy
approaches is to reduce the noise on the predictions by increasing the number of data points
(Mann, 2004). Generally, for these studies the quality and the quantity of the proxies are of
greater weight than their complimentarily.
In the present work we will develop a variety of multi-proxy models all based on a
combination of several proxy records obtained from one environmental archive. Since the
complimentary between the studied proxies is less obvious, the multi-proxy approaches
presented here can be seen as a hybrid approach that combines the philosophy of the two
most important types of multi-proxy models.
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9. THESIS OUTLINE
In Chapter 1 static linear multiple regression methods are used on three independent
datasets to demonstrate the power of multi-proxy approaches. However, one of the
datasets makes clear that proxy environmental relationships are sometimes substantially
nonlinear and therefore cannot be modeled using the classical linear regression methods.
In Chapter 2 the nonlinearity problem is tackled by comparing the static linear regression
methods with three static nonlinear regression methods to describe the relationship
between four trace elemental ratios and temperature.
In Chapter 3 the impact of the proxy combination on these static linear and nonlinear
models is further investigated. The paleo-thermometry capacity of four trace elements is
evaluated, by comparing the reconstruction performance of models based on different proxy
combinations.
In Chapter 4 dynamical effects are introduced to linear and nonlinear models. An artificial
memory is created by multiplying the data, resulting in significantly better model
performances.
In Chapter 5 four pre-processing parameters (i.e. normalizing the data or not, the
composition of a training set, the proxy combination and the best number of data shifts) are
optimized in parallel for the four methods presented in Chapter 2. This gives some insights
into the importance of every pre-processing step.
In Chapter 6 the best methods obtained in Chapter 5 (linear dynamical Mg models) are
applied to a number of new datasets. The datasets have been selected to investigate how
generic the models are. It was investigated if the models can be extrapolated: to proxy data
obtained with different analytical measuring methods, to shells sampled in another
geographical environment, to shells of different species (with a different mineralogical
structure) and/or to archeological shells.
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Finally in the chapters ‘Conclusion’ and ‘Future prospects’ the conclusions that can be made
from the work are formulated, highlighting the current problems and possible solution(s) in
the fields of the system identification and sclerochronology.
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CHAPTER 1:
STATIC LINEAR MULTI-PROXY MODELS
THE POWER OF UNION
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CHAPTER 1:
STATIC LINEAR MULTI-PROXY MODELS
1. INTRODUCTION
The literature in the sclerochronology domain clearly highlights one important problem: all
potential proxies suffer from undesired forcers (vital or environmental) that influence the
proxy signal, so that the interpretation of a proxy signal is potentially biased. To deal with
this problem it has been proposed to develop multi-proxy approaches (Gentry et al., 2009;
Schöne et al., 2006).
Although there is a clear need for multi-proxy approaches, the number of studies that
effectively use more than one proxy for a reconstruction is quite limited. While Klein et al.
(1996a) and Schöne et al. (2005) use two proxies, one of these is used as a secondary proxy
to confirm a signal already revealed by a primary proxy. In Gentry et al. (2009) an approach
is presented in which the influence of salinity on δ18Ocarbonate is eliminated by doing an initial
guess of the δ18Owater using information from a secondary proxy. Freitas et al. (2006)
demonstrate that a linear multiple regression analysis using Sr and Mg significantly improves
temperature estimates.
However, we are not aware of publications describing multi-proxy models in which one
environmental parameter is described by a combination of several proxies.
This chapter will demonstrate the utility of combining proxies. The chapter is structured as
follows: In Section 2 the two theoretical arguments to use multi-proxy models are discussed
and illustrated using simulated data. In Section 3 three published datasets with multiple
proxies are presented. In Section 4 the multiple regression methods, used to reanalyze the
data are presented. The results are presented in Session 5. Section 6 contains a discussion
and cross validation of the obtained models. Finally the chapter ends with conclusions.

Chapter 1 - 29

2. WHY MULTI-PROXY MODELS: A THEORETICAL BACKGROUND
Two reasons can be put forward for promoting the use of multi- proxy models. The first one
is purely algebraic and indicates that in case the incorporation of a proxy is influenced by
several environmental forcers, the later can only be described by a combination of proxies.
The second reason is statistical and states that the uncertainty about a measurement is
lower when more measurements are properly combined giving a well selected weight to the
different measurements.

2.1. EXPLAINING INTERFERING FORCERS
The incorporation of proxies (trace elements or isotopes) is complex and mostly influenced
by more than one forcer (see also introduction). Moreover, not all the different forcers are
defined, which complicates the interpretation of a proxy signal even more. For most
potential proxies, a (weak) correlation between the proxy and an environmental parameter
indicates that the incorporation is (at least partly) forced by that parameter. It is reasonable
to assume that a combination of several forcers contributes to the final concentration of the
proxy in an archive (e.g. a bivalve shell). Identifying which forcer contributes how much to
the final proxy concentration would yield insight in the biomineralization processes.
However, decades of research combining in vitro growth experiments and field monitoring,
would be needed to reach such insight.
Equation (1) shows that algebraically it is possible to identify the contribution of the defend
forcers by the identification of multi-proxy equations for different environmental
parameters. In the first set of equations the incorporation of every proxy is described by a
number of environmental forcers (e.g. Temperature, Salinity, Chlorophyll concentration,
etc.) as assumed in the previous paragraph. Though this set of equations (1) includes only
environmental parameters it is clear that other, organism-related parameters such as shell
growth, spawning events and metabolic activity may be included as well. Such multi-proxy
equations would resolve part of the ‘vital effect’ commonly invoked to explain chemical
responses that are not understood.
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(1)

Solving the set of equations for the environmental parameters involves a new set of
equations in which all environmental parameters are described by multi-proxy equations.
These multi-proxy equations indicate that all proxies add some information to a final
environmental equation.
The second set of equations is of course less valuable from a physiological point of view, but
the equations can be used as paleo-environmental equation once the parameters α, β, γ and
D are well determinate.
Although it is algebraically possible to reverse such multiple regression equations, when
there are as many proxies as environmental parameters this would induce large errors on
the estimated parameters: when two or more proxies correlate (which is likely since they
are forced by the same environmental variables) multicollinearety can cause problems in
estimating the contributions of individual predictors. The regression coefficients’ (α, β, γ)
confidence intervals will be very wide and may vary dramatically with the addition or
exclusion of just one proxy. If this is the case, removing any highly correlated proxies from
the model will greatly affect the estimated coefficients. Multicollinearety will increase the
variances of the parameter estimates, which may lead to enormous errors when the
equators are reversed. It is therefore important to realize that good paleo-environmental
equations do not necessarily lead to a correct physiological interpretation. Therefore the
multi-proxy models obtained in this paper are never reversed to obtain a mechanistic
understanding in the proxy incorporation.

2.2. THE STRONG LAW OF LARGE NUMBERS
When proxies are not correlated (e.g. when the origin of the unexplained variation for each
proxy is different) a second, statistical motivation to use multi-proxy models can be put
forward: intuitively it appears logical that additional independent measurements decrease
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the uncertainty concerning measurements.

For example when a temperature

reconstruction is based on the average of ten δ18O measurements, it will be more accurate
than when a reconstruction is based on only one δ18O measurement. However, it is often
difficult to measure more δ18O samples in one growth increment of a shell. It would
therefore be interesting to gain this accuracy using a second proxy that can be measured in
parallel. In Figure 1a proxy data are simulated. Two proxies (A and B) represent potential
temperature proxies, both resulting in temperature reconstructions with a Root Mean
Squared Error (RMSE) of 1˚C. The noise on the two proxies is independent, which means that
no other common forcers (e.g. salinity, growth) have influenced the proxy values. Figure 1b
demonstrates how the RMSE decreases when the two proxies are combined into a two
proxy model. The decreasing RMSE is illustrated in Figure 1c:

Figure 1: Simulated data illustrated how the RMSE decreases when the number of proxies in a
multi-proxy model increases. a.: Two simulated datasets represent a linear proxy-temperature
relationship with a RMSE of 1˚C. b.: By combining the information of the two proxies into a linear
two-proxy equation the RMSE decreases to 0.78˚C. c.: By increasing the number of proxies the
RMSE deceases with a factor
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In this simulation two assumptions are made that are not appropriate for real proxy data:
firstly it is assumed that all proxies have the same RMSE and secondly the noise on the
measurements is assumed to be independent.
For real proxy data, however, all proxies will have a different initial RMSE what complicates
the equation given in figure 1 and makes it more difficult to predict the RMSE of a
combination of more proxies. However, in Figure 2 it is shown that the RMSE of a multiproxy equation will never be larger than the lowest RMSE of the corresponding one-proxy
equation(s) when a well selected identification method is used that includes the noise
information on the proxy. Therefore, under the assumption that all proxies contain some
temperature information and that the proxies are not correlated, a multi-proxy equation will
result in more accurate temperature reconstructions.
However, it is important to note that this statement is only true when a correct weight is
given to the different proxies, and when the RMSEs are calculated on the same data on
which the models have been trained. For most methods (inclusive the linear regression
method used in this Chapter) a correct weight is given to the different proxies. But, RMSEs
are often not calculated on the same data as the data on which the models are trained since
it is will more objective not calculate the RMSEs on independent validation data. With
independent validation data the decreasing RMSEs are not guaranteed unless the statistical
properties of the training data are exactly the same as these of the validation set.
As discussed in the previous section ‘2.1 Explaining interfering forcers’, it is expected that a
significant part of proxy variation on the proxy measurements can be explained by common
environmental forces. This means that measurements won’t vary randomly around the
expected value, as the data in this simulation (Figure 1), but the variations will be pulled in a
given direction for all proxies. As a result, real proxy measurements will often be correlated.
Note that it is possible to compute a multi-proxy equation for correlated proxy data, but
then these correlations need to be taken in account. Multicollinearety, will not adversely
affect the regression equation (Graham, 2003), and the RMSE will still decrease. For a strong
multicollinearety between two or more proxies the decrease in RMSE won’t be as high as
presented in Figure 2. When to predictor variables (the proxies) correlate there is no unique
solution for the regression coefficients. The regression method will look for the solution that
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results in the best predictions, but this solution is not physically meaningful. If the purpose is
only to predict the dependent variable (e.g. temperature) from a set of predictor variables
(the proxies) the predictions of the regression will be accurate. The goodness of fit and the
goodness of prediction won’t be affected. But note that inversing a paleo-environmental
equation, in order to get an insight in the proxy incorporation processes, would induce major
errors in the parameters and is not recommended.

RMSE Proxy A and B

4
3
2
1

0
5.5
5.5
2.5
RMSE Proxy B

2.5
0.5

0.5

RMSE Proxy A

Figure 2: When a well selected identification method is used (here Linear Multiple Regression)
the RMSE of a two-proxy model is lower than the than the RMSE of the best Proxy.

2.3. CONCLUSION
The benefit of combining proxies is twofold: (1) on the one hand the combination of proxies
can explain previously unexplained variations (Section 2.1) and (2) on the other use of
several proxies will add information about the studied environmental parameter, so that the
final reconstruction will be more accurate (Section 2.2). In most cases both these factors will
play, and the difficulty will be to detect to what extend both factors influence the final
result.
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3. THREE MULTI-PROXY DATASETS
Most sclerochronologists measure more than one element or isotope at the time, however
in most papers only one proxy is discussed at the time. This means that, even if most
sclerochronological data are originally multi-proxy data, the data are seldom analyzed as
such. As a result no multi-proxy equations have been published. In this chapter we will work
on three independent case studies where more than one proxy is presented. The three
datasets used in this chapter originate from two closely related Mytylidea: Mytilus trossulus
and Mytilus edulis, occurring in a wide geographic range (Chichvarkhin et al., 2000). In this
section the conclusion of the three studies are summarized and a comparative overview of
three datasets is given, highlighting the methodological differences between the three
studies.
KLEIN ET AL (1996)
In 1996 Klein et al. published two important sclerochronology papers. The two studies are
based on one field study monitoring Mytilus trossulus. The bivalves grew during 3 to 4
months in the field, while real-time data on local seawater temperature, chemistry and
salinity were gathered. In his fist paper Klein concludes that Mg/Ca ratios provide an
accurate measure of temperature with a mean absolute error of ± 1.5 °C (=2.4°C in RMSE
sense) and that combination of both Mg/Ca and δ18O from the same specimen can be used
to determine both the seawater temperature and the seawater δ18O value. His second paper
is more complex and deals on the influence of metabolic activity (i.e., vital effects) on
skeletal Sr/Ca ratios and δ 13C values. It is concluded that Sr/Ca and δ 13C are both primarily
controlled by the rate of mantle metabolic activity and secondarily modified by variation in
seawater salinity (Klein et al., 1996a, b). Although in both papers the potential power of
multi-proxy models is mentioned, and although the first paper effectively combines two
proxies to determine the δ18O value of the water, it was not tested if the combination of the
four proxies did result in better environmental reconstructions.
WANAMAKER ET AL (2008)
Wanamaker et al. (2007-2008) designed a powerful laboratory experiment to study the
impact of salinity and temperature variation on the proxy incorporation in bivalves. In this
experiment M. edulis shells were grown in well defined seawater temperatures and salinities
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for a period of 4 months. The experimental design, presented in Figure 3 (from Wanamaker
et al. (2007)), allows to deduce paleo-temperature and paleo-salinity equations for all
measurable proxies for all studied species. In the two papers about this laboratory
experiment, three paleo-temperature equations are presented. The δ18O temperature
equation resulted in highly accurate temperature reconstruction with a RMSE of 0.5°C in
case the δ18O value of the seawater is known (with is obviously not the case for
archeological shells). The Sr/Ca and Mg/Ca temperature equations resulted in
reconstructions with a RMSE of respectively 2.4 and 2.8°C when only the shells from the
lowest salinity buckets were used (and 3.7˚C and 3.3˚C by using the total dataset).
Combining the proxy measurements of this experiment into a multi-proxy (multi species)
model could therefore result in robust paleo-temperature and paleo-salinity models in which
other environmental forcers are excluded.

At present, however, only data for of δ18O,

Sr/Ca and Mg/Ca ratios have been published. Moreover, the δ18O (Wanamaker et al., 2007)
measurements were done on different shells than those analyzed for Sr/Ca and Mg/Ca
(Wanamaker et al., 2008).

Figure 3: Schematic diagram of the experimental design. Each temperature condition is shown
vertically, and each salinity condition is shown horizontally. Black indicates inflow and grey
indicates outflow. Buckets A and B are replicates. Buckets to the right of A and B are for water
changes. All buckets are in a freshwater bath to maintain the desired temperature setting to
within ±0.5°C. (Wanamaker et al., 2007)
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VANDER PUTTEN (2000)
Another important multi-proxy dataset is published by Vander Putten et al. (2000). In that
paper high resolution measurements of five trace element ratios in M. edulis shells are
discussed. The authors observe clear seasonal trends in the trace elemental chemistry,
suggesting that environmental forcers are responsible for the chemical signature of the
shells. They conclude that Mg/Ca and Sr/Ca ratios cannot be influenced by water
temperature only and they expect the water chemistry to play a more important role for the
Mg/Ca and Sr/Ca ratios. On the other hand, they observe that Pb/Ca cannot be explained by
variations in the Pb-concentrations of the seawater and that Ba/Ca and Mn/Ca maxima
coincide with plankton blooms. In general, the authors conclude that all studied elemental
ratios were influenced by more than one environmental forcer. It is therefore possible that
the combination of proxies will lead to more accurate environmental reconstructions.
(Vander Putten et al., 2000).

Table 1: Comparison of the methods used in (Klein et al., 1996a), (Wanamaker et al., 2008) and
(Vander Putten et al., 2000)

Studied species

Klein et al. (1996)

Wanamaker et al. (2008)

Vander Putten et al. (2000)

Mytilus trossulus

Mytilus edulis

Mytilus edulis
Mg/Ca ratios
Sr/Ca ratios
Mn/Ca ratios
Ba/Ca ratios
Pb/Ca ratios
Field

18

Studied proxies

δ O,
δ13C,
Mg/Ca ratios
Sr/Ca ratios

Sr/Ca ratios
Mg/Ca ratios

Experimental set up
Place of sampling

Field

Laboratory

Squirrel Cove (British Colombia)

Gulf of Maine and Western
Greenland

Scheldt estuary (Terneuzen)

Temperature range
Salinity range

5.5˚C - 22.7˚C
23.6 - 29.01

4˚C-15˚C
23-32

6.6˚C - 19.5˚C
27.6 - 28.9

Ontogenetic age of the
shells

One juvenile and one adult shell

Juvenile shells (<1.5cm)

Adult shells (measurements are
made in the seconds ontogenetic
age)

Linking the
environmental data to
the proxy data

Matching the observed δ18O value
in the shells carbonate with the
predicted δ18O value calculated
from the measured seawaters
temperature and the measured
seawaters δ18O value.
Kiel-IRMS, ICP-AES

Not needed: only the newly
accreted shell material was used

A linear growth is supposed
between the dated anchor points

ICS-AES

LA-ICS-AES

Measurement device

A multi-element liquid standard
NIST610
(Ultra Scientific)
1
Note that highest salinity measurement is far below the seawater salinity of 35 and that the total salinity range of the dataset does not
cover the geographical dispersion of Mytilus trossulus who naturally occurs in a salinity range from 16 to 35 (Barby et al., 2005).

External standard

-
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METHODOLOGICAL COMPARISON
Since these three studies are based on closely related species (Chichvarkhin et al., 2000) and
since all measurements are made in the calcite part of the shell, the models obtained in the
following study are supposed to be applicable on the three datasets. However, the three
studies show some important methodological differences (see Table 1) that may influence
their results.

4. FROM MULTI-PROXY DATA TO MULTI-PROXY MODELS
Although simple linear regression is used frequently in sclerochronology studies, the fact
that high dimensional data are more difficult to visualize seems to discourage the use of
multiple regression analysis. However, the principle of a linear multiple regressions (LMR) is
exactly the same as simple linear regression, and interpretation and evaluation is done in the
same way.
The Matlab™ ‘regress’ toolbox was used with the temperature measurements and the proxy
measurement as input variables. This toolbox returns the following output variables: the
weighing factors or the coefficient estimates, the 95% confidence intervals for the
coefficient estimates, a vector of residuals, the R2-statistic, the F-statistic and its p-value. Just
as for the simple linear regressions these variables need to be interrelated as follows: the
coefficient estimates and their confidence intervals define the slope of the function and the
uncertainty on this slope estimate. Note that, to calculate confidence intervals, the variation
is assumes to be randomly distributed around the regression line which is probably not the
case for this data set, making the confidence intervals generated by the regress function
unreliable for this dataset. The residuals are the differences between the predicted
temperatures and the measured temperatures. These residuals are used to calculate the
RMSE. The R2 statistic indicates the goodness of fit and how significantly the slope of a fitted
line differs from zero. The F-statistic and its p-value can be used to investigate if at least one
independent variable is useful for predicting the temperature.
To maximally explore the data set, all proxy combinations were analyzed using multiple
regressions. Thus 15 temperature and 15 salinity equations are developed for the data of
Klein et al. (1996 a,b), 3 temperature and 3 salinity equations are developed for the data of
(Wanamaker et al., 2007) and 31 temperature equations are developed for the data of
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(Vander Putten et al., 2000). For each developed equation the RMSE, the R2-statistics and
the p-value was used to evaluate the model performance. To select ‘the best’ model Akaike’s
Information Criterion (AIC) was used to compensate for the number of parameters.
Therefore the obtained RMSEs are multiplied by a correction factor that depend on the
number of parameter and the number of data points as presented in equation (2). In this
equation the # parameters corresponds with the # of proxies in the computed equations.
The # of data points is differs for every data set: there are 54 data point available for the
data of Klein et al., 49 for the data point of Wanamaker et al. and 329 data point for the data
of Vander Putten et al.

(2)

Since the three data sets have information on Mg/Ca and Sr/Ca ratios we are able to cross
validate the obtained Mg/Ca-Sr/Ca models. This is done by comparing the weighting factors
of the multi-proxy equations. Other more objective RMSEs were calculated comparing the
equation of one study to the data of the two other studies.

5. RESULTS
KLEIN ET AL. (1996): FOUR PROXIES IN ONE MODEL
From the 15 developed paleo-temperature equations (Table 2) the four proxy equation
based on δ18O, δ13C, Mg/Ca and Sr/Ca performed the best with a RMSE of 0.9912˚C. This
however is not much better than the best three proxy equation based on δ18O, δ13C and
Sr/Ca (RMSE=0.9916˚C) and best two proxy equation based on δ18O and Sr/Ca
(RMSE=0.9968˚C). The best one proxy model was based on δ18O (1.2790). According the
Akaike’s Information Criterion the best temperature model is the two proxy equation based
on δ18O and Sr/Ca. In general, the temperature models using δ18O data perform better than
others. For the temperature models without δ18O data the information from Mg/Ca-ratios
was essential for obtaining a significant regression coefficient.
With regards to the paleo-salinity equations, it is again the four proxy model based on δ18O,
δ13C, Mg/Ca and Sr/Ca which performs best (RMSE=0.684˚C). Quite similar RMSE are
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obtained by the best three proxy equation based on δ18O, δ13C and Sr/Ca (RMSE=0.686˚C)
and best two proxy equation based on δ18O and Sr/Ca (RMSE=0.691˚C). The best one proxy
equation for paleo-salinity is also obtained by δ18O. However, the one proxy δ18O equation
performs worse than the three proxy equation without δ18O. According the Akaike’s
Information Criterion the best salinity model is the two proxy equation based on δ18O and
Sr/Ca. In general, the salinity equation models using δ18O data perform better than salinity
models without δ18O data. The only proxy measurements that did not result in a significant
regression are the δ13C measurements.

Table 2: The 15 paleo-temperature and the 15 paleo-salinity equations obtained by
applying linear multiple regression to the data of Klein et al. (1996). The models are
sorted following their model performance (in RMSE and in RMSEAIC to compensate for
the number of parameters) with the best models on top. The first column indicates how
many proxies are used; the best model for a given number of proxies is underlined (1st
column).
Temp =
4
3
3
2
3
2
2
1
3
2
2
1
2
1
1
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18

13

+e

a*δ O

b* δ C

c*Mg/Ca

+ d *Sr/C

(constant
term)

-2,995
-3,031
-2,977
-3,042
-2,564
-2,538
-2,986
-3,011

+0,003
+0,003

+0,039

+3,335
+3,408
+3,354
+3,492

1,923
1,985
1,734
1,821
4,879
4,655
6,855
6,747
0,026
0,424
-2,214
-1,886
12,053
14,131
10,900

+0,067
+0,004

+0,461
0,502

+0,007
-0,006
-0,007
+0,026
+0,028

+2,551
+2,519
+2,508
+2,465

-1,801
-1,911

-1,487
-2,187

RMSE
(in ˚C)

0,991
0,991
0,995
0,96
1,188
1,194
1,254
1,279
2,364
2,373
2,398
2,411
4,827
4,839
4,912

R2

RMSEAIC

0,96**
0,96**
0,96**
0,96**
0,94**
0,94**
0,94**
0,93**
0,77**
0,77**
0,76**
0,76**
0,04
0,04
0,01

1,066
1,047
1,051
1,034
1,255
1,239
1,301
1,303
2,498
2,463
2,488
2,456
5,009
4,930
5,005

(in ˚C)

Sal =

18

13

+e

RMSE

(constant term)

(in ˚‰)

+1,965

26,571

+1,839

26,464

+1,985
+1,908

a*δ O

b* δ C

c*Mg/Ca

+ d *Sr/C

4

+0,604

+0,003

-0,067

3

+0,667

+0,002

3

+0,621

2

+0,658

3

+0,857

2

+0,881

2

+0,691

3
1

-0,038
+0,003

+0,007

2

0,725

26,380

0,691

0,74**

0,73

0,74**

0,717

0,786

0,66**

0,830

+0,219

28,108

0,794

0,65**

0,824

29,092

0,802

0,65**

0,832

26,953

0,810

0,64**

0,856

29,021

0,818

0,63**

0,833

26,653

0,824

0,63**

0,855

-0,503

30,684

1,050

0,39**

1,090

1,503

30,379

1,076

0,36**

1,096

+2,261

24,250

1,245

0,14**

1,292

+2,190

24,368

1,249

0,14*

1,273

27,409

1,346

0,00

1,371

-0,003

1
1

0,736

0,74**

0,691

-0,573

1

0,74**

0,686

28,313

-0,549

2

0,684

(in ˚‰)

26,331

+3,000

+0,675

2

RMSEAIC

+0,18

+0,005
0,005

R2

+3,083

+0,000

** p<0.001,*p<0.05 , p>0.5

WANAMAKER ET AL. (2006)
Both two proxy models perform better than the one proxy model. This is remarkable for the
two proxy salinity equations for which the regression coefficient becomes highly significant
by combining the low significant Mg/Ca information to the insignificant Sr/Ca information.
However, in general RMSEs are high for both temperature and salinity equations.
Table 3: All combinations of Mg/Ca and Sr/Ca to obtain three temperature and three salinity
equations, the model performance (in RMSE and in RMSEAIC to compensate for the number of
parameters) and the significance of the regression lines are given in the last two columns
Temp=

a*Mg/Ca

+ b*Sr/Ca

+c

RMSE (in ˚C)

R2

RMSEAIC (in ˚C)

26.5392

-11.815
+3.0221
-25.2596

3.208
3.361
3.710

0,53**
0.49**
0.37**

3,339
3,430
3,786

a*

+b

+c

RMSE (in ‰)

R2

RMSEAIC (in ‰)

0.428

-26.718
-13.9760

+59.9428
+48.07 4
+27.179

2.835
3.276
3.597

0,38**
18*
0.01

2,951
3,343
3,670

(constant term)

2
1
1
Sal=
2
1
1

0.485
0.6527

0.058

12.099

** p<0.001,*p<0.05 , p>0.5
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VANDER PUTTEN ET AL. (2000)
The five proxy equation based on Mg/Ca, Sr/Ca, Mn/Ca, Ba/Ca and Pb/Ca result in the lowest
RMSE of 1.92˚C. This is not much better than the best four proxy equation without Pb/Ca
(RMSE = 1.92˚C) that is the best equation according to the Akaike’s Information Criterion.
The best three proxy equation without Ba/Ca and Pb/Ca (RMSE = 1.96˚C). The best two
proxy equation is based on the combination of Mg/Ca and Sr/Ca (RMSE = 2.03˚C) and the
best one proxy equation is obtained by Sr/Ca (RMSE = 2.26˚C). In general, models that use
the information of Mg/Ca and Sr/Ca performed best. The one proxy model of Mn/Ca is the
only regression that was not significant.
Table 4: Paleo-temperature equations using all possible combinations of Mg/Ca, Sr/Ca, Mn/Ca,
Ba/Ca and Pb/Ca. The models are sorted following their model performance. The first column
indicates how many proxies are used; the best model for a given number of proxies is underlined.
Temp=

a*Mg/Ca

+b*Sr/Ca

5
0,692
-12,450
4
0,727
-12,320
4
0,741
-14,694
3
0,777
-14,563
4
0,439
-4,661
3
0,430
-14,699
3
0,496
-16,644
2
0,491
-16,667
4
-15,109
3
-15,458
3
-18,146
2
-18,226
3
-15,153
2
-14,192
2
-18,453
4
1,022
3
0,980
1
-17,524
3
0,592
3
1,345
2
0,380
2
1,269
3
2
2
1
2
0,887
1
0,595
2
1
1
** p<0.001,*p<0.05 , p>0.5
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+c*Mn/Ca

+d*Ba/Ca

+e*Pb/Ca

-7,441
-7,242
-7,065
-6,863

-0,034
-0,034

0,484
0,491

-0,031
-0,031

-0,093
-0,060

-1,481

-0,041
-0,040

-0,482
2,552
3,973
-13,890
-14,238

2,899
2,488
3,122
2,982

-0,045
-0,050
-0,077
-0,077

-0,619

-0,088

-2,326
-1,191

-16,228
-0,092
-16,936
-6,358
-2,252

-0,105
-0,104
-0,108
-0,107

2,962
1,057

-3,338
-6,290
-0,933

3,825
1,939

+f
19,991
19,769
19,177
18,951
12,937
12,944
12,511
12,516
16,314
14,707
14,971
14,451
13,022
16,225
11,290
24,892
25,250
16,286
11,247
25,097
11,314
25,794
20,568
13,555
17,217
14,274
8,782
8,738
18,781
11,846
14,334

RMSE
1,92
1,92
1,96
1,97
1,99
1,99
2,03
2,03
2,07
2,07
2,14
2,14
2,14
2,15
2,22
2,24
2,24
2,26
2,48
2,51
2,51
2,52
2,55
2,61
2,61
2,62
2,81
2,87
3,03
3,08
3,11

R2
0,62**
0,62**
0,60**
0,60**
0,59**
0,59**
0,58**
0,58**
0,56**
0,56**
0,53**
0,53**
0,53**
0,52**
0,49**
0,48**
0,48**
0,47**
0,37**
0,35**
0,35**
0,35**
0,33**
0,30**
0,30**
0,29**
0,19**
0,15**
0,05**
0,02*
0,00

RMSEAIC
1,95
1,94
1,98
1,99
2,02
2,01
2,05
2,04
2,10
2,09
2,16
2,15
2,16
2,16
2,23
2,27
2,26
2,27
2,50
2,53
2,53
2,54
2,57
2,63
2,63
2,63
2,83
2,88
3,05
3,09
3,12

6. DISCUSSION AND CROSS VALIDATION OF THE OBTAINED MODELS
The three datasets presented in this chapter are based on a limited number of shells,
sampled from specific sites or grown in seawater from a single site. The success of the
obtained equations therefore does not warrant accurate reconstructions when used on
shells having different physiological, genetic or geographic backgrounds. In this section the
three datasets will first be discussed individually, and this will reveal some information about
the proxies themselves. Afterwards it will be investigated whether the previously obtained
equations can be extrapolated. The focus will then lie on the Mg/Ca- Sr/Ca equations since
Mg/Ca ratios and Sr/Ca ratios are the only proxies that were measured in all three studies.

