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Abstract

The increase of anthropogenic carbon has become an integral component for understanding

the ocean and how it is changing over time. The uptake of anthropogenic CO2 at the ocean

surface has been well quanti�ed due to the availability of surface observations. However, in

the interior ocean, observations of dissolved inorganic carbon (DIC) are spatially sparse and

with an irregular sampling rate. We used statistical time series methods to estimate the state

changes through time, with uncertainties, for the carbonate system and DIC's natural and

anthropogenic components. Three studies have been completed, with a theme ofwhat is the

story hidden within the data. The �rst study estimates the carbonate system in the Labrador

Sea, producing monthly time series for multiple depths. A state space model combined

GLODAP, SOCAT, and CO2SYS calculated values using the Kalman smoother algorithm.

Through the water column DIC increases at rates of 0.34 to 1.13� mol kg� 1 year� 1 and

fCO2 at 0.79 to 2.52� atm year� 1. Acidi�cation of pH declines at rates of -0.0017 to -0.0005

year� 1 and alkalinity decreases with the decline of salinity. Our time-dependent method has

lowered the uncertainty for pH by 70% and for fCO2 by 64%, compared to time-independent

methods. The second study focused on DIC in the northwest Atlantic, separating DIC into

natural and excess components using linear regression. The Kalman smoother algorithm

then estimates the monthly values of the excess component. This method is a time series

generalization of the extended multiple linear regression (eMLR) method. The rate of excess

carbon increase in the northwest Atlantic was roughly 0.57� mol kg� 1 year� 1 for all depths.

Monthly averaging the data was also key to mitigating the strong summer sampling bias in

the data, which led to underestimating the trend. The third study expanded to a near-global

analysis, estimating the DIC natural and excess components for 25 Longhurst Provinces.

The anthropogenic component of DIC is increasing globally, notably in the mid-latitudes

(20°S-60°S), North Atlantic and North Paci�c. The natural component was found to be

declining in much of the global ocean, some regions have components that change linearly,

and some have inter-annual variations.
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Chapter 1

Introduction

The increase of CO2 into the atmosphere has a multitude of cascading consequences, one of

the most noteworthy being the rise of global temperatures (IPCC 2023). This increase is due

to the extra CO2 produced by human activity since the Industrial Revolution, also termed

anthropogenic carbon. A large portion of this extra anthropogenic carbon in the atmosphere

is being taken up by the ocean, which is mitigating the rate of atmospheric climate change.

However, the ocean now has extra anthropogenic carbon on top of the natural carbon in

the form of dissolved inorganic carbon (DIC), and this change in the carbonate system is

causing ocean acidi�cation (IPCC 2023). Due to this, the state and variability of ocean

carbon now have two sources: the increasing anthropogenic trend, and the natural variations

that are correlated with ocean circulation, climate modes, and biological activity (McKinley

et al., 2017).

Through the lens of ocean carbon data, our global ocean has effectively been distilled

into a coarse grid by the transects of repeat measurements (Figure 1.1a), which include

multiple variables of DIC, temperature, salinity, nutrients, etc. While similar measurements

have occurred in every ocean, biogeochemical dynamics are on a much smaller spatial and

temporal scale than the measurements at repeated transects, which are typically revisited

every 1-7 years.

Statistical methods are needed to estimate monthly time series of the ocean carbonate

state from the available sparse data. Many traditional time series methods, such as auto-

regressive processes or spectral estimation, require a complete time series with no gaps and

regular sampling intervals for the analysis. However, DIC data has been irregularly sampled

over time, and this is important when estimating the carbonate state so as to not confound

the data sampling rate as a source of temporal variability. State space models are able to

handle time series with a large percentage of missing data.

Irregular sampling of data over time has meant that ocean carbon is often analysed on

decadal time scales (Thacker, 2012). A temporal analysis of ocean carbon looking at its

1
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variability on monthly resolutions has yet to be done with direct observations and statistical

methods. Seasonal variability is thus being neglected in data-centric methods and only used

in ocean model simulations. Ocean temperature and the depth of the surface mixed-layer

both undergo a seasonal cycle that impacts the uptake of atmospheric CO2, as well as the

transport of carbon driven by the global ocean circulation. A cascading consequence of many

anthropogenic carbon analyses that do not resolve the seasonal cycle is that they cannot be

used for the surface waters, only for the deeper waters (Friis et al., 2005). To add to the

complication of infrequently sampled data, the observations I do have are often collected in

the summer, due to the harsh winter seas making data collection dif�cult. Summer-biased

data could lead to misleading conclusions. Analysing summer-biased data is a challenge as

biogeochemical processes, such as the solubility of ocean carbon, is temperature dependent

(Fassbender et al., 2018) and statistical time series methods can provide insight.

Temporal analysis of ocean carbon data is often neglected in favour of spatial analyses

that produce spatial climatologies, a map of the average global spatial features. For spatial

mapping, Kriging is a foundational approach that does a weighted interpolation between

nearby observations using a spatial covariance structure (Montero et al., 2015). A similar

method, the Data-Interpolating Variational Analysis takes into account bathymetry and land

(Lauvset et al., 2016). The method of Gaussian random �elds with integrated nested Laplace

approximation (INLA) (Rue et al., 2009) is also growing in popularity for spatio-temporal

analysis of environmental data and could be applied to ocean carbon data. By using data

collected across a decade, the effective sample size increases and spatial resolution improves,

but interior ocean carbon data is still sparse. The standard errors of the spatial mapping will

reveal the grid-like locations of the repeat transects as the only areas with low to reasonable

uncertainty levels (Lauvset et al., 2016). For smooth maps with lower prediction error in

the gaps between transects, spatial mapping with machine learning methods (e.g. neural

networks) has become popular (Landschützer et al., 2013; Bittig et al., 2018; Keppler et al.,

2020). The challenge of using machine learning methods is that they are less interpretable

and require a lot of data. To supplement the lack of available data, researchers often train

the machine learning models on previously established climatologies, which likely involves

the repeat use of data within the analysis.

My thesis research estimates the state of the ocean carbonate system through the fusion

of statistics and oceanography. Through applied examples, I explored a way of analysing
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sparse space-time ocean carbon data with a focus on estimating its temporal variability.

My approach is to use interpretable statistical methods, such as state space models, and

tailor that framework to the oceanographic process being studied with an aim to extract

the story hidden within the data. With this framework, the carbon observations guide time

series estimates of the ocean carbonate system in an easily visualized and interpretable

manner. Paired with these time series methods are calculations of time-varying uncertainty

estimates of the carbonate system. I predominantly used, throughout this thesis, state space

models solved via the Kalman smoother algorithm. Linear regression models were also

employed with time-varying parameters. Through my three studies, I have researched

how the carbonate system has changed over time and isolated the anthropogenic carbon

component from the existing natural variations of ocean carbon. The methods presented

here could be used in ongoing research to provide state estimates of sparse ocean carbon

measurements or other sparse environmental data.

1.1 Ocean Data

The primary data set used in my work is GLODAPv2 (versions 2019 and 2022) hereafter

referred to as GLODAP (Lauvset et al., 2022; Olsen et al., 2019). It is a global collection

of quality-controlledin situ bottle samples from scienti�c cruises conducted from 1972

to 2021. It contains the carbonate system variables of DIC, pH, total alkalinity, fugacity

of CO2, and other biogeochemical variables of oxygen, nitrate, phosphate, silicate, CFC-

11, CFC-12, dissolved organic carbon, and chlorophyll-a. Physical variables of potential

temperature and practical salinity were also measured and the data time and location

coordinates (i.e. date, latitude, longitude and depth) were recorded. GLODAP is the

collection of data from hundreds of different cruises, with various goals. Temperature and

salinity are almost always measured, but biogeochemical variables are not always measured.

Of all GLODAPv2.2019 observations within the northwest Atlantic, 62% of them included

simultaneous measurements of temperature, salinity, oxygen, nitrate, phosphate, silicate, and

the location, depth and time of the observation. DIC was recorded in 45% of observations.

Other variables such as the concentration of CFC-12 had relatively few measurements.

In contrast to the sparse data of the carbonate system in the interior ocean, there are

many more surface observations available. SOCAT2022 provides measurements of fCO2 in

the top 5 m of the ocean surface since 1981, Figure 1.1c (Bakker et al., 2016). Opportunistic
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sampling datasets have been collected by sampling devices attached to commercial ships,

turning them into ships of opportunity. The regular travel of commercial ships across the

ocean provides data multiple times a year with spatial gaps of less than a few degrees.

With the advancement of technology since the 2000s, pro�ling �oats called ARGO �oats

are becoming very useful to increase the spatio-temporal sampling of the ocean, as seen in

Figure 1.1b (Biogeochemical ARGO2022). Each �oat measures the properties of the ocean

every 10 days and transmits the data via satellite. ARGO started with the physical ocean

state (temperature, salinity and pressure), but since 2018, it has expanded to include pH and

other biogeochemical data of oxygen, nitrate, chlorophyll-a, and downwelling irradiance

(Bittig et al., 2019; Roemmich et al., 2019). The spatial distribution of observations depends

on the circulation of the ocean.

It is common to use one dataset for analysis and a second for validation, but few studies

have used multiple data sources as primary inputs in the analysis (Iida et al., 2020; Gregor

and Gruber, 2021; Carroll et al., 2022). The data sources of scienti�c cruise bottle data,

ships of opportunity, and pro�ling �oats offer different variables, different measurement

uncertainties, as well as different spatial and temporal sampling schemes. These differences

in sampling schemes and quality lead to a challenge in estimating the ocean carbonate state.

This challenge can be addressed by statistical models, allowing observations from multiple

data sources to be utilized in a holistic analysis of the carbonate system.

1.2 The Ocean Carbon Budget

The ocean carbon budget comprises three aspects: the uptake from air-sea �ux, the internal

ocean carbon transport (�uxes) caused by circulation, and the magnitude of anthropogenic

carbon being stored in the ocean. In other words, the carbon budget takes stock of the

amount of carbon going into the ocean, the movement within the ocean, biological �uxes

and transformations, and the amount accumulating in each region.

The air-sea �ux is the amount of CO2 entering the surface ocean from the atmosphere,

and surface observations of fCO2 have been used to estimate its spatial climatology and

temporal variability (Zeng et al., 2014; Bakker et al., 2016; Landschützer et al., 2016;

Bennington et al., 2022a; Bennington et al., 2022b; Gloege et al., 2022). Atmospheric CO2

is increasing at5:2� 0:02 Pg C year� 1 (Friedlingstein et al., 2023), and surface ocean fCO2

is increasing at a global average rate of� 1:5 � atm year� 1 (Takahashi et al., 2009). Air-sea
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Figure 1.1: Sampling regimes for oceanographic carbon data of the surface and interior ocean.
(a) Scienti�c cruises planned by GO-SHIP (GO-SHIP, 2024) to have repeat samples along
the same transects ranging from every 1-7 years depending on the transect. (b) Locations and
movement tracks of currently active autonomous ARGO �oats with biogeochemical sensors
(Biogeochemical ARGO2022). (c) Near-surface data collected from ships of opportunity
between 1957 and 2014 (Bakker et al., 2016).

�ux de�nes the movement of CO2 between the mediums and some oceans are a source, such

as the equatorial Paci�c which releases CO2 at a rate of +0.48Pg C year� 1. The mid to

high latitudes of the North Atlantic and the Southern Ocean are a sink, with an air-sea �ux

of at least -0.7Pg C year� 1 (Takahashi et al., 2009). Air-sea �ux estimates are available on

spatial resolutions of 5� to 1� (Takahashi et al., 2009; Gregor et al., 2019; Zeng et al., 2014;

Rödenbeck et al., 2015; Landschützer et al., 2020), and recently high-resolution analysis at

1/12� (Chau et al., 2024). These high-resolution results from data-based methods are only
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possible with fCO2 due to the high resolution of surface data from SOCAT (Bakker et al.,

2016).

The transport of carbon within the ocean is generally based on ocean biogeochemical and

circulation models (Holfort et al., 1998; Macdonald et al., 2003) due to historically limited

directly observed data, with some exceptions using direct transport estimates. With access to

new monitoring arrays such as the RAPID array at 26.5� N in the Atlantic (McCarthy et al.,

2015), the size and variability of transport of anthropogenic carbon has been estimated using

direct observations (Brown et al., 2021). The results from data vs ocean biogeochemical

models or inversion methods tend to disagree, with those from data being up to two times

larger (Brown et al., 2021).

One area of interest is to separate the amount of carbon from natural ocean variations

and anthropogenic human activities. However, measurements of ocean DIC and atmospheric

CO2 each represent the total amount of carbon from both natural and anthropogenic sources.

Past studies isolating the anthropogenic carbon concentration in the oceans focused their

analysis on a single time period, using methods such as transit time distribution (TTD)

(Matear and McNeil, 2003; Sabine, 2004; Waugh et al., 2006; Sabine and Tanhua, 2010;

Lauvset et al., 2016), or as the difference across decades with methods such as eMLR (Friis

et al., 2005; Tanhua et al., 2007; Carter et al., 2019; Thacker, 2012). Earth System Models

used biogeochemical dynamics to predict (or hindcast) the concentrations of ocean carbon

on �ner spatio-temporal scales than observation-based methods (Fletcher et al., 2006; Gerber

and Joos, 2010; Levine et al., 2011; DeVries, 2014; Bourgeois et al., 2016; Friedlingstein

et al., 2020; Carroll et al., 2022). The interior ocean storage of anthropogenic carbon may be

underestimated by Earth System Models (Friedlingstein et al., 2020). Fortunately, statistical

methods can directly use DIC observations to provide an improved estimate of the storage

and rate of increase of anthropogenic carbon, with observation-derived con�dence intervals.

The North Atlantic is a region of interest because it is a large carbon sink, with storage

of anthropogenic carbon estimated at160 mol m� 2 in 2010, which is greater than the global

average (Khatiwala et al., 2013). The rate of change over time has been estimated for

the North Atlantic storage as 0.97 to 1.2mol m� 2 year� 1 (Gruber et al., 2019; Tanhua

and Keeling, 2012), which is twice the average global ocean rate of 0.65mol m� 2 year� 1.

While these rates were summarized on a per-year basis, they were calculated as the difference

between time points a decade apart, due to the sparsity of data over time, and their analysis
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being more spatially focused. The global and regional rates of increase of anthropogenic

carbon are known on a broad decadal time scale and then assumed to represent a linear

increase. However, the inter- and intra-annual variability of anthropogenic carbon is also

important for improving our understanding of the carbon budget (Friedlingstein et al., 2023).

The increase of anthropogenic carbon has an effect on other variables, such as the

decrease of pH (i.e. acidi�cation). The global average surface pH has been predicted by

Earth System Models to decline from 8.1 in the year 2000 to 7.75 in the year 2100 (Jiang

et al., 2019). The rate of acidi�cation is implied to be linear, but pH has been reported to

have a seasonal cycle, in for example the Irminger Sea (Bates et al., 2014), emphasizing the

need for better time resolution.

1.3 Data Analysis Methods

Popular methods for analysing environmental data such as carbonate system observations

are regression and machine learning methods. Machine learning has become a popular

method for mapping fCO2 (Landscḧutzer et al., 2013; Zeng et al., 2014; Denvil-Sommer

et al., 2019), and estimating the ocean carbonate system (Bittig et al., 2018; Broullón et al.,

2019; Broulĺon et al., 2020). Machine learning determines the general patterns within

the data with the aim of prediction, and can reveal unexpected spatio-temporal patterns.

Its popularity is based on its ability to use large data sets with many variables to create

non-linear models with complex interactions between variables (Bzdok et al., 2018). It is

often described as ablack boxmethod due to the lack of a clear model, making it hard to

interpret underlying mechanisms. While machine learning is a great tool, there is still a need

for simple and interpretable statistical approaches in order to advance our understanding of

oceanographic processes.

Regression is a foundational method in statistics to estimate the relationships between

variables. It has a long-standing history of estimating ocean carbon (Copin-Montegut

and Copin-Montegut, 1983; Brewer et al., 1995; Wallace, 1995; Thacker, 2012; Clement

and Gruber, 2018). Regression has an easily interpretable model and can be used for

statistical inference of the state of the carbonate system. Linear regression (or ordinary least

squares regression) is the simplest for a set of independent observations of independent

covariates, but regression is very versatile with many versions to account for the different

ways observations can be correlated with each other. Generalized least squares regressions
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allow for errors that are correlated through time; Gaussian Random Fields allow for spatial

correlation of the errors; generalized linear models allow for errors with a non-Gaussian

distribution and can model a function of the target response variable via a link function;

and generalized additive models allow for non-linear parameters (Montgomery et al., 2012;

Wood, 2017; Wikle et al., 2019). Regression is also able to be integrated with time series

methods such as state space models.

1.3.1 State Space Models

State space representations provide a framework to estimate time series of the carbonate

system variables of DIC, pH, total alkalinity and fCO2, and can also incorporate multiple

sources of data, as well as interpolate through observation gaps. A state space model esti-

mates the multivariate state (mean and variance) through time (t = 1; :::; T) in a sequential

estimation process. This framework consists of a pair of equations: the persistence equation

and the observation equation. These are sequentially used to predict the state variable (i.e.

DIC) forward in time and update the predictions with observations (e.g. GLODAP). For

linear Gaussian state space models, they are implemented with the Kalman �lter or Kalman

smoother algorithms (Anderson and Moore, 1979) and for nonlinear non-Gaussian state

space models, they are implemented with the particle �lter (Andrieu et al., 2010). State

space models can perform spatio-temporal analysis, where the state at multiple locations

is estimated through time. Also, their persistence equation can be expanded to consider

dynamics of the system, in which case it is termed data assimilation (Dowd et al., 2014).

The observation equation relates the vector of the mean carbonate state (x t ) to available

observations through the following equation:

yt = A tx t + vt : (1.1)

Here,yt represents the observations of the carbonate system at timet. Overall, the ob-

servation equation states that the observation vector (yt ) is related to the mean carbonate

state (x t ) plus some observation error, which follows a multivariate normal distribution with

variance-covariance matrix� vt , (vt � N (0; � v;t )). There may not be observations for every

element of the state, or there could be multiple observations for the same state element

(i.e. from GLODAP and ARGO). ThusA t re�ects the sampling strategy of observations
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at a given timet. A t is annyt � nx observation indicator matrix wherenx andnyt are

the lengths of thex t andyt vectors, respectively.A t is comprised of 1's and 0's to match

each observation inyt with its corresponding term in the state vector,x t . When there is no

observation inyt , thenA t will have a corresponding 0 term.

The persistence equation allows the carbonate state to have a memory, i.e. to be correlated

in time. An example of a persistence equation is the random walk

x t = x t � 1 + wt (1.2)

which shares memory of the system state with the previous time step, which is useful for

time steps that do not have a direct observation. The random walk predicts the carbonate

state at the new time step (x t ) based on the previous state (x t � 1), with some random

perturbation or persistence error added, which follows a multivariate normal distribution

with variance-covariance matrix� w , (wt � N (0; � w)).

Another possibility is to use the correlated random walk persistence equation

x t = x t � 1 + � (x t � 1 � x t � 2) + wt (1.3)

which has a longer temporal memory. The correlated random walk predicts the new car-

bonate state (x t ) based on its previous two values at timest � 1 andt � 2, with � as a

measure of the tendency to continue on the same path depicted by the previous two time

steps. This is especially useful for DIC as the correlated random walk can follow the increase

of anthropogenic carbon.

The sequential estimation procedure of a state space model means that when there is

an observation (e.g. from GLODAP), the carbonate state will be updated to be closer to

the known observation based on how much I trust the observations (� v;t ) compared to

our prediction model (� w). The observation error (� v;t ) depicts the standard deviation of

measured observations from the true mean state. This would include measurement error

and the unknown random environmental variability of the ocean. The persistence error

(� w) depicts the uncertainty in which I can predict a new observation given the previous

state. The smaller the� v;t : � w ratio the closer our estimates are drawn to the observations,

and the larger the� v;t : � w ratio the more the estimate will ignore the observations and

follow the persistence equation. These error variances are also used to calculate con�dence
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intervals for our estimated state of the carbonate system.

1.3.2 The eMLR method

A popular method to separate DIC into its natural and anthropogenic components is the

eMLR method1(Friis et al., 2005), its foundational work done by Wallace (1995), and

extensions of eMLR for a depth-spatial moving window (Carter et al., 2017), eMLR for

column inventories (Plancherel et al., 2013), and eMLR(C*) (Clement and Gruber, 2018).

The eMLR method uses data from repeated transects and estimates the anthropogenic

increase of DIC between the two points in time. At each of the two times, the parameters

are estimated from a multiple linear regression of DIC against oceanographic variables

such as temperature, salinity, oxygen, and nitrate. These regressions describe the local

natural variability. The difference between them (i.e. the change in DIC between the two

time-points) represents the increase in anthropogenic DIC (CeMLR ). The difference between

the two regressions is often simpli�ed to form a new regression with the difference in the

regression parameters predicted onto variables at the later timet2. In this example equation,

CeMLR = ( at2 + bt2 Tt2 + ct2 St2 ) � (at1 + bt1 Tt2 + ct1 St2 )

= ( at2 � at1 ) + ( bt2 � bt1 )Tt2 + ( ct2 � ct1 )St2 ;

where the regression parametersat1 , bt1 andct1 are estimated from DIC, temperature (Tt1 )

and salinity (St1 ) data at timet1, and similarly the regression parametersat2 , bt2 andct2 are

estimated at timet2. Both regressions are predicted atTt2 andSt2 , temperature and salinity

at timet2. A common assumption when separating carbon components is to assume that

the natural variability has not changed over time. Following this, the eMLR method has

assumed the relationship between the natural variability of DIC and oceanographic variables

to remain constant over time and be independent of anthropogenic increase (Friis et al.,

2005). Thus, changes in regression coef�cients are caused by anthropogenic sources of

DIC (Thacker, 2012). However, this assumption of unchanging natural variations has been

questioned in recent work by Holzer and DeVries (2022), who have suggested that natural

carbon is declining, as well as the outgassing of preindustrial carbon.

1The methods oceanographers refer to as the MLR method (Wallace, 1995) and the eMLR method (Friis
et al., 2005) are based on, but not to be confused with the statistical method of multiple linear regression. To
help alleviate this confusion, the statistical method of multiple linear regression will be referred to in full or
simply as `regression' and never as an acronym.
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A limitation of the eMLR method is that it is only suited in practice for the analysis

of waters below the mixed layer. It cannot reliably analyse surface waters due to the large

seasonal cycle present in DIC. Another issue is that the method implicitly assumes a linear

change between time points, which is what makes it suitable for looking at large decadal

changes, but not for shorter time scales.

1.4 Background of Ocean Carbonate Chemistry

In this thesis, detailed information on ocean carbonate chemistry is integrated into the data

analysis methods. Here I provide background information on the ocean carbonate system.

The carbonate system describes how the concentration of carbon is distributed amongst the

carbonate species (CO2(aq), H2CO3, HCO–
3 , and CO2–

3 ). Ocean chemistry desires to maintain

a state of equilibrium. When atmospheric CO2 enters the ocean, it reacts with water to form

carbonic acid (H2CO3). However, the amount of carbonic acid in the ocean depends upon the

pH. Using a Bjerrum plot, at our current pH of� 8 (Labrador Sea 7.9< pH< 8.3) bicarbonate

(HCO–
3 ) would be the dominant form of carbon in the ocean with the other species present

in lesser concentrations (Zeebe and Wolf-Gladrow, 2001). Thus, carbonic acid will undergo

dissociation until the system reaches equilibrium. However, when carbonic acid undergoes

dissociation, a hydrogen ion (H+) is a product of this chemical process, and this lowers

the pH slightly. Furthermore, increasing the amount of atmospheric CO2 will increase the

amount of anthropogenic CO2 entering the ocean resulting in a greater increase in the H+

content and making the oceans more acidic. These changes cause a cyclical feedback loop

that slowly shifts the equilibrium point of the carbonate system. This shift negatively affects

organisms with calcium based shells, causing their shells to undergo dissolution (Rastrick

et al., 2018). The total concentration of the carbonate species (H2CO3, HCO–
3 , and CO2–

3 )

equals the total carbon content dissolved in the ocean as inorganic compounds, which is

termed dissolved inorganic carbon (DIC). To avoid confusion of terminology, the carbonate

species (H2CO3, HCO–
3 , and CO2–

3 ) will hereafter be referred to as the DIC species or DIC

speciation.

The DIC species cannot be directly measured while out on the ocean, but they can be

calculated from observations of DIC, pH, Total Alkalinity (TA), and the fugacity of carbon

dioxide (fCO2) based upon established chemical equilibrium equations (Sarmiento and

Gruber, 2006). These four variables (DIC, pH, TA, and fCO2) are hereafter referred to as the
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carbonate system variables. With observational inputs of any two of these four the others

can be calculated using CO2SYS. Additionally, estimates of the DIC species, the aragonite

saturation state (
 ), and the Revelle factor can also be determined. CO2SYS is a family of

algorithms with implementations in MATLAB (Sharp et al., 2020) and Python (Humphreys

et al., 2023), and their cousinSeacarbin R (Gattuso et al., 2022). In an effort to enhance the

limited observations, CO2SYS is often used to augment datasets, �lling in gaps in pH data

where DIC and TA are available (Olsen et al., 2019).

Note the following conventions used in this thesis. Carbon, ocean carbon, and DIC

are interchangeable terms, but based on the context DIC is usually used for observations

and carbon is used for our calculated results or for the discussion of concepts or processes.

The carbon concentration is the amount of carbon in a speci�c parcel of water. The carbon

column inventory is depth-weighted sum of carbon concentrations at a speci�c spatial

location. The storage of anthropogenic carbon is the mass of carbon in the ocean interior

that exceeds the anticipated amount based on changes in temperature, salinity, and biological

activity.

