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Abstract

Developing accurate projections of future sea-level change is a key challenge for the

entire science community under the current warming climate. Due to the fact that

modern instrumental sea-level observations are only available since the 19-20th cen-

tury, sea-level projections based on them can only capture short-term effects, leaving

physical processes that dominate over longer timescales underestimated. Therefore,

an essential step towards accurate and robust long-term sea-level projections is

to investigate the physical processes that impact the spatio-temporal evolution of

sea-level change over centennial to millennial timescales. Due to sometimes scarce

and often noisy palaeo sea-level observations, mechanisms of sea-level change over

geological timescales are still not well-understood, with many outstanding questions

to be resolved. This thesis develops novel physical and statistical models to better un-

derstand the mechanisms behind postglacial sea-level change. Specifically, this thesis

focuses on three outstanding problems that are not only important in postglacial

sea-level change but also in understanding past ice sheet dynamics and palaeoclimate

change.

Firstly, a statistical framework is developed to invert the sources of meltwater pulse

1A, the largest and most rapid global sea-level rise event of the last deglaciation, with

sophisticated treatment of uncertainties associated with sea-level reconstructions

and geophysical modelling. The results suggest there were contributions from North

America, 12.0 m (5.6-15.4 m; 95% probability), Scandinavia, 4.6 m (3.2-6.4 m),

and Antarctica, 1.3 m (0-5.9 m), giving a total global mean sea-level rise of 17.9 m
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(15.7-20.2 m) in 500 years.

Secondly, the missing ice problem (distinctive imbalance between observed global

mean sea-level rise and the reconstructed amount of ice-sheet melt) is revisited by

including an extra physical process (sediment isostatic adjustment, SIA) which has

not been considered in this problem before. In particular, this thesis investigates

the impact of SIA on local RSL variation across the Great Barrier Reef (GBR), the

world’s largest mixed carbonate-siliciclastic sediment system. Based on a Bayesian

calibration method, SIA can contribute up to 1.1 m relative sea-level rise in the outer

shelf of the southern central GBR from 28 ka to present. Because the SIA-induced

RSL rise is unrelated to ice mass loss, failing to correct for this signal will lead to

systematic overestimation of grounded ice volume. Therefore, incorporating the SIA

process will reduce the global grounded ice volume estimate for the Last Glacial

Maximum (LGM), which can help to mitigate the missing ice problem.

Lastly, robust global barystatic sea-level maps with minimum dependency on the

detailed geometry of past ice sheet change are reconstructed. Estimating such

maps requires physical simulation of relative sea-level corresponding to thousands

of different ice histories, which is computationally prohibitive. To improve this

situation, this thesis develops a statistical emulator which can mimic the behaviour

of a physics-based model and is computationally much cheaper to evaluate. The

results highlight the Seychelles as an exceptionally good place to map barystatic

sea level throughout the last deglaciation because RSL at this location only slightly

departs from global barystatic sea level, with minor dependency on the assumed ice

history.

Together, these physical and statistical models present powerful tools to yield novel in-

sights into postglacial sea-level change mechanisms and hence they have the potential

to yield more robust, accurate and trust-worthy sea-level change projections.
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1.1. Context

1.1 Context

Sea-level rise is a growing threat caused by the warming of the Earth’s climate and

it poses great socio-economic risk to coastal communities, causing coastal flooding,

coastal erosion, permanent submergence and loss and change of coastal ecosystems

(Oppenheimer et al., 2019). This is highlighted by the devastating flooding event

induced by Hurricane Sandy in 2012, which caused over $60 billion economic loss

in the United States (Strauss et al., 2021). This socio-economic risk motivates the

Earth science community to reduce the uncertainty of future sea-level rise projections

for vulnerable regions, and hence, foster better coastal management, protection

and migration plans to mitigate the impact caused by rising sea level (Kopp et al.,

2019). To achieve an accurate spatio-temporal sea-level rise projection, a robust

understanding of the different driving mechanisms of relative sea-level (RSL; distance

between the ocean surface and the solid Earth surface) change and their relationship

with climate forcing is a prerequisite (Figure 1.1a). However, because modern

instrumental and satellite sea-level observations have only been available since the

19-20th century (Figure 1.1b), sea-level projections based on these can only capture

short-term effects (e.g., steric and ocean dynamic effects; Figure 1.1a) while other

physical processes that may dominate RSL change over a longer timescale will be

strongly underestimated (Gregory et al., 2019). In this context, to reliably project

multi-centennial sea-level change, it is necessary to investigate the physical processes

that impact the spatio-temporal evolution of sea-level change over a longer timescale

(Clark et al., 2016). The importance of understanding long-timescale processes have

been highlighted by recent works that use palaeo sea-level data to constrain the

ice dynamic model parameters that were used to project future sea-level change

(DeConto et al., 2021; Garbe et al., 2020; Gregoire et al., 2012), estimate modern

land deformation in response to past glacial cycles (Caron et al., 2018; Love et al.,

2016; Peltier et al., 2015) and evaluate the relationship between global sea level and

temperature (Kopp et al., 2016). To this end, this thesis aims to constrain long-term

physical processes by developing novel physical and statistical modelling approaches

based on observed postglacial sea-level change.
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Figure 1.1: (a) Sea-level drivers on different timescales based on available estimates.
(b) The uncertainty of instrumental and proxy recorders of sea level. Figure repro-
duced from Horton et al. (2018).

1.2 Background

Compared with the sea-level change observed in the modern era, long-term sea-

level change over a postglacial timescale of 103-105 years is dominated by different

physical processes (Figure 1.1a). At a global scale, the dominant driver of global

mean sea-level (GMSL) change is the barystatic effect (i.e., eustasy in Figure 1.1a)

caused by ice-ocean mass exchange related to the wax and wane of continental scale

ice sheets, which lowered GMSL by >100 m during the Last Glacial Maximum

(LGM, ∼21 ka BP). On a regional scale, RSL change varies from place to place

as a result of perturbations to the shape of the gravitational field, perturbations

to Earth’s rotational vector, and visco-elastic solid Earth deformation, which all

arise due to surface mass redistribution (Whitehouse, 2018) and are often referred

to as the gravitational, rotational and deformational (GRD) effects (Frederikse
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et al., 2020, corresponding to elastic deformation and fingerprinting effects, and

post-glacial viscous deformation in Figure 1.1). Additionally, similar to ice-ocean

mass exchange, sediment mass redistribution due to glaciation- or river-induced

erosion and deposition processes can also trigger GRD effects (or sediment isostatic

adjustment) which can alter local RSL by >100 m since the last interglacial (∼120

ka BP; Jungdal-Olesen et al., 2023; Ruetenik et al., 2020). Lastly, land deformation

related to tectonic movement and dynamic topography (surface undulations induced

by mantle flow) can also produce >10 m RSL change at some locations over the last

100 ka (Horton et al., 2018; Austermann et al., 2017).

To better understand the postglacial sea-level variability caused by different driving

processes, geological proxies of past sea-level change provide valuable information

to test our knowledge about physical processes and validate physical models built

upon this knowledge. Ideally, a general agreement between proxy-based sea-level

observations and physical model predictions can be used to confirm our understanding

of the causes of long-term sea-level change and hence be used to produce long-term sea-

level predictions and coastal management plans. However, noticeable disagreements

often exist between RSL observations and model predictions, which can lessen our

confidence in future sea-level predictions. The reason for this disagreement can be

attributed to deficiencies in both physical models and observational records.

Glacial isostatic adjustment (GIA) modelling is a commonly used method to describe

the barystatic and GRD effects triggered by water mass redistribution between

the oceans and the ice sheets. Generally, there are two major components for a

GIA model to compute: solid Earth deformation and purtabations to the global

gravitational field, both of which can produce spatially variable sea-level change.

This section provides a brief summary of the processes represented within a GIA

model and the numerical methods used to replicate those process. For full reviews of

GIA processes and modelling approaches, the reader can refer to Peltier et al. (2022);

Whitehouse (2018).

For GIA studies, the solid Earth response to a changing ice/water load is usually

regarded as a visco-elastic process, consisting of an instantaneous elastic response and

a viscous deformation that can last for thousands of years. During glacial conditions,
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the pressure produced by the growth of large continental ice sheets, such as those

which previously existed in North America and Scandinavia, causes gradual land

subsidence beneath the ice sheets (i.e., in the near field). This subsidence, in turn,

triggers the outward flow of mantle material and the formation of uplifted ’peripheral

bulge’ regions around the boundary of the ice sheet (i.e., isostatic adjustment; Figure

1.2a). When global climate transitions to an interglacial period, ice sheet melting

releases the accumulated pressure, resulting in the back flow of mantle material

and peripheral bulge collapse. Glacially-triggered isostatic adjustment is one of the

few geophysical processes that can be readily observed on human timescales. For

example, RSL in parts of North America is still changing by more than 2 cm/yr due

to ongoing land rebound (Lambeck et al., 2017; Peltier et al., 2015).

Solid Earth deformation can also occur outside near-field regions. For example the

peripheral bulges produced by large continental ice sheets can extend hundreds

of kilometres away from the ice sheet margin (Austermann et al., 2013). When

the formation and collapse of these bulges happens within an oceanic area (Figure

1.2b), this alters the capacity of the ocean basins and the mean height of the sea

surface (so-called ocean siphoning effect, Mitrovica and Milne (2002)). During a

glacial lowstand, many continental shelves far away from large ice sheets will be

sub-aerially exposed. Following GMSL rise caused by ice sheet melting, such areas

will be submerged and loaded by the ocean causing them to be flexed downwards

while the margins of the continents are flexed upwards (Lambeck and Nakada, 1990).

By modelling the ocean siphoning and continental levering effects, the majority of

the global sea-level highstand observed during the mid-Holocene can be explained

without invoking a substantial change in global ice volume (Mitrovica and Milne,

2002).

Calculating the gravitational change caused by water and mantle mass redistribution

is another component of a GIA model, which can change the shape of the geoid (the

equipotential ocean surface in the absence of dynamic forcing by atmospheric and

oceanic circulation). As shown in Figure 1.2a, continental ice sheets can exert a large

gravitational force, causing water in the adjacent ocean to be pulled towards them,

which increases RSL in the near field of the ice sheets and reduces RSL in the far-field.
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Figure 1.2: Solid Earth deformation and sea-level change. (a) Ice sheet losing
mass results in solid Earth rebound and a decrease in sea surface height due to the
decreased gravitational attraction of the ice sheet. Both processes cause near-field
relative sea-level fall. Relative sea level rises in the far field due to the addition of
meltwater to the ocean. (b) Ongoing solid Earth relaxation after disappearance of
the ice sheet. Ocean syphoning is the process whereby peripheral bulge subsidence
increases the capacity of the ocean; the result is a fall in mean sea surface height.
Solid lines indicate original positions; dashed lines indicate new positions. Figure
reproduced from Whitehouse (2018).

Conversely, when an ice sheet starts to melt, the near-field geoid will fall due to a

reduction in the gravitational pull of the ice, causing net water movement from the

near field to the far field. Large water/mantle mass movement also causes Earth’s

rotation axis to move towards the region of mass loss (i.e., rotational feedback, see

Figure 1.3). Such movement of the rotational axis can substantially alter the geoid

(Mitrovica and Milne, 1998) and generate elastic deformation (Han and Wahr, 1989),

both of which drive azimuthal asymmetric sea-level change (Gomez et al., 2015).

It should be noted that, although we describe solid Earth deformation and gravity

change induced sea-level change separately, they are convoluted and can iteratively

impact each other (Spada et al., 2011).
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Figure 1.3: Rotational feedback. (a) Earth’s rotation vector moves towards a region
of mass loss, causing a change in the shape of the solid Earth and the geoid. Relative
sea level rises and falls in opposing quadrants of the Earth. (b) Polar ice loss results
in a decrease in the oblateness of the Earth. Solid lines indicate original positions;
dashed lines indicate new positions. Figure reproduced from Whitehouse (2018).

Numerical modelling of solid Earth deformation and gravitational field variation star-

ted in the 1970’s when Peltier (1974) used Green’s functions and the viscoelastic cor-

respondence principle to formally establish a spherically symmetric, self-gravitating,

non-rotating and radially stratified Earth model with a Maxwell-viscoelastic rheology

to calculate solid Earth deformation in response to a changing surface load. This

theory was then applied by Farrell and Clark (1976) to solve for gravitational field

variation (the so-called sea-level equation) assuming a non-rotating Earth with fixed

ocean area, which defines the gravitationally self-consistent redistribution of meltwater

across the ocean. Thus, given the global ice load history and solid Earth rheology,

spatially varying RSL history can be uniquely determined by solving the sea-level

equation. Following these seminal investigations, extensive theoretical development

of the sea-level equation has been conducted in the following decades to incorporate

time-varying shoreline migration (Johnston, 1993; Lambeck and Nakada, 1990; Wu

and Peltier, 1984), Earth rotational feedback (Mitrovica et al., 2011; Kendall et al.,

2005) and to account for floating ice in shallow basins (Lambeck et al., 2003; Milne

and Mitrovica, 1996).

Although the theory of the sea-level equation has been benchmarked by multiple

groups (Martinec et al., 2018; Spada et al., 2011) and validated by modern geodetic
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observations (Coulson et al., 2022; Peltier et al., 2015; Steffen and Wu, 2011), accurate

modelling of past sea-level change remains challenging due to poorly-understood

solid Earth rheology and global ice history. Since the 1970s, a radially stratified (i.e.,

1-D) Maxwell body has been widely-used to represent solid Earth rheology due to its

adequate performance and great efficiency. However, due to un-explainable misfits

between sea-level records and GIA model predictions that assume a 1-D Maxwell

rheology (e.g., Baril et al., 2023), the sea-level community has recently started to

develop more advanced representations of the solid Earth, including models with

laterally heterogeneous viscosity and lithspheric thickness profiles and alternative

rheological properties (e.g., Burgers/extended Burgers rheology, Ivins et al., 2022;

Caron et al., 2017; non-Newtonian rheology, Kang et al., 2022; and composite rheology

van der Wal et al., 2015). It is not yet confirmed which rheology is the most suitable

solution for modelling past sea-level change and some of them might require large

computational resources that prohibit ensemble based sampling to test uncertain

model parameters like ice history (Peltier et al., 2022). In addition, the erosive

nature of ice means that much of the geological evidence relating to past ice extent

has been destroyed by subsequent ice flow, making ice sheet history arguably the

most uncertain parameter for a GIA model (Tarasov et al., 2012). These outstanding

issues strongly impede the robustness of the resulting RSL predictions produced by

a GIA model. Additionally, there has been very limited success in quantifying the

spatio-temporal pattern of RSL change due to other physical processes (e.g., sediment,

steric and ocean dynamic effects; Gebbie et al., 2019; Pico, 2020) primarily as a

result of limited observations, leaving some components of observed RSL variability

unexplained by numerical models (Simms et al., 2019).

In addition to the challenges of modelling RSL change, the interpretation and dating

of geological sea-level indicators, which can be used to constrain physical models, are

subject to complicated uncertainties. To reconstruct past sea level, a prerequisite is

building a robust relationship between a proxy and the concurrent sea level, which

is often referred to as the "indicative meaning" (Shennan et al., 2018; Horton et al.,

2018). For example, fossil corals and microfossil assemblages (e.g., intertidal diatoms

or foraminifera) can only provide a maximum/minimum estimate of the elevation of
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Figure 1.4: Sea-level indicators and their associated frequency, dating methods
and uncertainties, which are based on the current dataset amassed by the HOLSEA
working group (Khan et al., 2019). (a) Frequency of sea-level indicators, (b) chro-
nological dating methods and (c,d) their associated uncertainties. Note: the coral
reef uncertainties shown here primarily relate to shallow water corals which formed
during the late Holocene, while many of the coral reef records used in Chapter 2 are
deep-water coral (e.g., P. porties) that present much larger uncertainties (e.g., >10
m). Figure reproduced from Khan et al. (2019).

concurrent sea level, and to systematically quantify palaeo sea level by these records,

it is necessary to establish their depth-habitat distribution relative to mean tidal

level (i.e., their indicative ranges; Hibbert et al., 2018). These relationships are

often reconstructed by field-based surveys in modern environments and formalized

through an appropriate numerical technique (e.g., transfer function, Kemp and

Telford, 2015). Although great efforts have been made to carefully interpret the

indicative meaning for each proxy species, sea-level reconstructions are often based

on a common assumption that modern analogues are representative of the past. Such

an assumption, although appropriate given the great difficulty in quantifying the

uncertainty due to environmental change, will inevitably produce some uncertainties
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that are hard to measure (Khan et al., 2019; Hibbert et al., 2016).

Providing an accurate chronology for the RSL reconstruction is another sophisticated

task depending on the specific dating technique employed (Figure 1.4). Taking

radiocarbon dating as an example, to account for temporally variable atmospheric

and oceanic carbon storage in the Northern and Southern Hemisphere, different

calibration curves are needed to convert conventional radiocarbon age measurements

into a calibrated calendar year (Reimer et al., 2020, 2013). The resulting radiocarbon

age distributions are often multimodal and asymmetric, which further complicates

the data-model comparison process (Blaauw and Christen, 2011).

The above-mentioned poorly-constrained physical models along with the observa-

tional data that are subject to complicated uncertainties therefore lead to numerous

non-negligible data-model misfits. These misfits are highlighted by the following

outstanding questions which are not only important in sea-level research, but also in

understanding palaeoclimate change and ice-sheet dynamics:

1. Meltwater Pulse 1A sources: Meltwater pulse 1A is the largest and most

rapid global sea-level rise event of the last deglaciation, characterised by ∼18

m GMSL rise within 340 years (Deschamps et al., 2012). It was driven by

the collapse of vulnerable ice sheet sectors and was concurrent with rapid

Northern Hemispheric warming and disruptions in oceanic and atmospheric

circulation (Fogwill et al., 2017; Buizert et al., 2014). However, the sources of

this rapid GMSL rise event remains elusive with ice sheets from North America,

Scandinavia and Antarctica all having been proposed as the major contributor

(Brendryen et al., 2020; Yeung et al., 2020; Liu et al., 2016; Gregoire et al.,

2016; Gomez et al., 2015; Tarasov et al., 2012; Gregoire et al., 2012; Bassett

et al., 2005; Weaver et al., 2003). This disagreement therefore precludes any

firm understanding of the ice-ocean-climate feedbacks operating during this

period of abrupt climate change (Ivanovic et al., 2018; Menviel et al., 2011).

2. Missing ice problem: This refers to the distinctive imbalance between

observed GMSL rise and the reconstructed amount of ice-sheet melt (Clark

and Tarasov, 2014) since the LGM. Simms et al. (2019) suggest this imbalance
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is 15.6 ±9.6 m sea-level equivalent, even when additional physical processes,

including steric effects and groundwater exchange between the continents and

the ocean, have all been considered. More recently, Gowan et al. (2022, 2021)

conclude that a new ice model with a different spatial distribution of ice

may be able to reconcile this imbalance and therefore solve the missing ice

problem. However, their results have been disputed by Yokoyama et al. (2022)

and Yokoyama and Purcell (2021) who suggest that the RSL data have been

misinterpreted. These active debates reemphasise the importance of reconciling

the missing ice problem, not least because ice sheet height at the LGM is a

fundamental boundary condition which significantly impacts atmospheric and

oceanic circulation and global temperature (Clark and Tarasov, 2014; Clark

et al., 2009).

3. Barystatic sea-level map: A long-standing goal of the palaeo sea-level

modelling community is to locate areas where local RSL approximates global

barystatic sea-level (or GMSL) at a certain time, thus providing guidance to

the field community as they seek to select ideal locations to reconstruct palaeo

GMSL, and thus global grounded ice volume. However, to date, only limited

efforts have been made to examine how the above-mentioned uncertainty in

global ice history impacts the corresponding barystatic sea-level map (Milne

and Mitrovica, 2008). If uncertainties have been underestimated, this can

fundamentally impede the robustness of the resulting barystatic sea-level

reconstruction and the inferred global ice volume.

To better understand the above-mentioned problems associated with post-glacial

sea-level change, this thesis tries to make improvements at three modelling levels

which account for uncertainties associated with geophysical models and sea-level

reconstructions. Firstly, ’process level’ describes the level at which the phenomenon

of interest is modelled or decomposed. For postglacial sea-level change, the majority

of previous studies only used a GIA model to explain the observed sea-level vari-

ability across the globe (Gowan et al., 2021; Peltier et al., 2015; Lambeck et al.,

2014). However, as shown in Figure 1.1, there are other physical processes that can

substantially alter local RSL, hence, efforts should be made to estimate the mag-
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Figure 1.5: Temporal and spatial distribution of the current dataset amassed by the
HOLSEA working group (Khan et al., 2019). (a) Histogram showing the temporal
distribution of different types of index points and limiting data since the LGM. (b)
RSL variability exhibited in the global dataset since the LGM. (c) Spatial distribution
of the global dataset. Note ’this issue’ in this figure refers to a special issue of global
sea-level data compilation by the HOLSEA project (Khan et al., 2019). Figure
reproduced from Khan et al. (2019).

nitude of each physical process contributing to the recorded RSL change variability.

Secondly, ’data level’ characterises the relationship between the phenomenon to be

modelled and the observed data, incorporating measurement, inferential and dating

uncertainty. Because geological records of past sea-level change are derived using a

range of different proxies and dating techniques, each record is subject to different

uncertainties. Aside from that, geological RSL data are often unevenly distributed

across space and time (Figure 1.5), not considering which may strongly bias the

calibration of physical models (Frederikse et al., 2020; Hay et al., 2015). To mitigate

these problems, a well-designed statistical framework is required to consider each

uncertainty source, and the unevenly distributed data density, separately within the

final estimations. Thirdly, ’parameter level’ captures key attributes of the process

and data levels through unobserved physical model parameters (Ashe et al., 2019).

Since the physical model parameters are often not directly observable, to robustly

optimise the model parameters with reliable error quantification, a thorough sampling

of physical model parameters is required. However, this is often prohibited by high-

dimensional parameter spaces and limited computational resources. In this case,

efficient optimisation algorithms or alternative modelling approaches (e.g., simplified

physical models or surrogate models) should be developed accordingly (Tarasov et al.,
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2012).

1.3 Research aims, questions and objectives

Based on the science questions and modelling challenges described above, the overall

aim of this thesis is to develop novel physical and statistical modelling ap-

proaches to improve understanding at process, data and parameter levels

and therefore resolve outstanding postglacial sea-level change questions

relating to MWP-1A sources, the missing ice problem, and the spatio-

temporal evolution of barystatic sea-level. To achieve this aim, three specific

research questions, and their associated objectives are outlined below and framed in

the context of the three modelling levels defined above.

RQ1 How much did the North American, Scandinavian and Antarctic Ice Sheets

contribute to Meltwater Pulse 1A?

(a) Process Level: Use a sea-level fingerprinting approach to translate the MWP-1A

sources detection problem into a series of linear inversion problems.

(b) Data Level: Build probability density distributions for each sea-level change

indicator that account for uncertainty from each source, including measurement,

inferential and dating uncertainty.

(c) Parameter Level: Perform large ensemble modelling using a range of parameter

combinations in order to rigorously quantify the uncertainty associated with

the modelling process.

(d) Compare our sea-level based inversion results with previously published regional

ice-sheet reconstructions.

(e) Investigate the implications of the inferred Meltwater Pulse 1A sources for

palaeoclimate and ice-sheet dynamics.

RQ2 Can we mitigate the missing ice problem by incorporating another physical

process (sediment isostatic adjustment) that has not been considered before?
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(a) Process Level: Develop a sediment deposition model to estimate the SIA impact

on sea-level change using the Great Barrier Reef as an example.

(b) Data Level: Design a platform that incorporates different data sources (e.g., sea-

level data and sediment thickness data) into final sediment deposition history

and SIA signal estimation via a sophisticated error propagation algorithm.

(c) Parameter Level: Perform large ensemble modelling using a range of ice,

sediment and Earth model parameter combinations in order to rigorously

quantify the uncertainty related to each modelled process.

(d) Quantify the spatio-temporal RSL change signal associated with sediment

erosion and deposition across the Great Barrier Reef.

(e) Investigate the implications of considering sediment-induced sea-level change

for the missing ice problem.

RQ3 Where might we find sea-level records that closely approximate barystatic

sea-level change regardless of the detailed geometry of past ice sheet change?

(a) Process Level: Build a statistical emulator (i.e., surrogate model) that mimics

the behaviour of a physics-based GIA model (i.e., calculate global RSL change

based on a given ice history) to enable fast and thorough sampling of the impact

of ice history uncertainty on the spatio-temporal distribution of barystatic sea

level.

(b) Data Level: Collate a set of global ice history models from previous studies that

provide plausible spatio-temporal distributions of global ice variation. Based

on these distributions, create an ensemble of possible ice histories for training

the statistical emulator.

(c) Parameter level: Based on the trained statistical emulator, perform global RSL

emulations using a large ensemble of possible ice histories in order to identify

an ice-history-insensitive barystatic sea-level map.
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(d) Obtain a robust barystatic sea-level map with uncertainty quantification.

1.4 Thesis structure

The thesis comprises six chapters following the Introduction. Chapters 2, 3, and

4 are based on separate research papers that have been either published in, or sub-

mitted to, international peer-reviewed journals. The papers have been reformatted

for self-consistency within the thesis but are otherwise identical to the published

versions. This involved incorporating supplementary information from the published

manuscripts into the last section of each thesis chapter. Some figures within sup-

plementary information have been moved in the main text for better readability

and some of the figure layouts have been re-arranged for better visibility. Note,

compared with Chapter 3 and 4, Chapter 2 has a slightly different structure, with

the methods section being placed at the end of main text (i.e., section 2.5), to fit

the journal requirement. Although the result section (i.e., section 2.3) in Chapter

2 includes some essential information about the method, readers should refer to

section 2.5 for full details of method. All of the papers are co-authored and the

contributions of the authors are noted clearly below, with an emphasis on what my

role and contributions were in each paper. A critical discussion of the key findings

of this thesis in relation to the research questions posed in Section 1.2 is presented

in Chapter 5 (Discussion), along with a discussion of the implications of these

findings for further work on postglacial sea-level change. Finally, the key findings of

this body of work are presented in Chapter 6 (Conclusions).
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Chapter 2

Lin, Y., Hibbert, F.D., Whitehouse, P.L., Woodroffe, S.A., Purcell, A., Shennan, I.

and Bradley, S.L., 2021. A reconciled solution of Meltwater Pulse 1A sources using

sea-level fingerprinting. Nature communications, 12(1), p.2015. doi: 10.1038/s41467-

021-21990-y.

This chapter presents a data-driven inversion approach that employs a glacial isostatic

adjustment model to invert the sources of Meltwater Pulse 1A (MWP-1A) using

sea-level data from six geographically distributed sites. Our results suggest there

were contributions from Antarctica, 1.3 m (0-5.9 m; 95% probability), Scandinavia,

4.6 m (3.2-6.4 m), and North America, 12.0 m (5.6-15.4 m), giving a total global

mean sea-level rise of 17.9 m (15.7-20.2 m) in 500 years (RQ1). Compared with

previous sea-level inversion studies, we include near-field isolation basin data from

northwest Scotland, which enables us to refute an Antarctic-dominant scenario for

MWP-1A. Our inversion results based on sea-level data show good agreement with

most recent regional ice-sheet reconstructions, and may lead to a reconciled solution of

MWP-1A sources. Because our inversion algorithm includes sophisticated treatment

of uncertainties associated with sea-level data and geophysical modelling processes,

the results can readily be used as boundary conditions to describe the global pattern

of meltwater discharge during MWP-1A, which may yield novel insights into the

sequencing of ice-ocean-climate interactions during this recent abrupt climate change

event. A copy of the published paper is supplied in Appendix A.

In this paper, Y.L. led the research, performed the GIA modelling, generated the

sea-level fingerprints, and designed and implemented the statistical inversion frame-

work and sensitivity analysis. Y.L, F.D.H., P.L.W. and S.A.W conceived the scope

and design of the research. Y.L., P.L.W., S.A.W and F.D.H. led the writing of the

manuscript. P.L.W., A.P. and S.L.B. advised Y.L. in performing GIA modelling.

F.D.H., S.A.W and I.S. advised Y.L. in sea-level and field data analysis. Y.L. pro-

duced the first draft of the manuscript. All authors contributed ideas and to the

editing of the manuscript. The paper was edited by Jasper Franke and reviewed by

three anonymous reviewers.
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Chapter 3

Lin, Y., Whitehouse, P., Hibbert, F., Woodroffe, S., Hinestrosa, G. and Webster, J.,

2023. Relative sea level response to mixed carbonate-siliciclastic sediment loading

along the Great Barrier Reef margin. Earth and Planetary Science Letters. doi:

10.1016/j.epsl.2023.118066

This chapter investigates the impact of sediment isostatic adjustment (SIA) on

local RSL variation across the Great Barrier Reef (GBR), the world’s largest mixed

carbonate-siliciclastic sediment system. To estimate the SIA-induced RSL signal, we

use a GIA model to develop an ensemble-based sediment deposition history for the

GBR since Marine Isotope Stage 2. We further develop a Bayesian framework to

calibrate the sediment history ensemble and GIA model parameters conditioned using

a high-quality sea-level database. According to our results, 1853.7 Gt (1613.1-2078.7

Gt; 95% confidence interval) of sediment have been deposited across the GBR since

Marine Isotope Stage 2, causing spatially variable RSL change with the highest

magnitude (0.9-1.1 m) found in the outer shelf of the southern central GBR. Because

the SIA-induced RSL change is unrelated to ice mass change, failing to correct for

this signal will lead to systematic overestimation of grounded ice volume during the

LGM by up to ∼4.3 × 105 km 3. Therefore, it is important to consider the SIA signal

when interpreting postglacial sea-level records recovered from locations adjacent to

large sediment systems, as this can partially mitigate the missing ice problem (RQ2).

A copy of the published paper is supplied in Appendix B.

In this paper, Y.L. designed and led the research, performed the GIA and SIA mod-

elling, created the sediment accumulation models, and designed and implemented

the physical model calibration framework using a statistical SIA emulator. P.L.W.,

F.D.H. and S.A.W provided feedback on the scope and design of the research. Y.L.,

P.L.W., F.D.H. and S.A.W led the writing of the manuscript. G.H and J.M.W guided

Y.L. in building the sediment model. P.L.W. advised Y.L. in performing GIA and SIA

modelling. F.D.H., S.A.W, G.H and J.M.W advised Y.L. in sediment data analysis.

Y.L. produced the first draft of the manuscript. All authors contributed ideas and

to the editing of the manuscript. The paper was edited by Yemane Asmerom and

reviewed by two anonymous reviewers.
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Chapter 4

Lin, Y., Whitehouse, P., Valentine, A.P., and Woodroffe, S., 2023. GEORGIA: a

Graph neural network based EmulatOR for Glacial Isostatic Adjustment. Geophysical

Research Letters (submitted). This chapter documents the first attempt to build a

statistical emulator that can mimic the behaviour of a physics-based GIA model

and is computationally cheap to evaluate. Specifically, our emulator is based on

state-of-the-art graph-based convolutional neural network algorithms, it shows good

emulation accuracy on 150 out-of-sample testing data with 0.54 m mean absolute

error, and it has a fast emulation time (<0.5 seconds). Making use of these two

ideal properties, we build a probabilistic barystatic sea-level map by emulating

10,000 random synthetic global ice models. Our results highlight the Seychelles as

an ideal place to map barystatic sea level throughout the last deglaciation because

RSL at this location only slightly departs from global barystatic sea level, with

minor dependency on the assumed ice history (RQ3). Please note that we focus

on providing a proof-of-concept for building a GIA emulator in this chapter, more

information about the barystatic sea-level map will be provided in Chapter 5. A

copy of the submitted paper is supplied in Appendix C.

In this paper, Y.L. designed and led the research, performed the GIA modelling,

generated the ice history ensembles and implemented the deep-learning framework

for GEORGIA. P.L.W. and A.P.V. provided feedback on the scope and design of the

research. A.P.V guided Y.L. in building the statistical model. P.L.W. advised Y.L. in

performing GIA modelling. A.P.V. and P.L.W. helped Y.L. design the testing experi-

ments. P.L.W. and S.A.W. supported Y.L. in creating example emulator applications.

Y.L. produced the first draft of the manuscript. All authors contributed ideas and

to the editing of the manuscript. The paper has been submitted to Geophysical

Research Letters.
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CHAPTER 2

A reconciled solution of Meltwater Pulse 1A sources using sea-level

fingerprinting

Lin, Y., Hibbert, F.D., Whitehouse, P.L., Woodroffe, S.A., Purcell, A., Shennan, I.

and Bradley, S.L., 2021. A reconciled solution of Meltwater Pulse 1A sources using

sea-level fingerprinting. Nature communications, 12(1), p.2015. doi: 10.1038/s41467-

021-21990-y.
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2.2. Introduction

2.1 Abstract

The most rapid global sea-level rise event of the last deglaciation, Meltwater Pulse

1A (MWP-1A), occurred ∼14,650 years ago. Considerable uncertainty regarding

the sources of meltwater limits understanding of the relationship between MWP-1A

and the concurrent fast-changing climate. Here we present a data-driven inversion

approach, using a glacio-isostatic adjustment model to invert for sources of MWP-1A

via sea-level constraints from six geographically distributed sites. The results suggest

contributions from Antarctica, 1.3 m (0-5.9 m; 95% probability), Scandinavia, 4.6

m (3.2-6.4 m) and North America, 12.0 m (5.6-15.4 m), giving a global mean sea-

level rise of 17.9 m (15.7-20.2 m) in 500 years. Only a North American dominant

scenario successfully predicts the observed sea-level change across our six sites and an

Antarctic dominant scenario is firmly refuted by Scottish isolation basin records. Our

sea-level based results therefore reconcile with field-based ice-sheet reconstructions.

2.2 Introduction

Meltwater Pulse 1A (MWP-1A) was the largest and most rapid global sea-level rise

event of the last deglaciation, characterised by ∼20 m global mean sea-level (GMSL)

rise within 500 years (Deschamps et al., 2012; Lambeck et al., 2014). It was driven by

the collapse of vulnerable ice sheet sectors, and was concurrent with rapid Northern

Hemispheric warming and disruptions in oceanic and atmospheric circulation (Buizert

et al., 2014; Fogwill et al., 2017). The ice-ocean-climate feedbacks operating during

this period are not well understood largely due to a lack of consensus on the sources

of MWP-1A (Menviel et al., 2011; Ivanovic et al., 2018), which, in turn, were likely

to be a key driver in stimulating rapid deglacial climate change (Liu et al., 2009;

Ivanovic et al., 2017; Obase and Abe-Ouchi, 2019).

Two major techniques have been used to constrain the sources of MWP-1A. The first

uses physics-based models, constrained by field-based glacio-geological evidence, to

simulate regional ice sheet change during the last deglaciation (Tarasov et al., 2012;

Gregoire et al., 2012; Golledge et al., 2014). This approach is restricted by large
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uncertainties regarding palaeo ice-sheet boundary conditions, climatic conditions,

and ice-sheet model parameters. Ice histories derived using this approach do not

always match sea-level observations (Gregoire et al., 2012). Conversely, the second

method seeks to reconcile ice-sheet change with spatially variable records of sea-

level change using a glacio-isostatic adjustment (GIA) model (Bassett et al., 2005;

Deschamps et al., 2012; Liu, 2013; Liu et al., 2016), an approach often termed

‘sea-level fingerprinting’ (Mitrovica et al., 2001; Clark et al., 2002). The primary

limitation of sea-level fingerprinting is the spatial and temporal scarcity of sea-level

records across MWP-1A. Commonly, only three sites are used (Tahiti, Barbados and

Sunda Shelf), resulting in an under-constrained problem and strongly non-unique

solutions (Clark et al., 2002; Gomez et al., 2015; Liu et al., 2016). Other techniques,

e.g., analysis of the oceanographic (Weaver et al., 2003; Ivanovic et al., 2017; Yeung

et al., 2020) or isotopic (Wickert et al., 2013) effects of specific meltwater sources,

add further constraints, but the primary source of MWP-1A remains controversial

with three ice sheets proposed as the major contributor, namely, the North American

Ice Sheet, including Greenland (NAIS, Tarasov et al., 2012; Lambeck et al., 2014;

Peltier et al., 2015), the Antarctic Ice Sheet (AIS, Bassett et al., 2005; Deschamps

et al., 2012) and the Scandinavian and the Barents Sea Ice Sheet (henceforth denoted

together as SIS, Brendryen et al., 2020). The reason why Greenland is included as

part of the NAIS is because previous modelling studies suggest that Greenland only

made a minor contribution to MWP-1A (Peltier et al., 2015; Lambeck et al., 2014)

and adding it as an independent source of ice melt would significantly amplify the

non-uniqueness problem.