6.1. KLEIN ET AL. 1996
The first important observation is that the use of δ18O considerably improves the
reconstruction capacity of equations presented in Table 2. However, these equations are
based and validated on the same data. Since the salinity range on this dataset is rather small,
errors due to salinity variations will be underestimated. The excellent performance of all
models that are at least partly based on δ18O is therefore overestimated. The one proxy δ18O
model will correspond theoretically with the Epstein equations (equation (1) in the chapter
‘Introduction’ (Epstein et al., 1953)) for which a constant average salinity or an average
temperature is assumed. This will result in a low RMSE when the equation is validated on
data from the same dataset, but the use of these models on shells from another salinity
range will result in large systematic errors.
However, even taking the validation problem in account, our results demonstrate that δ18O
remains the most powerful paleo-environmental proxy for both temperature and salinity
reconstruction, since models that use the δ18O information performed clearly better. The
statement of (Klein et al., 1996a, b) that Mg/Ca ratios could be temperature recorders that
are more robust to salinity variation has not been cross validated, so this conclusion cannot
yet be made.
The combination of δ18O with another proxy always decreases the RMSE, which may indicate
that the additive proxy helps to explain variations in δ18O related to other environmental
forcers. On the other hand, it could mean that the second proxy adds some temperature
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information to the final temperature estimation. Although the second best one proxy model
for both temperature and salinity is the Mg/Ca-model, the δ18O- Mg/Ca model performs not
as well as the δ18O- Sr/Ca model and the three proxy models without Mg/Ca perform the
best. According to our results, the combination δ18O and Mg/Ca to deduce the δ18O value of
the seawater (or the salinity) as suggested by Klein et al (1996a) is not the best choice, and
combining δ18O with Sr/Ca would be a better choice resulting in a RMSE of 1˚C or less.
Moreover, the same combination of δ18O and Sr/Ca also results in a low RMSE (0,99˚C) for
temperature reconstruction.
For both temperature and salinity a lower RMSE can be obtained by combining all measured
proxies. Since Mg/Ca and Sr/Ca measurements and δ18O and δ13C measurements can be
done in parallel, combining these proxies in a four proxy model is encouraged.

6.2. WANAMAKER ET AL. 2008
Although the combination of Mg/Ca and Sr/Ca in one multi-proxy equation does not result in
really low RMSEs, these still are smaller than RMSEs for one proxy equations. Taking in
account that both proxies can be measured in parallel, by combining them no information is
lost, and the use of more proxy measurements will further improve the model’s
performance.
The temperature equations suggest than Mg/Ca and Sr/Ca both carry some temperature
information. Therefore they both add some temperature information to the two proxy
equation, leading to a small improvement of the RMSE. A better improvement would be
expected if the variation on the two proxies was driven by a common forcer. The
experimental conditions in which all other forcers are excluded probably reduce the power
of the proxy combination.
On the other hand, the salinity equations suggest that Mg/Ca ratios do not contain any
salinity information. The improvement of the RMSE in the Mg/Ca - Sr/Ca equation therefore
has to be explained by a common forcer. The design of to the experimental setup imposes
that temperature variations are the only environmental variations that could have
influenced the proxy incorporations. All other environmental forcers can be excluded and
only intrinsic (vital) forcers can induce some common variations in both proxies.
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We expect Sr/Ca to be influenced by salinity and by temperature; however, intrinsic forcers
do induce more variance on the data making it difficult to deduce temperature or salinity
information from Sr/Ca data alone. Mg/Ca ratios, on the other hand, carry mostly
temperature information, but they are also influenced by other intrinsic forcers. Mg/Ca
ratios therefore help to explain the temperature induced variations in the Sr/Ca data,
resulting in a much lower RMSE for the Mg/Ca - Sr/Ca salinity equation. The fact that the
Mg/Ca - Sr/Ca temperature equation does not perform much better than the Mg/Ca
temperature equation suggests however that Sr/Ca ratios do not add a lot of information.
This indicates that Mg/Ca and Sr/Ca ratios are both influenced by different intrinsic forces.

6.3. VANDER PUTTEN ET AL. 2000
The results of Vander Putten et al. (2000) confirm that Sr/Ca ratios and Mg/Ca ratios contain
temperature information. The RMSEs of the one proxy model suggests that Sr/Ca ratios are
the most informative temperature proxies of all proxies studied in this dataset. This result is
confirmed by the fact that all multi-proxy equations that use Sr/Ca information perform the
best. However, it is also clear that the combination of Sr/Ca ratios and Mg/Ca ratios result in
even better model performances, even if Mg/Ca ratios in one proxy equation does not
perform as well. This suggests that these two proxies carry complimentary information.
The variation of Mn/Ca, Ba/Ca and Pb/Ca ratios can slightly improve the model
performances but they probably do not carry a lot of direct temperature information, as
suggested by the lower performance of the one proxy equations. For Mn/Ca no significant
regression was observed, the Pb/Ca temperature relationship was also less significant.
However, the observed relationship between Mn/Ca, Ba/Ca and primary production may
suggest that these proxies can provide information about variations in other proxies due to
metabolic changes coupled to food-availability (Gillikin et al., 2008; Schöne et al., 2003).
Moreover, primary production can indirectly be coupled to temperature changes (Cloern et
al., 1995) so that an indirect temperature response can be expected. For example, a
temperature rise may induce a phytoplankton boom, which is reflected as a Ba/peak in the
shell. This indirect temperature response, however, may be difficult to describe by linear
regression approaches and it may be that nonlinear regression techniques may provide
other insights. Figure 4 confirms that the choice for a linear model is not appropriate for this
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dataset. The use of nonlinear regression method is explored in the Chapters 2 and 3, where
the benefit of using nonlinear models is investigated.
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Figure 4: Clear nonlinear proxy-temperature relationships can be observed in the data of Vander
Putten et al. 2000

6.4. CROSS VALIDATION OF THE OBTAINED MODELS
Although the Mg/Ca, Sr/Ca and the Mg/Ca- Sr/Ca equations performed rather well in the
previous studies, the result is disappointing when comparing the equations obtained in the
three different studies: Table 5 shows the major differences between the three temperature
models and the two salinity models obtained in the previous sections showing that almost
no similarity between weighing factors can be observed. Moreover, huge RMSEs are
obtained now that they are calculated on independent datasets (e.g. the equation obtained
by the Klein-dataset is applied on the data of Wanamaker and Vander Putten for
validations).
When the previous models are used to reconstruct the temperature of the other
independent datasets, huge RMSEs are obtained, suggesting that none of the obtained
models is generic. These huge errors can be explained by the different distribution of Sr/Ca
and Mg/Ca for the three datasets. As shown in Figure 5 the different distribution of Mg/Ca
ratios and Sr/Ca ratios cannot be explained by differences in salinity or temperature.
The fact that the temperature and the salinity range was very similar for these shells,
although they show very different elemental ratios, suggests that other important forcers
influence the incorporation of Mg and Sr in the shell. Therefore it is inappropriate to
extrapolate these equations to other data. And so it is important to investigate the origin of
the different elemental ratios in order to understand the incorporation mechanism, and also
to find a more generic model.
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Table 5: Compression of all equations based on Mg/Ca and Sr/Ca. In this table RMSEs were
calculated on the data of the two studies that are not used to compute the equation.
Temp=

a*

Mg/Ca

+b*

Sr/Ca

+c

RMSE

Klein
Wanamaker
Vander Putten

2,519
0,485
0,491

*Mg/Ca
*Mg/Ca
*Mg/Ca

-1,911
12,099
-16,667

*Sr/Ca
*Sr/Ca
*Sr/Ca

0,424
-11,815
12,516

10.797
8.886
26.522

Sal=

a*

Mg/Ca

+b*

Sr/Ca

+c

RMSE

Klein
Wanamaker

-0,549
0.428

*Mg/Ca
*Mg/Ca

+3,083
-26.718

*Sr/Ca
*Sr/Ca

26,653
+59.9428

35.897
26.521
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Figure 5: A: The differences in the distribution of Mg/Ca ratios and Sr/Ca ratios for the three
datasets cannot be explained by differences in temperature and in salinity since B: The
temperature and salinity distribution for the datasets are very similar.

Genetic differences are not likely to explain the different elemental ratios since the two
M. edulis datasets show the largest differences. The Vander Putten data that are measured
on an ICP-MS where the two other datasets were obtained by ICP-AES measurements, may
explains some differences. It is more likely, however, that an additive external force is
responsible for these different elemental ratios. Since the shells do origin from very different
geographical locations differences in the chemical composition of the seawater are likely,
due to the different trace elemental composition of the fresh from different rivers (Broecker
& Peng, 1982). Moreover it has already been observed that shells of the same species
sampled at different geographical locations show significantly different trace elemental
compositions (Pearce & Mann, 2006).
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MG/CA RATIOS IN MULTI -PROXY EQUATIONS
Chemical differences in the seawater composition and different calibration methods cannot
explain the huge differences in the weighing factors of the obtained equations. The only
weighing factors that show some similarity are the weighing factors for Mg/Ca in two of the
temperature equations from the two M. edulis datasets. Note that this similarity is also
observed for the one proxy equations (see Tables 2, 3 and 4).
This may indicate that Mg/Ca ratios are the only real potential temperature proxies.
However, the much higher parameter for Mg/Ca in the temperature equations from the
M. trossulus indicates clear genetic differences in the incorporation processes. Even though
M. edulis and M. trossulus are closely related (Chichvarkhin et al., 2000), Mg/Catemperature relationships have been shown to be sensitive to genetic friability and are
different per species (Freitas et al., 2006). The fact that Mg is more abundant in the organic
matter of the shells also suggests that the Mg uptake is driven by biological factors that may
differ from species to species (Takesue et al., 2008).
The inverse weighing factors for Mg/Ca in two of the salinity equations, however, are not
likely to be explained by generic differences. This would require totally different
incorporation mechanisms and what is unlikely since these two species are closely related.
The use of Mg/Ca ratios as salinity proxy is therefore not recommended. Note also that the
one-proxy Mg/Ca-salinity relationship based on the experimental data of Wanamaker et al.
(2006) is not significant. This means that the information extracted from Mg/Ca ratios in a
salinity equation is probably mainly temperature information that explains the variation in
the other proxy signal, resulting in more accurate salinity reconstructions from the final
equation.
The fact that a significant salinity relation is observed for the one-proxy Mg/Ca equation of
Klein et al (1996) is probably an artifact that has to be explained by other environmental
forcers. Possibly, seasonal variations in the seawater chemistry can explain the difference. In
the field study of Klein et al. (1996) the salinity variations are due to a combination of melt
water, river water and rainwater influxes. More seasonal variations in the seawater
chemistry can be expected in this field experiment than in the laboratory experiment of
Wanamaker et al (2006) where the different salinities in the experiment are obtained by
diluting seawater with well water only.
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SR/CA RATIOS IN MULTI -PROXY EQUATIONS
The weighing factors for Sr/Ca ratios are all quite different between the three datasets. At
first glance these results suggest that the Sr/Ca ratio is not a robust proxy for temperature or
for salinity. However, the fact that the experimental data of Wanamaker et al (2006) show a
significant relationship between Sr/Ca and temperature and between Sr/Ca and salinity,
suggests that temperature and salinity do significantly influence Sr/Ca ratios.
However, Sr/Ca ratios in shells from natural systems seem to be strongly and inversely
influenced by other forcers. Variations in the Sr concentrations of the seawater as proposed
by Vander Putten et al. (2000) are probably the most important environmental forcers.
Seasonal variations could then explain the large differences in the weighing factors in the
obtained equations, where geographical differences would explain the large offsets in the
measured ratios.
Other forcers in the Sr incorporation in bivalves have been proposed in literature, shell
growth (Lorrain et al., 2005) coupled to food availability (Gillikin et al., 2008), and metabolic
and kinetic effects (Gillikin et al., 2005; Lorrain et al., 2005). However, since Sr is less
abundant in the organic matrix of the bivalve shell, the Sr/Ca ratios are expected to be less
influenced by genetics (Takesue et al., 2008).

7. CONCLUSIONS
It is demonstrated based on simulated data, field data and on experimentally laboratory
data that multi-proxy equations result in more accurate reconstructions with a lower RMSE
and a higher R2 and F-statistics.
The data of Klein et al. confirm the power δ18O as both temperature and salinity proxy. The
fact that Sr/Ca ratios improved the model performance the most, suggests that this proxy
carries most complimentary information. This ‘complimentary information’ is probably the
ideal combination of temperature and salinity information as also suggested by the data of
Wanamaker. However, an important observation made on the data of Vander Putten et al.
(2000) shows clear nonlinear temperature-proxy relationships and for this reason linear
multiple regression methods are not expected to be the best methods to be used to describe
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these data. The potential use of nonlinear models will be further investigated in the
following chapters, where we will come back to this early conclusion.
The cross validation of the independently obtained Mg/Ca-Sr/Ca equations showed that
these equations are not robust, and cannot be used on other datasets. Mg/Ca ratios and
Sr/Ca ratios show a different distribution for the three studies resulting in huge RMSEs.
The combination of other proxies that are less influenced by other environmental
parameters may result in more robust multi-proxy models.
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CHAPTER 2: A COMPARATIVE STUDY OF
FOUR STATIC MULTI -PROXY METHODS:

LINEAR VERSUS NONLINEAR

Chapter 3 - 51

Pictures on page 51 from:
http://www.shells-of-aquarius.com “Nautilus Shell Section” (Top)
http://www.illustratedwildlife.com: “Pecten maximus” (Bottom)
52

CHAPTER 2:
A COMPARATIVE STUDY OF FOUR STATIC MULTI-PROXY
METHODS: LINEAR VERSUS NONLINEAR
1. INTRODUCTION
In the previous chapter we demonstrated the power of combining proxies. The combination
of proxies can explain previously unexplained variations and on the other hand more proxies
can all add some information about the studied environmental parameter so that the final
reconstruction will be more accurate. In the first chapter we used linear multiple regression
methods to combine proxies. However, we observed that the proxy-temperature
relationship is substantially nonlinear for some datasets. The proxy data of Vander Putten et
al. (2000), used several times in this work, are not the only datasets in sclerochronology that
show clear nonlinearities (see Figure 4 of Chapter 1). Dodd et al claimed already in 1982 that
some proxies could better be described nonlinearly and several recent publications describe
or suggest the use of an inverse exponential (Clarke et al., 2009a), exponential (Freitas et al.,
2005) and even dynamical (Klunder et al., 2008) relationship. Moreover, considering that
many environmental variables and physiological processes behave nonlinearly (e.g. plankton
blooms (Malchow, 1996) and optimal feeding temperature (Yukihira et al., 2000)) the choice
of using a nonlinear regression to relate the proxies with environmental conditions is
realistic, and should be explored.
Most scientists are familiar with the classical linear multiple regression and dimensionality
reduction methods like Principle Component Analysis (PCA). These methods, however, are
developed to detect linear relationships and, therefore are, not applicable to datasets that
behave nonlinearly. To detect nonlinear relationships in a multi dimensional space, more
recent multivariate statistical tools are needed. Many of these tools make use of modern
techniques from domains such as computer science, artificial intelligence and machine
learning theory, domains in which progress is rapid (Izenman, 2008).
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Until now, no nonlinear multi-proxy models for climate reconstructions have been based on
bivalve shell proxy records. For other proxy-archives, however, a limited number of studies
used nonlinear multi-proxy models. For instance Artificial Neural Networks used in
sclerochronology to reconstruct the ENSO events from coral records (Juillet-Leclerc et al.,
2006) and to reconstruct temperature from foraminifera data (Kucera et al., 2005) and in
dendrochronology to reconstruct precipitation rates (Woodhouse, 1999), and temperature
(Guiot et al., 2005).
Since different modern multivariate statistical techniques can be applied to analyze
multidimensional datasets, the choice of a certain technique depends on a number of
characteristics of the dataset (e.g., number of measurements, intrinsic variance,
smoothness, periodicity, etc.). In this chapter we will further investigate the data of Vander
Putten et al. (2000) as a prototype for nonlinear proxy-environmental relationships in
bivalves. On these data we will compare three nonlinear multi-proxy approaches to the
classical linear multiple regression method used in the first chapter in order to investigate
whether nonlinear models can better describe the data. A schematic view of the relation
between the three regression methods is given in Figure 1.

Figure 1: A schematic view of the relation between the regression methods that are compared in
this chapter.
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This chapter is organized as follows: In Section 2 the four methods used to reconstruct sea
water temperature in this chapter are described starting with: Section 2.1 classical linear
multiple regression; Section 2.2 an intuitive polynomial approach; Section 2.3 Weight
Determination by Manifold Regularization and Section 2.4 Support Vector Regression.
Section 3 presents the data used for the comparison between the four methods. Section 4
presents the results which are then discussed in Section 5. Conclusions are formulated in
Section 6.

2. LINEAR VERSUS NONLINEAR MULTI-PROXY
Nonlinear relations between proxies and environmental parameters have been discussed in
the literature (Clarke et al., 2009a; Dodd & Crisp, 1982; Klunder et al., 2008). However, no
nonlinear multi-proxy method has been tested on bivalve proxy data. In this chapter we
compare the classical (1) linear multiple regression (LMR) to three novel nonlinear multiproxy methods; (2) an intuitive polynomial approach (IPA) that is designed to describe the
data presented below; (3) the Weight Determination by Manifold Regularization method
(WDMR (Ohlsson et al., 2008)) and (4) Support Vector Regression method (SVR (Espinoza et
al., 2006)).
The linear multiple regression method is the only linear model used in this chapter. Although
a linear model is in theory a special case of a nonlinear model, the interpretation of a linear
model is often easier. The three other methods describe the data in a nonlinear way, making
it possible to capture more complex relationships. Two of the three nonlinear regression
methods explored in this chapter make use of the fact that the proxy values fit rather close
to a one-dimensional manifold. One of the two is based on intuition and tailored for
temperature reconstruction using bivalve shells. The other is a new system identification
approach, Weight Determination by Manifold Regularization (WDMR), and based on
manifold learning. The third approach, Support Vector Regression (SVR) does not rely on an
assumption of a manifold in the proxy space. A schematic view of the relation between the
three regression methods is given in Figure 1.
Both the intuitive approach and WDMR-method reduce the multi-proxy problem into a
single dimensional problem by observing that the proxies lie on a one-dimensional manifold.
One-dimensional methods are then applied to obtain estimates of water temperature. The
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manifold assumption is based on the observation that the proxy values are distributed
around a one-dimensional manifold parameterized by the temperature. If the proxy values
would only be controlled by water temperature, they would fit a one-dimensional manifold
in the proxy space. However, as mentioned earlier, usually more than one environmental
condition will influence the proxy incorporation and therefore proxy values usually scatter
around the manifold. As a result, even though two proxy signatures can get very close to
each other in the proxy space, they can be coupled to two parts of the manifold associated
to substantially different temperatures (see Figure 2).
Support vector regression does not assume proxies to fit a manifold and does not reduce the
problem to a one-dimensional one. It rather increases the dimensionality of the problem by
creating 'new proxies' from nonlinear combinations of the original proxy data. The Support
vector regression then uses a linear multiple regression method to obtain a temperature
estimate from the new proxy data.
In the following section the four methods will be outlined, with the focus on the intuitive
polynomial approach that has been developed especially to describe temperature with a
nonlinear multi-proxy model.

2.1. LINEAR MULTIPLE REGRESSION
Linear multiple regression is used to describe the linear relationship between two or more
explanatory variables (here proxies P) and a response variable (here temperature T). This is
done by fitting a linear equation to observed data. The regression line for the Temperature T
is defined by the n Proxies

:

(1)

This line describes how the temperature T changes with the value of the proxies P. The
parameters

fine the slope of the regression line and c defines the offset. Most

statistical software programs estimate

in a least squares sense. This means

that the best fitting line for the observed data is calculated by minimizing the sum of the
squares of the vertical deviations from each data point to the line.
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Since the observed values for P vary around their mean the multiple regression models
include a term ε for this variation. The residuals ei are defined by the difference between the
observed and predicted values denoted as

. The variance σ² may be estimated by

the mean-squared error (MSE) defined as:

with n the number of data points and p

the number of parameters (= # of proxies). The estimate of the standard error s is the square
root of the MSE: the RMSE (Allison, 1999).
Note that LMR assumes that proxy measurements are exact, and that the largest errors will
occur on the temperature measurements. The fact that errors will occur in the proxy
measurements and therefore will bias the results and induce systematic errors is something
we need to be aware of. Moreover the least squares approximation used by LMR is optimal
if the noise is Gaussian, which is likely not the case due to physiological effects. The use of a
‘Total least squares’ regression or an ‘Errors in variables’ regression may reduce the
systematic errors, but both methods require exact knowledge of the standard deviation of
the noise on the proxy measurements (= measurement noise + environmental noise) which
is not available.
The main advantages of linear multiple regressions are that appropriate toolboxes are
commonly available on all statistical software packages. These linear models have a limited
number of parameters, making the interpretation of the model easier. A large disadvantage,
however, is that linear models are not able to fit nonlinear relationships which are likely to
occur in biogenic archives.

2.2. INTUITIVE POLYNOMIAL APPROACH
The first step in the intuitive reconstruction process is to create a model for the onedimensional manifold in the proxy space. This is done using Kth degree polynomials to
deduce the evolution of each of the proxies. Therefore 5 (of the 6) training shells (discussed
in Section 3) are averaged to create one single artificial training shell. The matrix D
represents the data of all the proxies in this artificial shell. The matrix D has as many colons
as studied proxies (p) and as many rows as ablated samples in the shell (n).
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The model

is a model with the same dimensions as D, which describes the behavior of the

proxies in the artificial shell. In this model
p at sample point

gives the expected proxy value of the proxy

.

Let the arc length parameter s be a column vector of a length equal to the number of
samples n with values, equally spaced, between for example 0 and 1. By spacing s equally
the output variables will be comparable to the equidistantly sampled measurements on the
shell growth axis. Then the parameters

of Equation (2) are computed to approximate the

arterial shell D in least squares sense.

(2)

The order of the polynomials k is optimized by selecting a model build on the artificial
training shell that minimizes the cost function C on an independent dataset (= the training
shell that was not used for trading the model). The cost function C is given by the
reconstruction performances in RMSE obtained for different model orders. The result is a K th
degree polynomial curve in the multi-dimensional proxy space describing the variation in the
overall chemical signature. The proxy space has as many dimensions as measured proxies
but more than three dimensions at a time are infeasible to visualize. The best polynomial
model obtained for the data presented in ‘Section 3’ is a 10th order polynomial.
The second step of the reconstruction process consists of linking the polynomial description
of chemical signatures to the environmental data. This is achieved by associating the
position on the curve to a time vector (t1,…,tn) in which every time step t can then be
coupled to the measured environmental information. A new proxy value is linked to
environmental information by looking for the shortest Euclidian distance to the curve
obtained from the training data (Rudin, 1976). This position gives information about time t
and therefore indirectly provides a link to the environmental condition. Note that the time
vector does not contain any information about (variable) shell growth rate and therefore
does not correspond to real time.
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It is basically possible to reconstruct the environmental condition based solely on the
shortest Euclidian distance to a K th degree polynomial curve, as it is illustrated in Figure 2B.
However, two extra factors can significantly improve the reconstructions. (1) A time
inversion constraint results in smoother and more realistic reconstructions and (2) a proxy
weight factor allows that proxies with low intrinsic variation have a higher impact.

Figure 2: A.: Construction of an artificial shell from the average from the training shells for every
proxy. B.: visualization of the obtained 10th order polynomial in three dimensions, note that the
polynomial has as many dimensions as measured proxies, but that only three dimensions can be
visualized. C. Linking of a new measurement to a unique time-position and subsequently linking
of the time-position to the corresponding environmental parameter. D. Validation of the method
by comparing the measured temperature to the reconstructed Temperature
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PROXY WEIGHT
Proxy records for different specimens collected at a single site are seldom identical.
However, since the specimens were subject to the same environmental conditions,
variability in proxy records between specimens is likely due to other factors and can be
considered as ‘noise’. The average variance of the noise is computed by taking the mean of
the variances for a given time step

. Given that the variance is not the same for

every proxy, it is reasonable to assume that proxies with a lower variance are more useful
for environmental reconstruction and should therefore have a higher weight. This can be
done by introducing a weighed shortest distance in which the initial Euclidian distance from
a measurement to the model is divided by the average variance.
TIME INVERSION CONSTRAINT
When reconstruction of an environmental condition is based on a proxy record along a
shell’s growth axis, succeeding measurements are supposed to be chronological in function
of time. However, when only the shortest Euclidian distance to the curve is used to
reconstruct the environmental condition, the time vector t will not be synchronous and
several time inversions may appear. These ‘time inversions’ typically appear when two parts
of the manifold get close to each other. As a result of the time inversions the reconstructed
temperature is often spiky, as shown in Figure 2D.
To avoid time inversions, a time inversion constraint was introduced, by searching for the
shortest distance under constrained conditions. In a first step an initial time vector (ti) is
constructed by looking for the shortest Euclidian distance to total the curve for each
measurement point. In a second step a new constrained time vector (tc) is constructed that
is created by putting the initial time vector on a chronological time scale. In a third step, this
constrained time vector is used to define the part of the polynomial that can be used to look
for the shortest Euclidian distant between each measurement point ‘a’ and the part of the
curve between time ta-1 and ta+1. This results in a new time vector (tn) in which new, although
smaller, time inversions can occur. This procedure is repeated until the time vector tn does
not contain any time inversion, or until the cost function (e=|Meas.Temp-Rec. temp|)
stopped decreasing significantly. Note that a new chronological time vector is found in most
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cases, such that the time vector tc is seldom used as final time vector. The procedure is
summarized in Figure 3.

Figure 3: Schematic overview of the procedure that is followed to obtain a time vector without
time inversion

2.3. WEIGHT DETERMINATION BY MANIFOLD REGULARIZATION
Manifold learning is a nonlinear dimensionality reduction method comparable to the linear
dimensionality reduction method PCA. However, since there are many technical difficulties
inherent to the use of nonlinear models, a variety of nonlinear dimensionality reduction
methods exists. All methods deal with other problems due to the nonlinearities; as a result
not all methods can necessarily be used for all datasets. Some examples of dimensionality
reduction methods are Polynomial PCA, Kernel PCA and Manifold learning used in this
chapter. ‘Manifold learning’ is the umbrella term for all algorithmic techniques that are used
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to recover the low-dimensional representation of an unknown nonlinear manifold M
embedded in a high-dimensional space. Although Manifold learning is closely related to the
other nonlinear dimensionality reduction methods like the previous mentioned Polynomial
PCA and Kernel PCA, Manifold learning algorithms are mainly concerned by recovering the
manifold M and outperform these methods when M is highly nonlinear (Izenman, 2008).
Weight Determination by Manifold Regularization (WDMR, (Ohlsson et al., 2008)) is the
Manifolds learning algorithm that is used in this research. The parameterization computed
by most manifold learning algorithms is constrained to have a unit variance, zero mean etc.
(depending on the manifold learning algorithm used). This constraint is replaced in WDMR
by fixing a number of values of the parameterization. If we know for example the associated
temperature of some chemical composition measurements, this can be used to fix the
parameterization to mimic the temperature parameterization. The WDMR algorithm
operates under the semi-supervised smoothness assumption (Chapelle et al., 2006). In our
case it means that it is assumed that regressors (proxies) are constrained to a manifold on
which the function value (temperature) varies smoothly.
WDMR computes predictions of the form shown in Equation (3). Here yk are temperature
measurements from the training dataset and k is the index. ŷ is the estimated temperature
and  k are the parameters giving how to weight the training temperature measurements to
obtain ŷ. The weights  k of WDMR reflect the distance along the manifold between proxy
measurements associated with yk and the proxy measurements associated with ŷ. This
means that you sum the weighted temperature measurements of the estimation data.  k is
the weight. The weight  k will be large if the proxy measurement k is "close" to the proxy
data point you want to find a temperature estimate for

yˆ   k .yk
k 1

(3)

It is interesting to compare WDMR with the intuitive approach presented in Section 2.2.
WDMR models the manifold but does not use a parametric polynomial model as in the
intuitive approach. Instead, a nonparametric description of the manifold is computed and
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translated into θk using ideas from the manifold learning method Locally Linear Embedding
(LLE, (Roweis & Sau, 2000)).
For the mathematical details of WDMR, the interested reader is referred to (Bauwens et al.,
2009; Ohlsson et al., 2009; Ohlsson et al., 2008).