1.5 Thesis Overview & Objectives

My central research objectives are to develop statistical time series methods that can analyse

sparse and irregular data, and apply the method to improve our understanding and estimates

of ocean carbon. My approach is to use oceanographic knowledge to inform statistical

methods that are transparent and driven by observations. Speci�c objectives addressed

through this thesis include:

• Make full use of the oceanographic observations from multiple datasets: analyse data

of different statistical properties, including pseudo-data calculated from theoretical

oceanographic relationships.

• Develop a time series generalization of the eMLR method to separate the natural and

anthropogenic variability of ocean carbon.

• Estimate the change of anthropogenic ocean carbon in the surface waters.

• Examine the temporal variability of the natural carbon component and its in�uence

on the anthropogenic component.
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• Estimate the whole ocean carbonate system with a monthly, multivariate method.

The �rst study (Chapter 2) looks at the carbonate system in the Labrador Sea, estimating

DIC, TA, pH and fCO2 monthly from 1990 to 2022. A state space model was able to

amalgamate the three data sets of GLODAP, SOCAT and BGC-ARGO and consider their

different observation errors to produce time-varying uncertainties. I also considered the

chemical relationships between variables via CO2SYS to calculatepseudo-observations,

which improved our effective observation availability. Observation availability and its spatial

and temporal resolution are limiting factors in many methods. As technology improves

measurements, it is important to have methods that are adaptable to these changes and

incorporate them in their uncertainty estimates. This methodology of combining multiple

data sources based on their observation error could be generalized to different temporal or

spatial scales or different applications, and different measurements.

The second study (Chapter 3) generalized the eMLR method to a time series framework

and applied it to the northwest Atlantic. Monthly time steps were important to handle

the seasonally biased observations of DIC. In a method I have termeddynamic linear

regression, I have used a state space model to allow the intercept term in a multiple linear

regression to vary over time based on the observations of DIC. From the results, non-linear

trends in anthropogenic carbon can be diagnosed for the �rst time, including the seasonal

and inter-annual natural variability in the surface waters. I demonstrate this method by

analysing DIC in the northwest Atlantic for three depth-layers within the ocean interior.

While anthropogenic carbon was the focus, the seasonal and natural components of DIC

were isolated �rst using deseasonalization and linear regression. The time series method

was able to reduce the temporal resolution and reduce the uncertainty of its results compared

to other popular methods in the �eld.

In the third and �nal study (Chapter 4), I expanded from the North Atlantic, to per-

form a global analysis separating ocean carbon into monthly time series of natural and

anthropogenic components from 1990 to 2022. While the anthropogenic component is the

parameter of interest, a good estimate of the natural component was important. The natural

component was estimated with a regression that used the global average relationship as well

as deviations of regional variability. The methodology accounts for that spatial bias in their

temporal sampling rate and uses it to improve the estimates of regions with less data. The

time series results showed that natural and anthropogenic components had linear increasing
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trends but also periodic variations that correlated with modes of climate variability. With the

use of statistical models, I was also able to challenge fundamental assumptions including

that the natural component of carbon is independent of anthropogenic change. Implicit in

this assumption was that ocean temperatures are not warming due to climate change.



Chapter 2

Estimating the Labrador Sea Carbonate System Using Observations,

CO2SYS and Time Series Methods

Abstract

The ocean carbonate system consists of pH, alkalinity, inorganic carbon and the partial

pressure of carbon dioxide, and during the current era of anthropogenic change, its dynamics

are key for understanding changes in the ocean and its ecosystem over time. The focus

of this study is estimating the carbonate system in the northwest Atlantic with time series

methods, using direct observations from the ocean surface and interior, and chemical

relationships between variables. Interior ocean observations are minimal for some of these

variables, however, connections between the variables rooted in chemistry were used to

create pseudo-observations using CO2SYS, increasing the information available. A state

space model was designed that combined GLODAP and SOCAT observations along with

pseudo-observations in a time series estimate of the carbonate system. For multiple depths

in the Labrador Sea between 1993 and 2016, the results show increasing rates for DIC

(0.59-1.13� mol kg� 1 year� 1) and fCO2 (0.79-2.52� atm year� 1), as well as acidi�cation

via pH trends (0.0005-0.0017year� 1). Total alkalinity also decreased and is correlated with

the freshening of salinity. With the core carbonate variables estimated, other aspects of the

carbonate system are calculated using CO2SYS, such as the aragonite and calcite saturation

states, the Revelle factor, and the carbonate species. The Revelle factor showed a local

maximum at 700-900 m depth after 2014. Our method also calculates uncertainties that vary

over time and depth based on the availability of observations and their variance, which has

lowered the uncertainty for pH by 71% and for fCO2 by 64% compared to time-independent

methods.

15
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2.1 Introduction

In the current era of increased CO2 emissions and ocean acidi�cation, it is important to

understand the temporal changes in the ocean carbonate system variables, i.e. dissolved

inorganic carbon (DIC), total alkalinity (TA), pH, and the fugacity of carbon dioxide (fCO2).

Opportunistic sampling and sparse observations through space and time make it dif�cult to

estimate the trends and variations in the ocean carbonate system, especially in the ocean

interior. As a result, the literature has focused mainly on temporally averaged spatial

climatologies (Bennington et al., 2022b; Broullón et al., 2020; Lauvset et al., 2016; Sabine,

2004). Part of the reason for this emphasis is that carbonate variables are not consistently

measured through time. Large data gaps in time induce large uncertainties, which favour

estimation of decadal-scale trends, but not on �ner time scales. We seek to improve the

time resolution of the carbonate variables to a monthly scale by using observation-based

methods. Here, we refer to observation-based, or observation-centric, methods as statistical

approaches using direct observations of the ocean carbonate system from moorings, cruises,

�oats or underway sensors, as opposed to numerical model estimates. By amalgamating

multiple observation sources and by using the chemical equilibrium relationships between

variables, we can exploit the observation-based information to its fullest. We develop a

methodology that produces a monthly time-depth gridded product of the carbonate system,

with uncertainties that vary over time. Our application is focused on carbonate system

variables in the Labrador Sea and how they have changed over the last 24 years.

The ocean carbonate variables (DIC, TA, pH, and fCO2) have often been examined

individually. Surface ocean fCO2 is used to calculate the CO2 air-sea �ux, thus quantifying

the magnitudes of the ocean carbon sink (Khatiwala et al., 2013; Landschützer et al., 2016).

Moving into the water column, DIC has been used to investigate the spatial distribution and

storage rate of anthropogenic CO2 (Gruber et al., 2019). With the increase of anthropogenic

CO2 in the ocean, pH measurements quantify ocean acidi�cation and the impact on marine

life (Rastrick et al., 2018). Finally, total alkalinity has been used to understand the ocean's

buffering capacity in response to changes in pH (Middelburg et al., 2020). TA is also often

used with one of the other carbonate variables to then estimate the rest of the carbonate

system (Carter et al., 2017).

A few studies have examined the carbonate variables from a multivariate perspective

(Gregor and Gruber, 2021; Carter et al., 2021; Bittig et al., 2018; Sauz�ede et al., 2017). While
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these multivariate studies estimated the four carbonate variables, the variables themselves

were analyzed independently, as in without correlation or connection between the carbonate

variables. This is important since the carbonate variables are related (and constrained)

through chemical equilibrium equations (Sarmiento and Gruber, 2006). CO2SYS is a family

of algorithms with implementations in MATLAB (Sharp et al., 2020), Python (Humphreys

et al., 2023) and R (Gattuso et al., 2022), that solves the chemical equilibrium equations

to calculate the state of the carbonate system that consists of the four measurable variables

(DIC, TA, pH, and fCO2), but also includes the aragonite saturation state (
 ), DIC speciation

and the Revelle factor. Few observation-based methods have incorporated the chemical

connection between carbonate variables within the analysis method, but it is often done as a

data processing step to �ll in gaps in a set of observations prior to being analysed (Lauvset

et al., 2021; Mackay et al., 2021) to transform the results to another variable (Jiang et al.,

2019), or as a consistency check (i.e. CONTENT, Bittig et al., 2018).

We used two observation-based data sources for carbonate variables: GLODAP with

subsurface bottle sampled data (Lauvset et al., 2022) and SOCAT with surface fCO2 data

from underway systems on ships (Bakker et al., 2016). There is also BGC-ARGO pro�ling

�oats with subsurface pH data (Bittig et al., 2019). It is most common to use one data source

(e.g. GLODAP) as input data for studies, and the others (e.g. SOCAT and/or BGC-ARGO)

as validation or comparison data (Bittig et al., 2018). Few papers have incorporated multiple

data sources as inputs into their analysis, with the exception of Iida et al. (2020), Gregor

and Gruber (2021) and ECCO-Darwin, which is a data-assimilative biogeochemical model

that used SOCAT, GLODAP, SOCCOM and BGC-ARGO data as observational constraints

in their model (Carroll et al., 2022). Combining multiple data sources is challenging, as

different observation types will have different measurement uncertainties, as well as spatial

and temporal sampling schemes. Research on these carbonate variables often re�ects the

spatial distribution of their observations, with relatively little analysis on fCO2 in the interior

ocean (Fiedler et al., 2013), but signi�cant work analysing fCO2 in the surface waters (Zeng

et al., 2014; Bennington et al., 2022b; Gloege et al., 2022; Yasunaka et al., 2019; Du et al.,

2015; Landscḧutzer et al., 2013).

In this study, we estimate monthly time series of the four carbonate system variables

in the Labrador Sea from 1990-2022 using a fusion of GLODAP and SOCAT data. We

used a state space model approach that produced time-varying uncertainties based on data
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availability and data type. We also improved our effective observation availability by

combining direct observations withpseudo-observationsderived from observation data with

CO2SYS. This methodology could be generalized to different regions, temporal or spatial

scales, with the caveat that data availability and its temporal resolution is a limiting factor

for obtaining meaningful results.

2.2 Data

Our region of interest is the Labrador Sea, which we de�ne as the region south of65� N

and west of40� W within the Atlantic Arctic (ARCT) Longhurst biogeochemical province

(Longhurst, 2007) (Figure 2.1). Within the Longhurst province, biogeochemical properties

are assumed to be homogeneous. The Labrador Sea in the northwest Atlantic is a key area

for anthropogenic carbon storage due to its association with deep convection (Raimondi

et al., 2021).

Two datasets were used in this study: GLODAPv2.2022 (Lauvset et al., 2022) and SO-

CAT2022 (Bakker et al., 2016). In our study region, these datasets provide complementary

observations: GLODAP has direct observations of DIC, TA, pH and fCO2 in the interior

ocean for depths 0-4500 m from 1981-2021; and SOCAT has surface fCO2 from 1990-2021.

GLODAP has large data gaps before 1993 and after 2016 in the North Atlantic, thus our

analysis will span 1993-2016. The GLODAP and SOCAT observations within the Labrador

Sea were separated into 20 depth layers and averaged monthly. Layer divisions were chosen

so as to have an approximately equal number of individual DIC observations from GLODAP

in each layer. The top of the depth layers in this study are: 0 m, 10 m, 24 m, 53 m, 100 m,

200 m, 358 m, 507 m, 700 m, 890 m, 1080 m, 1290 m, 1530 m, 1780 m, 2020 m, 2320 m,

2580 m, 2850 m, 3100 m, and 3360 m.

Variables are sometimes reported for different ocean conditions, i.e.in situ ocean vs.

laboratory temperature and pressure. Ocean conditions are de�ned by potential temperature

(T), practical salinity (S) and pressure (P). We converted all variables toin situ ocean

conditions to ensure compatibility across datasets. Subsurface ocean observations of fCO2

are often standardized to laboratory conditions (P=0 dbar, T=20� C, and S=35 PSU), as is

the case in the GLODAP dataset, since fCO2 is not conservative to changes in T, S or P

(Sarmiento and Gruber, 2006). Meanwhile, SOCAT reports surface fCO2 at in situconditions

(P=0 dbar, T between� 1:8 and21:8� C, and S between17:6 and383PSU). In order to make
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these two datasets comparable for use in the same analysis, GLODAP fCO2 was converted

to in situ conditions using chemical equilibrium equations (CO2SYS) and its corresponding

input parameters: DIC, TA, T, S and P. pH was reported ontotal scaleandin situ conditions

by GLODAP.

GLODAP observations of the ocean interior are obtained from research cruises, and in

our study region, observations are seasonally biased towards months May - July (63% of

observations in the top 5 m are from May - July). The most sampled variable in GLODAP

is DIC, followed by TA. Of the 27 years from 1990-2016, surface observations occurred

in 40% of the months for DIC, and 0.12% for TA. Within GLODAPv2022, fCO2 through

the water column are rarely measured, but fCO2 is more frequently available at the surface

(notably between 2003-2012) owing to the ships of opportunity that collect the SOCAT data.

The SOCAT data does not have a seasonal sampling bias (in the top 5 m there is a similar

number of observations in each month). The sampling density of pH in GLODAP has been

low at 0.08% of months, but with BGC-ARGO, pH availability since 2018 in the Labrador

Sea has increased to full 100% monthly coverage. However, the BGC-ARGO pH data has

unexpected increasing trends in the Labrador sea from 2018 to 2022, and thus the data in

this region requires further investigation and quality control.

We also carried out data augmentation, that when DIC and TA were available, fCO2 and

pH were calculated by CO2SYS, as denoted by CO2SYS(DIC, TA). CO2SYS solves the

chemical equilibrium equations for the carbonate system (Lewis and Wallace, 1998) (see

section 2.3.1 for more details). The pseudo-observations �ll in gaps when direct, monthly

observations are not available, and this greatly increases the effective availability of fCO2

information.

Since the datasets differ in time range, depth range, and spatial and temporal sampling

schemes (see Figure 2.1), we checked how their T, S, pH and fCO2 data compared. The

following comparisons were done as time series plots: (i) T and S of GLODAP and SOCAT,

(ii) fCO2 direct from SOCAT vs fCO2 calculated via CO2SYS(DIC,TA) and GLODAP data.

In the top 10 m, for temperature and salinity, SOCAT has a larger standard deviation than the

others, but after being monthly averaged the three data sets have equivalent overall mean and

standard deviations across our time period of interest (Figure B.2). The fCO2 calculated from

GLODAP DIC and TA match well with the fCO2 observations from SOCAT on average,

but the calculated fCO2 had low precision. 112 observations were able to be co-located
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to within a month and within 10� of one another (Figure 2.2). The differences showed an

average bias of� 6:7 � atm, with GLODAP calculated values slightly underestimating the

fCO2 on average. Part of this bias would be due to the use of DIC and TA in the CO2SYS

calculation since using two temperature and pressure dependent variables can cause large

offsets (Raimondi et al., 2019). There is also a large RMSE of49:52 � atm due to the

calculated fCO2 having a larger spread of data. The calculated fCO2 will have a larger

uncertainty through the analysis than direct observations.

Figure 2.1: Geographical location of observations in the Labrador Sea study region: data
within the Atlantic Arctic Longhurst Province and west of40� W (blue shaded area). Three
data sources used are: (a) GLODAPv2.2022 with pro�les of observations (black dots) of at
least one carbonate variable, and (b) SOCAT.2022 with fCO2 dataData points near the coast
with less than 400 m bathymetry were removed (grey line).

2.3 Methods

The goal of the analysis is to estimate the state of ocean carbonate variables through time

and over depth for the domain of interest of the Labrador Sea.x t is the state of the carbonate

system at a given timet, and is as a column vector of lengthnx = 4L, whereL is the number

of depths-layers (see Section 2.2). The state vector contains all the variables DIC, TA, pH

and fCO2 at each depth-layer through the water column (from surface to deep). The analysis

times range fromt = 1; : : : ; nt on a regular interval (in our case, monthly). Estimation of
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Figure 2.2: Comparing fCO2 from SOCAT with fCO2 calculated from CO2SYS(DIC,TA).
The legend summarizes the bias and root mean squared error (RMSE) between a subset of
the two datasets where they were co-located.

the state vector over time makes use of all available observations, and the framework used

for the analysis is a state space model. This is comprised of two equations: an observation

equation (2.1) and a persistence equation (2.2), which are de�ned below. Once these are

de�ned and their parameters speci�ed, the carbonate state is then estimated through time

using the Kalman �lter/smoother algorithm (Anderson and Moore, 1979).

The observation equation relates the state (x t ) to available observations of the carbonate

system through the following equation:

yt = A tx t + vt : (2.1)

Here,yt is a column vector that contains the observations of the carbonate system at timet.

This vector is of lengthnyt and the length varies at each time step with the number of obser-

vations available at timet. Theyt vector includes observations of the different carbonate

variables from multiple datasets including the pseudo-observations (see Appendix A.3).A t

is annyt � nx observation indicator matrix comprising 1's and 0's to match each observation

in yt with its corresponding term in the state vector,x t . A t allows the simultaneous use of

observations from multiple datasets, even observations at the same timet. It is also notable
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thatA t varies over time, re�ecting the fact the variables that are sampled will change over

time. To complete the relationship between the mean state (x t ) and the direct observations

(yt ), we include observation error,vt � N (0; � v;t ), that follows a multivariate normal

distribution with variance-covariance matrix� vt .

The persistence equation allows the carbonate state to have a memory (or be auto-

correlated) in time. It is represented as a random walk process

x t = x t � 1 + wt : (2.2)

Speci�cally, this means that the new carbonate state (x t ) follows the previous state (x t � 1) but

with some random perturbation or persistence error added. The persistence error (wt ) follows

a multivariate normal distribution with variance-covariance matrix� w (wt � N (0; � w)).

The random walk, a widely used formulation in other statistical models (e.g. Markov Chain

Monte Carlo), was chosen as the simplest model possible to achieve a non-parametric

temporal persistence of the state that adapts to available observations, without the mean-

reverting quantities of an auto-regressive model. The degree to which the state can change

from one time to the next is controlled by the magnitude of the diagonal elements of� w .

This covariance matrix was structured to also allow for correlations between adjacent depth-

layers, but not between the different carbonate variables (so it has a block-diagonal structure).

Unlike the observation error covariance matrix� v;t which changes over time based on which

observations are available, the persistence error covariance matrix� w is �xed in time.

The state space model is de�ned by equations (2.1) and (2.2), both of which provide

information for estimating the carbonate state through time. This linear, Gaussian framework

is robust and reliable, and its properties are well understood and interpretable. The Kalman

�lter/smoother algorithm provides the optimal solution for the state space model and yields

the state of the carbonate system (x t ). Speci�cally, it provides estimates for the monthly

mean values of DIC, TA, pH, and fCO2 at all depths, and each of their time-varying variances.

The latter can then be used to produce error bars or con�dence intervals. The algorithm uses

equations (2.1) and (2.2) in a sequential, or recursive, estimation procedure. This relies on

the Kalman �lter, which operates as a forward-in-time recursion such that at each time step

t, an estimate of the new state vector (the four variables at theL depths) is available via a

one-step ahead prediction using (2.2). This persistence estimate is then updated to be closer

to any available observations. If there are no observations at timet, the observations equation
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(2.1) is not used, only the persistence equation (2.2). The Kalman smoother then further

re�nes these estimates through a backwards-in-time recursion. The ratio of the variances for

the observation error (diagonal elements of� v;t ) to the persistence error (diagonal elements

of � w) is a key quantity that dictates how closely the state estimates follow the observations.

Details of the Kalman �lter/smoother algorithm are in Appendix A.

The� v;t matrix was estimated based on the variance of observations, and the� w matrix

used maximum likelihood estimation. For details of how the matrix terms were estimated,

the reader is referred to the Appendix A.3.2.

2.3.1 Pseudo-observations

We augmented our pH and fCO2 data using chemical equilibrium relationships between

carbonate variables to createpseudo-observations, designatedy�
t . These can be used together

with direct observations,yt , of other variables in the observation equation (2.1). Pseudo-

observations improve the state estimate for variables when direct observations are missing.

The pseudo-observations for pH and fCO2 at timet also implicitly act as a constraint that

encourages the carbonate state estimates to be in a chemically balanced state with DIC and

TA through time. The notationy�
t [pH] will be used throughout, wherey�

t represents the

vector of pseudo-observations, and inside the square brackets identi�es the relevant variables

being referenced from the vector (e.g. pH and/or fCO2).

Given observations of DIC and TA (oryt [DIC; TA] ), CO2SYS calculates the remaining

two variables, producing pseudo-observations of pH and fCO2 (y�
t [pH; fCO2]), i.e.

y�
t [pH; fCO2] = CO2SYS(yt [DIC; TA] ;  t ): (2.3)

When calculating with CO2SYS, t represents the set ofin situ ocean parameters at timet:

potential temperature, practical salinity and pressure/depth. To solve chemical equilibrium

equations, CO2SYS used the following equilibrium constants:K1 andK2 from Lueker et al.

(2000),K f from Perez and Fraga (1987),Ks from Dickson (1990), and the concentration

of total boron from Uppstr̈om (1974). Calculations were performed on the total scale for

pH. In this work, the CO2SYS calculations were performed using theSeacarbpackage in R

(Gattuso et al., 2022).

We also calculated pseudo-observations of TA with a regression relationship with salinity.
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The linear regressiony�
t [TA] = � TA:S St was used with monthly salinity data (St ) to predict

pseudo-observations of TA (y�
t [TA] ) when direct observations of TA (yt [TA] ) were not

available. Least squares regression was used to estimate the conversion parameter� TA:S for

each layer individually, though all values were found to be close to the average� TA:S of 66,

(minimum 65.87, maximum 66.90). This is similar to the value (� TA:S = 67) used by Olsen

et al. (2020) for global data.

The pseudo-observation uncertainties within the matrix� v were determined with the

error calculations from CO2SYS, except for the pseudo-observations of TA which used the

regression prediction variance. Details of the� v;t matrix are in Appendix A.3. Meanwhile,

a key aspect to note is that the pseudo-observation errors are larger than the errors for direct

observations, thus when estimating the state the Kalman smoother algorithm will favour (i.e.

draw closer to) direct observations than pseudo-observations.

2.3.2 Implementation

To implement the methodology, the following steps were taken:

• (i) Region Selection and Depth-Layer Assignment- pre-process the datasets by

removing coastal and shelf regions (i.e. bathymetry less than 400 m), separating each

dataset intoL depth layers;

• (ii) In Situ Observations - convert variables (i.e fCO2 from GLODAP) toin situ

conditions with GLODAP data DIC, TA, T, S, and P as inputs;

• (iii) Monthly Average - use the individual observations in each layer to create monthly

average time series for each layer;

• (iv) Pseudo-observations- Predict TA from monthly salinity (y�
t [TA] = �S t ) at times

when direct observations (yt [TA] ) are not available. Use observations of DIC and

TA with CO2SYS to calculate pseudo-observations of pH and fCO2 (y�
t [pH; fCO2] =

CO2SYS(yt [DIC; TA] ;  t )).

• (v) Specify Parameters- Determine� 2
v;t based on the variance of observations and

determine� w using maximum likelihood with the Kalman �lter. The initial mean

state was set to the �rst monthly GLODAP observation. The initial variance was
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chosen by running the analysis with an arbitrary value, and then extracting the steady

state variance it approaches.

• (vi) Kalman Smoother - Using the Kalman �lter results with optimal parameters

from (v), the Kalman smoother algorithm implemented equations (2.1) and (2.2) with

observations (yt ) and pseudo-observations (y�
t ) to estimate the state of the carbonate

system (x t ) monthly through time, as well as a time-varying uncertainty that is used

for con�dence intervals.

These steps are in more detail in the Appendix A. Note this analysis was performed with

a monthly time step, but in principle, any time interval could be used. Also note that

the state estimation for temperature and salinity were also calculated following the same

methodology.

Using a subset of the carbonate state estimates (DIC and TA) along with the state of

temperature (T) and salinity (S), other aspects of the carbonate system were calculated: the

aragonite saturation, calcite saturation, Revelle factor, as well as the carbonate, bicarbonate

and carbonic acid concentrations. Furthermore, for each variable, the annual rate of increase

was estimated from linear least squares regression, using bootstrapping to determine its

signi�cance, see Appendix B.2.

Finally, note that the analysis was also performed on total alkalinity but for interpretation

and discussion, this was then converted to salinity-normalized Total Alkalinity (nTA)

nTA =
TA � TAS=0

S
Sref + TAS=0 (2.4)

whereSref = 35 PSU andTAS=0 = 728:3� mol kg� 1 (Friis et al., 2003). We have also

used the fugacity of CO2 (fCO2) instead of the partial pressure of CO2 (pCO2). pCO2 is often

analyzed rather than fCO2 at near-surface, as their differences are usually< 1:5� atm. fCO2

is, however, more appropriate for measurements through the water column as it is targeted at

real gases, whereas pCO2 is the equivalent for ideal gases. They are related via the fugacity

coef�cient, which is a function of the ocean state, thus accounting for the pressure affect

with depth. At low pressure pCO2 and fCO2 are approximately equal.
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2.4 Results

The state of the carbonate system (i.e. the four variables DIC, TA, pH and fCO2) were

estimated monthly from 1990-2022 for the 20 depth-layers from 0 m - 3500 m using the state

space model. These results are presented as time-depth plots for each variable (Figures 2.3-

2.6). The estimated time series for the surface layer and an intermediate depth-layer were

plotted in full to contrast their differences due to oceanic variability and observation sparsity.

The results for each variable are presented in turn.