In this work, we combine a new data-driven inversion approach with sea-level

fingerprinting to simultaneously derive probability distributions for the magnitude

and sources of MWP-1A based on sea-level records from six geographically distributed

sites. The results indicate a 17.9 m (15.7-20.2 m; 95% probability) of global mean

sea-level rise over 500 years during MWP-1A, which consists of a dominant NAIS

contribution (accounting for 35-85% of total MWP-1A magnitude), a substantial

SIS contribution (20-35%) and a minor AIS contribution (0-35%). Unlike previous

sea-level fingerprinting studies (Liu et al., 2016; Bassett et al., 2005), our results
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show good agreements with recent regional ice-sheet reconstructions (Tarasov et al.,

2012; Peltier et al., 2015; Lambeck et al., 2017; Brendryen et al., 2020; Gomez et al.,

2020; Albrecht et al., 2020), which may lead to a reconciled solution of MWP-1A

sources.

2.3 Results

2.3.1 Sea-level fingerprint approach

To robustly fingerprint the sources of MWP-1A, three main challenges need to be

overcome. First, the above-mentioned non-uniqueness problem. Previously, only

three sea-level sites showed sufficient temporal resolution for fingerprinting studies

across MWP-1A (Gomez et al., 2015; Liu et al., 2016), namely, coral reef records

from Tahiti (Bard et al., 1996; Deschamps et al., 2012) and Barbados (Fairbanks,

1989; Fairbanks et al., 2005; Abdul et al., 2016) and sedimentary indicators from

Sunda Shelf (Hanebuth et al., 2000). The geographical distributions of these sites do

not permit the separation of meltwater sources from the AIS and SIS (Figure 2.1).

Second, the relationship between coral living depth and environmental conditions,

as well as the link between reef accretion and sea level change (Neumann, 1985;

Woodroffe and Webster, 2014), is not straightforward and may differ between different

localities (Chappell, 1980; Bard et al., 2016; Hibbert et al., 2016). This can add

considerable complexity when interpreting coral sea-level indicators. Third, most

previous fingerprinting studies assumed a minor SIS contribution to MWP-1A (1-2.5

m) (Bassett et al., 2005; Deschamps et al., 2012; Gomez et al., 2015; Liu et al., 2016).

This is challenged by a recent chronological reinterpretation of the SIS ice history

that proposes the SIS was a major MWP-1A contributor (Brendryen et al., 2020).

Such a large SIS contribution has not yet been tested using sea-level fingerprinting.

We address these challenges via three major methodological advances. First, we

increase the number of sea-level sites, with data from extensive coral and coralline

algae deposits on the Great Barrier Reef at Hydrographer’s Passage (HYD) and

Noggin Pass (NOG; Webster et al., 2018; Yokoyama et al., 2018), and isolation
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Figure 2.1: Ice melt geometries and normalised sea-level fingerprints used in this
study, associated with ice mass loss from (a,d) the NAIS, (b,e) the AIS and (c,f)
the SIS. (a,c) The reconstructed MWP-1A ice melt geometries from Lambeck et al.
(2017) and BRITICE-CHRONO Bradley et al., 2018. (b) The LGM-to-present West
AIS melt geometry from Whitehouse et al. (2012a) (see section 2.5 for details). The
cyan triangles and text denote the location and name of each sea-level site. HYD =
Hydrographer’s Passage, NOG = Noggin Pass, both from the Great Barrier Reef;
NW Scotland = Northwest Scotland.

basin stratigraphies from Northwest Scotland (Figure 2.1, Shennan et al., 1996, 1994,

2000). Where necessary, a standardisation is applied to ensure that the sea-level

index points (SLIPs) only reflect the sea-level fingerprint of MWP-1A (see section

2.5). Second, based on these standardised SLIPs, we estimate the local rate and

magnitude of relative sea-level (RSL) change across MWP-1A at each of our six sites

using a Monte Carlo (MC) linear regression approach to capture the vertical and

chronological uncertainties of the sea-level indicators. Third, these local MWP-1A

magnitudes of RSL change are used to invert for the global magnitude, and regional

partitioning via fingerprinting of NAIS, AIS, and SIS change.

Our approach relies on the assumption that SLIPs can be used to map out the

fingerprint of ice-sheet change. A sea-level fingerprint reflects the global geoid

variation and instantaneous elastic solid Earth response to ice mass change (Mitrovica

et al., 2001; Clark et al., 2002), also known as the elastic component of RSL change
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(Gomez et al., 2015). Assuming the NAIS, AIS and SIS were the only contributors to

MWP-1A, the global pattern of RSL change caused by melt from these ice sheets can

be identified as a linear combination of three spatially variable sea-level fingerprints

(Figure 2.1d-f), each scaled by the eustatic contribution from the related ice sheet

(Clark et al., 2002). Before using SLIPs to map out the fingerprint of MWP-1A,

three issues must be addressed (i.e., our standardisation). The first only affects

our Northwest Scotland data. RSL change here contains a large local GIA signal

associated with changes to the British-Irish Ice Sheet (BIIS). We determine a local

GIA correction for all these SLIPs to isolate the GIA signal associated with non-local

ice sheet change (see section 2.5, Figure 2.2f; Bradley et al., 2011; Liu, 2013). The

second issue concerns the spatial gradient of the sea-level fingerprint between coring

locations within one site (e.g., >10km wide; Liu et al., 2016). This affects the Sunda

Shelf and Northwest Scotland data and is accounted for by subtracting the time-

specific sea-level gradient between each SLIP and a reference location. The corrected

SLIPs represent RSL at a single locality (red stars in Figure 2.2c,f and Figure S2.2,

see section 2.5). Lastly, for all SLIPs, we remove the age- and location-specific

viscous component of RSL change. This correction accounts for the viscous solid

Earth response to changes in surface loading and the accompanying change in geoid

height caused by ice-sheet variation prior to and during MWP-1A (see section 2.5).

We determine all three corrections using the mean of a GIA model ensemble that

accounts for uncertainties associated with global ice history and mantle properties

(see section 2.5). Because we focus on the centennial timescale of MWP-1A, our GIA

corrections are not strongly sensitive to choice of mantle properties (see Figure S2.3),

and hence neglect of heterogeneity (i.e., 3-D Earth structure; Austermann et al.,

2013) should not bias our results.

2.3.2 Estimating local sea-level change across MWP-1A

The standardised SLIPs constrain local MWP-1A magnitude at each site. We use

a conservative time window of 14.65-14.00 ka BP to select SLIPs at each site that

clearly mark the initiation and termination of MWP-1A, enabling us to capture

the full magnitude of MWP-1A sea-level rise. Ideally, only records with mean
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ages within this window will be selected, but for sites with insufficient temporal

coverage we include records whose 2σ age error bars extend into it. We estimate

local MWP-1A magnitude from the SLIPs using a MC linear regression method,

which captures any asymmetric depth and age uncertainties of different types of

sea-level indicators by randomly sampling their uncertainty distributions. We use two

approaches to represent indicative depth distributions of coral sea-level indicators; an

empirically-derived distribution from modern coral analogues (the empirical scenario)

and a uniform distribution, using palaeo-water depths from original publications (the

uniform scenario; Hibbert et al., 2016, 2018). For non-coral SLIPs, both scenarios

adopt a uniform indicative depth distribution based on original publications. The

MC sampling process also accounts for the error propagation associated with any GIA

correction that is appiled, the elevation measurements, and the tectonic correction

uncertainties (see section 2.5). We calculate chronological probability distributions

following the methodology of Hibbert et al. (2018), accounting for multimodal,

asymmetric 14C age distributions and age reliability screening (see section 2.5).

MC linear regression, using randomly selected data points and a weighted least square

method, determines the local MWP-1A RSL rise rate at each site (see section 2.5).

We integrate this linear rate to determine the magnitude of RSL change over the

assumed duration of MWP-1A (500 years in this study). We exclude, as implausible,

regressions producing a reverse slope (i.e., a sea-level fall). Repeating this process

20,000 times (excluding the implausible iterations) produces distributions of local

MWP-1A magnitude for each site (Figure 2.2 and 2.3a). Because our results are

derived from the averaged sea-level rise rate throughout MWP-1A, they are linearly

scalable to any assumed duration of MWP-1A.

The viscous component of RSL change has a significant effect on local sea-level

change during MWP-1A. Far-field localities (Tahiti, Sunda Shelf, HYD and NOG)

will have experienced local sea-level fall associated with the redistribution of water to

regions experiencing peripheral bulge subsidence and due to the ocean load-induced

continental levering effect (i.e., we refer to the combined effect as ’ocean siphoning’,

Mitrovica and Milne, 2002; Figure S2.3 and S2.4). Not considering this effect leads

to ∼1 m underestimate of the local RSL magnitude. Conversely, Northwest Scotland

25



2.3.2. Estimating local sea-level change across MWP-1A

will have experienced 0.8 m local RSL rise during MWP-1A mainly due to subsidence

of the SIS peripheral bulge. Being an intermediate-field site, Barbados experienced

both ocean siphoning and peripheral bulge subsidence during MWP-1A. The effects

of these two signals roughly balance each other (Figure S2.3 and S2.4). It should

be noted that given the exponential-like form of postglacial decay, the non-linear

viscous signal associated with ice melt during MWP-1A is approximately double the

linear pre-MWP-1A viscous signal (see section 2.5), a point largely unconsidered in

previous work (Liu et al., 2016). We recommend both viscous signals be considered

in future meltwater source inversion studies.

At Tahiti, our inversion is tightly constrained by samples containing vermetid gastro-

pods (yellow error bars in Figure 2.2a) that indicate very shallow environments (< 5

to 6 m (Cabioch et al., 1999; Camoin et al., 2012; Deschamps et al., 2012)). Most

of the other Tahiti coral samples were identified as Porites sp. (Deschamps et al.,

2012). Modern analogues (the empirical scenario) suggest a bimodal depth-habitat

distribution concentrated at 0-15 m and 40-50 m (Hibbert et al., 2018). This bimodal

empirical distribution was generated from a global compilation, and given insufficient

modern observations at Tahiti, we consider it a ‘maximum’ vertical depth-range

for this species. Comparatively, the palaeo-water depths derived from coral-algal

assemblages (our uniform scenario) suggest depths of 0-10 m or even 0-20 m (Camoin

et al., 2007, 2012). Therefore our empirical scenario yields a larger uncertainty range

for the MWP-1A magnitude (13.6-30.9 m for a 500-year duration; 95% confidence

interval; CI) than the uniform scenario (15.5-26.6 m, see uniform scenario results in

Figure S2.6). Under a 340-year duration, our result suggests a 14.5 m sea-level rise

(18.7 m if only using the vermetid gastropods records), similar to a previous estimate

of 12-22 m (Deschamps et al., 2012).

Because the two Great Barrier Reef sites experienced reef demise and landward

migration across MWP-1A, SLIPs from HYD and NOG only show a rapid ∼10

m sea-level rise ∼14.6-14.4 ka BP with no clear post-MWP-1A marker until the

initiation of new coral reefs at ∼13.0 ka BP (Figure 2.2d,e, Webster et al., 2018;

Yokoyama et al., 2018). To estimate the MWP-1A magnitude at these sites, we

determined RSL at 14.0 ka BP by extrapolating back from the large number of
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Figure 2.2: Estimated local MWP-1A sea-level rise trend at six selected sites using
our ‘empirical’ scenario. Blue-green-yellow shading indicates the data-point-specific
probability density accounting for age and depth uncertainties. The depth uncertainty
for coral-based SLIPs (a,b,d,e) was determined using modern ecological data (the
empirical scenario), some of which present a bimodal habitat depth, resulting in
complex data clouds. For the uniform scenario, see Figure S2.6. The median and
95/68% confidence interval (CI) were determined by 20,000 MC simulations (see main
text). Black/cyan error bars reflect uncertainty ranges associated with viscous and
spatial signal corrections applied to SLIPs that were selected/unselected to train the
MC model. Vertical and horizontal bars indicate combined depth uncertainty and 2σ
age error. (a) The selected coral samples containing vermetid gastropods highlighted
in yellow. (c, f) A spatial sea-level gradient correction was applied to ensure all
SLIPs represent sea level at a single locality (reference site, denoted by red stars) in
Sunda Shelf and Northwest Scotland. Triangles with different colours correspond
to different localities, their vertical position indicates the original elevation prior to
spatial gradient correction. (d, e) Orange error bars indicate the extrapolated point,
the extrapolation process is shown in the subplot. (f) SLIPs have been corrected for
the local GIA signal using the BRITICE-CHRONO ice model with 120 Earth models.
GIA modelling uncertainty is incorporated into the error bars and data clouds.

SLIPs between ∼13.0 and 12.0 ka BP (see section 2.5 and Figure S2.5). Based on

the extrapolated points, our bimodal empirical distribution yields larger MWP-1A

uncertainty ranges of 12.0-32.7 m and 7.3-37.7 m for HYD and NOG (95% CI; 500

years) than the counterpart generated by the uniform scenario (9.3-31.9 m and

11.5-28.2 m, Figure 2.3a), with both showing good agreement with Tahiti.

At Sunda Shelf, temporally clustered SLIPs with ∼0.4 ka age uncertainties (2σ;
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Figure 2.2c) provide a poor constraint on RSL rise, with ∼35% of MC simulations

producing a reverse slope. We therefore only use weighted least square (without

MC simulation) to calculate the local MWP-1A RSL magnitude, fitting to the mean

of the age/depth distribution of each SLIP, which was assumed to be normally

distributed. We exclude one data point, from site 18302 (cyan error bars in Figure

2.2c), because it is inconsistent with other SLIPs from this region (dated ∼14.2 ka

BP but suggests 5 m lower RSL than SLIPs at 14.4 ka BP) and would strongly

bias the local MWP-1A magnitude estimation. These modified regression conditions,

combined with the 2-5 m between-site sea-level gradient corrections (Figure S2.2),

produce a large uncertainty range for the MWP-1A magnitude, 0-35.7 m (95% CI,

median 15.5 m). Compared with MWP-1A magnitude estimates for other far-field

sites, this median value is slightly lower (Figure 2.3a), likely due to SLIPs from site

18301 (yellow triangles in Figure 2.2c) indicating 10-15 m lower RSL than other

SLIPs of a similar age. The RANSAC outlier detection algorithm (Fischler and

Bolles, 1981) suggests, with >90% probability, that these index points are outliers,

and excluding them yields a ∼21.7 m MWP-1A magnitude. However, we choose to

retain them for our analysis, and the large uncertainty range, because the MWP-1A

partitioning results do not strongly depend on the local MWP-1A magnitude at

Sunda Shelf (see section S2.2).

At Barbados, a recent coral-based sea-level reconstruction (Abdul et al., 2016)

significantly improved the temporal control on local RSL at the termination of

MWP-1A; two samples at ∼14.0 ka BP in Figure 2.2b were not available to former

studies (Deschamps et al., 2012; Liu et al., 2016). Constrained by these new SLIPs,

both empirical and uniform scenarios yield a tight 95% confidence range of 12.1-20.0

m and 12.8-18.2 m with a common median of ∼15.5 m (500-year MWP-1A duration;

Figure 2.3a). Linearly scaling to 340 years yields a median of 10.7 m, which is lower

than previous estimates of ∼15 m (Deschamps et al., 2012) or 9.7-33.6 m (Liu et al.,

2016), and lower than our estimated MWP-1A magnitudes at other far-field sites.

A low MWP-1A magnitude is also observed in Northwest Scotland. After correcting

for the local GIA signal and the spatial sea-level gradient, we identify an 8.6 m

MWP-1A magnitude (500-year duration) within a 95% confidence range of 3.9-17.3 m
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Figure 2.3: Probability distributions of (a) local MWP-1A magnitudes, (b) total
MWP-1A magnitude and contribution from each ice sheet, assuming a 500-year
duration. The two sides of each violin plot correspond to the empirical (orange)
and uniform (blue) scenarios used to represent coral living depths. For non-coral
SLIPs (Sunda Shelf and Northwest Scotland), both scenarios adopt a uniform
distribution, small differences between the two sides are associated with different
viscous signal corrections. Grey error bars in (a) represent the predicted local MWP-
1A magnitude (95% probability) calculated using the inverted MWP-1A sources in
(b). All probability density functions derived by Gaussian kernel density estimation,
and all inversion results are exclusively non-negative.

(Figure 2.3a). The majority of this uncertainty is associated with the three ice models

used to determine the local GIA signal, ANU (Lambeck and Purcell, 2001; Lambeck

et al., 2014), PATTON2017 (Patton et al., 2016, 2017) and BRITICE-CHRONO

(Clark et al., 2018), with only minor uncertainty associated with Earth parameters

(see section 2.5 and Figure S2.7). Although the three BIIS models yield relatively

large differences regarding the magnitude of the local GIA signal, they provide good

consensus on the local elastic-induced MWP-1A sea-level rise magnitude: 9.0 m for

ANU, 8.9 m for PATTON2017 and 7.7 m for BRITICE-CHRONO (see section S2.1).

The low MWP-1A magnitude observed in Barbados and Northwest Scotland indicate

a dominant contribution to MWP-1A from their nearby ice sheets (i.e., the SIS and

NAIS, see Figure 2.1).

2.3.3 MWP-1A source inversion

For each of our 20,000 MC simulations of local MWP-1A magnitude, we adopted a non-

negative weighted least square algorithm (Lawson and Hanson, 1995) to optimise the

contribution of the NAIS, AIS and SIS to MWP-1A based on sea-level fingerprints
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generated using realistic deglaciation geometries (Figure 2.1a-c; see section 2.5;

Whitehouse et al., 2012a; Hughes et al., 2016; Lambeck et al., 2017; Clark et al.,

2018). The use of a non-negative least square algorithm is appropriate here because

we assume that ice sheet growth during MWP-1A would be implausible. We also

tested alternative sea-level fingerprints based on MWP-1A ice melt geometries from

ICE6G_C (Peltier et al., 2015), GLAC-1D (Tarasov et al., 2012) and G12 (Gregoire

et al., 2012; Gomez et al., 2015) for the NAIS and PATTON2017 (Patton et al., 2016,

2017) for the SIS, which results in a negligible difference to our results (Table S2.3).

The optimisation process was repeated six times, each time removing one site from

the six-site database to quantify the bias associated with data over-dependency and

assess the consistency of the overall results (i.e., jackknife resampling). We achieve a

bias-corrected inversion of MWP-1A magnitude and sources by subtracting the bias

(i.e., difference between overall jackknife ensemble mean and original results) from

the original inversion result (Figure 2.3b). The averaged 95% CI of the empirical

and uniform scenarios gives GMSL rise during MWP-1A between 15.6 and 20.3 m

(mean 17.9 m, Figure 2.3b). The SLIPs prefer a dominant NAIS contribution to

MWP-1A of 13.1 m (6.0-18.3 m), a substantial contribution from the SIS of 3.3 m

(0.5-6.0 m) and a small contribution from the AIS of 1.5 m (0-6.9 m). The jackknifing

results (i.e., inversion results when each site is excluded in turn) are generally in

agreement (Figure S2.8), pointing to a dominant NAIS contribution and a minor AIS

contribution, but they highlight the non-uniqueness of the solution when near-field

sites are excluded (section S2.2).

Our GMSL rise magnitude is primarily constrained by data from Tahiti, Sunda Shelf,

HYD and NOG because they are relatively insensitive to the origins of the meltwater

(Figure 2.1), in contrast to Barbados and Northwest Scotland. For Barbados, melt

from the NAIS is the only scenario that produces a considerably reduced local

sea-level rise (20% less than the global mean, Figure 2.1d). A dominant NAIS

contribution is therefore required to produce ∼15.5 m sea-level rise at Barbados

under a 17.9 m GMSL rise scenario. NAIS melting also results in reduced RSL rise

in Northwest Scotland (25% less than the global mean), but to match the observed

8.6 m sea-level rise at this site (<50% of the GMSL magnitude) requires a significant
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Figure 2.4: RSL predictions using the modified ANU model (ANU_MWP) compared
with published sea-level index points. Error bars show depth range and 2σ age
uncertainties provided by original studies. The vertical band indicates the duration
of MWP-1A assumed in the ANU ice model (14.5-14.0 ka BP). (f) Orange solid
line indicates the RSL prediction generated using the optimum Earth model (65 km
lithospheric thickness, 4/200 × 1020 Pa s upper/lower mantle viscosity) instead of
the ensemble mean as in a-e. By combining our MWP-1A solution with this optimum
Earth model in Scotland, we achieve a good fit to RSL data and meanwhile avoid a
local RSL oscillation. (g) RSL predictions for four Northwest Scotland sites generated
using the optimum Earth model in combination with two MWP-1A scenarios with:
one that uses the ensemble mean inversion result of this study (orange solid lines)
and one where the AIS contributes 5 m to MWP-1A (black dashed lines). The
isolation basin stratigraphies indicates no RSL oscillation in Northwest Scotland
during MWP-1A. (h) Ice history modifications, solid and dashed lines represent the
ANU and ANU_MWP model, respectively. Note the different axis.

MWP-1A contribution from the SIS. Our inversion approach for the partitioning of

melt between the NAIS, AIS, and SIS, successfully reproduces the local MWP-1A

magnitude at our six sites (Figure 2.3a, grey error bars).

Our inversion results are used to predict deglacial RSL change at our six sites by

incorporating our new MWP-1A ice history into the ANU ice model (denoted the

ANU_MWP model, Figure 2.4h; see section 2.5). The RSL predictions (Figure

2.4a-f) show good fit to the data at all six sites. In particular, predictions at four sites

across Northwest Scotland show monotonic sea-level fall during MWP-1A (Figure

2.4g), which is supported by the stratigraphic interpretation of isolation basins that

were isolated shortly before or during MWP-1A, and where no RSL oscillation is

recorded (Figure S2.11 and S2.12; Shennan et al., 1994, 1996, 2000, 2018). This

condition of no RSL oscillation during MWP-1A can only be achieved if the rate of
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2.3.3. MWP-1A source inversion

Figure 2.5: Probability density functions of the averaged inversion result of the
empirical and uniform scenarios after applying the sea-level oscillation limit. Shaded
areas indicate 95/85/70% probability range.

RSL rise due to far-field melt did not outpace land uplift due to local GIA (detailed

interpretation in section S2.3). Modelling of the local GIA signal suggests the largest

plausible rate of land uplift at Arisaig (one of the sites in Northwest Scotland) is 9.8

m in 500 years (section S2.3). After accounting for 0.8 m sea-level rise caused by the

viscous effects of GIA, to avoid a local sea-level oscillation, the RSL fingerprint of

MWP-1A cannot exceed ∼9 m within 500 years. We refer to this as the ‘sea-level

oscillation limit’. Under the scenario of 17.9 m GMSL rise, this 9 m limit is exceeded

for any substantial AIS contribution because sea-level rise due to melt from the

AIS is amplified by 10% across Scotland (Figure 2.1e). We assessed the potential

consequence of a 5 m AIS contribution to MWP-1A (with the NAIS contribution

equivalently reduced, see section 2.5). This produces a distinct 2,000-year RSL

oscillation following the start of MWP-1A (black dashed lines in Figure 2.4g). The

stratigraphic evidence firmly refutes such an oscillation (Shennan et al., 2018). In

summary, the isolation basin evidence supports a minor AIS, a substantial SIS and a

dominant NAIS contribution scenario.

We recalculate uncertainty ranges for our inversion results by imposing a 9 m upper

limit on the local MWP-1A magnitude in Northwest Scotland to avoid a local sea-

level oscillation. The resulting 95% probability range of the averaged empirical

and uniform scenarios suggests a total GMSL rise of 17.9 m (15.7-20.2 m), which

consists of a dominant NAIS contribution of 5.6-15.4 m (accounting for 35-85% of

total MWP-1A magnitude), a substantial SIS contribution of 3.2-6.4 m (20-35%)

and a minor AIS contribution of 0-5.9 m (0-35%) with median values of 12.0, 4.6

and 1.3 m, respectively (Figure 2.5).
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2.4 Discussions

Our estimates show good agreement with recent field-based ice-sheet reconstructions

for the NAIS and AIS (Table S2.2). Conversely, most SIS regional reconstructions

propose a 1-2.5 m contribution (Lambeck et al., 2014; Hughes et al., 2016; Patton

et al., 2017), considerably lower than our estimate. A possible reason for this

discrepancy is previous studies are commonly based on radiocarbon chronology

that assumes a temporally constant Scandinavian marine radiocarbon reservoir age,

which suggests the southern Barents Sea sector collapsed well before MWP-1A (see

Figure 2.4h). A recent study adopts a temporally varying Scandinavian marine

radiocarbon reservoir age to reinterpret the chronology of SIS retreat and suggests

the southern Barents Sea sector may have collapsed during MWP-1A, accompanied

by marginal retreat of the Scandinavian Ice Sheet, contributing 4.0-7.4 m to GMSL

rise (we calculate the eustatic contribution by subtracting the volume of ice below

flotation, as defined in the PATTON2017 ice model, Patton et al., 2017, from the

total ice volume change, Brendryen et al., 2020), similar to our estimate. We suggest

a substantial SIS contribution is essential to reconcile the gap between regional

ice-sheet reconstructions and global sea-level fingerprinting (see Table S2.2), and

thus close the MWP-1A global sea-level budget. Such a substantial freshwater input

to the Nordic Sea (∼0.12 sverdrup), combined with NAIS freshwater routed along

the Mackenzie River into the Arctic, may have contributed to a weakening of this

‘limb’ of the Atlantic Meridional Overturning Circulation (McManus et al., 2004),

potentially helping to explain the termination of Bølling warming and the initiation

of the Older Dryas stadial (Weaver et al., 2003; Swingedouw et al., 2009; Ivanovic

et al., 2017).

Based on our inversion results, we hypothesise that MWP-1A was triggered by rapid

disintegration of Northern Hemispheric ice sheets, which account for at least 65%

(95% probability) of GMSL rise during this period. Rapid disintegration of the NAIS

and SIS has been proposed to be consistent with the operation of ice-sheet saddle

collapse (Gregoire et al., 2012, 2016) and unstable ice grounding line retreat (Mercer,

1978; Pollard et al., 2015) forced by abrupt Northern Hemispheric atmospheric and
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oceanic warming (McManus et al., 2004; Buizert et al., 2014). However, the detailed

ice dynamic behaviour of these two ice sheets remains elusive. Although most recent

studies suggest that saddle collapse between the Western Laurentide and Cordilleran

Ice Sheets was a major contributor to MWP-1A (Gregoire et al., 2012; Tarasov

et al., 2012; Peltier et al., 2015; Gomez et al., 2015; Lambeck et al., 2017), a recent

study based on the Bering Strait flooding history suggests this saddle collapse did

not operate until the Younger Dryas and the NAIS contribution to MWP-1A solely

originated from the Eastern Laurentide Ice Sheet (Pico et al., 2020). Similarly, for the

SIS, the new southern Barents Sea sector collapse chronology proposed by Brendryen

et al. (2020) is yet to be validated.

To test the sensitivity of our inversion results to alternative ice melt configurations,

we separated the NAIS into the Western and Eastern NAIS (separated by 110° W,

as defined in Pico et al., 2020) and generated two sea-level fingerprints using the

ICE6G_C model (Peltier et al., 2015). We solve for the contribution of these two

NAIS sectors to MWP-1A separately along with the AIS and SIS. The results yield

4.4 m (0-12.5 m; 95% CI) and 8.7 m (0-16.8 m) contributions from the Western

and Eastern NAIS, respectively, with little change to the AIS and SIS contributions

(Table S2.3). The total NAIS contribution is similar to our original inversion and this

NAIS partitioning is consistent with recent NAIS reconstruction studies (Tarasov

et al., 2012; Peltier et al., 2015; Gowan et al., 2016a; Lambeck et al., 2017), but due

to the limited sea-level sites available, we cannot robustly determine the relative

contribution from these two NAIS sectors. For the SIS, we replace the adopted SIS

sea-level fingerprint (Figure 2.1f, reflecting ice melt from northern Barents Sea and

eastern Fennoscandia) with a fingerprint generated using an ice melt geometry that

is predominantly sourced from the southern Barents Sea (from the PATTON2017

model, Patton et al., 2017). The impact on the inferred MWP-1A contribution

from each ice sheet is < 0.3 m (Table S2.3). Therefore, our results are not strongly

sensitive to the assumed ice melt geometry.

Our results suggest the AIS was relatively stable during the concurrent Antarctic

Cold Reversal (Parrenin et al., 2007), which is consistent with recent AIS modelling

studies (Gomez et al., 2018; Albrecht et al., 2020; Gomez et al., 2020). Based on
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our melt geometries, MWP-1A induced 15-18 m local RSL rise across the AIS. This

may have started to destabilise the AIS (Gomez et al., 2018; Whitehouse et al., 2019;

Gomez et al., 2020), eventually leading to substantial AIS retreat from 13 ka BP

(Anderson et al., 2014).

Our inversion, which includes sophisticated treatment of uncertainties associated

with sea-level data and geophysical modelling processes, provides the first calibration

of MWP-1A contributions from the NAIS, AIS and SIS that is consistent with

both sea-level constraints and regional ice-sheet reconstructions. In particular, our

MWP-1A partitioning is supported by Scottish isolation basin stratigraphies, which

can only be fit by a minor Antarctic contribution. Use of our results to prescribe the

global pattern of meltwater discharge during MWP-1A (Ivanovic et al., 2016) may

yield novel insights into the sequencing of ice-ocean-climate interactions during this

recent abrupt climate change event.

2.5 Methods

2.5.1 Inversion strategy

We solve for the meltwater contributions from the NAIS, AIS, and SIS that best fit

observations of relative sea-level (RSL) change across MWP-1A (∆RSLObs). RSL

change takes place due to changes in the shape of the solid Earth and the sea surface,

with the latter being defined by the shape of Earth’s gravity field. Because the solid

Earth behaves viscoelastically over the timescale of interest, RSL change at location

φ can be divided into a component that reflects the instantaneous response of the

solid Earth and sea surface to an influx of meltwater (∆RSLElastic) and a component

that reflects ongoing perturbations to these surfaces due to past surface load change

(∆RSLV iscous):

∆RSLObs(φ) = ∆RSLV iscous(φ) + ∆RSLElastic(φ) (2.1)

The elastic term can be further decomposed into:

∆RSLElastic(φ) = ESLNAIS × FNAIS(φ) + ESLAIS × FAIS(φ)

+ ESLSIS × FSIS(φ)
(2.2)
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where the three ESL terms represent eustatic sea-level (ESL) contributions from

the NAIS, AIS, and SIS ice sheets and the F (φ) terms denote ice-sheet-specific,

site-specific sea-level fingerprint values. The term ‘sea-level fingerprint’ describes

the normalised elastic component of RSL change triggered by a given pattern of ice

loss (Mitrovica et al., 2001; Clark et al., 2002). The Fi(φ) terms are insensitive to

the value of the ESLi terms and the choice of Earth rheology (Clark et al., 2002;

Mitrovica et al., 2011). Therefore, it can be calculated using existing ice sheet

reconstructions and treated as a known parameter (see section 2.5.3). The three ESL

terms are the unknown parameters in our inversion. We assume that the NAIS, AIS,

and SIS are the only contributors to MWP-1A, where any Greenland contribution is

included in the NAIS.

The viscous component of RSL change can also be decomposed into two terms:

∆RSLV iscous(φ) = ∆RSLP reV iscous(φ) + ∆RSLDurV iscous(φ) (2.3)

where ∆RSLP reV iscous(φ) and ∆RSLDurV iscous(φ) are the changes associated with

the viscous effects of ice melt prior to and during MWP-1A respectively (see section

2.5.6).

Substituting equation 2.3 in to equation 2.1 yields an expression for the elastic

component of RSL change at each field site:

∆RSLElastic(φ) = ∆RSLObs(φ) − ∆RSLP reV iscous(φ) − ∆RSLDurV iscous(φ)

= ESLNAIS × FNAIS(φ) + ESLAIS × FAIS(φ)

+ ESLSIS × FSIS(φ)

(2.4)

By deriving estimates of ∆RSLElastic at our six field sites we create a set of equations

that can be inverted to yield the ESL contribution to MWP-1A from each of the

three ice sheets considered here.

Monte Carlo linear regression is used to estimate the probability distribution of

the ∆RSLElastic at each site by computing the fit to probability distributions of all

viscous-corrected sea-level index points (SLIPs) at that site that lie within MWP-1A

(see section 2.5.7). Prior to carrying out the linear regression, the SLIPs are also
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corrected for any local GIA effects (see section 2.5.4) and any spatial gradient of

RSL that exists between sites that are combined to estimate sea-level change at a

single location (see section 2.5.5). We assume the thermosteric contribution to RSL

change during MWP-1A is negligible.

Because ∆RSLP reV iscous(φ) is controlled by ice melt prior to MWP-1A it can be calcu-

lated using an existing global ice model (see below). In contrast, ∆RSLDurV iscous(φ)

depends on the unknown ESL parameters, which makes equation 2.4 an implicit

equation that must be solved iteratively. We employ the following approach (see

Figure S2.1): (i) Calculate a first approximation of ∆RSLElastic(φ) at six sea-level

sites (see main text) using a Monte Carlo linear regression method (see details below)

that assumes ∆RSLDurV iscous(φ) is zero. (ii) Invert for the three ESL values using

the ∆RSLElastic(φ) values calculated in step i (for the first iteration) or step v

(for all other iterations). (iii) Correct the bias within the inversion results using

jackknife resampling (see details below). (iv) Calculate ∆RSLDurV iscous(φ) using

the bias-corrected ESL inversion from step iii (see details below). (v) Computing

∆RSLElastic(φ) using the ∆RSLDurV iscous(φ) values obtained in step iv. (vi) Re-

peat step ii-v until convergence of ESL values has been achieved, i.e., when the

updated inversion results show less than 0.3 m difference compared with the previous

iteration.

2.5.2 GIA modelling

Sea-level change and the solid Earth response to changes in surface loading are

computed using the CALSEA software package (Lambeck et al., 2003; Purcell et al.,

2016), which uses a gravitationally self-consistent theory that accounts for migrating

shorelines and Earth rotational feedback (Milne and Mitrovica, 1996; Kendall et al.,

2005; Mitrovica et al., 2005; Mitrovica and Wahr, 2011). The Earth is represented

by a spherically symmetric, radially stratified (i.e., 1-D), self-gravitating Maxwell

body comprising an elastic lithosphere, and an upper and lower mantle extending

to 670 km and from 670 km to the core-mantle boundary, respectively. The elastic

and density structure of the Earth is derived from the Preliminary Reference Earth

Model (Dziewonski and Anderson, 1981). GIA modelling is used to calculate sea-level
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fingerprints, the local GIA signal in Northwest Scotland, spatial sea-level gradients,

and the viscous component of sea-level change.