2.4. SUPPORT VECTOR REGRESSION
The nonlinear regression method Support Vector Regression (SVR, see e.g. (Smola &
Scholkopf, 2004)) was developed from the classification method Support Vector Machines
(SVM see e.g. (Vapnik, 2000)). Where SVM looks for a ‘margin’ that maximizes the distance
between two non-overlapping classes of points in order to separate them, SVR is interested
in providing a function for the input vector (here proxy signatures) that would track the
points as closely. Therefore, the regression analogue of the ‘margin’ is now a ‘tube’ around
the true regression functions that contains most of the points. Points that are not captured
by the ‘tube’ would be described through slack variables. (Izenman, 2008)
To describe the proxies, SVR redefines the proxies to a new high-dimensional space. When a
good description -possibly very high-dimensional and nonlinear- is obtained, a linear relation
between the transformed proxies and the temperature can be obtained which approximates
the temperature well.
The difference between SVR and WDMR resides in the methods used to compute the
weights θk. The weights θk of WDMR reflect the distance along the manifold between proxy
measurements associated with yk and the proxy measurements associated with ŷ. The θk of
SVR, on the other hand, reflects the Euclidean distance between proxy measurements
associated with yk and the proxy measurements associated with ŷ. Since two parts of the
manifold can get close to each other, the distance along the manifold can differ a lot from
the Euclidian distance between two proxy measurements.
SVR has been successfully applied to a variety of problems (see e.g. (Wu et al., 2008) and
(Yuan et al., 2005)) and is considered to be a state of the art regression method within the
machine learning community. The details of this method are not within the scope of this
thesis, but the interested reader is referred to Smola and Scholkopf (2004).
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The SVR-code that was used in this chapter is a code programmed by Marcelo Espinosa of
the KU-Leuven. Interested readers are referred to the book ‘Least-squares Support Vector
Machines’ of Suykens et al. (2003) in which this method is described in full detail.

3. DATA
The datasets used to compare the three nonlinear multi-proxy methods to the classical
multiple regression methods were provided by Vander Putten et al. (2000) and Gillikin et al.
(2006a; Gillikin et al., 2006b). In the following section all details concerning the data are
presented. First the methods used by Vander Putten et al. (2000) and Gillikin et al. (2006a;
Gillikin et al., 2006b) will be discussed in the section ‘Raw data’. The prepossessing that was
specifically needed for implementing the nonlinear multi-proxy methods is discussed in the
section ‘Data preprocessing’.

3.1. RAW DATA
Vander Putten et al. (2000) and Gillikin et al. (2006a, 2006b) provided the data used in this
chapter. The experimental setup i.e., the monitoring and chemical analysis are similar for
these two datasets. Both datasets consist of high resolution measurements of Mg/Ca, Sr/Ca,
Ba/Ca and Pb/Ca in the calcitic layer of the common blue mussel (Mytilus edulis) grown in
the Scheldt estuary (The Netherlands). The craters produced by laser ablation were
approximately 50 μm in diameter and were spaced every 250 μm. For each shell 45 to 65
ablations were performed on the shell section that grew during the period of monitoring
defined below.
The Gillikin dataset consist of a single shell sampled at a site at the river mouth in Knokke.
The shell is monitored from February to September, 2002. For the blue mussel which is
known to halt growth during winter, this period corresponds to a complete growth season.
The analyses are obtained using a Fisons-VG frequency quadrupled Ng-YAG laser (266nm)
coupled to a Fisons-VG PlarmaQuad II + mass spectrometer.
The Vander Putten dataset consist of seven shells from Terneuzen, one shell from Ossenisse
and one shell from Breskens (Figure 4) and covers the period from April to June, 1996. These
data may not cover the whole growth season of the blue mussel, but include the spring
when changes in proxy values are greatest. A Fisons-VG PQII+ICP mass spectrometer and a
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Fisons-VG LaserProbe were used in the work of Vander Putten. The LaserProbe is based on a
Spectron 150 mJ Nd:YAG laser operating at 1064 nm (IR).
The total dataset covers a salinity range from 15 to 31 and a temperature range from 6.8°C
to 19.3°C. Lower temperatures are not recorded by the M. edulis shells in this dataset as a
result of the winter growth stop. But note that the growth-stop temperature can defer for
shells sampled at different locations or for other species.

3.2. DATA PRE-PROCESSING
LINKING PROXY DATA TO ENVIRONMENTAL DATA
The analysis of the shell proxy composition is done along a distance scale, starting at the
hinge connecting the two valves and moving along the growth axis. Temperature
measurements, on the other hand, are associated with a time scale. Without knowledge
about shell growth, linking proxy data to environmental data is not straightforward. For both
datasets the link was made by the so called anchor point-method (Paillard et al., 1996). This
means that the distance along the growth axis is assumed proportional to the time between
so called anchor points implying that in between anchor points growth is assumed linear.
However, the anchor points were selected differently for the two datasets. Two anchor
points for the Vander Putten et al. (2000) shells were defined by T0 (the transplantation on
the shell that is visible in the isotopic composition of the shell) and by T final (date of
collection). Eventually one or two extra anchor points were selected by fitting recognizable
patterns in trace-elemental chemistry (e.g. the Ba-peaks) to sample days of shells that were
sampled before. The anchor points for the Gillikin et al. 2006a and 2006b dataset were
obtained from pattern similarities between the δ18O profile of the shell and the SST profile
monitored at the study site. The assumption of subsequent linear growths, however, is an
approximation since shell growth is variable and not linear (Beelaerts et al., 2008; de
Brauwere et al., 2008; Schöne et al., 2005). Unfortunately other methods to reconstruct the
shell growth as described in (De Ridder et al., 2004) and (de Brauwere et al., 2008) could not
be applied to the datasets used in the present study since these methods are designed for
periodic signals and are not applicable to records covering only a single season, as is the case
here. As a result, the assumed shell growth rate and, more importantly, the link between
proxy information and environmental conditions, will contain errors.
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To limit this source of errors, data can be multiplied artificially (See Figure 3, Chapter 4). For
this reason the shifted proxy data (one step forward and one step backwards) of previous
measurements were considered as independent measurements of new proxies. The
optimization of the number of data shifts, however, is complex and therefore not used in
this preliminary comparative study. The impact of these data shifts are discussed in Chapter
4. For the results presented below, the data shifts were limited to one step in the future and
one step in the past, assuming that larger errors on the assumed shell growth rate are not
likely.
NORMALIZED DATA
By normalizing the data, the reconstructed environmental parameter depends on the overall
shape of the proxy record. Normalization was done by the dividing the data record by the
standard deviation and subtracting the mean of the measurements. This offers the
advantage that the data are becoming less sensitive to the site and the year specific
variability as well as to concentration shifts [see Figure 4; and also Stecher et al., 1996;
Gillikin et al., 2008)] since these effects will be filtered out. The disadvantages, however, are
that (1) some potential useful information coupled to the exact elemental ratios is lost, and
(2) temperature reconstructions are not possible from individual measurements since it is
not possible to normalize a discrete data point (it has no variance). Therefore the model
pulls its information from the overall shape of the proxy record, and not out of discrete data.
In this chapter all nonlinear regression models are based on normalized data. However, since
linear multiple regression is traditionally done on raw, not normalized data, we did not use
normalized data for the linear regression method in this chapter. This choice may have an
important effect on the results: for this reason the effect of normalizing the data is studied
in depth in Chapter 5 where the impact of several pre-processing factors is studied in
parallel.
TRAINING AND VALIDATION
After coupling all proxy data to environmental information the total dataset was further
divided into two parts: (1) A training dataset consisting of measurements from 6 shells
collected at Terneuzen and (2) a validation dataset consisting of 4 shells from the 4 sites
along the Scheldt estuary (see Figure 4).
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Figure 4: Scheldt estuary and study sites where the Mytilis edulis specimens were collected.

The training dataset was used to estimate a temperature model for each of the four
methods. In order to identify the proxy environment relationship, all proxy data of the
training dataset need to be coupled to environmental information. In some cases, where a
cost function has to be minimized to select model structure parameters, the training data
were further subdivided in a first training set of 5 shells and an optimization dataset of one
shell. This has been done to choose the best order of the polynomial in the intuitive
polynomial approach.
For the validation dataset, on the other hand, only the proxy data, and not the
environmental data, are used to estimate a reconstructed temperature for every proxy
measurement. To validate the models, the reconstructed temperatures were compared with
measured temperatures. The performances of the models were assessed based on the Root
Mean Squared Error (RMSE) between the reconstructed temperatures and the measured
temperatures. Using validation data from 4 study sites along the Scheldt estuary allows
testing the site specificity of the models. The fact that the shell of the Knokke site was also
sampled during another year also provided the opportunity to check both the time and the
site specificity of the computed models.
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Figure 5 shows the proxy records for the training and validation sets. Note that the proxies
are plotted and used on a distance scale (by sample number) corresponding to
measurement points on the shell that grew between the transplantation and the sampling of
the shell. Temperature reconstructions therefore are not on a time scale also but on a
distance scale. To put the data on a time scale other techniques are needed (Beelaerts et al.,
2008; de Brauwere et al., 2008).

Figure 5: Chemical signature along the growth axis of the shells used to train (left) and validate
(right) the models. The shells are from 4 locations along the estuary and from two different years:
Terneuzen 1996 (solid line), Ossenisse 1996 (--- line), Breskens 1996 (… line) and Knokke 2002
(-•-line).
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4. RESULTS
The reconstructed temperatures for the four investigated multi-proxy approaches are shown
in Figure 6: the dark lines are the reconstructions and the light lines the measured
temperatures. RMSE obtained for each model on each study site are given beneath the
graphs. In general the three nonlinear models perform slightly better than the linear
multiple regressions. The intuitive approach results in smother reconstructions than WDMR
and SVR. The last two methods show remarkable similarities in the reconstructed
temperature profiles, even though spikes present in the proxy measurements are sometimes
incorrectly interpreted as temperature variations.

Figure 6: Comparison of the reconstructed temperatures (dark gray line) and the measured
temperatures (light line) based on proxy records in shells from the four study sites and using
linear multiple regression (LMR), an intuitive polynomial approach (IPA), weight determination
by manifold regularization (WDMR) and support vector regression (SVR). The RMSEs are given
beneath.
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LINEAR MULTIPLE REGRESSION
The reconstruction performances obtained by linear multiple regression models are
relatively accurate with a maximal RMSE 3 of 2.53˚C for the independent shell from Knokke.
The reconstructed temperatures do show the same seasonal temperature pattern, but the
summer maxima temperatures are underestimated for all validation shells by linear model.
INTUITIVE POLYNOMIAL APPROACH
The intuitive polynomial approach results in smooth reconstructions with high accuracy. In
comparison to the other methods the highest accuracy is obtained by this method. The
method is able to reconstruct the overall trend of the temperature pattern although the
reconstructions show some abrupt jumps due to the time inversion constraint. Remarkable
is that the model trained on the validation shells of Terneuzen does not lose much in
accuracy when it is extrapolated to validation shells of the other study sites. This indicates
that this method is less sensible to overfitting. The RMSE of 1.49°C for the independent shell
from Knokke looks promising.
WEIGHT DETERMINATION BY MANIFOLD REGULARIZATION COMPUTES
Weight Determination by Manifold Regularization computes moderate temperature
reconstructions with a maximal RMSE of 2.51˚C for the independent validation shell from
Knokke. The overall trend of the temperature is reconstructed. Remarkable is that the spikes
observed in the reconstructed temperatures of the WDMR models are very similar to the
reconstructed temperatures of the SVR models.
SUPPORT VECTOR REGRESSION
Support Vector Regression shows moderate temperature reconstructions. The reconstructed
temperatures look very similar to the reconstructed temperatures obtained by WDMR
although spikes are often less extreme resulting in lower RMSEs.

3

Note that all RMSEs given in this thesis are estimates by them self. Therefore there is an uncertainty on
these values. The RMSEs calculated on the validation shells are based on at least 40 data point, this
means that the 90% uncertainty bound can be calculated as follows: Upper limit = RMSE *1.39, and
Lower limit = RMSE*0.66. For this calculation however the data are assumed to be normally distributed,
which is not the case, therefore it is important to realize this methods give only a rough estimate of the
uncertainty and not an exact value.
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5. DISCUSSION
In comparison to existing paleo-thermometer models based on trace elements (Klein et al.,
1996a; Surge & Lohmann, 2008; Wanamaker et al., 2008) all multi-proxy models examined in
this chapter produce accurate temperature reconstructions whit RMSEs around 2.5°C. The
strength of these models is probably a result of the combination of several proxies.
Generally three nonlinear methods performed slightly better than the LMR. It is difficult to
point out ‘a best’ nonlinear method. Although the intuitive approach often results in lower
RMSEs, the method is designed for this data which makes it less objective than the other
two methods. Moreover, the methods are built on a less stable mathematical basis than the
other two methods. Although the SVM models generally perform slightly better than the
WDMR, the difference is small, especially taking into account that the running time to train a
WDMR model is in the order of seconds and running time to train a SVR model is in the
order of hours.
In this chapter all data are treated in their most basic form. Although there is some data preprocessing done, at this stage the pre-processing is done arbitrarily, without optimizing the
pre-processing steps. It is important to realize that the choices made during the preprocessing may significantly affect the results.

5.1. LINEAR VERSUS NONLINEAR MULTI-PROXY MODELS
A first important finding is that all the studied multi-proxy approaches handle the differences
in salinity (from 30 in Knokke to 15 in Ossenisse) surprisingly well. Given the large range of
salinities, oxygen isotopic compositions (mostly used as temperature proxies) could not have
produced accurate temperature reconstructions (without knowledge of the oxygen isotopic
composition of the water). Indeed, the shell carbonate δ18O values depend both on
temperature and on the δ18O composition of the water, which is influenced by the mixing of
δ18O% negative freshwater with seawater (Epstein et al., 1953). Temperature
reconstructions based on δ18O measurements in a bivalve shell can be done with an accuracy
of 0.5˚C when the δ18O-value of the water is known. The δ18O value of the water is often not
known and it is strongly influenced by salinity. A difference in salinity of 1 and a
corresponding change in δ18Ow can incorrectly be interpreted as a change of 1˚C in water
temperature (Faure, 1986). Mg/Ca ratios (Klein et al., 1996a (RMSE = 4.8˚C); Wanamaker et
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al., 2008 (RMSE = 3.3˚C), Sr/Ca ratios with a RMSE of (Wanamaker et al., 2008 (RMSE =
3.7˚C)) and Li/Ca ratios (Clarke et al., 2009a RMSE = not given) have been proposed as
temperature proxies that are less affected by (=more robust to) salinity variation. But these
elemental ratios did result in a poorer temperature reconstruction than the models reported
in this chapter, probably due to interfering environmental parameters. The robustness of the
methods presented in the present chapter is likely due to the combination of several
proxies. The fact that variations in one proxy can be explained by variations in other proxies
in a multi-proxy model approach is the strength of these models. It is therefore probable
that the reconstruction capacity would improve by training the models on different or more
proxies.
A second important observation is that the nonlinear models do better in reconstructing the
overall trend of the temperature; especially summer maxima are better reconstructed by the
nonlinear models. This indicates that the proxy-temperature relationships are better
described by the nonlinear models. The findings presented in this chapter open new
research paths in paleo-climatology: it is possible that other proxies hide nonlinear
temperature information. Therefore, we would like to promote to test the method used in
this chapter on other datasets.
The reconstruction performance is generally better when it is based on proxy records for
validation shells from the same site as the training shells. Validation shells from different
sites had slightly less accurate temperature reconstructions. This result reflects the fact that
some, if not all, proxies are influenced by other site-specific environmental conditions. Since
the training of the models was done using only shells from Terneuzen it is probably hard to
avoid overfitted models. While in theory better fitted models should be obtained by using a
larger training dataset including shells from different sites, tests using a training set
consisting of shells from a larger salinity range did not provide better reconstructions. One
possible explanation may be that the one-dimensional manifold assumption (in the intuitive
approach and WDMR) is not correct. A solution may therefore lie in the use of a two
dimensional manifold. This would be an interesting topic for future research.
Two of the proxies in our dataset (Ba/Ca and Pb/Ca) are not known as potential paleothermometers in bivalve shells. Taking this into account the temperature reconstructions
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with a RMSE lower than 2.5°C are surprisingly accurate. The multi-proxy models could
produce even more accurate temperature reconstructions if based on proxies that have
been proven to be influenced by temperature. Two working strategies should be explored;
first, the best paleo-thermometry methods (Epstein et al., 1953; Klein et al., 1996a) could be
combined directly with the models presented in this chapter by adding the proxies to the
training dataset and developing a model containing the well-known, good working proxies.
Secondly, the models presented in this chapter could be combined indirectly with the
present paleo-thermometry methods to explain the noise on the present reconstructions.

5.2. FACTORS THAT INFLUENCE THE MODEL PERFORMANCE
The data presented in the previous section are based on normalized data, multiplied once in
the past and once in the future, using the four proxies at a time. It is important to realize
that the result looks different when data are preprocessed differently. Many pre-processing
factors can significantly influence the reconstruction performance of the final model: (1)
normalizing the data or not, (2) choosing a training set and a validation set, (3) choosing the
proxies that are incorporated in the model and (4) introducing dynamics in the model by
multiplying the data. In the following chapters the impact of these factors on the final
reconstructions will be discussed in detail. Chapter 3 is dedicated to the importance of proxy
combinations and in Chapter 4 we will examine the importance of introducing data shifts. In
Chapter 5 all factors that may influence the reconstruction performance of the models are
taken together to be optimized in parallel.

6. CONCLUSIONS
In this chapter we compared four multi-proxy methods: (1) linear multiple regressions (LMR)
to three novel nonlinear multi-proxy methods: (2) an intuitive polynomial approach (IPA); (3)
Weight Determination by Manifold Regularization (WDMR) and (4) Support Vector
Regression (SVR); all in their most basic form. Generally it can be concluded that the
nonlinear methods performed slightly better than the LMR, so in some cases these models
are better equipped for describing the proxy environment relationships.
Of the three nonlinear methods studied in this chapter It is difficult to point out ‘the best’
nonlinear method. All methods have advantages and disadvantages. Although the intuitive
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approach often results in lower RMSEs, this approach is developed for these specific data
and therefore the two other nonlinear methods are expected to give more robust results
because their underlying methodology is bases on more general ideas. SVR gives slightly
better results but WDMR works much faster.
Moreover, it is very important to realize that the model performance can be influenced by a
number of tuning factors that are difficult to optimize. The optimizations of these factors are
further investigated in the following chapters.
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CHAPTER 3: THE IMPACT OF THE PROXY
COMBINATION ON STATIC MULTI-PROXY MODELS

LINEAR VERSUS NONLINEAR
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Pictures on page 75 from:
M.C. Escher: “Bond of union” (top) and “Ants” (bottom)
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CHAPTER 3:
THE IMPACT OF THE PROXY COMBINATION
ON STATIC MULTI-PROXY MODELS
(LINEAR VERSUS NONLINEAR)
1. INTRODUCTION
Proxy information stored in bivalve shells is not easy to translate into environmental
information. First of all, until now no proxies have been found that are influenced by only
one environmental parameter. Secondly, some proxy-environmental relationships appear to
be nonlinear. In this thesis we propose to use multi-proxy models to deal with these
problems. In Chapter 1 the power of multi-proxy models is demonstrated and in Chapter 2 it
is shown that nonlinear models may be better to describe some nonlinear proxyenvironmental relationships. It is clear however that the choice of the proxies used to build a
multi-proxies model strongly influences the model performance.
In this chapter Linear multiple regression (LMR) and Weight determination Manifold
regularization (WDMR) are used as a prototype linear and a prototype nonlinear method, to
study the importance of proxy composition to both types of models. Then a method is
presented that can be used to evaluate the environmental information stored in every
proxy. Subsequently this method is used to give a physiological interpretation to the proxy
incorporation process based on observed proxy evaluations.
The chapter is organized as follows: In the second part of this introduction we summarize
what is known about the four proxies used in this study. In the second section the details
about the Linear multiple regression (LMR) and Weight determination Manifold
regularization (WDMR) are discussed. In Section 3 the impact of the proxy combinations is
investigated for linear and nonlinear models in order to examine the importance of a chosen
model type for different proxy combinations. In Section 4 the different proxy combinations
are evaluated and discussed in details. A short general discussion is given in Section 5. The
chapter ends with a brief conclusion in Section 6.
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1.1. THE PROXIES USED IN THIS CHAPTER
In this chapter four proxies have been evaluated. The proxy evaluation is based on
measurements of Mg/Ca, Sr/Ca, Ba/Ca and Pb/Ca published in Vander Putten et al. (2000),
and Gillikin et al. (2006a; 2006b). In this Section we summarize what is known about these
four trace elements. More detailed information about the proxies can be found in the
introduction of this thesis in “Section 5: Proxies in bivalves”.
Two of the four proxies used (Mg/Ca and Sr/Ca) are known to have some paleo-temperature
capacities. However, Mg/Ca ratios are shown to be hosted by the organic matrix and
therefore it is expected that the incorporation of Mg is strongly influenced by biological
factors (Foster et al., 2008; Takesue et al., 2008). Sr/Ca, on the other hand, would be
strongly influenced by the shells growth rate (Lorrain et al., 2005; Richardson et al., 2004).
The other two proxies studied (Ba/Ca and Pb/Ca) have rarely been linked to temperature,
and are therefore not recognized as potential temperature proxies. However, in some
studies they are coupled to the same parameters as Mg/Ca and Sr/Ca-ratios. Ba/Ca ratios in
bivalve shells are greatly coupled to primary production and water mixing events (Lazareth
et al., 2003). But Ba/Ca ratios have also been reported to be correlated to with shell growth
(Gillikin et al., 2008; Strasser et al., 2008). Pb/Ca ratios are mostly linked to antropogenetics
(Gillikin et al., 2005), but some studies report metabolic effects linked to an exclusion
mechanism of Pb (Dick et al., 2007). Taking in account the compatibility of these four
elements it can be expected that the combination of the proxies will lead to better and more
accurate temperature reconstructions.

2. DATA
The datasets used in this chapter were originally published in Vander Putten et al (2000) and
Gillikin et al. (2006a; 2006b). The datasets used in this chapter are the same as the datasets
as used in Chapter 2, but the number of validation shells has been extended (see Figure 1).
In the following section only the facts that are important for the physiological interpretation
of the proxy signal are summarized. For more detailed information about the raw data and
about the data pre-processing (linking proxy data to environmental information, normalizing
the data and the multiplication of the data) the reader is referred to Chapter 2.
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2.1.

RAW DATA

The dataset consists of spatially well resolved measurements of Mg/Ca, Sr/Ca, Ba/Ca and
Pb/Ca along the main growth axis in M. edulis shells. All specimens were sampled in the
Scheldt estuary (The Netherlands, Belgium); the exact geographical position of the four
study sites is shown in Figure 1. The total dataset covers a salinity range from 15 to 31 and a
temperature range from 6.8°C to 18.6°C for 1996 and from 8.7 °C to 19.3°C for 2002. For
each shell 45 to 65 ablations were performed over the shell section that grew during the
period of monitoring (corresponding with 3 to 4 months).

2.2. DATA PREPROCESSING
For the methodological details concerning the data pre-processing the reader is referred to
Chapter 2. However, as mentioned before some data pre-processing parameters may have
an important impact on the final temperature reconstructions, so these parameters need to
be clearly defined.
First of all it is important to mention that the data used for the nonlinear models have been
normalized, while the data used for the linear regression models have not been normalized.
The different pre-processing for the two model types is based on the fact that linear multiple
regression is traditionally performed on not normalized data, where a normalization step is
not uncommon in nonlinear models, especially when this step results in better
reconstructions. This choice however may significantly influence the results and therefore
the impact of normalizing the data is studied in detail in Chapter 5.
Secondly, the data used for training have not been multiplied, so no memory was added to
the system and the error on the growth rate assumption was not taken into account. This
choice is made to simplify the obtained models and to separate the effect from the proxy
combination from the possible dynamical effects that are discussed in Chapter 4.
Finally, the data were divided into two parts: a training dataset consisting of 6 shells from
the Terneuzen site in the Scheldt estuary and a validation dataset consisting of shells from all
4 sites along the Scheldt estuary, i.e., one shell from Knokke sampled in 2002, four shells
from Breskens, one shell from Terneuzen and four shells from Ossenisse sampled in 1996
(Figures 1 and 2).
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Figure 1: Geographical position of the study sites in the Scheldt estuary. Six shells from Terneuzen
were used for training the models, all the other shells were used for validation.

Figure 2: Chemical signature along the growth axis of the shells used to train (first column) and to
validate (column 2 to 5) the models. The Trace element/Ca ratios are given in mmol/mol.
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The training dataset was used to construct a model and the validation dataset to evaluate
the computed model’s performance. To study the importance of the proxy combination
used to compute a model, both training and validation data were preprocessed in such a
way that only the studied proxies were used. The fact that the specimen from Knokke is from
a different year than the other shells provides the possibility to check whether the model is
sensitive to year to year variability between proxies and environmental conditions.

3. LINEAR VERSUS NONLINEAR
3.1. METHOD
To investigate the benefit of using nonlinear methods rather than linear methods for
different proxy combinations we compared the reconstruction performance of models
generated using WDMR with models obtained by classical linear multiple regression (LMR).
Six shells from Terneuzen were used to train both the linear model and the WDMR model.
The model performances were calculated for the four validation sets consisting of shells
from the four study sites, including one additional shell from the training site (see Figure 1).
To calculate the model performance the Root Mean Squared Error (RMSE) between
measured and reconstructed temperatures for each data point was used. The reconstructed
temperatures from the nonlinear WDMR model and the linear multiple regression model
were compared.

3.2. RESULTS
The nonlinear WDMR model results in a better reconstruction of the seasonal temperature
pattern for the Knokke site, as shown in Figure 3. Also for the three other sites and for most
proxy combinations the nonlinear WDMR model performs better than the linear multiple
regression models in RMSE-sense (Figure 4). Furthermore, the performance of nonlinear
models increases when more proxies are included. The reconstruction performance of the
nonlinear WDMR model is up to 2 ºC better than the linear model for some proxy
combination. This result confirms that relationships between a proxy and the controlling
environmental condition can indeed be nonlinear.
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However, the weaker reconstruction performance of the nonlinear model for the Knokke
site indicates that the nonlinear model overfits the training data for some proxy
combinations, so that in these cases linear models result in better reconstructions (Figure 4).
This is in particular true for Ba, showing a distinct site-specific behavior at the Knokke site
(see Figure 2) which causes the linear model to perform better.
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Figure 3: Detailed visualization of the temperature reconstructions for the validation shell from
the Knokke study site for all proxy combinations. In light gray the measured temperatures, in
dark gray the reconstructions obtained using the nonlinear WDMR-model and in black the
reconstructions obtained using linear models
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Figure 4: Reconstruction performance of models in RMSE trained on the training dataset of
Terneuzen with a limited number of proxies. The performances of the WDMR models are given by
the bars and the performances of the LMR models are given by stems. RMSEs have been
calculated on all validation shells per study site.