DIC increases with depth, as expected, and there is a general increase of DIC over time

as shown by the depth-weighted column mean (Figure 2.3). At the near surface (top 20

m), there is a seasonal cycle in DIC with lower values in the summer due to biological

production and a shallow mixed layer. There is also a pronounced 4-year cycle, which

could be an artifact of the sparse sampling such as irregular winter observations in the

Labrador Sea, actual inter-annual variability, or a combination of both. The time series of

the near-surface waters (Figure 2.3b) have larger variability than the sub-surface waters

(Figure 2.3c). The waters deeper than 100 m show linearly increasing trends of DIC at rates

of 0.34 to 0.74� mol kg� 1 year� 1. However, examining the individual time series for each

depth, for those below 1800 m the estimated DIC is unchanging in the 1990s and increasing

after 2000. These results are consistent with those presented in Chapter 3 but give more

depth-re�ned results for their reported multi-decadal low-frequency variability which could

be due to the ventilation of the deep ocean. Note also that the state space model is robust to

anomalous outliers, as seen in 2015 (Figure 2.3c).

fCO2 shows that it is steadily increasing over time at rates between 0.79 and 2.52

� atm year� 1 (Figure 2.4), which we generally attribute to the atmospheric CO2 increase of

� 1:93� mol atm� 1(Lebehot et al., 2019), since the near-surface fCO2 increases similarly

to that of atmospheric CO2. These increasing trends are more obvious in the fCO2 depth-

time plots than for DIC because fCO2 has a smaller range of values throughout the water

column, and less variability in the top 100 m. The time-depth plot also shows that fCO2

increases with depth as a consequence of the increase in pressure, as expected. At the near

surface, fCO2 is increasing at a rate of1:28� 0:02� atm year� 1, which is similar to other

ocean observation-based estimates (1:47� 0:06� atm year� 1) and model-based estimates

(1:9 � 0:09� atm year� 1) (Lebehot et al., 2019). The near-surface fCO2 always remains

below atmospheric partial pressure thus maintaining a �ux of CO2 into the ocean.
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Figure 2.3: Results from analysis of DIC. (a) Time-depth plot of mean DIC concentration
(� mol kg� 1). Note that the depth axis has nonlinear spacing. Observations in months 6-11
are indicated with a 'S' and months 12-5 with a 'W'. The aragonite saturation horizon
(
 = 1 ) is shown by a thick black line. The depth-weighted column mean for each
month is shown by the horizontal colorband at the top. The mean of each depth-layer is
shown by the colorband to the right. The annual rates of increase shown on the right were
calculated as linear least squares regression over 1990-2022, where black numeric slopes
(� mol kg� 1 year� 1) are statistically signi�cant, and grey slopes are not. (b) A time series
of DIC at 0 m with the estimated mean (black line), 95% con�dence intervals (grey area)
and direct observations of monthly averaged GLODAP (red dots). Sampling times for the
observations are shown along the x-axis (colored ticks). (c) A time series of DIC at 710 m
following panel (b).
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Figure 2.4: Results from analysis of fCO2 (� atm). Format the same as Figure 2.3, with
the addition in panels (b)-(c) of direct observations of monthly averaged SOCAT (purple
triangles).
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The fCO2 near-surface time series in Figure 2.4b shows the presence of direct observa-

tions from both GLODAP and SOCAT, as well as pseudo-observations. Between 2005 and

2012, the high frequency of SOCAT observations reveals a seasonal cycle peaking around

February, which is similar to other pCO2 products in the Labrador Sea (Takahashi et al.,

2002; R̈odenbeck et al., 2013; Zeng et al., 2014; Arruda et al., 2024).

The width of the con�dence interval shows the uncertainty of the mean state, but note

that this uncertainty is not necessarily equal to the spread of the data. Figure 2.4b and

Figure 2.5b show con�dence intervals that narrower than the spread of the data. The width

of the con�dence interval is based on three factors: frequency of data, observation error,

and persistence error. The persistence error was estimated using maximum likelihood. The

�rst two are based on the data and are illustrated in Figure 2.4b for the con�dence interval

narrow between 2005 and 2012 due to the increased frequency of SOCAT data and the small

observation error for SOCAT within� v;t (Appendix A.3).

Of the four variables analysed, fCO2 bene�ted the most from the use of pseudo-

observations, and without them the fCO2 time series estimates would not be possible.

In the deeper waters (Figure 2.4c) GLODAPv2 observations are available only one time,

and the rest are pseudo-observations that were calculated using CO2SYS.

In the Labrador Sea, ocean acidi�cation (i.e. declining pH) is occurring at rates between

� 0:0017and� 0:0005year� 1 (Figure 2.5). In the near-surface (top 10 m) we see higher

mean pH values (pH> 8.14) but the lowest rate of ocean acidi�cation. Through the water

column, the pH value lowers with depth, but the rate of ocean acidi�cation increases slightly

with depth until around 1800m. Below 1800m around the aragonite saturation horizon

(
 = 1 ; dashed line), the rate of ocean acidi�cation is slower than the waters above or below

it.

Extra pH data from BGC-ARGO was considered to be included, but further quality

control is needed. To demonstrate its possible inclusion, and how the state space model is

able to adapt to changes in time series characteristics present in observations, the pH results

with BGC-ARGO data is in Figure B.1.

Total Alkalinity deeper than 50 m has minimal variability, but above 50 m lowers after

2006 (Figure 2.6a), which was found to be correlated with a decrease in salinity. This

strong correlation between TA and salinity allowed us to calculate pseudo-observations of

TA, but it also makes interpretation of TA dif�cult since its changes are related to salinity.
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Figure 2.5: Results from the analysis of pH. Format the same as Figure 2.3.
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Figure 2.6: Results from the analysis of TA and salinity-normalized TA (nTA) (� mol kg� 1).
(a) The time-depth plot of TA and (b) time-depth plot of nTA. Format the same as Figure 2.3a.
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Hence we use salinity corrected alkalinity to aid in interpretation. Salinity normalized total

alkalinity (nTA) (Friis et al., 2003) removes the expected variability of salinity, allowing

us to distinguish changes in alkalinity that are not related to changes in salinity. After

salinity-normalization, the trends in the top 50 m have been reduced by more than half,

and in the top 10 m the trend is no longer statistically signi�cant, indicating the trend was

due to the changes in salinity (Figure 2.6b). Below 100 m, the nTA �uctuates less than

� 10 �mol kg � 1 about the mean, which typically is considered a negligible variation. There

are a few high nTA values (nTA> 2320�mol kg � 1) with most occurring in 2010 at 46� W

and 52� N.

Using the estimated state for DIC and TA with CO2SYS, we calculated further derived

quantities of the carbonate system: the aragonite and calcite saturation state, the Revelle

factor and the speciation of DIC (Figure 2.7). We see in Figure 2.7e that for every depth-

layer the aragonite saturation state is steadily decreasing. At the near-surface there is also

some seasonality that is correlated with that of DIC. The same time-depth characteristics

are also seen for calcite saturation. The calcite saturation has a range of 1.2 to 3.7, thus the

saturation horizon (when
 = 1 ) is not shown. The aragonite saturation horizon (
 = 1 ), as

shown on previous plots (Figures 2.3-2.6), is seen to be shoaling up to 530 m over 24 years,

relating to an increase of 22m year� 1. This manifests itself as an apparent sudden increase

in 2004, rising from our 17th depth-layer (2580-2850 m) to our 16th (2320 - 2580 m). This

increase of aragonite saturation horizon agrees with Tanhua et al. (2007) who reported a 400

m increase in the North Atlantic from pre-industrial to 2004, and projected a 700 m increase

from pre-industrial to 2050. The aragonite saturation horizon is increasing at a faster rate in

the North Atlantic than in the Paci�c, which was reported to have increased at 1-2m year� 1

(Feely et al., 2012).

For all depths after 2005, the Revelle factor increases, indicating that fCO2 became

more sensitive over time to changes in DIC. For the near-surface this implies a lowering

of the ocean's capacity to take up more atmospheric carbon. For the interior ocean, the

Revelle factor has been used to determine the concentration of anthropogenic DIC (Terhaar

et al., 2022; Sabine, 2004). The Revelle factor was calculated from the TA and DIC

results,
 DIC = 3T A �DIC � 2DIC 2

(2DIC � T A)( T A � DIC ) (Sarmiento and Gruber, 2006). Figure 2.7d shows a

local maximum of the Revelle factor at 700-900 m after the year 2014. While the local

maximum is not seen in DIC or fCO2, it is seen in carbonic acid (H2CO*
3), which has the
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Figure 2.7: Results of the carbonate species, Revelle factor and saturation states. The
time-depth plots of the estimated mean (color intensity) for (a) carbonic acid (H2CO*

3), (b)
bicarbonate (HCO–

3 ), (c) carbonate (CO–2
3 ), (d) Revelle factor (e) aragonite saturation with

the saturation horizons (
 = 1 ) shown by a thick black line, and (f) calcite saturation.
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same time-depth characteristics as the Revelle factor.

DIC is the sum of concentrations of different species of inorganic carbon: carbonic

acid with carbon dioxide (H2CO*
2), bicarbonate (HCO–3 ), and carbonate (CO–2

3 ). Figure 2.7

shows that bicarbonate has the largest concentration (1875 to 2052� mol kg� 1) followed

by carbonate (96 to 155� mol kg� 1) and carbonic acid (13 to 23� mol kg� 1). As the ocean

becomes more acidic, the ratio of concentrations of these carbonate species will shift in

order to maintain a new equilibrium in the ocean. In the near-surface, while carbonic

acid and bicarbonate are increasing over time, carbonate is decreasing. Bicarbonate has

similar time-depth characteristics as DIC (i.e. seasonal cycle near the surface, increasing

concentration with depth, and increasing concentrations over time), meanwhile, carbonate

has the opposite features (i.e. decreasing with depth, decreasing over time).

Figure 2.8: The uncertainty estimate (95% margin or error) for (a) DIC, (b) fCO2, (c) TA
and (d) pH.

Our state space model also calculates 95% con�dence intervals for all the carbonate

variables. Hereafter, con�dence intervals are referred to as uncertainties, though sometimes

the related 95% margin of errors are reported instead (distance from mean estimate to
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upper uncertainty bound) as in Figure 2.8. The uncertainties produced from our time-

correlated method are lower than the uncertainties from using CO2SYS on DIC and TA

values which treats the carbonate variables as being independent through time, rather than

auto-correlated (see Table 2.1 for a detailed comparison). Overall, our time-correlated

method has lowered the uncertainty by more than 64%. Our uncertainty estimates are driven

by the data distribution over time, as dictated by the opportunistic sampling protocol. In

other words, the uncertainties varied over time based on the availability of observations

(Figure 2.8) and the variability of those observations. In the near-surface waters of DIC, TA

and pH the uncertainty is higher due to larger variability of the data. For fCO2 at the surface,

between 2005 and 2012 the uncertainty is reduced due to the presence of SOCAT data. The

fCO2 between 500-1000 m also has higher uncertainty than the waters above or below due

to the pseudo-observations having larger variability.

Table 2.1: Comparing uncertainties from two methods for pH and fCO2 (minimum, average,
and maximum). First method used independent observations of DIC and TA in CO2SYS,
and its uncertainty is calculated from uncertainty propagation (Orr et al., 2018; Gattuso
et al., 2022). Second is the state space method, the time-correlated method presented in this
work. Its uncertainties are the time-varying standard error of the state, as estimated from the
Kalman smoother algorithm. The percent reduction between the two methods is given as
(State Space� CO2SYS)

jCO2SYSj � 100.

pH
min, average, max

fCO2

min, average, max
CO2SYS(DIC and TA Observations)
(Independent Direct Observations)

0.014, 0.027, 0.092 11.2, 23.3, 88.5

This Method
(Time Correlated)

0.004, 0.005, 0.012 2.1, 8.4, 28.7

% Reduction of Average Uncertainty 71% 64%

2.5 Discussion and Conclusions

We developed and implemented a multivariate, time series method to estimate the depth-

time variability of the carbonate system in the Labrador Sea. This incorporated the four

carbonate variables: DIC, TA, pH and fCO2. We also amalgamated multiple data sources:

GLODAP, and SOCAT. Furthermore, these data are augmented with pseudo-observations

calculated with the CO2SYS algorithm which increases the effective number of observations

on the carbonate system and also ensures a chemically balanced state. Our method takes
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into account the temporal memory of the carbonate system, and as a consequence is able

to considerably lower the uncertainty of pH by 71% and by 64% for fCO2, compared to

methods that assume independence in time. The estimated time series of DIC and TA were

also used to calculate other aspects of the carbonate system, such as the aragonite and calcite

saturation state, the Revelle factor and the speciation of DIC (i.e. carbonic acid, bicarbonate

and carbonate). Our results for the carbonate system quantify their variations with depth and

highlight temporal trends that are assumed to be due to anthropogenic sources: increases in

DIC (0.34 to 1.13� mol kg� 1 year� 1) and fCO2 (0.79 to 2.52� atm year� 1), as well as the

acidi�cation of pH (-0.0017 to -0.0005year� 1).

We used a statistical time series method that amalgamates multiple data sources and takes

account of their unique features. As well as direct observations from GLODAP and SOCAT,

CO2SYS was used with DIC and TA observations to calculate pseudo-observations. The

pseudo-observations more than doubled the amount of information on pH and fCO2, which

allowed for more detailed and realistic estimates of their depth-time variability, including

the estimation of anthropogenic trends of pH and fCO2. Using pseudo-observations also

made pH and fCO2 estimates chemically balanced with the rest of the carbonate system.

DIC and TA were chosen to be in our CO2SYS calculation as we prioritized variables that

were abundant over time, but as ARGO data continues to increase, pH could be considered

instead of TA as the second input variable for CO2SYS. Using an input combination of

one T, P-dependent (pH or fCO2) and one non-dependent (DIC or TA) variable provides

lower bias uncertainty for CO2SYS outputs (Raimondi et al., 2019). The distribution of

data through time is also considered in the estimation of the uncertainties. Our time-varying

uncertainties are smaller in the presence of observations, and larger in the data gaps. This

is seen in Figure 2.8 where there are vertical bands of lower uncertainty at times when

observations are present. Our results were on monthly time steps, but any interval could be

used that is deemed reasonable given the observation distribution.

The mean and variance of the carbonate state are not constant over time due to an-

thropogenic sources of CO2. DIC observations analyzed using a 1 year sliding window

showed that not only is the mean state increasing over time, but the standard deviation

of those observations is also increasing over time, especially near-surface (Figure B.4).

This behaviour could be modelled by having our observation error (� v) increase over time.

Improvements can be made in the estimation of the observation error parameter (� v), a key
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quantity in the analysis.

Spatio-temporal estimates of the carbonate system have been produced by other methods,

ranging from machine learning (Bittig et al., 2018) to Earth System Models (Carroll et al.,

2020). The leading observation-based method for the estimation of the carbonate system is

CANYON-B (Bittig et al., 2018). It uses a Bayesian neural network approach that employs

non-linear relationships to estimate monthly spatial climatologies of the four carbonate

variables and nutrients. Machine Learning methods are dependent on the data they are

trained on. CANYON-B may �nd limitations in the training of their model in regions

like the Labrador Sea, where the data has been mostly collected at the same time each

year (e.g. AR7W from Labrador to Greenland each May). The CANYON-B framework

employs year-to-year correlation whereas our method uses more localized time correlation

(month-to-month). For validation of results, it is common to train the model on one data

source (like GLODAP) and test on another (i.e. SOCAT or ARGO) (Bittig et al., 2018).

Meanwhile, ECCO-Darwin (Carroll et al., 2020) used multiple data sources (i.e. GLODAP,

SOCAT, ARGO) as observational constraints for their Earth System Model. Iida et al. (2020)

also used multiple data sources (GLODAP, SOCAT, Satelite Data) with multiple linear

regression and chemical relationships to estimate the carbonate system. Using multiple data

inputs was a feature we also implemented in our observation-centric framework.

Our results yield time-varying uncertainties that are on average 64-71% lower compared

to time-independent methods such as calculations with CO2SYS on independent obser-

vations (see Table 2.1). There are multiple metrics for uncertainties. Thetime-varying

uncertaintiesare de�ned as 95% con�dence intervals that are calculated as part of the

statistical model using the Kalman smoother algorithm. The time-independent CO2SYS cal-

culates uncertainties using Gaussian propagation (Orr et al., 2018). From our method for the

years 1993-2016, the carbonate system variables have the following average uncertainties:

5.14� mol kg� 1 for DIC, 4.51� mol kg� 1 for TA, 0.005 for pH and 8.36� atm for fCO2.

When CO2SYS is used on time-independent observations, the estimated pH has an average

uncertainty of 0.03 and fCO2 uncertainty of 24� atm. Carter et al. (2021) estimated spatial

climatologies for the carbonate system using a mixed estimation of linear regression method

(i.e. LIRv3) and neural networks, and in the North Atlantic their uncertainties averaged: 7.7

� mol kg� 1 for DIC, 5.0� mol kg� 1 for TA, and 0.009 for pH. The neural network based

Canyon-B uncertainty estimates averaged at: 8.6� mol kg� 1 for DIC, 5.7 � mol kg� 1 for
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TA, and 0.008 for pH. Compared to our uncertainties, Carter et al. (2021) and Bittig et al.

(2018) are slightly larger for DIC and lower for TA, but overall they are comparable values.

Our estimated time series for the carbonate system in the Labrador Sea produces compa-

rable results to others. The average across time of our near-surface layer is 2089� mol kg� 1

for DIC, 2278� mol kg� 1 for TA, 8.15 for pH, 330� atm for fCO2, 2.1 for aragonite, and

3.3 for calcite. Our values agree with the time average values from Gregor and Gruber

(2021) (see their Figure 10). Gregor and Gruber (2021) is unique in that they estimated the

whole carbonate system in a single analysis and produced clear results for comparison. For

DIC at depths below 1800 m, it is unchanging in the 1990s and increases after 2000. This

temporal pattern was also reported for CO2 surface uptake in the Southern Ocean (Iida et al.,

2020) and for anthropogenic DIC in the deep northwest Atlantic (Chapter 3). Our average

TA results below 100 m were 2302� mol kg� 1, which is the same as Broullón et al. (2019)

reported for an annual mean TA in the Labrador Sea. In the surface layer, Broullón et al.

(2019) reports a TA of 2300� mol kg� 1, but our estimated TA is lower at 2278� mol kg� 1.

The variability seen in TA is correlated with salinity, as con�rmed by the salinity-normalized

TA (Figure 2.6). Our surface pH shows a steady decline in the Labrador Sea, however, in

the neighbouring Irminger Sea, Bates et al. (2014) reports surface pH to have a seasonal

cycle that peaks in the summer. For pH in the top 10 m, our results show the acidi�cation

of pH at a rate of 0.0005year� 1, ending in 2016 with a 8.14 pH. This is comparable to

the -0.00181year� 1 (Iida et al., 2020) and the –0.0016year� 1 in the Labrador Sea (Ma

et al. (2023), see their Figure 2). Using an Earth System model, Jiang et al. (2019) predicts

surface pH changing from 8.1 to 7.75 for 2000 to 2100 Jiang et al. (2019), see their Figure

6), implying a declining pH of 0.0035year� 1, 6 times larger than our estimate. For a surface

Revelle factor in the year 2000, our results agree with (Jiang et al., 2019) that the Revelle

factor is around 14 in the Labrador Sea. Our aragonite saturation horizon in 2004 is found

at 2300 m, which also agrees with Azetsu-Scott et al. (2010). Carbonate (CO–2
3 ) is often not

discussed in observation-based work. Using CO2SYS to calculate carbonate from our DIC

and TA, our carbonate estimate for the year 1994 is 140� mol kg� 1 in the top 20 m, which

is similar to Orr et al. (2005), whose biogeochemical model estimated an average surface

carbonate to be around 160� mol kg� 1 at 60� N for the year 1994. Orr et al. (2005) also

project the carbonate levels to lower to between 90 and 120� mol kg� 1 by the year 2100.

Our near-surface carbonate has a seasonal cycle that impedes us from getting a statistically
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conclusive slope estimate, but if more data con�rms it to be true, our observation-centric

results suggest a -0.23� mol kg� 1 year� 1 decline for carbonate, which would yield a value

of 125� mol kg� 1 in the year 2100 which is close to the projection of Orr et al. (2005).

The fCO2 in the near-surface was estimated to be increasing at a rate of 1.28� atm year� 1.

We anticipated the near-surface fCO2 to increase at a similar rate to that of atmospheric CO2,

i.e. � 1:9� atm year� 1. Our results are within an acceptable range, lying near the CMIP5

model-based estimates of1:90� 0:09 � atm year� 1 and observation-based estimate for the

surface ocean of1:47 � 0:06 � atm year� 1 Lebehot et al. (2019). Moving to the deeper

waters, sub-surface measurements of fCO2 are rare, but it could prove useful for tracking the

anthropogenic increase of CO2 in the ocean. While DIC is a popular choice for estimating the

anthropogenic change in the ocean interior, fCO2 has a lower range of values and variability

through the water column than DIC, making it more sensitive to anthropogenic changes

through time and easier to identify variations within the ocean interior. Similar temporal

variability to fCO2 was also seen in the Revelle factor, which is described as the sensitivity

of fCO2 to the changes in DIC, and has been used to infer anthropogenic carbon in the

ocean interior. The Revelle factor showed a steady rate of increase in the waters deeper than

100 m (Figure 2.7d). More sub-surface measurements of fCO2 would be useful to further

investigate the Revelle factor and fCO2 and how their roles in quantifying anthropogenic

change are distinctive or overlapping.

In summary, we present an observation-centric method to estimate the mean state

carbonate system and its uncertainties for the Labrador Sea for the period of 1993-2016.

The state space model framework allowed for the multivariate estimation of the carbonate

system, and for the fusion of multiple data sources: GLODAP cruise data, SOCAT ships of

opportunity, ARGO �oats and calculated pseudo-observations via CO2SYS. Our analysis

focused on estimating time-depth distributions and temporal trends at multiple depth layers

through the water column in the Labrador Sea for carbonate system variables. Our analysis

was transparent, making no assumptions or model constraints on the variables to let the

data drive the estimation, the changes over time, the uncertainties, and thus the story of the

carbonate system.



Chapter 3

Anthropogenic Trends of Dissolved Inorganic Carbon: Effects of

Seasonality and Sampling Bias

Abstract1

The northwest Atlantic Ocean is an important sink for carbon dioxide produced by anthro-

pogenic activities. However the strong seasonal variability in the surface waters paired with

the sparse and summer biased observations of ocean carbon makes it dif�cult to capture a

full picture of its temporal variations throughout the water column. We aim to improve the

estimation of temporal trends of dissolved inorganic carbon (DIC) due to anthropogenic

sources using a new statistical approach: a time series generalization of the extended mul-

tiple linear regression (eMLR) method. Anthropogenic increase of northwest Atlantic

DIC in the surface waters is hard to quantify due to the strong, natural seasonal variations

of DIC. We address this by separating DIC into its seasonal, natural and anthropogenic

components. Ocean carbon data is often collected in the summer, creating a summer bias,

however using monthly averaged data made our results less susceptible to the strong summer

bias in the available data. Variations in waters below 1000 m have usually been analysed

on decadal time scales, but our monthly analysis showed the anthropogenic carbon com-

ponent had a sudden change in 2000 from stationary to an increasing trend at the same

rate as the waters above. All depths layers had similar rates of anthropogenic increase of

� 0:57� mol kg� 1 year� 1, and our uncertainty levels are smaller than with eMLR results.

Integration throughout the water column (0-3500 m) gives an anthropogenic carbon storage

rate of1:37� 0:57 mol m� 2 year� 1, which is consistent with other published estimates.

1Published as: Boteler, C., Dowd, M., Oliver, E. C. J., Krainski, E. T., & Wallace, D. W. R. (2023). Trends
of anthropogenic dissolved inorganic carbon in the northwest Atlantic Ocean estimated using a state space
model. Journal of Geophysical Research: Oceans, 128, e2022JC019483.

40



41

3.1 Introduction

A key element for climate change projection and for carbon emission policy is how effective

the ocean is, and will be, in mitigating the effects of anthropogenic CO2 emissions. The

northwest Atlantic is one of the largest oceanic carbon sinks on an areal basis, taking in

and storing large amounts of anthropogenic CO2 (Khatiwala et al., 2013). There are several

chemical, physical and biological factors that in�uence how much CO2 the ocean takes

up throughout the year. In the winter, cold winds cool the surface waters, increasing the

solubility of CO2 (Emerson and Hedges, 2008), which enhances dissolved inorganic carbon

(DIC) concentrations in the surface layers as a result of air-sea gas exchange. Temperature

also in�uences the physical uptake processes of the area, as cooling reduces strati�cation

and facilitates the transport of DIC rich waters from the surface to the deeper waters. The

shoaling of the mixed layer in the summer traps DIC rich waters in the subsurface ocean

where it is no longer in contact with the atmosphere. While respiration will release CO2

into the surface waters, phytoplankton will use CO2 for photosynthesis. Strong, seasonal

biological production also promotes seasonal uptake of CO2 from the atmosphere, which is

transported deeper via the biological carbon and mixed-layer pumps (Lacour et al., 2019).

The column inventory of anthropogenic DIC is the depth-integrated amount of ocean

carbon present as a result of human activities, reported on a per area basis. In the northwest

Atlantic this was estimated at160 mol m� 2 in 2010, several times greater than the global

average (Khatiwala et al., 2013). The global ocean's uptake of atmospheric CO2 estimated

in the last 10 years, as diagnosed from observations, has been increasing at a faster rate

than the uptake estimated from ocean models (see Figure 9 in Friedlingstein et al. (2020)).

Such inconsistencies motivate our goal of improving the estimation of uptake and storage

of anthropogenic carbon for the northwest Atlantic, as determined directly from DIC

observations.

Observational data from two main sources are used to study the ocean carbon cycle.

The SOCAT dataset provides near-surface ocean pCO2 measurements made on research

cruises and ships of opportunity (Bakker et al., 2016). This dataset has been used to estimate

air-sea �uxes on the global scale with methods ranging from neural networks (Landschützer

et al., 2014) to atmospheric inversion (Rödenbeck et al., 2013; R̈odenbeck et al., 2015) and

interpolation (Goddijn-Murphy et al., 2015). The GLODAP dataset provides discrete water

sample measurements for the ocean interior (Lauvset et al., 2021). This dataset has been
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used to estimate the build up of anthropogenic CO2 in the oceans (Lauvset et al., 2016;

Khatiwala et al., 2013; Sabine, 2004) and diagnose ocean transport of carbon (Holfort

et al., 1998; Macdonald et al., 2003). Analyses of temporal changes have tended to use

regression approaches (Friis et al., 2005; Bostock et al., 2013; Gruber et al., 2019), but also

use mechanistic approaches based on ocean biogeochemical models (Gerber and Joos, 2010;

Friedlingstein et al., 2020; Carroll et al., 2022). Our study focuses on the use of interior

ocean DIC observations from GLODAP.