2.5.3 Sea-level fingerprint

The sea-level fingerprint for each ice sheet is obtained by calculating the normalised

global pattern of RSL change associated with melt from a specific ice sheet over a

finite time interval. Because sea-level fingerprints are sensitive to the geometry of

ice melt (Mitrovica et al., 2011), we use realistic melt geometries across MWP-1A

from two recent regional ice-sheet reconstructions of Lambeck et al. (2017) and

the BRITICE-CHRONO project (with SCEAN1D scenario, S. Bradley, personal

communication) for the NAIS and SIS, respectively (Figure 2.1a,c). The latter is

constrained using geomorphological data compiled in Hughes et al. (2016) and Clark

et al. (2018), and reconstructed using a plastic ice-sheet model (Gowan et al., 2016b).

We also used some alternative NAIS and SIS melt geometries from ICE6G_C (Peltier

et al., 2015), GLAC-1D (Tarasov et al., 2012) and G12 (Gregoire et al., 2012) for

the NAIS and PATTON2017 (Patton et al., 2016, 2017) for the SIS to test the

dependence of the inversion results on the assumed ice melt geometries. This leads

to essentially unchanged inversion results (see Table S2.3). For the AIS, due to the

lack of geological constraints, the melt geometry across MWP-1A remains largely

unknown. Since East Antarctica is estimated to have contributed only ∼1 m to

post-Last Glacial Maximum eustatic sea-level rise, with this melt most likely to have

occurred after MWP-1A (Mackintosh et al., 2014), any Antarctic contribution to

MWP-1A is likely to have come from the West AIS. We therefore generate the AIS

sea-level fingerprint using the Last Glacial Maximum-to-present pattern of ice loss

across West Antarctica adopted by the W12 ice model (Whitehouse et al., 2012a)

(Figure 2.1b). Because all our six sea-level sites are far away from the AIS, their AIS

sea-level fingerprint values are not sensitive to the assumed West AIS melt geometry.
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2.5.4 Local GIA signal in Northwest Scotland

As demonstrated in previous studies (Bradley et al., 2011; Liu, 2013; Shennan et al.,

2018), RSL change across Northwest Scotland can be described in terms of a local

GIA signal caused by the growth and decay of the British-Irish Ice Sheet (BIIS)

and a non-local GIA signal associated with the growth and decay of other ice sheets

around the world. If the local GIA signal can be estimated and removed from the

SLIPs, the remaining signal will be the non-local GIA signal associated with changes

to the NAIS, AIS, and SIS.

Ice history and Earth rheology are not perfectly known for the British Isles. Therefore,

we test 360 parameter sets when computing the local GIA signal. Specifically, we use

three different BIIS models: BRITICE-CHRONO (Clark et al., 2018), PATTON2017

(Patton et al., 2016, 2017) and ANU (Lambeck, 1993; Lambeck and Purcell, 2001;

Lambeck et al., 2014), and combine each with 120 Earth models. Because these

BIIS models were constructed based on different principles (geomorphological recon-

struction guided by GIA modelling for BRITICE-CHRONO, thermomechanical ice

modelling for PATTON2017 and GIA modelling for ANU) they provide conservative

estimates on ice history uncertainties. These ice models were combined with Earth

parameters that reflect the rheological properties beneath the British Isles (denoted

as near-field rheology). Specifically, we use elastic lithospheric thicknesses of 65, 72

and 80 km, upper mantle viscosities of 4, 4.5, 5, 5.5 and 6 × 1020 Pa s and lower

mantle viscosities of 1, 1.5, 2, 3, 4, 5, 7 and 10 × 1022 Pa s. These ranges are

constrained by previous GPS analysis and are largely independent to the assumed ice

history (Bradley et al., 2009). We calculate the age-specific local GIA signal for each

SLIP and subtract this from the original RSL reconstruction to give the non-BIIS

GIA signal. The uncertainty for this procedure is considered within the inversion

strategy by sampling the 360 local GIA correction values (each applied to 20,000

Monte Carlo simulations, see details below) and adding the standard deviation of

the corrections to the original depth uncertainty in quadrature. After removing the

local GIA signal, there is a distinct RSL jump recorded between 14.5 and 14.2 ka BP,

which is consistent with the MWP-1A signal observed in far-field sea-level records

(Figure S2.7).
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2.5.5 Spatial sea-level gradient

Due to the large geographical spread of the SLIPs from Sunda Shelf and Northwest

Scotland, there will be a non-negligible time-dependent difference in the RSL recorded

at the different localities (i.e., a spatial sea-level gradient (Liu et al., 2016)). We

apply a correction for this spatial gradient that enables us to determine the RSL

change across MWP-1A at a single locality for each region. We quantify this gradient

by testing 240 parameter combinations to incorporate uncertainties associated with

ice history and Earth rheology. Specifically, we combine the two global ice models

ICE6G_C (Peltier et al., 2015) and ANU (Lambeck et al., 2014) with 120 different

Earth models. The Earth models each have an elastic lithospheric thickness of 60,

72 or 90 km, an upper mantle viscosity of 1, 3, 5, 6 or 7 × 1020 Pa s, and a lower

mantle viscosity of 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.9 or 1 × 1022 Pa s for ICE6G_C,

or 0.7, 0.9, 1, 1.5, 3, 4, 5 or 7 × 1022 Pa s for the ANU model (we made different

choices for lower mantle viscosity because the two ice models have different preference

ranges). Because the local GIA signal in Northwest Scotland is removed separately

we do not include the BIIS component of ICE6G_C and ANU when calculating the

spatial gradient for Northwest Scotland to avoid a double correction. The ensemble

mean of the 240 parameter combinations is used to determine the time-dependent

data-specific spatial sea-level gradient (Figure S2.2). Site 18300 and Applecross are

defined as reference sites for Sunda Shelf and Northwest Scotland respectively (red

stars in Figure 2.2 and Figure S2.2), to which all other sites are corrected. As for

the local GIA signal correction, the uncertainty in this procedure is added to the

original depth uncertainty in quadrature.

2.5.6 Viscous component of sea-level change

To correct for the viscous signal across MWP-1A, we estimate the viscous contribution

of RSL change to each SLIP, accounting for their specific age and location. Given

that the viscous response to ice melt prior to MWP-1A (∆RSLP reV iscous) will be

approximately linear over MWP-1A (Gomez et al., 2015; Liu et al., 2016), we quantify

this linear rate by considering the viscous response to ice sheet change between the
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end of the last interglacial and the start of MWP-1A (14.65 ka BP). We assume

no melting after 14.65 ka BP and calculate the linear rate of RSL change during

the following 1,000 years (Figure S2.3). This linear rate is used to determine the

∆RSLP reV iscous(φ) signal that is specific to the age and location of each SLIP,

assuming the viscous contribution is 0 at the initiation of MWP-1A (14.65 ka BP).

For all sites except Northwest Scotland we use the mean value derived from a 240-

member GIA model ensemble, as described in the previous section. For Northwest

Scotland, since the dominant viscous signal here relates to SIS-induced peripheral

bulge subsidence (roughly 90% of the signal), which primarily depends on the local

rheology of the British Isles, we use the near-field Earth parameters described in

the section on Northwest Scotland. Again, to avoid a double correction, we did not

include the BIIS in the global ice model when calculating ∆RSLP reV iscous(φ) for

Northwest Scotland.

Because the ∆RSLDurV iscous(φ) terms depend on the ESL values in equation 2.4,

which are unknown during the first iteration, we neglect this component of RSL

change during the first iteration. Since these terms are relatively small compared

to ∆RSLElastic(φ) (less than 10%), neglecting them will not significantly alter the

inversion result during the first iteration. Beginning from the second iteration, we

scale the ice melt geometries that are used to generate the sea-level fingerprints

(main text Figure 2.1) according to the bias-corrected ESL values determined in

the previous iteration (details below). The pattern of ∆RSLDurV iscous(φ) is then

calculated assuming a linear rate of ice melt throughout MWP-1A. A range of Earth

models are used, as for ∆RSLP reV iscous(φ) above, and the ensemble mean of each

set is used to determine the ∆RSLDurV iscous(φ) terms, accounting for the age and

location of each SLIP (see Figure S2.4).

2.5.7 Monte Carlo linear regression

To quantify the elastic-induced local MWP-1A magnitude at each site (∆RSLElastic(φ)

in equation 2.4), we use a Monte Carlo (MC) linear regression technique to estimate

the distribution of local sea-level rise rates recorded by selected SLIPs at that site.

The MC simulation approach is used to capture the potentially asymmetric age and
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depth uncertainties of different types of sea-level indicators by randomly sampling

each sea-level index point’s depth and chronological distribution. These distributions

are calculated following the methodology of Hibbert et al. (2016, 2018), assuming no

auto-correlation existed between different sea-level records.

For the coral sea-level indicators, we test two methods for representing their indicative

depth distributions. First, we use an empirically-derived taxon-specific depth-habitat

distribution for each coral-based sea-level indicator (Hibbert et al., 2018), which is

obtained using the modern coral analogue from the Ocean Biogeographical Inform-

ation System (www.iobis.org). This method is denoted as the ‘empirical scenario’.

Alternatively, we use the coral palaeo-water depth determinations (i.e., upper/lower

limit of living range) from the original publications for different coral species. For

this method, we assume a uniform distribution, in that the indicator may occur

equally anywhere within the given range (Hibbert et al., 2018). We denote this

method as the ‘uniform scenario’. For non-coral SLIPs (including coral samples

additionally constrained by vermetid gastropods in Tahiti), we use the indicative

range or facies formation range as determined by the original authors, which is

also assumed to be uniformly distributed. At Tahiti and Barbados, a correction

to account for local tectonic induced RSL change is applied (Hibbert et al., 2018).

Furthermore, when sampling the depth distributions of all SLIPs, we considered the

error distribution associated with each of the GIA corrections described above and

elevation measurement uncertainties due to coring, levelling and tectonic correction

if necessary. We exclude any data explicitly stated as not in situ by the original

authors.

The chronological probability distributions depend on the method used to date each

SLIP. For samples that are radiocarbon dated, we use OxCal version 4.4 (Ramsey,

2009) to obtain the calibrated age probability distribution by recalibrating the

conventional radiocarbon age and uncertainty using the latest calibration curves:

IntCal20 (Reimer et al., 2020) for Northern Hemisphere terrestrial samples; SHCal20

(Hogg et al., 2020) for Southern Hemisphere terrestrial samples and Marine20 (Heaton

et al., 2020) for all marine samples. For marine samples, we apply appropriate,

updated (i.e., calculated using Marine20) local marine reservoir corrections (∆R;
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http://calib.org/marine). For all other samples, U-series ages have been recalculated

where necessary, assuming a closed system with the latest decay constants (Cheng

et al., 2013). Only U-series ages passing the following “age reliability” screening

criteria (calcite < 2%, [232Th] ≤ 2 ‰ , δ234Uinitial = 147 ± 5 ‰) are considered. A

normal distribution is adopted for U-series ages, whereas our radiocarbon ages use

the full age probability distribution (Hibbert et al., 2018). For any replicated ages,

we use the inverse weighted mean value/distribution of each replicate group.

For each of our six sites, we use MC simulation to randomly sample the age and depth

distributions of each selected SLIP, and for each MC sampling, we use a weighted

least square method to compute an optimum straight line to fit the randomly sampled

points. The slope of this line is the averaged RSL rate across MWP-1A (units m/ka),

which is assumed to be temporally linear throughout MWP-1A. Note that, since

the lack of temporal resolution and uneven temporal distribution of sea-level data

prohibit our ability to capture the maximum rates of sea-level rise at each site, our

results should be interpreted as the averaged rate of RSL change at each site across

our MWP-1A time-window (14.65-14.0 ka BP). Within each weighted least square

calculation, the weighting factor w for each SLIP is calculated by:

w = 1/
√

σ2
y + (dy/dx)2σ2

x (2.5)

where σy and σx are standard deviations estimated from the depth and age distri-

butions, respectively, and dy/dx is the gradient of global sea-level change at the

sampled age obtained from Lambeck et al. (2014). The last term is used to convert

the effective contribution of age uncertainty into depth uncertainty. Regressions

that produce a reverse slope (i.e., a sea-level fall) are excluded as implausible. The

process is repeated 20,000 times (excluding the implausible iterations) to produce

a distribution of local MWP-1A sea-level rise rates for each site. Lastly, the local

MWP-1A magnitude is obtained by scaling this linear rate to the MWP-1A duration.

We use a 500-year MWP-1A duration in this study since it leads to more comparable

results with the MWP-1A magnitude from regional ice-sheet reconstructions, but

our inversion results can be linearly scaled to any assumed MWP-1A duration for

comparison.
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2.5.8 Data extrapolation

For HYD and NOG, the SLIPs only show a rapid ∼10 m sea-level rise between 14.6-

14.4 ka BP with no clear post-MWP-1A SLIP until the initiation of new coral reefs

at ∼13.0 ka BP, showing another 20-25 m sea-level rise. This sequence is identified as

“rapid growth then drowning and further landward migration” (Webster et al., 2018,

p.420; see their Figure 4a). In order to constrain RSL at the end of MWP-1A, we

adopt a data extrapolation approach that uses the large number of SLIPs between

∼13.0 and 12.0 ka BP at the two sites to extrapolate RSL backwards in time. To

ensure the accuracy of the data extrapolation we only use SLIPs that pertain to a

shallow, high-energy/exposed reef edge environment (the cA coral-algal assemblage,

Webster et al., 2018), i.e. SLIPs which have a relatively small depth uncertainty. The

data extrapolation was implemented using the same MC linear regression method

as above, in combination with the uniform scenario (Figure S2.5) as the empirical

depth distribution for some SLIPs contains a bimodal habitat depth, resulting in

over-large extrapolation uncertainty. The depth uncertainty of the extrapolated data

point is defined by the extrapolation process, and it was assigned an age uncertainty

of 0.1 ka assuming a normal distribution.

2.5.9 Inversion for MWP-1A sources

Based on the site-specific elastic-induced local MWP-1A magnitude distributions

(∆RSLElastic(φ)) estimated above, the inversion for MWP-1A sources can be made

by identifying the optimum ESL parameters in equation 2.4 for each of the 20,000 MC

iterations. This is achieved using a weighted non-negative least square method using

the Lawson−Hanson algorithm (Lawson and Hanson, 1995) since we assume that

ice sheet growth during MWP-1A would be implausible. The weighting factor for

each site is given by w(φ) = 1/σ(φ)2 where σ(φ) is the standard deviation estimated

from the local MWP-1A magnitude distributions.
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2.5.10 Jackknife resampling

After each iteration of our method (i.e., each time we invert for the sources of

MWP-1A, see Figure S2.1), we adopt a jackknife resampling technique to correct

for any bias associated with data over-dependency. Specifically, we invert for the

sources of MWP-1A six times, each time removing one site from the six-site database.

The difference between the mean jackknife inversion result and the original inversion

result is defined as the bias contained in the original inversion result. Subtracting this

bias from the original result yields a bias-corrected inversion of MWP-1A sources.

2.5.11 Relative sea-level prediction

We modified the deglaciation history during MWP-1A in the ANU ice model (Lambeck

et al., 2014) and used this revised model to predict RSL variation at the six sea-level

sites used in this study. This revised model (denoted as the ANU_MWP model)

was created by leaving the ice history prior to MWP-1A unchanged, but assuming

that ice loss during MWP-1A followed the magnitude and spatial pattern of ice loss

represented by the mean of our inversion result: 13.1 m NAIS, 3.3 m SIS, and 1.5 m

AIS. The rate of ice melt during MWP-1A was assumed to be linear. In the original

ANU model, there is not enough ice for the SIS to melt 3.3 m during MWP-1A. We

therefore decrease the rate of ice melt between 16.5 and 14.5 ka BP (the latter is

the time of MWP-1A initiation in the ANU model) to ensure there is enough ice to

provide 3.3 m ESL melt during MWP-1A (Figure 2.4h). The synthetic test of a larger

AIS contribution to MWP-1A adopted the same pre-MWP-1A ice geometries as in

the ANU_MWP model but used different MWP-1A sources: 9.6 m NAIS, 3.3 m SIS

and 5 m AIS. The modified ice models were combined with the 120 ANU-specific

Earth models to produce RSL curves from the last interglacial to present.
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S2 Supplementary Information

Figure S2.1: Flow chart of the iterative inversion procedure adopted in this study.
Green boxes denote steps where GIA modelling is used to isolate the fingerprint
signal, blue boxes represent steps in the data-driven statistical inversion, and purple
boxes are conditional statements.
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Figure S2.2: Spatial distribution of RSL across (a) Sunda Shelf (at 14.5 ka BP) and
(b) Northwest Scotland (at 14.53 ka BP) due to far-field ice loss. The contour lines
are determined from the mean of 240 GIA models. Red stars denote the location
of site 18300 (Sunda Shelf) and site Applecross (Northwest Scotland), to which all
other sites are referenced when correcting for the sea-level spatial gradient. Triangles
with different colours are the different coring sites, Sunda Shelf: site 18301 (yellow),
site 18302 (purple), site 18309 (cyan) and site 18308 (orange); Northwest Scotland:
Arisaig (orange). Colours correspond to those used in Figure 2.2c-f. The RSL
prediction shown in (b) is derived using the global ice models of ICE6G_C and ANU
without the British-Irish Ice Sheet component.

Figure S2.3: Distribution of the pre-MWP-1A viscous contribution to sea-level change
at our six sites based on 240 GIA model parameter combinations.
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Figure S2.4: The viscous signal at our six sites due to far-field ice melt during
MWP-1A. The results shown here are derived by combining 240 Earth models with
the MWP-1A ice melt geometries determined by the ensemble mean of our final
iteration: 13.1 m NAIS, 1.5 m AIS, and 3.3 m SIS (see section 2.5). CI = confidence
interval.

Figure S2.5: Extrapolation of relative sea-level at (a) Hydrographer’s Passage and (b)
Noggin Pass backwards in time using Monte Carlo linear regression and the uniform
scenario for coral-based index points. The sea-level index points are plotted as error
boxes indicating the depth range and 2σ age uncertainty. The orange square denotes
the extrapolated 2σ depth and age uncertainty.
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Figure S2.6: Same as Figure 2.2 but using the uniform distribution scenario for coral
sea-level indicators.
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S2.1 Local GIA Signal in Northwest Scotland

The effects of the local GIA signal caused by variations of the British-Irish Ice Sheet

(BIIS) are shown in Figure S2.7. We computed the likely range of the local GIA signal

by combining three BIIS ice history models with 120 Earth models (Figure S2.7d-f).

By subtracting the mean of the GIA ensemble from the original RSL reconstructions

(blue error bars), the non-local ice-sheet induced sea-level rise signal in Northwest

Scotland can be obtained (black error bars). These corrected RSL reconstructions

are input into the Monte Carlo linear regression and used to estimate the local

MWP-1A magnitude (Figure S2.7g-i). There are clear differences between the GIA

signals associated with the three BIIS models (up to 15 m) due to differences in local

ice thickness and timing of deglaciation (see original publications, Lambeck, 1993;

Lambeck et al., 2014; Patton et al., 2016, 2017; Bradley et al., 2018, for details).

However, these differences do not impact on our estimate of the local MWP-1A

magnitude because this only depends on the gradient of the local GIA signal between

the initiation and termination of MWP-1A, which is similar for all three ice models.

Consequently, the three ice models result in similar values for the local MWP-1A

magnitude (Figure S2.7g-i).

Figs. S2.7g-i show the distributions of the local MWP-1A magnitude estimations

produced by carrying out 3,000 Monte Carlo linear regression iterations for each of

ice/Earth model combination (white histograms). For each ice model, the distribution

of the median result for each Earth model is shown in blue. The uncertainty associated

with the choice of Earth model (∼0.5 m) is much smaller than that associated with

the choice of ice model, which contributes to up to ∼2 m difference.
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Figure S2.7: Local GIA signal correction and MWP-1A magnitude estimates using
three different British-Irish Ice Sheet reconstructions (Bradley et al., 2018; Lambeck
et al., 2014; Patton et al., 2017). (a-c) Blue error bars represent the original RSL
reconstructions from sites Applecross and Arisaig (Shennan et al., 2018), correspond-
ing to the blue axis shown on the right side of the figure. Black error bars represent
the local GIA-corrected RSL reconstructions, with vertical error bars reflecting the
uncertainty associated with 120 Earth models (index points from Arisaig have been
corrected for spatial sea-level gradient), corresponding to the black axis. (d-f) Uncer-
tainty range of the local GIA signal at Arisaig, determined using 120 Earth models.
(g-i) Histograms of local MWP-1A magnitude estimates derived by combining 120
Earth models with each of the three BIIS models. After applying the local GIA signal
correction associated with each Earth model, 3,000 iterations of Monte Carlo (MC)
linear regression are applied to obtain ensembles of the local MWP-1A magnitude
assuming a 500-year duration. A total of 360,000 outputs are shown in each the
white histogram (left, black axis). For each Earth model, we calculate the median
value of the associated 3,000-member ensemble and combine the results in the blue
histograms (right, blue axis).

51



S2.2. Jackknife Resampling - Robustness of Results

S2.2 Jackknife Resampling - Robustness of Results

The degree to which our inversion results depend on the choice of RSL sites is

assessed by jackknife resampling, which also reveal each site’s contribution to the

final inversion result. The inversion is repeated six times, each time removing one

site from the six-site database. The results (shown in Figure S2.8) are generally

consistent, pointing to a dominant NAIS contribution, except for the result obtained

by excluding Barbados (third panel in Figure S2.8). When Barbados is excluded,

Northwest Scotland becomes the only site that is sensitive to the source of meltwater

(all other far-field sites are insensitive; see Figure 2.1). Under this circumstance, due

to the proximity of Northwest Scotland to the SIS, the Northwest Scotland MWP-1A

magnitude predominantly determines the SIS inversion with the contributions from

the NAIS and AIS essentially unconstrained, resulting in large uncertainty ranges

(third panel in Figure S2.8). Another important feature is that excluding Northwest

Scotland causes the melt contribution from the NAIS to become very large and

the contribution from the SIS to become very small. The reason for this is similar,

excluding Northwest Scotland leaves Barbados as the only site that is sensitive to the

source of meltwater. Since Barbados is mainly sensitive to sources from the NAIS

and AIS (main text Figure 2.1), it is possible to partition the contribution from

the NAIS and AIS, but not from the SIS. These two features are also reflected in

the feasible distributions of our final inversion results shown in Figure S2.9 (same

distribution as shown in 2.5 but different data representation). It is clear that the

NAIS and AIS contributions to MWP-1A are strongly negatively correlated (R =

-0.96), reflecting the Barbados sensitivity to the contributions from these two ice

sheets. In contrast, the SIS contribution shows a weak correlation to the NAIS and

AIS contributions (R = -0.30 and 0.28), indicating that the inverted SIS contribution

is primarily dependent on the isolation basin stratigraphy evidence from Northwest

Scotland.

We seek to resolve the ambiguities indicated by the above jackknifing process by

re-running the jackknife method but excluding the SIS fingerprint, to allow us to

just identify the partitioning of the NAIS and AIS contributions, which were mostly

debated to be the dominant source of MWP-1A (Weaver et al., 2003; Peltier, 2004;
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Bassett et al., 2005; Deschamps et al., 2012; Gregoire et al., 2012; Tarasov et al.,

2012). The results of this test are shown in Table S2.1, which indicates a stable

solution with a dominant NAIS source (∼15.5 m) and a small Antarctic contribution

(∼2 m). This result provides robust evidence for a NAIS dominant scenario rather

than an AIS dominant scenario. However, to obtain a similarly stable jackknife result

when inverting sources from three ice sheets, at least one more sea-level data site at

a location that is sensitive to the MWP-1A sources is needed.

Sea-level index points from the Argentine Shelf could provide a powerful constraint

since local RSL variation will be sensitive to melt from the nearby AIS. However,

although shell sediment records from the Argentine Shelf have been dated through

the MWP-1A interval (Guilderson et al., 2000), the indicative meaning of shell

sea-level indicators remains problematic (see Guilderson et al., 2000). Additionally,

RSL change on the Argentine Shelf will be influenced by variations in the adjacent

Patagonian Ice Sheet, the deglaciation history of which, though improved by a

recent glacial geomorphology data compilation of Davies et al. (2020), has not yet

been calibrated with sea-level data. Sea-level index points from locations such as

Bonaparte Gulf (Yokoyama et al., 2000; Ishiwa et al., 2019) and Echigo Plain, Japan

(Tanabe et al., 2009) are also dated to across MWP-1A, but due to the lack of

temporal resolution and their insensitivity to the sources of MWP-1A, they are

not particularly useful for our fingerprinting technique. Lastly, using the local GIA

correction method introduced in this study, it would be possible to use other near-field

sea-level constraints for MWP-1A source inversion (e.g., records from southwest

Norway (Vasskog et al., 2019)). However, estimating the local GIA signal requires

a well-studied local deglaciation history and sufficient temporal resolution during

MWP-1A, which currently is only achieved in Northwest Scotland.
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Figure S2.8: A violin plot showing the jackknife resampling results. The first panel
shows the MWP-1A source inversion results obtained using all six sites in the database,
and the second to seventh panel show the results when excluding each named site
from the six-site database. Each panel consists of three violin plots, corresponding
to the contribution from each ice sheet: NAIS, AIS, and SIS. The blue/orange tone
of the violin plot indicates the result generated using the uniform/empirical scenario
for coral records.

Figure S2.9: Feasible distributions of the averaged inversion result of the empirical and
uniform scenarios after applying the sea-level oscillation limit. This is an alternative
representation of the information shown in Figure 2.5 of the main text. Each scatter
point represents an inversion result from one of 20,000 MC simulations. In each plot,
the MWP-1A contribution of the ice sheet that is not listed on the x and y axes is
represented by the colour of the dots. The correlation coefficient of each scatter plot
is listed within the plot.
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Excluded Site NAIS (m) AIS (m)
Tahiti 15.48 [10.10-19.61] 2.16 [0-6.13]
Barbados 15.98 [11.52-19.40] 1.26 [0.00-4.31]
Sunda Shelf 15.84 [11.52-19.40] 2.03 [0.00-5.25]
Hydrographer’s Passage 14.68 [9.24-18.92] 2.64 [0.00-6.74]
Noggin Pass 15.21 [10.42-19.18] 2.34 [0.00-6.01]
NW Scotland 14.36 [7.61-19.73] 3.83 [0.00-9.10]
Bias-Contained Result 15.57 [11.03-19.28] 2.16 [0.00-5.63]
Jackknife Average 15.26 [11.12-19.05] 2.38 [0.00-4.83]
Bias-Corrected Result 15.89 [11.38-19.60] 1.95 [0.00-5.41]

Table S2.1: Table of jackknife resampling results for the empirical distribution
scenario, excluding the Scandinavian Ice Sheet contribution. Rows with site location
shown on the left document the inversion results when that site is removed from the
six-site database. The last three rows show the bias-contained inversion result, the
averaged results of the six jackknife tests, and the bias-corrected result, respectively.
The first value in each box is the ensemble mean value of 20,000 iterations of the
inversion process, the values in square brackets are the 68% confidence interval.
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S2.3 Isolation Basin Evidence

This section provides detailed interpretations of Scottish isolation basin stratigraphy

to support the definition of the ‘sea-level oscillation limit’ used in the main text.

In addition to providing sea-level index points, the isolation basin records from

Northwest Scotland provide a unique insight into the magnitude and sources of

MWP-1A due to their near-field location and the wealth of information contained

within the sedimentation staircase (Shennan et al., 2000). Prior to MWP-1A, the

dominant signal recorded by Northwest Scotland sea-level index points is uplift-

induced sea-level fall triggered by local ice loss. With this continuous sea-level fall,

some basins that were originally connected with the ocean would become isolated.

This process is represented by a sediment phase transition from a marine phase

(silt/clay) to a freshwater phase (organic mud and peat, Figure S2.10a). During

MWP-1A, if the rate of sea-level rise due to melt from the NAIS, AIS and SIS

outpaced the local rate of land uplift, it would cause isolation basins in the right

height window to reconnect to the ocean, resulting in two isolation events (i.e.,

marine-freshwater-marine-freshwater, so-called sea-level oscillation), which should be

recorded by sediment stratigraphy (Figure S2.10b). However, for all isolation basins

at four sites across Northwest Scotland (Applecross, Arisaig, Kentra and Kintyre;

main text Figure 2.4g) that were isolated shortly before or during MWP-1A, there is

no sea-level oscillation recorded (Figure S2.11 and S2.12). These records therefore

provide strong evidence that during MWP-1A the rate of sea-level rise in Northwest

Scotland due to far-field ice melt cannot have significantly outpaced the local land

uplift rate (i.e., there was no or only a very minor RSL oscillation, Shennan et al.,

1994, 1996; Shennan, 1999; Shennan et al., 2000, 2006).

This condition is met by our MWP-1A source partition, the RSL predictions generated

by the ANU_MWP ice model (Figure S2.11a,b and S2.12a,b) show a monotonic

sea-level fall across MWP-1A and provide good fit to SLIPs at different periods

for Arisaig, Kentra and Kintyre. The only minor sea-level oscillation occurs at

Applecross where local RSL is underestimated, indicating the adopted ice thickness

in this region is too thin in the ANU_MWP ice model.
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We place an upper bound on the rate of land uplift (i.e., sea level oscillation limit) at

Arisaig during MWP-1A by identifying the largest rate predicted by combining the

ANU and BRITICE-CHRONO ice models with 120 Earth models that closely reflect

mantle properties beneath the British Isles (Bradley et al., 2009). The maximum

rate produces 9.8 m uplift in 500 years obtained by combining the ANU model with

the weakest upper and lower mantle model of 4/100 × 1020 Pa s, respectively. The

PATTON2017 model may produce a larger land uplift rate, but it has not been

calibrated to any sea-level records across Scotland and therefore the resulting land

uplift rate is less meaningful as a constraint for MWP-1A magnitude.

Several previous studies have used isolation basin evidence to constrain the MWP-1A

magnitude and sources (Shennan et al., 1997, 2006, 2018; Liu, 2013). When a regional

BIIS model is combined with a global ice model (e.g., a revised version of the model

of Bassett et al., 2005) with a dominant AIS contribution to MWP-1A (Bradley

et al., 2011; Kuchar et al., 2012), this results in a strong sea-level oscillation across

Scotland during MWP-1A (see Figure 10 of Shennan et al., 2018). Because the

idea of a substantial SIS contribution has only recently been proposed, previous

studies inferred a lower global MWP-1A magnitude to avoid this RSL oscillation,

but this is inconsistent with our estimations 20 m sea-level rise in the far field. One

way to improve this inconsistency is to estimate MWP-1A magnitude and sources

using far-field and near-field data together. Liu (2013) provides a novel method

that combines isolation basin evidence with far-field sea-level records from Tahiti,

Barbados and Sunda Shelf to infer the MWP-1A sources from the NAIS and AIS.

However, the method adopted to remove the local GIA signal for Scotland in that

study results in significant uncertainty, which makes the sea-level index points from

Scotland less useful for inverting the MWP-1A sources. Liu (2013) therefore was not

able to exclusively rule out either a small or large Antarctic contribution.
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Figure S2.10: Two stratigraphy models of the isolation process. (a) A single isolation
process model, indicating no RSL oscillation across MWP-1A; (b) A double isolation
process model, indicating an RSL oscillation across MWP-1A.

Figure S2.11: Relative sea-level predictions generated using the ANU_MWP model
(with optimum Earth model of 65 km lithospheric thickness, 4/200 × 1020 Pa s
upper/lower mantle viscosity) and isolation basin stratigraphy reconstructions at
Applecross and Arisaig, Northwest Scotland. (a,d) RSL prediction and stratigraphy
reconstruction at Applecross; (b,e,f) RSL prediction and stratigraphy reconstructions
at Arisaig; (c) locations of four Scottish sites, Applecross (blue), Arisaig (red), Kentra
(purple) and Kintyre (orange). The stratigraphy figures are reproduced from Shennan
et al. (1997, 1993). OD = Ordnance Datum.
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Figure S2.12: Relative sea-level predictions and isolation basin stratigraphy recon-
structions at (a,c) Kentra and (b,d) Kintyre, Northwest Scotland. The stratigraphy
figures are reproduced from Shennan et al. (1996, 2006). OD = Ordnance Datum.
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Ice Sheet Method Duration (yrs) MWP-1A Contribution (m) Reference
NAIS Data-driven inversion with GIA

modelling
500 5.6-15.4 this study

NAIS Ice area-volume transition 800 6.7 – 8.7 (SLE) Carlson and Clark (2012)
NAIS GIA analysis (ICE-5G) 500 20-20.5 Peltier (2004)
NAIS GIA analysis (ICE-6G_C) 500 16.5-18 Peltier et al. (2015)
NAIS 3D glacial systems model 500 7.7-10.2 Tarasov and Peltier (2006)
NAIS Revisited glacial systems model

with Bayesian style calibration
500 9.4-13.2 Tarasov et al. (2012)

NAIS Saddle collapse ice dynamic 340 (500) 5.7-11 (10.4) Gregoire et al. (2012,
2016); Gomez et al. (2015)

NAIS GIA and tilting of glacial lake
shoreline analysis

600 ∼ 18.7 Lambeck et al. (2017)

AIS Data-driven inversion with GIA
modelling

500 0-5.9 this study

AIS GIA analysis (ICE6G_C) 500 1.5-2 Argus et al. (2014)
AIS Global sea-level budget analysis 500 ∼0.5 Lambeck et al. (2014)
AIS Ice sheet dynamic modelling 500 0.5/1.5 (W12/W12 S2) Whitehouse et al.