3.3. DISCUSSION
Figure 3 makes it clear for the Knokke site that for most proxy combinations the nonlinear
WDMR model results in more accurate temperature reconstructions than the linear multiple
regressions. It is clear that the seasonal pattern is better reconstructed by the nonlinear
model even if Figure 4 shows that the RMSE are sometimes higher for the nonlinear model.
The reconstruction performance of the nonlinear model is almost always better than that of
the linear model and this up to 2˚C for some proxy combinations.
However, Figure 4 also shows that some proxy combinations do not benefit from the
nonlinear model. A linear model is less sensitive to model errors related to overfitting.
WDMR, like a manifold learning algorithm, finds descriptions of manifolds. If the
temperature associated with a specific measurement of Mg, Sr, Ba and/or Pb in the training
set is known, that information can be used in WDMR to impose a one-dimensional
description of the curve imitating the temperature. If the chemical composition would only
depend on the water temperature, concentrations of Mg, Sr, Ba and/or Pb would be
restricted to a one-dimensional curve in the four-dimensional proxy space with each position
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on the curve having a temperature associated with it. The computed WDMR-model can then
be used to provide an estimate of the prevailing water temperature for any other data of
Mg, Sr, Ba and/or Pb. As in all real-world problems there is of course noise associated to our
measurements. Also, the concentrations of Mg, Sr, Ba and/or Pb do not only depend on
water temperature and some site specific differences can occur. Therefore the data will
scatter around a one-dimensional curve, and proxy measurements made on shells of other
study sites will not precisely follow the manifold computed on the training set. Typically
errors occur at places where the proxy signature of the other shell significantly differs from
the training data.
The site specificity of Ba that can be observed in Figure 2 is discussed later in ‘Section 4.3.,
Barium’. In theory, this problem can be solved by using a more divers training set, containing
data from all the different study sites. However, tests using a training set consisting of shells
from a larger salinity range did not provide better reconstructions. One possible explanation
could be that the one-dimensional manifold assumption is not significant. The use of a two
dimensional manifold, in which one dimension represents the temperature and a second
dimension represents the salinity, may be a solution. This however, is not tested yet and
remains an interesting topic for future research.
Another important remark is that several proxy-environmental relationships between proxy
and environmental control factors reported in literature behave linearly (Wanamaker et al.,
2008; Carre et al., 2006), and in these cases a linear model with a lower number of
parameters is still preferable. However, this should not be a reason for not using nonlinear
methods since nonlinear methods can fit linear data, while nonlinear data cannot be
described by linear regression methods: a linear model is, generally speaking, a special case
of a nonlinear one. So, by applying a model selection criterion, to avoid overfitting, the
optimal model complexity could be selected.
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4. EVALUATION OF PROXY COMBINATIONS
4.1. METHOD
To investigate the benefit of a multi-proxy approach using the WDMR method and to
examine the contribution of the different proxies, different models were constructed based
on a limited number of proxies. In total 15 combinations of proxies were investigated. The
RMSE values were used to quantify the model performances. For the nonlinear models
seven unique contribution factors were defined in order to quantify the contribution of each
proxy. Every contribution factor quantifies how much a specific proxy contributes to a
specific model; in other words, the contribution factor informs on how much the RMSE
decreases by including the information of the investigated proxy into a specific model. For
example one of the seven contribution factors for Mg is 1.62˚C. This means that the RMSE of
a MgSr model was 1.62˚C lower than the RMSE of a Sr-only model. Negative contribution
factors on the other hand, reflect that including a specific proxy in the model has a negative
influence on model reconstruction performance. All contribution factors are defined as the
difference between the RMSE from two model configurations (i.e. models run with different
combinations of elemental ratios) (Table 1). This enables us to evaluate the model
performance change due to inclusion of additional proxies.
All trace element combinations were tested for their robustness to salinity. This was done by
using the different models, to reconstruct the temperature based on the validation shells
from the four sites along the estuarine salinity gradient.

4.2. RESULTS
Figure 5 demonstrates that the four-proxy model generated with the WDMR method is
relatively insensitive to changes in salinity, since the model is able to reconstruct the
temperature for all study sites along the estuarine salinity gradient, without systematic
errors due to differences in salinity. The overall trend of reconstructed temperature is very
similar to the measured temperature, but the reconstructed temperature profiles show
more variability. Though the best reconstruction is obtained for the validation shell from the
same study site and collected at the same time as the training shells (RMSE =1.29 ˚C), the
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temperature reconstructions for the three other study sites are still better than 2.19˚C. The
validation shell from Knokke, sampled in a different year than the training set, has a similar
RMSE as the validation shells at Ossenisse and Breskens, sampled at the same period as the
training set. Therefore we can conclude that the model correctly resolves possible interannual variability in the proxies-temperature relationship.

Figure 5. Measured water temperature (dashed line) and reconstructed water temperature (solid
line) obtained by the four-proxy WDMR model trained on the training set of Terneuzen and then
tested on one validation shell from Terneuzen, Breskens, Ossenisse and Knokke. RMSEs are
calculated on one validation shell.

The reconstruction performance of models trained for different proxy combinations is
shown in Figure 4. In general, RMSE decreases when the number of proxies increases. This
trend is also observed in Table 1 where it is demonstrated that the use of an additional proxy
in a multi-proxy model greatly improves reconstruction performance since most contributing
factors (i.e. RMSE with proxy - RMSE without proxy) are positive. The benefit of using a
multi-proxy model is therefore significant, although it is clear that not all proxies contribute
equally to the final reconstruction and the four-proxy model is not necessarily the best
model in all circumstances
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Table 1: Seven unique contribution factors are defined per proxy. Every contribution factor is
defined by the difference between the RMSE (in ˚C) of a model based on a proxy combination with
the investigated proxy and the RMSE (in ˚C) of a model based on a proxy combination without the
investigated proxy. The average contribution of each proxy is given per study site and for the
total validation set. Negative contribution factors are marked in red and mean that the
corresponding proxy does not contribute to a better reconstruction.
Contribution of Mg (in ˚C)
RMSE using MgSr-RMSE using Sr
RMSE using MgBa- RMSE using Ba
RMSE using MgPb- RMSE using Pb
RMSE using MgSrBa- RMSE using SrBa
RMSE using MgSrPb- RMSE using SrPb
RMSE using MgBaPb- RMSE using BaPb
RMSE using MgSrBaPb- RMSE using SrBaPb
Average
Contribution of Ba (in ˚C)
RMSE using MgBa- RMSE using Mg
RMSE using SrBa- RMSE using Sr
RMSE using BaPb- RMSE using Pb
RMSE using SrBaPb- RMSE using SrPb
RMSE using MgBaPb- RMSE using MgPb
RMSE using MgSrBa- RMSE using MgSr
RMSE using MgSrBaPb- RMSE using MgSrPb
Average
Contribution of Sr (in ˚C)
RMSE using MgSr- RMSE using Mg
RMSE using SrBa- RMSE using Ba
RMSE using SrPb- RMSE using Pb
RMSE using MgSrPb- RMSE using MgPb
RMSE using MgSrBa- RMSE using MgBa
RMSE using SrBaPb- RMSE using BaPb
RMSE using MgSrBaPb- RMSE using MgBaPb
Average
Contribution of Pb (in ˚C)
RMSE using MgPb- RMSE using Mg
RMSE using SrPb- RMSE using Sr
RMSE using BaPb- RMSE using Ba
RMSE using SrBaPb- RMSE using SrBa
RMSE using MgBaPb- RMSE using MgBa
RMSE using MgSrPb- RMSE using MgSr
RMSE using MgSrBaPb- RMSE using MgSrBa
Average

Terneuzen
1,62
0,47
1,46
1,06
1,86
1,06
1,07
1,23
Terneuzen
0,62
1,08
0,70
0,93
0,66
0,59
0,13
0,67
Terneuzen
0,69
0,00
-0,31
0,09
0,65
-0,09
-0,08

Breskens
0,74
0,28
0,63
0,12
0,93
0,12
0,24
0,44
Breskens
0,40
0,93
0,35
0,90
-0,19
0,13
0,21
0,39
Breskens
0,36
0,43
-0,36
-0,06
0,09
0,18
0,30

Ossenisse
2,05
0,14
0,85
0,15
2,19
0,15
0,19
0,81
Ossenisse
0,21
1,77
0,81
2,22
-0,01
0,32
0,22
0,79
Ossenisse
0,59
0,24
-0,93
0,41
0,70
0,48
0,52

Knokke
0,78
0,20
0,79
0,31
0,75
0,31
0,58
0,53
Knokke
0,16
0,94
0,58
0,55
0,20
0,44
0,38
0,46
Knokke
-0,10
0,10
-0,09
-0,13
0,18
-0,12
0,15

Average

0,14
Terneuzen
0,97
0,13
0,06
-0,49
0,66
0,37
-0,08
0,23

0,13
Breskens
0,37
-0,24
-0,03
-0,12
-0,19
-0,05
0,03
-0,03

0,29
Ossenisse
0,09
-0,23
-0,01
0,33
-0,01
-0,09
-0,19
-0,02

0,00
Knokke
0,26
0,26
0,09
-0,23
0,20
0,23
0,17
0,14

0,23
Average

0,75
Average

0,58
Average

0,08

Table 1 shows that on average all proxies contribute positively to the final reconstruction.
Mg can improve the RMSE of a temperature reconstruction with 0.75˚C, on average. Ba
improves the RMSE of a temperature reconstruction with 0.58˚C. Sr and Pb, however, show
lower contribution factors of 0.23˚C and 0.08˚C, respectively. The average contribution
factors shown in Table 1 therefore suggest that Mg and Ba contribute the most to an
accurate temperature reconstruction.
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4.3. DISCUSSION
Using the WDMR-method to construct paleo-thermometer models yields accurate
temperature reconstructions for shells from Terneuzen where the training set was sampled.
This reconstruction shows that it is possible to reconstruct the temperature based on Mg, Sr,
Ba and Pb. The reconstruction performance is slightly poorer for shells from the other sites,
suggesting that the model is sensitive to site-specific variations. However, considering the
salinity range from 32 (Knokke) to 15 (Ossenisse), the reconstruction performance (RMSE
lower than 2.19˚C) for shells from a different site (and salinity) than the training set, is
promising. Compared to other approaches for reconstructing water temperature based on
the blue mussel archive (Epstein et al., 1953; Wanamaker et al., 2008; Klein et al., 1996b),
the performance of the method proposed here is of a similar standard, if not better.
The multi-proxy model presented in this paper is built on four proxies of which two (Ba and
Pb) were previously not considered to have potential as paleo-thermometers. It is therefore
probable that this method will provide even better reconstructions when trained on a set of
well known temperature sensitive proxies or when combined with another paleothermometry method [e.g. δ18O, Epstein et al., 1953]. Nevertheless, the use of nonlinear
methods in general allows us to discover less obvious (nonlinear) relationships between
proxies and temperature. Consequently, it is possible that the use of modern nonlinear
multivariate statistics (among which the WDMR method) will help in finding new proxies
with hidden paleo-thermometer potential. The use of nonlinear models in general will
probably open new research paths in paleo-climatology.
Figure 4 shows that models based on a combination of proxies perform better than single
proxy models. But it is also clear that not all proxy combination perform as well. Table 1
gives an objective overview of the contributions of Mg/Ca, Ba/Ca, Sr/Ca and Pb/Ca to paleotemperature models. It demonstrates that Mg, already known as a temperature proxy (Klein
et al., 1996b; Wanamaker et al., 2006), shows the highest contribution to the temperature
reconstruction. More surprising is that Ba and Pb, which have not been proposed as
temperature proxies, seem to contribute more to the temperature reconstruction than Sr
which has been suggested as a paleo-thermometer (Wanamaker et al., 2008).
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MAGNESIUM
Our results confirm the paleo-thermometry capacity of the Mg/Ca ratio, as reported for
several bivalve species by others (e.g. Klein et al., 1996b; Wanamaker et al., 2008).
However, the Mg-temperature relationship is not linear (see Figure 4 of Chapter 1). The Mgtemperature relationship seems to reflect that Mg incorporation in M. edulis is driven by a
physiological response to temperature, with a maximal Mg incorporation around 16 ºC. This
possible physiological temperature response may link Mg to the other studied proxies and
explains why combining Mg with other proxies results in better reconstructions (see
Figure 7). For instance, if Mg incorporation in the shell indeed depends on physiology it is
reasonable to assume that Mg incorporation will also be influenced by other intrinsic factors,
since the animal’s physiological condition will be influenced by metabolic activity, growth
rate, food availability and/or ontogenetic stage. Therefore, Sr (being a potential proxy for
metabolic activity and growth rate), Ba (being a potential proxy for food availability) and Pb
(also being influenced by ontogenetic stage) may explain some variation in the Mg/Ca profile
of a shell.
However, except for the work of Vander Putten et al. (2000), which is based on the same
dataset, a similar Mg/Ca-temperature relationship showing maximal Mg uptake at an
intermediate temperature has not been reported in literature. Most published papers
propose linear Mg-temperature relations for bivalves (e.g. Richardson et al., 2004; Pearce
and Mann, 2006; Klein et al., 1996b; Klein et al., 1996a). Freitas et al. (2006) observe an
exponential Mg-temperature relationship for different bivalve species. That relationship is
similar to the abiogenic Mg/Ca-temperature relationship reported by Oomori et al. (1987)
and the temperature dependent Mg-incorporation in foraminifera reported by Barker et al.,
(2005).
BARIUM
The nonlinear Ba-model results in fairly accurate SST reconstructions, indicating that Ba
uptake in the shell of M. edulis is partly driven by temperature. The temperature
dependence of Ba-incorporation has been observed in larval and juvenile bivalve shells in
statoliths (Zumholz et al., 2007) and in gastropods-shells (Zacherl et al., 2003). Moreover, it
is probable that the Ba-temperature relationship is indirect and rather reflects temperature
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driven plankton blooming or water mixing events (Lazareth et al., 2003; Barats et al., 2009).
These indirect relationships can be informative but one should be aware of the model errors
that could be created, possibly biasing the temperature reconstruction. Bloom events are
indeed quite complex, and are influenced by many environmental parameters such as river
discharge, wind speed, insulation etc (Cloern et al., 1995). The failure of the Ba-model at the
Knokke site is probably due to these model errors. Figure 3 show that Knokke is the only site
where a lower and broad Ba-peak is observed. The model trained on shells of Terneuzen
incorrectly couples the Ba-peak to temperature increase, since all training shells showed
independently a Ba-peak when the temperature increased in spring. The broad peak in
Knokke is therefore interpreted identically by the model, although the origin of this different
signature is probably different. To avoid this sort of model errors it is not recommended to
use Ba/Ca ratios as standalone temperature proxy.
STRONTIUM
In contrast with the studies that report a relation between Sr/Ca ratios and water
temperature in calcitic bivalve shells (Carre et al., 2006; Freitas et al., 2005; Wanamaker et
al., 2008), our results shown in Table 1 and Figure 4 indicate that Sr/Ca ratios do not carry
much temperature information. The Sr/Ca-model computed in this paper does not result in
satisfactory temperature reconstructions, neither for shells from the Terneuzen training site
nor for the other sites. Moreover, when Sr is added to a multi-proxy model often a negative
impact is seen, indicating that Sr uptake is poorly influenced by temperature and also that
the variations in Sr/Ca ratios do not contain significant information that assists in resolving
the variation in other proxies. Nevertheless, Sr/Ca seems to have a positive influence on the
site specificity of Ba/Ca, and the combination of Sr/Ca-ratios and Mg/Ca ratios greatly
results in better reconstructions than the for the two proxies individually.
These results suggest that Ba/Ca ratios and Sr/Ca ratios are influenced by a common
environmental factor. Lazareth et al. (2003) also observed some Sr/Ca maxima that coincide
with Ba/Ca-peaks. It is possible that the incorporation of both elements is influenced by shell
growth rate as suggested, at least for Sr/Ca, by Carré et al. (2005), Gillikin et al. (2005) and
Foster et al. (2009). Therefore, considering that Mg/Ca is a potential temperature proxy,
even though it appears affected by variable shell growth rate and metabolic activity
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(Takesue et al., 2008), the combination of Mg/Ca with Sr/Ca and Ba/Ca can help to explain a
considerable fraction of the Mg/Ca signal noise. This is observed in our dataset where the
RMSE of the MgSrBa model is a significantly lower than the RMSE of the Mg/Ca model
(RMSE(MgSrBa-model) - RMSE(Mg-model) = 1.28˚C; 0.49˚C; 0.91˚C and 0.34˚C for Terneuzen,
Breskens, Ossenisse and Knokke, respectively).
LEAD
The Pb/Ca-model does not result in accurate temperature reconstructions (Figure 4) and
when adding Pb to a multi-proxy model, low or negative impacts are observed. This means
that Pb uptake is poorly influenced by temperature and also that the variation in Pb/Ca
ratios does not contain much information helping to explain variation in other proxies.
Nevertheless, when Pb/Ca is added to the MgBa model, contribution factors increase
(Table 1). This suggests that Pb/Ca and Ba/Ca are influenced by a common parameter. In
Strasser et al., (2008) it has been shown that Pb and Ba incorporation in junenile bivalve
shell is influenced by temperature. Moreover, Pb/Ca profiles sometimes show ontogenetic
trends (Dick et al., 2007), suggesting some physologincaly driven incorporation which may
explain the positive contribution factors of Pb in the multi-proxy models.
However, Pb/Ca ratios in shells have been shown to be strongly influenced by anthropogenic
activities (Gillikin et al., 2005; Richardson, 2001) rather than natural climate related changes.
So, we do not recommend including Pb in a multi-proxy model.

5. GENERAL DISCUSSION
5.1. THE IMPACT OF DATA PREPROCESSING
Although the reconstructions obtained by the WDMR method are fairly accurate it remains
important to explore if no better results can be obtained. Several pre-processing parameters
can be tuned differently.
As shown in Chapter 2 other methods can be used to compute multi-proxy models, in this
chapter WDMR is used as ‘prototype’ nonlinear model to explore the impact of proxy
combinations to the model performance. The choice of the WDMR method is not necessarily
the best for this data and other methods may result in better reconstructions. Introducing
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dynamics by multiplying the data can change the model performance, which is investigated
in Chapter4. In Chapter 5 all pre-processing parameters are tuned in parallel. As such the
impact of several choices made during the pre-processing of the data (e.g. normalizing the
data and the composition of the training and validation set) will be investigated
systematically for the 4 methods presented in Chapter 2.
One important choice that is made in this chapter is the fact that the data are normalized for
the construction of a nonlinear model but not normalized to build a linear model. This choice
is based on the fact that linear multiple regression analysis are traditionally done on raw
data, were more nonlinear regression methods are often applied to normalized data.
However, the importance of normalizing becomes clear later in this thesis, in Chapter 5,
where it is observed that the benefit of using nonlinear model is less obvious when the
comparison of both methods is based on results obtained on normalized data for the two
methods.

5.2. IMPROVING THE RESULTS
The WDMR method may be used in a different way. As mentioned before the site specificity
of the model could be improved by introducing two-dimensional manifolds; this however
remains a future research objective that is further discussed in the “Conclusions and future
prospects”.

5.3. EXTRAPOLATING THE MODELS
Of course an important question remains if obtained models can be extrapolated to other
geographical locations, to other species and to that that have been obtained using other
analytical methods (e.g. higher or lower resolution, more or less averaging). These questions
are studied in detail in Chapter 6, but discussed briefly below.
YEAR TO YEAR AND SITE SPECIFIC VARIATIONS
Several studies reveal that trace element profiles in shells may vary significantly between
successive years (Barats et al. 2009) and between different study-sites (Gillikin et al. 2006a).
These year to yaer and site-spesific variation can also be observed in the dataset we used.
For example in Figure 3 it can be observed that the Ba/Ca profiles are different in Breskens,
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where a double Ba peak is observed, and in Knokke, where the amplitude and the shape of
the Ba peak is different from the other sites.
The accurate temperature reconstruction based on the shell from Knokke, sampled during a
different year and at a different site relative to the training site, suggests that the models are
relatively robust to year to year and site specific variations in trace element composition.
Moreover, even though the distance between Terneuzen and Knokke is not more than
40 km the two sites strongly differ in environmental conditions: the Terneuzen site is an
estuarine environment with lower salinity compared to the Knokke, therefore the model is
probably fit for application to a wider environment than studied here.
However, we did observe differences in site specificity for different proxy combination (e.g.
the Ba/Ca problem that is observed for the Knokke site) therefore the site specificity of every
proxy has to be investigated independently and in combination with other proxies before a
model based on a specific proxy combination can be extrapolated to a broader environment.
SPECIES SPECIFICITY
The model presented in this paper is trained on shells M. edulis. At this stage, we do not
expect that this model can be extrapolated to other species. The Mg/Ca ratios that are the
main players in the temperature reconstruction are assumed to be influenced by several
vital forcers which are probably species specific. However, the WDRM method could be used
to develop nonlinear models to reconstruct the paleo-environment for all different types of
natural climate archives.

5.4. BUILDING NEW MODELS USING THE WDMR METHOD
As mentioned before, the model presented in this chapter is likely to be species specific,
implying that a new model needs to be constructed for other species. Moreover, we believe
the WDMR method could also be used to build a stronger model for M. edulis shells. The
model presented in this paper is based on trace elements of which some were never linked
to temperature before (i.e. Ba/Ca and Pb/Ca). Although Ba/Ca has clearly been shown to
improve temperature reconstructions, a multi-proxy model that uses even more proxies
with

paleo-thermometry

capacity

would

significantly

improve

the

temperature

reconstructions. Therefore, we encourage the construction of a WDMR model using high
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resolution measurements of Li/Ca ratios (Thebault et al., 2009), deuterium (Carroll et al.,
2006) and oxygen isotopes (Epstein et al., 1953). On the other hand we also encourage
exploring other elemental and isotopic measurements using the WDMR-method since this
method is able to detect less evident relationships between a potential proxy and its
environment.
The WDMR toolbox for Matlab is available on-line, as annex to Bauwens et al. (2010),
nevertheless we recommend contacting the authors to ensure the correct use of the WDMR
toolbox.

6. CONCLUSIONS
THE BENEFIT OF NONLINEAR METHODS
In this chapter we show that using a nonlinear model to describe a proxy dataset can
improve temperature reconstruction performance with more than 2ºC compared to classical
multiple regression techniques. The comparison between the two methods however, may be
biased by the fact that the linear model is based on not normalized data where the nonlinear
models are based on normalized data. Therefore the impact of normalizing data is studied in
detail in Chapter 5.
THE BENEFIT OF COMBINING PROXIES AND PROXY SELECTION
Furthermore, we demonstrate that combining different proxies results in better
temperature reconstructions. However, it is clear that not all proxies contribute equally to
the final result. Our tests confirm that the Mg/Ca ratio in bivalve shells is a successful paleothermometer. We suggest that the Mg biomineralization is driven by a physiological
response to changing temperature, which is possibly perturbed by metabolic activity and
variable growth rate of the bivalve. The Combination of Mg, Ba and Sr into a multi-proxy
model was successful because Ba and Sr reduce interfering effects due to metabolism and
growth rate variation, thereby reducing the variance of the temperature prediction based on
Mg.
THE ROBUSTNESS OF THE WDMR METHOD
The nonlinear multi-proxy model obtained by the WDMR is able to reconstruct temperature
with a RMSE of less than 2.19˚C for a salinity ranging from 32 to 15. In comparison with
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other paleo-thermometry methods, the performance using WDMR is good, if not better. This
stresses that there is indeed a significant underlying low-dimensional structure in the proxy
space. Although WDMR is a complex and sophisticated method, its success and robustness
relies on its capability to combine nonlinearly proxy measurements into a multi-proxy model.
One of the main messages of this contribution is therefore to encourage other researchers
to combine their proxy measurements in one nonlinear multi-proxy model, since this will
allow identifying new proxies with paleo-thermometer potential.
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CHAPTER 4: INTRODUCING DYNAMICS TO
LINEAR AND NONLINEAR MULTI-PROXY MODELS

THE MEMORY OF A SHELL
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CHAPTER 4: INTRODUCING DYNAMICS TO
LINEAR AND NONLINEAR MULTI-PROXY MODELS
1. INTRODUCTION
Bivalve specimens sampled at a single site may show very similar chemical shell
compositions (e.g. Epstein et al., 1953; Klein et al., 1996a) and therefore have been
recognized as potential paleo-environment archives. However, the translation of the shell
chemical signatures to environmental information was shown to be very complex. The
factors and processes influencing shell composition are complex and consist of a
combination of direct and indirect drivers as illustrated in Figure 1. First of all the
incorporation of a proxy is influenced by several environmental conditions at a time.
Secondly, several of these conditions (e.g. seawater chemical composition, food composition
and shell metabolism) are themselves influenced by these environmental parameters.

Figure 1: proxy incorporation processes in a bivalve shell are influenced directly by the
environment, but also indirectly by the chemical composition of the food and of the ambient
water and by physiological processes in the shell. Therefore it is likely that the chemical
composition of the shell does not only reflect the environment at the moment that the shell is
formed, but also the past environmental conditions.
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The problem of interfering parameters influencing the shell chemistry has been discussed in
the previous chapters with the use of multi-proxy models. The benefit of using linear multiproxy models is demonstrated on three datasets in Chapter 1. In Chapter 2 it is
demonstrated that the reconstruction performance could be improved by introducing
nonlinear multi-proxy models since some proxy environment relationships are substantially
nonlinear. In Chapter 3 the importance of the proxy combination is investigated in linear and
in nonlinear multi-proxy models. However, constructing the proxy record in the shell may
not exactly be synchronous with the prevailing environmental condition. This is because the
involved intermediary processes (such as plankton development, food assimilation and
biomineralization) may lag behind the ultimate environmental controlling condition.
Furthermore, the archived proxy signal may be influenced by the variable retention in
different bivalve tissues before being mineralized during shell construction. Therefore, the
chemical composition of a specific locus of the shell at time t does not only necessarily
reflect the environmental condition at time t, but partly the recent past environment as well.
None of the previous chapters did take into account that several indirect factors may result
in a delayed elemental uptake.
In this chapter we will add a ‘memory’ to the model, allowing linking the proxy composition
of a shell to past environmental conditions. In this way, the possible delayed response of the
trace element record construction relative to variation in the environment is investigated. By
introducing a simple additional step in the pre-processing of the data an artificial ‘memory’ is
created, so that the linear and the nonlinear multi-proxy models can be used as described in
the previous chapters. The main objective in this chapter is to study whether dynamical
models result in better reconstructions. Secondly we investigate if it is possible to optimize
the new data-pre-processing step in an objective way.
The chapter is organized as follows: In the second part of this Section 1 we explore the
literature to find more arguments for the use of dynamical models. In Section 2 the data
used in this chapter are discussed with the focus on the data preprocessing, this is the mayor
difference with respect to the previous chapters lying in the dynamics that are introduced
here. In Section 3 the methods to study the impact of these dynamics are put forward. The
results are presented in Section 4 and discussed in Section 5. This chapter ends with a
conclusion in Section 6.
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1.1. EVIDENCES OF DYNAMICAL PROCESSES IN SCLEROCHRONOLOGY
Although the use of dynamical models has not been proposed yet for this kind of data, a few
datasets can be found in the sclerochronology literature that would benefit from the
introduction of dynamical models.
Several studies have been dedicated to the origin of the Ba-peak in biogenic carbonates such
as shells. Several studies simply assumed that Ba- peaks reflected the timing and intensity of
plankton blooming events. This statement, however, needs to be refined after the results of
Gillikin et al. (2008) and Barats et al. (2009) revealing that Ba-peaks in bivalve shells occurred
with a significant delay relative to the plankton boom timing (Figure 2).
A second possible dynamical response of a shell to its environment is observed by Klunder et
al. (2008) who report that the strong Mn enrichment in the shell coincides with the start of a
plankton bloom, but Mn concentrations decrease much more slowly compared to the abrupt
ending of the bloom (Figure 2).
A last example of a possible dynamical response is from our own field data (Bauwens et al.,
2007). For the lithogenic elements Mn, Fe and Al we observed a concentration peak in the
skirt of Mytilus edulis which occurred almost one month after a very similar peak in the
visceral mass (see Figure 2). This may suggest that these elements had a transition time of
one month to be transported from the visceral mass that includes the digestive organs of the
mussel, to the skirt, which is the part of the mantle where the periostracum and the shell is
attached and partly formed. This example, however, is based on a one year monitoring of a
study site in Knokke were three shells of 30±0.5mm have been dissected, a longer
monitoring however, is needed to confirm these results.
So, there are multiple evidences indicating the occurrence of delayed responses of trace
elements to their environment. Taking these delayed responses into account might improve
the reconstructions of past environmental conditions. Figure 2 shows delayed responses as
discussed above.
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Figure 2: Evidence of dynamical processes in sclerochronology:
A and B: The Ba-peak in shell of Pexten maximus occurs approximately one month after the
plankton bloom. (Figure A from (Gillikin et al., 2008) and figure B from (Barats et al., 2008))
C: Mn/Ca ratios (dots) seem to increase during the plankton bloom (line) but stay high for a
longer period. (figure from (Klunder et al., 2008)).
D: The lithogenic elements (Mn, Fe and Al) show a peak in the digestive organs (the visceral)
approximately one month before the peak occurs in the shell forming organ (the skirt)
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2. DATA AND DATA PREPROCESSING
2.1. RAW DATA
The data used in this chapter are the same data as used in the previous chapters, and were
originally published in Vander Putten et al. (2000) and Gillikin et al. (2006a; 2006b). Both
datasets consist of spatially well resolved measurements of Mg/Ca, Sr/Ca, Ba/Ca and Pb/Ca
along the main growth axis in Mytilus edulis shells. All specimens were sampled in the
Scheldt estuary at Terneuzen, Ossenisse, Breskens and Knokke in the year 1996 and the year
2000. For more details about the data we refer to Chapter 2, Section 3, where these two
datasets are described in full detail.