An important and long-standing research question is how to separate DIC into its

natural and anthropogenic components (Wallace, 2001; Sabine and Tanhua, 2010), where

anthropogenic typically refers to the excess DIC present in the ocean as a result of human

activities (i.e., due to atmospheric CO2 increases since preindustrial times). Multiple linear

regression (Wallace, 1995), and especially the extended Multiple Linear Regression method

(eMLR) (Friis et al., 2005), are now widely used to estimate the increase of anthropogenic

DIC. This is usually done between two time points that are a decade or more apart and on

repeat hydrographic sections (Thacker, 2012). This approach has been extended recently to

include eMLR in a depth-spatial moving window (Carter et al., 2017), eMLR for column

inventories (Plancherel et al., 2013), and eMLR(C*) (Clement and Gruber, 2018). eMLR

approaches are based on exploiting the changing relationship between observed DIC and

other correlated ocean variables that are not directly impacted by anthropogenic CO2

uptake, such as temperature, salinity and oxygen. The eMLR(C*) approach, for example,

incorporates more ocean predictor variables and centres the analysis on a derived variable,

called C*, that more closely relates to anthropogenic carbon than DIC. The eMLR based

methods have proven to be useful for estimating trends over long time intervals (decades) in

the sub-surface waters, but few studies have attempted an observation-centric analysis of

DIC variations on shorter time scales. In addition, they have also not provided for reliable

estimates in the surface ocean. This study aims to rectify those shortcomings and improve

our understanding of ocean DIC.

The main challenges to quantifying the temporal variability of the carbon sink and the

carbon inventory include: the seasonal variability that is particularly strong in the surface

waters, observation sparsity, and a strong bias towards summer sampling (McKinley et al.,

2017; Fassbender et al., 2018). There is potential for use of improved time series approaches

to optimally extract information from existing DIC observational databases to improve our
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quanti�cation of DIC dynamics over multiple time scales. Gruber (2002) has, for example,

used time series methods that incorporate deseasonalization via harmonic analysis, �tting of

linear trends, and analysing correlations between variables. In this study, we build upon and

generalize the eMLR method into a time series framework using dynamic linear regression.

This allows us to analyze seasonally biased observations of DIC and isolate its sources of

variability, while improving temporal resolution of the analysis and producing objective

observation-driven error estimates. Our method provides estimation of anthropogenic

changes in DIC, making it capable of assessing non-linear trends in anthropogenic CO2

uptake, as well as its seasonal and inter-annual variability. Here, we use this approach to

study DIC in the northwest Atlantic within three depth-layers ranging from the surface to

the deep waters, and estimate on a monthly time scale the seasonal, natural variability and

anthropogenic DIC. We also investigate the in�uence of seasonally biased observations

on the analysis and results. This provides a North Atlantic perspective to complement the

work performed with seasonally biased data in the Southern Ocean (Fassbender et al., 2018;

Mackay et al., 2022).

3.2 Data

The principal dataset used in this study is the GLODAPv2.2019 data product (Olsen et al.,

2016; Olsen et al., 2019), hereafter referred to as GLODAP. It is a global collection of

quality controlledin situmeasurements from scienti�c cruises conducted from 1972 to 2017.

It contains 12 core biogeochemical variables, including our target variable of Dissolved

Inorganic Carbon (DIC), which were measured from bottle samples and include their time

and location coordinates (i.e. date, latitude, longitude and depth). Physical variables also

reported include potential temperature and practical salinity; we make use of these two

variables in our analysis because they have a strong mechanistic and statistical connection

with DIC, are widely available, and are commonly used in eMLR analyses (Friis et al.,

2005). The remaining biogeochemical variables have less frequentin situ measurements

than temperature and salinity, and were chosen not to be include in this analysis. Hence, we

considered only DIC and covariates of temperature and salinity in our analysis, although

we note that in the future measurements of biogeochemical variables, such as oxygen from

pro�ling �oats, could be used with our approach to improve results.

Our region of interest is the northwest Atlantic, which we de�ne as the region south of
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65� N within the Atlantic Arctic (ARCT) Longhurst biogeochemical province (Longhurst,

2007) (Figure 3.1a). It includes areas of deep convection that are associated with intense

anthropogenic carbon storage (Raimondi et al., 2021). These areas of deep convection

have been shown to shift their location and intensity in space and time (Rühs et al., 2021).

The relatively broad study area was chosen to ensure we captured all key regions of deep

convection, as well as the more pragmatic concern of having a large enough data set for our

analysis.

We separated the data into three depth-layers: layer 1: 0-200 m, layer 2: 200-1000 m,

and layer 3: 1000-4500 m. These correspond to the euphotic zone (sunlit), the mesopelagic

zone (twilight) and the bathypelagic zone (midnight), respectively (Berger and Shor, 2009).

Biogeochemical ocean regions transition from surface to intermediate and deep waters at

different depths due to the mixed layer depth which varies seasonally, interannually and

spatially, and can be challenging to de�ne quantitatively (Rühs et al., 2021). For this analysis

the depths of layer boundaries were chosen to be constant through the year, and correspond

to how the mean and standard deviation of DIC changed with depth (Figure 3.1b). The

near surface, layer 1, has the largest spread of DIC due to direct gas exchange with the

atmosphere and the seasonal biological activity that occurs in the euphotic zone (mean

2124� mol kg� 1 and standard deviation31� mol kg� 1). The separation between layer 1 and

layer 2 at 200 m is similar to that used by others (Brewer et al., 1995; Ullman et al., 2009;

Turk et al., 2017), as is the separation between layer 2 and layer 3 around 1000 m (Emery,

2001; Bostock et al., 2013; Keppler et al., 2020). In layer 2 the mean DIC value becomes

more constant and with a large reduction in spread (mean2158� mol kg� 1 and standard

deviation8:6 � mol kg� 1). The deep layer 3 has an even smaller spread with a near-constant

DIC (mean2159� mol kg� 1 and standard deviation5:6 � mol kg� 1).

The DIC observations from January 1993 to December 2015 have a distinct seasonal

sampling bias, which is clearly seen in the distribution of observations by month (Fig-

ure 3.2a). Of the individual observations, 37% were recorded in the summer (July to Oct)

while only 2% were recorded in the winter (Jan to Apr). The seasons are de�ned as the four

months with the warmest and coldest temperatures in the ocean surface layer. Figure 3.2b

shows DIC observations over time in the northwest Atlantic and highlights the difference

between winter and summer, with summer having lower DIC values due to higher sea surface

temperatures causing some outgassing but mainly due to phytoplankton photosynthesis
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Figure 3.1: Spatial distributions of GLODAPv2.2019 data. (a) Geographical location of
observations (semi-transparent gray dots). Repeated observations at the same location or
at multiple depths or times are plotted on top of each other (appearing as solid black dots).
The Atlantic Arctic Longhurst Province is indicated (gray polygon). (b) Observations of
DIC vs depth are given. Horizontal dashed lines identify the 200 and 1000 m depths that
separate our data into three depth-layers.

using CO2 (Montes-Hugo et al., 2010) in the surface waters. Fitting a linear temporal

trend using least squares regression to the winter observations shows it is increasing at

0:77� 0:07 � mol kg� 1 year� 1, a faster rate than the0:23� 0:41 � mol kg� 1 year� 1 for the

summer observations. Figure 3.2b motivated the question of whether winter and summer

really have different DIC trends, or if this an artifact of sampling bias. This will be explored

in Section 3.4.1. We pre-processed the data by separating it into the three depth-layers,

after which each subset was turned into monthly averaged time series (which still have

observation gaps). The monthly data was better balanced in terms of its seasonal distribution,

i.e. of the months occurring in winter between 1993-2015, 8% had at least 1 observation

and likewise 12% in summer had at least one observation. By averaging all observations

in a month, this implicitly assumed that the observations in that month had homogeneous

oceanographic properties, which is a viable assumption for our data contained within the

Atlantic Arctic Longhurst Province.
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GLODAP has many data gaps through time (Figure 3.2a). Our analysis has DIC as

its target variable but, like the eMLR method, makes use of temperature and salinity as

covariates to better estimate it. To improve the spatial and temporal coverage of temperature

and salinity, we used the GLORYS12v1 reanalysis product to provide a complete time

series for these physical oceanographic variables (GLORYS12V1 - Global Ocean Physical

Reanalysis Product2018). GLORYS12v1 provides potential temperature and practical

salinity values over a regular 1/12� spatial grid, at 50 vertical depth-levels and on daily

time intervals from 1993-2018. As with the GLODAP data, this daily reanalysis product

was separated into our three depth-layers and converted into times series of monthly and

spatially averaged values within our region of interest in the northwest Atlantic. Figure B.2

shows that deseasonalized values for temperature and salinity from both GLODAP and

GLORYS12v1 agree, with GLODAP having a slightly larger scatter, but are centered around

the GLORYS12v1 values.

Figure 3.2: (a) Proportion by month of GLODAPv2.2019 DIC observations for depths 0-200
m. Numbers at the top of each bar gives the proportion of observations occurring in that
month. (b) Dissolved inorganic carbon (DIC) over time in the northwest Atlantic domain
for depths 0-200 m. Dots are colored by the season they were recorded: winter i.e. Jan to
Apr (blue dots), and summer i.e. July to Oct (red dots). Note that spring and fall are not
shown. To each of the different subsets, linear temporal trends were �tted using ordinary
least squares, and their slopes are reported in units of� mol kg� 1 year� 1.
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3.3 Methods

The eMLR method (Friis et al., 2005) has been widely used to estimate the anthropogenic

increase of DIC between two time points, typically a decade or more apart. For a repeat-

sampled ocean transect and assuming the relationship between the natural variability of

DIC and oceanographic variables remains constant over time, any changes in the regression

coef�cients of the relationship can be interpreted as a non-natural change, i.e. excess DIC

due to anthropogenic sources (Thacker, 2012). When this is evaluated for the later time

point, it yields an estimate of the anthropogenic increase of DIC over the time interval of

study.

Here we develop and apply a time series generalization of the eMLR method. We build

upon the eMLR methodology by using a time-invariant linear regression relationship of

DIC against temperature and salinity to represent the natural variability of DIC, and we also

include a time-varying term to represent the excess DIC. As with the eMLR method, we

seek to quantify the change in DIC over time, but ours is a time series method that better

resolves the changes through time. While the eMLR looks at differences over a �xed time

interval, our time series approach constrains variability over a range of time scales, and

allows us to look at inter-annual to decadal variability of anthropogenic DIC. It can also

account for common observational issues such as varying sampling intervals and data gaps.

Importantly, it can produce statistically objective error bars that change through time and

re�ect the data properties and distribution. Our approach, as detailed below, is based on a

decomposition of the DIC observations into three components: a seasonal cycle, natural

variability, and excess carbon due to anthropogenic sources. It produces monthly time series

of these carbon components (with con�dence intervals).

3.3.1 Decomposition of DIC

We designate DIC observations asCt . The �rst step was to deseasonalize them, such that.

C0
t = Ct � Cs

t (3.1)

whereC0
t are the deseasonalized DIC anomalies andCs

t represents the mean seasonal cycle

over the period of interest. This seasonal cycle,Cs
t was estimated empirically by taking the

mean of each month (Jan, Feb, etc.). The equivalent deseasonalization procedure was also
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performed for our other variables of temperatureTt and salinitySt . The DIC anomalies

were then further decomposed as follows:

C0
t = Ce

t + Cn
t + vt (3.2)

whereCe
t represents the excess carbon (e.g., assumed due to anthropogenic sources) andCn

t

represents the natural variability (e.g., from variations in oceanic water properties). Thevt

is called the observation error, and contains the remaining variability not described by the

excess and natural variability components, i.e. within-month variations, and measurement

error. Separating the natural and anthropogenic changes of DIC in (3.2) is the same concept

proposed in Clement and Gruber (2018), but the methods used to estimate the natural and

anthropogenic components target different parts of the carbon system, i.e. circulation and

mixing, biological pump, solubility pump, and air-sea �ux, and will be discussed further in

Section 3.5.

In order to separate and estimate the excess carbon and natural variability components,

we build upon foundational assumptions of the eMLR method and re-cast (3.2) as the

regression equation

C0
t = � 0;t + � 1T0

t + � 2S0
t + vt : (3.3)

The excess DIC,Ce
t , is now represented by the time varying intercept term� 0;t . The natural

variability, Cn
t , is equated with the terms� 1T0

t + � 2S0
t , representing a linear relationship

between anomalies of DIC and anomalies of temperature,T0
t , and salinity,S0

t . Note, the linear

regression could be expanded to include biogeochemical ocean variables such as oxygen,

etc. We assumed observation errorvt � N (0; � 2
v). For this time-dependent regression,

we estimated the four parameters:� 0;t , � 1, � 2, and� v using the monthly averaged and

deseasonalized GLODAP DIC data.

To illustrate how our method relates to the equations used in the eMLR method, consider

the eMLR persistence equation for anthropogenic carbon (CeMLR ) that has been expanded

to show its two regressions:

CeMLR = ( at2 � at1 ) + ( bt2 � bt1 )Tt2 + ( ct2 � ct1 )St2

= ( at2 + bt2 Tt2 + ct2 St2 ) � (at1 + bt1 Tt2 + ct1 St2 ):

The regression parametersat1 , bt1 andct1 would be estimated from DIC, temperature and
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salinity data at timet1, and similarly for parametersat2 , bt2 andct2 estimated at timet2.

Both regressions are predicted atTt2 andSt2 , temperature and salinity at timet2. When the

eMLR is expanded to show its two regressions, the second bracket(at1 + bt1 Tt2 + ct1 St2 ) is

equivalent to our natural component but evaluated at each timet in our monthly time series.

The anthropogenic carbon (CeMLR ) is equivalent to our time varying intercept term (� 0;t ).

3.3.2 Dynamic Linear Regression

To estimate excess carbon,Ce
t via � 0;t , we used a state space modelling framework that

corresponds to dynamic linear regression (Zivot and Wang, 2003; Laine, 2020). This uses

two equations: an observation equation, as described by (3.3) above, and a persistence

equation (3.4) as described below. The persistence equation predicts the time evolution of

excess carbon, as embodied in the regression intercept� 0;t . It takes the form

� 0;t = � 0;t � 1 + � (� 0;t � 1 � � 0;t � 2) + wt : (3.4)

This is a correlated random walk process. It predicts the excess carbon at timet (� 0;t )

based on its previous two values at timest � 1 andt � 2. Speci�cally, the update is based

on � 0;t � 1 plus a proportion of the change occurring between the previous two time steps

(� 0;t � 1 � � 0;t � 2). Note that the unit time increments used here refer to the time interval of

the analysis, in this instance monthly. The parameter� is a measure of the strength of the

excess carbon time tendency; we term this theproportion of trend persistence. Note that

we used a random walk instead of an auto-regressive process for the persistence equation

(3.4) because such a stationary autoregressive processes have a mean reversion property (i.e.

when predicting forward in time, they are drawn back to the mean), which is inconsistent

with the increasing anthropogenic DIC over time that we wish to quantify. The purpose

of the correlated random walk is to introduce temporal memory in excess carbon, with the

DIC observations guiding its time evolution through the state space model (3.3)-(3.4). The

persistence error for the new intercept is given bywt � N (0; � 2
w), and its variance� 2

w will

be estimated as part of the implementation (see section 3.3.3).

The Kalman �lter/smoother algorithm (see, e.g. (Anderson and Moore, 1979)) was used

to solve this dynamic linear regression (3.3)-(3.4). This �xed-interval smoother provides for

estimation of the system state, which in this instance is excess carbon,� 0;t . Speci�cally, it
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provides for the monthly estimates of the mean values of excess carbon and its time-varying

variance. The variance can be used to produce errors bars, i.e. con�dence intervals for

excess carbon. The algorithm uses sequential, or recursive, estimation. This relies on the

Kalman �lter, which operates as a forward in time recursion such that at each time stept, an

estimate of the new excess carbon value is available via a one-step ahead prediction using

(3.4). This prediction is then updated to be closer to the DIC observation using a smoother

step that further re�nes these estimates through a backwards in time recursion. The ratio of

the variances for the observation error (� v) to the persistence error (� w) is a key quantity

that dictates how closely the results follow the observations. To facilitate their speci�cation,

the Kalman �lter also allows for parameter estimation through likelihood-based approaches.

For this study, we estimated the parameters� and� 2
w using maximum likelihood, while� v

was estimated from analysis of DIC observations . For details of the Kalman �lter/smoother

and parameter estimation, the reader is referred to Appendix A.

3.3.3 Implementation

To implement our proposed methodology, the following steps were taken to perform the

analysis on each depth-layer. Following the pre-processing of the DIC,T andS data into

monthly average time series, we: (i) determine the seasonal cycle, and deseasonalize DIC,

T andS; (ii) �nd the regression coef�cients relating DIC toT andS, i.e. � 0;t=1 , � 1 and

� 2; (iii) specify initial conditions for mean and variance of excess carbon; (iv) specify or

estimate the state space model parameters:� v, � w and� ; (v) carry out state estimation of

excess carbon component with Kalman Smoother; (vi) reconstruct the total carbon time

series by combining its components (excess, natural, seasonal). These steps are outlined in

detail below.

(i) Seasonal component and deseasonalize DIC, T and S

After pre-processing the data into a monthly average time series, the seasonal cycle of

DIC, Ĉs
t , was estimated from the GLODAP monthly observations as the long-term mean

for each month (e.g. the mean of all Januaries across all years of data). The seasonal cycle

of DIC was removed to produce observations of deseasonalized DIC anomalies,C0
t . The

temperature and salinity observations were also deseasonalized to yieldT0
t andS0

t .

(ii) Estimate regression coef�cients that relateC0
t to T0

t and S0
t : � 0;t=1 , � 1 and � 2

The regression coef�cientŝ� 0;t=1 , �̂ 1, and�̂ 2 from (3.3) were estimated with ordinary
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least-squares regression using deseasonalized GLODAP data from the �rst �ve years (1993-

1997). When estimating the regression parameters for the covariates, it was important to

check the overall regression signi�cance (F-test), and the signi�cance for each parameter

(t-test). If the regression was not signi�cant, then the natural component become a constant

value set to 0 and we set�̂ 1 = �̂ 2 = 0, as is seen in Table 3.1. In the case that one parameter

was not signi�cant then that parameter was set to 0 (e.g.�̂ 2 = 0), effectively simplifying the

regression to have only one covariate.

The �ve year time span was chosen to provide enough data to estimate a statistically

signi�cant regression, but small enough that we could assume the anthropogenic changes

of carbon within the time span were negligible. The relationship between carbon and its

covariates change over time, such that if regressions on the �rst �ve years and the last

�ve years were performed, their estimated parameters would be different, which is the

foundation of the eMLR method (Friis et al., 2005). We took the eMLR assumption thatthe

natural relationship of carbon with covariates does not change over timeliterally by using

data at only the beginning of the analysis period in order to establish the baseline natural

oceanographic relationship between DIC and temperature and salinity, that would not take

into account anthropogenic changes over time.

(iii) Initial conditions for mean and variance of excess carbon

To run the sequential Kalman smoother algorithm, we require an initial condition for the

mean and variance of the state. The initial condition for its mean,�̂ 0;t=1 , was estimated in the

previous step with the other regression coef�cients, using ordinary least-squares regression

with the deseasonalized GLODAP data from the �rst two years (1993-1997). For the initial

condition of its variancê� 2
e;t=1 a reasonable value is selected by iterating through steps (iii)

- (v) a couple of times for an initial variance that did not arti�cially in�ate or de�ate the

con�dence intervals of excess carbon.

(iv) Estimate state space model parameters:� v, � w and �

The observation error standard deviation,� v, was derived from deviations of the original

DIC observations,C, about the estimated seasonal cycle. Speci�cally, standard errors for

each of the 12 months were calculated from the original GLODAP observations for the

duration of the analysis period. The median of these values was used as�̂ v and are reported

in Table 3.1. (Note that this standard error is for monthly mean values and hence corresponds

to what is here termed the observation standard deviation of DIC anomaliesC0
t ).
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Parameter estimates for the persistence standard deviation,� w , and the proportion of

trend persistence,� , were determined using the method of maximum likelihood. The

likelihood is determined by using the one-step ahead predictions of the Kalman �lter, and

its detailed computation is outlined in Appendix A. The maximum likelihood parameter

values for� and� w are given in Table 3.1.

(v) State estimation of excess carbon with Kalman Smoother

We execute the dynamic linear regression (3.3) - (3.4) with the Kalman smoother

algorithm, producing a monthly estimate of the excess carbon component�̂ 0;t and its

variancê� 2
e;t , which was used to construct 95% con�dence intervals. Details of the Kalman

smoother are provided in Appendix A.

(vi) Reconstructing total carbon

The total carbon time series was reconstructed by combining estimates for its seasonal,

natural and excess components. The natural variability component within (3.3) is estimated

using the regression parameters�̂ 1 and�̂ 2 along with deseasonalized temperature and salinity

from a prediction dataset (̂Cn
t = �̂ 1T0

p;t + �̂ 2S0
p;t ). The GLORYS12v1 reanalysis product

was used as the prediction dataset. The errors of the natural component were calculated

using the 95% prediction intervals from the linear regression, which is equivalent to the

amount of variability that remains to be described by the excess carbon component.

As a �nal remark on error bars, by adding together the carbon components (seasonal,

natural variability and excess carbon) we get a complete monthly time series estimate of

total carbon (̂Ct = Ĉs
t + Ĉn

t + Ĉe
t ). As the components are additive, so are the variances

for natural variability and excess carbon, which produces a con�dence interval for carbon

anomalies. This uncertainty was also used for total carbon because we considered the

deseasonalization done in (3.1) as a linear transformation prior to our main analysis. For the

seasonal component, con�dence intervals (1.96� the standard error of the seasonal cycle

of DIC) show the within month variability that was considered for the estimation of the

observation standard deviation (�̂ v). Table 3.1 gives estimates for all the parameters needed

to initialize and execute the dynamic linear regression: the estimated initial regression

coef�cients (�̂ 0;t=1 , �̂ 1, and�̂ 2), initial standard error (̂� e;t=1 ), observation standard deviation

(�̂ v), persistence standard deviation (�̂ w) and the proportion of trend persistence (�̂ ).
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Table 3.1: Dynamic linear regression parameters estimated for each depth-layer

�̂ 0;t=1 �̂ 1 �̂ 2 �̂ e;t=1 �̂ v �̂ w �̂

Layer 1: 0-200 m -5.40 -6.97 47.72 2.0 10.1 0.10 0.64
Layer 2: 200-1000 m -4.17 0 0 1.7 2.2 0.95 0
Layer 3: 1000-4500 m -2.73 7.40 0 1.5 6.5 0.10 0.46

3.4 Results

3.4.1 Carbon Components: Seasonal, Natural & Excess

The seasonal evolution of DIC (Ĉs
t ) for our three depth-layers is shown in Figure 3.3. The

surface water in layer 1 shows a prominent annual cycle peaking at2142� mol kg� 1 in the

spring followed by the lowering of DIC corresponding to the spring bloom of phytoplankton.

In the fall, DIC begins to rise again, aligning with the deepening of the mixed layer,

incorporating waters with higher DIC values due to subsurface respiration. Layer 1 seasonal

DIC showed a secondary peak in the fall at2133� mol kg� 1, however note there is large

uncertainty associated with the dip in December. The deeper waters maintain a roughly

constant value throughout the year. The annual average of the seasonal cycle in layer 2

is larger than in layer 1 (by32 � mol kg� 1) and for layer 3 it is slightly larger again (by

12 � mol kg� 1). Layer 3 shows a subtle seasonal cycle that could possibly be related to

changes through the year within the dominant water mass that �ows into the region via

boundary currents, similar to the seasonal signal discovered for oxygen concentrations in the

deep Labrador Sea boundary current (Koelling et al., 2022). However, based on the width of

the con�dence interval, the seasonal cycle in layer 3 may not be statistically signi�cant.

The natural variability component of carbon (Ĉn
t ) shows variations of DIC that are

related to oceanic temperature and salinity variations (Figure 3.4), and captures the inter-

and intra-annual variations of carbon. For the natural component in layer 3, the varia-

tions are very small with an amplitude of1 � mol kg� 1 and a signi�cant trend of0:07 �

0:04 � mol kg� 1 year� 1 as estimated via generalized least squares regression. Layer 1

has no signi�cant increasing trend, meanwhile its �uctuations have a larger amplitude of

7:9 � mol kg� 1. Upon further inspection of the layer 1 natural component using spectral

analysis, its statistical character changed at� 2006from high frequency (i.e. periods shorter

than a year) to low frequency (i.e. periods longer than a year) (Figure 3.4a). The natural

component in layer 2 is shown as a constant line because a statistically signi�cant regression
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Figure 3.3: Seasonal cycle of DIC,̂Cs
t , for each depth-layer: (a) layer 1: 0-200 m, (b) layer

2: 200-1000 m, and (c) layer 3: 1000-4500 m. Each plot shows the estimated mean (black
line) and 95% con�dence intervals (gray area).

relationship could not be estimated for DIC anomalies against temperature and salinity

covariates (Table 3.1 showŝ� 1= �̂ 2 = 0), i.e. a non-signi�cant regression relationship

occurred. This could be due to the small amount of data used for �tting or the natural

variability being small. Also, the regression relationship may not be distinctive for 200-1000

m since the water mass properties will vary seasonally with the mixed-layer depth, which in

the North Atlantic region will vary from 20 m to 2000m (De Boyer Montégut et al., 2004;

Rühs et al., 2021). The natural regression relationship for layer 1 used both temperature and

salinity, while that for layer 3 used only temperature. The 95% prediction intervals show the

amount of variability that remains to be described by the excess carbon component.