(2012a,b)
AIS Ice sheet dynamic modelling

forced by output from an earth
system modelling

500 Up to 2 Golledge et al. (2014)

AIS Coupled ice-sheet and sea-level
modelling

340 1.0-2.0 (SLE) Gomez et al. (2020)

AIS GIA analysis of far-field sea-
level data within a Bayesian
framework

340 Either 4.1-10 or 0-6.9 Liu et al. (2016)

AIS GIA analysis of far-/near-field
sea-level data within a Bayesian
framework

340 Either 5-10 or 2-7 Liu (2013)

AIS GIA analysis of far-field sea-
level data

340 At least 7 Deschamps et al. (2012)

AIS GIA analysis of far-field sea-
level data

1000 Preferably 15 Bassett et al. (2005)

SIS Data-driven inversion with GIA
modelling

500 3.2-6.4 this study

SIS Thermomechanical ice model-
ling

340 2.5 (SLE) Patton et al. (2016, 2017)

SIS GIA analysis (ICE-6G_C) 500 3.5-4 Peltier et al. (2015)
SIS GIA analysis 500 0.8-1 Lambeck et al. (2014)
SIS Compilation of large geomorpho-

logical dataset; ice area-volume
transition

500 1.7-2 Hughes et al. (2016)

SIS Chronological reinterpretation
of SIS ice sheet margin; ice area-
volume transition

500 4.5-7.9 (SLE) Brendryen et al. (2020)

SIS Ice area-volume transition 1000 4.1-5.7 (SLE) Carlson and Clark (2012)

Table S2.2: Estimates of the contribution of each ice sheet to MWP-1A. NAIS =
North American Ice Sheet; AIS = Antarctic Ice Sheet; SIS = Scandinavian & Barents
Sea Ice Sheet. Estimates derived using the ice area-volume transition method are
presented in sea-level equivalent (SLE), which includes the contribution from ice that
lies below hydrostatic equilibrium (which will not contribute to global sea-level rise);
other estimates reflect the eustatic sea level contribution.
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asin

Evidence

Ice Sheet NAISa NAIS NAIS NAIS WLIS ELIS SISa SIS SISb

Ice Model ANU (Lam-
beck et al.,
2017)

ICE6G_C
(Peltier
et al., 2015)

GLAC_1D
(Tarasov
et al., 2012)

G12
(Gregoire
et al., 2012;
Gomez
et al., 2015)

ICE6G_C (Peltier et al., 2015) BRITICE
CHRONO
(Bradley
et al., 2018)

PATTON2017
(Patton
et al., 2017)

PATTON2017
(Patton
et al., 2017)

Sea-level fingerprint value
Tahiti 1.21 1.21 1.22 1.24c 1.27 1.19 0.98 0.98 0.99
Barbados 0.82 0.79 0.81 0.85c 0.96 0.69 0.97 0.97 0.97
Sunda
Shelf

1.08 1.08 1.09 1.09c 1.11 1.08 1.00 0.99 1.00

HYD 1.04 1.03 1.04 1.07c 1.12 1.00 0.97 0.97 0.98
NOG 1.03 1.02 1.03 1.06c 1.10 0.99 0.96 0.97 0.98
NW Scot-
land

0.75 0.75 0.79 0.82c 0.93 0.64 -0.74 -0.76 -0.60

Inversion results
Total (m) 17.9 [15.6-

20.3]
18.1 [15.7-
20.6]

17.7 [15.6-
20.3]

17.6 [15.4-
19.4]

18.1 [15.3-21.3] 17.9 [15.6-
20.3]

17.9 [15.6-
20.3]

17.8 [15.6-
20.3]

NAIS (m) 13.1 [6.0-
18.3]

12.9 [5.3-
18.0]

12.7 [5.6-
17.8]

12.7 [5.8-
17.4]

4.4 [0-12.5] 8.7 [0-16.8] 13.1 [6.0-
18.3]

13.1 [6.0-
18.3]

12.8 [6.0-
18.1]

AIS (m) 1.5 [0-6.9] 1.7 [0-7.2] 1.5 [0-6.9] 1.2 [0-6.6] 1.5 [0-6.9] 1.5 [0-6.9] 1.5 [0-6.9] 1.4 [0-6.8]
SIS (m) 3.3 [0.5-6.0] 3.5 [0.7-6.3] 3.7 [0.7-6.4] 3.7 [0.7-6.3] 3.5 [0.4-6.1] 3.3 [0.5-6.0] 3.3 [0.4-5.9] 3.6 [0.5-6.6]

Table S2.3: Sea-level fingerprint values and inversion results associated with using different ice melt geometries. The inversion results
shown here have not been constrained by the sea-level oscillation limit. For the inversion results, the first value in each box is the
ensemble mean value of 20,000 iterations of the inversion process, the values in square brackets are the 95% confidence interval. WLIS =
West Laurentide Ice Sheet, ELIS = East Laurentide Ice Sheet, separated by 110° W. (a) Ice melt geometries used in our inversion. (b)
SIS melt geometry associated with Southern Barents Sea sector collapse. (c) Sea-level fingerprints were estimated from Gomez et al.
(2015) in their Figure 2.
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CHAPTER 3

Relative sea level response to mixed carbonate-siliciclastic sediment

loading along the Great Barrier Reef margin

Lin, Y., Whitehouse, P.L., Hibbert, F.D., Woodroffe, S.A., Hinestrosa, G. and

Webster, J.M., 2023. Relative sea level response to mixed carbonate-siliciclastic

sediment loading along the Great Barrier Reef margin. Earth and Planetary Science
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3.1. Abstract

3.1 Abstract

The continental shelf along northeastern Australia is the world’s largest mixed

carbonate-siliciclastic passive margin and the location of the Great Barrier Reef

(GBR). Following sea-level transgression during the last deglaciation, extensive

sediment was deposited along the GBR due to neritic carbonate deposition (including

shelf edge reefs, Holocene reefs and Halimeda bioherms) and fluvial discharge of

terrigenous siliciclastic sediments. Such sediment loading can alter local relative

sea level (RSL) by several metres through the sediment isostatic adjustment (SIA)

process, a signal that is poorly constrained at the GBR. In this study, we used a

glacial isostatic adjustment (GIA) model to develop an ensemble-based sediment

loading history for the GBR since Marine Isotope Stage 2 (MIS 2). A Bayesian

style framework is adopted to calibrate the sediment history ensemble and GIA

model parameters using a sea-level database. According to our results, 1853.7 Gt

(1613.1-2078.7 Gt, 95% confidence interval) of sediment have been deposited across

the GBR since MIS 2 (28 ka BP), causing spatially variable relative sea-level change

with the highest magnitude (0.9-1.1 m) found in the outer shelf of the southern central

GBR (18.4-21.6◦ S). Because the SIA-induced RSL rise is unrelated to ice mass loss,

failing to correct for this signal will lead to systematic overestimation of grounded ice

volume by up to ∼4.3 × 105 km3 during the Last Glacial Maximum. Additionally, we

found that spatial variation in sediment loading and coastal environment may explain

the different RSL history documented by published fossil coral reef records from

Noggin Pass and Hydrographer’s Passage. These results highlight the importance

of considering SIA for any postglacial sea-level studies adjacent to large sediment

systems. Lastly, by quantifying both the GIA and SIA signals, we provide a spatially

and temporally complete RSL reconstruction that is well-suited to be used as a

boundary condition to study the evolution of the GBR shelf and slope sedimentary

system.
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3.2 Introduction

Located on the world’s largest mixed carbonate-siliciclastic passive margin in north-

eastern Australia, the Great Barrier Reef (GBR) is an ideal place to study coral

reef framework development and terrigenous sediment transportation in response

to sea-level variation during glacial cycles (Webster et al., 2018). To accurately

understand and model the physical and ecological mechanisms behind the spatio-

temporal evolution of this complex sediment system, a key boundary condition is the

relative sea-level (RSL) change history, which is by far the most important driver on

millennial timescales (Hopley et al., 2007; Woodroffe and Webster, 2014). Previous

work suggests strong spatial variability in past RSL along this >2000 km coastline

(Lambeck et al., 2002), prompting the need for a comprehensive understanding of the

processes controlling sea-level change in this region. Currently, the most commonly-

used physical model to explain this variability is a glacial isostatic adjustment (GIA)

model, which describes the solid Earth and ocean surface response to changes in

surface loading due to ice-ocean mass redistribution. Based on GIA theory, RSL

recorded at the far-field location (i.e., far from previous ice sheet margins) of the

GBR is primarily a function of solid Earth rheology, the change in global ice volume

through time and local shelf morphology (Lambeck et al., 2014), with these factors

having previously been invoked to explain different magnitudes of postglacial RSL

rise (Yokoyama et al., 2006) and mid-Holocene highstand (Lambeck et al., 2002)

along the GBR coastline.

However, recent coral reef records from Noggin Pass (NOG) and Hydrographer’s

Passage (HYD), two shelf edge sites with similar shelf morphology located 500 km

apart from each other, show a consistent RSL offset (reconstructed RSL at NOG is

several metres higher than HYD) during the last deglaciation (Yokoyama et al., 2018;

Webster et al., 2018) which cannot be explained by a GIA model. To understand

this discrepancy, an additional physical process that is able to generate metre scale

regional RSL variation within a 103-105 year timescale is required. For coral reef

records from a passive margin, minimally impacted by sediment compaction, the

most obvious possibility is RSL change caused by sediment loading (Horton et al.,
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3.3.1. Glacial/Sediment Isostatic Adjustment Modelling

2018). Similar to ice loading, sediment loading can lead to isostatic adjustment that

changes the local geoid and deforms the land surface depending on the regional load

magnitude and Earth rheology (i.e., sediment isostatic adjustment, SIA; Dalca et al.,

2013). Previous studies suggest there have been more than 1000 gigaton (Gt) of

neritic carbonate sediment (Hinestrosa et al., 2022; Rees, 2005) accumulated across

the GBR since the Last Glacial Maximum (LGM) along with a considerable amount

of fluvial discharge of terrigenous siliciclastic sediment (Salles et al., 2018). Such

sediment loading could be large enough to drive localised RSL variations.

In this study, we aim to simultaneously quantify the ice, ocean and sediment loading

impact on RSL variation across the GBR from Marine Isotope Stage (MIS) 2 to

present. To quantify the SIA signal, we develop a GIA-model-enabled ensemble-

based sediment accretion model, which allows us to reconstruct the spatio-temporal

evolution of sediment deposition across the GBR. We then use a Bayesian formalism

to calibrate the net RSL history predicted by the GIA and SIA models using a

sea-level database. The outputs of our study are a set of high-quality predictions of

RSL change and sediment deposition history, with quantified uncertainty (Figure

3.1).

3.3 Methods

The methodology for reconstructing RSL change across the GBR is comprised of three

major components: GIA/SIA modelling, sediment deposition history reconstruction

and statistical calibration of the first two components using a GBR sea-level database

(Figure 3.1).

3.3.1 Glacial/Sediment Isostatic Adjustment Modelling

In this study, we describe RSL variation as a combined signal caused by GIA and

SIA (Wolstencroft et al., 2014). We compute GIA-induced RSL change using a

gravitationally self-consistent theory that accounts for migrating shorelines and

Earth rotational feedback (Kendall et al., 2005; Mitrovica et al., 2005). For SIA, we

66



3.3.1. Glacial/Sediment Isostatic Adjustment Modelling

Figure 3.1: Schematic overview of the inversion procedure adopted in this study.
The black and blue boxes represent the physical processes and statistical modelling
processes and results, respectively. Each arrow indicates that a previous model
output acts as the input for the next model. *Initial sediment model parameter sets
denote six sediment parameter combinations used to generate sediment models to
train a SIA statistical emulator (details in section S3.2). %Prior sediment model
parameter distributions are given in Table 3.1, which can be used to create a large
ensemble of random sediment models. Note the sediment deposition model appears
in multiple places. The annotated italic number beside each box indicates the section
that provides detailed descriptions of each modelling procedure, S2.2 indicates
Supplementary section 2 (section S3.2 here).

use the methodology of Wolstencroft et al. (2014) which considers the RSL change

caused by sediment-driven Earth deformation without considering the sediment
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3.3.2. Ice Model

impact on geoid variation, shoreline migration and Earth rotation as they are minor

signals (generally accounting for less than 5% of the total SIA caused RSL signal;

Ferrier et al., 2018). Although a self-consistent GIA and SIA model has recently

been developed (Ferrier et al., 2017), we do not adopt this model here because we

wish to rigorously sample the GBR deposition sediment history uncertainty range

independently, and solving for the gravitationally self-consistent response to both ice

and sediment loading would significantly increase the required computational power.

The Earth model used in this study is represented by a spherically symmetric Maxwell

body consisting of an elastic lithosphere, and an upper and lower mantle extending to

670 km and from 670 km to the core-mantle boundary, respectively. The elastic and

density structure of the Earth model is derived from the Preliminary Reference Earth

Model (Dziewonski and Anderson, 1981). To sample the uncertainty range associated

with the rheological properties of the Earth we test lithospheric thickness values of

46, 71 and 96 km and upper and lower mantle viscosity values ranging between 0.05-1

and 1-90 × 1021 Pa s, respectively. The relatively thin lithosphere and weak upper

mantle viscosity values that we explore reflect the values constrained by previous

GIA studies of the GBR region (Ishiwa et al., 2019; Lambeck et al., 2002) and are

supported by a recent global 3D mantle viscosity reconstruction (Austermann et al.,

2021). In total, we test 228 Earth model combinations. We use the same Earth model

for calculating GIA and SIA in order to produce internally consistent RSL predictions.

We perform all calculations using a spherical harmonic truncation of degree and

order 512 (∼40 km), which is suitable for calculating long-wavelength (>50 km) SIA

and GIA signals. The wavelength of GIA and SIA signals predominantly depends on

the lithospheric thickness across the GBR, which is reported to range between 50

and 120 km from previous studies (Austermann et al., 2022; Li et al., 2018).

3.3.2 Ice Model

We use a version of the ANU ice model (denoted as ANU_LGM; Lin, 2019) that

has been updated to reflect the early rapid global mean sea-level (GMSL) fall to

the LGM lowstand, as revealed by sea-level index points (SLIPs) from NOG and

HYD (Yokoyama et al., 2018; Webster et al., 2018). We assume that the majority
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Figure 3.2: Ice history modifications. (a) Pre-LGM ice history modifications for
three ice sheets. (b) Modified global ice histories. The dashed and solid lines indicate
the scenarios I and II we tested in this study. Note we use the same Antarctic model
for both ice loading scenarios. NAIS = North American Ice Sheet; AIS = Antarctic
Ice Sheet; EIS = Eurasian Ice Sheet.

(90%) of this GMSL fall was caused by rapid growth of the North American and

Eurasian Ice Sheets (Figure 3.2), possibly due to the saddle merger mechanism (Ji

et al., 2021). Because GMSL prior to the LGM is poorly-constrained, we test two

possible ice loading scenarios, corresponding to a 134 m (scenario I; Lambeck et al.,

2014) and a 125 m (scenario II; Yokoyama et al., 2018) GMSL lowstand, which can

considered as two end-member scenarios of the LGM GMSL lowstand.

3.3.3 Sediment Model

To reconstruct a complete sediment history for the GBR, we divide its sediment

system into four domains: shelf edge reef, Holocene reef, Halimeda bioherms (the

first three are carbonate sediment) and siliciclastic sediment (Figure 3.3). We then

use 456 GIA-induced RSL histories (produced by combining 2 ice models with 228

Earth models) to force simple linear accretion models and reconstruct the sediment

history for each domain as an ensemble (Figure 3.1). Sediment accretion is first

reconstructed at high spatial resolution by combining the RSL predictions with a

100 m resolution modern GBR digital elevation model (DEM, Beaman, 2010) to

create a series of palaeo-DEMs, and hence determine the detailed spatial evolution of
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3.3.3. Sediment Model

Figure 3.3: Overview of four sediment domains. The orange polygons indicate the
locations where Holocene reefs accumulate. The purple polygons outline the domains
where shelf edge reefs are likely to have accumulated (shelf edge reefs have not yet
been fully mapped along the GBR margin). In the northern GBR, pink polygons
show the locations of Halimeda bioherms. Coloured dots along the modern coastline
indicate the rate of present-day fluvial sediment discharge (Milliman and Farnsworth,
2013). The black triangles are the RSL site locations used to calibrate the sediment
loading history. The zebra boxes on the left indicate the four latitudinal GBR regions
defined in 3.3.3.5. The sediment loading grid is indicated by the black squares.

inundation and sediment accretion. For the purposes of calculating the SIA response,

net sediment load in each ∼40 km grid cell of our study region is then summed to

produce a loading time series. We do not consider the influence of hydrodynamic

effects on sediment distribution because short-wavelength variations in surface load

(typically sub-kilometre scale; Dean and Dalrymple, 2004) will have a relatively minor
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3.3.3.1. Shelf Edge Reef

1.27 ± 0.20

2.93 ± 0.12

3.16 ± 0.15

2.78 ± 0.17

Figure 3.4: Determination of vertical accretion rates across the shelf edge reef.
Vertical dashed lines are cut-off ages, used to determine which stage of reef is being
formed (see section 3.3.3.1). The linear accretion rate of each reef sequence is given
with 1σ uncertainty. The stars and dots indicate data from Hydrographer’s Passage
and Noggin Pass, respectively.

effect on the SIA signal, which is long-wavelength and is spatially and temporally

smooth.

3.3.3.1 Shelf Edge Reef

The shelf edge is defined as the region between the modern outer barrier reef front

and the 130 m isobath (Figure 3.3, Beaman, 2010; Abbey et al., 2011). Based on

the evidence derived from drill cores at NOG and HYD, the shelf edge reef growth

structure can be described by four reef formation-demise sequences: reef 2 (27-22 ka

BP; initiation and demise time), reef 3a (22-17 ka BP), reef 3b (17-14 ka BP) and

reef 4 (14-10 ka BP; modified from Webster et al., 2018).

To reconstruct the spatio-temporal reef development, we adopt a linear accretion

model from Hinestrosa et al. (2022). For this model, the averaged vertical accretion
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3.3.3.2. Holocene Reef

Figure 3.5: Holocene-modern reef accretion thickness kriging results. (a) Background
shows the interpolated Holocene-modern reef accretion thickness for each GIA model
grid, and the dots indicate the observed sediment accretion thickness from Hinestrosa
et al. (2022). (b) 2σ Holocene-modern reef accretion thickness uncertainty associated
with the statistical interpolation process.

rate (νse) and maximum accretion thickness (τse) are defined for each reef sequence

based on the dating of drill core material from HYD and NOG (Figure 3.4). We

assume each reef sequence initiates after local inundation, with a time lag (ιse) of

between 0 and 1 ka, and that it accumulates uniformly following the rate of νse until

reaching thickness τse. The 0-1 ka lag between local inundation and reef initiation is

defined based on observational evidence from Sanborn et al. (2020). Each reef within

the shelf edge polygon (i.e., each DEM grid cell) is classified to one of the four reef

sequences (Webster et al., 2018) based on its initiation time, which in turn determines

its νse and τse. Because constraints on νse and τse are currently only available for

HYD and NOG, we assume the information derived from them is representative of

the southern and northern GBR, respectively.

3.3.3.2 Holocene Reef

The spatial distribution of the Holocene reef has been mapped by modern bathymetric

and remote sensing surveys (http://www.gbrmpa.gov.au/). The only variable to
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3.3.3.3. Halimeda bioherms

estimate is the spatially-variable Holocene reef accretion thickness, which will vary

according to local environmental conditions (Hinestrosa et al., 2022; Hopley et al.,

2007). To account for this heterogeneity, we use a kriging method (details in section

S3.1) to interpolate the spatial pattern of reef accretion thickness based on a Holocene

reef accretion thickness database (Figure 3.5, Hinestrosa et al., 2022). One advantage

of this method is that the uncertainty estimation is included in its conceptualisation,

hence the interpolation uncertainty can be easily propagated.

Next, to accurately determine the time when the local pre-Holocene substrate

was flooded, we create a pre-Holocene GBR DEM by subtracting the interpolated

accretion thickness from the modern DEM. We carry out calculations based on

this pre-Holocene DEM. We then combine our 456 GIA-induced RSL predictions

with this pre-Holocene DEM to create a series of palaeo-DEMs that can be used

to determine the timing of local inundation and hence the temporal development

of the Holocene reefs. Using interpolated reef accretion thickness estimates as a

boundary condition, each Holocene reef is assumed to begin accumulating following

local sea-level transgression, with a time lag (ιho) of between 0 and 1 ka (same as

shelf edge reef), and stop accumulating when local RSL is 30 m higher than the

modern reef surface (i.e., when the coral reef surface becomes too deep for significant

shallow water reef growth). Where the modern water depth is less than 30 m, we

assume the reef stops accumulating when local RSL first reaches its maximum value

(mid-Holocene highstand or present). Between the defined starting and terminating

time, reefs are assumed to grow at a linear rate depending on the interpolated

accretion thickness.

3.3.3.3 Halimeda bioherms

Halimeda bioherms are a dominant source of inter-reef carbonate deposits for the

northern GBR and have been extensively mapped (Figure 3.3, McNeil et al., 2016).

McNeil et al. (2020) provide an overall estimate of 55.12 Gt of accumulation, corres-

ponding to a 7.63 m sediment layer across all mapped regions of Halimeda bioherms

(assumes aragonite density of 2.94 g/m2 with 0.58 porosity, McNeil et al., 2020).

As for the Holocene reef sediment model, we build a pre-Holocene DEM for the
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Halimeda bioherms domain by subtracting 7.63 m from the original GBR DEM

within the accumulation region (i.e., pink polygons in Figure 3.3). The temporal

evolution of the Halimeda bioherms is then calculated using the same method as

for the Holocene reef model, using a lag parameter ιha. Although previous studies

suggest that other sources of carbonate sediment accumulate across inter-reef regions,

such as benthic foraminifera and coralline algae (Hopley et al., 2007), at present there

is no comprehensive database which documents the inter-reef carbonate thickness or

mass accumulation since MIS 2. We therefore do not consider this possible source of

carbonate sediment in our reconstruction.

3.3.3.4 Siliciclastic Sediment

To quantify siliciclastic load, we use a modern global database of fluvial sediment

flux measurements (Figure 3.3, Milliman and Farnsworth, 2013) and assume the

averaged discharge rate for the whole of the deglacial period is proportional to the

modern measurement, with absolute values controlled by a scaling parameter (β)

that increases/decreases the modern sediment flux by up to 40%. For each model

run, the sediment discharge rate is assumed to be temporally constant. The spatial

distribution of siliciclastic sediment deposition will have varied through time due

to shoreline migration during postglacial sea-level change. This palaeo shoreline

migration is reconstructed by combining a modern DEM with GIA-induced RSL

predictions. For each model time step, sediment load is discharged to the nearest

palaeo shoreline location relative to the modern river mouth position (Figure 3.3).

To conserve mass, we uniformly remove a layer of sediment from the North East

Coast drainage basin with a mass equivalent to the siliciclastic sediment deposition

in the ocean.

3.3.3.5 Sediment Model Parameters

We use two types of parameter (pattern and magnitude) to represent uncertainties

in the sediment history reconstructions. For all sediment domains, Earth and ice

model parameters are the primary pattern parameters because they determine the
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spatio-temporal pattern of RSL variation, and in turn the sediment accumulation

pattern. Additionally, the lag parameters mentioned above (ιse, ιho, ιha) allow a

delay to the initiation of carbonate sediment accumulation of between 0 and 1 ka

after local transgression, which provides additional control on the temporal evolution

of the three carbonate sediment domains.

The magnitude parameters control the magnitude of sediment accumulation for each

domain. When determining the sediment accretion thickness of the shelf edge reef,

we limit the maximum reef accretion thickness for the four reef sequences using the

parameters τ2,3a,3b,4 (Table 3.1, values are empirically derived from Hinestrosa et al.,

2022). For the Holocene reef, the accretion thickness is subject to spatially variable

uncertainty produced by the kriging interpolation, which is described by αho(φ),

and varies from -3σ to 3σ. Lastly, the magnitude of the siliciclastic sediment load is

controlled by a scaling parameter β (section 3.3.3.4).

The reconstructed sediment accumulation thickness H(φ, t) at location φ and time t

is converted to a sediment load, M(φ, t), by:

Mse(φ, t) = Hse(φ, t)A(φ)ρa(1 − ϕse)ϵse (3.1)

Mho(φ, t) = Hho(φ, t)A(φ)ρa(1 − ϕho)αho(φ) (3.2)

Mhb(φ, t) = Hhb(φ, t)A(φ)ρa(1 − ϕhb) (3.3)

where fixed parameters A(φ) and ρa indicate bathymetric grid cell area and the

density of aragonite (2.94 g/cm3). ϕ is the averaged sediment porosity for the shelf

edge (se), Holocene (ho) and Halimeda bioherms (hb) domains; it is allowed to vary

from 25% to 45% to represent uncertainty of the overall accumulation magnitude. For

the shelf edge reef, one important uncertainty is that only a minor part of our defined

shelf edge area (Figure 3.3) is covered by reefal deposit, i.e., significantly thicker

sediment than the surrounding area. Therefore, we assign a reefal area percentage

parameter (ϵse), varying between 10-30% (derived from seismic mapping of shelf

edge reef structure, Hinestrosa et al., 2016), to describe this uncertainty. Although

the non-reefal area shows substantially lower sediment thickness (generally <10 m,

Hinestrosa et al., 2016), it covers a much larger proportion of the shelf edge area,

meaning it can potentially contribute as much sediment loading as the reefal area.
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Therefore, the upper limit of ϵse is doubled (to 60%) to account for this condition.

To reduce computation time, we combine 1 − ϕse and ϵse in the shelf edge reef model

(as γse), and 1 − ϕho and αho(φ) in the Holocene reef model (as γho) together, as

they are all scaling parameters.

Due to different climate, local antecedent substrate and shelf physiography, previous

studies suggest a contrasting sediment deposition system between the northern and

southern GBR (Hinestrosa et al., 2016). Considering this difference, we separate

the whole GBR region into northern (10-14.2◦ S, Figure 3.3), northern-central (14.2-

18.4◦ S), southern-central (18.4-21.6◦ S) and southern GBR (21.6-26.2◦ S) sectors

based on the definition from Hinestrosa et al. (2019). All sediment parameters are

allowed to vary between sectors (Table 3.1), which is indicated by the superscripts

1 (northern), 2 (northern central), 3 (southern central) and 4 (southern). We use

the same prior distributions for sediment model parameters across all four regions,

except the thickness parameters τ2,3a,3b,4; our compiled database generally shows

thicker sediment in the southern GBR (HYD) compared to the north (NOG, Figure

3.4) so we use different prior distributions for these parameters in each region. The

prior distributions for all sediment domain parameters are given in Table 3.1 and

the resulting sediment loading history prior distributions are given in Figure S3.2.

3.3.4 Statistical Calibration

During the calibration process, to consider uncertainty associated with the poorly-

constrained pre-LGM ice history, we allow the ice model to vary between scenarios I

and II using a weighting parameter ω. The final RSL predictions are calculated using

a weighted combination of the two ice history scenarios. ω therefore indicates the

data preference for the assumed pre-LGM ice history. The data used for calibration

are sea-level index points (SLIPs). Each SLIP provides information about the age

and height of past RSL at a single location, which is assumed to represent the

combined signal of GIA and SIA processes. Based on SLIP databases, we use a

Bayesian framework to sample the posterior probability density distribution for each

model parameter (Table 3.1) conditioned on sea-level data (see Figure 3.1).
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Model
Compon-
ent

Parameters and Prior Distribution(s) Parameter Description

Earth
model

LT ∼U [46,71,96] Effective lithospheric thickness with unit kilometre

µup ∼U [0.05,0.08,0.1,0.2,0.3,0.5,0.8,1] Upper mantle viscosity with unit 1021 Pa s
µlo ∼U [1,2,3,5,8,10,20,30,50,70,90] Lower mantle viscosity with unit 1021 Pa s

Ice model ω ∼U(0,1) Relative weighting associated with ice loading scenario
II

Shelf edge
reef

γ1−4
se ∼U(0.055,0.45) A combined parameter that describes the uncertainty

associated with shelf edge reef formation porosity and
reefal area percentage

τ 1−4
2 ∼U(5,10), U(5,10),U(5,15),U(5,15) Maximum accretion thickness for shelf edge reef stage

2 with unit metre (same for all maximum accretion
thickness parameters below)

τ 1−4
3a ∼U (10,20),U (10, 20),U (15,30),U (15,30) Maximum accretion thickness for shelf edge reef stage

3a
τ 1−4

3b
∼U(5, 15),U(5,15),U(10,20),U(10,20) Maximum accretion thickness for shelf edge reef stage

3b
τ 1−4

4 ∼U(5, 15),U(5,15),U(10,20),U(10,20) Maximum accretion thickness for shelf edge reef stage
4

ι1−4
se ∼U [0,0.2,0.4,0.6,0.8,1] Lag between local inundation and shelf edge reef initi-

ation with unit ka (same for all lag parameters below)
Holocene
reef

γ1−4
ho

∼U(-3σ,3σ) A combined parameter that describes the uncertainty
associated with reef formation porosity and kriging
determined reef depth uncertainty (defined by σ).

ι1−4
ho

∼U [0,0.2,0.4,0.6,0.8,1] Lag between local inundation and Holocene reef initi-
ation

Halimeda
bioherms

ϕ1−4
ha

∼U(0.25,0.45) Halimeda bioherms formation porosity

ι1−4
ha

∼U [0,0.2,0.4,0.6,0.8,1] Lag between local inundation and Halimeda bioherms
initiation

Siliciclastic
sediment

β1−4 ∼U(0.6,1.4) Averaged siliciclastic discharge rate relative to present
day

Table 3.1: Table of prior sediment model parameters. We assume a uniform prior
distribution for all parameters within the defined parameter space. The uniform
distributions with parentheses indicate a continuous uniform distribution, those
with square brackets indicate a discrete uniform distribution comprising the listed
parameters. Superscripts 1 to 4 represent spatially different parameters for the
northern, northern central, southern central and southern GBR.

3.3.4.1 Calibration Data

We compile a GBR RSL database following the methodology of Hibbert et al. (2018,

2016). For radiocarbon dated SLIPs we recalibrate the conventional radiocarbon age

using the SHCal20 calibration curve (Hogg et al., 2020) for terrestrial samples, and

Marine20 (Heaton et al., 2020) with appropriate and up-to-date local marine reservoir

corrections (∆R; http://calib.org/marine) for marine samples. For Uranium-

Thorium dated coral samples we recalculate the U-series ages where necessary,

assuming a closed system with the latest decay constant (Cheng et al., 2013). We

only include the U-series ages that pass the age reliability screening criteria of [232Th]

≤ 2 ppb and δ234Uinitial = 147 ± 5 ‰. We exclude any SLIPs that are explicitly

stated as not being in situ by the original paper.
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3.3.4.2. Calibration Procedure

For SLIP depth uncertainty we use local palaeo-water depth determination for

each record taken from original publications, assuming that the indicator may occur

equally anywhere within the given upper and lower limit (i.e., the uniform distribution

scenario, Hibbert et al., 2016, 2018; Lin et al., 2021). Additionally, we consider the

elevation measurement uncertainty caused by coring, levelling and tectonic correction

when necessary. Overall, our study uses 375 SLIPs (supplementary database; https:

//github.com/yc-lin-geo/GBR-Sediment/tree/main/Data). To systematically

quantify the RSL difference between NOG and HYD, we use a Monte Carlo binning

analysis approach to reconstruct the underlying RSL signal at these two sites. The

details of this approach are given in section S3.3.

3.3.4.2 Calibration Procedure

The posterior probability distributions are calculated using a simulated annealing

algorithm (Kirkpatrick et al., 1983), a probability-based technique which shows

good capacity to converge to the global minimum solution. Within a Bayesian

framework, a likelihood function describes the joint probability of the observed data

as a function of the model parameters. We assume a uniform prior distribution for

all model parameters (Table 3.1), meaning the posterior probability is equivalent to

the likelihood. In this study we express the likelihood as:

p(y|θ) = exp(− 1
N

N∑
n=1

wnJn) (3.4)

Jn =

√√√√(RSLy
n − RSLm

n )2

σ2
RSL,n

+ (ty
n − tm

n )2

σ2
t,n

(3.5)

where θ is the vector of all model parameters, y is the SLIP data set consisting of

n samples, each containing information about palaeo RSL height (RSLy
n) and age

(ty
n) with 1 sigma uncertainties of σRSL,n and σt,n, respectively. wn is a weighting

parameter to offset calibration bias due to variable temporal data density using the

definition from Tarasov et al. (2012). For each set of model parameters, and for each

SLIP location, a RSL curve is produced and we calculate the minimum distance (Jn)

between the SLIP and the RSL curve, where RSLm
n and tm

n represent the RSL and

age of the closest point on the modelled curve (adapted from Love et al., 2016). The
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3.3.4.2. Calibration Procedure

minimum distance data-model comparison metric J provides a unitless measurement

of model misfit for both chronological and vertical uncertainties. Because we assume

past sea level may occur equally anywhere between the upper and lower limit of each

SLIP, we assume no vertical misfit if the model predictions are within the 2 sigma

uncertainty range of the observations. Therefore, we express RSLy
n as:

RSLy
n =


RSLy

n + 2σRSL,n, RSLm
n ≥ RSLy

n + 2σRSL,n

RSLm
n , RSLy

n−2σRSL,n<RSLm
n <RSLy

n+2σRSL,n

RSLy
n − 2σRSL,n, RSLm

n ≤ RSLy
n − 2σRSL,n

(3.6)

Based on this likelihood formulization, we calculate the posterior probability distri-

butions for each model parameter, and to speed up the calibration process, we use a

statistical emulator to emulate the SIA process. Details on the implementation of

this approach are provided in section S3.2.2.

Pmax Expected
Value

Standard
Deviation

95% Confidence Interval

LT (km) 96 89.3 11.2 71-96
µup (1021Pas) 1 0.93 0.15 0.5-1
µlo (1021Pas) 30 38.3 11.3 20-50
ω 1 0.98 0.06 0.9-1
Loadtotal (Gt) 1939.6 1853.7 112.4 1613.1-2078.7
Loadse (Gt) 559.1 478.8 68.9 330.8-566.3
Loadho (Gt) 797.6 794.2 59.3 630.0-943.4
Loadha (Gt) 47.0 46.7 3.8 46.7-54.1
Loadsi (Gt) 536.3 534.0 61.3 410.5-659.1
Load1 (Gt) 138.1 167.8 53.1 137.1-271.9
Load2 (Gt) 183.1 229.8 59.3 169.3-361.0
Load3 (Gt) 1007.2 994.6 45.7 905.0-1042.2
Load4 (Gt) 611.3 461.5 98.9 296.2-617.5

Table 3.2: Inversion results. Pmax indicates the value with the maximum posterior
probability (i.e., best-fit value). The load values represent the total sediment load
deposited during the last 28 ka BP, subscripts and superscripts are as follows: se
= shelf edge reef; ho = Holocene reef, ha = Halimeda bioherms, si = siliciclastic
discharge, 1= northern GBR, 2 = northern central GBR, 3 = southern central GBR,
4 = southern GBR.
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3.4.1. Earth and ice model parameters

3.4 Results

Based on the posterior probability distributions of the model parameters drawn

from the simulated annealing (Table S3.1), we calculate the spatio-temporal field of

sediment accumulation and RSL variation for the GBR. We start by presenting the

results of the Earth and ice model parameter inversion and describe the resulting GIA-

induced RSL predictions. Using these GIA predictions, we illustrate the palaeo GBR

shoreline reconstructions and quantify how they affect the sediment accumulation

history. Lastly, we present the sediment loading induced RSL change and RSL

model-data comparison.

3.4.1 Earth and ice model parameters

The inversion results are given in Table 3.2. For a far-field region like the GBR,

post-glacial sea-level change was predominantly driven by ice-ocean mass exchange

(causing >100 m RSL change compared to ∼1 m by SIA). Hence, although the Earth

model parameters impact the prediction of both GIA- and SIA- induced RSL change,

the Earth model parameter distributions are primarily calibrated to replicate the GIA

process. The maximum probability fit to the SLIPs is achieved using an Earth model

combination of 96 km (71-96 km; 95% confidence interval, CI) lithospheric thickness,

and 1 (0.5-1) and 30 (20-70) × 1021 Pa s upper and lower mantle viscosity. These

inverted Earth parameters are generally consistent with recent global 3D viscosity

field reconstructions (Austermann et al., 2021) but reflect a substantially stronger

upper mantle compared with previous estimates based on GIA analysis of Holocene

sea-level data from east Australia (0.15-0.3 × 1021 Pa s Lambeck et al., 2002). The

main reason for this difference is our inclusion of pre-Holocene coral reef records,

which prefer a stronger upper mantle viscosity (details in Figure S3.4).

The ice model weighting parameter predominantly converges to scenario II (Figure

3.2), indicating that a smaller pre-LGM grounded ice volume is preferred by the

SLIPs. The blue dashed lines in Figure 3.6 are the expected GIA-induced RSL change

for RSL sites with at least five SLIPs; results for other RSL sites are shown in Figure

3.10. It is clear that SLIPs with ages between 19.5 and 21.5 ka BP at NOG represent
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3.4.1. Earth and ice model parameters

Figure 3.6: Relative sea level data-model comparison. Each error bar shows 2σ
vertical and age uncertainties with the coloured dots indicating the unitless data-
model misfit (i.e., J in equation 3.5). Note we plot the 2σ vertical uncertainty range
of the reconstructed RSL instead of showing the original recorded elevation. The RSL
sites are listed from north to south with the site’s number, name and coordinates
given as the subtitle. The expected SIA-induced RSL change and its associated 95%
CI are shown in the subplot within each frame. The last frame shows the RSL site
locations and corresponding site numbers. Note the different axes used in each plot.
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3.4.2.1. Temporal Distribution

substantially higher RSL than the prediction produced by the preferred ice loading

scenario II. Using scenario I, which has a larger LGM global ice volume, would result

in an even lower RSL prediction during this period, therefore further enlarging the

data-model misfit, leading to the rejection of this scenario in the inversion.