2.2. FROM DISTANCE TO TIME-SCALE
The data presented in Vander Putten et al. (2000) and in Gillikin et al. (2006a; 2006b) so far
were obtained along a distance scale, being the equidistantly sampled ablation craters on
the growth axis of the shells. However, for the analyses of dynamical processes data need to
be equidistantly sampled in the time domain. When this is not the case moving a step in the
past or in the future cannot be interpreting as a delay in the proxy incorporation process
because the actual time between two data point that are not sampled equidistantly in the
time domain is variable an unknown. Unfortunately, the shell growth rate variation is
unknown, making it impossible to find the true link between the distance scale of the proxy
measurements and the timescale of the temperature measurements. This problem, known
as the ‘Time-basis problem’, is a common problem in sclerochronology and several studies
have been dedicated to it. A nice review on this subject is given by de Brauwere et al. (2008).
However, all the methods presented in that paper apply for substrates offering several
periodic proxy signals and can therefore not be used on shells of less than one year old.
Therefore the ‘anchor point method’ was used to construct a time base, as described by
Paillard et al. (1996). This method assumes a linear growth between so called ‘anchor
points’. These anchor points are positions on the growth axis of the shell which can be dated
(e.g. by measuring or marking the shell during a field survey or by linking recognizable
patterns in the shell chemistry to environmental parameters).
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However, it is important to realize that the ‘anchor point method’ assumes that there is no
time lag between the ‘the recognizable proxy pattern’ and the external forces. Moreover,
the assumption of the subsequent linear growths between the ‘anchor points’ is likely to be
wrong. Therefore the link between proxies ant there environment will be incorrect for many
data points. Moreover, the number of ‘anchor points’ and the position of the ‘anchor points’
can strongly influence the results.
For the data of Vander Putten et al. (2000) two to maximum three ‘anchor points’ are
chosen. These anchor points were defined by T0 (the transplantation of the shell from the
Oosterschelde to the study sites in the Westerschelde which is marked by a change in the
δ18O isotopic composition of the shell) and by Tfinal (date of collection). For the few shells for
which a third anchor point was used, the latter was represented by recognizable patterns in
trace-elemental chemistry (assuming no time lag). This means that for most shells a linear
growth was assumed between the beginning of the experiment and the end of the
experiment. This means that large errors may result from the constant growth rate
assumption making it difficult to provide a physiological interpretation of the results.
For the data of Gillikin et al. (2006a; 2006b) it would have been possible to construct a more
realistic time base since for this shell 18O measurements were available and more anchor
points could have been chosen. However, to ensure the homogeneity of the data we
decided to treat the Gillikin et al. dataset exactly the same way as the Vander Putten et al.
one.
So both datasets contain errors in assumed growth rate which links the proxy data to the
environmental measurements. The errors however are of the same nature and an
appropriate dynamical model should be able to link temperature data to ‘the right’ proxy
information by training the model in such a way that the ‘right’ proxy information is used for
reconstructions.

2.3. INTRODUCING DYNAMICS BY SHIFTING THE DATA
Dynamical models are defined here as models that use proxy information covering past and
future data to reconstruct the temperature at a specific time t. Although we talk about
dynamical models in this chapter, the methods used to create the models are not different
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from the methods presented in Chapter 2. The input of the data, however, is organized very
differently. Instead of using the matrix containing the high resolution measurements of
every proxy as the only data coupled to the temperature measurements, the data are
multiplied to create an artificial memory. The matrix of proxy measurements is shifted in the
past and/or the future. By doing so the model is able to consider past and future proxy
measurements as independent proxies, as illustrated schematically in Figure 3. The benefit
of introducing these data shifts is three-folded: (1) It is possible to detect dynamical proxy
incorporation processes, (2) errors in the growth rate assumption can be compensated, and
(3) by using more data the uncertainty on the reconstruction decreases.
DILATED PROXY INCORPORATION
When dynamical models are used to explain the proxy incorporation processes, an exact link
between proxy data and environmental data is needed. To study possibly delayed responses
of the proxy incorporation all proxy data should be dated, requiring a detailed knowledge
about the shell growth. Since this is not the case for the dataset used in this chapter, we did
not use the dynamical models for physiological interpretations. Applying this method to
bivalve species with a well-known growth rate (e.g. Pectin maximus), however, may reveal
crucial information about bivalve proxy incorporation processes.
UNKNOWN GROWTH AXIS
Although it is unlikely that e.g. temperatures at time t influenced the chemical signature of a
shell area that was formed in the past, the used time steps in the past may compensate
errors in the assumed growth rate, and were therefore also taken in account. Actually, this
represents an interpolation between the neighboring data. The fact that a model considers
past and/or future proxy data as independent data points, implicates that the model is able
to give different weights to the past and future proxy data. In this way the model can use the
proxy information from the period that appears the most informative for the temperature
reconstruction. This means that the problems previously associated with incorrect growth
rate assumptions will be reduced significantly. However note that this problem is not solved
completely: the dynamical models in this chapter will give a certain (higher or lower) weight
to a fixed number of steps to the past or to the future. The model thus assumes that the
error in the growth rate is always in the same direction, which is obviously not the case.
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Therefore, we expect that using a more precise dating method; will still improve the model
performances.
SMOOTHING EFFECT

As it can be observed in Figure 3, the number of data used for a temperature reconstruction
increases dramatically by introducing data shift. This increasing number of data point that
can be used for a temperature reconstruction, decreases the uncertainty on the
measurements with a factor √n as illustrated in Figure 1 of Chapter 1. This smoothing of the
noise due to the data shifts may significantly improve the reconstruction.

Figure 3: Schematic presentation of the data pre-processing in order to create dynamical models.
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2.4. NORMALIZING THE DATA
In Chapter 3 normalized data were used as input data for the WDMR method. In the present
case, however, the data used to create the linear model, were not normalized as this is
usually not done in linear multiple regression analyses. However, normalizing the data can
significantly improve temperature reconstructions. The difference in data pre-processing for
the linear and the nonlinear models in Chapter 3 made it difficult to compare both methods
in an objective way. To reduce this inconsistency we used normalized data for both
methods, allowing for a better comparison of the results obtained by the two types of
models.

2.5. TRAINING AND VALIDATION
After the data shifts, data were subdivided in the training and the validation data. This was
done exactly as in Chapter 2: all models are trained on data from six shells from Terneuzen
and the RMSEs were always calculated on one independent validation shell for every study
site.

3. METHODS
The main objective of this chapter is to study whether dynamical models result in better
reconstructions than static models. Two model types are studied: the linear multiple
regression (LMR) models and the nonlinear Weight Determination Manifold regularization
(WDMR) models. We investigated both model types to determinate if they improve when
using dynamics. For this reason the impact of past and future data shifts was studied.
So far, the number of times data need to be multiplied to the past or the future has not been
defined. These numbers of data shifts are considered as two new parameters in the model
that will need to be optimized. We investigated whether an ‘optimal number of data shifts’
can be found, and whether this ‘optimal optimal number of data shifts’ is site specific.

3.1.

LINEAR VERSUS NONLINEAR DYNAMICAL MODELS

The linear multiple regression (LMR) models and the nonlinear Weight Determination
Manifold Regularization (WDMR) models compared in this chapter are described in detail in
Chapter 2. The methods are used in the same way as in previous chapters, although the data
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were preprocessed differently to introduce the dynamics (see Section 2.3.). In the following
sections both linear and nonlinear models are compared.

3.2. THE IMPACT OF INTRODUCING DYNAMICS
In this chapter the only deference between a static and a dynamic model is the number data
shifts to the past or to the future (see figure 3). Here we will investigate how these two new
parameters can be optimized.
ERRORS IN THE GROWTH RATE ASSUMPTION

To eliminate errors due to a wrong growth rate assumption, both new parameters, being the
number of past and the number of future data shifts, need to be optimized. Therefore data
were multiplied in two directions from 0 to 10 steps in the future and/or in the past as
defined in Figure 4. This was done for the four proxies individually and for the total multiproxy dataset. The RMSEs of linear and nonlinear model were compared by generating a
cost function on the optimization/validation data for both methods. The best and the worst
reconstructions were visualized in detail in order to detect the source of possible errors.
The threshold of 10 laser ablation points in the past and in the future corresponds with a
length of 3 mm on the shells growth axis and will most likely cover all errors in the growth
rate assumption for M.s edulis, considering that this species grows maximally 4 mm/month
in optimal conditions (Clausen & Riisgard, 1996).
DELAYED PROXY RESPONSES
However, delayed responses in the proxy signal may exceed one month (e.g. Gillikin et al.
(2008) and Barats et al. (2009)); therefore the effect of the temperature on future proxy
measurements was also studied for a longer period corresponding with a maximal delay of
30 laser ablation points, representing approximately two-three months in the future.

3.3. THE OPTIMIZATION PROCESS AND ITS SITE SPECIFICITY
In order to chose the optimal number of data schist, the site specificity of the data shifts
remain an important issue that needs to be investigated. It has already been observed that
some methods result in over fitted models that show some site specificities (see Chapter 3).
We would not be surprised if dynamical models ended up being more sensitive to this site
specific effect.
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For instance it is known that shell growth is site specific, since it is influenced by local
ecological factors, such as e.g. immersion time (Buschbaum & Saier, 2001) and food
availability (Page & Hubbard, 1987). Since data are preprocessed without knowledge of true
shell growth it is likely that the errors due to the wrong growth rate assumption show some
site specificities.
Moreover, the site specific behavior of some elements (e.g. the different shape of Ba/Ca
peaks in open sea environment see (Gillikin et al., 2006a)) may introduce additive negative
site specific effects when the elements are used in a dynamical model.
To study the site specificity of the introduced data shifts, the data have been multiplied in
two directions from 0 to 10 steps in the future and/or the past for a validation shell of every
study site. This resulted in one cost function per study site. By comparing (local) minima it
was tested whether optimization of the number of parameters on one validation shell could
be extrapolated to shell sampled at another study site.

4. RESULTS
4.1. LINEAR VERSUS NONLINEAR
Figure 5 shows the cost functions that define the RMSE obtained for all studied data shifts
from 0 to 10 steps in the future and/or in the past for an optimization shell of Terneuzen.
Generally the RMSE decreases for the models trained on an increasing number of data shifts.
The trend is similar for the linear and the nonlinear model. However, the cost function of the
linear models is smoother than the one for the nonlinear model. In general the lowest
RMSEs are obtained when using nonlinear models. However, the latter also yielded the
highest RMSEs highlighting the importance of an appropriate optimization of the number of
data shifts.
Figures 6 and 7 give a detailed view of the best and the worst reconstructions obtained by
the linear and the nonlinear models respectively. For both model types the best models
reconstruct the overall temperature trend without systematic errors. The worst linear
models usually do not capture the temperature pattern and show a pattern very similar to
the proxy pattern itself. The worst WDMR models generally have problems reconstructing
temperature minima.
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Figure 4: The order in which the number of data shifts tested to obtain the cost functions in
Figure 5, Figure 10 and Figure 11. Note that test ‘0’ has no data shifts, and is therefore a static
model.
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Figure 5: RMSE of the dynamical models trained on the individual proxy data and the combined
proxy data (the tonal graph is called a cost function). On the y-axis the RMSE obtained for linear
(black) and nonlinear (grey) models. On the x-axis the test number for the successive tests done
on different numbers of data shifts as defined in Figure 4.
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4.2. THE IMPACT OF INTRODUCING DYNAMICS
As observed in Figure 5 the one-proxy models and the multi-proxy models show some
similarities in their cost functions, although some differences can be observed depending on
the studied proxy. The detailed reconstructions of the best and the worst RMSE are plotted
for the linear model in Figure 6 and for the nonlinear model in Figure 7. In the following
sections the results are discussed for each proxy.
MAGNESIUM
The cost function of the Mg-models in Figure 5 shows that Mg-models generally result in
reasonably accurate temperature reconstructions with RMSEs between 0.64˚C and 2.55˚C.
The introduction of dynamics, by multiplying the Mg data with a few additional points,
resulted rapidly in an improved reconstruction performance of more than 1.5˚C.
The cost function of the Mg-models in Figure 5 also shows that both the past and the future
data shifts do improve the reconstructions. However, some past data shifts caused
discontinuities in the cost-function of the WDMR model. These discontinuities seem to be
compensated by increasing the number (>4) of future data shifts. The cost function of the
linear models does not show any discontinuities but decreases less rapidly.
For the Mg/Ca ratios a good optimization of the number of data shifts results in very
accurate temperature reconstructions. The cost function also shows that a wrong choice of
the number of data shift results in lesser reconstruction performances, although the
dynamical models seldom perform worse than the static models.
In Figure 6 and 7 it can be observed that the overall temperature trend is well reconstructed
for both the linear and the nonlinear model based on Mg/Ca ratios. The origin of the errors
is different for both models. The RMSE of 2.28˚C for the worst linear model is a result of a
small systematic overestimation of the water temperature in spring, followed by a
systematic underestimation of the temperature in summer. The RMSE of 2.55˚C for the
worst nonlinear model, however, results from a very large error in early spring, followed by a
fairly accurate reconstruction for the rest of the year.
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Figure 6: Detailed visualization of the reconstructions of the best (left) and worst (right) linear
multiple regression models for the given proxies or proxy-combination and the given data shifts.
On the y-axis the measured (light gray) and reconstructed (dark gray) temperature, on the x-axis
the sample number corresponding to the growth axis of the shell. For every reconstruction the
number of data shifts (#Dat. mult.) and RMSE is indicated.
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Temp. Rec. from nonlinear (WDMR) dynamical models
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Figure 7: Detailed visualization of the reconstructions of the best (left) and worst (right)
nonlinear WDMR models for the given proxies or proxy-combination and the given data shifts.
On the y-axis the measured (light gray) and reconstructed (dark gray) temperature, on the x-axis
the sample number corresponding to the growth axis of the shell For every reconstruction the
number of data shifts (#Dat. mult.) and RMSE is indicated.
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STRONTIUM
The cost functions in Figure 5 show that models based on Sr/Ca ratios clearly benefit from
the introduction of dynamics as well. The interpretation of the cost function is simple: the
more data shifts, the better the reconstruction. For both the linear and the nonlinear model
the best reconstructions are obtained when using a maximal number of data shifts, and the
worst when using a static model. The introduction of dynamics results in an improved RMSE
of more than 2°C. The detailed visualizations of the reconstructions obtained for both model
types in Figures 6 and 7 reveal the same features: where temperature reconstruction is
unsuccessful using a static model, the introduction of dynamics results in accurate
reconstructions with a RMSE < 1°C. A disadvantage, however, is that a fairly long memory of
10 to 20 points (= 1 or 2 months) is needed to come to such a high precision.
BARIUM
The cost function of the Ba-models in Figure 5 shows that the benefit of using dynamical
models on Ba/Ca data is less significant. To improve reconstructions, a very high number of
data shifts are needed. To obtain a significant improvement, more than 18 data shifts (10 in
the past and at least 8 in the future) are needed. The best temperature reconstructions,
however, are quite accurate with a RMSE of 1˚C for both the linear and nonlinear model.
Reconstructions based on less than 18 data shifts, however, have higher RMSEs between
1.5˚C and 2.5˚C. Figures 6 and 7 make clear that the worst models, both linear a nonlinear,
are not able to reconstruct the overall trend of the temperature profile, indicating that Ba
cannot be used as standalone proxy for temperature reconstructions unless a very long
memory is introduced. These results are unexpected because for this element experimental
data point towards a time lag.
LEAD
Although a clear benefit of introducing dynamics can be observed in the cost function of the
Pb-models in Figure 5, the introduction of a short memory (=a small number of data shifts)
results in a higher RMSEs than the RMSEs obtained by a static model.
The RMSEs obtained using dynamical models based on Pb/Ca-ratios data never get much
lower than 2˚C in RMSE sense. So, even the best models (linear and nonlinear) have
problems reconstructing the overall trend of the temperature profile. Both models have
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difficulties to reconstruct the start of the temperature rise in spring. The worst models fail to
reconstruct the temperature profile, highlighting the importance of a good optimization
procedure to choose the best number of data shifts
THE MULTI-PROXY MODEL
As can be observed in the cost function of the multi-proxy models in Figure 5, the multiproxy models generally reconstruct the temperatures with a lower RMSE than the one-proxy
models. All models perform better than 2˚C in RMSE sense, and even the worst models are
able to reconstruct the overall temperature trend (see figure 6 and 7).
In contrast to the cost function of the linear model, this systematically indicates that more
data shifts result in better reconstructions. The cost function of the nonlinear model shows,
for several data shifts, that the dynamical model is performing less than the static model.
This demonstrates the importance again of a good identification procedure to choose the
best number of data shift. The introduction of dynamics improves the accuracy of the
temperature reconstruction: the best dynamical multi-proxy model has an RMSE of 0.74°C,
which is significantly better than the RMSE of 1.22°C observed for the static model.
However, a wrong choice of data shift can result in inferior reconstructions with a RMSE of
1.85°C.

4.3. DELAYED PROXY RESPONSE ON TEMPERATURE
The effect of the temperature on future proxy measurements was also studied for a longer
period corresponding to a maximal ‘delay’ of 30 laser ablation points in future direction. The
results obtained with this longer memory, however, are similar to the results obtained for a
shorter memory. Although in general a decreasing trend of RMSEs for an increasing number
of data shifts is observed, a real minimum or stagnation is not reached by increasing the
number of data shifts even more. The absence of an absolute minimum could indicate that
the studied proxies do not show any delayed responses on temperature.
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Figure 8: The RMSEs obtained for linear (black) and nonlinear (grey) models trained on an
increasing amount of future data shifts. On the y-axis the RMSE obtained for the number of data
shifts defined in the x-axis (the total graph is called a cost function).

4.4. SITE SPECIFICITY
OPTIMIZATION USING THE OPTIMIZATION -DATASET OF TERNEUZEN
The most logical way for choosing the best number of data shifts is by subdividing the
training dataset into a training dataset and an optimization dataset. This optimization set can
then be used to optimize the number of data shift. Secondly the optimal number of data
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shifts is used on the independent validation data. The results shown in Figure 9 are obtained
using the number of data shifts that yield the best reconstruction on data from Terneuzen.
The models obtained with that number of data shifts were then used to reconstruct the
temperature at other studied sites. Figure 9 shows the detailed reconstructions on the three
study sites using the linear and the nonlinear models for the four individual proxies and for
the multi-proxy condition. In general the models result in accurate reconstructions with
RMSEs < 1.6˚C for the shells from Breskens and Ossenisse sampled in the same year. The
reconstructions for the shell of Knokke, on the other hand, are moderately accurate, with a
RMSE that is often >2˚C, indicating that the dynamical models are site (or year) specific,
most likely due to over fitting of the training data from Terneuzen. However, the models
based on Mg/Ca ratios perform fairly well indicating this element may be less site-specific.
TESTING THE OPTIMIZATION PROCEDURE
Although it seems logical to optimize the number of data shifts using an optimization set
from the same study site as the training data, this may not be the best choice. Figure 10
illustrates the RMSEs that would have resulted from other data shifts. The first row of plots
is the cost functions obtained using a test shell from Terneuzen. For the following rows the
same data shifts were used to reconstruct the temperature at the 3 other sites.
The figure makes clear that the number of data shifts that result in the best reconstructions
for Terneuzen not always correspond with minima for the other study sites. This is especially
true for the reconstructions based on Ba/Ca rations and on the multi-proxy models. For
Mg/Ca, Sr/Ca, and Pb/Ca local minima in the cost function of Terneuzen correspond with
local minima in the cost function of the other study sites. Although the ‘best data shift’
(being the absolute minimum of the other cost functions) in Terneuzen may not be the ‘best
data shift’ for the other 3 study sites, the used optimization process will result in accurate
reconstructions and is therefore appropriate. For the models based on Ba/Ca ratios and the
multi proxy models, however, local minima in the cost function of Terneuzen mostly do not
correspond with local minima in the cost function of the other study sites. This indicates that
for this(ese) element(s) the optimization process is not appropriate. Supplementary tests
using a multi-proxy model without Ba/Ca ratios show that this problem is due to the Ba/Ca
ratios that are probably not useful in dynamical modeling (See Figure 12).
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Figure 9: Temperature reconstructions using ‘the best’ data shift to construct a LMR model (full
black line) and WDMR model (gray dotted line) in comparison with the water temperatures
measured in the field (full grey line). The ideal number data shift was optimized based on data
of Terneuzen. The temperature is given on the y-axis, the sample number corresponding with
the shells growth axis is given in the x-axis, and the model performance as RMSE is indicated
below each graph for both model types.

118

Ossenisse
Breskens

Figure 10: RMSEs of the dynamical models trained on the individual proxy data and the combined proxy data and tested for the same proxies
on shells from the four different study sites. On the y-axis the RMSE obtained for linear (black) and nonlinear (grey) models. On the x-axis the
test number for the successive tests done on different numbers of data shifts as defined in figure 4. The vertical full black line illustrates that
the absolute minimum of the cost function obtained on the Terneuzen site for the nonlinear models.
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5. DISCUSSION
5.1. LINEAR VERSUS NONLINEAR
The clear improvement of using nonlinear models discussed in Chapters 2 and 3 is not
observed with the present approach. In general, the best nonlinear models perform better
than the best linear models. On the other hand, the worst nonlinear models perform worse
than the worst linear models. Linear models have smoother cost functions and are less sitespecific. In general, linear models perform better to reconstruct the temperature based on
Knokke-shells. So the linear models seem to be more robust in their practical use. Although
the success of the linear modes can partly be explained by the introduction of dynamics, the
fact that all data have been normalized in this chapter may play a more important role.
THE EFFECT NORMALIZATION
In this chapter we observed that nonlinear models do not always perform better than linear
models. This, however, is not only a result of introducing dynamics but also due to the fact
that the data are normalized. In the two previous chapters the linear models were applied to
non-normalized data since linear multiple regressions are mostly used on raw data. In the
present chapter, however, we decided to use normalized data for both linear and nonlinear
models to make the comparison more objective. Since normalizing the data had a major
positive effect on the reconstructions of the linear models, the difference between both
model types became less clear, and the benefit of using nonlinear modes proves often to be
insignificant. The effect of normalizing is studies in more detail in Chapter 5.
THE FLEXIBLE TIME -DISTANCE RELATIONSHIP
On the other hand, the impact of introducing dynamics can partly explain the success of the
linear models on these substantially nonlinear data. It has been demonstrated that for nonGaussian impute data the best linear approximation to a static nonlinear relation can be
dynamic (Enqvist & Ljung, 2003). Intuitively we can feel that the introduction of dynamics
makes the distance-time relationship of the growth rate assumption flexible. As discussed in
Section 2 of this chapter, this allows the model to compensate for errors in this time basis,
but when a high number of data shifts are used this time basis becomes flexible to the point
that the model is able to make a linear approximation of the nonlinear proxy environment
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relationship. This phenomenon is illustrated in Figure 11 were it can be observed that the
relationship between temperature and Ba/Ca is clearly nonlinear when they are coupled
directly to each other. On the other hand, at the right the figure shows that almost a linear
relationship can be observed when the temperature measurement can be coupled to past
Ba/Ca measurements. By adjusting the weights, the linear dynamical model are able to
select a specific part of the Ba/Ca profile that can better be coupled the temperature
information. As such these linear models are able to capture the nonlinear information.

Figure 11: Left: When Ba/Ca ratios measurements are coupled to the temperature measurements
from the moment in the time the shell was formed, a clear nonlinear relationship can be observed
(left). Right: However, by coupling temperature measurements to past and future Ba/Ca ratios
(the total temperature record is here coupled only to the second part of the Ba/Ca-peak now) a
linear relationship can be obtained. Since dynamical models can chose to which time period it is
giving the most important weight, the linear dynamical model can capture nonlinear information.
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A second important observation is that the linear dynamical models (that do capture
nonlinear information) are less sensitive to extrapolation errors than the nonlinear models.
As a result the reconstruction performances of the linear dynamical models are generally
better than the reconstruction performances for the nonlinear dynamical models for the
Knokke study site (see Figure 10 and Figure 12).

5.2. THE IMPACT OF INTRODUCING DYNAMICS
All results show that the introduction of dynamics has a major positive impact on the
reconstruction performance of all paleo-temperature models, whether based on a single or
on multiple proxies. Figure 10 clearly shows that the use of dynamical models can improve
the temperature reconstructions for one proxy models and for multi-proxy models. The
improvement due to the introduction of dynamics is more significant for one proxy models
than for multi-proxy models. Moreover, introducing dynamics to a proxy gives in general
more important improvements than the combination of a proxy with other proxies into a
multi-proxy model. Going from a static to a dynamical model can improve the model
performances up to 2˚C in RMSE sense. The success of this approach can be explained by
three factors. (1) The occurrence of dynamical proxy incorporation, (2) the flexible timedistance relationship which may reduces errors in the growth rate assumption and which
make a linear approximation of the nonlinear relationships and (3) a smoothing effect by the
increasing number of data. It is, however, not clear at the moment which of these is the
dominant mechanism.
DYNAMICAL PROXY INCORPORATION

The existence of delayed and/or dynamical proxy incorporation is probably not the main
factor explaining the major improvement due to the introduction of dynamics. Delayed
proxy incorporation would have result in a major positive impact of the future data shifts
compared to past data shifts. However, no large differences in reconstruction performance
between future and past data shifts are observed (Figures 5, 10 and 12) in this chapter.
Therefore, the success of the dynamical model is more likely to be due to its ability to deal
with the uncertainties concerning the assumed growth rate and the flexible time distance
relationship.
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THE FLEXIBLE TIME -DISTANCE RELATIONSHIP
As mentioned in Section 5.1 it has been demonstrated that a nonlinear relationship can be
approximated by a non-causal and stable linear dynamical model that minimizes the meansquare error (Enqvist & Ljung, 2003). The success of the dynamical model is therefore more
likely to be due the flexible time distance relationship.
Moreover the issue of the unknown growth rate in shells remains a major problem for many
bivalve species in sclerochronology. Although several methods have been proposed to deal
with this problem (e.g. de Brauwere et al., 2008; De Ridder et al., 2004; Paillard et al., 1996),
for non-periodic datasets no real solution is available. The introduction of dynamics partly
solves this problem by giving a higher weight to future or past proxy measurements that
may have been coupled to a wrong temperature measurement. However, note that the
higher weight that a model is giving to a certain time delay is identical at different positions
in the proxy profile, the dynamical model thus assumes that error on the growth rate
assumption are always the same which is certainly not the case.
SMOOTHING EFFECT
Apart from the unknown shell growth rate and the proxy incorporation dynamics, the fact
that the number of data is artificially increased will have a smoothing effect that reduces the
variance, as has been described in Chapter 1, Section 2.2. The main difference between the
present chapter and Chapter 1 is that the ‘extra proxy measurements’ are now obtained
using the same element instead of measurements on additional elements. This has the
disadvantage that no independent information is added to the model, but it offers the
advantage that the number of data point can be increased much more. By using a dynamical
multi-proxy model both advantages, the extra information of other proxies and the much
higher number of data points per temperature reconstruction, are combined, resulting in
very accurate temperature reconstructions on shells from Terneuzen with a RMSE of 0.35˚C
for the linear and 0.74˚C for the nonlinear model.
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5.3. SITE SPECIFICITY OF DYNAMICAL MODELS
SITE SPECIFICITY OF THE MULTI PROXY MODEL
Unfortunately, the reconstruction performance of the dynamical multi-proxy models applied
to a shell from Knokke -sampled in a different year- is relatively poor (RMSE lin.: 1.35˚C and
nonlin.: 2.41˚C), indicating that this model is site specific and sensitive to year to year
variations due to over fitting of the training data from Terneuzen. Figure 9 shows that the
site specificity of the multi-proxy models is worse for the nonlinear models than for the
linear model, which is also reflected by the noisy cost function in Figure 10. However, as
discussed later, Figures 10 and 12 suggest that the site specificities of the four-proxy models
are due to the use of Ba/Ca ratios, and omitting Ba/Ca ratios results in a more predictable
cost function that is less site specific.
SITE SPECIFICITY OF MG, SR AND PB
If the site specificity would be linked to the introduction of dynamics, local minima in the
cost function of Terneuzen would not coincide with local minima in the cost function of the
three other sites. Figure 10 hence indicates that the site specificity is not due to the number
of data shifts for Mg, Sr and Pb. The only proxy that shows clearly site specificity due to the
introduction of dynamics is Barium (discussed later). All other elements clearly show
decreasing RMSEs for increasing numbers of data shifts, with coinciding local minima for the
highest number of data shifts. This observation is important because it justifies the
optimization of the number of data shifts using an optimization shell from the same study
site as the training set.
However, all models show some other type of site specificity that cannot be coupled to the
data shifts, but that is due to the signature of the proxy itself. This is illustrated by the fact
that the reconstruction performances are generally lower for the Knokke study site. This
type of site specificity is the lowest for Mg/Ca ratios which results in loosing approximately
0.5°C in precision by extrapolating the Terneuzen model to the Knokke validation shell. For
the model based on the other elements this loss of precision is approximately 1°C. Generally,
the nonlinear models are more sensitive to this type of site specificity, which indicates
overfitting of the nonlinear models to the data of Terneuzen. This can be observed in Figure
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10 and 12, where we see that the nonlinear model generally performs the best in Terneuzen,
and the worst in Knokke.
A surprising observation is that the one proxy Mg/Ca models perform better than the multiproxy models the Knokke site (see Figure 10). This indicates that the site specificity of the
other elements is transmitted to the multi-proxy model. Leaving out Ba, or leaving out Ba
and Pb cannot solve this problem completely. Figure 12 shows that models based on MgSr or
MgSrPb do not perform better than the Mg models for the Knokke study site. This indicates
that the models are not able to give a proper weight to the different proxies and makes clear
that it is important to optimize the proxy combination and the number of data shifts in
parallel, as discussed in Chapter 5.
SITE SPECIFICITY OF BA
The only proxy that clearly shows site specificity due to the introduction of the dynamics is
Barium. The introduction of a very long memory for the models based on Ba, however, can
improve the temperature reconstructions with a RMSE of 1.5˚C for the shells in Terneuzen,
Ossenisse and Breskens. The shell sampled in Knokke shows an inverse trend and seems to
be negatively influenced by data shifts. At the Knokke study site the Ba/Ca ratio performs
worse for dynamical models (Figure 10). This observation is most likely due to the slightly
different shape in the Ba-peak from the Knokke shell compared to the shells from the other
study sites (see also Figure 2 in Chapter 3). However, the overall shape of the Ba-peak is
variable from year to year and form site to site (Barats et al., 2009; Gillikin et al., 2006a;
Gillikin et al., 2008; Stecher et al., 1996; Thebault et al., 2009a). This makes the use of
Barium as a stand-alone proxy for temperature reconstructions unreliable for all model
types, linear or nonlinear, static or dynamic.
However, an additional test using MgSrPb-models suggests that the site specificities of the
four-proxy models presented in this chapter are also due to the use of Ba/Ca ratios. Figure
12 shows that the local minima from the MgSrPb-models coincide for all study sites. These
MgSrPb-models, however, perform not as well as the four proxy models (MgSrBaPb) in
RMSE sense, revealing that the Ba/Ca ratio does add information to the models.
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Figure 12: Cost functions for two proxy combinations without Ba/Ca ratios on the 4 study sites
using linear (black lines) and nonlinear (gray lines) models. : On the y-axis the model
performance in RMSE and on the x-axis the different data shifts as defined in figure 4.