The excess components of carbon (Ĉe
t ) represent the increase of anthropogenic DIC over

time, with the largest annual increase occurring in the surface waters. The anthropogenic

increases are presented as a linear trend for convenience, and �t using generalized least

squares. Considering their con�dence intervals overlap, all three layers have approximately

the same rate of increase of� 0:57� mol kg� 1 year� 1 (Figure 3.5). Speci�cally, the trend

in layer 1 is0:63� 0:59 � mol kg� 1 year� 1, layer 2 is0:57� 0:11 � mol kg� 1 year� 1, and

layer 3 is0:47� 0:11 � mol kg� 1 year� 1. However, the layer 3 trend was only estimated

using 2000-2015 data. Prior to 2000, the excess carbon component had a slight declining

trend, though it was not statistically signi�cant. The apparent difference in trend before and

after 2000 is notable, and is suggestive of low frequency variability in the ventilation of the
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Figure 3.4: The natural variability component of carbon,Ĉn
t , for each depth-layer: (a) layer

1: 0-200 m, (b) layer 2: 200-1000 m, and (c) layer 3: 1000-4500 m. Each plot shows the
estimated mean (black line) and 95% prediction intervals (gray area).

deep ocean. Also, in layers 1 and 2, the rate of increase of excess carbon is much slower

between 2003 and 2012. This time-frame matches the slow down of anthropogenic carbon

storage in the Labrador Sea reported by Raimondi et al. (2021), which was determined to be

due to changes in the depth of convection.

The time series characteristics of excess carbon in layer 2 (Figure 3.5b) are in�uenced

by the observations and the input parameters used for the dynamic linear regression (i.e.,� v,

� w , and� ). The maximum likelihood procedure estimated the trend persistence to be zero

(� = 0), which suggests that excess carbon in this layer follows a random walk, instead of a

correlated random walk (when� 6= 0). This leads to a more blocky and erratic (rather than

smoothly varying) appearance. Excess carbon in layer 1 and 3 have smoother inter-annual

variations due to following a correlated random walk through the observations (� = 0:64and

0.46, respectively). In layer 3, the observations are less frequent, commonly with 3-5 month

gaps, resulting in sections with a subtle staircase appearance with the Kalman smoother

predicting the same value over the observation gaps (e.g. years 2000-2005).

As a naive test for sampling bias, a linear trend was estimated for the reconstructed

total carbon over time. Similar trends were obtained regardless of the subset of months

used of our carbon estimate, thus supporting that we have accounted for the data's sampling

bias. In contrast, trend analysis of individual GLODAP observations (not monthly averages)

produced very different results for different subsets (i.e. only winter or only summer data).
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Figure 3.5: The excess carbon component,Ĉe
t , for each depth-layer: (a) layer 1: 0-200 m,

(b) layer 2: 200-1000 m, and (c) layer 3: 1000-4500 m. Each plot shows the estimated mean
(black line) and 95% con�dence intervals (gray area). Monthly averaged excess DIC (i.e.
C00

t are DIC anomalies after removing the seasonal and natural components) are also shown
(purple dots). Annual trends are shown for excess DIC (orange dashed line), and their slopes
are reported in the legend in units of� mol kg� 1 year� 1.

The largest in�uence in accounting for seasonal sampling bias was the pre-processing step

of monthly averaging the data.

3.4.2 Comparison to eMLR

We now compare the results from our statistical approach with those obtained using the

eMLR approach. We ran an eMLR analysis with potential temperature and practical salinity

to estimate the increase of anthropogenic carbon in the study region using GLODAP data

from the �rst two years (1993-1994) and the last two years (2015-2016); spatial plots of

the data used are shown in Figure B.3. The eMLR anthropogenic increase over 24 years

was estimated for layer 1, layer 2 and layer 3 to be 0.52, 0.49, and 0.47� mol kg� 1 year� 1,

respectively. These eMLR results agreed generally with other eMLR results from Friis et al.

(2005), who reported results between 0.4 and 1.6� mol kg� 1 year� 1 for transects in the

same overall region of the North Atlantic.

We then compared these eMLR results with our excess carbon results from dynamic

linear regression; the rates of increase for layer 1, layer 2 and layer 3 were 0.63±0.59,

0.57±0.11, and 0.47±0.11� mol kg� 1 year� 1, respectively (from Figure 3.5). For layer

3, both the eMLR and dynamic linear regression report the same rate of increase of 0.47
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� mol kg� 1 year� 1. For layers 1 and 2, our dynamic linear regression results gave faster

increases than than the eMLR results, but the eMLR results are within our con�dence

intervals. Our method produces roughly equivalent rates of overall anthropogenic increase

as eMLR, but are resolved on a monthly time scale providing information on climate-related

changes in DIC over time.

3.4.3 Column Inventories of Carbon

We converted our estimate of excess carbon concentration (Ĉe
t in units of� mol kg� 1) into

column inventories of anthropogenic carbon (I t ), i.e. depth-integrated carbon per unit area

(in units ofmol m� 2). The purpose was to facilitate comparison with other values in the

literature, which are often reported as column inventories. The conversionI t = � H Ĉe
t

used the average density of seawater� = f (T; S; P) and the layer thickness (H ). For layer

3, which has observations from 1000-4500 m, its layer thickness was calculated with an

an ocean bottom depth of 3500 m, which was the median bottom depth associated with

GLODAP observations. The conversion toI t produced a time series of mean column

inventory in our study region that looks the same as Figure 3.5. The difference between the

maximum and minimum values gave estimates for the excess carbon storage per square meter

for each layer:5:55mol m� 2 for layer 1 (0-200 m),13:86mol m� 2 for layer 2 (200-1000

m), and20:63mol m� 2 for layer 3 (1000-3500 m). The time series for the three depth-layers

were then added together and the difference between its maximum and minimum values gave

an overall excess carbon storage of 35.41mol m� 2 through the whole water column over the

period 1993 to 2015, corresponding to an average storage rate of1:54 mol m� 2 year� 1. A

conservative storage rate of1:37� 0:57 mol m� 2 year� 1 was estimated as the slope (� 95%

con�dence interval) of a linear generalized least squares regression through the time series

for the whole water column (i.e. the combined layers). Note, this water column estimate is

strongly in�uenced by the excess carbon time series in layer 3 due to its very large layer

thickness.

Our estimated storage rate of excess carbon of1:37 � 0:57 mol m� 2 year� 1, when

considering the width of its con�dence interval, is consistent with the average storage rate

of 1 mol m� 2 year� 1 approximated from Figure 3A in Gruber et al. (2019) for our study

region. Our con�dence interval also overlaps with the reported estimate and uncertainty of

0:97� 0:34 mol m� 2 year� 1 for DIC storage rate in the subpolar northwest Atlantic above
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2000 m (Tanhua and Keeling, 2012), as well as those for the Irminger Sea, where Fröb et al.

(2018) reports the increase of anthropogenic carbon at 1.84� 0:16 mol m� 2 year� 1. The

time spans of study were similar: 1994-2007 (Gruber et al., 2019), 1980-2010 (Tanhua and

Keeling, 2012), 1991-2015 (Fröb et al., 2018) and 1993-2015 for our study. Differences

might be accounted by our data pre-processing step of spatially and monthly averaging data

across a large region spanning both the Labrador Sea and Irminger Sea, while Gruber et al.

(2019) and Fr̈ob et al. (2018) analysed column inventories on a smaller spatial grid. While

spatial sampling bias across the large study region may affect our estimates, it nonetheless

serves to demonstrate the analysis method while highlighting and mitigating data availability

complications, such as seasonal sampling bias.

3.5 Discussion and Conclusions

Our time series generalization of the eMLR method is based on a dynamic linear regression

(a state space model) that incorporates time dependence, accounts for irregular temporal

sampling of data, and provides for an assessment of estimation errors based on observation

properties. We then analyzed the temporal trends and variability of DIC on a monthly

basis and estimated the anthropogenic increase of DIC in a manner that accounts for the

strong seasonal sampling bias of the input data. We improved the temporal resolution

of anthropogenic carbon estimates from being a simple difference between two widely

separated time periods with eMLR (Carter et al., 2017; Friis et al., 2005) to providing

DIC estimates on a monthly time scale. This allows the opportunity to look at inter-annual

variability and elucidate connections between excess carbon uptake and climate forcing or

circulation changes. We were also able to present improved estimates of the anthropogenic

component of DIC in the surface layer by accounting for the strong seasonal variations,

which usually interfere.

For the northwest Atlantic we produced monthly time series estimates of DIC, with

uncertainties, including estimates for the seasonal cycle, natural variability and excess an-

thropogenic carbon components. The annual increase of excess carbon due to anthropogenic

sources since 2000 was estimated at� 0:57� mol kg� 1 year� 1 for all depth-layers. Our esti-

mated storage rate, through the full water column (0-3500 m), of anthropogenic carbon was

1:37� 0:57 mol m� 2 year� 1, which seems consistent with the 1mol m� 2 year� 1 shown in

Figure 3A of Gruber et al. (2019) for our study region.
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While we summarize our results with linear trends it brings into question whether a

linear trend could be used directly in (3.3) to model anthropogenic carbon instead of a

correlated random walk (i.e. the time-varying intercept term� 0;t ). Though a linear trend in

the model would provide for similar estimates of the rate of anthropogenic carbon increase,

the correlated random walk provides a framework that allows the state variable to follow the

data through its inter-annual variations while not constraining the data to follow a straight

line. As seen in Figure 3.5c, the trend is not linear for the whole time frame of analysis,

with an increase in excess carbon after 2000 but not before. The �exibility of the correlated

random walk framework also can show excess carbon variations at sub-seasonal time scales.

Our excess carbon component describes most of the anthropogenic change of DIC in the

northwest Atlantic, but potentially not all of it. Global ocean temperatures are warming and

salinity in the subpolar North Atlantic is freshening (Sathyanarayanan et al., 2021). These

anthropogenic changes in temperature and salinity can then in�uence what is here de�ned

as the natural variability component of carbon. Our natural variability component for layer

3 (Figure 3.4c) shows an increasing trend starting at the year 2000 that may re�ect this

anthropogenic in�uence, and could even be associated with the `warming hole' of ocean

temperature and changes in deep convection in the North Atlantic (Drijfhout et al., 2012).

Hence, a bene�t of our method is that it allows for the distinction between the anthropogenic

change in ocean properties (i.e. temperature and salinity) and anthropogenic changes in DIC

due to increasing CO2 in the atmosphere. In contrast, Gruber et al. (2019) subtracted the

non-steady state net �ux of natural CO2 associated with anthropogenic climate change such

as ocean warming. Meanwhile, Fröb et al. (2018) estimated the natural DIC component

in the Irminger Sea to have had a declining trend until 2015. This distinction of different

sources of anthropogenic change may be important in the future because they might even

drive opposing changes. For example, in the near-surface, the anthropogenic increase of

atmospheric pCO2 (partial pressure of CO2) will increase ocean carbon, while warming

ocean temperatures due to anthropogenic climate change lowers the solubility of CO2 and

may drive outgassing (Ciais et al., 2013).

By estimating a monthly time series of excess carbon, we are moving towards under-

standing variability of anthropogenic DIC on a �ner time resolution. In our layer 1 excess

carbon estimate, clusters of observations in 1993 and 2011 cause a dip below the decadal

trend, and these clusters coincided with North Atlantic Oscillation (NAO) Index values
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above 2 (North Atlantic Oscillation2005). Connections between inter-annual variability

of near-surface DIC and the NAO have been discussed in earlier studies (Gruber, 2002;

Thomas et al., 2008; Ullman et al., 2009; Levine et al., 2011). Though variations of DIC at

higher frequencies than annual are possible, they are rarely discussed due to data sparsity,

which generally does not allow us to resolve these intra-annual variations with simpler time

series methods.

The natural variability regression with temperature and salinity was investigated for its

sensitivity to seasonally biased data. The regression was �t to four subsets of data, winter,

spring, summer and fall. The parameters estimated (i.e.� 1 and� 2) were different for each

subset. When all data was used the parameters estimated were equivalent to the average of

the parameters from the seasonal subsets.

We reported our excess carbon estimates with 95% con�dence intervals, however careful

consideration is needed when comparing uncertainty measures with other studies and

approaches. Con�dence intervals are a common measure of uncertainty but in ocean

carbon research other metrics are often used including: standard error and root mean

squared error (RMSE) (Gruber et al., 2019; Clement and Gruber, 2018; Bittig et al., 2018;

Landscḧutzer et al., 2013; Plancherel et al., 2013), Gaussian propagation (Friis et al., 2005)

or sum of error contributions and network weights for a Bayesian neural network (Bittig

et al., 2018). Many who use these methods report errors as the deviations from their

estimate, essentially a standard error (note 95% con�dence intervals are: mean� 1:96�

standard error). For an eMLR analysis in a similar region to this study, Friis et al. (2005)

reported anthropogenic carbon with errors of� 7 � mol kg� 1 in waters above 300 m and

� 3 � mol kg� 1 in water below 300 m. Our con�dence intervals vary over time based on

the availability of the observations but we can use the mean of our estimated standard error

from the Kalman smoother. Our comparable excess carbon errors are:� 1:6 � mol kg� 1

in layer 1,� 1:3 � mol kg� 1 in layer 2, and� 1:2 � mol kg� 1 in layer 3. This implies that

our uncertainty levels are smaller than with eMLR. Note also that our error estimates are

anchored in maximum likelihood estimates of the key parameters in our state space model.

Future work could focus on improvement of the uncertainty quanti�cation by incorporating

our multi-step analysis procedure into a comprehensive hierarchical statistical modelling

framework (Cressie and Wikle, 2011).

In our approach, we separate DIC into its seasonal, natural variability and excess carbon
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components in (3.1-3.2), with an emphasis on improving estimation of the increase in

anthropogenic carbon, particularly its temporal aspects. Our goals are thus very similar to

the eMLR(C*) method of Clement and Gruber (2018), but there are important similarities and

differences. (i) Our approach is designed to provide for detailed estimates of the evolution

of anthropogenic carbon through time (i.e. monthly time series), whereas eMLR(C*), like

the original eMLR, focuses on contrasting anthropogenic carbon content between widely

separated time points (typically decades or longer). (ii) We do not make use of the C*

variable to correct carbon concentrations for effects of biological activity, but rather emulate

the original eMLR approach by using linear regression to separate natural and anthropogenic

carbon. (iii) Both approaches recognize and account for the fact there can be variability

and trends in both anthropogenic and natural carbon, unlike the original eMLR method.

(iv) The �nal step in eMLR(C*) after training the regression models makes use of �elds

of climatological ocean variables as predictors thus allowing for highly resolved spatial

estimates of anthropogenic carbon. There is undoubtedly considerable scope for the fusion

of our dynamic linear regression method with many aspects of the eMLR(C*) approach to

further improve anthropogenic carbon estimation.

Other candidate approaches for estimating DIC trends and variability include machine

learning and biogeochemical modelling. Machine learning methods have risen in popularity

and have been used to estimate the ocean carbon budget and air-sea CO2 �uxes (Landscḧutzer

et al., 2013; Bittig et al., 2018; Broullón et al., 2020; Keppler et al., 2020). Machine learning

methods, such as neural networks, focus on linking response variables to predictors by

optimizing predictive skill and allowing for complex, non-linear relationships between

variables. However, interpretation and diagnosis of cause and effect is often dif�cult. Due

to this, machine learning is commonly used to gap-�ll sparse observational ocean data

(i.e. mapping). Both regression and neural network outputs can be used to investigate

anthropogenic carbon trends, inter-annual variations, and seasonal variations. However,

our component-based time series regression provides for clear interpretability of model

results, and for statistical uncertainty estimates. Biogeochemical models, in contrast, provide

detailed information on ocean carbon dynamics but are driven more by model assumptions

about ocean processes, rather than by direct observational information. They are useful for

testing our understanding of oceanographic processes, and importantly have the potential to
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be used for future projection. Our statistical method provides a complementary observation-

based approach to diagnosing carbon trends retrospectively, but has obvious limitations as it

cannot be used for projection.

In summary, the northwest Atlantic is an important carbon sink, but even in this relatively

well-sampled region, available DIC observations in the ocean interior are sparse and have a

strong summer sampling bias. To address these challenges, we developed a statistical time

series method that generalizes the eMLR approach to allow assessment of non-linear trends

and shorter term variability in DIC. Near-surface waters are usually discounted in eMLR

analyses due to the high DIC variability associated with the seasonal cycle, however we

improved the reliability of anthropogenic carbon estimates in the surface waters (0-200 m)

by removing the seasonal cycle that overshadows the variability of anthropogenic carbon.

The waters below 1000 m have usually been analysed on decadal time scales, but our

monthly results showed that excess carbon component had a sudden change point in the

year 2000, changing from being stationary to increasing at the same rate as the shallower

layers. Since 2000, all depths layers were estimated to have the same rate of anthropogenic

increase of� 0:57� mol kg� 1 year� 1.

Current data collection relies on largely opportunistic sampling, which has an inherent

and unavoidable amount of spatial and temporal bias. Improvement of ocean sampling

schemes should be an important community goal. This work provides a step forward in the

challenge of how to use limited and sparse ocean carbon observations so we can produce

improved estimation and understanding of ocean carbon and its temporal variations. Future

work lies in extending this analysis to include other informative ocean variables related

to DIC (e.g. oxygen), better incorporate spatial and depth variations, improve uncertainty

quanti�cation and assess and improve spatial and temporal sampling schemes.



Chapter 4

Estimating Trends in Natural and Anthropogenic Carbon Globally

From Interior Ocean Carbon Observations

Abstract

The increase of anthropogenic carbon is an integral component to understanding how the

ocean is changing over time. The uptake of anthropogenic CO2 at the ocean surface is better

quanti�ed due to the availability of synoptic observations. However, in the interior ocean,

observations of inorganic carbon are more sparse with irregular sampling in time. The rate of

anthropogenic change has previously been calculated as the difference between time periods

a decade apart, using methods such as eMLR. We use GLODAPv2.2022 bottle-sample

data divided into 25 Longhurst provinces and an observation-centric method to separate

the time series of natural and anthropogenic components of dissolved inorganic carbon

(DIC). The natural component was estimated in two steps: (1) global linear regression of

DIC vs temperature and salinity, and (2) regression of deviations of regional variability

using ridge regression. The anthropogenic component is the time series of residuals after

removing the natural component from total DIC. Across the regions and depths analyzed,

it was found that the anthropogenic component is overall increasing, with mean (range)

rates of 0.48 (-0.49 to +1.30)� mol kg-1 year-1. The regional pattern of excess carbon is

consistent with large-scale ocean circulation, having a large increase in the North Atlantic

carbon sink and a small negative trend in the upwelling equatorial regions. The largest rate

of increase was in the North Paci�c and North Atlantic at depths of 200-1000 m. The natural

component has mostly negative trends with mean (range) rates of -0.02 (-1.08 to +0.67)

� mol kg-1 year-1, which could be due to anthropogenic changes in temperature and salinity.

The largest negative trends were found in the mid-latitudes (20°S-60°S), North Atlantic

Province NASW and North Paci�c Province NPSW.

63
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4.1 Introduction

The increase of anthropogenic carbon in the ocean is an integral component for understanding

the carbon budget and how it changes over time (Friedlingstein et al., 2020). The ocean

takes in CO2 from the atmosphere, with warmer waters having a higher capacity to take up

atmospheric CO2 due to their lower Revelle Factor (Terhaar et al., 2022). Meanwhile colder

sea surface temperatures have an increased solubility thus can hold higher concentrations of

dissolved inorganic carbon (DIC) (Emerson and Hedges, 2008). Cooler waters also reduces

strati�cation and facilitates the transport of DIC-rich waters from the surface to the deeper

waters. Deep convection occurs in the North Atlantic and Southern Ocean, where water rich

in DIC is transported below 1000 m and then trapped for hundreds to thousands of years

as it moves along the deep ocean part of the Meridional Overturning Circulation (Miller

and Wheeler, 2012). Seasonal biological production near the surface also promotes the

uptake of CO2 from the atmosphere that is transported deeper via the biological carbon and

mixed-layer pumps (Lacour et al., 2019).

Four aspects of quantifying the ocean carbon budget are actively being researched:

air-sea �ux, internal ocean carbon transport, biological carbon pump, and anthropogenic

storage. Carbon enters and leaves the ocean via air-sea �ux at the ocean surface, which

has been well quanti�ed due to the wide availability of surface observations from SOCAT

(Zeng et al., 2014; Bakker et al., 2016; Landschützer et al., 2016; Bennington et al., 2022b;

Bennington et al., 2022a; Gloege et al., 2022). Once in the ocean, carbon is transported and

this can be quanti�ed based on ocean biogeochemical and circulation models (Holfort et al.,

1998; Macdonald et al., 2003). The biological carbon pump cycles carbon through biological

production, carbon sequestration/export to deeper waters, and remineralization (Siegel et al.,

2023). The accumulation of extra anthropogenic carbon due to CO2 emissions is often a

focus. Its storage rate in the internal ocean is estimated from direct-observation methods or

inverse calculations based on oceanographic models (Sabine, 2004; Khatiwala et al., 2013;

DeVries, 2014; Zunino et al., 2015; M̈uller et al., 2023). A key aspect of these methods

is how to separate DIC into anthropogenic and natural components, where the natural

variations are usually assumed to be consistent since pre-industrial times. Concentrations

of anthropogenic carbon have been estimated across the globe but only for snapshots in

time, using methods such as the transit time distribution (TTD) (Matear and McNeil, 2003;

Sabine, 2004; Waugh et al., 2006; Sabine and Tanhua, 2010; Lauvset et al., 2016). The rate



65

of anthropogenic change has previously been calculated as the difference between transects

a decade apart, using methods such as eMLR (Friis et al., 2005; Tanhua et al., 2007; Carter

et al., 2019; Thacker, 2012; M̈uller et al., 2023). For �ner spatio-temporal scales across the

globe, Earth System Models have been used to predict anthropogenic DIC of the interior

ocean (Fletcher et al., 2006; Gerber and Joos, 2010; Levine et al., 2011; DeVries, 2014;

Bourgeois et al., 2016; Friedlingstein et al., 2020; Carroll et al., 2022). However, the global

ocean's uptake of atmospheric CO2, as diagnosed from observations, is increasing at a

faster rate than the uptake estimated from ocean models (see Figure 9 in Friedlingstein et

al. (2020)). These inconsistencies and knowledge gaps motivate our goal of improving the

estimation of the uptake and storage of atmospheric CO2 directly from DIC observations.

While anthropogenic carbon in the ocean is well known to be increasing, it is an

open question if natural carbon is also changing. In this study, we present a regionally

resolved global time series analysis of the natural and anthropogenic components of DIC to

explore this question further. While anthropogenic carbon is a vital component for policy

decisions, a better understanding of the corresponding changes to the natural component

is pertinent. Simply put, the anthropogenic component is only revealed after properly

removing the natural component. However, many methods such as eMLR estimate and

remove the natural component implicitly but do not examine it (Friis et al., 2005; Müller

et al., 2023). With our approach, we present the estimated natural and anthropogenic carbon

components over time. The natural component is often estimated by regression with ocean

state variables of temperature and salinity. However, temperature and salinity are also

undergoing anthropogenic changes (Sathyanarayanan et al., 2021). A more explicit and

transparent analysis of natural carbon, in conjunction with anthropogenic carbon, would

provide further clarity on the status of ocean carbon and climate change.

Expanding upon previous work in Chapter 3 on the regional analysis of the northwest

Atlantic Ocean, here we carry out a global analysis separating ocean carbon into natural

and anthropogenic components and quantifying temporal variability. Data within the ocean

interior was divided into Longhurst provinces and split into three depth layers. The natural

component was estimated in a two-step regression. First, we �t a global regression of

DIC against temperature and salinity. Next, each region is subject to a second regression

capturing the regional perturbation from the global regression. The procedure is particularly

useful for regions with fewer observations available. The natural component is predicted
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from 1990-2022 and this time series is then removed to produce a time series of the excess

or anthropogenic component over the same period. Temporal trends of both natural and

anthropogenic components are compared globally, including key carbon sink areas, such as

the Labrador Sea and the Southern Ocean. Time series of both the natural and anthropogenic

components allows for transparent discussions of data availability and how the anthropogenic

component is dependent on the estimation of the natural component.

4.2 Data

We analysed Dissolved Inorganic Carbon (DIC) observations from the GLODAP data

product, which contains the most comprehensive collection of quality controlledin situ

measurements of carbonate system variables across the global ocean. Here we use the

version GLODAPv2.2022 (Lauvset et al., 2022). Additionally, covariates of potential

temperature and practical salinity from GLODAP are used in estimating the natural carbon

component. We used data for the period of 1990 to 2022 inclusive.

The GLODAP data were divided into the Longhurst biogeochemical provinces (Longhurst

Provinces2009, Figure 4.1) These provinces are regions where the biogeochemical proper-

ties respond to physical changes in a consistent way, thus making them suitable groupings

for estimating natural carbon (Longhurst, 2007; Vichi et al., 2011). We also separated the

data into three depth-layers: layer 1: 0-200 m, layer 2: 200 m-1000 m, and layer 3: 1000+

m. These correspond to the euphotic zone (sunlit), the mesopelagic zone (twilight), and the

bathypelagic zone (midnight), respectively (Berger and Shor, 2009). For ease of analysis

and comparison, these depth-layers will be used for all regions and be constant through

the year. However, we are aware that ocean regions transition from surface to intermediate

waters at different depths due to seasonal, inter-annual, and spatial variations of the local

mixed layer depth (R̈uhs et al., 2021). Data within each Longhurst Province and depth-layer

were averaged monthly, creating time series from 1990 to 2022 that will be used in our

analysis.

The analysis was performed on 25 Longhurst biogeochemical provinces (Table 4.1).

Coastal provinces and provinces with less than 20 months of observations were removed,

leaving only provinces with fairly regular observations over the 33 year period (Figure 4.1).