3.4.2 Sediment Deposition History

3.4.2.1 Temporal Distribution

Using the posterior Earth and ice model parameters, we show detailed palaeo

shoreline positions (note that the SIA impact on shoreline migration is minor and

is not considered here) for eight key time frames (Figure 3.7). Comparing to the

commonly used approach that assumes sea-level rise uniformly follows the GMSL

curve (e.g., Hinestrosa et al., 2019), our calculation shows local RSL can significantly

depart from GMSL by >10 m depending on local morphology. During early MIS 2

(28-22 ka BP; Figure 3.2), RSL was 90-105 m below present with only part of the

shelf edge submerged near the south-eastern Capricorn Channel. The growth of reef

stage 2 here (Figure 3.4; Webster et al., 2018) contributed 10% to overall sediment

accumulation for this period (Figure 3.8). Comparatively, 19.1 Gt/ka (14.7-23.5

Gt/ka) of siliciclastic sediment was deposited at the continental slope and shelf edge

during this period, which dominated the sediment budget (contributing ∼90% of

total loading). This siliciclastic proportion became even greater when GMSL dropped

to LGM conditions between 22-19.9 ka BP.

After the LGM, local sea level rose gradually prior to 16.5 ka BP and accelerated

between 16.5 and 14.65 ka BP, which induced the coastline near the Capricorn

Channel to migrate slightly onshore. As a result of the initiation of reef 3b and

the continuous growth of reefs 3a and 2 (Figure 3.4), shelf edge reef accumulation

increased from 1.6 Gt/ka to 11.1 Gt/ka (Figure 3.9b). Following the start of

Meltwater Pulse 1A at 14.5 ka BP, the rate of local sea-level rise exceeded 40 m/ka,

which further inundated the Capricorn Channel by hundreds of kilometres and caused

the shelf edge accumulation rate to increase to ∼20 Gt/ka. Although the RSL rise

rate decreased to ∼15 m/ka after 14.0 ka BP, the coastline continued to retreat
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Figure 3.7: Expected GBR postglacial flooding pattern. The eight coloured shoreline
reconstructions correspond to the eight time intervals shown on the right. Time
series of posterior flooding area for each sediment domain and eustatic sea-level are
shown in the subplot in the top-right corner. The subplot in the bottom-left corner
shows an enlarged version of the shoreline reconstruction results near Rockhampton.
The orange triangles indicate site locations for the sea-level data shown in Figure
3.6. Some key locations are labelled, CC = Capricorn Channel.

significantly in the southern central GBR and less so in the northern central GBR

until 13.2 ka BP. Due to the flat morphology of the southern central GBR shelf, a

large area of middle shelf near Mackay was flooded at this time, initiating the growth

of the Holocene reef. The rest of the outer-middle shelf within the southern central

GBR was submerged following ∼6.5 m RSL rise leading up to 12.6 ka BP. Meanwhile,

north of the southern central GBR, most of the middle shelf and even parts of the

shelf edge were still sub-aerially exposed, indicating the strong temporal variability
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3.4.2.1. Temporal Distribution

Figure 3.8: GBR posterior sediment mass accumulation history. (a) Total sediment
mass accumulation and sediment accumulation associated with each sediment domain.
(b) As in (a), but showing the rate of sediment accumulation. The solid lines indicate
the expected sediment models and uncertainty ranges denote the 95% confidence
intervals. (c) The proportional contribution of each sediment domain to total mass
accumulation through time.

in transgression time. The accretion rate of the shelf edge reef along the whole GBR

continued to rise until 10 ka BP, when most of the shelf edge had been inundated with

its contribution to the sediment budget peaking at 32.3% (Figure 3.9c). Similarly,

as the coastline moved across the middle shelf (except in the northern GBR), this

accelerated the growth of the Holocene reef and initiated Halimeda bioherm growth
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Figure 3.9: Reconstructed spatial distribution of sediment mass accumulated from
MIS 2 to present. (a) Expected sediment accumulation mass distribution. (b) One
sigma standard deviation of sediment accumulation mass. (c) Expected RSL change
due to SIA. The black and white bands on the left define the four GBR latitudinal
sectors as in Figure 3.7. The red triangles indicate the locations of NOG and HYD.

at 11 ka BP. This timing agrees well with a recent radiocarbon analysis of inter-reef

sediment cores, which suggests Halimeda bioherm initiation occurred around 11.1 ka

BP in the northern GBR (McNeil et al., 2022).

Between 10-8 ka BP, the shoreline migrated to a geometry similar to present day
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3.4.2.2. Spatial Distribution

and the growth rate of the Holocene reef and Halimeda bioherms domains reached

their maximum values of 130.5 and 11.2 Gt/ka at 8.2 and 8.8 ka BP, respectively

(Figure 3.9b). Concurrently, much of the shelf edge reef had attained its maximum

thickness and stopped accreting, therefore, its contribution to the sediment budget

was gradually surpassed by the Holocene reef (Figure 3.9c). RSL continued to rise

until 4.8 ka BP with the maximum magnitude of the Mid-Holocene highstand (3.2

m) being predicted near Rockhampton and Mackay (Figure 3.7) where the shoreline

is estimated to have been up to tens of kilometres inland of its modern position, with

the subsequent re-advance being due to the impact of water loading on the adjacent

wide continental shelf. The growth rate of carbonate sediment decreased in the late

Holocene, with the largest reduction seen in the Holocene reef domain due to the reef

surface leaving the photic zone or the cessation of growth following the highstand

(section 3.3.3.2). Overall, reconstructed Holocene growth rates for carbonate sediment

domains agree well with the theoretical bell-shaped curve (Davies and Hopley, 1983),

which suggests a slow growth during reef initiation followed by accelerated growth

when the reef is "keeping-up" or "catching-up" to sea level. The final maturation

phase exhibits a slow accretion rate mostly due to lack of accommodation space.

Our inversion results indicate the GBR experienced 1853.7 Gt (1613.1-2078.7 Gt)

of sediment loading from MIS 2 to present (Figure 3.9a). Three carbonate domains

produced 1319.7 Gt (1007.5-1563.8 Gt) of sediment, comparable with previous

estimates of 939 Gt (622-1398 Gt, Hinestrosa et al., 2022) and 1709.4 Gt (Rees, 2005).

The timing of increased carbonate deposition identified in our study correlates with a

period of minor decrease in atmospheric CO2 (14.3-12.7 ka BP), which is consistent

with the idea that coral reef growth played a significant role in the postglacial carbon

cycle (Lemieux-Dudon et al., 2010; Kinsey and Hopley, 1991).

3.4.2.2 Spatial Distribution

Figure 3.9 shows the sediment spatial distribution conditioned on the SLIP database.

There is a distinct north-south gradient with more sediment accumulated in the

southern (central) GBR. This gradient reflects the different physiography of the

northern and southern GBR, with the southern GBR having a wider and flatter shelf
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3.4.2.3. SIA-induced RSL Change

morphology. This provides ample accommodation space for carbonate material to

grow (Figure 3.3). The SLIPs support this gradient and mostly show higher-than-

predicted RSL in the northern (central) GBR and, conversely, lower-than-predicted

RSL in the southern central GBR. During sea-level transgression, the GBR sediment

system is mostly in a depositional phase, therefore the effect of SIA is to increase

the magnitude of post-depositional RSL rise, which results in lower-than-predicted

RSL (Figure 3.6). To minimise the misfit to SLIPs, model parameters associated

with sediment domains in the northern (central) GBR gradually converged to the

lower end of the prior distribution, producing 167.8 Gt and 229.8 Gt of sediment.

In contrast, the southern central GBR sediment mass distributions strongly skew

to the higher end, producing 994.6 Gt of sediment. Although there are no SLIPs in

the southern GBR sector, the larger-than-prior sediment loading results (461.5 Gt)

reflect the fact that sediment loading in the southern sector has a long-wavelength

impact on RSL change in the southern central GBR.

This north-south distinction is supported by recent seismic mapping of shelf edge

reef structures (Hinestrosa et al., 2016, 2014) and a modelling study of the GBR

carbonate-siliciclastic systems (Salles et al., 2018), both of which show substantially

thicker shelf edge sediment in the southern (central) GBR. The good agreement

between RSL observations and these independent studies suggests it is possible to use

SLIPs to constrain sediment deposition history. It is noticeable that, compared with

other regions, the posterior uncertainties are very low in the southern central GBR

(Figure 3.9b). The reason for this is because greater southern central sediment loading

consistently improves the data-model misfit, by up to ∼15%, and thus the southern

central sediment loading converges to the higher end of the prior distribution. For the

other three regions, because the overall misfits are sensitive to the southern-central

load, they show a similar level of uncertainty.

3.4.2.3 SIA-induced RSL Change

Using the posterior model parameter distributions, we quantify the impact of SIA on

the total GBR RSL calculation (Figure 3.6). Overall, including the SIA signal reduces

the data-model misfit (J in equation 3.5) by ∼10% and broadens the acceptable
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region of the Earth model parameter space (Figure S3.5). The largest SIA signal is on

the outer shelf of the southern-central GBR where sediment loading contributes >1.1

m to RSL rise since MIS 2 (Figure 3.9c). For HYD, incorporating the SIA-induced

RSL rise (0.97 m; 0.83-1.17 m) improves the model fit to the SLIPs from 0.48 to

0.41, especially for SLIPs with ages 12.5-10 and 21-18 ka BP where observations

show remarkably lower RSL than predicted by the GIA-only model. For the inner

shelf region of the southern-central GBR, the SIA signal is lower, with an expected

value of only 0.42 m (0.31-0.64 m; similar magnitude for sites 4-6), due to the lack of

carbonate sediment. Similar to HYD, the inclusion of the SIA signal significantly

improves the average model misfit by 0.04 for Fantome Island. But for Magnetic

Island and Cleveland Bay, there is no noticeable improvement. For these four RSL

sites, since the majority of sediment loading takes place at the shelf edge and in the

Holocene reef domains, i.e., during the early-mid Holocene, the SIA signal remains

almost unchanged before 14 ka BP (Figure 3.6).

To the north, SIA effects in Missionary Bay and Noggin Pass are predicted to have a

similar magnitude of ∼0.3 m, but with different temporal patterns (Figure 3.6). For

Missionary Bay, the local load is minor (<10 Gt; Figure 3.9a) and the SIA signal is

primarily impacted by the long wavelength sediment signal from the southern-central

GBR, where 910.7 Gt of sediment was deposited during the Holocene. In contrast,

the SIA signal for NOG shows a much more linear rate of prior to before the Holocene,

which is caused by continuous siliciclastic sediment discharge to the shelf edge during

early deglaciation. Lastly, for Yule Point the SIA signal is predicted to be small (0.24

m) due to the low local sediment loading and the fact that it is located >500 km

from the sediment deposition centre in the southern central GBR. Since the SLIPs

generally show higher-than-predicted RSL at sites 1-3, the inclusion of the SIA signal

slightly increases the model misfit to observations. But since the SIA signals for these

sites are relatively small, the overall increase in model misfit is negligible compared

with the misfit reduction associated with including SIA in the southern central GBR.
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3.5 Discussion

3.5.1 GBR RSL Spatial Variability

We first investigate the degree to which the SIA signal can explain the RSL difference

between NOG and HYD. The Monte Carlo binning analysis (section 3.3.4.1) yields a

temporally-increasing RSL difference between these two locations, with a temporally-

averaged value of 4.0 m (3.4-4.5 m, Figure 3.10). The increasing RSL difference

at NOG and HYD prior to the Holocene can be explained by different sediment

deposition histories. Between MIS 2 and the Holocene a considerable amount of

siliciclastic sediment was discharged to the shelf edge near NOG, which gradually

increased local RSL (Figure 3.6). Comparatively, our model predicts much less

siliciclastic discharge near HYD (this site is not located close to any modern river

mouths, Figure 3.3), hence the SIA signal remains low prior to the Holocene. These

results are consistent with conceptual sediment depositional models which suggest

that, during MIS 2 and MIS 1, the regions surrounding NOG and HYD were

dominated by large estuaries and extensive coastal barriers and lagoons (Hinestrosa

et al., 2016). Near NOG, the estuaries were fed by east-west elongated channels

crossing the narrow continental shelf (<50 km) which provided an efficient way to

transport coarse grained sediment to the shelf edge and upper continental slope. This

can be verified by the presence of thick siliciclastic sediment in various records from

the shelf edge and continental slope (Dunbar and Dickens, 2003). In contrast, the

northwest-southeast elongated coastal choked lagoons of the southern central GBR

were not efficient for transporting sediment towards the continental slope. The wider

and flatter continental shelf in this region nurtured complex drainage networks with

long and sinuous channels redirecting the sediment to the southeast (see Figure 1

of Hinestrosa et al., 2016). In addition, the presence of blocking barriers along the

shelf edge strongly reduced lagoon flushing. In summary, prior to coral reef initiation

during the Holocene, NOG was substantially more impacted by siliciclastic sediment

loading than HYD (Figure 3.6), which explains the greater RSL rise observed at

NOG during this period.
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Figure 3.10: Monte Carlo binning analysis results. (a) Reconstructed time series of
RSL variation at NOG (orange) and HYD (blue). The error bars indicate 2σ age and
vertical data uncertainties. Each solid line represents one random realisation of the
Monte Carlo binning analysis. (b) The time series of RSL difference between NOG
and HYD, the dashed trendline indicates the temporally increasing RSL difference
between these two sites from the LGM to the Holocene.

Subsequent to the initiation of reef development, HYD has experienced greater RSL

rise than NOG, due to the development of extensive reefs in the southern central

GBR. Specifically, our sediment model predicts the development of widespread, thick

reefs across the shelf edge of the southern central, resulting in up to four times more

sediment loading compared with the northern central GBR. This is consistent with

seismic stratigraphy suggesting the extensive availability of low gradient substrate

near HYD promoted the development of thick and wide fringing shelf edge reefs

(Hinestrosa et al., 2016). In comparison, the lateral availability of substrate is very

limited near NOG due to the narrow and steep physiography (Abbey et al., 2011).

Additionally, our results show shelf edge reefs near HYD are thicker than those near

NOG, consistent with the drill core observations shown in Figure 3.4. This may be

due to the contrasting palaeo-environmental and physiographic conditions between

NOG and HYD during the evolution of these reefs (e.g., different morphology and

sediment and nutrient circulation; Hinestrosa et al., 2016). Similar to the shelf edge

reef, a wide and flat physiography provides ample accommodation space for the

Holocene reef to thrive in southern central GBR. Our interpolation results suggest

the Holocene reef in this region is on average thicker than in the north (section S3.1)

possibly due to the lower elevation prior to sea-level transgression (Salles et al., 2018;
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Hopley et al., 2007). Overall, based on our expected sediment and Earth model

parameters, we predict that sediment loading differences between NOG and HYD

can explain 0.6 m (0.35-0.75 m) of the observed RSL difference.

Notably, our SIA model can only account for 15% of the mean RSL difference (4.0

m) between NOG and HYD. We propose three possible explanations for this. Firstly,

as mentioned in section 3.4.1, our preferred Earth models are relatively strong (Table

3.2). These Earth models may be biased towards fitting LGM-age SLIPs from NOG

and HYD, but it is important to note that these SLIPs have large chronological and

indicative meaning uncertainties. Previous GIA analysis (e.g., Lambeck et al., 2002)

and independent 3D mantle viscosity estimates suggest a thinner lithosphere and

weaker mantle viscosity across the GBR, which would induce a larger SIA signal

and explain more of the RSL difference between NOG and HYD. Therefore, we

recalculate the SIA signal using an alternative Earth model with 46 km lithospheric

thickness and 0.1 × 1021 Pa s upper mantle viscosity, which is supported by previous

studies (Hoggard et al., 2021; Austermann et al., 2021) and is consistent with the

Earth model determined by the Holocene SLIPs alone (Figure S3.4). The results

show a larger SIA signal at NOG (0.59 m) and HYD (2.20 m), which accounts for

almost half the observed RSL difference.

Secondly, differences in turbidity and nutrient level may impact the coral species’

living depth and hence past RSL reconstructions (Hibbert et al., 2016). One important

assumption when reconstructing past sea level is that each sea-level indicator of a

given species should have an identical relationship to palaeo water depth, however,

this is not robust. Indeed, there is no global relationship between coral species

and bathymetry (Perrin et al., 1995), instead, it depends on local irradiance levels

(affected by turbidity and nutrient levels), nutrient availability, temperature and

hydrodynamic conditions (Hibbert et al., 2016). As mentioned above, NOG and

HYD are dominated by estuarine and lagoonal environments, this difference may

induce significantly different coral reef accretion environments, which could explain

part of the observed RSL difference between NOG and HYD (Hinestrosa et al., 2016).

Thirdly, the simple sediment model adopted in this study may not adequately

represent sediment evolution across the GBR, especially the terrigenous sediment
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transport and depositional processes. Although the impact of shoreline migration is

considered, we do not account for landscape and fluvial evolution driven by extrinsic

forcings and sea-level variation or the sediment infill of some large palaeo river

channels (Ryan et al., 2007), and instead we make the simple assumption that

fluvial sediment is deposited (with an overall uniform rate) at the nearest concurrent

shoreline position. These factors may misrepresent the spatio-temporal distribution

of siliciclastic sediment. For example, our siliciclastic modelling results are similar to

a classical reciprocal sedimentation concept, which may not fit well with the deglacial

sediment accumulation rate inferred from sediment cores from Queensland Trough

(Dunbar et al., 2000). Additionally, we do not consider the effect of wave processes

on siliciclastic sedimentation, which can induce erosional and depositional phases

near NOG and HYD (see Figure 4 of Salles et al., 2018).

Lastly, we note acknowledge that the relatively coarse resolution of the sediment SIA

model used in this study may cannot be able to fully resolve coral reef structure

(Figure 3.9), which is often characterised by narrow and isolated strips with <1 km

coverage (Hinestrosa et al., 2016). This caveat and this may lead to structural bias in

the resulting SIA signal. Rovere et al. (2022, preprint) provide a direct comparison

of the SIA signals estimated by SIA models with 1 km and 40 km resolution (see

their Figure 4b and 4f). Their results indicate although both SIA models produce

a long wavelength SIA signal, the low-resolution SIA model would systematically

underpredict SIA signal, especially in regions with noncontinuous sediment load.

Therefore, this potential for our model to underestimate the local SIA signal may

further explain some of the RSL difference between NOG and HYD. Considering all

of the factors discussed here, we conclude that it is possible for the SIA process to

partially explain the observed spatial variability in RSL between NOG and HYD.

However, to better understand this RSL variability, further investigation is required

of the missing processes mentioned above.

3.5.2 SIA Impact on Ice Volume Estimate

Using far-field sea-level data to constrain past grounded ice volume and infer past

ice sheet dynamics is an important tool in palaeoclimate studies (e.g., Lambeck
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et al., 2014). However, most studies do not consider the SIA signal, despite previous

studies suggesting it can alter local RSL by >100 m since the Last Interglacial (Pico,

2020). Because SIA-induced RSL change is not associated with ice-water exchange,

neglecting its effect will systematically bias inferences of global grounded ice volume.

For the GBR, we find that SIA can cause up to 1.1 m RSL rise since MIS 2, which

is equivalent to overestimating the volume of ice melt by ∼4.3 × 105 km3 under

the common assumption that ice-water exchange is the only cause of post-glacial

sea-level change. This demonstrates that caution is needed when estimating global

ice volume from SLIPs collected from margins characterised by high sediment input

across large spatial areas (hundreds of kilometres, e.g., Argentine Shelf).

Based on the results of this study, we find that it is necessary to incorporate the SIA

signal when determining global ice volume during the LGM, which is an outstanding

problem in paleoclimate studies (Simms et al., 2019). Currently, there are five

locations that have yielded RSL records for the LGM, specifically, NOG, HYD,

Bonaparte Gulf, Sunda Shelf and Barbados. All of these locations are potentially

impacted by sediment loading during the last deglaciation. In particular, cores from

NOG, HYD and Barbados were collected from large coral reef frameworks near

estuaries (Woodroffe and Webster, 2014) which are likely to have been affected by

RSL rise due to reef and siliciclastic sediment loading. Although distant from large

coral reef systems, Bonaparte Gulf and Sunda Shelf are located near major river

mouths (Pico, 2020), and they may record some SIA signals caused by siliciclastic

sediment deposition. In all cases, incorporating the SIA process will reduce the

subsequent global grounded ice volume estimate, which will help to mitigate the

current disagreement between the magnitude of post-LGM GMSL rise recorded by

RSL indicators and the estimated amount of ice melt (Simms et al., 2019).

3.6 Conclusions

In this study, we develop a systematic RSL-driven framework to reconstruct a

sediment deposition history for the world’s largest carbonate-siliciclastic sediment

system, the GBR. Using a Bayesian-style technique, we calibrate the sediment history
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along with SIA- and GIA-induced RSL change using SLIPs from the GBR region.

Based on our results, we highlight these key findings:

1. From MIS 2 to present, 1853.7 Gt (1613.1-2078.7 Gt) of sediment were deposited

along the GBR consisting of 1319.7 Gt (1007.5-1563.8 Gt) of carbonate sediment,

which mostly accreted between the late Pleistocene and mid Holocene, and

534.0 Gt (410.5-659.1 Gt) of terrigenous siliciclastic sediment.

2. There is a strong north-south gradient in the reconstructed sediment load-

ing, with ∼75% of the sediment predicted to have been deposited in the

southern-central and southern GBR. This latitudinal distinction is consistent

with independent seismic stratigraphy analysis (Hinestrosa et al., 2014), con-

tinental shelf physiography (Hinestrosa et al., 2016) and sea-level observations

(Yokoyama et al., 2018; Webster et al., 2018).

3. For the GBR, SIA can contribute up to 1.1 m of RSL rise during the last

deglaciation. Neglecting its contribution to RSL will lead to an ∼4.3 × 105 km3

overestimate of global grounded ice volume during the LGM. To accurately

infer global ice volume from far-field SLIPs, we suggest a systematic assessment

of the potential SIA signal is required, especially for SLIP locations near large

sediment systems.
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S3 Supplementary Information

S3.1 Holocene-Modern Reef Accretion Thickness

To capture the spatial variability of Holocene-modern reef accretion thickness, we use

the ordinary kriging technique on a newly-compiled Holocene-modern reef accretion

thickness database (Hinestrosa et al., 2022, n=52 , see Figure 3.5) . To implement

ordinary kriging, one assumption that needs to be met is a constant mean and

variance across the whole interpolated region (i.e., stationary, Wikle et al., 2019).

This is achieved by de-trending the original accretion thickness data using a first-order

multivariate least square method, which fits the sediment accretion thickness with

each data point’s longitude, latitude and elevation.

The least square residuals (i.e., observation minus least square prediction) are then

assumed to be stationary and are used to build a linear empirical semivariogram. This

semivariogram describes the spatial correlation that cannot be captured by the least

square determined relationship. The final interpolated accretion thickness is then

expressed as the summation of the least square and kriging solutions (Figure 3.5a),

and the overall interpolation uncertainty is calculated as the quadrature summation

of the uncertainty produced by both the least square and ordinary kriging processes

(Figure 3.5b). This spatially variable uncertainty of accretion thickness is then

propagated to the statistical calibration process.

S3.2 Calibration Processes

S3.2.1 Simulated Annealing

To perform simulated annealing on the model parameters, we start by selecting

random model parameters from their prior distributions. Based on this initial

parameterization, an initial RSL prediction and its posterior probability are calculated,

which is marked as the last accepted model. A random perturbation is then applied to

the last accepted model to generate a nearby newly proposed model. The perturbation

is set to be uniformly distributed between [−0.5, 0.5] for each model parameter space
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at the start but will gradually decrease to [−0.25, 0.25] by the end of the sampling

procedure to produce a better convergence precision. We note that different model

components make different contributions to the surface load history, so the calibration

process may be over-sensitive to a few model components (e.g., Earth and ice models)

leaving other components under-constrained. Hence, we apply a Gibbs sampling

technique (Geman and Geman, 1984) to perturb each model component separately,

this helps each model component to be better calibrated.

The simulated annealing algorithm accepts the proposed new model with probability

(P ):

P = (pprop

plast
)1/T (S1)

where pprop and plast indicate the posterior probability of the newly proposed model

and the last accepted model. T is the so-called ’temperature’ parameter, a term used

to adjust the acceptance probability. When simulated annealing begins, the initial

temperature is set to be relatively high, corresponding to a high acceptance probability

of >80%, which helps the algorithm jump out from the local minima. As the

simulated annealing algorithm continues to run, the temperature will gradually cool

with an exponential decay rate of 0.98 (i.e., lowering the acceptance rate), ensuring

the algorithm converges around the probability maxima. In total, one simulated

annealing procedure generates 250,000 newly-proposed models with the last 30,000

accepted realisations being used to calculate the posterior probability distributions.

To robustly sample the high dimensional parameter space (48 parameters in total)

with acceptable computation time, we train a deep-learning-based statistical emulator

to fast emulate the physical process of SIA (schematic framework in Figure 3.1 and

details below). Using the calibrated posterior probability for each model parameter,

we calculate the expected value, the value with maximum posterior probability,

standard deviation, and confidence interval for model outputs based on the statistical

definitions from Caron et al. (2017).

S3.2.2 Statistical Emulator

We use an iterative framework of emulation-based calibration process as described

in Tarasov et al. (2012). Specifically, we first run two ice model scenarios, each
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with 228 Earth models. These 456 RSL change predictions across the GBR are

then used to force the sediment model with every sediment model parameter set

to be the maximum, mean and minimum values from the prior distribution ranges

(Figure 3.1). Additionally, for each Earth model we use a Latin Hypercube approach

to randomly select three more realisations of the sediment model from the prior

probability distributions (i.e., we refer to this as data augmentation). In total, we

run an ensemble of 2736 forward models to produce our initial training database,

which is used to train a perceptron neural network emulator with 10 hidden layers

(details below). Using this emulator, we calibrate all model parameters using the

simulated annealing algorithm described above. After the calibration, we select 12

more sediment model realisations - using the 2.5, 50 and 97.5 percentile values from

the calibrated solution as well as nine randomly sampled sets of values - and combine

these with 228 Earth models, which generates another 2736 forward modelling results.

This new training database is then added to the existing training database to update

the emulator from the last iteration (Figure 3.1). The a posteriori probability

density distribution of model parameters is obtained by repeating this training and

calibration procedure three times.

The statistical emulation of the sediment isostatic adjustment (SIA) process can be

treated as a supervised learning problem where the inputs are the sediment loading

history, spherical harmonic (SH) grid location and the adopted Earth model, and the

output is the SIA history caused by the input parameters. The emulator we used is

a 10-layer perceptron neural network (NN) regressor, with the first five hidden layers

each consisting of 256 neurons and the second five hidden layers each consisting of

128 neurons. We use this NN to predict the SIA process for every SH grid cell across

the Great Barrier Reef (GBR) from 28 ka to present with 400-year time intervals,

which corresponds to 71 output values for each grid cell. Because the output SIA

signal at each grid cell location not only depends on the local sediment load variation

but also on the surrounding sediment loading history, we therefore provide both

local and surrounding sediment loading histories (defined as total sediment load from

locations < 2.5◦ from the the local grid cell) to train the NN. Overall, each input

sample contains 147 features, consisting of the local sediment history of one grid
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cell (i.e., 71 features), the sum of surrounding sediment accretion thickness history

(71 features), longitude, latitude, lithospheric thickness, upper mantle viscosity and

lower mantle viscosity.

We first randomly divide the training database into a training set, containing 90% of

the training database, and a test set, containing 10% of the database. We use the

training set to train the emulator and use the test set as unseen cases to test the

emulator’s capability to emulate some unseen model samples. The activation function

we use for this NN is the rectified linear unit function, and a L2 loss function is used

to generate the loss gradient. The NN is trained by running the ADAM stochastic

optimiser, with L2 regularisation of 10−5, for 1500 iterations over the training set.

Overall, our emulator shows 0.00006 mean square error for the training set and

0.00019 for the test set (Figure S3.1). By examining the model predictions that show

larger than 3 sigma misfits, we find the majority of large misfits are produced while

emulating the 46 km lithospheric thickness parameter. Because 46 km is similar to

the spatial resolution of the 512-degree GIA model, adopting a lithosphere of this

thickness will lead to a more localised SIA-induced RSL change signal in response

to the spatially variable siliciclastic sediment load compared with models that use

a thicker lithosphere of 71 or 96 km. Nevertheless, as the posterior Earth model

parameter distributions largely reject a 46 km lithospheric thickness, hence, most of

the large misfits produced by 46 km lithosphere can be avoided. Because the emulated

SIA process is originally expressed in each SH grid cell, we further downscale the

SIA predictions for each sea-level location using a radial basis function interpolation

method, which shows < 10−4 m interpolation error.
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a b

Figure S3.1: Emulator fit to the test set data. (a) Emulation residuals (emulated
minus simulated results). (b) Emulator predictions versus simulations results.
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Figure S3.2: Prior sediment mass accumulation distribution. (a) Sediment mass
accumulation. (b) Sediment mass accumulation rate. The solid lines indicate the
mean value and uncertainty ranges denote the 95% confidence intervals. The upper
range of uncertainty range for the shelf edge reef domain has been doubled to account
for a potential inter-reef accumulation (see section 3.3.3).
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Model Para-
meter

Pmax Expected
Value

Standard
Deviation

95% Confidence Interval

γ1
se 0.15 0.19 0.11 0.055, 0.43

γ2
se 0.20 0.12 0.08 0.055, 0.30

γ3
se 0.45 0.44 0.01 0.42, 0.45

γ4
se 0.42 0.34 0.11 0.12, 0.45

τ1
2 8.1 7.6 1.5 5, 10

τ2
2 9.4 7.7 1.6 5, 10

τ3
2 5.0 8.3 3.3 5, 14.6

τ4
2 8.7 9.9 3.3 5, 15

τ1
3a 14.6 14.8 3.1 10, 20

τ2
3a 14.8 14.7 3.3 10, 20

τ3
3a 25.7 21.1 5.8 12.2, 30

τ4
3a 21.6 21.8 5.9 12.3, 30

τ1
3b 7.1 10.1 3.1 5, 15

τ2
3b 15.0 10.3 3.1 5, 15

τ3
3b 20.0 18.7 2.3 13, 20

τ4
3b 13.1 14.2 3.3 10, 20

τ1
4 5.0 8.8 3.2 5, 15

τ2
4 7.9 8.6 3.4 5, 15

τ3
4 20.0 19.9 0.4 19.2, 20

τ4
4 14.7 16.1 3.2 10, 20

ι1
se 0 0.13 0.2 0, 0.6

ι2
se 0 0.11 0.18 0, 0.4

ι3
se 1.0 0.59 0.38 0, 1

ι4
se 0.2 0.13 0.2 0, 0.6

γ1
ho -3.46 -2.76 1.18 -3.46, -0.25

γ2
ho -3.46 -2.45 1.72 -3.46, 1.65

γ3
ho 3.46 3.31 0.42 2.47, 3.46

γ4
ho 3.46 2.11 1.69 -1.55, 3.46

ι1
ho 0 0.14 0.20 0, 0.6

ι2
ho 0.2 0.19 0.24 0, 0.6

ι3
ho 1.0 0.67 0.38 0, 1

ι4
ho 0.6 0.22 0.28 0, 0.8

ϕ1
ha 0.45 0.44 0.02 0.38, 0.45

ϕ2
ha 0.45 0.45 0.01 0.42, 0.45

ϕ3
ha 0.26 0.30 0.05 0.25, 0.42

ϕ4
ha 0.28 0.32 0.06 0.25, 0.43

ι1
ha 0 0.12 0.23 0, 0.6

ι2
ha 0 0.21 0.33 0, 1

ι3
ha 0.4 0.30 0.31 0, 1

ι4
ha 0 0.13 0.19 0, 0.6

β1 0.62 0.68 0.13 0.60, 0.98
β2 1.08 0.90 0.23 0.60, 1.35
β3 1.40 1.18 0.21 0.77, 1.40
β4 1.29 1.03 0.26 0.61, 1.40

Table S3.1: Table of inverted sediment model parameters. Pmax indicates the inverted
value with the maximum posterior probability (i.e., best-fit value). Subscripts and
superscripts are as follows: se = shelf edge reef; ho = Holocene reef, ha = Halimeda
bioherms, si = siliciclastic discharge, 1= northern GBR, 2 = northern central GBR, 3
= southern central GBR, 4 = southern GBR. Detailed descriptions of each parameter
is given in Table 3.1.
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Figure S3.3: Model-data comparison given three Earth and ice model parameters.
(a-c) A posteriori probability associated with GIA-induced RSL prediction, using the
ice model scenario I, as a function of different upper and lower mantle given 46, 71
and 96 km lithospheric thickness. (d-f) Same as a-c but using the ice model scenario
II (see section 3.3.2). (g-i) Same as a-c but additionally including the SIA-induced
RSL prediction associated with each Earth model combination. The stars denote the
best-fit model for each lithospheric thickness parameter. The sediment model adopted
in g-i are the expected model obtained from a posterior probability distributions.
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Figure S3.4: Model-data comparison given three Earth model parameters using
Holocene and pre-Holocene sea-level data. (a-c) Holocene data based A posteriori
probability as a function of different upper and lower mantle given 46, 71 and 96
km lithospheric thickness. (d-f) Same as a-c but using pre-Holocene SLIPs. Note
the SIA process has not been included here. The stars denote the best-fit model for
each lithospheric thickness parameter. The ice model adopted here are the expected
model obtained from a posterior probability distributions (see section 3.3.4.1).
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Figure S3.5: RSL prediction residual for SLIPs from the northern and northern
central (a), and southern and southern central(b) GBR. The RSL residual shown here
is calculated by subtract the expected RSL prediction from the SLIPs then divided
by one sigma vertical uncertainty associated with RSL reconstruction. Therefore,
a positive residual indicates the RSL observation is higher than the prediction and
vice versa.

Figure S3.6: Relative sea level data-model comparison. Error bars show 2σ vertical
and age uncertainties with the coloured dots indicate the data-model misfit (i.e., J in
equation 3.5) of each SLIP. The RSL sites shown here are supplementary to Figure
3.6, which are listed from north to the south. Note the different axis.
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S3.3 Monte Carlo Binning Analysis

To determine the temporally varying RSL difference between NOG and HYD, we

first reconstruct the data-driven RSL time series for each of these two sites using

the Monte Carlo binning analysis approach. We start by dividing the overall time

interval (from 25 to 5 ka BP) into four 5-ka wide time windows. The vertical position

(i.e. RSL height) of each time window is then determined by calculating the weighted

average of all SLIPs whose median age lies within this time bin (the horizontal

position is defined to be the middle of this time window). The weighting factor w of

each SLIP is given by:

w = 1/
√

σ2
y + (dy/dx)2σ2

x (S2)

where σy and σx are the standard deviations of each SLIP. dy/dx is the gradient

of global mean sea-level change (obtained from Lambeck et al., 2014) at the time

corresponding to the age of each sample; the gradient is used to convert the effective

contribution of age uncertainty into depth uncertainty. We then repeat the calculation

but shift all four time windows to be 0.2 ka younger (e.g., the first time bin is moved

from 25-20 ka BP to 24.8-19.8 ka BP). In total, this slide-and-calculate process is

repeated 25 times to recover the underlying RSL time series with 0.2 ka resolution.

Furthermore, to assess the uncertainty caused by the noisy SLIPs, we apply a Monte

Carlo style resampling approach. Specifically, for each binning analysis, we only use

90% of the randomly selected SLIPs. By repeating this stochastic process 100 times,

we can calculate the ensemble mean and standard deviation of the underlying RSL

signal at each time interval.
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CHAPTER 4

GEORGIA: a Graph neural network based EmulatOR for Glacial

Isostatic Adjustment

Lin, Y., Whitehouse, P.L., Valentine, A.P., and Woodroffe, S.A., 2023. GEORGIA: a

Graph neural network based EmulatOR for Glacial Isostatic Adjustment. Geophysical

Research Letters (under review in Geophysical Research Letters).
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4.1 Abstract

Glacial isostatic adjustment (GIA) modelling is not only useful for understanding

past relative sea-level (RSL) change but also for projecting future sea-level change

due to ongoing land deformation. However, GIA model predictions are subject to

parametric uncertainty of poorly-constrained global ice history. An effective way to

reduce this uncertainty is to perform data-model comparisons over a large ensemble

of possible ice histories. However, this is prohibited by the computation resources

required by a GIA model. Here we address this problem by building a statistical

GIA emulator that can mimic the behaviour of a physics-based GIA model while

being computationally cheap to evaluate. Based on deep learning algorithms, our

GIA emulator shows 0.54 m mean absolute error on 150 out-of-sample testing data

with <0.5 seconds emulation time. Therefore, this emulator is a suitable tool to

perform large ensemble of data-model comparisons to reduce the uncertainty related

to ice histories.