As suggested in Chapter 3, Ba/Ca ratios in shell carbonate probably reveal important
information about food availability, which in turn can explain the variations in other proxies.
Although several studies suggest that the link between phytoplankton blooms (i.e. food
availability) and Ba occurs with a clear delay (Barats et al 2009, Gillikin et al. 2008), the
reconstructions in this study could not be improved by introducing dynamics for Barium. This
indicates that the variations in the other proxies due to changing food availability cannot be
126

explained by the variation of future Ba information. However, this may be an artifact due to
the way data points were sampled on the shells: all data series start with a barium peak
which occurs at least one month after the bloom (Barats et al. 2009 and Gillikin et al. 2008).
The bloom period (i.e., representing a large change in food availability) is for this reason not
fully covered by this dataset. The benefit of using dynamics on models based on Ba/Ca
measurements, however, may become clear on other data.

6. CONCLUSIONS
In this chapter it has been demonstrated that the reconstruction performance of models
based on one or more proxies can be improved significantly by introducing dynamics.
Moving from a static model to a dynamical model can for some proxies improve model
performance up to 2°C in RMSE sense. The improvement however, seems (almost) not to be
related to delayed proxy incorporation, as assumed initially, since data shifts in past and in
future direction result in similar improvements. Two other explanations are more likely to
explain these better reconstructions. (1) The flexible time-distance relationship reduces the
errors in the growth rate assumption and gives the models the possibility to simplify (e.g.
make a linear approximation of) the proxy-environment relationship; and (2) the fact that
more data are used, decreasing the uncertainty on the reconstruction due to an improved
averaging effect.
The results presented in this chapter suggest that it is appropriate to optimize the number of
data shifts for most elements, using an independent optimization shell. The introduction of
dynamics for models based on Ba/Ca ratios; however, induce site specificities that are
coupled to the data shift, so that the same optimization procedure is not appropriate for
models that are (partly) based on Ba/Ca ratios.
Other site specific effects, which are not coupled to the data shifts, occur especially for Sr
and for Pb. Unfortunately, these site specificities are transferred to the multi proxy model
which seems not able to give a proper weight to the different proxies after the data shifts.
Therefore, the best model generated in this chapter is a linear one proxy model based on
dynamical Mg/Ca data.
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The linear Mg-model obtained in this chapter however, shows two important differences
compared to the linear Mg-model in literature (e.g. Freitas et al., 2006; Wanamaker et al.,
2008): (1) The models include dynamic Mg/Ca information which increased the accuracy
with approximately 1°C and (2) the models are based on normalized data. The impact of
normalizing data is further investigated in Chapter 5.
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CHAPTER 5: TUNING THE PRE-PROCESSING
PARAMETERS FOR FOUR MODEL TYPES

WHAT IS THE BEST MODEL?

Chapter 5 - 131

Pictures on page 129 from
This work “Model performances of the linear models” (top)
Biko Servaes: “Een vrachtwagen vol mossels voor mama” (bottom)
132

CHAPTER 5: TUNING THE PRE-PROCESSING PARAMETERS
FOR FOUR MODEL TYPES
1. INTRODUCTION
In Chapter 2, four model types are presented and compared using the data in their most
basic form. However, it is mentioned at the end of the chapter that several pre-processing
steps can influence the reconstruction performance of the models. In Chapter 3 and 4 two of
the four methods (Weight Determination by Manifold Regularization method (WDMR) as
prototype nonlinear method and Linear Multiple Regression as prototype linear method)
were studied in detail to investigate the importance of the proxy combination used in the
multi-proxy model, and to study the benefit of introducing dynamical models by data shifts.
These two factors were studied independently in the two chapters, but at the end of
Chapter 4 it became clear that the number of data shifts and the proxy combination need to
be optimized in parallel. Moreover, other pre-processing steps such as the use of normalized
data and the composition of the training set may influence the reconstruction performance
of the multi-proxy models. In this chapter the four pre-processing parameters will be
optimized in parallel in order to tune the four model types presented in Chapter 2 being: (1)
the classical linear multiple regression (LMR) and three novel nonlinear multi-proxy
methods: (2) an intuitive polynomial approach (IPA) that is designed for this propose; (3) the
Weight Determination by Manifold Regularization method (WDMR (Ohlsson et al., 2008))
and (4) the Support Vector Regression method (SVR (Espinoza et al., 2006)).
The main objective of this chapter is to redefine all pre-processing steps that may influence
the reconstruction performance, and to optimize all steps in parallel so that the best
reconstructions can be obtained for every model type using this dataset. Secondly, a working
procedure will be developed, enabling us to find the best data pre-processing for every
possible dataset. In the next chapter (Chapter 6) the best models obtained in this chapter
are used on independent datasets.
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The outline of this chapter is as follows: In Section 2 we present the data and the data preprocessing steps that may influence the model output. In Section 3 we describe the tests
that are performed to optimize the data preprocessing. In Section 4 the results of these tests
are given, and in parallel the impact of every pre-processing step and the sensitivity of the
four methods to these pre-processing steps are discussed. The chapter ends with
conclusions in Section 5.

2. DATA AND DATA PREPROCESSING
2.1. DATA
The data used in this chapter are the data of Vander Putten et al. (2000) and Gillikin et al.
(2006b) representing high resolution measurements on one year monitored shells from
Mytilus edulis sampled at four study sites along the Scheldt estuary. For full detailed
information about this data we refer to Chapter 2.

2.2. TUNABLE FACTORS IN DATA PREPROCESSING
In Chapter 2 these data were used in their most basic form in order to compare the one
linear model to the three nonlinear models that can be used for temperature reconstruction.
However, Chapter 3 and Chapter 4 we demonstrated that the reconstruction performances
of both linear and nonlinear models are strongly influenced by data preprocessing. In the
following, four pre-processing steps that may influence the model performance are defined:
(1) Normalizing the data or not, (2) Which data should be in the training set, (3) Which
proxies should be integrated and (4) What is the optimal data shift.
NORMALIZING THE DATA OR NOT ?
Normalizing data means that the data were divided by the standard deviation and
subtracted by the mean (see equation (1)). In this equation Dnorm stands for the normalized
data of one shell and Din for the initial data of one shell. Every studied shell is normalized
individually.
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(1)

This implies that the reconstructions are not based on exact concentrations but on the
overall annual pattern of a proxy. The main advantage of normalizing data is that data
become more similar, and site or year specific concentration shifts or amplitude differenced
in proxy data are removed. The disadvantage, however, is that possible information stored
in the exact proxy concentration cannot be used by the model. Moreover, it is only possible
to normalize the data if more than one measurement is made; therefore temperature
reconstructions are only possible on overall proxy profiles obtained from more
measurements.
In the previous chapters, all the results obtained by using nonlinear models were acquired
using normalized data. The results obtained by using linear models, on the other hand, were
based on non-normalized data in Chapter 3 and on normalized data in Chapter 4. In the
following section it will be tested if the use of normalized data was appropriated.
WHICH DATA SHOULD BE IN THE TRAINING SET ?
The data used as training data form the basis of each model. Therefore, it is important to use
the most representative data to compute the model. This, however, is a difficult task
because it is not easy to make a subjective choice when the dataset is small.
In the previous chapters six shells of Terneuzen have throughout been used as training data,
even though, in theory, a larger dataset with specimens from different environments (e.g.
shells samples at different study sites or sampled in different years) would yield a more
generic model. However, preliminary tests using WDMR showed that this method is
sensitive to variation in the training set and does not perform better using a training set
based on shells from different environments. In the following we will investigate how the
other three methods react to a training set based on different environments.
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Figure 1: To study the impact of the composition of training data two different training sets were
investigated. Training set 1 is composed of homogenous data from the Terneuzen shell. Training
set 2 is composed by shell of different environments sampled at three deferent training sites.

WHICH PROXIES SHOULD BE INTEGRATED ?
The four proxies available in our dataset can generate 15 different proxy combinations. In
Chapter 3 it has been demonstrated that the proxy combinations used in a multi-proxy
model result in different reconstruction performances and have an impact on the overall
shape of the reconstructed temperature. However, it is likely that the ‘best proxy
combination’ depends on all tuning factors, especially, on the number of data shifts in
dynamical models. In the following we will optimize the proxy combinations in parallel with
the number of data shifts. We will also investigate if the other tuning factors need to be
optimized in parallel.
INTRODUCING DYNAMICS : WHAT ARE THE OPTIMAL DATA SHIFTS ?
By introducing dynamics the data are multiplied in order to create an artificial memory (as
illustrated in Figure 3 of Chapter 4). These data shifts give the model an artificial memory
that allow the model to link a temperature measurement at time t to a data point that
corresponds to a proxy incorporation that occurred before or after the time of the
temperature measurement.
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In Chapter 4 it has been shown that the number of data shifts used to compute a model
strongly influences the reconstruction performance of the model. Moreover, it has also been
observed that the optimal number of data shifts was different for different proxy
combinations, highlighting the need for a parallel optimization process for these two factors.

3. METHODS
3.1. TRAINING, OPTIMIZATION AND VALIDATION
In order to investigate the results of optimization processes, the training dataset need to be
subdivided in real training data and optimization data. The optimization data need to be
independent from both the training set and validation set. To study the impact of the chosen
training set 2 training sets were composed: one training set with very homogenous data
from the Terneuzen study site and one training set with varied data from three different
training sites. To make the comparison as objective as possible the optimization and the
validation shells were chosen to be identical. Figure 1 showed how the two training sets
were composed.
In order to investigate if the choice of the optimization shells is appropriate, the
reconstruction performances of the optimization shells were compared to the
reconstruction performances of the validation shells. This is done for all tests described in
‘Section 3.2 Developing a working process’. The optimal tuning factors for the optimization
shell of Terneuzen are compared to the optimal tuning factors of the three validation shells.
In this way it is tested if better optimization shells could have been chosen.

3.2. DEVELOPING A WORKING PROCESS
It is clear that the optimization of the proxy combinations and the number of data shifts
need to be done in parallel. To investigate which other factors need to be optimized in
parallel, all tests are done in parallel at first instance. This means that 24000 tests were
performed per model type (i.e. 2 training sets * 2 norm/not-norm * 15 proxy combinations *
100 possible data shifts * 4 study sites). Such a large amount of tests requires a lot of
computer time (up to one week for SVR). In order to reduce the number of tests in future,
the results of these tests will be investigated to find factors that consequently perform
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better or worse, or to find witch factors don’t have a significant impact, indicating that the
optimization of these factors doesn’t need to be done in parallel.

3.3. COMPARING THE FOUR METHODS
After comparing all tests for all methods, the reconstruction performances of the four
methods are compared. On the one hand, the distribution of the overall reconstruction
performances are compared in order to check if any method performs consequently better
than the other methods. On the other hand, the importance of every tuning parameter is
tested for all tests; in this way the sensitivity of every method to these tuning parameters
could be investigated. Finally, the site-sensitivity of the different methods is compared.

4. RESULTS AND DISCUSSION
4.1. TRAINING, OPTIMIZATION AND VALIDATION
Figure 2 visualizes the RMSEs obtained by the 24000 tests described in Section 3.2., every
subfigure gives the RMSEs obtained by one method. A color code is used to define the
RMSEs: low RMSEs are visualized in dark blue while high RMSEs are visualized in red. In
general, the ‘fingerprint’ of the obtained reconstruction performances for the optimization
shell from Terneuzen (in the first row of rectangles) shows clear similarities with the
fingerprints of the two validation shells from Ossenisse (2 nd row), from Breskens (3th row)
and from Knokke (4the row). Regions where low RMSEs are obtained and regions where high
RMSEs are obtained seem to coincide for these three rows. This means that these three
study sites show a similar sensitivity for the same pre-processing factors. The fingerprints of
the validation shell from Knokke in the last row, however, show a different pattern. For the
four studied methods significant higher RMSEs are obtained for the reconstructions based
on non-normalized data. However, for the tests done on the validation shells of Knokke by
using normalized data, the regions with relatively low RMSEs coincide with the lowest RMSEs
in Terneuzen (Figure 3).
Hence, the ‘finger prints’ seem to suggest that the optimization of the pre-processing tuning
factors based on an optimization shell from Terneuzen is appropriate, in the condition that
normalized data are used.
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However, the box plots on Figure 3 show that the optimization of the tuning parameters,
based on the absolute minimum of the tests done in Terneuzen, does not result in the best
reconstructions for the three validation shells. In general, the extrapolation of the optimal
tuning parameters to the other three study sites results in relatively low RMSEs compared to
the total distribution of RMSEs. However, for the intuitive polynomial approach, for which
the optimal tuning factors were not normalized data, this is not the case and relatively bad
results are obtained using this optimization process.
In order to evaluate the optimization process, Table 1 summarizes the optimal tuning factors
for the optimization shell of Terneuzen. These tuning factors can then be compared with the
optimal tuning factors for the validation shells of Ossenisse, Breskens and Knokke in Table 2.
Table 2 shows that the optimal tuning parameters generally vary for the different validation
shells. This indicates that the choice of the optimization shell is a crucial step in the
optimization process. However, it is difficult to identify the best optimization shell. Despite
the fact that the optimal tuning factors are very different for the different shells, when
optimal tuning factors are extrapolated to other shells, the obtained RMSEs are generally
quite low. This means that the optimal tuning factors cannot be used to give physiological
interpretations to the proxy incorporation process. To evaluate the physiological meaning of
the proxy combinations or the number of data shifts, one should not look to the absolute
minimum of all tests but rather to the overall trend observed in the fingerprints in Figure 2.
Figure 2a: Zoom on the
rectangle of Figure 2b
(LMR) highlighting the x
and y-axis’s. Different
proxy
combinations
correspond with the 15
rows on the y-axis and
the different numbers of
data shifts correspond
with the 100 columns on
the x-axis. Every subplot
in Figure 2b contains 4x4
of these rectangles, for
the four study sites in the
y-axis and the four
possible combinations of
Norm/NotNorm
and
T1/T2.
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Figure 2b: The RMSEs
obtained using LMR, IPA,
WDMR and SVR methods for
different tuning factors are
defined by the color bar at
the right side of the figure.
Every rectangle gives the
RMSEs obtained for all
possible
proxy
combinations (on the yaxis) and all possible data
shifts (on the x-axis). The
Proxy combination and the
number of data shifts are
defined in Figure 2a that is a
zoom on the first rectangle
of
the
first
subplot.
The other tuning parameter
(normalized/
not
normalized
data
and
homogenous (T1)/ varying
(T2) training set) are
defined on the axes of this
figure. The test are done for
the
optimization
shell
(Terneuzen) and for the
three
validation
shells
(Ossenisse, Breskens and
Knokke)
NOTE: The maximal RMSEs
higher than 10˚C (up to 25
for IA and up to 700 for
WDMR and 15 for SVR) are
all colored red, in order to
better visualize the other
results.
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Figure 3: These box plots describe the distribution of the RMSEs obtained for all possible tests
and for all the studied methods per study site (T= Terneuzen, O= Ossenisse, B= Breskens and K=
Knokke). The optimal settings of the pre-processing parameters for the optimization shell of
Terneuzen are used on the three validation shells of the other study sites. The reconstruction
performance obtained using these ‘optimal’ pre-processing parameters is given by the stars.

Table 1: The optimal pre-processing parameters of the optimization shell of Terneuzen are
defined per method in the first 4 columns. The reconstruction performance (in RMSE) is given for
the extrapolation of these optimal pre-processing parameters to the other validation shells.

Norm
LMR
WDMR
IPA
SVR

N
N
NN
N

Training
set
T2
T2
T1
T2

Proxy
comb
MgPb
MgPb
Mg
MgPb

Data
multi
-9 0
-9 8
-7 6
-9 6

performance
Ter
Oss
0.4086 1.1718
0.2823 1.2057
0.2686 2.5240
0.3348 1.1716

Bres
1.4829
1.7611
2.6147
1.5213

Knokke
1.4209
1.0662
4.8634
1.0797

Table 2: The optimal pre-processing parameters for the validation shells of Ossenisse, Breskens
and Knokke are defined per method in the first 4 columns. The reconstruction performance (in
RMSE) is given for the extrapolation of these optimal parameters to the other shells.

Ossenisse Norm Training
set
LMR
N
T1
WDMR
N
T1
IPA
N
T1
SVR
N
T1

Proxy
comb
MgBa
MgPb
Sr Pb
MgPb

Data
multi
-3 6
-6 1
-8 4
-7 4

performance
Ter
Oss
1.0722 0.6483
1.0223 0
1.2690 0.4558
0.7367 0.5058

Bres
0.8952
1.6022
1.1598
1.1463

Knokke
1.6853
1.9135
2.8520
2.2875

Breskens

Proxy
comb
BaPb
MgSrBaPb
MgSrPb
SrBaPb

Data
multi
-9 7
-9 7
-1 8
-9 5

performance
Ter
Oss
1.9380 1.2843
0.5770 0.9513
1.9222 0.5866
1.3250 1.7325

Bres
0.4959
0.2933
0.4065
0.3563

Knokke
1.3699
2.8506
1.6627
4.9579

LMR
WDMR
IPA
SVR

Norm Training
set
N
T2
N
T1
N
T1
NN
T2
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Knokke
LMR
WDMR
IPA
SVR

Norm Training
set
N
T2
N
T2
N
T1
N
T2

Proxy
comb
MgPb
BaPb
SrBaPb
BaPb

Data
multi
-9 9
-9 9
-8 8
-9 8

performance
Ter
Oss
0.5387 1.2986
1.7334 1.5508
2.5935 1.9860
1.7055 1.7316

Bres
1.6589
0.5212
2.4258
0.4802

Knokke
0.8852
0.6550
0.4959
0.7704

4.2. DEVELOPING A WORKING PROTOCOL
NORMALIZING THE DATA OR NOT ?
Of all methods LMR is the least sensitive to normalization. However, all methods show
severe problems in reconstructing temperatures based on non-normalized data. Normalizing
the data always has a positive impact on the reconstruction performance of the model; this
is true for all methods and is independent of other tuning variables (see Figure 2). The
training set T2 with the most variation shows, in general, more difficulties due to not
normalized data. Although some proxy combinations are less affected by not normalizing the
data, all proxy combinations perform better when normalized data are used. In contrast to
models based on normalized data the model performance of models based on nonnormalized data decreases with an increasing number of data shifts. However, the static
models also perform better when normalized data are used.
The better model performance of models based on normalized data can be explained by the
fact that the temperature reconstructions are not influenced by external factors that may
cause offsets in the proxy concentrations. For example, geographic variations in seawater
chemistry can influence the shell chemistry by causing offsets while the overall shape of the
signature is maintained (Gillikin et al., 2006a; Gillikin et al., 2006b; Stecher et al., 1996).
Moreover, offsets in the chemical signature can also be caused by ontogenetic changes in
the shell. These ontogenetic effects have shown to be important for long living bivalves
therefore models have been developed to remove these trends (Butler et al., 2009b).
However for short living species it is difficult separate ontogenetic changes from
environmental variations. By normalizing the data the informative shape of the signature is
used and the disturbers of the offsets are removed. On the other hand by normalizing the
data extrapolation error are minimized. In general all models have problems to reconstruct
the temperature based on data that are different from the data of the training set, since the
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model relays on assumptions for these data. This problem is generally the bigger when the
models are getting more complex, and when the validation data are more different from the
trained data.
Normalization the data appears to play a very important role in the robustness of the
presented methods. Looking to an overall trend of a chemical signature (instead of looking
to the absolute ratio or concentration) may be an important step toward better
environmental reconstructions. We therefore can conclude that data should always be
normalized in order to obtain accurate temperature reconstructions. There is no need for an
independent optimization step of this tuning factor. Therefore, the reconstruction
performances obtained using non-normalized data are excluded from further analysis.
WHICH DATA SHOULD BE IN THE TRAINING SET ?
Figure 2 shows that the impact of using a different training set is rather small. In Figure 4 box
plots show, for all methods, the distribution of the reconstruction performances obtained
using the homogenous training set T1 and the variable training set T2. Where in theory more
(variable) data result in more robust models, this figure suggests that there is no significant
difference in the reconstruction performance of models trained on variable data and the
models trained on homogeneous data. These results may be explained by the fact that both
training sets are still relatively small.
Hence, we can conclude that the composition of the training set is not that important and
can be excluded from the optimization process. However, tests using larger datasets would
improve the insight in this subject.
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Figure 4: Box plots of the total distribution of the RMSEs obtained doing all test described in
Section 3.1 (excluding the not normalized data) comparing the results obtained using the
homogenous training set T1 and the variable training set T2.
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WHICH PROXIES SHOULD BE INTEGRATED ?
As observed in Chapter 1 and 2 static models generally perform better when more proxies
are included in the model. However, Table 1 and 2 and Figure 5 show that this trend
becomes less clear when dynamics are introduced. Moreover, Figure 6 shows that the
optimization process is negatively influenced by the amount of proxies, meaning that it
become less obvious that a model performing well at an optimization site, will perform as
well when it is extrapolated to another site. The best model is therefore certainly not the
four proxy model. Therefore, a careful optimization of the proxy combination is of major
importance.
Table 1 suggests that for the four model types the optimal model for Terneuzen is one based
on Mg or MgPb. Figure 5 confirms that these two proxy combinations performed well in
Terneuzen for the four methods. Figure 5 also suggests, however, that these proxy
combinations do not result in the best reconstruction performances in Knokke. Moreover,
Table 2 shows that the best proxy combination is different per validation shell. The best
proxy combination can depend on several factors, such as (1) the method used to compute
the model, (2) the number of data shifts and (3) the shell used to optimize the model.
T HE METHOD

In general, the model performances obtained by the four studied methods are similar for
every tested proxy combination, so there are no proxy-combination specific preferences for
the method that is used to compute the model. For example, the clear nonlinear Batemperature relationship (shown in Figure 5 of Chapter 1) does not result in significantly
better reconstruction performances when nonlinear methods are used. For all proxy
combinations the same pattern can be observed: in general LMR performs slightly better
than WDMR and SVR. The IAP performs well when an optimal model is found for every shell
but it behavior is too unpredictable so that it is not recommended to use this method for any
of the proxy combinations.
T HE NUMBER OF DATA SHIFTS

Although the introduction of dynamics is more significant for both Sr and Pb than for Mg,
even the best number of data shifts doesn’t result in better reconstructions than the ones
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obtained by Mg-models. Based on Figure 6 only a few number of proxy combinations have
RMSEs lower than 1˚C at both study sites (Terneuzen and Knokke): Mg, MgSr, MgBa, MgPb
and MgSrBaPb. These results clearly suggest that Mg does carry relevant temperature
information. The RMSEs obtained by the one proxy Mg models in Terneuzen had the best
correlation with the RMSEs obtained in Knokke, meaning that these models are the least
sensitive to the optimization process. Moreover, most models that use Ba information show
problems in the optimization. As it has been explained in Chapter 4 this is most likely a result
of the fact that Ba (even though it may contain relevant information about shell growth)
behaves too site specific, and therefore causes problems during the optimization process.
The problems are considerably compensated in the MgBa, BaPb and the MgBaPb models,
but the optimization process is still difficult.
T HE OPTIMIZATION SHELL

The major impact of the choice of the optimization shell is worrying. It imposes that every
shell has its own optimal proxy combination. However, Figure 2 and Figure 5 both show that
a proxy combination that performed well for one site generally performed well also for the
shells of other study sites. As mentioned in ‘Section 4.1.’ this means that no physiological
interpretations can be given to the proxy incorporation process based on the absolute
minimum of these tests. However, it may be possible to get physiological information out of
the overall trends observed in Figure 2.
Apparently, the combination of proxies makes the optimization process more complex. This
is most likely a result of different uptake processes, resulting in different optimal data shifts
per proxy. Here the number of data shifts is optimized for all proxies at ones. Possibly better
results can be obtained when the number of data shifts is optimized for each proxy
independently, before it is put in a multi proxy model. This can also explain why the MgSrBa
model that has been suggested to be the best proxy combination for a static model in
Chapter 3, does not perform better than the other proxy combinations now that dynamics
are introduced.
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Figure 5: The impact of introducing dynamics is shown for every proxy combination by comparing the model performance of a
static model (in stems) to the model performance of the optimal dynamical model (in bars). This is done for the four studied
methods and for all study sites. The proxy combinations are defined as 1: Mg, 2: Sr, 3: Ba, 4: Pb, 5: MgSr, 6: MgBa, 7: MgPb , 8: SrBa,
9: SrPb, 10: BaPb, 11: SrBaPb, 12: MgBaPb, 13: MgSrPb, 14: MgSrBa, 15: MgSrBaPb

Figure 6: For all proxy combinations scatter plots show the model performance in RMSE for the
optimization shell in Terneuzen in function of the model performance in RMSE of the validation
shell in Knokke. Only the normalized data are used for this plot. A good correlation indicates that
the optimization of the number of data shifts on an optimization shell of Terneuzen cannot yield
an unexpected high RMSE, when extrapolated to a validation shell of Knokke.

INTRODUCING DYNAMICS : WHAT ARE THE OPTIMAL DATA SHIFTS ?
In general, better reconstruction performances are obtained for a higher number of data
shifts. But, as mentioned before the optimization of the number of data shifts strongly
depends of the proxy or the proxy combinations. Figure 5 shows that some proxies are more
sensitive to the introduction of dynamics than others. Therefore the best proxy combination
for a static model is not always the best proxy combination when dynamical models are
used. This can be explained by the fact that intruding dynamics improves the reconstructions
for three different reasons: (1) The occurrence of dynamical proxy incorporation, (2) the
flexible time-distance relationship which approximates the nonlinear relationships linearly
and (3) a smoothing effect by the increasing number of data. Different proxies with a
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different behavior therefore benefit differently from the introduction of dynamics. For
example more noisy proxy signals will benefit more from the introduction of dynamics due
to the smoothing effect. As a result of this observation the optimization of the number of
data shifts cannot be done independently from the chosen proxies.
Moreover, as mentioned in Chapter 4 some proxies induce site specific problems during the
optimization of the number of data shifts. In Figure 6 scatter plots are made for every proxy
combination, to gauge the RMSE obtained in Terneuzen against the RMSEs obtained in
Knokke. A higher correlation between these two datasets indicates that optimizing the
number of data shifts by minimizing the RMSEs on an optimization shell from Terneuzen, will
result in low RMSEs on a validation shell in Knokke. In other words, the optimization process
is appropriate. Figure 6 makes clear that the optimization process is appropriate for many
but not for all proxy combinations. Especially proxy combinations including Ba information
don’t seem to correlate. Problems in the optimization process also tend to occur more often
when more proxies are used. Moreover, is becomes clear that the IPA models are the most
sensitive, and the LMR models are the least sensitive to this optimization process, as
discussed later in section 4.3.