Observations from the continental shelf were removed, here de�ned as a region where the

bottom depth was shallower than 400 m. The temporal sampling of the provinces vary from
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every 2-4 months in the ARCT and NPSW, once a year in ANTA, to every 5 years in NASW

and WTRA (Figure D.6). GLODAP data are from bottle samples collected through the water

column, thus the spatio-temporal availability of observations is consistent for all depths. The

relatively well sampled Atlantic Arctic Province was also split into two regions, north of

65� N and south of 65� N. This split was due to the data having different temporal trends, and

enough data in each region to detect the difference (see Appendix D). All boundaries of the

other provinces are unchanged. Six provinces were chosen to illustrate the results from each

of the main basins (N. and South Atlantic, N. and South Paci�c, and Southern), as well as

show regions with low and high observation abundance. The selected provinces are: Atlantic

Arctic Province south of 65� N (ARCT-S65), North Atlantic Subtropical Gyral Province East

(NASE), South Atlantic Gyral Province (SATL), North Paci�c Subtropical Gyre Province

West (NPSW), South Paci�c Subtropical Gyre Province (SPSG), and Subantartic (SANT).

Figure 4.1: (a) Location of Longhurst Provinces and (b) the spatial distribution of GLO-
DAPv2.2023 data. The Longhurst Provinces are indicated (shaded polygons), province
acronyms and full names are listed in Table 4.1. Geographical location of observations
through the water column (dots). White areas are provinces there were not included in the
analysis.

4.3 Methods

Following on from the previous work by Boteler et al. (2023) (Chapter 3), we separate the

DIC into its excess and natural components in a similar fashion to the Wallace (1995) MLR

method, but with a global focus. Here we de�ne the natural component as being the expected

DIC concentration based solely on a time-invariant relationship with the oceanographic

properties of temperature and salinity. The remaining, unexplained amount is considered as
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Table 4.1: Glossary of Longhurst Provinces

Abbreviation Ocean Name
BPLR Arctic Polar - Boreal Polar Province
ARCT-N65 N. Atlantic Polar - Atlantic Arctic Province - north of 65� N
ARCT-S65 N. Atlantic Polar - Atlantic Arctic Province - south of 65� N
SARC N. Atlantic Polar - Atlantic Subarctic Province
NADR N. Atlantic Westerlies - N. Atlantic Drift Province
GFST N. Atlantic Westerlies - Gulf Stream Province
NASW N. Atlantic Westerlies - N. Atlantic Subtropical Gyre Province (West)
NATR N. Atlantic Trades - N. Atlantic Tropical Gyre Province
WTRA N. Atlantic Trades - Western Tropical Atlantic Province
NASE N. Atlantic Westerlies - N. Atlantic Subtropical Gyre Province (East)
SATL S. Atlantic Trades - S. Atlantic Gyre Province
MONS Indian Trades - Indian Monsoon Gyre Province
ISSG Indian Trades - Indian S. Subtropical Gyre Province
PSAE N. Paci�c Westerlies - Paci�c Subarctic Gyre Province (East)
PSAW N. Paci�c Westerlies - Paci�c Subarctic Gyre Province (West)
NPPF N. Paci�c Westerlies - N. Paci�c Polar Front Province
NPSW N. Paci�c Westerlies - N. Paci�c Subtropical Gyre Province (West)
NPTG N. Paci�c Trades - N. Paci�c Tropical Gyre Province
SPSG S. Paci�c Westerlies - S. Paci�c Subtropical Gyre Province
PEQD S. Paci�c Trades - Paci�c Equatorial Divergence Province
WARM S. Paci�c Trades - W. Paci�c Warm Pool Province
SSTC Southern Westerlies - S. Subtropical Convergence Province
SANT Southern Westerlies - Subantarctic Province
ANTA Southern Polar - Antarctic Province
APLR Southern Polar - Austral Polar Province

the excess carbon that corresponds to the anthropogenic component of CO2 in the ocean.

The framework for separating the natural and excess carbon components is similar to that

presented in Boteler et al. (2023) (Chapter 3), but the methodology has been adapted and

altered to allow for the quanti�cation of global and regional natural variations, as outlined

below.

We designate monthly DIC observations at timet and in spatial regionr asCt;r for

any depth-layer of interest. For each region, in the surface layer (0-200 m) the empirical

seasonal cycle is removed due to the strong seasonality. For the middle (200-1000 m) and

deep (1000+ m) layers we remove the mean of DIC as the estimated seasonal cycle has such

a small amplitude that is approximately equivalent to the mean. Hereafter will work with

these DIC anomalies (C0
t;r ). The same process is used to calculate anomalies of temperature
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(T0
t;r ) and salinity (S0

t;r ).

The DIC anomalies are decomposed into its excess and natural carbon components

C0
t;r = Ce

t;r + Cn
t;r (4.1)

whereCe
t;r represents the excess carbon (e.g., extra due to anthropogenic sources), and

Cn
t;r represents the natural carbon (e.g., variations correlated with physical ocean properties

described by temperature and salinity).

To separate and estimate the excess and natural components for each regionr , we use

regression to �t models of DIC anomalies against temperature and salinity anomalies. Two

models are used, a global model followed by a regional model.

First, the natural global carbon variations (CG
t;r ) depict the baseline natural variability

across the globe based on the temperature (T0
t;r ) and salinity (S0

t;r ) anomalies,

CG
t;r = � G

0 + � G
1 T0

t;r + � G
2 S0

t;r : (4.2)

Note that Eq. 4.2 looks the same as Eq. 3.3 in Chapter 3 except for the parameters� G
0 , � G

1

and� G
2 . In Chapter 3 the parameters were estimated using regression on data in the North

Atlantic region. Now we add the superscript G as these parameters were estimated using

regression on monthly data from all regions across the globe. The estimated parameters� G
0 ,

� G
1 and� G

2 are given in Table 4.2.

The underlying assumption for the natural component is that the model does not change

through time, but DIC, temperature, and salinity may each change due to anthropogenic

changes, thus the regression parameters� G
0 , � G

1 , and� G
2 were estimated using data in only

the beginning years (1990 to 1997) of the analysis period so that the natural relationship

remains independent of anthropogenic changes in temperature and salinity (Friis et al., 2005).

This period was chosen to minimize the in�uence of anthropogenic changes over time,

while providing enough data to estimate global regression parameters that are statistically

signi�cant and not seasonally or spatially biased. For example, the Labrador Sea has many

observations in the summer with very few in the winter, thus the sampling scheme will cause

the regression parameters to be biased towards the summer. Also, some areas of the ocean

had almost no observations until 1993 (i.e. the Arctic Ocean BPLR West of 0� E and the

Indian Ocean), thus if we had only used data from 1990 to 1992 for our regression �t, there
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would be greater spatial bias in the regression parameters due to not accounting for those

regions.

The natural component for a region (Cn
t;r ) is then described by the global baseline

variability (CG
t;r ) and the deviations of regional variability (� Ct;r ),

Cn
t;r = CG

t;r + � Ct;r : (4.3)

We predicted and removed the global baseline variability (CG
t;r ) using the temperature and

salinity time series for regionr from 1990 to 2022.

The second step is for the deviations of regional variability (� Ct;r ) to be calculated from

the following model

� Ct;r = � � r
1T0

t;r + � � r
2S0

t;r : (4.4)

The regional parameters� � r
1 and� � r

2 were estimated using ridge regression, i.e. were

chosen to minimize the cost function

X

t2 1990:1997

(� Ct;r � � � r
1T0

t;r + � � r
2S0

t;r )2 + � (� � r
1

2 + � � r
2

2): (4.5)

Compared to typical linear least squares regression, ridge regression adds an extra term

� (� � r
1

2 + � � r
2

2) in the cost function (Eq.4.5) that includes the shrinkage penalty. When� is

large it encourages the regional parameters towards 0, thus drawing the regional regression

parameters towards the global baseline regression. This is especially useful for regions with

few observations over the short time period of 1990 to 1997 when regressions of natural

variability are �t to minimize the in�uence of anthropogenic change. Using theglmnet

function in R, the� penalty term was estimated using 10-fold cross-validation, testing a

selection of� 2 (0:1; 50 000)and choosing a value that minimizes the residual sum of

squares (Hastie et al., 2023). The� values vary for each region and depth layer, ranging

from 0.27 to 13 000, where� = 0 is equivalent to regular ordinary least squares regression.

Large values of� puts a stronger penalty that shrink the regression coef�cient towards 0,

which will typically be regions with low predictive performance. Each regression was �t

using temperature and salinity time series from 1990 to 2022. Note, that the same data were

used in estimating the parameters in both the global and regional regression models (Eq 4.2,

4.4).
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After removing both terms of the natural component from the DIC anomalies (C0
t;r ), the

residuals contain the excess unexplained DIC (Ce
t;r ) and observation error due to environ-

mental variability,

Ce
t;r = C0

t;r � CG
t;r � � Ct;r : (4.6)

To reframe the excess component as part of an additive time series framework, the excess

component is equivalent to a time-varying intercept term that is unique for each region, in

other words the deviations from the global regression intercept,� G
0;t=1 .

Combining the derivation of the natural and excess components, Eq 4.1 becomes

C0
t;r = ( � G

0;t=1 + Ce
t;r ) + ( � G

1 + � � r
1)T0

t;r + ( � G
2 + � � r

2)S0
t;r (4.7)

with the excess componentCe
t;r , and the natural componentCn

t;r = � G
0;t=1 +( � G

1 +� � r
1)T0

t;r +

(� G
2 + � � r

2)S0
t;r .

The approach is summarized into the following steps:

1. Process data into regions and depth-layers, and monthly average into a time series

with gaps.

2. For each region and each depth layer individually, remove the mean (layer 2 and 3) or

the seasonal cycle (layer 1) for DIC, temperature, and salinity.

3. Estimate global regression parameters� G
0;t=1 , � G

1 and� G
2 by solving the regression

model (Eq 4.2) with global data between 1990 and 1997.

4. For each region, predict the global baseline variabilityĈG
t;r (Eq 4.2) using the region's

temperature and salinity time series from 1990 to 2022. Remove the global baseline

from each region.

5. For each region, estimate the regional deviation coef�cients� � r
1 and� � r

2 by �tting

the model (Eq 4.4) with ridge regression (Eq 4.5) with regional data between 1990

and 1997.

6. For each region, predict the deviations of regional variability of natural carbond� Ct;r

using their temperature and salinity time series from 1990 to 2022. Remove the

deviations of regional variability of natural carbon. The residuals are the excess

carbon component̂Ce
t;r .
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The estimate of the excess carbon component for each regionr (Ce
t;r ) yields a monthly

time series with gaps. In this work, given the global perspective taken, we �t linear annual

trends to summarize results and used generalized least squares regression for determining

uncertainties. The p-values of the trends were compared with an� = 0:1 to determine their

statistical signi�cance. A generalized additive model (GAM) was also used to provide a

smooth non-linear �t against time (Hastie et al., 2009). For the response variable (Ce
t;r )

and its covariate (time), GAMs �t a smoothing spline, such as a cubic regression spline or

a thin plate regression spline. To determine the level of the smoothing parameter for the

GAM �ts, generalized cross-validation is used, which is an approximation of leave-one-out

cross-validation. In the results, we compare the linear trends through time and GAM �ts to

assess the presence or absence of decadal trends.

This methodology builds upon Boteler et al. (2023) (Chapter 3) and its statistical frame-

work to separate monthly time series of DIC into natural, and excess carbon components.

There are three main differences, the �rst is that instead of calculating and removing the

empirical seasonal cycle for all depths, as in Boteler et al. (2023), the seasonal cycle was

only removed for the near-surface, as the deeper waters have such low amplitude it was

equivalent to the overall mean of the data from 1990-2022. The second difference is that the

natural component was estimated in two stages (global then regional deviations). This evo-

lution of the method arose with expanding the region of analysis from solely the northwest

Atlantic (Boteler et al., 2023) to Longhurst Provinces across the globe due to data paucity in

many provinces. Lastly, in previous work in Boteler et al. (2023), the time series of excess

carbon was used in a Kalman smoother algorithm to estimate the monthly state of excess

carbon. With the global viewpoint of this work, and for practical reasons of summarizing

the information from our results, linear and nonlinear �ts were performed on the excess

carbon data.

4.4 Results

Global summary maps of the annual rate of change of total DIC (� mol kg� 1 year� 1) and

its breakdown into natural and excess components are shown in Figure 4.2 for the three

depth layers (0-200 m, 200-1000 m and 1000+ m), and their speci�c slopes and p-values

are given in Table D.1. Globally, the general patterns are that total DIC is increasing, the

natural component is declining slightly and the excess component is increasing. The rates of
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Figure 4.2: Global maps of the annual rate of change are shown for DIC (left) and its natural
(middle) and excess (right) components for the three depth layers analyzed: (a)-(c) 0-200
m, (d)-(f) 200-1000 m and (g)-(i) 1000+ m). Regions are shaded by their rate of annual
increase (units of� mol kg� 1 year� 1), and regions with a dot pattern are where that rate was
not statistically signi�cant at� = 0:1.

change are strongest in the top two layers compared to deep water. Many of the regions in

Figure 4.2 have weak evidence to support the estimated annual trend (i.e. a p-value> 0.1).

This is due to large observation variance and/or low data availability. Observation variance

and data availability can be seen on the time series plots for each region (see Figures 4.3

to 4.5 which show a selection of six Longhurst provinces and their time series). In general

across the globe, the natural component is declining and the excess component is increasing,

but there are also variations between the regions.

Regional differences in both the natural and excess components are evident from their

time series. The natural component in the near-surface layer 1 (Figure 4.3), has a negative
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Figure 4.3: Time series plots for layer 1 0-200 m: a) global map with the Longhurst
province shaded. (b) Monthly observations of DIC anomalies (C0

t;r ) (black dots), (c) natural
component (blue dots), and (d) excess carbon component after removing the natural from
DIC (red dots), (units� mol kg� 1). A generalized linear regression over time (linear trend
lines) is shown for each plot. Lines are solid when the trends are statistically signi�cant
at � = 0:1 and dashed if not. For these trend lines, the rate of annual increase (units
� mol kg� 1 year� 1) is given with a 90% con�dence interval. A general additive model was
also �t over time and is plotted with a 90% con�dence band.

trend in the northwest Atlantic (ARCT-S65) and northwest Paci�c (NPSW), and a positive

trend in the South Paci�c (SPSG). However, the SPSG in layer 1 does not have enough data

to provide for a statistically signi�cant trend (p-value=0.26). All components of ARCT-S65

in layer 1 are well described with a linear trend as shown in Figure 4.3a-d. The GAM �t

overlaps with the least squares linear regression �t, thus the GAM agreed that a linear trend

represents the data. In Figure 4.3m-p, the GAM �t of the NPSW natural component shows

a decadal oscillation, with higher values in the 1990s and 2010s, and lower values in the
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Figure 4.4: Time series plots for layer 2 200-1000 m, format the same as Figure 4.3.

2000s. Regional differences in excess carbon range from linear trends (ARCT-S65), decadal

oscillations (SANT), change points in linear trend at the year 2000 (NPSW) to non-linear

trends with sparse observations (SPSG) (Figure 4.3d, p, t, x).

The natural component (Cn
t;r ) was calculated in two parts, and in the near-surface layer 1,

the global natural variability (CG
t;r ) describes most of the carbon variability but in the deeper

layer 3 the deviations of regional variability (� Ct;r ) play a larger role. The global baseline

variability is not the same trend line for all regions, it is in fact a consistent regression

relationship that is used across the globe, but we use that global relationship to predict

onto the regional T and S time series, thus the global baseline variability for each region

looks slightly different (Figure D.2-D.4). Using NPSW layer 1 as an example, the global

baseline variability captures most of the natural component (Figure 4.6b) so there is not

much extra variability to describe from the regression of regional deviations, as seen by the
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Figure 4.5: Time series plots for layer 3 1000+ m, format the same as Figure 4.3.

low spread, almost �at line (Figure 4.6c) We see the opposite in NPSW layer 3, the global

variability is low (i.e. does not contribute much), (Figure 4.6j), and the second regression of

regional deviations plays a bigger role in the deeper waters (Figure 4.6k). While layer 2 is a

middle ground with both the global and regional regressions describing noticeable amounts

of variability, though sometimes their components add and other times they will cancel each

other out, as in NPSW layer 2 and ARCT-S65 respectively.

DIC is increasing over time in most regions. A few exceptions where the total DIC

has a negative trend include the Arctic in layer 1 (BPLR), layer 2 in the South Paci�c

(SPSG), and layer 2 in the South Atlantic (SATL). The decomposition also shows that the

regions at latitudes 20� S-60� S have the natural component decreasing at a faster rate than

the increasing rate of excess carbon.

Comparing the natural components across the depth layers, we observe a shift from
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Figure 4.6: For NPSW region, time series plots of DIC anomaliesC0
t;r (a, e, i), global

baseline variabilityCG
t;r (b, f, j), deviations of regional variability� Ct;r (c, g, k) and the

combined natural componentCn
t;r (d,g,l). These times series are given for layer 1 0-200 m

(a-d), layer 2 200-1000 m (e-h), and layer 3 1000+ m (i-l), with units of� mol kg� 1).

having negative trends above 1000 m to having positive trends below 1000 m. For SANT

in the Southern Ocean, the natural component is declining at� 0:14 � mol kg� 1 year� 1 and

� 0:51 � mol kg� 1 year� 1 in layers 1 and 2 respectively but these trends are not signi�cant.

However, in SANT layer 3 it is increasing at0:39 � mol kg� 1 year� 1 and this trend is highly

signi�cant. Similar trends are seen in SATL in the South Atlantic. The negative trends of

the natural component in the near-surface correspond to regions where water is warming

(Figure D.1). As the ocean warms, the solubility of CO2 decreases, which is consistent

with the negative relationship estimated for the global regression coef�cient for temperature

(Table 4.2). Across the regions, the parameters for temperature� �̂ r
1 and salinity� �̂ r

2

are given in Figure 4.7 for all regions. The natural component for layer 3 in the South

Atlantic (SATL) and Southern Ocean (SANT) is increasing much faster (0.33 and 0.39

� mol kg� 1 year� 1, respectively) than other regions at that depth. Layer 2 in the Indian

Ocean (MONS) is notably also increasing at 0.56� mol kg� 1 year� 1.

The global distribution of excess carbon is consistent with the large-scale overturning

circulation in the global ocean, and we summarize our results:
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Table 4.2: Global linear regression parameters estimated for each depth-layer

�̂ G
0;t=1 �̂ G

1 �̂ G
2

Layer 1: 0-200 m -5.3 -6.9 27.9
Layer 2: 200-1000 m -4.5 -12.9 56.4
Layer 3: 1000+ m -1.6 -1.5 30.1

• A large positive trend in the northwest Atlantic carbon sink and a small negative trend

where upwelling occurs in equatorial regions (Froyland et al., 2014).

• After surface DIC and atmospheric CO2 enter the deep ocean via the northwest

Atlantic carbon sink, excess carbon in our deep layer (layer 3) has similar rates for the

North to South route of the Meridional Overturning Circulation (from ARCT through

NADR, NASW, NATR, WTRA to SATL, SANT and ANTA).

• The Southern Ocean also has increasing excess carbon in its layer 3 as it is also a

region of deep water formation (Bullister et al., 2013).

• The mid-latitudes of the North Atlantic and North Paci�c correspond to downwelling

regions (Froyland et al., 2014), and the intermediate layer (200-1000 m) excess carbon

is estimated to be increasing at 1.14 to 1.3� mol kg� 1 year� 1,

• The North Paci�c (NPSW) is one region where the overturning circulation rises

towards the surface, thus the deep water in NPSW accumulates old water that has not

been in�uenced by atmospheric CO2 increase.

• In the North Paci�c excess carbon in layer 2 is increasing faster than waters above

and below, as this region is where the mixed layer depth seasonally moves deeper

than 200 m bringing anthropogenic CO2 from the surface into the intermediate layer

(De Boyer Mont́egut et al., 2004; Johnson and Lyman, 2022). It also receives DIC

from below as the overturning circulation rises.

To better compare our results with the literature, we converted our natural and excess

carbon (units of� mol kg� 1) into depth-integrated DIC per unit area (units ofmol m� 2), (see

Figure 4.8). Comparing with the column inventory of anthropogenic component of Müller

et al. (2023) and Gruber et al. (2019) (scaled by Keppler et al. (2023)) our results show the

same spatial pattern with annual rates of increase around or larger than 1mol m� 2 year� 1
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Figure 4.7: For layers 1 (top row), layer 2 (middle row) and layer 3 (bottom row): deviations
from the global regression for temperature (� � r

1), (a, c, e) and salinity (� � r
2), (b, d, f).

in the: North Atlantic (N of 20), South Atlantic (20-40S), Indian Ocean, and South Paci�c.

Table 4.3 compares a selection of Longhurst Provinces, with values extracted from Figure
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Table 4.3: Comparison of mean column inventories of excess/anthropogenic carbon, with a
range of values given for M̈uller et al. (2023), (units ofmol m� 2 year� 1).

Ocean Region Province This study M̈uller et al. (2023)
North Atlantic ARCT-S65 2 (1.4, 1.6)

NASW 1.8 (1.6, 1.8)
NASE 2.7 (1.4, 1.6)

South Atlantic SATL 1.5 (1, 1.2)
North Paci�c NPSW 0.6 (0.4, 0.6)
South Paci�c SPSG 0.75 (1, 1.2)
Indian ISSG 1.3 (1, 1.6)

2a of Müller et al. (2023). Our values are similar, with the largest difference being in the

NASE where our estimate of 2.7mol m� 2 year� 1 is almost 2x larger than then that reported

in Müller et al. (2023) for 1994-2004.

Our column inventory of the natural component bares similarity with that Keppler

et al. (2023), with similar rates of change spanning from negative to positive (-1.5 and

1 mol m� 2 year� 1). (Keppler et al., 2023) presents distinctive negative trends in the mid

latitudes of the North Atlantic, North Paci�c, and South Atlantic, and distinctive positive

trends in the high latitude North Atlantic, Equatorial Atlantic, and Equatorial paci�c. Table

Y compares a selection of Longhurst Provinces with the values extracted from Figure 2e

in Keppler et al. (2023). While some regions of our results match well, the overall spatial

pattern is not as obvious in our results as many features shown in Keppler et al. (2023)

cross the boundaries of our Longhurst Provinces. For example, SATL (South Atlantic),

and NPSW (North Paci�c) span features of negative and positive change in the results

reported by (Keppler et al., 2023), thus our results in those regions are equivalent to an

average. While Longhurst Provinces are useful to initially divide the ocean up for time

series analysis, smaller regions are needed for some area. For regions where our results

do not agree with those in Keppler et al. (2023), there are regions were our trends have

a low magnitude and high uncertainty, such as the Indian ocean, and high-latitude North

Paci�c. In Table 4.4 in the mid-latitude North Paci�c, we write KURO with a * instead

of a value, and this is because we did not analyse the KURO Longhurst Province due to

insuf�cient data, but in Keppler et al. (2023) is a region of strong decreasing natural carbon

(� � 1:5mol m� 2 year� 1).

Müller et al. (2023) reports that between the two decades of the 1990s and 2000s, the
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Table 4.4: Comparison of mean column inventories of natural carbon, with a range of values
given for Keppler et al. (2023), (units ofmol m� 2 year� 1).

Ocean Region Province This Study Keppler et al. (2023)
North Atlantic, High-Latitude SARC 0.6 (0.25, 0.75)
North Atlantic, Mid-Latitude NASW, GFST -1.8, -0.1 (-1.5, -0.5)
North Atlantic, Equatorial WRTA 1 (0.5, 0.75)
South Atlantic SSTC, SATL -1.2, 0.2 (-0.75, 0)
North Paci�c, High-Latitude NPPF, PSAE -0.04, 0.04 (-1, -0.5)
North Paci�c, Mid-Latitudes NPSW, KURO -0.3, * (-1.5, -0.5)
North Paci�c, Equatorial NPSW, WARM -0.3, 0.5 (0.25, 0.75)
South Paci�c SPSG -0.5 (-0.25, 0.5)
Indian MONS 0.5 (-0.25, 0)

ISSG -0.3 (0, 0.5)

rate of anthropogenic increase lessens in the North Atlantic and intensi�es in the South

Atlantic. Our results for NASE and NASW in layer 3 agree with those changes in trends,

though these regions have poor data availability. However, the adjacent regions in the North

Atlantic (ARCT and GFST) have more data and do not show signs of reduction. In the South

Atlantic region of SATL, our time series does not show an accelerating trend over time, but

a consistent linear trend with a few high values after 2004. We observe nonlinear trends

in the DIC anomalies and natural component of layer 3 in the SATL, with small negative

trends until 2000 then switching to larger positive trends.

Figure 4.8: Depth-integrated column inventory maps for (a) natural carbon and (b) excess
carbon. Regions are shaded by their rate of annual increase (units ofmol m� 2 year� 1).
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4.5 Discussion

We present an analysis based on GLODAP interior ocean observations that separates DIC

into its natural and excess components for 25 Longhurst Provinces across the globe over

the period 1990-2022. We separate the analysis into three depth layers: surface (0-200

m), intermediate (200-1000 m) and deep (1000 m+ ). The natural component represents

the DIC that can be predicted by changes in temperature and salinity, following the basic

assumption of the widely used eMLR method (Friis et al., 2005). Overall the natural

component was found to be declining weakly with time. The excess component is the

remaining unexplained carbon that is assumed to be largely due to anthropogenic change

and is increasing as expected.

In this work, we adapt the approach in Chapter 3 and expanded it to a global analysis

for separating DIC into time series of their natural and anthropogenic components. As with

the previous study, the data for our excess component is the residuals after removing the

mean/seasonality and the natural component. In Chapter 3, the estimates of excess carbon

were processed using a Kalman smoother with a correlated random walk, �lling in any

data gaps and producing a complete monthly time series of the component. In this work,

we instead used a GAM to check for non-linear trends through time. Note, all the data in

the time series is considered when calculating the GAM con�dence interval resulting in a

constant width through time, except for the end effects (Figure 4.3-4.5). In terms of the

results for ARCT-S65, the annual trends for natural and anthropogenic remain the same as

in Boteler et al. (2023), except for the natural component in the surface going from having

no trend to a declining trend of -0.25� 0.08� mol kg� 1 year� 1.