4.2 Introduction

During glacial cycles, water-mass redistribution related to the wax and wane of

continental ice sheets can alter global mean sea-level by over 100 m. Glacial isostatic

adjustment (GIA) describes the spatially variable response of the solid Earth, oceans

and global gravitational field to that change in water mass (Whitehouse, 2018;

Horton et al., 2018). GIA models that describe GIA-induced relative sea-level (RSL;

distance between the sea surface and the solid Earth) change have been widely used

to investigate past (Lin et al., 2021; Lambeck et al., 2014), present (Frederikse et al.,

2020; Hay et al., 2015) and future (Garner et al., 2018; Kopp et al., 2014) sea-level

change problems. Within GIA modelling, a key parametric uncertainty relates to

the poorly-constrained global ice history, which not only hinders our confidence in

understanding past sea-level change but it also limits our ability to robustly project

future sea-level variation due to the ongoing solid Earth deformation and geoid

change associated with past glacial cycles.
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A commonly-used approach to reduce ice history uncertainty involves performing data-

model comparisons with geological data that directly relate to ice-sheet history, e.g.

geomorphological evidence of past glaciation, or indirectly reflect ice-sheet variation,

such as RSL records. Due to the sparse and noisy nature of geological records, a

range of plausible ice-sheet histories may be compatible with the observations, and a

robust study often requires testing a large number of these to explore what can be

and cannot be constrained (Briggs et al., 2014; Tarasov et al., 2012). However, this

is often prohibitive due to the computational cost of solving the complex physical

equations required to perform data-model comparison. An effective way to mitigate

this difficulty is to build a statistical model that mimics the behaviour of the physics-

based simulator but is computationally cheap to run (Reichstein et al., 2019). Rather

than solving the physical equations exactly, these ‘statistical emulators’ learn how

the system behaves based on a (comparatively) small set of examples, and use this

to predict what the simulation would output in other scenarios.

The concept of emulation (also known as ‘surrogate modelling’) is not particularly new

(Sacks et al., 1989), but recent advances in machine learning have greatly expanded its

scope and application (Reichstein et al., 2019). Recent studies have built statistical

emulators to quantify the impact of basal melt on dynamic ice-sheet model behaviour

(Berdahl et al., 2021), to investigate how different CO2 emission scenarios affect

ice-sheet model estimates for future sea-level rise (Edwards et al., 2021) and to

probabilistically determine the contribution of a range of factors to future sea level

(Fox-Kemper et al., 2021). For sea-level research, although Tarasov et al. (2012)

created a neural-network-based emulator that can predict RSL chronologies based

on a set of ice dynamic model parameters, there is currently no end-to-end GIA

emulator that can predict global RSL variation history based on arbitrary ice models.

In this study, we document a proof-of-concept attempt to build an end-to-end Graph

neural network based EmulatOR for Glacial Isostatic Adjustment (GEORGIA) that

can be used to rigorously explore global ice history uncertainty.
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4.3 Methodology

Our goal is to build a statistical emulator that can predict global RSL variation

based on a given global ice history from 25 ka BP to present. This can be treated as

a supervised regression problem that maps the statistical relationship between input

and output based on example input-output pairs generated by a physics-based GIA

model. Below, we describe the example data generation, data pre-processing, and

the methods used to build and validate our emulator.

4.3.1 Training Data

To provide example input-output pairs for training our emulator, we use a physics-

based GIA model to calculate global RSL variation based on a collection of ice sheet

reconstructions. The physical model we use is a gravitationally self-consistent GIA

model that accounts for shoreline migration and Earth rotational feedback (Kendall

et al., 2005; Mitrovica et al., 2005; Milne and Mitrovica, 1996). The solid Earth

is represented by a spherically-symmetric Maxwell body consisting of an elastic

lithosphere, and an upper and lower mantle extending to 670 km, and from 670 km

to the core-mantle boundary, respectively. The GIA model calculates RSL change,

caused by land deformation and the geoid response to ice-water mass redistribution,

by solving the sea-level equation (Mitrovica et al., 2005) using a spherical harmonic

truncation of degree and order 256. The elastic and density structure of the Earth

model is derived from the Preliminary Reference Earth Model (Dziewonski and

Anderson, 1981). Because the major focus of this study is to thoroughly sample ice

history uncertainty, we do not incorporate Earth model parameter variation within

the input data for our emulator. Instead, we adopt one specific Earth rheology that

has a lithospheric thickness of 71 km and an upper and lower mantle viscosity of

0.3 and 70 × 1020 Pa s respectively (the ‘low-viscosity’ Earth model scenario from

Lambeck et al., 2014).

One key task when building a GIA emulator is to generate a training database which

evenly covers a wide range of possible deglaciation trajectories. We achieve this by

collecting a wide range of ice history models for four different regions: North America
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Figure 4.1: Illustration of the methods used to generate random synthetic ice histories
from previous ice sheet reconstructions. (a) Random combination method, which
consists of three randomised sampling procedures that reflect temporal (random
selection and sliding) and spatial uncertainty (random selection and combination) in
the underlying ice sheet reconstructions. (b) Weighted Principal Component Analysis
method, which is implemented by calculating the mean ice sheet morphology and
principal components of all time slices. From these, random ice sheet morphologies
are generated via linear combination of the randomised principal components using
two different temporal treatments of the random factor xi(t), which is illustrated
by the equation with an asterisk. A detailed description of this equation can be
found in section S4.2. The resulting synthetic random ice histories are shown in the
bottom panel. All examples shown here are for the North American Ice Sheet, but
the same approach was used to sample the Antarctic and Eurasian Ice Sheets, as
well as mountain glaciers, to create a synthetic global ice history.

(including Greenland), Eurasia, Antarctica, and all other regions with mountain

glaciers (including Patagonia), and sampling the spatio-temporal variability between
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different reconstructions. In total, we use four global ice models that predict ice-sheet

evolution in the four regions (Gowan et al., 2021; Peltier et al., 2015; Lambeck

et al., 2014; Peltier, 2004), along with four North American (Roy and Peltier, 2018;

Gowan et al., 2016a; Han et al., 2021; Tarasov et al., 2012; Tarasov and Peltier,

2003), four Eurasian (Clark et al., 2021; Han et al., 2021; Patton et al., 2017, 2016;

Tarasov et al., 2014; Abe-Ouchi et al., 2013) and three Antarctic (Argus et al.,

2014; Briggs et al., 2014; Whitehouse et al., 2012a,b) ice models. Because these ice

models are reconstructed based on different principles (e.g., thermomechanical ice

modelling, GIA modelling, and the interpolation of glacial geomorphological data),

they provide good coverage of possible ice-sheet deglaciation uncertainty. Detailed

information about each ice model is given in Table S4.1. We resample all the ice

sheet reconstructions into a standardised format with 26 time slices (from 25 to

0 ka at 1 ka intervals) and spatial coverage corresponding to 256-degree spherical

harmonic truncation, using linear interpolation as necessary. Because a GIA model

is forced by ice thickness change rather than total ice thickness, we express all ice

models in terms of ice thickness relative to present.

Using these standardised ice sheet reconstructions as building blocks, we generate a

suite of randomised, synthetic ice histories that span the range of plausibility. We

employ two main methods to systematically sample the spatio-temporal variability

across different reconstructions– random combination and weighted principal com-

ponent analysis (wPCA), the latter uses two approaches to account for temporal

uncertainty. The random combination method samples the variability within the

range bounded by previous reconstructions (Figure 4.1a), while the two wPCA

approaches sample out-of-boundary variability, using two different approaches to ac-

count for long-term (e.g., grounded ice volume at the Last Glacial Maximum, Simms

et al., 2019) and short-term (e.g., Meltwater Pulse 1A; Lin et al., 2021; Deschamps

et al., 2012) temporal variability (Figure 4.1b). We provide a brief summary of

these three approaches here, with a detailed description given in sections S4.1 and

S4.2. The random combination method creates 500 synthetic ice histories by linearly

combining different ice models into a new model. We randomly select 2-6 ice models

for each region (i.e., random selection in Figure 4.1), and randomly translate each
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in time (younger or older) in order to sample the temporal uncertainty. The new

ice model is calculated to be the weighted average of the selected ice models, with

the details determined using a set of random weighting factors. The second and

third approaches use wPCA to extract important ice morphological patterns (i.e.,

principal components; PCs) from different ice models. A weighting scheme is applied

to account for the spherical geometry of the Earth, which means that grid cells at

different latitudes cover different areas. Using the extracted PCs, 1,000 synthetic ice

histories (500 for each approach to temporal uncertainty) are generated by adding a

random linear combination of the PCs to the mean ice history (Figure 4.1b; details

in section S4.2).

After obtaining 1,500 synthetic ice histories for each region, we create global ice

models by randomly sampling these regional ice model repositories and combining

randomly selected regional ice models into a synthetic global model. This results in a

global ice model that can contain regional ice histories generated by several different

statistical methods. In total, we create 1,500 synthetic global ice histories, and for

each we then simulate global RSL history from 25 ka to present, as described above.

Because we express the input in terms of ice thickness relative to present, the modern

ice thickness layer is a spatially uniform layer with all zero values, which contains

no information. Therefore, we replace this layer with modern topography, which

is important for calculating the continental levering and ocean siphoning processes

(Mitrovica and Milne, 2002). Before being used to train a GIA emulator, we normalise

all input and output data to ensure zero mean and unit standard deviation (more

information in section S4.3). The 1,500 normalised input-output pairs are divided

into training (80%), validation (10%) and testing (10%) sets.

4.3.2 Statistical Emulator

Using this training set, we now wish to build an emulator that can map ice history

into RSL change. This is a typical machine learning problem, for which a convo-

lutional neural network is commonly used. However, classical convolutional neural

network algorithms are designed to perform convolution and pooling operations

within Euclidean space, which is not appropriate when representing geographical
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data such as ice or RSL history on a spherical Earth. Therefore, we use a graph-based

spherical convolutional neural network (SCNN) algorithm that correctly implements

convolution and pooling operations on data within a spherical manifold. We employ

a Hierarchical Equal Area isoLatitude Pixelization (Healpix) scheme to build this

spherical manifold, which produces a subdivision of a spherical surface where every

pixel covers the same surface area (Gorski et al., 2005). This is an ideal property for

emulating GIA processes because it ensures input ice thickness is proportional to the

ice load applied to each grid cell. Furthermore, the SCNN algorithms used in this

study use a graph filter that extracts information from nearby grid cells in a way

that only depends on the distance between the grid centres, not on the direction.

This ensures that information is rotationally equivariant. In other words, rotating

the input ice history will result in an equivariant output RSL prediction. Rotational

equivariance is desirable because it can significantly reduce the data sampling com-

plexity. Underpinning these SCNN algorithms is a 3-layer U-Net (Ronneberger et al.,

2015), a neural network architecture that is widely-used in regression and image

segmentation problems (Lai et al., 2020; Yao et al., 2018) – see section S4.4 for more

details. For this study, we adopt the SCNN algorithms from the Deepshere package

(Defferrard et al., 2020, 2019), which has been successfully used in cosmological and

weather prediction applications (Perraudin et al., 2019).

The emulator structure is governed by various hyperparameters, whose values in-

fluence the final emulation performance. Here we provide information on some

key hyperparameters used in this study; a full list of the hyperparameters, along

with definitions, is given in Table S4.2. A hyperparameter that should be noted

is the Healpix sampling resolution. To achieve relatively fast emulation, we use a

16-degree Healpix sampling resolution (n = 3072), corresponding to ∼3.66 degree

spatial coverage. All standardised input and output fields are interpolated onto

16-degree Healpix grids. Another essential hyperparameter for SCNNs is graph

filter size, which determines the number of nearest-neighbourhoods included in each

convolution process (i.e., spatial scale length). This is important for GIA problems

because the solid Earth deformation signal tends to be long wavelength. For example,

the peripheral bulge formed in response to loading of the North American Ice Sheet
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can extend over 3,000 kilometres, to places like Barbados. In this study, we use a

graph filter size of 60, corresponding to ∼1780 km radius.

We use a mean square error (MSE) loss function to quantify the misfit between emu-

lator predictions and GIA modelling results and iteratively update model parameters

by backpropagation (Goodfellow et al., 2016). Because the MSE loss function focuses

on the misfit of each single grid point, we include two extra metrics to assess the

overall quality of the emulation results: peak signal-to-noise ratio (PSNR, Korhonen

and You, 2012) and structural similarity index measure (SSIM, Brunet et al., 2011).

Both of these metrics are widely used to measure the quality of image and video

compression (Wang and Bovik, 2009; Huynh-Thu and Ghanbari, 2008), with formal

definitions given in section S4.5. A high PSNR value indicates low noise level, and

vice versa, while the SSIM provides a similarity metric between 0 and 1 where a

higher value indicates better emulation quality. Note that the SSIM is not directly

correlated with either MSE or PSNR, and so can provide an independent assessment

of output quality (Hore and Ziou, 2010). We also evaluate model performance by

calculating the mean absolute error (MAE) because it provides a more indicative

measurement of emulation error.

Finally, to assess the value of the SCNN model, and explore whether it is able to

capture significant internal relationships between inputs and outputs, we also create

a basic kernel model. When given previously-unseen inputs, this model simply finds

the five most similar inputs from within the training set, and averages their known

outputs. The misfit of this approach serves as a baseline for assessing the performance

of the SCNN-based emulator.

4.4 Results and discussions

4.4.1 Emulator Performance

Using the trained SCNN-based emulator, which will be referred to as GEORGIA,

we predict RSL variation results for 150 unseen testing examples. GEORGIA out-

performs the kernel-based method on all evaluation metrics. Specifically, GEORGIA
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Figure 4.2: Emulator performance for the 150-member out-of-sample testing set.
(a) Temporally-averaged spatial distribution of emulation error, locations here refer
to typical near-, intermediate- and far-field sites: (No) Northern Massachusetts;
(Ba) Barbados and (Se) Seychelles. (b) Spatially-averaged temporal variation of
the emulation error. (c) 2-D histogram comparing the ground truth and emulator
predictions. R2 denotes the coefficient of determination. The subplot shows the
cumulative probability of the absolute error. (d, e, f) RSL predictions generated
using the physics-based GIA model for the 150-member test set, with emulation
errors given in the subplots, at Northern Massachusetts, Barbados and Seychelles,
respectively.

achieves an order of magnitude lower MSE (0.946 vs 29.53 m2) and MAE (0.54 vs

5.84 m) along with distinctly higher PSNR (61.11 vs 46.18) and SSIM (0.9995 vs

0.9864) values. This indicates that the SCNN-based algorithm is able to capture

the complex correlation between ice history and GIA-induced RSL history better

than the baseline approach of finding similar training set pairs. The low MSE and

MAE values, and the high PSNR and SSIM values, suggest a high-level of similarity

between the RSL predictions generated by the emulator and the physical-based

model. The 0.54 m MAE emulation error is also smaller than 87.8% of the 2σ RSL

reconstruction uncertainties in a comprehensive sea-level database (Hibbert et al.,

2018), suggesting a sufficient emulation accuracy.

The spatial and temporal distributions of emulation error between the physical

and statistical models are show in Figure 4.2. The emulation MAE is strongly
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heterogeneous in space (Figure 4.2a), with near-field regions showing large errors of

up to 4 m, while errors in far-field regions (i.e., far from previous ice-sheet margins)

are mostly below 0.5 m. This spatial heterogeneity reflects the spatial variability in

the training set (Figure S4.1d), where near- and far-field RSL standard deviations

can reach up to 500 m and 25 m, respectively, indicating that the average emulation

error is 1-2% of the training variability. Considering the low emulation error, it is

possible to use GEORGIA to perform large ensemble-based data-model comparison

in order to refine ice history according to sea-level observations.

Temporally, emulation MAE peaks during the early stages of deglaciation (Figure

4.2b), when RSL is significantly different from present-day values (Figure 4.2b), and it

decreases during the Holocene as global mean sea-level gradually approaches modern

levels. Figures 4.2d,e,f show physics-based RSL predictions along with the emulation

error at three typical near-, intermediate- and far-field sea-level sites. It is clear

that although RSL predictions differ significantly between these sites, the temporal

distributions of the emulation error follow an identical near-stationary trend, with

larger emulation error occurring before the Holocene, similar to the global average

pattern shown in Figure 4.2b. Considering this near-stationary and white-noise-like

error distribution, we suggest that GEORGIA is able to capture the vast majority of

correlation between ice history and the global RSL field.

Figure 4.2c provides an overall comparison between the physics- and statistical-based

RSL predictions. It is clear that GEORGIA can well approximate the physics-based

GIA model with a 0.9998 coefficient of determination (R2) and no systematic error.

95.7% of the emulation results have a MAE of less than 2 m. In far-field regions, over

99% of the emulation results have a MAE of <2 m while 95% have a MAE of <1 m.

Although GEORGIA contains ∼33.8 million trainable parameters, it only takes

0.25 seconds to emulate RSL change through the last deglaciation on a Graphics

Processing Unit (8GB NVIDIA GEFORCE RTX 3070 Ti). The computation time

increases to 3.7 seconds when using a Central Processing Unit (Intel® CoreTM

i9 14 Core Processor). This is 500 to 1000 times faster than the computation

time of a physical forward GIA model. Considering the good emulation accuracy

above, this emulator allows us to perform 500-1000 times more simulations within a
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given computational budget – potentially making it feasible to employ a range of

ensemble-based techniques for parameter estimation and uncertainty quantification.

4.4.2 GEORGIA Generalizability

A key question for any statistical emulator is generalizability: how does the emulator

perform for arbitrary unseen inputs? For neural network based emulators, previous

studies suggest that although they perform well in interpolation problems, they

cannot meaningfully extrapolate non-linear functions (Xu et al., 2020; Goodfellow

et al., 2016). In other words, while GEORGIA is effective for ice histories that are

similar to those in our training set, GEORGIA may produce meaningless output if

the input ice history comes from a significantly different distribution relative to the

training set, such as putting an ice cap on Australia. This drawback means that in

order to emulate a specific GIA problem, a well-designed training set is a prerequisite.

Although our training set covers a wide range of possible ice histories by thoroughly

sampling the spatio-temporal variability of previous ice-sheet reconstructions, this

cross-reconstruction variability cannot describe the ice thickness uncertainty associ-

ated with poor knowledge of ice-sheet dynamical processes (e.g., large uncertainty in

ice stream areas, Pittard et al., 2022; Albrecht et al., 2020; Tarasov et al., 2012) and

ice margin chronology (Dalton et al., 2020). Therefore, incorporating more modelling

results from physically-consistent ice sheet models that are constrained by empirical

geomorphological evidence will be an important forward step to further improve the

generalisation of GEORGIA.

4.4.3 Emulator Applications

Using GEORGIA, global RSL variation from 25 ka BP to present can be rapidly

emulated using any ice history that is similar to our training set. Because our training

set provides good coverage of possible deglaciation scenarios identified in previous

studies, GEORGIA can predict RSL for most plausible ice models and therefore it

can be used as a substitution for a physics-based GIA model in many applications.

Additionally, benefitting from a modern machine learning framework, GEORGIA can
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be used by other researchers with minimum requirements for programming experience

or computational resources. Here, we provide two example GEORGIA applications,

namely; (1) calculating the ice-sheet contribution to global barystatic sea level; and

(2) mapping barystatic sea level in space and time.

4.4.3.1 Barystatic Sea Level Calculator

Barystatic sea level (BSL) describes the uniform shift of the global ocean surface

due to ice-ocean mass exchange in the absence of gravitational effects and Earth

deformation. It is a direct measure of global grounded ice volume change through time,

and hence it is important for calibrating isotopic proxies and constraining ice-sheet

variation history (Waelbroeck et al., 2002). However, for palaeo ice-sheet modelling

studies, there is no straightforward way to calculate the ice-sheet contribution to

global BSL without running a GIA model, due to the complexities associated with

changes in global ocean area and topography (which impacts the grounded-floating

ice transition). As a result, numerous studies (e.g., Gomez et al., 2020; Patton et al.,

2017) only present their ice modelling results in terms of ice volume or an ice volume

equivalent sea-level contribution (i.e., ice volume divided by modern ocean area).

Based on our physics-based GIA modelling results, this latter approach overestimates

the ice sheet contribution to global mean sea-level rise since 21 ka BP by 3.34 m

(0.8-4.3 m depending on the adopted ice history), which is a non-negligible signal to

consider.

Using GEORGIA, we provide a global BSL calculator that accounts for shoreline

migration and the impact of solid Earth deformation on ice flotation (with detailed

theory given in section S4.6). To test the accuracy of this GEORGIA-based BSL

calculator, we compare its predictions to 150 examples of deglacial BSL history

obtained using the physics-based model (i.e. those comprising the testing set). The

results show emulation error (MAE) of 0.04 m. Thus, GEORGIA is a suitable tool

to rapidly estimate the ice-sheet contribution to global BSL change, for example, as

predicted by ice dynamic or general circulation models.
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4.4.3.2 Barystatic Sea Level Map

A barystatic sea-level map identifies locations and times where local RSL approximates

global BSL. Such sites are targeted by sea-level scientists to provide a close constraint

on global ice volume. Because of spatially and temporally variable GIA-related

perturbations to the gravity field and solid Earth surface (i.e., the non-barystatic

signal), producing a BSL map requires robust estimates of the non-barystatic con-

tributions to RSL. The detailed theory for calculating a BSL map was described in

Milne and Mitrovica (2008) where they conclude that ideal locations to reconstruct

palaeo BSL are where local RSL: (1) is relatively insensitive to plausible ranges in

GIA model parameters (i.e., global ice history and solid Earth rheology); (2) closely

approximates the barystatic value. Milne and Mitrovica (2008) provide a series of

BSL maps at different time slices, based on GIA modelling results that use two ice

histories (Bassett et al., 2005; Peltier, 2004), each paired with 162 plausible sets of

Earth parameters. These maps have been used by the field community to target

locations that approximate BSL during different parts of the deglacial period (e.g.,

Sefton, 2020; Woodroffe et al., 2015).

A major limitation of Milne and Mitrovica (2008) is that they only sample two

ice models, and hence they are not able to thoroughly quantify the impact of ice

history uncertainty on the resulting BSL estimates. Because GEORGIA has high

computational efficiency while remaining sufficiently accurate for many applications

(section 4.4.1), it is an ideal tool for testing the sensitivity of the BSL map to a

large ensemble of ice histories. To produce a BSL map that represents ice history

uncertainty, we emulate the global non-barystatic signal (i.e., RSL - BSL) for 10,000

randomly generated ice histories using the same methods introduced in section 4.3.1.

Based on these emulation results, we calculate the probability that global RSL lies

within 3 and 1 m of the barystatic value at 21 and 6 ka BP respectively (Figure 4.3).

Because uncertainty in the results of Milne and Mitrovica (2008, see their Figs. 6 and

7) largely reflects the uncertainty associated with radial mantle viscosity structure,

combining their results with ours enables us to robustly identify regions where RSL

approximates the global BSL value regardless of the choice of global ice history or
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Figure 4.3: Barystatic sea-level maps based on 10,000 emulation results. (a) Probabil-
ity that local RSL lies within 3 m of the barystatic value at 21 ka BP. (b) Probability
that local RSL lies within 1 m of the barystatic value at 6 ka BP. (c) Temporal
variation of the non-barystatic signal at six different sea-level sites. Note the con-
fidence intervals shown here only reflect the uncertainty associated with combining
10,000 different ice histories with one Earth rheology. The area between the two
black dashed lines represents the region where the non-barystatic signal is smaller
than 3 m. Locations in (a) refer to (from west to east): Tahiti (Ta), Barbados (Ba),
Seychelles (Se), Sunda Shelf (Su), Bonaparte Gulf (Bo) and Huon Peninsula (Hu).

radial mantle viscosity structure. We conclude that the southern Indian Ocean and

southern Tasman Sea (close to south-western New Zealand) are ideal regions to

reconstruct global BSL at 21 ka BP because it is highly likely that the non-barystatic

signal here will be lower than 3 m, and predictions are insensitive to the Earth model
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choice (Milne and Mitrovica, 2008). Although there is also a low non-barystatic

signal shown in the mid-northern Pacific and mid Atlantic regions, these sites are

not suitable for reconstructing global BSL because RSL is highly-sensitive to the

choice of Earth rheology (Milne and Mitrovica, 2008). For the mid-Holocene, our

map shows a broadly similar pattern to Milne and Mitrovica (2008), where optimal

regions are the western and eastern Indian Ocean, the mid-northern Pacific Ocean

and the mid-southern Atlantic Ocean. Meanwhile, agreeing with the results from

Milne and Mitrovica (2008), the mid-southern Atlantic is not an ideal region for

mapping mid-Holocene BSL.

In Figure 4.3c, we show the impact of ice history uncertainty on the temporal

evolution of the non-barystatic signal at six locations that are commonly-used in

sea-level studies (e.g., Lin et al., 2023; Webster et al., 2018; Woodroffe et al., 2015).

Our results show that variations in the spatial and temporal distribution of the global

ice sheets has a major effect on the magnitude of the non-barystatic signal, and a

minor effect on the overall trend - the latter depends more on the Earth rheology,

which we do not vary in this experiment. Regarding the six selected sea-level sites, as

suggested in Milne and Mitrovica (2008), we confirm that Seychelles is a particularly

good site to map global BSL history because it has a low uncertainty, minor non-

barystatic signal throughout the last deglaciation (Figure 4.3c). Although Huon

Peninsula is also predicted to have a small non-barystatic signal, and the uncertainty

associated with ice history is small, this site is highly sensitive to the choice of Earth

rheology (Milne and Mitrovica, 2008). In general, similar to the findings of Milne

and Mitrovica (2008), who investigated the impact of the choice of Earth model on

the non-barystatic signal, we find that uncertainty associated with poor knowledge of

global ice history can reach up to 15/6 m at 21/6 ka BP, indicating that ice history

uncertainty is an essential factor to consider when mapping global BSL history.

4.4.4 Future Development

In this study, we demonstrate that SCNNs can emulate RSL for a range of ice histories,

assuming one specific Earth model. However, Earth rheology is a highly uncertain

parameter that can result in hundreds of metres of RSL uncertainty in near-field
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regions and tens of metres in far-field regions. Therefore, an ideal GIA emulator

should be able to sample ice history and Earth rheological properties simultaneously.

One way to achieve this would be to incorporate Earth rheological parameters into the

input data. Taking a 1-D Earth model as an example, lithospheric thickness, upper

and lower mantle viscosity can be represented by three spatially-uniform layers. This

information could be embedded into the input data by stacking it with the ice history

data, enabling mantle viscosity to be considered when performing the convolution

operation. Another important aspect subject to future development is the spatial

resolution of GEORGIA. The current version of GEORGIA only supports a 3.66

degree spatial resolution, which is insufficient to accurately reveal the ocean-continent

transition zone, i.e., Figure 4.3 cannot resolve the coastal contour of global barystatic

sea-level change. Although this problem could be solved directly by simply increasing

the spatial resolution of GEORGIA, smart engineering is required to deal with the

trade-off between emulation resolution and the computational demands of a specific

modelling task. GEORGIA is an open source model and we hope that others will

adapt it in the future to address a range of research questions.

4.5 Conclusions

Using a graph-based spherical convolutional neural network, we document the first

attempt to build a statistical GIA emulator (GEORGIA) that can approximate global

RSL variation history based on a given deglacial ice history. GEORGIA predicts

RSL history 500-1000 times faster than a physics-based GIA model, with a mean

absolute error of 0.54 m. Due to its low computation expense, it is a suitable tool

for performing large-ensemble investigations of ice history uncertainty. By providing

example applications of GEORGIA - calculating the ice-sheet contribution to global

BSL change and creating a BSL change map - we demonstrate that GEORGIA will

be a useful tool for improving our understanding of global ice and sea-level variation

histories.
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S4 Supplementary Information

S4.1 Random Combination of Ice Models

This section details the mathematical expressions used to generate a synthetic ice

history based on a random combination of previous ice sheet reconstructions (Table

S4.1). Starting from a set of regional ice histories with ice thickness Ii(t), we generate

the synthetic ice model (I(t)) within a hierarchical framework:

I(t) =
∑
i∈M

∑
j∈N

Ii(t + δ)Wj (S4.1)

where M is an array containing randomly selected indices:

M = (m1, m2, · · · , mn)

m ∼ [U(1, K)]

n ∼ [U(2, 6)]

(S4.2)

U indicates a uniform distribution and [ ] means that all float numbers are rounded

to their nearest integers. m and n control which original ice models are selected, and

the number of random models being selected, respectively. K indicates the number

of ice histories available for each regional ice sheet component.

δ in equation S4.1 is defined by:

δ ∼ [N(0, 2)] (S4.3)

This is a Gaussian random noise model that moves the whole ice history younger or

older. The selected ice history Ii(t + δ) can be further expressed as:

Ii(t + δ) =


Ii(25), t + δ > 25

Ii(t + δ), 0 ≤ t + δ ≤ 25

Ii(0), t + δ < 0

(S4.4)

where 25/0 is the first/last time step of ice history used in this study.
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Lastly, W is an array containing random weighting factors for combining different

ice models:

W = (w1, w2, · · · , wK)

wj =


0, j ̸= i

∼ Dir(α), j = i

α ∼ U(0.2, 1)

(S4.5)

Dir indicates a Dirichlet distribution, which is used to generate random weighting

factors that fulfil the conditions wj ≥ 0 and
∑

(W ) = 1. The concentration parameter

α describes how evenly information is drawn from the different ice models. A small α

value will result in an uneven distribution of weighting factors (e.g., 0.80, 0.18, 0.01,

0.01), while a large alpha value will result in a more even distribution of weights

(e.g., 0.23, 0.27, 0.24, 0.26), with information drawn more equally from the different

ice models.

S4.2 Weighted Principal Component Analysis of Ice Models

This section details the mathematical expressions used to generate a synthetic ice

history based on the weighted Principal Component Analysis (wPCA) approach. The

wPCA approach is used to extract important ice morphological patterns from the

initial set of reconstructions (Domingo et al., 2020). A weighting scheme is adopted

to account for the spherical geometry of the Earth, which means that grid cells at

different latitudes cover different areas. We apply a weighting factor to each grid

cell that is proportional to its area. Using the wPCA approach, we calculate six

principal components (PCs) for each ice-sheet region and time slice. This accounts

for more than 99% of the variance, and hence captures most of the spatial variability.

Synthetic regional ice morphology I(t) at time t can then be generated by linearly

combining different PCs:

I(t) = Ī(t) +
6∑

i=1
xi(t)Vi(t + δ) (S4.6)

δ ∼ [N(0, 2)] (S4.7)
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where Ī(t) represents the mean ice-sheet morphology at time t, xi denotes the random

weighting coefficient, and Vi(t) is the ith PC. To represent the temporal uncertainty

within the ice sheet reconstruction, we applied a Gaussian random time shift δ

(rounded to an integer, represented by square brackets) to each PC. This means that

the final ice morphology can be influenced by temporally nearby PCs.

To further sample the variability of ice history, we use two methods to represent the

random weighting coefficient xi, with the first method using a temporally uniform

coefficient and the second method using a temporally variable coefficient (see Figure

4.1). The first method is designed to represent general uncertainty associated with

overall ice volume, and the second method is designed to reflect uncertainty associated

with the short-term ice-sheet response to abrupt climate change (e.g., meltwater

pulses). The temporally uniform coefficients are draw from a normal distribution with

0 mean and 1 standard deviation. The temporally variable coefficients are generated

by creating a time series of random noise (0 mean and 3 standard deviation) and then

applying a Gaussian filter (with 3 standard deviation) to smooth the temporal signal.

The filtered signal is then standardised to maintain zero mean and unit standard

deviation. Examples of the resulting random ice histories are given in Figure 4.1.

We do not use the ice model from Han et al. (2021) when calculating PCs for the

North American and Eurasian ice sheets because it has not been calibrated to fit

any empirical constraints, and this may therefore lead to unrealistic variability.

S4.3 Data Normalisation

We normalised the input ice histories and output RSL variations using the expressions:

Ĩ = I − µI

σI
(S4.8)

˜RSL = RSL − µRSL

σRSL
(S4.9)

where I and RSL are 3-dimensional matrices, containing spatial and temporal

information about ice thickness and RSL variation across 1,500 random examples. Ĩ

and ˜RSL are also 3-dimensional matrices representing normalised ice thickness and

RSL variation values. µI/µRSL and σI/σRSL are 1-d arrays which contain spatial

126



S4.4. U-Net architecture

Figure S4.1: µI , µRSL, σI and σRSL mentioned in section S4.3. (a, b) Mean and
standard deviation of ice thickness relative to present over all random ice histories
and time slices. (c,d) Mean and standard deviation of relative sea-level variation
induced by all random ice histories from 25 ka to present.

information about the mean and standard deviation of ice thickness/RSL across all

time slices and random samples (see Figure S4.1).

S4.4 U-Net architecture

U-Net architecture (Ronneberger et al., 2015) is a widely-used convolutional neural

network architecture that has been successfully applied to regression and image

segmentation problems (Lai et al., 2020; Yao et al., 2018). This architecture consists

of a contracting path and an expansive path (see architecture in Figure S4.2). The

contracting path consists of three convolution blocks with two repeated convolution

operations each followed by a rectified linear unit (ReLU) activation, followed by a

max pooling operation. The expansive path then processes the feature information

through a sequence of max unpooling, concatenation and convolution, to produce

a high resolution prediction. The pooling and unpooling processes can be easily

implemented within a Healpix sampling scheme, see Figure S4.3. The concatenation
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Figure S4.2: The spherical convolutional neural network U-Net architecture. U-Net
consists of a contracting path and an expansive path, which gives it a U-shaped
architecture. Arrows with different colours represent different operations within the
network. For each step of operation, input and output data dimension is noted.
ReLU = rectified linear unit activation.

operations pass the high resolution information from the contracting path to the

expansive path which can effectively mitigate checkerboard artifacts in the outputs.

Additionally, for each block in the contracting and expansive paths, we add a residual

layer to create a shortcut for passing information from the start to the end before the

ReLU activation function, which has been shown to mitigate the vanishing gradient

problem for deep neural networks (Srivastava et al., 2015).

S4.5 Peak signal-to-noise ratio and structural similarity index

measure

Peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM)

are two metrics that are widely used in measuring the quality of image and video

compression (Wang and Bovik, 2009; Huynh-Thu and Ghanbari, 2008). Specifically,

PSNR and SSIM can be expressed as:

PSNR = 10 × log10(MAX2

MSE
) (S4.10)
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Figure S4.3: Pooling and unpooling within a Hierarchical Equal Area isoLatitude
Pixelization (Healpix) sampling scheme. (a) Degree-8 Healpix of the sphere, n = 768.
(b) Degree-4 Healpix of the sphere (n = 192), which can be seen as one level pooling
from degree-8 Healpix. For max pooling, the maximum value within each 4-grid
subdivision is assigned to the coarsened grid. (c) Same as (a) but illustrating the
max unpooling process from degree-4 to degree-8 Healpix by copying the maximum
value to the four grids within the original subdivision.