4.3. COMPARING THE FOUR METHODS
OVERALL RECONSTRUCTION PERFORMANCES
The finger prints in Figure 2 shows clear differences in the overall reconstruction
performances of the four methods. Especially the site specificity of models based on not
normalized data is significantly different for all four methods. It is clear that the linear
multiple regression method is the most robust method against site specificity. The difference
in overall performance between models becomes less clear when the non-normalized data
are excluded. In this case the distribution of the RMSEs is very similar for the four methods
(see Figure 4). However, when the models are based on normalized data, some site
specificities persist.
The fingerprints in Figure 2 and the bar plot in Figure 5 show that LMR, SVR and WDRM
result in slightly higher RMSEs in Knokke than the IPA. However, the fingerprint of the IPA in
Figure 2 is noisier than the fingerprints of the three other methods. Figure 6 also shows that
the IAP behaves less predictable when pre-processing factors (being the number of data
148

shifts in Figure 6) are extrapolated to a validation shell of another study site. This makes
optimization for this method very difficult, if not impossible.
The box plots in Figure 3 and 4 show that LMR results in the least number of outliners in the
distribution of the RMSEs. These outliners are likely to be due to extrapolation errors. Such
model errors occur both in linear and in nonlinear models, but they are much larger for
nonlinear models. This explains why the highest RMSE observed for LMR is ≤ 6 where the
highest observed RMSEs for WDMR, IPA and SVR were respectively 700, 25 and 15.
On the other hand, the absolute minimal RMSEs are also obtained by the WDMR method
(RMSE = 0 for the validation shell of Ossenisse). This highlights the importance of a correct
optimization process again.
SITE SPECIFICITY AND OPTIMIZATION
From Figure 5 it can be observed that the lowest RMSE values are obtained using IPA.
However, in this case the pre-processing parameters are optimized for every shell
individually. Figure 6 show that the IPA yields totally different RMSEs when the number of
data shifts is extrapolated to another validation shell. The scattering in Figure 6 observed for
all proxy combinations suggest that optimization of the number of data shifts on a single
validation shell is not recommended for IPA. Moreover, Tables 1 and Tables 2 show that the
RMSEs obtained after optimization of the pre-processing parameters are mostly larger for
the IPA models than for the other models.
The similar behavior between the three other methods in Figure 6 is remarkable. Although
LMR shows less scatter of the data, the results obtained for WDMR and SVR are similar. This
means that the possibility of optimizing the number of data shifts depends much more on
the proxy combination than on the method that is used to compute a model. This can be
generalized into saying that the optimization process in itself depends more on the data than
on the method that is used.
COMPUTING TIME
Although longer computing time should not be a reason for not selecting a method that
result in significantly better reconstruction, we like to give it here for the information of the
reader. Where the computing times for computing the 6000 models presented in ‘section
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3.2.’ are very similar for LMR and for WDMR (in the order of 5 minutes), doing the same
amount of tests takes considerably longer for the 2 other methods. Doing 6000 tests took
approximately 4h for the IPA and more than 4x72h for the SVR.
THE BEST MODELS: LINEAR DYNAMICAL MG-MODELS
The results of this chapter are surprising: the best method to construct a temperature model
is the linear multiple regression models. The best reconstructions are obtained when these
models are trained on Mg/Ca data or on a combination of Mg/Ca data with another proxy. In
general a higher number of data shifts results in better reconstructions. In Figure 7 the
detailed temperature reconstructions are plotted obtained by using five different linear
dynamical Mg-models that where based on two times nine data shifts in past and in future
direction. Although these temperature reconstructions (with RMSE between 1˚C and 1.6˚C)
are certainly not the best reconstructions obtained in this chapter, the linear dynamical Mgmodels are probably the most robust models that can be extrapolated to other shells
without inducing unexpected extrapolation errors.
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Figure 7: Five different linear dynamical Mg-models based on two times nine data shifts in past
and in future direction are used to reconstruct the temperature at the three sites different from
the training site. The RMSEs on the reconstructions ranges between 0.3˚C and 1.6˚C.

Even though, nonlinear models are theoretically able to catch more information out of less
obvious proxies (since they are able to describe nonlinear proxy-environment relationships),
Figure 6 shows that the nonlinear models are more sensitive to the choice of the proxies and
the number of data shifts. LMR is the most predictable method, with the least number of
outliners (=extremely high RMSEs, see Figure 2, 3 and 4). The introduction of dynamics
seems to compensate for the substantial nonlinear proxy-temperature relationships.
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Moreover, the LMR methods have a relatively fast computing time and the absolute lowest
number of model-parameters. Additionally, the fact that LMR is a well-known and broadly
used statistical approach is an important advantage. A LMR toolbox is available on all
statistical software packages. However, to obtain the results in this chapter all preprocessing steps need to be optimized. In contrast to what is done traditionally, and also in
contrast to what is done in Chapter 2 and Chapter 3, data need to be normalized, and to be
multiplied to create dynamical models

5. CONCLUSION
In this chapter the importance of four data pre-processing steps is evaluated on four
methods that can be used to generate multi-proxy models.
NORMALIZING THE DATA !
Our results suggest that all methods show clear site specificity when non-normalized data
are used. Therefore, normalization of the data plays a very important role in the robustness
of the four studied methods and may be an important step toward better environmental
reconstructions.
THE OPTIMIZATION PROCESS
We did not observe significant differences between reconstruction performances for models
trained on homogeneous or on variable training data. However, we did observe that the
optimal tuning of the pre-processing parameters is very different when different
optimization shells were used. This suggests that the optimal tuning of the pre-processing
parameters for one shell cannot be extrapolated to another shell. Therefore it can also not
be used to obtain an insight in physiological proxy interpretations processes. To do so a total
overview of the reconstruction performances is needed, and conclusions need to be made
on overall trend, instead of absolute minima.
However, the extrapolation of the optimal tuning of the pre-processing parameters to other
shells is justified when the objective is to compute a robust temperature model. This
however, is not true for all proxy combinations. The optimization of the proxy combinations
is strongly coupled to the optimization of the number of data shifts, and cannot be done
independently. The extrapolation of the best number of data shift to another study site is
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problematic for some proxy combinations, meaning that the optimization process is
sometimes not appropriate. In general, Mg based models show the least problems and
models that include Ba-information show the most problems during the optimization.
THE BEST MODEL
Taking into account all parameters we can conclude that the best model type is the
dynamical Linear Multiple Regression method based on Mg/Ca data or on a combination of
Mg/Ca data with another proxy. The introduction of dynamics seems to compensate for the
substantial nonlinear Mg-temperature relation. Moreover the linear models are less
sensitive to extrapolation errors than the nonlinear models. Therefore, these models can be
extrapolated to other study sites without inducing major errors in the reconstruction.
However, the linear regression method has to be used in an untraditional way: i.e. based on
normalized and multiplied data in order to create a dynamical linear model.
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CHAPTER 6: USING THE BEST MODELS ON OTHER DATA
HOW GENERIC ARE THESE MODELS?
WHAT DO THEY TELL?

Si tu trouves sur la plage
un très joli coquillage
OCÉAN O.O
Et l’oreille à l’appareil
la mer te racontera
dans sa langue des
merveilles
que maman
te traduira.
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Picture on page 151 from Elena Kalis: “Girl with shell”
Poem from Claude Roy: “Bestiaire du coquillage’’
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CHAPTER 6:
USING THE BEST MODELS ON OTHER DATA:
HOW GENERIC ARE THESE MODELS?
1. INTRODUCTION
With the exception of Chapter 1, all chapters of this work are based on a single dataset.
Therefore, one may question the applicability of the methods and/or models to other
datasets. In this chapter, the best models obtained in the previous chapters are applied to
new datasets.
To explore the limits of our methods, the ‘best models’ obtained in Chapter 5 will be used to
reconstruct the temperature based on other datasets. Linear dynamical models trained on
data of the Terneuzen shells of Vander Putten et al. (2000) with different proxy
combinations are used to reconstruct the temperature of datasets increasingly dissimilar
from the training data.
First, the obtained model is used to reconstruct the water temperature in Knokke, based on
a Mytilus edulis shell, for which trace elements have been measured in a different way. This
test will give information about the sensitivity of the model to different analytical methods.
A second test consists of a temperature reconstruction based on a Bay Mussel (Mytilus
trossulus) shell from Greenland, checking whether the M. edulis models can be extrapolated
to closely related species, from a very different environment.
Supplementary tests are done to investigate if the models can be extrapolated to other
species that are less closely related to M. edulis. Therefore, some temperature
reconstructions are done using data from the Pacific Oyster Crassostrea gigas, and from the
Manila clam Ruditapes philippinarum. The fact that the Pacific Oyster is a calcitic bivalve and
the Manila clam is aragonitic, allows us studying the importance of the shell mineralogy.
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Finally, some explorative tests are done based on archaeological data. Although these tests
cannot be validated, they give a rough idea of the possible problems that may occur when
archaeological shells are used.
The chapter is structured as follows: In Section 2 the model type and the data on which the
models are trained are presented briefly. In Section 3 the performance of all measuring
methods is studied. In Section 4, it is investigated if the model can be extrapolated to related
species from a different environment. Section 5 is dedicated to test other species with a
different mineralogical structure, and in Section 6 the models are extrapolated to
archaeological samples. Finally the results are discussed in Section 7 and conclusions are
formulated in Section 8.

2. TRAINING DATA AND THE BEST MODEL(S)
THE DATA
The data, on which all models are trained in this chapter, are the same data as the training
data in the previous chapters. Full details of these data can be found in Chapter 3 and in the
original publications (Gillikin et al., 2006a; Gillikin et al., 2006b; Vander Putten et al., 2000).
Some details that are of interest in this chapter are summarized below.
The training data come from six shells collected at Terneuzen, located halfway in the Scheldt
estuary. This estuarine environment has a lower salinity than most of the other sites in this
chapter (see Figure 1).
The trace element compositions of the shells used for training are analysed by using an LAICP-MS, shooting a laser ablation crater of 50 µm every 250 µm in the calcitic layer of a shell
section. This resulted in 50 to 70 measurements per shell corresponding with a period of one
year. Modern LA-ICP-MS equipment can achieve a much higher sampling resolution.
Shells of M. edulis consist of a calcitic prismatic layer and an aragonitic nacreous layer; all
measurements are done in the calcitic part of the shell. Not all bivalves are composed of
these two layers; some consist entirely of aragonite and others of calcite. The mineralogical
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structure will be of importance during the proxy incorporation processes and therefore
influence the model structure.

Figure 1: Locations where all shells studied in this chapter have been sampled. (maps from
http://maps.google.be)

THE MODELS
In Chapter 5 we observed that, in general, the best temperature reconstructions were
obtained by linear dynamical models. Five proxy combinations performed better: Mg, MgSr,
MgBa, MgPb and MgSrBaPb. For this reason the reconstructions obtained in the present
chapter are based on linear dynamical models using these proxy combinations. To study the
importance of Mg in these models, some reconstructions are based on the linear dynamical
Sr model. This was done when Sr/Ca ratios where available. In order to compute a dynamical
model the training data have been multiplied by using the method described in Figure 3 of
Chapter 4. The number of data shifts was chosen [-9 0]. This means that the data have been
multiplied nine times to the past, not to the future. So, every temperature reconstruction is
based on nine successive proxy measurements.
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3. SAME SPECIES, DIFFERENT ANALYTICAL METHOD
3.1. DATA AND METHODS
When more modern LA-ICP-MS equipment is used, a much higher resolution can be
obtained. An important question is: can the linear dynamical models presented in Chapter 5
be used on data obtained with this new trace element measuring method which has a much
higher resolution? Especially the dynamical models may suffer from differences in
resolution, since the corresponding ‘time’ between two ablation points using a more
performant LA-ICP-MS system is much shorter. This means that data points that were
obtained with a higher resolution will corresponds to a different time frame. In order to
answer this question, the models from chapter 5 are used to reconstruct the temperature of
three Mytilus edulis shells sampled at Knokke in 2007 and 2008 (see Figure 1) that are
analyzed using of modern Laser ablation equipment.
This modern Laser ablation system (the New Wave Research UP-193 FX Fast Excimer)
produces craters in the sample ranging in size from 2 to 150 microns. The ablated material is
then swept by a He-Ar flow from the sample cell directly into the plasma of the ICP-MS
(Thermo Scientific X-Series2 with CCT (Collision Cell Technology)). The sample particles are
then ionized and the ions are separated and detected by the mass spectrometer.
For the three shells analyzed in this chapter this Laser ablation system was used to give a
continue profile of trace elements in following the growth of the shell. Therefore 20 ìm
crater sizes were used in combination with a dwell time of 400ms and a progression of
5 µm/s. To validate the trace elemental measurements, NIST 621 has been used as reference
material.
On the one hand, the high-resolution measurements were used directly in a linear dynamical
Mg model to reconstruct the corresponding temperature. On the other hand the highresolution measurements were pre-processed in order to mimic the lower resolution that
was used in the training set. This was done by averaging the area that corresponds with the
50 µm (= the size of one ablation crater for the shells used in the training dataset). Finally,
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the reconstructions were compared to the SST measured in Knokke during the same time
period. (STT data from: http://www.ices.dk/ocean/data/surface/surface.html).

3.2. RESULTS
Figure 2 shows the reconstructed temperatures for both tests: the test on the raw highresolution data and the test on the averaged data. The similarities between the
reconstructed temperatures and the measured temperature are large. Moreover, the highresolution data result in more detailed temperature reconstructions. This suggests that the
dynamical model is not sensitive to the different analytical method.
The overall patterns of the reconstructed temperatures are similar to the one of measured
temperature. Corresponding recognizable patterns in temperature peaks and temperature
minima can be found in the three shells and in the measured temperature profile. Moreover,
the first measurement of the reconstructed temperatures corresponds with the tip of each
shell which is dated by the day of sampling; therefore three positions on the profile of the
reconstructed temperature can be dated. In Figure 2 it can be observed that the position of
the three datable points in profile of the reconstructed temperature corresponds nicely with
dates copped to the measured temperatures.
However, reconstructed temperature maxima are approximately 5 °C lower than measured
temperatures. The offset observed for the temperature minima cannot be compared, since
Figure 2 shows only temperatures above 15°C; a temperature threshold (simulating a winter
growth stop) that is chosen arbitrarily. Note that the time scale on which measured
temperatures are plotted is thus not continues, but each minimum at 15˚C corresponds with
total winter period.
The reconstructions based on Mg, MgPb, MgSr and MgSrBaPb show very similar
reconstructions and are therefore all represented by a solid black line in Figure 2.
Reconstructions based on Sr however, show a different pattern that shows less similarity
with the measured temperatures.

3.3. CONCLUSION
According these results the spatial resolution of the sampling measurements does not affect
the reconstruction performance of the linear dynamical Mg-models. The observed
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temperature shift of 5°C between the reconstructed and the measured temperature is not
due to the different analytical method.

Figure 2: Temperature reconstructions based on linear dynamical models (# of data shifts = [-9 0])
using shells sampled in Knokke. The reconstructions based on five different Mg-models (Mg, MgSr,
MgPb and MgSrBaPb) and one Sr-model obtained in Chapter 5. The reconstructions based on Mgmodels are represented by full lines and the reconstruction based on a Sr-model is represented by
a grey line. At the left reconstructions are based on the high resolution measurements; the
reconstructions at the right are based on averaged proxy data. The bottom panels left and right
represent the Temperature measurements in Knokke for the period from 2005 to 2008, only
temperature measurements above 15˚C are shown. The tip of the shell that could be dated is
coupled to the dated measured temperatures; the other lined are based on visual recognition.

4. RELATED SPECIES, DIFFERENT ENVIRONMENT
4.1. DATA AND METHODS
A second test is done on a dataset of trace element measurements from a Mytilus trossulus
shell sampled at Disko Bay in Greenland (figure 1). These data are provided by Emma
Versteegh (Versteegh et al., 2009). Trace elements are measured using the same LA-ICP-MS
as presented in Section 3, on a continuous line along the growth axis of the shell. Based on
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the results of Section 3 it can be assumed that the measuring method has no significant
impact on the reconstructions.
The present dataset differs in three aspects from the training set. (1) First of all, the model is
now extrapolated to another species. M. trossulus is a species that is closely related to
M. edulis, it has a similar ecology and distribution, and both species hybridize regularly
(Rawson et al., 2003). Although the two species are genetically different, differences
between the two species are minor. M. trossulus tends to have a darker inner shell and
tends to be smaller (Innes & Bates, 1999). (2) Secondly, the living specimen was sampled in
September 2008, and preliminary analyses suggest that the bivalve had an age of 8 to 9
years old, what is relatively old compared to the shells of the training set that were
maximally 3 years old. (3) Thirdly, the studied shell is sampled at Disko Bay Greenland,
almost 4000km from the training shells (sampled in the Scheldt, Terneuzen). The studied
shell comes from a totally different environment that is not influenced by the water runoff
of an estuary but rather by melt water influxes.
Using the linear dynamical models discussed in Chapter 5 to reconstruct the temperature
based on this M. trossulus shell from Greenland may induce specific problems due to the
different environmental conditions. The best models of Chapter 5 are based on normalised
data and therefore depend on the overall seasonal patterns. Different trace elemental
seasonal patterns could consequently be interpreted wrongly, resulting in incorrect
temperature reconstructions.
To investigate if these problems do occur, the linear dynamical models trained on shells of
Terneuzen were used to reconstruct the temperatures at Disko Bay. This was done using 5
different proxy combinations. Finally, the reconstructed temperature was compared to
measured temperatures.
Temperature records from Disko Bay have been offered by Gilles Reverdin (ftp://ftp.loceanipsl.upmc.fr/LOCEAN/reverdin/NUKA/nuka.transmit). These temperature data however, are
not gathered by monitoring the site at Disco bay, but by combining temperature
measurement of different shipping transects between Greenland and Denmark. Only the
temperature measurements done close to Disko Bay (Lat. 64.5 to 66.7, Log: -54 to -52) have
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been used. Therefore the data are not continuous in time, and the temperature variations
shown in Figure 3 do not cover the total temperature variation.
Moreover, as for the Knokke shells, only temperatures above 1˚C were used for comparison.
This is done under the assumption that M. trossulus stops growing at lower temperatures,
but the 1˚C threshold is chosen arbitrary. However, since we may expect that shell
populations from colder regions are more adapted to colder temperatures the assumed
growth stop temperature is chosen bit lower as for the M. edulis shells from the previous
section.

Figure 3: Above: Reconstructed temperatures based on a Mytilus trossulus shell sampled at Disko
Bay (Greenland) in September 2008. The reconstructed temperature is based on a linear
dynamical MgPb model. Under: temperature measured at Disco bay above 1˚C. Right: a zoom on
the lower peeks in the temperature reconstructions, and the corresponding period of
temperature measurements.

4.2. RESULTS
Figure 3 shows the comparison between the reconstructed and the measured temperatures.
Especially for the time interval 2004 to 2000, clear similarities between the two temperature
patterns can be observed. Knowing that the studied shell was sampled in September 2008,
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and assuming that every peak in the temperature reconstruction corresponds with summer,
the two similar temperature regions do correspond with the same timing.
Unfortunately, temperature measurements for the years 1999 are missing. However, the
comparison of the measures temperature profile for 2008, 2006 and 2005 with the first cycle
in the reconstructed temperature record suggests that the higher temperature
reconstructions are likely to be wrong, since the corresponding peaks in the measured
temperature records is not as high.
As observed for the test shells from Knokke, tests done using Mg, MgSr, MgPb and
MgSrBaPb also resulted in very similar temperature reconstructions, with a minimal
difference of 0.01˚C. Therefore, only the reconstructions based on the linear dynamical Mg
model are shown in Figure 3.
A second problem is the offset between measured and reconstructed temperatures.
Maximal reconstructed temperatures are approximately 6˚C above the maximal measured
temperatures. Again, temperature minima cannot be compared, due to the assumed growth
stop at low temperatures. The shift between the reconstructed temperatures and the
measured temperatures suggest that the models have problems to reconstruct exact
temperatures, even though the overall temperature profile is well reconstructed. An
explanation for this phenomenon is given in the general discussion in ‘Section 7.2. Explaining
temperature offsets’.

4.3. CONCLUSIONS
The reconstructed temperatures show a similar pattern to the measured temperature in
Greenland; Disko Bay, therefore we may conclude that the Mg-information used by the
linear dynamical Mg- models do contain temperature information that is inherent to the
environment in which the shell lived. However, the reconstructed temperature lay
approximately 6°C above and the measured temperature, which suggests that the models
cannot directly be used for temperature reconstructions in a different environment.
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5. OTHER SPECIES, DIFFERENT MINERALOGY
5.1. DATA AND METHODS
Since it appears to be possible to extrapolate these linear dynamical models to related
species of a very different environment, the question arises: how related do these species
need to be? Therefore, two other bivalve species were selected for further study:
Crassostrea gigas with a calcitic shell and, Ruditapes philippinarum with an aragonitic shell.
The C. gigas data where provided by Vincent Mouchi (Mouchi, 2010) and the R.
philippinarum data were provide by Céline Poulain (Poulain et al., 2010).
CRASSOSTREA GIGAS (M OUCHI, 2010)
Crassostrea gigas or the Pacific oyster has a similar ecology as M. edulis. Sometimes it is
even outcompeting the blue mussel; it lives attached to sea rocks in tidal and subtidal zones.
It is an oyster species that originates from Southeast Asia, but has been introduced for
commercial purposes all over the world. Its distribution to day ranges from North America to
Australia and Europe. Its large distribution, together with the fact that it can live up to 30
years, makes the species potentially useful for climate reconstructions (Ruesink et al., 2005).
The shell of C. gigas is composed of calcite (Mouchi, 2010), the same mineralogical structure
in which the trace elemental measurements were done for the M. edulis shells on which the
model was trained. Since, only Mg/Ca and Sr/Ca ratios were measured on the C. gigas shells
not all proxy combinations could be tested.
The two studied oysters were monitored and sampled at two different sites in France. The
shell labelled ‘C. gigas 1’ originates from Baie des Veys , and the shell labeled ‘C. gigas 2’
originates from the Banc D'Agnas (Figure 1). The shells were sampled in 2009. In contrast to
previous tests, the studied shells were monitored intensively. The environmental parameters
at the study sites were measured exactly at the location were the shells grew. In addition,
the shells were marked 7 to 16 times with calcein. The growth rate between the markings
was assumed to be linear. These conditions ensured that two error types are minimized: the
differences between reconstructed and measured temperature cannot be caused by microenvironmental differences or by an incorrect growth rate assumption.
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RUDITAPES PHILIPPINARUM (POULAIN ET AL., 2010)
Ruditapes philippinarum, or the Manila clam, has a slightly different ecology than M. edulis.
It burrows in sand or muddy-gravel bottoms below the mid tide level, usually in quiet
waters. R. philippinarum is native to Japan, with a wide distribution in the Indian and Pacific
Oceans. It has been introduced to the North American Pacific coast, the Hawaiian Islands
and the European coastline. The maximum age of R. philippinarum is 7 years and a maximum
shell length 52.7 mm (Ponurovsky, 2008).
The shell of R. philippinarum consists of two aragonitic layers, an inner homogeneous layer
and an outer prismatic layer (Poulain et al., 2010). This enables testing of the linear
dynamical models on trace elemental data measured in a different mineralogical structure.
These shells were analised, only Mg/Ca, Sr/Ca and Ba/Ca.
The four studied clams were sampled in 2005 at the Golfe du Morbihan (Figure 1): the shells
labelled ‘R.phil.1’ and ‘R.phil.2’ were sampled at Le Bono and shells labelled ‘R.phil.3’ and
‘R.phil.4’ were sampled at Locmariaquer (Figure 1). In contrast to the oysters, these clams
had not been marked with calcein, so the growth rate of the shells is not known. Therefore,
the temperature measurements done at the study are linked to the proxy measurements in
a different way. For all shells the δ18O profiles were measured and compared to the
temperature measurements. Subsequently recognisable patterns (local minima and maxima)
were used as anchor points to reconstruct the shell growth as described by Paillard et al.
(1996).

5.2. RESULTS
Figure 4 shows the temperature reconstructions obtained using different proxy
combinations in a dynamic linear model. It is clear that the reconstructed temperatures
based on the R. philippinarum shells do not fit the measured temperatures. Although two
proxy combinations (Mg and MgSr) result in a very similar temperature pattern, this pattern
is very different from the measured temperature pattern. Also, the reconstruction based on
Sr information exclusively does not result in better reconstructions. For two shells (‘R.phil. 2’
and ‘R.phil. 4’) an inverse relationship can be observed between the reconstructed and the
measured temperature, suggesting that the models used cannot be applied to reconstruct
temperature based on these species.
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The reconstructed temperatures based on C. gigas, on the other hand, show a similar
pattern as the measured temperatures. Moreover, in contrast to the previously
reconstructed temperatures, the temperature reconstructions based on these two shells do
not show the offset from the measured temperatures: maxima end minima are of a similar
range. The timing of these maxima and minima, however, seems to have been shifted. This
suggests an effect of model errors, since the growth of these shells was followed up
intensively.
For all shells it is remarkable that the temperature reconstructions based on Mg and MgSr
are very similar. Although only two proxy combinations have been tested here, the tests
using more proxy combinations discussed in the previous sections of this chapter suggest
that no significant differences would be observed using more proxy combinations. The
reconstructions based on Sr clearly result in less realistic temperature reconstructions.

Figure 4: Measured and reconstructed temperatures for four aragonitic (Ruditapes
philippinarum) and two calsitic (Crassostrea gigas) bivalve species. Temperature reconstructions
are based on linear dynamical models using 3 different proxy combinations.
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5.3. CONCLUSIONS
The results obtained in this section clearly show that the linear dynamical Mg models trained
on calcitic shells cannot be extrapolated to aragonitic shells. Extrapolating these models to
other unrelated calcitic sepsis however, suggests that the linear dynamical Mg models do
extract some temperature information out of these data. However the high unexplained
temperature shifts show that the models cannot directly be used for temperature
reconstructions at this stage.

6. SAME SPECIES, 700 YEARS AGO
6.1.

DATA AND METHODS

The last dataset that is used to test the linear dynamical models is a dataset of trace
elemental measurements on archaeological shells of M. edulis. This dataset was provided by
David Gillikin and Ivy Meert (2005). Although no temperature data are available for these
datasets, the overall pattern and the range of the reconstructed temperatures may indicate
problems due to diagenesis.
The dataset contains trace elemental measurements on seven archaeological shells,
stratigraphically dated between the 13th and the 19th century. Figure 1 illustrates the
location of the archaeological sites where the shells were collected: mostly in Brugge and
Oostkerke (Belgium). The precise location where the mussels lived is not known, but it is
likely that this was the coastal waters of the southern bright of the Scheldt estuary. Most
shells were found in brackish wells, which is likely to have induced some diagenetic changes.
Detailed information about all individual shells can be found in Table 1.
Meert (2005) observed that many trace elemental ratios are significantly different compared
to the trace elemental ratios in modern shells. Especially the higher Mn/Ca and Fe/Ca ratios
and the lower Sr/Ca ratios observed in all archaeological shells suggest diagenesis (Elorza &
García-Garmilla, 1996; Jimenez-Berrocoso et al., 2004; McGregor & Gagan, 2003) and
therefore Meert (2005) concluded that the trace elements could not be used for
environmental reconstructions. However, for most archeological shells no significant
difference in Mg/Ca ratios is observed in comparison with modern shells. Moreover, the
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overall shape of the trace elemental ratios seems to be preserved, suggesting that
reconstructions based on normalized data may work. The potential use of trace elements for
temperature reconstruction is therefore reinvestigated in this section. This is done by using
the linear dynamical models that performed the best in Chapter 5. Since real validation is not
possible, only the temperature ranges and overall patterns are investigated.
Table 1: Detailed information about the 7 archeological shells and one shell sampled alive. The
last column indicates which of the trace elements ( Mg/Ca, Sr/Ca, Ba/Ca and Pb/Ca) could have been
influenced by diagenetic changes, the superscripts L and H indicate if the trace elemental ratios
were significantly higher or lower as the recent shells.
Shell label
(average of the
period it may
have lived)
1300

Period in
which the
shell may
have lived
th
end 13 -begin
th
14

Brugge

19

Brugge

Brackish gutter

/

Knokke

Sampled alive

th

th

14 – 15

1450
1650

1750

15
th
17
th
end 17 -begin
th
18
18th

1925
2000

6.2.

Details about the
place where it is found
Content of round
brackish well
Waste pit without
camp shedding
Brackish gutter
Tander ’s barrel
Brackish gutter
(upper content)
Brackish gutter

1400

1700

Location where
archeological shell
has been found

th

th

Oostkerke
Oostkerke
Brugge
Brugge
Brugge

Trace elemental ratios
significantly different
from recent shells
L

Sr/Ca , Pb/Ca
H

L

L

Mg/Ca , Sr/Ca , Pb/Ca
L

H

Sr/Ca , Ba/Ca , Pb/Ca
L
H
Sr/Ca , Ba/Ca
L

H

H

Mg/Ca , Fe/Ca , Sr/Ca
H

L

L

L

Fe/Ca , Sr/Ca ,
H
L
H
Mg/Ca , Sr/Ca , Ba/Ca ,
H
Pb/Ca
/

RESULTS

Figure 5 shows the temperature reconstructions for the 6 archaeological shells and the
recent shell. At first glance, the overall temperature patterns and temperature ranges look
realistic. For most shells a clear seasonal pattern can be observed. Minimal reconstructed
temperatures, corresponding to a realistic ‘growth stop’ temperature, and maximal water
temperatures between 15 °C and 18 °C also seem plausible. However, it is clear that for
many shells the trace elemental measurements do not cover a complete season, which may
give a wrong indication of maximal and minimal temperatures. On the other hand significant
changes in seasonality have been recorded by bivalves suggesting that these reconstructions
are realistic (Wanamaker et al., in press).
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Figure 5: Temperature reconstructions based on archeological shell samples from periods around
the time given in the title; detailed information about each shell is given in Table 1.

An important observation is that the significant differences in trace elemental ratios
observed by Meert (2005) do not result in different ranges in the reconstructed
temperatures. Even for the three shells that did show possible diagenetic changes in their
Mg/Ca ratios (1400, 1700 and 1925), no significantly different temperature reconstruction
pattern can be observed.
As has already been observed for all previous tests, the four models partly or entirely based
on Mg, yield the same pattern suggesting that not much additional information is gained
from the other proxies. It’s remarkable however, that a very similar temperature
reconstruction pattern is obtained by a Sr model (with the exception of the shell ‘1700’),
even though all shells did undergo diagenetic changes in their Sr/Ca ratios.