We looked at coarse spatial variability across the globe by using monthly averaged

observations within each Longhurst province. Longhurst provinces were originally proposed

by Longhurst (2007) for primary production, to characterize ecosystems and physically

distinct regions. They are appropriate divisions in the top layers (above 1000 m), and while

they are less appropriate for the deep layer, maintaining the same regions for the deep layer

made comparisons easier. The analysis of some regions would be improved by a �ner scale

separation if they were well sampled. For example, in the deep layer of ARCT-S65, the

natural component shows two clusters separated by 10� mol kg� 1. This region ideally

would be split into two smaller regions, as the Labrador Sea in the west has lower salinity

values than the Irminger Sea in the east by� 0.2 PSU. Monthly averaged salinity across the
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region, will be biased low due to Labrador Sea having more data. There are, however, a

few months where the Irminger Sea has more data, thus there is a spatial sampling bias that

varies over time, and motivates the need for the ARCT-S65 to be split into smaller regions,

as shown by regional clusters done with self-organizing maps in Landschützer et al. (2013).

We separated the data using three constant depth layers of 0-200 m, 200-1000 m and

1000+ m. Using smaller depth ranges would provide more detail, though three depth-layers

made for more concise reporting of results. These three depth-layers are rough separations

between the surface, intermediate, and deep water masses and were chosen based on depth

pro�les of DIC in North Atlantic and the depth ranges of similar standard deviation of DIC.

For simplicity of comparison we kept the same depth ranges across the globe. However,

based on mixed layer depth climatologies (De Boyer Montégut et al., 2004), the division

between the near-surface layer 1 and intermediate waters of layer 2 would vary seasonally

and regionally. Improving the depth-layer divisions while also balancing with reasonable

data availability would improve the regression estimation of the natural component.

Our statistical time series approach is driven directly by the available ocean interior

carbon data and bene�ts from making minimal assumptions and constraints. The main

advantages of our approach are the following. First, we can estimate carbon components

even in the presence of data paucity. This capability is due to the two-step regression

that allows for regions with low observation availability to borrow insight from the global

relationship. Second, it permits anthropogenic change in both thenatural and excess

components. Temperature and salinity are slowly changing over time, due to both natural

and anthropogenic effects, thus ournatural component will re�ect the physical effects of

climate change on the carbonate system. Third, is the ability to quantify temporal trends

and identify temporal variability in the data that would otherwise be ignored by decadal

averaging or snapshots in time. We used a generalized additive model (GAM) to differentiate

regions with non-linear and decadal oscillations from regions where a simple linear trend

assumption is valid. For example, the intermediate layer of the North Paci�c NPSW excess

carbon component is overall increasing, but around 2002 there is a drop evident in the

observations. Finally, our time series analysis provides an intuitive and interpretable method

to assess the characteristics of the monthly time series in terms of variability. This feature

can highlight potential regions that need increased sampling.

Our regression does not include variables that directly relate to the biological carbon
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pump, but we indirectly account for it as we have included temperature which is correlated

with the seasonal variations of the biological carbon pump at the near-surface. It may be

considered a drawback that our natural component is estimated by a regression with only

physical variables of temperature and salinity. While other variables of oxygen and nitrate

were considered to capture DIC variability related to biological factors, those variables did

not make a noticeable difference (a minimal increasing of theR2). Also, the regression with

extra nutrient variables add more issues, for these nutrient variables are collinear, and thus

reduces the accuracy of parameter estimates and their interpretability (Montgomery et al.,

2012).

Trends in the natural component are generally negative and their magnitudes are generally

small, which is expected since changes to the ocean baseline climate state are relatively

slow. The spatial pattern of trends in natural and excess carbon components however

includes both positive and negative trends. In the literature, anthropogenic carbon trends are

always reported as positive, and natural changes are usually neglected, assuming the natural

component of ocean carbon has not changed since preindustrial times in 1780, though recent

work by Keppler et al. (2023) has shown that concentration of natural carbon has been

declining in some areas (with a modern reference time). While anthropogenic carbon is

often thought of as extra carbon from a constant natural baseline, if the baseline itself is

lowering then the anthropogenic component might be underestimated.

The natural component of DIC could be decreasing due to climate-related changes in

temperature and salinity. In the North Atlantic (ARCT-S65) top 200m our natural component

is decreasing at 0.25� mol kg� 1 year� 1, which could be re�ecting the weakening of the

Atlantic Meridional Overturning Circulation (Zhu et al., 2023). However, this trend could

also be due to longer multidecadal climate oscillations or related to natural climate variability.

In the North Paci�c, Indian, and mid-latitude Southern Ocean, the near-surface temperature is

warming (Figure D.1). With temperature and DIC having a negative regression relationship,

the same areas have a negative trend in the surface layer of their natural components. Another

possibility is that the decline of the natural component in one area is due to the redistribution

of it to another area, either deeper or lateral (Keppler et al., 2023).

The natural component has decadal and potentially multi-decadal oscillations. What

appears as a negative trend in our time frame of analysis could be part of a much longer

60+ year periodic feature. For example, provinces in the Northeast Paci�c of NPSW, NPPF,



85

and PSAW have an overall negative trend in their natural components in both surface and

intermediate layers over the 33 years of analysis. For decadal oscillations, the natural

carbon in the North Paci�c NPSW region has a periodic feature with peaks around 1995

and 2015 that could be related to the Paci�c Decadal Oscillation (PDO), with positive PDO

values around 1995, 2005, and 2015 (Paci�c Decadal Oscillation2024). Moving to the

North Atlantic, the Atlantic Multidecadal Oscillation (AMO) was negative prior to 1995

and positive from 1995 to 2022 (AMO (Atlantic Multidecadal Oscillation) Index2005).

Provinces in the North Atlantic of NADR, NASE, NATR, and SARC have an increasing

natural component in surface and intermediate layers. Thus, what appears as an increasing

trend could be related to the upswing of AMO.

This raises the question of: what timescale of ocean carbon change is needed to inform

policy change? If inter-annual variability and monthly observations are of interest, then our

time series results highlight regions in need of more regular data, such as GFST, NASW, and

WTRA. There is general agreement that we needmore dataof the interior ocean carbonate

system, however, the data sampling schemes only need to be as good as the method analysing

it. Our time series analysis estimates a trend through monthly observations but could be

applied to almost any data resolution. This approach contrasts to other methods that calculate

the trend as the differences between two points in time, such as eMLR and eMLR(C*) (Friis

et al., 2005; Clement and Gruber, 2018). If a decadal resolution is all that is required, then

more regular data may not be needed and a larger effort could be made for certain reference

years and locations. However, shifting data to reference years assumes a linear rate of

increase and ignores inter-annual variability, which adds more assumptions and uncertainty.

For example, with methods like eMLR(C*) there is a lot of time averaging and shifting to

a reference time. Avoidance of time-shifting was a central motivator to do a time series

analysis for trends over time with a transparent analysis with a few clear steps.

In summary, we used an observation-centric method to separate the predicted natural

variability and excess components of DIC using a two-stage regression of global and

regional deviations. The natural component is not always examined in detail in most

other studies. The approach of our work has shown the natural component to be overall

declining in much of the global ocean, notably in the regions: mid-latitudes (20°S-60°S),

North Atlantic (NASE), and North Paci�c (NPSW). The natural component trends could be

due to anthropogenic changes in temperature and salinity, or from being a part of longer
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multidecadal climate oscillations. Other regions are showing increases (e.g. SANT deep

layer) and inter-annual variability (e.g. NPSW surface layer). If the natural component is

poorly estimated, then it will in�ate or reduce the temporal trends in the excess anthropogenic

component. Compared to the literature, our estimates of excess anthropogenic carbon have

rates of increase that generally agree, but for some regions in the North Atlantic our rates up

to 1.7 times larger (e.g. for NASE, 2.7mol m� 2 year� 1 in these results compared to the 1.6

mol m� 2 year� 1 in Müller et al. (2023) for 1994-2004. While anthropogenic carbon is often

the focus, future work should continue to investigate the changes in natural ocean carbon.



Chapter 5

Conclusion

The work in this thesis marries oceanographic research questions with statistical approaches

to solve them. Throughout my thesis, I explored how the ocean carbonate system responds

to anthropogenic climate change by using statistical methods that extract the most amount

of information from the observations available. In three studies I estimated the state of

the carbonate system over time, and separated time series of dissolved inorganic carbon

(DIC) into natural and anthropogenic components in the North Atlantic and across the globe.

This work used multiple statistical methods including time series, state space models, and

multiple forms of regression such as linear least squares, generalized least squares, ridge

regression, and general additive models.

5.1 Summary of Research Findings

5.1.1 Study 1

The �rst of my studies looked at the four variables of the carbonate system: DIC, TA, pH

and fCO2, and estimated the monthly states of each over three decades (1990-2022) in the

Labrador Sea. Observations of these carbonate variables are available from three different

sources: bottle samples from GLODAP, surface measurements from underway ships of

opportunity from SOCAT, and autonomous �oats from BGC-ARGO. The methodology

applied in this study focused on amalgamating the measurements from these three sources

based on their observation error variance. A state space model with a Kalman smoother

algorithm assimilated the multiple sources of direct monthly observations along with calcu-

lated pseudo-observations. The use of pseudo-observations improved the effective sampling

density while also keeping the four carbonate variables constrained through chemical equi-

librium relationships. The results of this work showed increasing rates for DIC (0.34 to 1.13

� mol kg� 1 year� 1) and fCO2 (0.79 to 2.52� atm year� 1), as well as the acidi�cation for

pH (-0.0017 to -0.0005year� 1). Total alkalinity decreased slightly and is correlated with the

87
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freshening of salinity. My method also calculated uncertainties that vary over time and depth

based on the availability of observations and their observation variance. My time-correlated

method lowered the uncertainty for estimates of pH by 71% and for fCO2 by 64% compared

to time-independent methods. With the core carbonate variables estimated, other aspects of

the carbonate system were also calculated using CO2SYS, such as the aragonite and calcite

saturation states, the Revelle factor, and the carbonate species. The Revelle factor, which

can infer anthropogenic carbon content in the ocean interior, showed a local maximum water

at 700-900 m after 2015.

5.1.2 Study 2

The second study developed a time series generalization of the eMLR method (Friis et al.,

2005) to produce monthly estimates with uncertainties for anthropogenic ocean carbon. This

method produced estimates of anthropogenic carbon increase comparable to those from

eMLR, but with smaller uncertainties and also resolved anthropogenic carbon over time.

When applied to the northwest Atlantic (Atlantic Arctic Longhurst Province), data in the

region was split into three depth layers: 0-200 m, 200-1000 m, and 1000+ m. This division

gives a more depth-speci�c view than column inventory results, which are biased toward data

collected from the deep layer. The rate of anthropogenic carbon increase for the region is

roughly the same for all depth layers, at 0.57� mol kg� 1 year� 1. However, some inter- and

intra-annual variations can be seen in the monthly natural and anthropogenic components

that are not observed by the decadal differences approaches. Speci�cally, in the layer 3

anthropogenic carbon component, a slight declining trend between 1993-2000 becomes an

increasing trend after 2000. This change is suggestive of low frequency variability in the

ventilation of the deep ocean.

This study also highlighted the in�uence of seasonal and spatial sampling bias. The

Labrador Sea has been regularly sampled each summer with little data collected in the

winter, while the Irminger Sea and eastern area have fewer samples in each month but a

better distribution through the year, including the winter. Thus in the summer, the monthly

averaged data in the ARCT Longhurst province is dominated by the Labrador Sea in the

west and dominated in the winter by the Irminger Sea in the east. Due to this sampling

scheme, a small six month pattern within the time series data does not represent a temporal

feature but a spatial sampling feature or an alias of one. The spatial bias between the east
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and west was most noticeable with salinity data, as this parameter was used in calculating

pseudo-observations of TA in Study 1, with higher salinity and TA in the east than the west.

This spatial bias is also seen in ARCT-S65 layer 3 (Figure 4.5c) with higher salinity values

in the East leading to higher predicted DIC for the natural component.

5.1.3 Study 3

In the third study, I expanded the previous analysis to 25 Longhurst Provinces, creating a

global picture of the changes in the natural and anthropogenic components of ocean carbon.

A few modi�cations to the method were made to overcome the dearth of data in some

Provinces. It was found that the anthropogenic component is increasing globally, with mean

(range) rates of 0.48 (-0.49 to +1.30)� mol kg-1 year-1. The spatial pattern of excess carbon

agrees with large-scale ocean circulation, having a large increase in the North Atlantic

carbon sink and a small negative trend in the upwelling equatorial regions.

A key point is that a poorly estimated natural component will in�ate or reduce the tempo-

ral trends in the excess/anthropogenic component. Compared to the literature, our estimates

of excess anthropogenic carbon have rates of increase generally agree, but for some regions

in the North Atlantic our rates up to 1.7 times larger (e.g. for NASE, 2.7mol m� 2 year� 1

in these results compared to the 1.6mol m� 2 year� 1 in Müller et al. (2023) for 1994-2004

and for NASE, 2.7mol m� 2 year� 1 in these results compared to the 1.6mol m� 2 year� 1 in

Müller et al. (2023) for 1994-2004). In the literature, the natural component is often assumed

to be unchanging over time (Fassbender et al., 2018). However, my framework indicated

that the natural component is overall declining, though with small negative trends. The

negative trends could relate to anthropogenic changes in temperature and salinity or could

be a part of longer multidecadal oscillations. A poorly estimated natural component was

found to cause spurious/extreme signals in the anthropogenic component (i.e. anomalously

large).

5.2 Future Work

5.2.1 Sampling Design

The main challenge of this thesis was to use direct observations of ocean carbon but the

sparse sampling over space and time made spatial-temporal analysis dif�cult. To overcome
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this problem, I averaged observations over spatial regions to focus on temporal variability.

However there are still challenges related to how oceanographic data is collected that needs

to be overcome, including: the temporal sampling scheme, the spatial sampling scheme, and

the cross-platform quality control of different data sources.

The temporal sampling scheme of ocean carbon data limits the detectable variability

with time. Currently, the change in anthropogenic carbon is measured with an emphasis

on decadal time scales based on the sampling design of our data. The temporal resolution

and continued measurement of ocean carbon data are important in this era of anthropogenic

changes. The length of the time series is also a limiting factor for identifying the frequencies

within natural carbon variability. As I performed a time series analysis on 20-30 years

of data, inter-annual and decadal oscillations are present in my results of natural carbon

variations (Figure 4.3-4.5). However, multi-decadal natural variability from anthropogenic

carbon increase would require greater than� 40years of data (Henson et al., 2010).

The current spatial scheme of ocean data creates a bias towards the Northern Hemisphere.

For example, pCO2 estimates are typically overestimated due to the data being biased towards

summer and biased towards the Northern Hemisphere (Gloege et al., 2022). DIC has a

similar sampling scheme of a summer and a Northern Hemisphere bias (Figures 3.2 and

4.1). To reduce the Northern Hemisphere bias in pCO2 estimates, Heimdal et al. (2024)

increased the pCO2 data density in certain regions by 0.01%–0.07%. They also used a

zig-zag instead of a linear path, which made notable improvements to the pCO2 estimates.

DIC data likely could bene�t from a similar spatial sampling design as that undertaken for

surface pCO2, and could investigate the mitigation of uncertainties that show the grid-like

pattern of repeat transect data used (Lauvset et al., 2016).

To improve the spatial-temporal resolution of data, multiple data sets could be amal-

gamated into the analysis, but how to do this is the challenge. Multiple methods of ocean

data collection are available from scienti�c cruises (GLODAP), ships of opportunity (SO-

CAT), pro�ling �oats (ARGO), moorings (RAPID and OSNAP) and autonomous vehicles.

However, each observational dataset has different statistical properties (i.e. mean and vari-

ance). While they have gone through their own quality control process, future work into

cross-platform quality control would be bene�cial when working with multiple data inputs

simultaneously.
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5.2.2 Spatial and Temporal Analysis

Ocean carbon has been analysed spatially (with a coarse temporal resolution) while I

analyzed it temporally (with a coarse spatial resolution). However, ocean carbon with high

resolution spatio-temporal variability has yet to be analyzed with data-driven methods. To

advance the spatial and temporal analysis of ocean carbon and the carbonate system, other

statistical methods could be considered from similar �elds such as ecology (Fortin et al.,

2012).

For spatio-temporal analysis of ocean carbon data, a method to consider is the popular

method of Gaussian random �elds, which de�nes the spatio-temporal variations by a mean

and covariance function. For a large domain and a lot of data, solving for the Gaussian

random �eld can take a lot of computing time (Bakka et al., 2018). Integrated nested

Laplace approximation (INLA) is able to solve spatio-temporal models with Gaussian (and

non-Gaussian) random �elds faster than previous algorithms due to their Stochastic Partial

Differential Equation approach with a Bayesian analysis to solve the spatio-temporal models

(Lindgren et al., 2011; Rue et al., 2009).

Oceanographic data are collected along transects, thus its data locations are correlated,

however, most statistical methods assume observations are an independent random sample.

Thus the sampling of oceanographic data is termedpreferential samplingand should be

taken into account in future spatial and temporal analyses (Diggle, 2013; Diggle et al.,

2010).

5.2.3 Biological Carbon Pump & Variable Selection

When estimating the natural variability of carbon with linear regression, the choice of

variables to include is challenging. The aim is to capture the sources of carbon variability

due to solubility pump and biological pump, while still achieving a rigorous regression.

In eMLR analyses, it is popular to use all variables available in a linear regression, or at

least the variables of nitrate and oxygen in order to re�ect the aspects of biological activity

within the natural variability (Friis et al., 2005). In Chapters 3 and 4, I described the natural

variability with only physical variables of temperature and salinity and thus did not include

other biogeochemical variables that are directly related to the biological carbon pump. I did

not use extra variables of nitrate or oxygen for the following reasons. First, when included in

the regression, their addition did not improve the regressions much; the amount of variability
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described increased by only�R 2 < 0:1. Though small, the largest impact of these nutrient

variables on the regression was in the near-surface layer. However, it should be noted that

when these nutrient variables are included in the eMLR method, it is not used for analysis of

the surface layers of the ocean. Secondly, nitrate and oxygen were sampled less frequently

than DIC, temperature, and salinity, thus their inclusions would have reduced the usable

dataset. The third reason, speci�c to study 2, is that a reanalysis product of temperature and

salinity was used to predict a monthly time series of the natural component.

The regression with extra nutrient variables, such as oxygen and nitrate, add some

statistical issues. These nutrient variables are often near-collinear, which is an inherent

feature of oceanographic data. Multicollinearity reduces the accuracy of parameter estimates

and their interpretability (Montgomery et al., 2012). A variance in�ation factor analysis

tests for multicollinearity, and it favoured a regression model with only temperature, salinity,

and nitrate over a model with all ocean variables (including pressure, oxygen, phosphate,

and silicate). However, physical variables may not be suf�cient to describe interior ocean

carbon natural variability. My regression does not include variables that directly relate

to the biological carbon pump, but indirectly account for it through temperature which is

correlated with the seasonal variations of the biological carbon pump at the near-surface.

Also, for the related surface process of the ocean carbon sink, it has previously been shown

that its primary drivers are the physical processes of upwelling, convection, and advection

(McKinley et al., 2017).

5.2.4 Anthropogenic Carbon Transport

Carbon transport has often been investigated using inverse methods, or methods that use

circulation models (Holfort et al., 1998; Macdonald et al., 2003) due to historically limited

directly observed data. Though, with access to new monitoring arrays such as the RAPID

array at 26.5� N in the Atlantic (McCarthy et al., 2015), the size and variability of transport

of anthropogenic carbon has been estimated using direct observations (Brown et al., 2021).

The results from data vs ocean biogeochemical models vs inversion methods tend to disagree

(Brown et al., 2021). Our monthly time series methodology of anthropogenic carbon increase

could pair well with monthly mooring measurements of volume transport to estimate the

transport of anthropogenic carbon with improved certainty.
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5.2.5 Time Series Data Products and Biogeochemical Models

The estimated state of the carbonate system and its natural component and the anthropogenic

component could be used with biogeochemical models, either to compare results with, or as

a data input. The state space model (Chapters 2 and 3) gives an estimate of the state of ocean

carbon. Biogeochemical models use data to constrain their results but some variables have

infrequent data, such as pH prior to 2000. In future work, our estimated state of carbonate

system variables (e.g. pH) could be used as an input into biogeochemical models, with the

state estimate providing a higher temporal resolution than the original data. The opposite

could also be done. The output from a biogeochemical model could be sampled to mimic

observations (Heimdal et al., 2024). Using model data as input into the statistical model

could be used to con�rm that the method is working as designed and that the estimated

natural component is reasonable.
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In summary, I developed statistical time series methods that can analyse sparse and irregular

data, and applied the method to estimate the state of ocean carbon. I used oceanographic

knowledge to inform transparent statistical methods that were only as complex as necessary

for the problem. The methods were also driven by the theme ofwhat is the story hidden

within the data. Interior ocean carbon observations are sparse spatially and with an irregular

sampling rate. To make full use of the available oceanographic observations, in the analysis

I amalgamated data of different statistical properties, and improved the data availability of

some variables by calculating pseudo-observations from theoretical oceanographic relation-

ships. As many researchers move towards methods such as machine learning, interpretable

statistical models still have an important place in the �eld of oceanography. Machine

learning allows for �exibility and can show unexpected features within a complicated set

of data, but also makes it hard to catch issues like over�tting the data or misleading trends.

For example, in Chapter 2 I found a spatial bias hidden within temporal patterns of DIC

(Figure 4.5c) that would have been misinterpreted without a simple method to diagnose the

situation. In conclusion, I used time series methods to estimate the monthly state of the

carbonate system. I also developed a time series generalization of the eMLR method that

separated ocean carbon into natural and anthropogenic components, which included the high

variability of the surface layers where there eMLR method is not used. Throughout this work,

I found the estimated natural component is important; a poorly estimated natural component

will in�ate or reduce the temporal trends in the excess anthropogenic component. Finally, I

found monthly time series methods captured the changes in the North Atlantic Ocean such

as ocean acidi�cation at rates up to 0.0017year� 1, increase of excess anthropogenic carbon

up to 1.9� mol kg� 1 year� 1, as well as the declining natural carbon component in much of

the global ocean.
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Appendix A

State Space Models

A.1 Kalman Smoother Algorithm

The Kalman Smoother algorithm was used to evaluate the equations that make up the state

space model. The Kalman Smoother estimates the time series of the state (x t ) in a sequential

estimating process that runs through time. At each time stept, an estimate of the new state

(x t ) is predicted forward using a persistence equation, such as a random walk or correlated

random walk. This prediction is then updated to be closer to the known observation(s) based

on the ratio of observation and persistence errors (� v and� w , respectively). Performing this

sequential prediction-update procedure forward in time for the full length of the time series is

called the Kalman Filter algorithm. We then ran that prediction-update procedure again but

starting at the end of the time series and moving backwards through time. Performing both

the forward and backward estimating procedure is called the Kalman smoother algorithm.

A.2 Observation and Persistence Error

First off note the difference between� v used in Chapter 2 to represent a matrix and� v used in

Chapter 3 to represent a single value for observation error, and likewise for persistence error.

The observation error follows a multivariate normal distribution with variance-covariance

matrix � vt , vt � N (0; � v;t ). When the state is a single element at each time step (i.e. vector

of length 1) then the variance-covariance matrix simpli�es to a single number, in which

case we use� v. When the state is a vector then� v;t is anyt � nyt matrix, thus it changes

dimension based on the number of observations at timet. Since we often have diagonal

matrices, we used the bold symbol,� 2
v , to represent a vector of observation errors for each

variable being estimated in the state vector, and for the simplest case this vector of variances

is multiplied by an identity matrix to get the� vt variance-covariance matrix. Also note

that while we usually refer to observation error as a variance,� 2
v , it is sometimes easier to

discuss topics or ranges of possible numbers as a standard deviation,� v =
p

(� 2
v ).
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The values of the observation error (� v) and the persistence error (� w) have an in�uential

role in how the state gets estimated compared to the state at the previous time step and the

new observation. The observation error (� v) is depicting the standard deviation of measured

observations from the true mean state. This would include measurement error, and the

unknown randomness of the ocean. The persistence error (� w) depicts the uncertainty in

which we can predict a new observation given the previous state. The smaller the� v : � w

ratio the closer our estimates are drawn to the observations, and the larger the� v : � w ratio

the more the estimate will ignore the observations and predict a constant unchanging line.

These error variances are also used to calculate con�dence intervals for our estimated state.

A.2.1 Likelihood Estimating for Parameters

Maximum likelihood was used to estimate parameters of the persistence standard deviation,

� w , and the proportion of trend persistence,� , in Chapter 3, and similarly for� w and� in

Chapter 2. Using Chapter 3 variables as an example, we used likelihood pro�ling to choose

the best parameter values in the ranges of0:1 < � w < 5 and0 < � < 0:7. For each pair

of values tried, we ran the Kalman smoother algorithm and calculated the log-likelihood

function of those results. Determined from the one-step ahead predictions of the Kalman

�lter, the log-likelihood (̀ ) is

` =
NX

t=0

� log(det(� e;t)) � e0
t �

� 1
e;t et (A.1)

where N is the length of the time series, and for each timet, et are the innovations, and

� e;t is the covariance matrix of the innovations. The0, � 1 anddet correspond to the matrix

operations of transpose, inverse and determinant, respectively.

For all the� w and� parameter values tried, we plotted the surface of their calculated

log-likelihood values in Figure A.1, for each of the three depth-layers, and a dot indicates

the location of its maximum, and thus the chosen pair of parameter values.
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Figure A.1: Likelihood surfaces of persistence standard deviation (� w) vs the proportion of
trend persistence (� ) for the three depth-layers: (a) layer 1: 0-200 m, (b) layer 2: 200-1000
m, and (c) layer 3: 1000-4500 m. The location of the maximum likelihood (black dot)
represents the chosen parameter values�̂ w and�̂ .