SSIM = 1
j∗ × T

j∗∑
i=1

T∑
t=1

(2µ2
ŷi,t

µ2
yi,t

+ c1)(2σŷi,tyi,t + c2)
(µ2

ŷi,t
+ µ2

yi,t
+ c1)(σ2

ŷi,t
+ σ2

yi,t
+ c2)

(S4.11)

where MAX is the absolute maximum value among all grids with MSE indicating

mean squared error, and therefore a high PSNR value indicates low noise level. For

SSIM, µyi,t and σyi,t indicate the mean and standard deviation of yi,t (simulation

result of a specific sample at a certain time interval) and σŷi,t,yi,t is the covariance

of a specific pair of emulation and simulation results. c1, c2 are trivial values for

preventing a 0 denominator. SSIM provides a similarity metric between 0 and 1

where a higher SSIM value indicates better emulation quality.

Previous studies suggest that MSE and PSNR, which are based on point-by-point

comparison, can perform well in assessing the quality of noisy images, but they

cannot perform well when seeking to discriminate between the structural content of

images because various types of degradations applied to the same image can yield

the same value of MSE and PSNR (Hore and Ziou, 2010). Conversely, SSIM is

correlated with the quality and perception of the human visual system, and it can

therefore better discriminate structural content across different images. Note, SSIM

is not directly correlated with either MSE or PSNR, and therefore they provide

independent assessments of output quality.
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S4.6. Barystatic sea-level calculation

S4.6 Barystatic sea-level calculation

In this study, we consider barystatic sea level as a direct indicator of global grounded

ice volume through time (BSL(t), Milne and Mitrovica, 2008), which can be expressed

as:

BSL(t) = − ρice

ρwater

[
Vice(t)

Aocean(t) − Vice(t0)
Aocean(t0)

]
(S4.12)

where ρice and ρwater denote ice and ocean water density; Vice(t) and Aocean(t)

represents global grounded ice volume and global ocean surface area at time t, and

t0 represents the present day. To consider whether ice is grounded at each location

(φ) and time (t), grounded ice volume (vice(t, φ)) can be defined as:

Vice(t) =
∫

vice(t, φ)dφ (S4.13)

vice(t, φ) =


0, i(t, φ) = 0 ∨ i(t, φ) < ρwater

ρice
b(t, φ)

vice(t, φ), i(t, φ) ≥ ρwater

ρice
b(t, φ)

(S4.14)

where i(t, φ) and b(t, φ) denote ice thickness and bathymetry (positive value in ocean)

at location φ and time t, and b(t, φ) can be further expressed as:

b(t, φ) = b(t0, φ) + RSL(t, φ) (S4.15)

where RSL(t, φ) indicates RSL prediction either by a physical simulator or the

statistical emulator.

One important concept that should be noted is that the definition of BSL used here

is a measure of global grounded ice volume, it does not reflect the magnitude of

global mean sea-level rise that would occur if all grounded ice melts. This is due

to the fact that some ice-sheets are marine-ground and hence the ice volume below

flotation will not contribute to global mean sea-level rise. Based on our 1,500 forward

modelling results, the difference between BSL and the magnitude of global mean

sea-level rise since the Last Glacial Maximum can vary between 5 and 20 m.
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Region Model Name Modelling Method Reference
Global PaleoMIST Geomorphological evidence determined ice history as-

suming ice sheets are perfectly plastic and under equi-
librium conditions

Gowan et al. (2021)

ANU Near- and far-field GIA modelling Lambeck et al. (2017,
2014)

ICE_6G Near- and far-field GIA modelling Peltier et al. (2015)
ICE_5G Near- and far-field GIA modelling Peltier (2004)

North America ICE-7G_NA Near-field GIA modelling Roy and Peltier (2018)
NAICE Near-field GIA modelling Gowan et al. (2016a)
Han_2021 Coupled ice-sheet and GIA modelling Han et al. (2021)
GLAC1-D-
NA∗

Glacial systems modelling with Bayesian style calibra-
tion

Tarasov et al. (2012);
Tarasov and Peltier
(2003)

Eurasia BRITICE-
CHRONO∗

Geomorphological evidence determined ice history as-
suming ice sheets are perfectly plastic and under equi-
librium conditions

Clark et al. (2021)

Patton_2017 Thermomechanical ice modelling Patton et al. (2017,
2016)

Han_2021 Coupled ice-sheet and GIA modelling Han et al. (2021)
GLAC1-D-
EUR

Glacial systems modelling with Bayesian style calibra-
tion

Tarasov et al. (2014);
Abe-Ouchi et al. (2013)

Antarctica W12 Ice sheet dynamic modelling Whitehouse et al.
(2012a,b)

ICE6G_C Near-field GIA modelling Argus et al. (2014)
GLAC1-D-
ANT

Glacial systems modelling with Bayesian style calibra-
tion

Briggs et al. (2014)

Table S4.1: Ice sheet reconstructions used in this study. ∗For GLAC1-D-NA, we use
two ice history scenarios for the North American Ice Sheet (nn9927 and nn9894),
and for BRITICE-CHRONO, we use two scenarios for the Eurasian ice sheets (1C
and 1D).

Model hyperparameter Value Parameter description
Graph kernel size 40, 60 A parameter that determines the number of

nearest-neighbourhoods included in each con-
volution process

U-Net depth 3, 4 A parameter that describes the number of con-
volution convolution/deconvolution blocks con-
tained within the contracting/expansive path
of U-Net

Sampling scheme Hierarchical Equal Area isoLatitude
Pixelization

This defines how does a sphere being discret-
ised.

Healpix sampling resol-
ution

Hierarchical Equal Area isoLatitude
Pixelization degree 16

This corresponds to a ∼3.66 degree resolution

Activation function Rectified linear unit activation A function that produces non-linearity after
each node.

Optimizer Adam An algorithm that modifies the weights of the
neural network based on loss gradient.

Learning rate 0.001 with a constant decay rate of 0.8
for each 100 epochs

A hyperparameter that controls how much to
change the model in response to the estimated
error each time the model weights are updated

Batch size 8 The number of sub samples given to the net-
work after which parameter update happens.

Training epoch 1500-2500 depending on the model con-
vergence situation

A parameters determines total number of iter-
ations of all the training data in one cycle for
training the machine learning model.

Table S4.2: Model hyperparameters used to build or train GEORGIA.
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CHAPTER 5

Discussions
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5.2. Summary of principal findings

In this chapter, section 5.1 returns to the aim, research questions and objectives

(Chapter 1, Section 1.2) of this thesis and provides a brief overview of each Chapter.

Section 5.2 summarises the key scientific findings of this thesis in relation to the

research questions outlined in Chapter 1, including their relation to the wider

literature and recent research that has emerged since the publication of the findings

presented in Chapters 2-4. Section 5.3 then discusses the implications of these

findings for future sea-level research. Finally, Section 5.4 discusses limitations and

prospective directions for future research that have emerged from this body of work.

5.1 Review of research aim, questions and objectives

The main aim of this research was to develop novel physical and statistical mod-

elling approaches to improve understanding at process, data and parameter levels

and therefore resolve outstanding postglacial sea-level change questions relating to

MWP-1A sources, the missing ice problem, and the spatio-temporal evolution of

barystatic sea-level. A series of research questions and objectives were outlined in

Chapter 1 in order to address this aim. These were:

RQ1 How much did the North American, Scandinavian and Antarctic Ice Sheets

contribute to Meltwater Pulse 1A?

RQ2 Can we mitigate the missing ice problem by incorporating another physical

process (sediment isostatic adjustment) that has not been considered before?

RQ3 Where might we find sea-level records that closely approximate barystatic

sea-level change regardless of the detailed geometry of past ice sheet change?

5.2 Summary of principal findings

This section revisits each of the research questions (RQs) presented in section 1.2 and

outlines the key findings of this thesis. I will first focus on introducing the framework

created in each project to better understand the process, data and parameter levels
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5.2.1. RQ 1: How much did the North American, Scandinavian and Antarctic Ice Sheets
contribute to Meltwater Pulse 1A?

of a specific question using a series of physical and statistical modelling approaches.

Based on these novel frameworks, detailed findings regarding three outstanding

questions in postglacial sea-level change will then be presented.

5.2.1 RQ 1: How much did the North American, Scandinavian and

Antarctic Ice Sheets contribute to Meltwater Pulse 1A?

The contribution of the North American Ice Sheet (NAIS), the Scandinavian and

Barents Sea Ice Sheet (SIS) and the Antarctic Ice Sheet (AIS) to Meltwater Pulse

1A (MWP-1A) was assessed in Chapter 2 of this thesis. Specifically, we combined a

comprehensive statistical framework with a glacial isostatic adjustment (GIA) model

to improve the understanding of MWP-1A sources at process, data and parameter

levels. At the process level, Chapter 2 proposed a method that translates the non-

linear local relative sea-level (RSL) change at each location during MWP-1A into

a linear inversion problem of the meltwater contribution from the NAIS, SIS and

AIS. At the data level, because the linear inversion problem can be solved efficiently

through a least squares algorithm (which requires minor computational resources), it

allows us to use a Monte Carlo based probabilistic approach to thoroughly sample the

sophisticated age and depth uncertainty distributions associated with different types

of sea-level indicator. We also tested two methods of representing the depth-habitat

uncertainty for coral records, i.e. an empirical and uniform scenario, which therefore

ensures a robust interpretation of coral records. Furthermore, we created a novel way

to incorporate geological interpretations of isolation basin stratigraphic transitions

as an extra constraint in the inversion algorithm, which significantly reduces the

inversion uncertainty. All of these uncertainty sources have been taken into account

in the final inversion results. Lastly, the parameter level is improved by performing a

large ensemble of forward modelling with different combinations of uncertain physical

parameters (e.g., Earth rheological parameters and global ice models) in order to

test the inversion sensitivity.

Based on sea-level data from six geographically distributed sites, our inversion results

suggest contributions from Antarctica, 1.3 m (0-5.9 m; 95% probability), Scandinavia,

4.6 m (3.2-6.4 m) and North America, 12.0 m (5.6-15.4 m), giving a global mean sea-
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contribute to Meltwater Pulse 1A?

level rise of 17.9 m (15.7-20.2 m) in 500 years. Compared with the results of previous

sea-level fingerprinting analyses, which are under-constrained and often non-unique

due to the spatial and temporal scarcity of sea-level records across MWP-1A (Liu

et al., 2016; Gomez et al., 2015; Bassett et al., 2005), the new inversion framework

along with new sea-level data from Northwest Scotland and the Great Barrier Reef

enable us to derive a unique solution of MWP-1A sources. An NAIS-dominant

scenario with a substantial SIS and a minor AIS contribution to MWP-1A agree

well with recent regional ice-sheet reconstructions (Tarasov et al., 2012; Peltier et al.,

2015; Lambeck et al., 2017; Brendryen et al., 2020; Gomez et al., 2020; Albrecht

et al., 2020).

Since the publication of the results presented in Chapter 2, there have been a series

of discussions about regional RSL change during MWP-1A, MWP-1A sources, ice-

sheet dynamics, meltwater injection impact on ocean circulation and global climate,

and coastal, ecological evolution and human migration related to MWP-1A. Two

independent sea-level reconstruction studies (Best et al., 2022; Dawson et al., 2022)

further refine the RSL change history during MWP-1A across Scotland (specifically,

data are from the islands of Skye, Jura and Islay) based on isolation basins and

emerged palaeo shorelines, both of which suggest a steady local RSL fall during

MWP-1A. This evidence agrees well with the Northwest Scottish sea-level data and

the stratigraphic interpretation of the isolation basins presented in Chapter 2 and it

further supports our interpretation that no sea-level oscillation occurred in Scotland

during MWP-1A and an Antarctic-dominant scenario should be refuted.

Regarding regional ice-sheet dynamics, numerous studies published since our study

provide additional field-based empirical evidence on the NAIS, SIS and AIS around

MWP-1A. For the NAIS, several studies provide additional chronological control

on the evolution of the Laurentide and Cordilleran Ice Sheets. Stoker et al. (2022)

and Norris et al. (2022) present new cosmogenic 10Be and 14C exposure ages that

suggest the splitting of the Laurentide and Cordilleran Ice Sheets initiated slightly

before MWP-1A with a substantial ice-sheet saddle collapse observed in the north

between 14.9 and 13.6 ka BP (Gregoire et al., 2012). For the southeastern Laurentide

Ice Sheet, new cosmogenic exposure ages provide evidence for 1000 m of ice sheet
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5.2.1. RQ 1: How much did the North American, Scandinavian and Antarctic Ice Sheets
contribute to Meltwater Pulse 1A?

thinning between 15 and 13 ka BP, coinciding with MWP-1A (Halsted et al., 2022).

While seismostratigraphic profiles from northern Baffin Bay (northeastern Laurentide

Ice Sheet) show distinct ice stream acceleration during MWP-1A (Couette et al.,

2022). Together, the evidence for ice sheet saddle collapse, fast ice sheet recession

and accelerating ice streams are in general agreement with a dominant NAIS scenario,

as deduced from our sea-level fingerprinting analysis.

Similarly, a new SIS ice sheet reconstruction derived by dynamic ice-sheet modelling

and constrained by palaeoceanographic data (Sejrup et al., 2022) supports our

suggestion that the separation of the Barents Sea Ice Sheet and the Fennoscandian

Ice Sheet (Brendryen et al., 2020) can produce a substantial contribution to MWP-1A.

Additional evidence for a substantial SIS contribution is provided by a sediment

core from the upper continental slope of the western Barents Sea which shows rapid

deposition of laminated sediments on top of an ice-rafted-debris layer dated to

between 15.1 and 14.3 ka BP (Jessen et al., 2010). Conversely, for the AIS, despite

the increasing number of studies employing cosmogenic nuclide exposure dating

there is no evidence for rapid ice-sheet thinning coincident with MWP-1A across

Antarctica, including in the Ellsworth Mountains (Bentley et al., 2010), the Prince

Charles Mountains (White et al., 2011), the Transantarctic Mountains (Jones et al.,

2015) and Dronning Maud Land (Suganuma et al., 2022). This field-based evidence

points to a minor AIS contribution to MWP-1A, consistent with our results.

The above-mentioned community efforts of field-based ice-sheet reconstruction and

sea-level-based analysis provide confidence that we now have a reconciled solution of

MWP-1A sources. These better-constrained MWP-1A sources provide insight into

the possible causes of the abrupt palaeoclimate changes that were concurrent with

MWP-1A (Kapsch et al., 2022). Around the same time as the 15-20 m global mean

sea-level (GMSL) rise that took place during MWP-1A (14.65-14.3 ka BP, Deschamps

et al., 2012), Northern Hemispheric temperatures increased 4–5°C within just a few

decades (Buizert et al., 2014; Lea et al., 2003) during Bølling–Allerød warming

(14.7-13.0 ka BP, Ivanovic et al., 2016). Interestingly, this Northern Hemisphere

warming coincides with a gradual cooling (0-0.5 °C in 500 years, Shakun et al.,

2012) in Antarctica (the Antarctic Cold Reversal, 14.7-13.0 ka BP; Pedro et al.,
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5.2.2. RQ 2: Can we mitigate the missing ice problem by incorporating another physical
process (sediment isostatic adjustment) that has not been considered before?

2016). During MWP-1A, previous studies suggest fast meltwater influx into the

Atlantic Ocean (Ivanovic et al., 2016; Lambeck et al., 2017; Tarasov et al., 2012),

which is incompatible with a vigorous Atlantic Meridional Overturning Circulation

(AMOC) (McManus et al., 2004) because most climate models predict AMOC to

be strongly weakened under rapid freshwater influx (Ivanovic et al., 2017; Menviel

et al., 2011; Liu et al., 2009). Since the oceanic response to meltwater influx is

highly sensitive to the locations of freshwater discharge, combining the detailed

probability density distributions of MWP-1A sources provided in our study with a

high-resolution freshwater routing model (Love et al., 2021; Wickert et al., 2013) may

better explain the observed inter-hemispheric temperature difference. The reason for

this bipolar see-saw phenomenon is the formation of ocean bottom water in both

poles take a long time to cause temperature change in the other hemisphere (e.g.,

several hundreds of years Barker et al., 2009). Future study should focus on bridging

the knowledge from this study with different earth systems to better understand the

sequencing of ice-ocean-climate interactions during this abrupt climate change event.

5.2.2 RQ 2: Can we mitigate the missing ice problem by

incorporating another physical process (sediment isostatic

adjustment) that has not been considered before?

As mentioned in Chapter 1, the missing ice problem refers to the distinctive imbalance

between observed GMSL rise and the reconstructed amount of ice-sheet melt (Clark

and Tarasov, 2014) since the Last Glacial Maximum (LGM). In Chapter 3, we focused

on better describing the process level of estimating GMSL from sea-level records

from the Great Barrier Reef (GBR), the world’s largest mixed carbonate-siliciclastic

passive margin. We investigated how sediment isostatic adjustment (SIA), a physical

process that has not been considered in most sea-level studies, impacts on local

relative sea-level (RSL) change. At the process level, we decomposed the RSL change

into an ice-ocean mass exchange component and a sediment mass loading component,

which are described by a GIA and a SIA model. A Bayesian framework was developed

to simultaneously calibrate SIA and GIA model parameters (i.e., global ice history,

sediment deposition history and Earth rheology; parameter level) using a sea-level
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5.2.2. RQ 2: Can we mitigate the missing ice problem by incorporating another physical
process (sediment isostatic adjustment) that has not been considered before?

database with detailed treatment of uncertainties from different sources (data level).

Because the adopted sediment deposition model consists of four different sub-models

of different sediment components (containing >40 parameters to calibrate), we built

a statistical emulator for the SIA process, which allows us to thoroughly sample the

parameter space within an acceptable computation time.

Based on our results, 1853.7 Gt (1613.1-2078.7 Gt, 95% confidence interval) of

sediment has been deposited across the GBR since 28 ka BP, causing spatially

variable relative sea-level change with the highest magnitude (1.1 m) found on the

outer shelf of the southern central GBR. Because SIA-induced RSL rise is unrelated

to ice mass loss, failing to correct for this signal in the GBR will lead to systematic

overestimation of grounded ice volume by up to ∼4.3 × 105 km3 during the LGM.

This demonstrates that caution is needed when estimating global ice volume from

sea-level data collected from margins characterised by high sediment input across

large spatial areas. This applies to all global locations that have yielded RSL records

for the Last Glacial Maximum (LGM), namely, Noggin Pass (GBR), Hydrographer’s

Passage (GBR), Bonaparte Gulf (NW Australia), Sunda Shelf and Barbados (Ishiwa

et al., 2019; Yokoyama et al., 2018; Webster et al., 2018; Hanebuth et al., 2009, 2000;

Yokoyama et al., 2000; Fairbanks, 1989). In particular, sediment cores from NOG,

HYD and Barbados were collected from large coral reef frameworks near large estuary

systems (Woodroffe and Webster, 2014) which are likely to have been affected by

RSL rise due to reef and siliciclastic sediment loading. Although distant from large

coral reef systems, Bonaparte Gulf and Sunda Shelf are located near major river

mouths (Pico, 2020), and they may record some SIA signals caused by siliciclastic

sediment deposition. In all cases, incorporating the SIA process will reduce the

global grounded ice volume estimate for the LGM, which will help to mitigate the

current disagreement between the magnitude of post-LGM GMSL rise recorded by

RSL indicators and the estimated amount of ice melt (Simms et al., 2019).

Another implication of this project is that, RSL data is not only useful for constraining

global grounded ice volume but also for constraining other physical processes and

their associated parameters. For example, based on RSL data across the GBR,

this thesis reconstructs the spatio-temporal distribution of the SIA signal as well
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sea-level change regardless of the detailed geometry of past ice sheet change?

as providing a complete reconstruction of the sediment accumulation history which

shows good consistency with previous carbonate budget based reconstructions (e.g.,

Hinestrosa et al., 2022; McNeil et al., 2022; Rees, 2005). However, since a large part

of the missing ice problem still cannot be explained even after incorporating the SIA

signal, it is important to develop and calibrate models which represent other physical

processes that may affect RSL change as in Chapter 3 (more details in section 5.3.1

below).

5.2.3 RQ3: Where might we find sea-level records that closely

approximate barystatic sea-level change regardless of the

detailed geometry of past ice sheet change?

A barystatic sea-level (BSL) map identifies locations and times where local RSL

approximates global BSL. Such sites are targeted by sea-level scientists to provide a

close constraint on global ice volume. Because of spatially and temporally variable

GIA-related perturbations to the gravity field and solid Earth surface (i.e., the

non-barystatic signal), producing a BSL map requires robust estimates of the non-

barystatic contributions to RSL. Chapter 4 focused on producing a robust BSL map

with minimum dependency on the assumed global ice history. In other words, we

attempted to improve the parameter level of calculating a BSL map. In order to

achieve this, we had to address two outstanding questions: (1) how can we create

a series of plausible global deglaciation histories that well represent the ice model

spatio-temporal uncertainty distribution? (2) how can we densely sample the ice

model uncertainty distribution with limited computational resources?

Chapter 4 developed two statistical methods to randomly generate 1,500 synthetic

ice histories based on previous reconstructions, which were then used as inputs

for a GIA model to calculate global RSL and the non-barystatic signal. These

1,500 ice history-global RSL examples thoroughly sample the variability between

published ice models based on several different reconstruction philosophies, hence,

they represent up-to-date knowledge on the distribution of possible deglaciation

trajectories. Using 1,200 of these examples as the training set, we built a GIA

emulator that can accurately predict global RSL change based on a given ice model
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5.2.3. RQ3: Where might we find sea-level records that closely approximate barystatic
sea-level change regardless of the detailed geometry of past ice sheet change?

Figure 5.1: Ensemble mean global non-barystatic signal maps based on 10,000
emulation results. Note, the non-barystatic signal is the difference between local
RSL and the global BSL value, where the blue/red colour indicates local RSL is
lower/higher than global mean sea-level (or the barystatic signal).

and requires 500-1000 times smaller computational resources than a physics-based

GIA model. Using this GIA emulator, we estimated global non-barystatic signals

for 10,000 possible deglaciation histories (generated by the two statistical methods

mentioned above). Using these ensemble-based results, we produced probabilistic

BSL maps at 21 and 6 ka BP (Figure 4.3) along with a series of 10,000-member

ensemble means of the non-barystatic signal at 25, 21, 17, 13, 9, and 5 ka BP (Figure

5.1).

Because the spatio-temporal histories of these 10,000 synthetic ice models vary
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5.2.3. RQ3: Where might we find sea-level records that closely approximate barystatic
sea-level change regardless of the detailed geometry of past ice sheet change?

substantially from each other (see section 4.4), the resulting non-barystatic sea-level

map indicates ideal locations to reconstruct the barystatic signal with minimum

dependency on the assumed global ice history. It can be seen in Figure 5.1 that,

during the LGM (25 and 17 ka BP), the large continental ice sheets are predicted

to have produced strong perturbations to the solid Earth surface and the global

gravitational and rotational fields, resulting in large non-barystatic signals in most

locations. In particular, RSL in near- and intermediate-field regions was substantially

higher than the global average (dark red areas) due to continental ice sheet-induced

solid Earth subsidence and gravitational pull. In contrast, to compensate for high

RSL in the near- and intermediate-field, far-field RSL was mostly lower than GMSL

(dark blue areas) with only the southern Indian Ocean and part of the Southern

Ocean showing higher than average RSL due to GIA-induced true polar wander

(solid-body rotation of a planet with respect to its spin axis), which drives much of

the azimuthal asymmetry in RSL predictions (Gomez et al., 2015; Mitrovica et al.,

2011; Milne and Mitrovica, 1996). Between areas with a significant non-barystatic

signal, regions with a minor non-barystatic signal can be found in the southern

Indian Ocean, mid Pacific and Atlantic Oceans and the ocean-continent transition

zones of South America, mid-southern Africa, southeastern Asia and Australia.

During a rapid GMSL rise period between 17 and 13 ka BP, regions with a minor

non-barystatic signal slightly expanded, with part of the southeastern and north-

western Pacific Ocean and southern Atlantic Ocean closely approximating the global

BSL value. After 13 ka BP, as the ice sheets continued to melt, GMSL gradually

approached its present-day level, indicating a near-zero global BSL signal. At 9 ka

BP, due to the ocean syphoning mechanism (a process whereby peripheral bulge

subsidence increases the capacity of the ocean and results in a fall in mean sea surface

height; Mitrovica and Milne, 2002), RSL across most of the global ocean was higher

than BSL, leaving only a minor part of the mid-northern Pacific area, along with the

outer ocean-continent transition zone around South America, Africa and Eastern

Asia, suitable for reconstructing the barystatic signal. With global ice melt gradually

ceasing after 9 ka BP, the global non-barystatic signal steadily moved towards zero

and more far-field regions became suitable for reconstructing the BSL signal.
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It should be noted that ice history is only one of the two key inputs for a GIA model,

and to estimate a robust BSL map, BSL sensitivity to another key parameter, Earth

rheology, should also be tested. Milne and Mitrovica (2008) implemented a BSL

sensitivity test with 162 Earth rheological models and provided a sensitivity map

associated with Earth rheology at 21 and 6 ka BP (see their Figures 6 and 7). Based

on their results, some locations should be excluded from BSL studies due to their

high-sensitivity to uncertainty in Earth rheology. This includes the mid-Northern

Pacific and Southern Ocean regions at 21 ka BP and the southern Pacific, southern

Atlantic and southern Indian Oceans at 6 ka BP (Figure 5.1).

By providing the first proof-of-concept study to build an end-to-end GIA emulator,

GEORGIA offers a new way to probabilistically quantify the uncertainties in GIA-

induced RSL variation that are related to poorly-constrained global ice history.

Compared with other components of Earth system, such as global mean surface

temperature, global mean thermosteric sea level and ice sheet extent, whose epistemic

and aleatory uncertainties have been efficiently quantified by statistical emulation

and propagated into future sea-level projections within a consistent framework (Kopp

et al., 2023; Fox-Kemper et al., 2021; Edwards et al., 2021; Nauels et al., 2019; Palmer

et al., 2018; Nauels et al., 2017), GIA-induced uncertainties in RSL projections are

often based on the variability between just a few ice models (e.g., Palmer et al., 2020).

This can lead to a systematic underestimate of GIA-related uncertainty in future

sea-level projection. Given the accuracy achieved by GEORGIA with relatively minor

computational power, it may provide a novel way to sample GIA uncertainties.

5.3 Review of methodological advances

Compared with previous studies, the physical and statistical models developed in

this thesis show the following advantages:

• Robust model uncertainty quantification: Reliable model uncertainty quantific-

ation is a prerequisite for drawing any rigorous conclusions. Unlike most GIA

studies which typically use a small number of ice and Earth model combinations
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(e.g., Gomez et al., 2015; Bassett et al., 2005), the results presented in this thesis

are based on relatively large ensembles of forward modelling. In cases where

solely relying on forward modelling would require overly large computational

resources, multiple statistical emulators have been developed to mimic the

behaviour of physical models thus reducing the computational burden by several

orders of magnitude. All of these advances ensure the robust quantification of

modelling uncertainties and the reliable interpretation of modelling results in

this thesis.

• Better sea-level data representation: As mentioned in Chapter 1, although

sea-level reconstructions are often accompanied by multiple sources of com-

plicated uncertainties, most studies assume the uncertainties to be normally

distributed (e.g., Khan et al., 2019). This simplification results in a loss of

information when carrying out model calibration. This drawback is improved

by the framework introduced in Chapter 2 which is able to propagate the full

uncertainty probability distribution into the final inversion results.

• Alternative statistical inference methods: This thesis adopted both frequentist

and bayesian methods to infer the answer to specific postglacial sea-level change

questions. Chapter 2 used a frequentist method to sample the geophysical

modelling and sea-level reconstruction uncertainties because the problem being

investigated was not too complex and there was not enough knowledge to set

informative priors. However, Chapter 3 developed a bayesian-style approach

that allows informative priors, based on geomorphological and sedimentological

evidence, to be set, and for these priors to provide a powerful constraint on

the final inversion results.

5.4 Directions for future research

Understanding the mechanisms behind postglacial sea-level change and reconciling

model predictions with observational data requires a holistic understanding of the

impact of multiple physical processes on sea-level change at different spatio-temporal

scales and their associated parametric uncertainties, along with careful consideration
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5.4.1. Process level

of the underlying uncertainties inherited from various types of sea-level data. By

developing better physical and statistical models to address three particular questions,

the methodologies presented in this thesis should motivate further research into

postglacial sea-level change at the process, data and parameter levels.

5.4.1 Process level

To further refine our process-based understanding of postglacial sea-level change,

future research should focus on (i) developing next-generation physical models with

better representations of the real-world; and (ii) incorporating more process-based

physical models which have not been considered before. For the former, taking

GIA modelling as an example, although a 1-D spherically symmetric solid Earth

model with Maxwell rheology is still a widely-used technique because it is well-

benchmarked and has decent computational efficiency (Martinec et al., 2018; Spada

et al., 2011), there have been an increasing number of physical models developed

during the past decade which better represent the solid Earth rheological properties

observed in laboratories and seismological studies. This includes models with laterally

heterogeneous lithospheric thickness and mantle viscosity (i.e., 3-D GIA models;

Pan et al., 2022; Austermann et al., 2022; Powell et al., 2021; Li et al., 2020, 2018;

Nield et al., 2018; Austermann et al., 2013), stress-dependent mantle viscosity or

Non-Newtonian rheology (Kang et al., 2022; Blank et al., 2021; van der Wal et al.,

2015) and transient rheology (Lau, 2023; Ivins et al., 2022; Caron et al., 2017).

These models have already been shown to have a profound impact on the resulting

RSL predictions (Kang et al., 2022; Simon et al., 2022), especially across near- and

intermediate-field regions, which may yield novel insights into postglacial sea-level

change and the corresponding global ice history. However, multiple challenges remain,

including identifying whether incorporating such rheology can better reconcile model

predictions with observations or the opposite (see an example in Peltier et al.,

2022), and how to efficiently update ice models (which have traditionally been tuned

assuming a 1D Earth model and hence might be biased Whitehouse et al., 2006) given

that these more sophisticated physical models are computationally very expensive

(running a 3-D GIA model usually takes more than 2 days).
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In parallel with developing more sophisticated physical models, incorporating more

physical processes within an integrated framework is also an essential step. As

illustrated in Chapter 3, although considering SIA might reduce the magnitude of

the missing ice problem, this problem remains largely unsolved. Consideration of

additional process-based physical models is required to further reduce the observed

imbalance. In light of the potential RSL change magnitude caused by each uncon-

sidered physical process (see Figure 1.1), the spatio-temporal pattern of RSL change

associated with steric effects, groundwater/postglacial lake variation and tidal range

variation should be assessed with priority (Austermann et al., 2022; Callaghan et al.,

2021). Based on the results from Simms et al. (2019) and Gebbie et al. (2019), both

groundwater and steric effects are able to contribute sub-metre to multi-metre scale

RSL contributions, but the detailed spatio-temporal evolution related to each of these

remains unexplored. Similarly, despite Griffiths and Peltier (2009) showing that tidal

ranges were significantly different during the LGM, which can systematically bias

sea-level reconstruction results by up to 2 m, most sea-level reconstructions do not

seek to account for this. Lastly, although the effects of mantle dynamic topography

and tectonic movement on RSL are more prominent over longer timescales (de Gelder

et al., 2022; Mitrovica et al., 2020; Austermann et al., 2017), it may be useful to

evaluate whether they have the potential to introduce a signal that is detectable in

LGM-age sea-level indicators.

It should be noted that this thesis only uses deterministic physical models to describe

postglacial RSL change, not more statistically-based methods like spatio-temporal

hierarchical Gaussian Process models that determine spatio-temporal RSL correl-

ations purely based on the temporal and geographical proximity of sea-level data

(Ashe et al., 2019; Khan et al., 2017). This is because such models cannot robustly

capture the teleconnections revealed by physical models, such as sea-level fingerprints

(Ashe et al., 2019), and most of the problems investigated in this thesis are at a global

scale. Between purely physical- and statistical-based models, there are intermediate

process level formulations that incorporate physical information into the construction

of prior distributions for further statistical inference (e.g., Gaussian Processes, see

(Creel et al., 2022; Ashe et al., 2019; Kopp et al., 2014, 2009)). These formulations
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can also benefit from the better process-based physical models mentioned above.

5.4.2 Data level

As emphasised in this thesis, reconstructed palaeo sea-level has multiple uncertainty

sources, including from coring, levelling, indicative meaning reconstruction, potential

sediment compaction, potential tectonic movement, chronological measurement un-

certainty and radiocarbon calibration uncertainty. To accurately reconstruct palaeo

sea-level, each uncertainty source requires careful treatment and should be embedded

into the final estimation of uncertainty. In addition, sea-level reconstructions from

different studies should be standardised into a consistent format, such as Hibbert

et al. (2018, 2016) used in this thesis and the HOLSEA format (Khan et al., 2019),

to avoid structural bias due to inconsistent interpretations. Fundamental future

work for better data level representation involves continuing to build community-

based standardised sea-level databases with quality control and rigorous uncertainty

quantification for each measurement.

Based on high-quality sea-level data, future modelling work should focus on building

flexible hierarchical statistical frameworks to carefully incorporate multiple uncer-

tainty sources. In particular, uncertainty sources with non-Gaussian errors (e.g.

coral depth-habitat uncertainty, calibrated radiocarbon age uncertainty) should be

propagated into results relating to the trend, rate and magnitude of sea-level change.

Chapter 2 provided an opportunity to represent multiple uncertainty sources as

data-specific empirical distributions, which could be thoroughly sampled by a Monte

Carlo linear regression approach (i.e., assuming sea-level changes linearly) to quantify

their impact on local sea-level rise estimation during MWP-1A. To infer sea-level

time series with temporally-varying rates, Ashe et al. (2022) developed a statistical

framework that is able to consider empirical uncertainty distributions on the vertical

axis. There have been fewer attempts to calibrate physical model ensembles using

empirically-derived data with complex vertical and age distributions. The only study

to date is by Dyer et al. (2021) who measure the goodness of fit of a GIA model

ensemble to coral-based sea-level data with an empirically-derived inverse-Gaussian

distribution. Considering that the inverse-Gaussian distribution may not be suitable
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for some coral species (e.g., Porites sp. which has a bimodal depth-habitat distribu-

tion) or radiocarbon ages, future work should aim to quantify the impact of such

complex uncertainties on the inference of physical properties, such as ice history and

Earth rheology.

5.4.3 Parameter level

Representing parametric uncertainty within postglacial sea-level change problems

requires thorough sampling of possible parameter spaces. For the GIA modelling

field, the major parameter spaces to sample are global ice history and solid Earth

rheology. Chapters 2 and 3 provide examples of large-ensemble (each involving

400-800 forward GIA models) based approaches to sample Earth rheology parametric

uncertainty using a 1-D GIA model, which is relatively computationally cheap to

evaluate. Comparatively, ice history uncertainty is more difficult to sample due

to its high-dimension along with the scarcity of empirical constraints, especially

further back in time due to the erosive nature of glacial processes (Dalton et al.,

2020). Therefore, thoroughly sampling ice history uncertainty often requires testing

thousands to millions of possible ice models (see Tarasov et al. (2012)), which becomes

computationally expensive even when using a 1-D GIA model. Chapter 4 revisits

this problem by developing a GIA emulator. These approaches can be widely applied

to 1-D GIA modelling problems for future research.

With more process-based physical models and more sophisticated physics involved,

the demand for computational resources may increase dramatically and therefore

prohibit large ensemble-based sampling approaches. To mitigate this problem, recent

advances in Artificial Intelligence, especially in the field of machine learning for

Earth system sciences, may provide directions for future development (Irrgang et al.,

2021; Reichstein et al., 2019). For example, process-based GIA models could be

accelerated by a machine learning based emulator. One problem with the GIA

emulator developed in Chapter 4 is generalizability, which describes how well an

emulator performs on arbitrary unseen inputs. To improve this problem, a promising

direction for future research is to develop GIA-tailored neural network algorithms

that can be informed by physics laws (i.e., a physics-informed neural network Raissi
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et al., 2019). This approach has been suggested to achieve better performance and

does not require a large or complete training data set (Arzani and Dawson, 2021).