6.3. CONCLUSION
The reconstructions based on archeological shells yield realistic temperature patterns and
temperature ranges, suggesting the linear dynamical Mg models may be used for real paleotemperature reconstructions. However, the temperature shifts observed in Section 3 and
Section 4 tell treat this data with caution.
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7. GENERAL DISCUSSION
The results show that for all calcite shells the reconstructed temperature trends are very
similar to the measured temperatures, suggesting that the models can be extrapolated to a
broad variety of datasets. The only factor that seem to be of crucial importance to
reconstruct the overall temperature pattern for these linear dynamical Mg models is the
mineralogical structure of the shell. The other studied factors, being the measuring method,
the environment, the phylogenetic relations with the training shells and possible diagenetic
changes, do not seem to affect the overall pattern of the reconstructed temperatures.
Nevertheless, some offsets are observed when the measured temperatures are compared to
the reconstructed temperatures.

7.1. THE POWER OF MG
For all tests the same observation is made, namely that temperature reconstructions, based
on different proxy combinations that do include Mg, result in almost identical temperature
profiles. This result suggests that the models based on several proxies give a significantly
greater weight to Mg than to the other proxies, which makes the reconstructions very
similar. In Figure 2, 4 and 5 it can be observed that a different (less accurate) pattern is
obtained when temperature reconstructions are based on Sr models. This suggests that
most temperature information is gained from Mg and that the other proxies do not add
much temperature information. This observation is in contrast with the conclusions of
Chapter 1 and 2 where it is hypothesised that the combination of proxies should result in
more accurate temperature reconstructions. Also in Chapter 3 it is proposed that the
‘growth rate information’ of Sr (e.g. Carre et al., 2006) and the ‘food availability-information’
of Ba (e.g.Barats et al., 2009) would improve the reconstructions. However, it has been
observed in Chapter 4 and Chapter 5 that the introduction of dynamics has a larger positive
impact on the temperature reconstructions that the combination of proxies. This
phenomenon needs to be explained.
THE SMOOTHING EFFECT
The results of Section 3 show that the improvements obtained by dynamical models are not
due to a delayed proxy response or to a physiological effect. The improvements are rather
the result of a smoothing effect. By multiplying the data, the number of data points used for
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the reconstruction of the temperature is increased more than by combining proxies. While
the number of measurable proxies may be limited, the high resolution profile of one proxy
contains many data points that all can be used for a reconstruction by a dynamical model.
Moreover, if a specific proxy is also influenced more by temperature than other proxies, the
model will give a higher weight to the former.
Imagine the following situation: 80% of the Mg/Ca variation is explained by temperature,
10% by seawater chemistry and 10% by physiology. If only 50% of the variation of the Sr/Ca
ratios can be explained by temperature, it is logical that the multi-proxy model gives a higher
weight to additional Mg/Ca data points than to Sr/Ca ratios. The use of additional proxies to
explain disturbing environmental or intrinsic parameters seems to have a less important
impact on the temperature reconstructions.
BIOLOGICAL VARIATION
Although a clear similarity between the reconstructed and measured temperature patterns
can be observed, it is also clear that they are not exactly the same. In Figure 2 three shells
sampled from the same site show some clear differences in the reconstructed temperature
patterns. Inter- and intra- specimen variability in the seasonal Mg/Ca patterns of bivalves
has been observed (Freitas et al., 2008), and suggests that the incorporation mechanism of
the proxy is not only influenced by environmental parameters, but also by the biology of the
animals. Unfortunately, the results shown in Figure 2 demonstrate that this problem of
biological interference cannot be solved by either the introduction of dynamics, the
combination of proxies or the use of normalized data. A potential solution may be to put the
shells on a same time axis and to the reconstruct temperature based on a synthetic average
shell. This way the biological variation in the proxy data will be filtered.
Moreover, Mg/Ca ratios are known to be influenced by the organic matrix (e.g. Foster et al.,
2008) so the temperature reconstructions that are essentially based on Mg models should
be treated with caution. The M. trossulus shells in Section 4 (Figure 3) for instance show
unrealistically high peaks at the start and at the end of the profile, which may have been
caused by the laser track that approached/touched the periostracum. However is important
to realize that the organic matrix is not uniformly distributed through the shell, and that this
may affect the reconstructions as well (Takesue et al., 2008).
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CONCLUSION
Models based on several proxies give a significantly greater weight to Mg than to the other
proxies; this suggests that Mg is the most powerful temperature proxy among the proxies
studied in this chapter (Mg, Sr, Ba and Pb). However, Mg-profiles are clearly influenced by
the organic matrix, which may induce errors on the reconstructions.

7.2. EXPLAINING TEMPERATURE OFFSETS
Although the recognisable temperature trends suggest that the models are able to extract
temperature information from the proxy measurements, the temperature offsets observed
in Figure 2 and 3 remain a problem, especially when these models are extrapolated to other
datasets. The results obtained in Section 3 and 4 suggest that extrapolating the model to
other time periods or other environments can be risky. Therefore, the origin of these offsets
needs to be understood, in order to find a suitable solution to deal with these problems.
All models are based on normalised data. However, by normalizing the data some
information is lost. The averages of the proxy signals are put = 0 and the standard deviations
are put = 1. The same is true for the temperatures of the training shells. Therefore the
initially reconstructed temperature will be in the same range. To fit on a realistic
temperature scale, these initial temperature reconstructions are recalculated. To do so they
are multiplied with the standard deviation of the training set, and then the mean of the
training set is added. This last step makes the final reconstruction strongly dependent on the
temperature range observed on the training set. To solve the problem of the observed
offsets another method for recalculating the temperature reconstructions from the initial
reconstruction may be used (e.g. the model used in this chapter could be combined with the
traditional temperature reconstructions using δ18O measurements in a shell).
USING NON-NORMALIZED DATA ?
By normalizing the data some information is lost (= the exact concentration or ratio of a
proxy). An important question to answer is if the lost information from the exact elemental
ratios may contain crucial information about the temperature offsets. However, The Mg/Ca
ratios, that are given a very high weight in the different models, are very different between
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the studied shells. Moreover, supplementary tests on non-normalized data result in even
larger offsets, as shown in Table 2. This makes it clear that the use of non-normalized data
cannot solve the problem. Table 2 also shows the temperature ranges that can be
reconstructed from the Mg-temperature equation presented by Klein et al. (1996), showing
that also this model based on non-normalized data fails in the reconstruction of the exact
temperature range. However, the Klein equation reconstructs the most realistic temperature
range when it is used on the M. trossulus data of Greenland.
Table 2: For all datasets studied in this chapter analyses are repeated using models based on not
normalized data, the ranges of the reconstructed temperatures can be compared to the
temperature ranges measured in the field, and reconstructed using models based on normalized
data. The different Mg/Ca ratio ranges given in the last column are directly coupled to the
temperature ranges obtained by not normalized data.
Test shell

Training set
(Terneuzen, 1996)
M. edulis
(Knokke, 2007)
M. trossulus
(Disko Bay, 2008)
R. phylipinarum
(Morbihan, 2005)
C. gigas
(France, 2009)

Measured temp.
range
(in ˚C)
8-17

Rec. temp. range
(norm. data)
(in ˚C)
7-19

Rec. temp. range
(non-norm. data)
(in˚C)
10-15

Rec. temp. range
based on Klein’s
Mg-model (in˚C)
5-28

Mg/Ca ratio
range
(in mmol/mol)
3-12.5

(15)-24

5-20

5- 10

-1-9

0.2-4.5

(1)-8

8-17

6-10

3-12

2-5.5

9-18

11-17

4-5

0-4

0.6-2.2

6-19

8-18

4.5-5

1-3

1.2-1.8

COMBINING WITH OTHER PALEOTHERMOMETERS
Using an independent paleo-thermometer that is able to do an initial guess of the
temperature range may solve the offset problem. For instance, δ18O measurements in a shell
may be used to make an initial guess of the temperature range the bivalve experienced lived
and the linear dynamical Mg model can then be used to filter out the salinity variations. In
this way the combination of these two paleo-thermometry methods could be used to
reconstruct melt water fluxes and seasonal salinity variations. However, this method needs
to be tested since several problems may occur: for instance the initial guess of the
temperature range can be biased by salinity variations, or the linear dynamical Mg model
may be influenced by salinity as well. To assure these errors will not occur, additional tests
are needed with datasets that do provide salinity information.
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CONCLUSIONS
The temperature offsets that are observed in Section 3 and Section 4 are likely due to the
normalization of the data during the data preprocessing. However, non-normalized data
result in even larger errors; therefore we propose to combine the linear dynamical Mgmodels with other paleo-thermometry methods in order to obtain more reliable
temperature reconstructions.

7.3. DYNAMICS AN MEASURING METHOD
In Chapter 4 dynamics are introduced as an artificial memory of the shell in order to deal
with possible delayed proxy responses, or to deal with the uncertainties of the shell growthrate assumptions. In this way, the introduction of dynamics gives some ‘time’ information to
every data point. However, the results obtained in Section 3, Figure 2 show that very similar
results are obtained when the model is used with two different measurement resolutions.
This suggests that the improvements obtained by the introduction of dynamics are mainly
due to a smoothing effect of the noisy proxy measurements, and not due to due a delayed
proxy incorporation or due to a linearization of a nonlinear signal. This confirms what is
observed in Chapter 5, namely that best number of data shifts cannot be used for the
physiological interpretations of the proxy incorporation process.
CONCLUSION
The results in this chapter suggest that the reconstruction performance of the linear
dynamical Mg models is not influenced by the resolution of the measurements, since the
improvements achieved by the introduction of dynamics are mainly due to a smoothing
effect of the noisy proxy measurements.

7.4. THE MINERALOGICAL STRUCTURE
For all calcitic shells species the reconstructed temperature patterns were very similar to the
measured temperatures, while this is not the case for R. philippinarum, the only aragonitic
shell tested. The fact that reasonable reconstructions are obtained from all other studied
species suggests that the failure of the model is due to the mineralogical structure of
R. philippinarum.
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The difference between the two mineralogical structures explains the differences in the
trace elemental chemistry (Skinner & Jahren, 2003). As shown in Figure 6 calcite crystallizes
in the hexagonal space group (figure 6A), where aragonite crystallizes in the orthorhombic
space group (figure 6C). Depending on the radius of the cations, other cations can take the
place of Ca, in these two space group (see Figure 6B and 6D).
This means that, theoretically, the Mg/Ca measured in aragonitic shells is almost entirely
coupled to the organic matrix and not to the crystalline structure. In calcite shells on the
other hand, Mg in one of the more important cation that can take the place of Ca. Therefore,
the measured Mg/Ca ratios originate from both the organic matrix and the crystalline
structure (Skinner & Jahren, 2003).

Figure 6: A: The mineralogical structure of calcite showing the hexagonal configuration of Ca and
CO3 ions. B: Plot of the possible “best fit,” 15%, and next best fit, 30%, of cations that could take
the place of Ca in sixfold coordination in the calcite structure.
C: The mineralogical structure of aragonite showing the orthorhombic configuration of Ca and
CO3 ions. D: Plot of the “best fit,” 15%, of cations that could take the place of Ca in eightfold
coordination in the aragonite structure(figures from: Skinner & Jahren, 2003)
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Moreover, Mg-concentration are positively correlated to temperature in inorganic calcite
(Mucci, 1987) and negatively correlated in inorganic aragonite (Gaetani & Cohen, 2006).
Even if these trends are not always observed in biologically formed calcite and aragonite, it is
not surprising an independent model needs to be made aragonite bivalves in order to
reconstruct temperature from those species.
CONCLUSION
Proxy incorporation processes are totally different for shells with a different mineralogy;
therefore models trained on calcitic shells cannot be extrapolated to aragonitic shells.

7.5. DIAGENESIS
The impact of diagenesis on the trace elemental chemistry of a shell is generally twofold:
same trace elements become enriched in the shell relative to the environment (e.g. Mn and
Fe), while other elements become depleted in the shell and solute in the surrounding
environment (e.g. Sr). These reactions between the shells and there environment well
known (Elorza & García-Garmilla, 1996; Jimenez-Berrocoso et al., 2004; McGregor & Gagan,
2003) and therefore raise droughts about the use of trace elemental. The same problems
have been observed in the archeological dataset that has been studied in this chapter, but
out results also yield realistic temperature patterns (Figure 5) suggesting that diagenetic
processes do occur homogeneously over the total shell, and therefore the use of normalized
data solve the problems that may have been induced by digenesis.
CONCLUSION
Our results suggest that diagenetic processes do occur homogeneously over the total shell,
and therefore the use of normalized data solve the problems that may have been induced by
digenesis.

8. CONCLUSIONS
The results of this chapter show that the linear dynamical models trained on M. edulis data
from Terneuzen can be extrapolated to a wide variety of data out of the range of the training
dataset. For all the tests done on calcitic bivalve shells the reconstructed and measured
temperature are very similar. This suggests that the Mg (the trace element that is given the
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highest weight by all models) carries significant temperature information and that the Mg
incorporation mechanisms have to be similar for different species and in widely varying
environments. The only factor that seems to be of crucial importance to reconstruct the
overall temperature pattern for these linear dynamical Mg models seems to be the
mineralogy of the shell. The other studied factors, being the measuring method, the
environment, the phylogenetic relations with the training shells and possible diagenetic
changes, do not seem to affect the overall pattern of the reconstructed temperatures.
However, for some tests, temperature offsets are still observed indicating that the models
cannot be used directly for temperature reconstructions. Although the origin of these errors
is probably due to the loss of information by using normalized data, using non normalized
data does not solve the problem. Therefore the linear dynamical Mg model will have to be
combined with other paleo-thermometry methods in order to come to accurate
temperature reconstructions.

Chapter 6 - 177

178

CONCLUSIONS FROM THIS WORK
AND FUTURE PROSPECTS

Conclusions and prospects- 179

Pictures on page 177 from
Gustav Klimt: “Tree of live” (top) and “Mother and child” (bottom)

180

CONCLUSIONS FROM THIS WORK

The fact that bivalve shells that are sampled from the same environment show almost the
same chemical signature, suggest that such shells properly record their environment and
thus offer potential to reconstruct the paleo-environment. Many efforts have been made to
understand the link between the chemical signatures of the shells and their environment.
Although we now have some insights in these processes, accurate temperature
reconstructions are still not possible. The main problem is the fact that the incorporation of
different proxies is influenced by a set of different environmental parameters for a given
point in time.
In this work several approaches have been proposed to improve the temperature
reconstructions. In a first instance we hoped that the combination of several proxies in a
multi-proxy model would help to resolve the influences of the different environmental
parameters. Even though the first results based on linear multiple regression were
promising, clear nonlinear proxy environmental relationships observed in some datasets
encouraged us to explore the potential of nonlinear multi-proxy models and dynamical
models. At first the introduction of nonlinear models seemed to have improved the
reconstructions significantly. However, this appeared to be an artifact, due to the fact that
the nonlinear models used normalized data. It turned out that a similar improvement could
be achieved by normalizing the data before doing a linear multiple regression analysis. The
introduction of dynamical models appeared to improve model performance even more than
the use of multi-proxy models.
The main achievements in this work are summarized in Figure 1 where the model
performances of the most important model types are given in RMSEs. The Figure shows how
the linear static models based on raw data that are generally used in sclerochronology can
be improved by introducing: multi proxy models in Chapter 1, nonlinear models in Chapter 2,
and dynamical models in Chapter 4. On the other hand the figure shows that the
optimization of the proxy combination introduced in Chapter 3 and used in Chapter 5,
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results in worse reconstructions when optimization of the proxy combination is based on a
different site than the validation shell.
Figure 1 clearly quantifies the improvements achieved by the different steps made in this
work and makes clear that the best reconstructions are obtained by linear dynamical models
that use Mg-information. In the following sections every important step in this work is
disused individually.

Figure 1: In order to show how much the temperature reconstructions could be improved in this
work, the model performances in RMSE (in ˚C) are given for different model types. All models are
obtained using training data of Terneuzen and validation data of Knokke. The best proxy
combination and the best number of data shifts have been optimized by using an optimization
shell of Terneuzen. The static linear Mg model obtained on raw (not-normalized data) is
considered as the best reconstruction before this work. The arrow ‘Ch1’represents the
introduction of multi-proxy models in Chapter 1. The arrow ‘Ch2’represents the introduction of
nonlinear models in Chapter 2. The arrows ‘Ch3’ and ‘Ch5’ represent the proxy optimization
process described in Chapter 3 and 5. The arrow ‘Ch4’represents the introduction of dynamical
models in Chapter 4.
Note: Since the optimization of the proxy combination is very site specific, the RMSE obtained on
an independent validation shell (as given in this figure) are often worse than the four-proxy
models, therefore these values are in gray. This however, does not mean that some proxy
combinations do perform better than the four-proxy models, the selection of an optimal proxy
combinations should be bases on overall patterns in the model performances.
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1. THE USE OF MULTI-PROXY MODELS
Two reasons are presented to promote the use of multi-proxy models. (1) The first one was
algebraic and indicated that when the incorporation of a proxy is influenced by several
environmental forcers, the environmental parameters themselves can only be described by a
combination of proxies. (2) The second reason was statistical and stated that the uncertainty
on a measurement is lower when more measurements are combined.
Along this work it became clear that the second reason is of higher importance. Since the
improvement on the temperature reconstruction was higher by multiplying the data of one
proxy than by measuring additional proxies, we have to conclude that the best
improvements on temperature reconstructions are not obtained by combining proxies into a
multi-proxy model.

2. THE USE OF DYNAMICAL MODELS
The introduction of dynamical models appeared to be much more powerful than expected
(up to 2˚C in RMSE sense). Three reasons can be put forward to explain these improvements.
(1) more data can be used for a reconstruction, resulting in a lower uncertainty, (2) future
and past proxy data coupled to one temperature measurement during the training of the
model could have reduced errors made for the unknown shell growth, and (3) the more
flexible time basis can pull initially more complex proxy environmental relationships towards
a linear model. The latter fact can explain why the reconstructions obtained by linear
dynamical models are satisfying, even though the relationship between the proxies and their
environment is clearly nonlinear.

3. THE USE OF NONLINEAR MODELS
The observation that several proxy-environmental relationships showed substantial
nonlinearities encouraged the use of nonlinear models for temperature reconstruction.
However, we observed that linear models performed equally if not better than nonlinear
models provided both models are based on normalized data. The failure of the nonlinear
models is caused by extrapolation errors: when proxy signatures of the validation data are
(slightly) different from the training data, the reconstructions often show very large errors
Conclusions and prospects- 183

(RMSEs up to 700˚C). For more robust nonlinear models a larger training dataset should be
used, solving these extrapolation problems: the more information is given in the training set,
the more information is incorporated in the model and the fewer the number of
extrapolations that have to be carried out during the reconstructions.

4. THE USE OF NORMALIZED DATA
An important observation is the fact that the use of normalized data has a major positive
impact on the reconstruction performance of all models. The overall pattern of a proxy
signal appeared to be more informative than elemental concentrations or ratios. Nonnormalized elemental ratios often show site specific concentration shifts or amplitude
differences, which are incorrectly interpreted as temperature differences. As a result,
models based on non-normalized elemental ratios are site specific and cannot be used for
wider environments, which is not the case for models based on normalized data that
appeared to be very generic.

5. ABOUT THE PROXIES
A large part of the work presented in this thesis is based on the combination of two datasets
that are originally published by Vander Putten et al. (2000) and Gillikin et al. (2006a). In the
studied datasets four proxies were available: Mg/Ca, Sr/Ca, Ba/Ca and Pb/Ca ratios. The
Mg/Ca-ratios appeared to be the most powerful temperature proxy, which confirms
conclusions in the current sclerochronology literature. However, tests using the models on
other species showed that models based on calcite Mg/Ca-data cannot be extrapolated to
on aragonitic shells. On the other hand, we did observe that Ba/Ca ratios carry a lot of
temperature information, but because the Ba/Ca ratios show to be much more site specific,
the proxy cannot be extrapolated to a wide variety of environments. Pb/Ca and Sr/Ca do not
carry a lot of temperature information, but combining them with Mg/Ca-ratios appears to be
successful in some cases. The combination of Mg/Ca ratios with the other elemental rations
can help to explain the variation in the proxy-signals. It is likely that the Sr/Ca ratios and
Ba/Ca ratios explain the variations in Mg/Ca ratios that are coupled to shell growth, or to
salinity variations. On the other hand Pb/Ca ratios may explain some metabolic or
ontogenetic variations.
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FUTURE PROSPECTS

1. PROSPECTS IN SYSTEM IDENTIFICATION
UNCERTAINTY -ENVELOPES ON THE RECONSTRUCTIONS
In this work the reconstruction performance of a model has been expressed as RMSEs. These
RMSEs provide an idea about the similarity between reconstructed and the measured
temperatures. Thus RMSEs do not yield error-envelopes on real reconstructions, when no
temperature measurements are available for validation. Since error-envelopes on
temperature reconstruction are essential, one of the first improvements to be made on the
methods presented in this work is the development of these uncertainty bands.
A GLOBAL SYSTEM IDENTIFICATION APPROACH
Based on the observation that smoother proxy signals result in better reconstructions, the
following working strategy can be proposed: (1) In a first step the noisy proxy signals can be
approximated by smooth spline models. (2) We then consider the spline model as a first
estimate of the true proxy signal, and consider all residuals as noise. (3) By doing so the
noise variance for each proxy can be estimated and taken into account during the parameter
optimization (note that this noise contains both measurement noise and variations due to
other environmental forcers). This will lead to better parameter estimates and therefore to a
more robust temperature model. (4) In a last step it is it possible to use the information on
the parameter estimates to calculate the error-envelopes on the new temperature
reconstructions.
FROM EXTRAPOLATION TO INTERPOLATION
The extrapolation problem that is at the origin of most important errors in the
reconstructions made by SVR and WDMR may be avoided by introducing an extrapolation
constraint, similar to the time inversion constraint that is presented in Chapter 2 (figure 3)
for the intuitive polynomial approach. This should make the temperature reconstructions
more robust.
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IMPROVING THE DYNAMICAL MODELS
In this thesis time constant dynamical models are used. For example a possible delay in a
proxy signal is assumed to be exactly the same in spring as in fall. As a result the dynamical
models presented in this work cannot fully compensate for errors made on the growth rate
assumption. This may be solved by introducing time varying dynamics, making it possible to
have an optimal number of data shifts that is variable in function of time.
Moreover in our dynamical models the optimal number of data shifts is based on the total
dataset and it is likely that every proxy has a different optimal number of data sifts. It is
probable that better results can be obtained by using a dynamical multi-proxy model for
which the optimal number of data shifts is chosen optimal for all proxies independently.
MULTIPLE INPUT , MULTIPLE OUTPUT
In this work a multi-proxy signal is coupled to only one environmental parameter
(= Temperature). Therefore the methods used in this work are multiple input single output
methods. However, the fact that all proxies are influenced by several environmental
parameters at a time suggests that an ideal model should couple the proxy signals to more
than one environmental parameter. Multiple input multiple output methods may result in
better reconstruction of several environmental parameters at a time, since these models
may be able to identify the significance of the different environmental parameters. Since,
multiple input multiple output models are closer to the real situation, they may also provide
more physiological information to obtain a better understanding in the proxy incorporation
process.
Some of the methods used in this work may be extended to multiple input, multiple output
methods. For instance, it may be possible to model a two-dimensional manifold in a multiproxy space by using the WDMR method. One dimension will then describe the temperature
variations where the other dimension could describe salinity variations, while the total
manifold will describe the variation of the proxy signals (Ohlsson, pers. com).
Also SVR models can be extended to multiple input multiple output models (SanchezFernandez et al., 2004) and in such a way may give better reconstructions.
Moreover, some methods that were proven to be operational on other sclerochronological
data should also be explored for use on bivalve data. For instance the use of Artificial Neural
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Networks (ANN) may result in better temperature reconstructions (Juillet-Leclerc et al.,
2006; Kucera et al., 2005). However, it is important to keep in mind that a higher model
complexity generally requires a higher amount of measurements, which may be problematic
for some proxies.
PLS-REGRESSION
The fact that the best results are obtained using linear dynamical models suggests that
modeling method other than the classical linear regression method may improve the results.
Partial least squares regression (PSL) is a linear regression method that is more robust to
multicollinearety than classical linear regression (Tobias, 1997) and generally performs well
when there are many regressors (which is the case for the dynamical models). It is the main
predictive modeling technique when there are more predictors than observations, or when
predictors are strongly correlated. Like principal component analysis, PLS regression replaces
the initial space of the (many) regressors by a low-dimensionality space spanned by a small
number of variables called "factors", or "latent variables". The factors are built iteratively
and will then be the new regressors of classical linear regression model.
Although PLS is certainly worth trying, it remains important to investigate if the dynamical
information’s that is artificially created by the data shifts will not be lost as a result of the
dimensionality reductions. Moreover, also for this method it remains important to collect
reliable noise information.

2. PROSPECTS IN SCLEROCHRONOLOGY
USING THE METHODS ON OTHER DATASETS
The number of proxies that were studied in this work is limited, and several of the proxies
used were not previously known for carrying temperature information. The fact that
combining these proxies into a multi-proxy model significantly improved the temperature
reconstructions for static models, suggests that even better results may be obtained in case
proxies with proven temperature information, are combined. It is likely that the combination
of proxies that carry a similar amount of temperature information would also improve the
temperature reconstructions from dynamical models. Moreover, the major improvements
that are observed for all proxies studied here by introducing dynamics and by using
normalized data are likely to occur with other proxies as well. Therefore the methods used
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and developed in this work should be tested on other datasets, especially on datasets that
are known to carry temperature information.
COMBINING TEMPERATURE PROXIES

Development of a multi-proxy model based on proxies with more temperature capacity
would be the most logical research track for the future. It is clearly shown that Mg/Ca ratios
are powerful temperature proxies, but combining these with other proxies may give even
better results. In first instance δ18 O data should be integrated in a temperature model. But
also other potential temperature proxies should be explored. A proxy evaluation similar to
the evaluation done in Chapter 3 should be carried out with any new proxy that has been
shown to carry some temperature information: e.g. Lithium (Clarke et al., 2009a), Boron
(Clarke et al., 2009b), and deuterium (Carroll et al., 2006).
Our work revealed that temperature reconstructions are generally better when models are
based on normalized data. This, however, should not be taken as a general rule, and should
be investigated for every proxy separately. It is likely that reconstructions based on nonnormalized δ18O data will perform better than reconstructions based on normalized δ 18O
data, since for this proxy the impact of other environmental forcers (except salinity) is
expected to be very small. Therefore, it is recommended to use non-normalized δ18 O data.
In a second step, these temperature reconstructions can be combined with other
reconstructions, which are based on the normalized data of other proxies, to detect possible
errors due to salinity variations on δ18 O.
D EVELOPING SALINITY MODELS

This work is focused on temperature reconstructions, but all methods presented can also be
used to develop salinity models. It is likely that some salinity information can be derived
from multi-proxy data or from dynamical models. However, three questions remain: (1)
Which proxies should be integrated in a salinity model? (2) Which model type
linear/nonlinear, static/dynamic generates the best salinity reconstructions? and (3) Should
these models also be trained on normalized data? To answer these questions the tests
presented in Chapter 5 should be repeated on a multi proxy dataset that is coupled to
salinity information.
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O THER DYNAMICAL MODELS

By introducing dynamics, a major improvement on the temperature reconstructions is
obtained for all the studied proxies in this work. It is likely that a similar improvement can be
achieved for the reconstructions based on δ18 O data. Errors linked to salinity variations
could be filtered out by a model that uses the δ18 O information in dynamical models,
especially when the salinity variations are faster than the temperature variations. This,
however, strongly depends on the geographical environments where the bivalves live, so it is
possible that the success of dynamical δ18 O is not always warranted.
M ODELS FOR OTHER SPECIES

Although we observed that the models developed in this thesis can be extrapolated to a
wide variety of data, we did also observe that the models cannot be extrapolated to some
other species. The methods used to develop the models however could be used to compute
new models for very different climate archives as for corals, foraminifers, otholis ore even
for dendrochronological data.
LARGER TRAINING DATASETS
As discussed in ‘Section 2.3 of the conclusions’ the poor performance of the nonlinear
models for some temperature reconstructions is probably due to extrapolation problems, in
case the data for a validation shell are too different for the data from the training set. In
chapter 5 it is demonstrated that the use of a dataset based on shells from different
environments cannot solve this problem. It is possible that the variations between the six
shells used in the ‘variable training set’ did not cover the variation in the validation set. A
larger dataset is likely to overlap the individual variations between training shells, and
validation shells, resulting in more robust nonlinear models.
DELAYED PROXY -INCORPORATION
Although the use of a dynamical model turned out be very performant, in Chapter 4 and 6
we demonstrated that these improvements could not be coupled to any physiological
explanation. This is a result of the large uncertainty on the shell growth assumption.
However, using dynamical models on data that are well dated and correctly coupled to
environmental conditions could reveal important information about proxy incorporation
processes.
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