A.3 Multivariate State of the Carbonate System

The state vector included the variables of the carbonate system (DIC, TA, pH and fCO2) as

well as the physical variables of T and S at depths 1 to L,

x t = [DIC 1:L ; TA 1:L ; pH1:L ; fCO21:L ; T1:L ; S1:L ]t :

Temperature and salinity were included in the state variable (x t ) as they would be needed for

post-processing calculations of the aragonite saturation state (
 ) and the carbonate species.

In the case of L=20 depth-layers, thenx t is a vector of lengthnx = 120.

The observation vector (yt )

yt = [DIC 1:L ; TA 1:L ; pH1:L ; fCOGLODAP
21:L

; T1:L ; S1:L ; fCOSOCAT
21:L

]

appears longer thanx t as fCO2 has not just GLODAP but also SOCAT observations, distin-

guished by the superscript. We purposely do not report the length ofyt because it changes

over time based on observation availability. For example, if observations are only present

at the surface (depth-layerl = 1) for DIC from GLODAP, and fCO2 from GLODAP and

SOCAT, but none for TA or pH, thenyt = [DIC GLODAP
l=1 ; fCOGLODAP

2l =1
; fCOSOCAT

2l =1
], a vector

of lengthnyt = 3.

To match up with the state vector in the observation equation (2.1), the observation
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indicator matrixA t will become of size3 � nx observation indicator matrix comprising 1's

and 0's to match each observation inyt with its corresponding term in the state vector,x t . In

our example,DIC l=1 is the 1st element andfCO2l =1 is the 61st element in the state vector,

thus theA t matrix will have a 1 at the (row, column) of (1, 1), (2, 61) and (3, 61), the rest

will be a 0.

A.3.1 Observation Error

The estimation procedure for a multivariate state is controlled by parameters that govern the

structure of the error covariance matrices. The observation error covariance matrix (� v;t ) is

a function of the observation uncertainty for each variable, where� 2
v is the vector of those

observation uncertainties,

� 2
v = f � 2

v [DIC1]; : : : ; � 2
v [DICL ]; : : : � 2

v [TA L ]; : : : ; � 2
v [pHL ]; : : : ; � 2

v [fCO2L ]g (A.2)

and the square bracket notation identi�es the variable present (DIC, TA, pH and fCO2).

The observation uncertainties were calculated as the variances of deviations of GLODAP

observations from the mean depth-pro�le independently calculated for each variable and

depth layer. The mean depth-pro�les were estimated as the mean of monthly observations

that occurred in each depth-layer. The difference between the mean pro�les and each

observation produce the pro�le anomalies, and the standard deviation of these pro�le

anomalies served as the estimates for the observation error� 2
v , shown as the gray shaded

area in Figure A.2. There is an exception to fCO2 because it has so few observations. Due

to the lack of internal ocean fCO2 observations in GLODAP, the variance of anomalies

from SOCAT surface observations was used for the GLODAP data,� 2
v [fCOGLODAP

21:L
] =

variance of anomalies, and used for all depth-layers, then to reposition SOCAT as having

smaller observation uncertainty than GLODAP we set� 2
v [fCOSOCAT

21:L
] = variance of anomalies

16 .

The� v;t matrix changes over time based on which variables have an observation at time

t; however,� 2
v has no time subscript because when a variable, e.g. DIC at depth L, has an

observation the same value of observation variance (� 2
v [DICL ]) will be used each time a

GLODAP DIC observation at that depth appears, regardless of time. Note the stipulation

of a GLODAP observation. For the case of multiple data sources, e.g. fCO2 which has

observations from GLODAP and SOCAT, then each data source has its own� v for each
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depth.

Figure A.2: The mean depth pro�les (black line) of the carbonate system variables: (a) DIC,
(b) pH, (c) TA, (d) fCO2. Shaded area shows +/- standard deviation of pro�le anomalies, i.e.
estimate of observation error� v .

The pseudo-observation must also be assigned a corresponding observation uncertainty

(� � 2

v [TA 1:L ; pH1:L ; fCO21:L ]) for incorporation into the state space model. Since they are

calculated from direct observations, which have their own uncertainty, pseudo-observation

errors will be inherently larger. The observation uncertainty for pseudo-observations of pH

and fCO2 (� � 2

v;t [pH; fCO2]) were calculated within CO2SYS as follows. The observation
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uncertainty for DIC (� v [DIC1:L ] 2 [4; 31]) and TA (� v [DIC1:L ] 2 [3; 21]) were used, stan-

dard uncertainty for salinity and temperature were set to 0.01� C and 0.01 PSU respectively,

standard uncertainties for the equilibrium constants were set to: 0.002 forK0, 0.0075 for

K1, 0.015 forK2, 0.01 forKb, 0.01 forKw, 0.02 forKspa, 0.02 forKspc, and 2% error for

total boron, as per the suggested levels from Gattuso et al. (2022).

For pseudo-observations of TA, its observation uncertainty is

� � 2

v [TA] = � 2
v [TA] + � 2

T A:S (A.3)

where the prediction variance (� 2
T A :S) from the linear regression is added to the observation

uncertainty of TA (� 2
v [TA] ).

A.3.2 Likelihood Estimation of Parameters for Multivariate State

The persistence error covariance matrix (� w) is a function of both the vector ofpersis-

tence variance(� 2
w ) and vectordepth correlation(� ), � w = f (� 2

w ; � ). The vectors

contain the individual values needed for all the variables and depths, similar to (A.2).

Parameter estimation of� 2
w and� is performed using maximum likelihood (Section A.1)

within the range of feasible values for the parameters (� 2
w [DIC1:L ; TA 1:L ; fCO21:L ] 2 [1; 20],

� w [pH1:L ] 2 [0:002; 0:1] and� [DIC1:L ; TA 1:L ; pH1:L ; fCO21:L ] 2 [0; 0:5]).

The persistence error covariance matrix is calculated as

� w = � w � 0
w D; (A.4)

where the persistence standard deviation� w is multiplied by its transpose to create a

variance-covariance matrix, which is then multiplied byD, the depth correlation matrix

(nx � nx ). Considering our application of the ocean, we have constrainedD to be a 6-block

tridiagonal matrix, with 1's on the main diagonal and theD ij on the upper and lower

diagonal representing the correlation between adjacent depths� i . This depth correlation was

implemented to assist observation sparsity through the water column, i.e.D ij is particularly

useful if frequent observations are available at thei -th depth but not atj -th depth, then the

correlation causesj -th depth to change over time relative to the �uctuations of its neighbour.

To implement without depth correlation, thenD can be replaced with anI ny t
identity matrix.
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The reason for the 6-block matrix set up is because multiple variables (DIC, TA, pH,

fCO2, T and S) are stacked in the one state vector. Having 6 variables, with multiple depths

each, all stacked into one vector creates a seemingly complex matrix set up that may have

readers wanting to analyse each variable individually. It is possible, but is likely to result in

a more cumbersome and a less ef�cient algorithm.
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Estimating the Carbonate System

B.1 Results of pH with BGC-ARGO

To complement the main results presented in Section 2.4, here we show results where we

extended the time series to 2022 and included BGC-ARGO data of pH (Figure B.1). The

extra pH data from BGC-ARGO was not included in the main results as it required further

quality control as pH in the deeper waters unexpectedly switch from a declining trend to an

increasing trend in 2018 (Figure B.1c). However, this illustrates how the state space model

adapts to a change in time series characteristics as re�ected in the observations.

If our efforts for mitigating climate change were to be realized, then a state space model

would show a diversion from the currently seen linear trend. From 1990-2018, pH has been

declining at an approximately linear trend. So it becomes enticing to then model it as a

linear trend. Then, in 2018 when BGC-ARGO data becomes available, the state estimate �ts

closely to its observations which are increasing (Figure B.1c). The switch from a decreasing

pH to an increasing pH in 2018 is unlikely a true feature of the pH state and an artifact of

the pH-ARGO data.

The state estimate follows the BGC-ARGO data for two reasons: 1- the observation

error used for the ARGO data, and 2- there are frequent observations close together, so

each observation reinforces the other, unlike with a random outlier that gets ignored (e.g.

pseudo-observation in 2015, pH=7.92). To include this BGC-ARGO in our results, we could

consider increasing the observation error so the state follows the data less closely. However,

if we set the observation error to be very large, and basically ignore the data, it is equivalent

to having no data at all, and the state will become a �at unchanging line until a trusted

observation appears. We estimated the observation error based on the variance of the data,

and as can be seen in Figure B.1c, the pH-ARGO data are internally consistent with one

another. Thus we would perform a thorough quality control on the original BGC-ARGO

data.
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B.2 Bootstrapping

The annual rate of increase was estimated by a linear least squares regression of the state

estimate over time, and bootstrapping was used to determine its statistical signi�cance. The

Figure B.1: Results from the analysis of pH. Format the same as Figure 2.3, with the addition
in panels (b)-(c) of direct observations of monthly averaged BGC-ARGO (green triangles)
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following steps were performed, given the estimated time series of the state for a variable,

and performed for each variable of the carbonate system individually.

1. Perform a linear least squares regression ofx t vs time (in units of years) to estimate

the slope coef�cient and the �tted values.

2. With a mean of the �tted values and a standard deviation of the state standard error

estimated from the Kalman Smoother, we generated from a Gaussian distribution a

new time series,x i
t .

3. Forx i
t vs time we �t a linear least squares regression and estimate the slope coef�cient

� i .

4. Repeat steps 2 and 3 fori = 1; : : : ; 1000iterations to achieve a set of coef�cients,� .

Themean(� ) will be approximately equal to the original coef�cient from step 1. The

se(� ) will be used in calculating the t-test statistic (T � )

T � =
mean(� )

se(� )

which is then used in a 2-sided test to determine statistical signi�cance against a threshold

of � = 0:05.

Note in step 2, block bootstrapping was used due to the time correlated nature of time

series. For coding simplicity, we usednt non-overlapping blocks, i.e. at each time step we

used the mean and standard error at that timet to generate a new value from the Gaussian

distribution.

B.3 In situ vs standardized-lab observations

For consistency of results,in situconditions were used for all inputted data and produced

results. Data is provided in different conditions, eitherin situocean conditions (DIC, TA-

GLODAP), lab conditions (fCO2-GLODAP), or sometimes they report both (pH-GLODAP).

The in situ conditions refers to the T, S and P of the ocean at that observation. The lab

conditions are the T, S and P at which the bottle sample was measured. The fCO2-GLODAP

data is provided at standardized lab conditions of T=20� C, P=0 dbar and implied S=35 PSU,

but careful, as other variables are often measured at T=25� C.
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The fCO2 observations were converted from standardized lab conditions toin situ

conditions using theseacarbpackage in R with the assistance of the DIC and TA observation.

The fCO2 values changed up to 50% due to the differences in T and P from lab toin situ

conditions. For example, at 1000 m and T=3.26� C thefCO2lab = 761 �atm changed to

fCO2insitu = 416 �atm .

Pseudo-observations we calculated also usedin situ T, S and P. Note that we sometimes

used these calculations for T and S outside the validated range for the disassociation

constants (Weiss, 1974; Orr et al., 2015; Woosley, 2021).

B.4 Comparing Temperature and Salinity Between Multiple Data Sources

We compare the temperature and salinity values from the three data sources of GLODAP,

SOCAT and BGC-ARGO data used within our analysis (Figure B.2). This was done to

validate that the data were in similar ranges to each other and that there were no unexpected

bias. While these data sets share variables of fCO2 or pH, these speci�c variables did not

overlap in time, thus we used temperature and salinity.

Figure B.2 shows data from the top 10 m of temperature and salinity, in its original

observations (right) and after being monthly averaged (left). Individual observations of

SOCAT T and S have larger standard deviations than the other data sets (Figure B.2b, d),

but after being monthly averaged (Figure B.2a, c) the three data sets have equivalent mean

� standard deviation for temperature:

• TGLODAP = 5:56� 2:19� C,

• TSOCAT = 6:31� 2:55� C and

• TARGO = 5:25� 2:95� C,

and for salinity:

• SGLODAP = 34:33� 0:45PSU,

• SSOCAT = 34:15� 1:39PSU and

• SARGO = 34:58� 0:19PSU.
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Figure B.2: Comparing monthly averaged temperature (a) and salinity (c) with original
observations of temperature (b) and salinity (d) from GLODAP (black), SOCAT (purple)
and ARGO (green). The legend summarizes the mean and standard deviation of each data
set.

B.5 Spatial Bias Between Eastern and Western North Atlantic

Higher values were noticed in the Labrador Sea, over the Irminger Sea for TA, temperature

and salinity, creating a bias between the Eastern and Western halves of the Atlantic Arctic

Longhurst Province (split at 40� W). The bias was largest in the surface, present for the

top 1000 m then not present for the deepest layers. We considered analysing the whole

Atlantic Arctic Longhurst Province, however found that the sampling protocols of the East

vs West resulting in a spurious oscillation. While the other variables of DIC, pH and fCO2

did not have a bias between the East and West, the spurious oscillation in TA was propagated

through the pseudo-observations to pH and fCO2. As a result, we decided to analyse only



108

the Labrador Sea in the Western half of the Atlantic Arctic Longhurst Province.

B.6 Supplemental Results of Carbonate System

The fCO2 near-surface time series show a seasonal cycle between 2003 and 2011 due to

the presence of SOCAT data, however scale of Figure 3 does not show this seasonal cycle

clearly. The seasonal cycle more easily identi�ed in Figure B.3 with yearly indicator lines

(blue vertical lines) each February.

A common assumption in statistical methods is that the mean and variance of the

theoretical process does not change over time. We examined this with DIC observations for

a selection of depth-layers (Figure B.4). A 1 year sliding window calculating their mean

(left) and standard error (right) over time for a selection of depth-layers. Both the mean and

standard error of DIC was found to be increasing over time, especially in the near-surface,

demonstrating the need for time series methods.

Figure B.3: The fCO2 near-surface time series (black dots) show a seasonal cycle between
2003 and 2011 due to the presence of SOCAT data. The seasonal cycle more easily identi�ed
with yearly indicator lines (blue vertical lines) each February.
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Figure B.4: The DIC observations for a selection of depth-layers were used in a 1 year
sliding window calculating their mean (left) and standard error (right) over time for a
selection of depth-layers. Both the mean and standard error of DIC are increasing over time,
especially in the near-surface.



Appendix C

Supplemental Results for Chapter 3: Anthropogenic Trends in the

Northwest Atlantic

An eMLR was performed using the same data to facilitate the comparison of our proposed

dynamic linear regression method against eMLR. The eMLR analysis was performed

with potential temperature and practical salinity covariates to estimate the increase of

anthropogenic carbon in the study region. GLODAP data from the �rst two years (1993-

1994) and the last two years (2015-2016) were used to �t the regression parameters. eMLR

is typically performed on ocean transects with repeated measurements, thus the natural

oceanographic relationships are considered homogeneous in the region. To con�rm this

fundamental assumption, spatial plots of the data used in the eMLR analysis are shown in

Figure C.1. We see that the data in the two time periods are not at identical locations, but do

represent the same geographic region, thus the eMLR assumption of using repeated regions

of a homogeneous ocean is viable.

For predicting the monthly time series of the natural variability carbon component,

the GLORYS12v1 reanalysis product was used as it provides monthly values of potential

temperature and practical salinity over our study region. The GLODAPv2.2019 was the

primary dataset used for analysis, however it has data gaps through time. Figure C.2 shows

that deseasonalized values for temperature and salinity from both GLODAPv2.2019 and

GLORYS12v1 agree, with GLODAPv2.2019 having a slightly larger scatter, but centered

around the GLORYS12v1 values.
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Figure C.1: Geographical location of the GLODAPv2.2019 data used in the eMLR analysis
for: (a) data from 1993-1994, and (b) data from 2015-2016.
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Figure C.2: Deseasonalized anomalies of temperature (left) and salinity (right) are shown
for each depth layer: (a-b) layer 1: 0-200 m, (c-d) layer 2: 200-1000 m, and (e-f) layer 3:
1000-4500 m. Monthly averaged time series of the GLORYS12v1 reanalysis product (black
lines) are shown with the monthly averaged GLODAPv2.2019 observations (red dots).



Appendix D

Supplemental Results for Chapter 4: Trends in Natural and

Anthropogenic Carbon Globally

D.1 Statistical Power and Estimating the Natural Regression

We used statistical power to determine the number of years needed to estimate a regression

of natural variability that would balance being a statistically signi�cant regression and

minimize the anthropogenic in�uence in the data. Due to data availability, we used 8 years

to getenough datain most of our regions.Enough datain this case meant having at least

24 months with observations with a fair distribution across each season. While most of our

regions met this criterion, some did not but were included as they had many observations

over the 1998-2022 time span. Thus, these regions tend to follow the global regression more

closely and include GFST, ISSG, MONS, NASE, NASW, NATR, NPPF, NPTG, PEQD,

PSAW, SATL, and WTRA.

Ideally, we would rather have at least 50 observations (i.e. observations every 2 months

on average), but only one province (SANT) had that amount of sampling between 1990

and 1997. The sample size of 24 and 50 were chosen based on statistical power of a linear

regression, which represents a general probability of getting a signi�cant �nding (e.g. a p-

value above a threshold of 0.1), and assuming an effect size of 0.15 (Cohen, 1988; Champely

et al., 2020). Twenty-four observations have only a power of 0.5; thus, a 50% chance of

having enough observations to show a statistically signi�cant result. Fifty observations

would increase this to an 80% chance. Statistical power is a useful tool when planning a

sampling design for future oceanographic cruises.

D.2 Annual Trends of Natural and Excess Components

To complement Figure 4.2 which visually shows the annual trends of the natural and excess

components, we provide the detailed numbers of those trends in Table D.1. In Figure 4.2,

regions were given a dot pattern to identify when the trend was not statistically signi�cant,
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i.e. when their p-value was less than the threshold� = 0:1. A threshold is useful, but for

those who wish to see the range of p-values, and which were close vs far from the threshold,

the p-values are given in brackets in Table D.1.

Table D.1: Annual trends of natural and excess components for all regions (units
� mol kg� 1 year� 1) and in brackets their p-value.

Region Nat-L1 Nat-L2 Nat-L3 Excess-L1 Excess-L2 Excess-L3
ANTA 0.06 (0.79) 0.02 (0.81) 0 (0.75) 0.64 (0) 0.23 (0.03) 0.16 (0)
APLR 0.01 (0.87) 0.04 (0.77) 0.04 (0.39) 0.33 (0.17) 0.18 (0.04) 0.13 (0)
ARCT-N65 -0.05 (0.60) 0.04 (0.33) 0.03 (0.13) 1.06 (0) 0.64 (0) 0.32 (0)
ARCT-S65 -0.25 (0) -0.03 (0.14) 0.06 (0.24) 0.57 (0) 0.7 (0) 0.49 (0)
BPLR -1.08 (0.01) 0.18 (0.30) 0.24 (0.52) 0.19 (0.60) 0.58 (0) 0.33 (0.08)
GFST -0.38 (0.14) -0.13 (0.65) 0.02 (0.76) 0.52 (0.07) 1.13 (0.01) 0.42 (0)
ISSG -0.2 (0.66) -0.1 (0.70) -0.06 (0.90)1.04 (0) 1.05 (0.07) 0.09 (0.73)
MONS -0.21 (0.13) 0.56 (0.41) 0.04 (0.87) 0.83 (0.25) 0.17 (0.61) 0.06 (0.75)
NADR 0.02 (0.88) 0.2 (0.01) -0.03 (0.76)0.88 (0) 0.79 (0) 0.33 (0)
NASE 0.17 (0.10) 0.1 (0.41) 0.09 (0.62) 0.32 (0.34) 1.2 (0) 0.64 (0)
NASW -0.5 (0.05) -0.33 (0.08) -0.55 (0.06)0.12 (0.78) 1.16 (0) 0.32 (0.09)
NATR 0.2 (0.69) 0.17 (0.81) -0.05 (0.08)0.79 (0.24) 1.18 (0.05) 0.25 (0.48)
NPPF -0.18 (0.13) -0.14 (0.82) 0.04 (0.23) 0.85 (0) 1.04 (0) -0.49 (0.01)
NPSW -0.26 (0.03) -0.59 (0) 0.07 (0.32) 1.07 (0) 1.3 (0) -0.25 (0.04)
NPTG 0.2 (0.69) 0.17 (0.93) 0.02 (0.75) -0.01 (0.99) 0.95 (0.56) 0.1 (0.55)
PEQD 0.64 (0.42) 0.59 (0.51) -0.06 (0.40)0.54 (0.14) -0.08 (0.88) -0.15 (0.63)
PSAE 0.05 (0.69) 0.01 (0.63) 0.01 (0.94) 0.55 (0.03) 0.03 (0.88) -0.04 (0.63)
PSAW -0.12 (0.11) -0.52 (0.03) 0.24 (0.26) 0.3 (0.07) 0.52 (0) -0.07 (0.44)
SANT -0.14 (0.45) -0.51 (0.22) 0.39 (0) 0.97 (0) 0.82 (0) -0.04 (0.65)
SARC 0.05 (0.56) 0.47 (0) 0.1 (0) 0.77 (0) 0.53 (0) 0.17 (0)
SATL 0.01 (0.91) -0.79 (0.03) 0.33 (0.16) 0.57 (0.05) 0.92 (0) 0.26 (0.03)
SPSG 0.32 (0.26) -0.52 (0.11) -0.06 (0.72)0.75 (0.03) 0.36 (0.54) 0.12 (0.68)
SSTC -0.16 (0.21) -0.33 (0.18) -0.34 (0.12)0.59 (0) 0.72 (0) -0.09 (0.65)
WARM -0.35 (0.01) 0.67 (0) 0.03 (0.12) 0.75 (0) 0.44 (0.18) 0.49 (0)
WTRA 0.29 (0.37) 0.01 (0.87) 0.4 (0.08) -0.01 (0.99) 0.52 (0.05) 0.14 (0.27)

Also to complement the natural and excess carbon trends in Figure 4.2, we provide the

annual trends of the DIC, temperature and salinity in Figure D.1. The most distinct feature

is in layer 1, where increasing temperature (Figure D.1b) occurs in the same regions of

decreasing natural carbon (Figure 4.2b). Recall, that temperature and salinity were used to

estimate the natural component.

D.3 Global Baseline and Regional Natural Variability

The natural component (Cn
t;r ) was calculated in two parts, the global natural variability (CG

t;r )

and the deviations of regional variability (� Ct;r ). These are shown in Figures D.2-D.4 for a
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Figure D.1: Global maps of the annual rate of change are shown for DIC, temperature
and salinity for the three depth layers analyzed: (a)-(c) layer 1: 0-200 m, (d)-(f) layer
2: 200-1000 m and (g)-(i) layer 3: 1000+ m) Regions are shaded by their rate of annual
increase (units of� mol kg� 1 year� 1), and regions with a dot pattern are where that rate was
not statistically signi�cant (threshold of 0.1) based on a generalized linear regression over
time.

selection of regions: Atlantic Arctic Province south of 65� N (ARCT-S65), North Atlantic

Subtropical Gyral Province East (NASE), South Atlantic Gyral Province (SATL), North

Paci�c Subtropical Gyre Province West (NPSW), South Paci�c Subtropical Gyre Province

(SPSG), and Subantartic (SANT).

Note, that the natural component Figures 4.3-4.5 has more data points than DIC or the

natural component below (right column in Figures D.2-D.4). This is because there are

more T and S observations than DIC and thus when predicting the the natural component

in the main results (Figures 4.3-4.5) we used all of the T and S available. However, in
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Figures D.2-D.4 below, we trimmed the natural component to only show observations that

have a corresponding DIC to make the �gure more internally consistent.

This distinction of using the full T and S or just a subset does not matter for the

visualization of the separation of the natural variability below, but it does matter speci�cally

for the GAM �t of SATL layer 2. With the extra T and S data, the natural component is

showing an unchanging trend (Figure 4.4g). However, when a GAM is �t to the natural

component with less data (Figure D.3h), for the data clustering and paucity from 2000-2015

with a single high value in 2002 would cause the GAM to �t a periodic �t instead of the

linear �t.

Figure D.2: Time series plots for layer 1: 0-200 m of DIC anomaliesC0
t;r with a map in the

background with the regions shaded in pink (a, e, i, m, q, u), global baseline variabilityCG
t;r

(b, f, j, n, r, v), deviations of regional variability� Ct;r (c, g, k, o, s, w) and the combined
natural componentCn

t;r (d,g,l, p, t, x), with units of� mol kg� 1).
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Figure D.3: Time series plots for layer 2: 200-1000 m, format the same as Figure D.2.

D.4 Supplemental Results

The deviations of regional variability for the natural component were estimated using ridge

regression, which includes a shrinking penalty� . The� values vary for each region and

depth layer (Figure D.5), ranging from 0.27 to 13 000, where� = 0 is equivalent to regular

ordinary least squares regression. Large values of� put a stronger penalty and thus shrink

the regression coef�cient towards 0, which will typically be regions with low predictive

performance. We wondered if the regions of low� corresponded to regions with low data

availability, but after examining, they do not appear to be correlated.

We explored the frequency of observations over months and how they differed over

depth and spatial region. Figure D.6 shows a selection of regions, ranging from every 2-4

months in the ARCT and NPSW, once a year in ANTA, to every 5 years in NASW and

WTRA. Also, since these DIC observations were from bottle samples collected as a depth
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Figure D.4: Time series plots for layer 3: 1000+ m, format the same as Figure D.2.

Figure D.5: For layers 1 (a), layer 2 (b) and layer 3 (c), the ridge regression penalty parameter
� for each province.
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pro�le, the frequency of observations is usually the same for each depth layer of that region.

Figure D.6: For a selection of regions, the number of observations (color intensity) in a
month are shown over time and for each depth layer.
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