For more sophisticated postglacial sea-level models, such as a 3-D GIA model, it is

not realistic to generate several hundreds of training examples to build a statistical

emulator. Therefore, future research should focus on developing novel approaches to

accelerate the modelling process. Without this, sampling ice history uncertainty with

a 3-D GIA model is not plausible. A possible way forward is to use tailored machine

learning algorithms to learn the difference between 1D and 3D GIA modelling results.

Once trained, these algorithms should be able to map RSL from 1D to 3D GIA

predictions and hence enable large ensemble-based sampling of plausible ice histories

by running a 1D GIA model instead.
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CHAPTER 6

Conclusions

The main aim of this thesis was to improve our understanding of postglacial sea-

level change problems by developing better physical and statistical models. To this

end, novel modelling approaches have been developed to provide new insights into

our understanding, at process, data, and parameter levels, of three outstanding

postglacial sea-level change problems: meltwater pulse 1A sources, the missing ice

problem and the barystatic sea-level map.

The potential sources of meltwater pulse 1A (MWP-1A) have been highly debated

since the event was discovered in Barbados in 1989 (Fairbanks, 1989) due to the

implications for understanding the cause of concurrent abrupt climate changes char-

acterised by disruptions to oceanic and atmospheric circulation (Buizert et al., 2014;

Fogwill et al., 2017). This thesis develops a framework to translate the MWP-1A

source-detection problem into a series of linear inversion problems (process level) and

simultaneously invert for the sources and magnitude of MWP-1A drawing on sophist-

icated treatment of uncertainties in sea-level data (data level) and geophysical models

(parameter level). Importantly, this inversion includes the potential for a contribution

from the Scandinavian Ice Sheet, which has not been considered in sea-level modelling
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studies before. Our results suggest a dominant North American contribution, along

with a substantial Scandinavian contribution and a minor Antarctic contribution,

which shows good agreement with recent regional ice-sheet reconstructions (Tarasov

et al., 2012; Peltier et al., 2015; Lambeck et al., 2017; Brendryen et al., 2020; Gomez

et al., 2020; Albrecht et al., 2020), and therefore may lead to a reconciled solution of

MWP-1A sources.

The missing ice problem, which refers to the large imbalance between observed global

sea-level rise and the reconstructed amount of ice melt since the Last Glacial Max-

imum, is also a longstanding problem (Andrews, 1992) subject to great controversy

(Yokoyama et al., 2022; Gowan et al., 2022, 2021; Simms et al., 2019; Clark and

Tarasov, 2014). This thesis provides new insight into this problem by considering

the sediment isostatic adjustment contribution to local sea-level rise (process level)

in the Great Barrier Reef. Using a Bayesian-style approach, we calibrated a large

ensemble of possible ice, sediment and Earth rheological models (parameter level)

using sea-level observations and a detailed treatment of their vertical and age un-

certainties (data level). Based on the calibrated results, sediment redistribution

across the GBR contributed up to 1.1 m sea-level rise since Marine Isotope Stage

2. This result is of sufficient magnitude that this process should not be neglected

when considering the missing ice problem. Because the consideration of sediment

isostatic adjustment reduces the amount of sea-level rise that must be explained

by melting ice, it goes some way towards resolving the missing ice problem. Most

sea-level records that can extend back to the Last Glacial Maximum are located

adjacent to large sediment systems. Future studies should aim to quantify the effect

of sediment isostatic adjustment on global grounded ice volume estimation during

the Last Glacial Maximum.

Producing a barystatic sea-level (BSL) map is a long-standing goal of the palaeo

sea-level modelling community, as a way of guiding field scientists to collect data

from the best possible locations for understanding palaeo ice volume variation.

Although Milne and Mitrovica (2008) quantified the BSL map uncertainty associated

with solid Earth rheology, the dependence of the results on global ice history, a

key uncertainty that is more difficult to assess, has not been fully investigated.
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Spatio-temporal global ice history is an extremely high-dimensional parameter to

explore (parameter level), involving running up to millions of forward physical models,

which is computationally prohibitive. Therefore, this thesis provides proof-of-concept

development of a statistical emulator that mimics the behaviour of a forward physical

model but which is 500-1000 times computationally cheaper to evaluate. We believe

this is the first successful demonstration of an end-to-end (i.e., from ice model to

global relative sea-level prediction) glacial isostatic adjustment emulator, and we

have used it to provide insight into global BSL at different times since the LGM.

This kind of emulator can be used in any sea-level related projects which require a

prohibitive amount of computational load.

This thesis highlights the importance of developing novel statistical and physical

approaches to understand the mechanisms of postglacial sea-level change and to

help inform ongoing debates (such as the sources of MWP-1A and the missing ice

problem). Based on novel modelling methods, the results presented in this thesis

yield new insights on ice and ocean dynamic change during a period of abrupt climate

change and the role of sediment isostatic adjustment along coastal margins. These

advances can be used to inform future model development and calibration processes

and hence improve future sea-level projections. Looking ahead, it is important to

develop next-generation physical models, to better represent Earth systems (e.g.,

solid Earth rheology, tidal variation and dynamic sea-level change), and a statistical

framework to calibrate these models using corresponding data, which may have

complicated uncertainty distributions. This research and future progress in this area

will further enhance understanding of long-term sea-level change and our ability to

produce robust and accurate future sea-level change projections.
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A reconciled solution of Meltwater Pulse 1A
sources using sea-level fingerprinting
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Ian Shennan 1 & Sarah L. Bradley 3

The most rapid global sea-level rise event of the last deglaciation, Meltwater Pulse 1A

(MWP-1A), occurred ∼14,650 years ago. Considerable uncertainty regarding the sources of

meltwater limits understanding of the relationship between MWP-1A and the concurrent

fast-changing climate. Here we present a data-driven inversion approach, using a glacio-

isostatic adjustment model to invert for the sources of MWP-1A via sea-level constraints

from six geographically distributed sites. The results suggest contributions from Antarctica,

1.3 m (0–5.9 m; 95% probability), Scandinavia, 4.6 m (3.2–6.4 m) and North America, 12.0 m

(5.6–15.4 m), giving a global mean sea-level rise of 17.9 m (15.7–20.2 m) in 500 years. Only a

North American dominant scenario successfully predicts the observed sea-level change

across our six sites and an Antarctic dominant scenario is firmly refuted by Scottish isolation

basin records. Our sea-level based results therefore reconcile with field-based ice-sheet

reconstructions.
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Meltwater Pulse 1A (MWP-1A) was the largest and most
rapid global sea-level rise event of the last deglaciation,
characterised by ∼20 m global mean sea-level (GMSL)

rise within 500 years1,2. It was driven by the collapse of vulnerable
ice sheet sectors, and was concurrent with rapid Northern
Hemispheric warming and disruptions in oceanic and atmo-
spheric circulation3,4. The ice-ocean-climate feedbacks operating
during this period are not well understood largely due to a lack of
consensus on the sources of MWP-1A5,6, which, in turn, were
likely to be a key driver in stimulating rapid deglacial climate
change7–9.

Two major techniques have been used to constrain the sources
of MWP-1A. The first uses physics-based models, constrained by
field-based glacio-geological evidence, to simulate regional ice
sheet change during the last deglaciation10–12. This approach is
restricted by large uncertainties regarding palaeo ice-sheet
boundary conditions, climatic conditions, and ice-sheet model
parameters. Ice histories derived using this approach do not
always match sea-level observations11. Conversely, the second
method seeks to reconcile ice-sheet change with spatially variable
records of sea-level change using a glacio-isostatic adjustment
(GIA) model1,13–15, an approach often termed sea-level
fingerprinting16,17. The primary limitation of sea-level finger-
printing is the spatial and temporal scarcity of sea-level records
across MWP-1A. Commonly, only three sites are used (Tahiti,
Barbados and Sunda Shelf), resulting in an under-constrained
problem and strongly non-unique solutions15,17,18. Other tech-
niques, e.g., analysis of the oceanographic8,19,20 or isotopic21

effects of specific meltwater sources, add further constraints, but
the primary source of MWP-1A remains controversial with three
ice sheets proposed as the major contributor, namely, the North
American Ice Sheet, including Greenland (NAIS)2,10,22, the
Antarctic Ice Sheet (AIS)1,13 and the Scandinavian and the
Barents Sea Ice Sheet (henceforth denoted together as SIS)23.

In this work, we combine a data-driven inversion approach
with sea-level fingerprinting to simultaneously determine prob-
ability distributions for the magnitude and sources of MWP-1A
based on six sea-level sites spanning the far, intermediate and
near field. The results indicate a 17.9 m (15.7–20.2 m; 95%
probability) global mean sea-level rise during MWP-1A, which
consists of a dominant NAIS contribution (accounting for
35–85% of total MWP-1A magnitude), a substantial SIS con-
tribution (20-35%) and a minor AIS contribution (0–35%, with a
strong preference for a <15% contribution). Unlike previous sea-
level fingerprinting studies1,13, our results show good agreement
with most recent regional ice-sheet reconstructions10,22–26, and
may lead to a reconciled solution of MWP-1A sources.

Results
Sea-level fingerprinting approach. To robustly fingerprint the
sources of MWP-1A, three main challenges need to be overcome.
First, the above-mentioned non-uniqueness problem. Previously,
only three sea-level sites showed sufficient temporal resolution for
fingerprinting studies across MWP-1A15,18, namely, coral reef
records from Tahiti1,27 and Barbados28–30 and sedimentary
indicators from Sunda Shelf31. The geographical distributions of
these sites do not permit the separation of meltwater sources from
the AIS and SIS (Fig. 1). Second, the relationship between coral
living depth and environmental conditions, as well as the link
between reef accretion and sea-level change32, is not straight-
forward and may differ between different localities33–35. This can
add considerable complexity when interpreting coral sea-level
indicators. Third, most previous fingerprinting studies assumed a
minor SIS contribution to MWP-1A (1–2.5 m)1,13,15,18. This is
challenged by a recent chronological reinterpretation of the SIS

ice history that proposes the SIS was a major MWP-1A
contributor23. Such a large SIS contribution has not yet been
tested using sea-level fingerprinting.

We address these challenges via three major methodological
advances. First, we increase the number of sea-level sites, with
data from extensive coral and coralline algae deposits on the
Great Barrier Reef (GBR) at Hydrographer’s Passage (HYD) and
Noggin Pass (NOG)36,37, and isolation basin stratigraphies from
Northwest Scotland38–40 (Fig. 1). Where necessary, a standardi-
sation is applied to ensure that the sea-level index points (SLIPs)
only reflect the sea-level fingerprint of MWP-1A (see Methods).
Second, based on these standardised SLIPs, we estimate the local
magnitude of relative sea-level (RSL) change across MWP-1A at
each of our six sites using a Monte Carlo (MC) linear regression
approach to capture the vertical and chronological uncertainties
of the sea-level indicators. Third, these local MWP-1A magni-
tudes of RSL change are used to invert for the global magnitude,
and regional partitioning of meltwater via fingerprinting of NAIS,
AIS and SIS change.

Our approach relies on the assumption that SLIPs can be used
to map out the fingerprint of ice-sheet change. A sea-level
fingerprint reflects the global geoid variation and instantaneous
elastic solid Earth response to ice mass change16,17, also known as
the elastic component of RSL change18. Assuming the NAIS, AIS
and SIS were the only contributors to MWP-1A, the global
pattern of RSL change caused by melt from these ice sheets can be
identified as a linear combination of three spatially variable sea-
level fingerprints (Fig. 1d–f), each scaled by the eustatic
contribution from the related ice sheet17. Before using SLIPs to
map out the fingerprint of MWP-1A, three issues must be
addressed (i.e., our standardisation). The first only affects our
Northwest Scotland data. RSL change here contains a large local
GIA signal associated with changes to the British-Irish Ice Sheet
(BIIS). We determine a local GIA correction for all these SLIPs to
isolate the GIA signal associated with non-local ice sheet
change14,41 (see Methods, Fig. 2f). The second issue concerns
the spatial gradient of the sea-level fingerprint between coring
locations within one site (e.g., >10km wide)15. This affects the
Sunda Shelf and Northwest Scotland data and is accounted for by
subtracting the time-specific sea-level gradient between each SLIP
and a reference location. The corrected SLIPs represent RSL at a
single locality (red stars in Fig. 2c,f and Supplementary Fig. 2, see
Methods). Lastly, for all SLIPs, we remove the age- and location-
specific viscous component of RSL change. This correction
accounts for the viscous solid Earth response to changes in
surface loading and the accompanying change in geoid height
caused by ice-sheet variation prior to and during MWP-1A (see
Methods). We determine all three corrections using the mean of a
GIA model ensemble that accounts for uncertainties associated
with global ice history and mantle properties (see Methods).
Because we focus on the centennial timescale of MWP-1A, our
GIA corrections are not strongly sensitive to choice of mantle
properties (see Supplementary Fig. 3), and hence neglect of
heterogeneity (i.e., 3-D Earth structure)42 should not bias our
results.

Estimating local sea-level change across MWP-1A. The stan-
dardised SLIPs constrain local MWP-1A magnitude at each site.
We use a conservative time window of 14.65-14.00 ka BP to select
SLIPs at each site that clearly mark the initiation and termination
of MWP-1A, enabling us to capture the full magnitude of MWP-
1A sea-level rise. Ideally, only records with mean ages within this
window will be selected, but for sites with insufficient temporal
coverage we include records whose 2σ age error bars extend into
it. We estimate local MWP-1A magnitude from the SLIPs using a
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MC linear regression method, which captures any asymmetric
depth and age uncertainties of different types of sea-level indi-
cators by randomly sampling their uncertainty distributions. We
use two approaches to represent indicative depth distributions of
coral sea-level indicators; an empirically-derived distribution
from modern coral analogues (the empirical scenario) and a
uniform distribution, using palaeo-water depths from original
publications (the uniform scenario)35,43. For non-coral SLIPs,
both scenarios adopt a uniform indicative depth distribution
based on original publications. The MC sampling process also
accounts for the error propagation associated with any GIA
correction applied and elevation measurement uncertainties (see
Methods). We calculate chronological probability distributions
following the methodology of Hibbert et al.43, accounting for
multimodal, asymmetric 14C age distributions and age reliability
screening (see Methods).

MC linear regression, using randomly selected data points and
a weighted least square method, determines the local MWP–1A
RSL rise rate at each site (see Methods). We convert this to local
MWP-1A magnitude by multiplying by the assumed duration of
MWP-1A (500 years in this study). We exclude, as implausible,
regressions producing a reverse slope (i.e., a sea-level fall).
Repeating this process 20,000 times (excluding the implausible
iterations) produces distributions of local MWP-1A magnitude
for each site (Figs. 2, 3a). Because our results are derived from the
averaged sea-level rise rate throughout MWP-1A, they are
linearly scalable to any assumed duration of MWP-1A.

The viscous component of RSL change has a significant effect
on local sea-level change during MWP-1A. Far-field localities
(Tahiti, Sunda Shelf, HYD and NOG) will have experienced local
sea-level fall associated with the redistribution of water to regions

experiencing peripheral bulge subsidence and due to the ocean
load-induced continental levering effect (we refer to the
combined effect as ocean siphoning44; Supplementary Fig. 3
and S4). Not considering this effect would lead to ∼1 m
underestimate of the local RSL magnitude. Conversely, Northwest
Scotland will have experienced 0.8 m local RSL rise during MWP-
1A due to subsidence of the SIS peripheral bulge. Being an
intermediate-field site, Barbados experienced both ocean siphon-
ing and peripheral bulge subsidence during MWP-1A. The effects
of these two signals roughly balance each other (Supplementary
Fig. 3 and S4). It should be noted that given the exponential-like
form of postglacial decay, the non-linear viscous signal associated
with ice melt during MWP-1A is approximately double the linear
pre-MWP-1A viscous signal (see Methods), a point largely
unconsidered in previous work15. We recommend both viscous
signals be considered in future meltwater source inversion
studies.

At Tahiti, our inversion is tightly constrained by samples
containing vermetid gastropods (yellow error bars in Fig. 2a) that
indicate very shallow environments (<5–6 m1,45,46). Most of the
other Tahiti coral samples were identified as Porites sp.1. Modern
analogues (the empirical scenario) suggest a bimodal depth-
habitat distribution concentrated at 0–15 m and 40–50 m43. This
bimodal empirical distribution was generated from a global
compilation, and given insufficient modern observations at
Tahiti, we consider it a maximum vertical depth range for this
species. Comparatively, the palaeo-water depths derived from
coral-algal assemblages (our uniform scenario) suggest depths of
0–10 m or even 0–20 m46,47. Therefore our empirical scenario
yields a larger uncertainty range for the MWP-1A magnitude
(13.6–30.9 m for a 500-year duration; 95% confidence interval;

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4

NW Scotland

Barbados

Tahiti Tahiti

Barbados

HYD (GBR)

Sunda 
Shelf

Sunda 
Shelf

NW Scotland

d e f

Tahiti

Barbados Sunda 
Shelf

NW Scotland

0 500 1000
Ice Thickness Change (m)

1500 2000

80° N 80° N

30° N

180°

150° W

120° W 90° W 60° W 30° E0°

0°

180°

30° W

0°

30° N

80° N

70° N 70° N
60° W 60° E

120° W
120° E

60° N 60° N

50° N 50° N

30° W

80° N
a cb

HYD (GBR) HYD (GBR)

NOG
(GBR)

NOG
(GBR)

NOG
(GBR)

Relative Sea-Level Change 

Fig. 1 Ice melt geometries and normalised sea-level fingerprints used in this study. a–c Ice mass loss pattern for the NAIS, AIS and SIS, which were used
to generate sea-level fingerprints shown in (d–f) that represent elastic-induced global relative sea-level change corresponding to one unit of ice mass loss
from each ice sheet. a, c The reconstructed MWP-1A ice melt geometries from Lambeck et al.24 and BRITICE-CHRONO52. b The LGM-to-present West
AIS melt geometry from Whitehouse et al.54 (see Methods for details). The cyan triangles and text denote the location and name of each sea-level site.
HYD=Hydrographer’s Passage, NOG=Noggin Pass, GBR=Great Barrier Reef, NW Scotland=Northwest Scotland.

NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-021-21990-y ARTICLE

NATURE COMMUNICATIONS |         (2021) 12:2015 | https://doi.org/10.1038/s41467-021-21990-y | www.nature.com/naturecommunications 3



CI) than the uniform scenario (15.5–26.6 m, see uniform scenario
results in Supplementary Fig. 6). Under a 340-year duration, our
result suggests a 14.5 m sea-level rise (18.7 m if only using the
vermetid gastropods records), similar to a previous estimate of
12–22 m1.

Because the two Great Barrier Reef sites experienced reef
demise and landward migration across MWP-1A, SLIPs from
HYD and NOG only show a rapid ∼10 m sea-level rise
∼14.6–14.4 ka BP with no clear post-MWP-1A marker until
the initiation of new coral reefs at ∼13.0 ka BP (Fig. 2d,e)36,37. To
estimate the MWP-1A magnitude at these sites, we determined
RSL at 14.0 ka BP by extrapolating back from the large number of
SLIPs between ∼13.0 and 12.0 ka BP (see Methods and
Supplementary Fig. 5). Based on the extrapolated points, our
bimodal empirical distribution yields larger MWP-1A uncertainty
ranges of 12.0–32.7 m and 7.3–37.7 m for HYD and NOG (95%
CI; 500 years) than the counterpart generated by the uniform
scenario (9.3–31.9 m and 11.5–28.2 m, Fig. 3a), with both
showing good agreement with Tahiti.

At Sunda Shelf, temporally clustered SLIPs with ∼0.4 ka age
uncertainties (2σ; Fig. 2c) provide a poor constraint on RSL rise,
with ∼35% of MC simulations producing a reverse slope. We
therefore only use weighted least square (without MC simulation)
to calculate the local MWP-1A RSL magnitude, fitting to the
mean of the age/depth distribution of each SLIP, which was

assumed to be normally distributed. We exclude one data point,
from site 18302 (blue error bars in Fig. 2c), because it is
inconsistent with other SLIPs from this region (dated ∼14.2 ka BP
but suggests 5 m lower RSL than SLIPs at 14.4 ka BP) and would
strongly bias the local MWP-1A magnitude estimation. These
modified regression conditions, combined with the 2-5 m
between-site sea-level gradient corrections (Supplementary Fig. 2),
produce a large uncertainty range for the MWP-1A magnitude,
0–35.7 m (95% CI, median 15.5 m). Compared with MWP-1A
magnitude estimates for other far-field sites, this median value is
slightly lower (Fig. 3a), likely due to SLIPs from site 18301 (yellow
triangles in Fig. 2c) indicating 10-15 m lower RSL than other
SLIPs of a similar age. The RANSAC outlier detection
algorithm48 suggests, with >90% probability, that these index
points are outliers, and excluding them yields a ∼21.7 m MWP-
1A magnitude. However, we choose to retain them for our
analysis, and the large uncertainty range, because the MWP-1A
partitioning results do not strongly depend on the local MWP-1A
magnitude at Sunda Shelf (see Supplementary Note 2).

At Barbados, a recent coral-based sea-level reconstruction30

significantly improved the temporal control on local RSL at the
termination of MWP-1A; two samples at ∼14.0 ka BP in Fig. 2b
were not available to former studies1,15. Constrained by these new
SLIPs, both empirical and uniform scenarios yield a tight 95%
confidence range of 12.1–20.0m and 12.8–18.2m with a common
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median of ∼15.5m (500-year MWP-1A duration; Fig. 3a). Linearly
scaling to 340 years yields a median of 10.7 m, which is lower than
previous estimates of ∼15m1 or 9.7–33.6m15, and lower than our
estimated MWP-1A magnitudes at other far-field sites.

A low MWP-1A magnitude is also observed in Northwest
Scotland. After correcting for the local GIA signal and the spatial
sea-level gradient, we identify an 8.6 m MWP-1A magnitude
(500-year duration) within a 95% confidence range of 3.9–17.3 m
(Fig. 3a). The majority of this uncertainty is associated with the
three ice models used to determine the local GIA signal, ANU2,49,
PATTON201750,51 and BRITICE-CHRONO (S. Bradley, perso-
nal communication 2020)52, with only minor uncertainty
associated with Earth parameters (see Methods and Supplemen-
tary Fig. 7). Although the three BIIS models yield relatively large
differences regarding the magnitude of the local GIA signal, they
provide good consensus on the local elastic-induced MWP-1A
sea-level rise magnitude: 9.0 m for ANU, 8.9 m for PATTON2017
and 7.7 m for BRITICE-CHRONO (see Supplementary Note 1).
The low MWP-1A magnitude observed in Barbados and North-
west Scotland indicates a dominant contribution to MWP-1A
from their nearby ice sheets (i.e., the SIS and NAIS, see Fig. 1).

MWP-1A source inversion. For each of our 20,000 MC simu-
lations of local MWP-1A magnitude, we adopted a non-negative
weighted least square algorithm53 to optimise the contribution of
the NAIS, AIS and SIS to MWP-1A based on sea-level finger-
prints generated using realistic deglaciation geometries24,52,54,55

(Fig. 1a–c; see Methods). We also tested alternative sea-level
fingerprints based on MWP-1A ice melt geometries from
ICE6G_C22, GLAC-1D10 and G1211,18 for the NAIS and
PATTON201750,51 for the SIS, which results in a negligible dif-
ference to our results (Supplementary Table 3). The optimisation
process was repeated six times, each time removing one site from
the six-site database to quantify the bias associated with data
over-dependency and assess the consistency of the overall results
(i.e., jackknife resampling). We achieve a bias-corrected inversion
of MWP-1A magnitude and sources by subtracting the bias (i.e.,
the difference between overall jackknife ensemble mean and
original results) from the original inversion result (Fig. 3b). The
averaged 95% CI of the empirical and uniform scenarios gives
GMSL rise during MWP-1A between 15.6 and 20.3 m (mean

17.9 m, Fig. 3b). The SLIPs prefer a dominant NAIS contribution
to MWP-1A of 13.1 m (6.0–18.3 m), a substantial contribution
from the SIS of 3.3 m (0.5–6.0 m) and a small contribution from
the AIS of 1.5 m (0–6.9 m). The jackknifing results (i.e., inversion
results when each site is excluded in turn) are generally in
agreement (Supplementary Fig. 8), pointing to a dominant NAIS
contribution and a minor AIS contribution, but they highlight the
non-uniqueness of the solution when near-field sites are excluded
(Supplementary Note 2).

Our GMSL rise magnitude is primarily constrained by data
from Tahiti, Sunda Shelf, HYD and NOG because they are
relatively insensitive to the origins of the meltwater (Fig. 1), in
contrast to Barbados and Northwest Scotland. For Barbados, melt
from the NAIS is the only scenario that produces a considerably
reduced local sea-level rise (20% less than the global mean,
Fig. 1d). A dominant NAIS contribution is therefore required to
produce ∼15.5 m sea-level rise at Barbados under a 17.9 m GMSL
rise scenario. NAIS melting also results in reduced RSL rise in
Northwest Scotland (25% less than the global mean), but to
match the observed 8.6 m sea-level rise at this site (<50% of the
GMSL magnitude) requires a significant MWP-1A contribution
from the SIS. Our inversion approach for the partitioning of melt
between the NAIS, AIS, and SIS, successfully reproduces the local
MWP-1A magnitude at our six sites (Fig. 3a, grey error bars).

Our inversion results are used to predict deglacial RSL change
at our six sites by incorporating our MWP-1A ice history into the
ANU ice model (denoted the ANU_MWP model, Fig. 4h; see
Methods). The RSL predictions (Fig. 4a–f) show good fit to the
data at all six sites. In particular, predictions at four sites across
Northwest Scotland show monotonic sea-level fall during MWP-
1A (Fig. 4g), which is supported by the stratigraphic interpreta-
tion of isolation basins that were isolated shortly before or during
MWP-1A, and where no RSL oscillation is recorded (Supple-
mentary Note 3)38–40,56. This condition of no RSL oscillation
during MWP-1A can only be achieved if the rate of RSL rise due
to far-field melt did not outpace land uplift due to local GIA
(detailed interpretation in Supplementary Note 3). Modelling of
the local GIA signal suggests the largest plausible rate of land
uplift at Arisaig (one of the sites in Northwest Scotland) is 9.8 m
in 500 years (Supplementary Note 3). After accounting for 0.8 m
sea-level rise caused by subsidence of the SIS peripheral bulge, to
avoid a local sea-level oscillation, the RSL fingerprint of MWP-1A

Fig. 3 Inversion results of local MWP-1A RSL rise magnitude and MWP-1A sources. Probability distributions of (a) local MWP-1A RSL rise magnitudes,
(b) total MWP-1A magnitude and contribution from each ice sheet assuming a 500-year duration are shown as a violin plot. The two sides of each violin
plot correspond to the empirical (orange) and uniform (blue) scenarios used to represent coral living depths. For non-coral SLIPs (Sunda Shelf and
Northwest Scotland), both scenarios adopt a uniform distribution, small differences between the two sides are associated with different viscous signal
corrections. Grey error bars in (a) represent the predicted local MWP-1A magnitude (95% probability) calculated using the inverted MWP-1A sources in
(b). All probability density functions are derived by Gaussian kernel density estimation, and all inversion results are exclusively non-negative.
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cannot exceed ∼9 m within 500 years. We refer to this as the sea-
level oscillation limit. Under the scenario of 17.9 m GMSL rise,
this 9 m limit is exceeded for any substantial AIS contribution
because sea-level rise due to melt from the AIS is amplified by
10% across Scotland (Fig. 1e). We assessed the potential
consequence of a 5 m AIS contribution to MWP-1A (with the
NAIS contribution equivalently reduced, see Methods). This
produces a distinct 2,000-year RSL oscillation following the start
of MWP-1A (black dashed lines in Fig. 4g). The stratigraphic
evidence firmly refutes such an oscillation56. In summary, the
isolation basin evidence supports a minor AIS, a substantial SIS
and a dominant NAIS contribution scenario.

We recalculate uncertainty ranges for our inversion results by
imposing a 9 m upper limit on the local MWP-1A magnitude in
Northwest Scotland to avoid a local sea-level oscillation. The
resulting 95% probability range of the averaged empirical and
uniform scenarios suggests a total GMSL rise of 17.9 m
(15.7–20.2 m), which consists of a dominant NAIS contribution
of 5.6–15.4 m (accounting for 35-85% of total MWP-1A
magnitude), a substantial SIS contribution of 3.2–6.4 m
(20–35%) and a minor AIS contribution of 0–5.9 m (0–35%)
with median values of 12.0, 4.6 and 1.3 m, respectively (Fig. 5).

Discussion
Our estimates show good agreement with recent field-based ice-
sheet reconstructions for the NAIS and AIS (Supplementary
Table 2). Conversely, most SIS regional reconstructions propose a
1–2.5 m contribution2,51,55, considerably lower than our estimate.
A possible reason for this discrepancy is previous studies are
commonly based on radiocarbon chronology that assumes a
temporally constant Scandinavian marine radiocarbon reservoir
age, which suggests the southern Barents Sea sector collapsed well
before MWP-1A (see Fig. 4h). A recent study adopts a temporally
varying Scandinavian marine radiocarbon reservoir age to rein-
terpret the chronology of SIS retreat and suggests that the southern
Barents Sea sector may have collapsed during MWP-1A,

accompanied by marginal retreat of the Scandinavian Ice Sheet,
contributing 4.0–7.4 m to GMSL rise (we calculate the eustatic
contribution by subtracting the volume of ice below flotation, as
defined in the PATTON2017 ice model51, from the total ice
volume change23), similar to our estimate. We suggest a substantial
SIS contribution is essential to reconcile the gap between regional
ice-sheet reconstructions and global sea-level fingerprinting (see
Supplementary Table 2), and thus close the MWP-1A global sea-
level budget. Such a substantial freshwater input to the Nordic Sea
(∼0.12 sverdrup), combined with NAIS freshwater routed along
the Mackenzie River into the Arctic, may have contributed to a
weakening of this limb of the Atlantic Meridional Overturning
Circulation57, potentially helping to explain the termination of
Bølling warming and the initiation of the Older Dryas stadial8,19,58.

Based on our inversion results, we hypothesise that MWP-1A
was triggered by rapid disintegration of Northern Hemispheric
ice sheets, which account for at least 65% (95% probability) of
GMSL rise during this period. Rapid disintegration of the NAIS
and SIS has been proposed to be consistent with the operation of
ice-sheet saddle collapse11,59 and unstable grounding line
retreat60,61 forced by abrupt Northern Hemispheric atmospheric
and oceanic warming3,57. However, the detailed ice dynamic
behaviour of these two ice sheets remains elusive. Although most
recent studies suggest that saddle collapse between the Western
Laurentide and Cordilleran Ice Sheets was a major contributor to
MWP-1A10,11,18,22,24, a recent study based on the Bering Strait
flooding history suggests this saddle collapse did not operate until
the Younger Dryas and the NAIS contribution to MWP-1A solely
originated from the Eastern Laurentide Ice Sheet62. Similarly, for
the SIS, the new southern Barents Sea sector collapse chronology
proposed by Brendryen et al.23 is yet to be validated.

To test the sensitivity of our inversion results to alternative ice
melt configurations, we separated the NAIS into the Western and
Eastern NAIS (separated by 110°W, as defined in Pico et al.62)
and generated two sea-level fingerprints using the ICE6G_C
model22. We solve for the contribution of these two NAIS sectors
to MWP-1A separately along with the AIS and SIS. The results
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Fig. 4 RSL predictions using the modified ANU model (ANU_MWP). Error bars show depth range and 2σ age uncertainties provided by original studies.
The blue vertical band indicates the duration of MWP-1A assumed in the ANU ice model (14.5–14.0 ka BP). f Orange solid line indicates the RSL prediction
generated using the optimum Earth model (65 km lithospheric thickness, 4/200 × 1020 Pa s upper/lower mantle viscosity) instead of the ensemble mean
as in (a–e). By combining our MWP-1A solution with this optimum Earth model in Scotland, we achieve a good fit to RSL data and meanwhile avoid a local
RSL oscillation. g RSL predictions for four Northwest Scotland sites generated using the optimum Earth model in combination with two MWP-1A scenarios:
one that uses the ensemble mean inversion result of this study (orange solid lines) and one where the AIS contributes 5 m to MWP-1A (black dashed
lines). The isolation basin stratigraphies indicate no RSL oscillation in Northwest Scotland during MWP-1A. h Ice history modifications, solid and dashed
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ARTICLE NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-021-21990-y

6 NATURE COMMUNICATIONS |         (2021) 12:2015 | https://doi.org/10.1038/s41467-021-21990-y | www.nature.com/naturecommunications



yield 4.4 m (0–12.5 m; 95% CI) and 8.7 m (0–16.8 m) contribu-
tions from the Western and Eastern NAIS, respectively, with little
change to the AIS and SIS contributions (Supplementary
Table 3). The total NAIS contribution is similar to our original
inversion and this NAIS partitioning is consistent with recent
NAIS reconstruction studies10,22,24,63, but due to the limited sea-
level sites available, we cannot robustly determine the relative
contribution from these two NAIS sectors. For the SIS, we replace
the adopted SIS sea-level fingerprint (Fig. 1f, reflecting ice melt
from northern Barents Sea and eastern Fennoscandia) with a
fingerprint generated using an ice melt geometry that is pre-
dominantly sourced from the southern Barents Sea (from the
PATTON2017 model51). The impact on the inferred MWP-1A
contribution from each ice sheet is <0.3 m (Supplementary
Table 3). Therefore, our results are not strongly sensitive to the
assumed ice melt geometry.

Our results suggest the AIS was relatively stable during the
concurrent Antarctic Cold Reversal64, which is consistent with
recent AIS modelling studies25,26,65. Based on our melt geome-
tries, MWP-1A induced 15–18 m local RSL rise around Antarc-
tica. This may have started to destabilise the AIS25,65,66,
eventually leading to substantial AIS retreat from 13 ka BP67.

Our inversion, which includes sophisticated treatment of
uncertainties associated with sea-level data and geophysical
modelling processes, provides calibrated MWP-1A contributions
from the NAIS, AIS and SIS that are consistent with both sea-
level constraints and regional ice-sheet reconstructions. In par-
ticular, our MWP-1A partitioning is supported by Scottish iso-
lation basin stratigraphies, which can only be fit by a minor
Antarctic contribution. Use of our results to prescribe the global
pattern of meltwater discharge during MWP-1A68 may yield
novel insights into the sequencing of ice-ocean-climate interac-
tions during this recent abrupt climate change event.

Methods
Inversion strategy. We solve for the meltwater contributions from the NAIS, AIS,
and SIS that bestfit observations of RSL change across MWP-1A (ΔRSLObs). RSL
change takes place due to changes in the shape of the solid Earth and the sea
surface, with the latter being defined by the shape of Earth’s gravity field. Because
the solid Earth behaves viscoelastically over the timescale of interest, RSL change at
location φ can be divided into a component that reflects the instantaneous response
of the solid Earth and sea surface to an influx of meltwater (ΔRSLElastic) and a
component that reflects ongoing perturbations to these surfaces due to past surface
load change (ΔRSLViscous):

ΔRSLObs φ
� � ¼ ΔRSLViscous φ

� �þ ΔRSLElastic φ
� � ð1Þ

The elastic term can be further decomposed into:

ΔRELElastic φ
� � ¼ ESLNAIS ´ FNAIS φ

� �þ ESLAIS ´ FAIS φ
� �

þ ESLSIS ´ FSIS φ
� � ð2Þ

where the three ESL terms represent eustatic sea-level (ESL) contributions from the
NAIS, AIS, and SIS ice sheets and the F(φ) terms denote ice-sheet-specific, site-
specific sea-level fingerprint values. The term sea-level fingerprint describes the
normalised elastic component of RSL change triggered by a given pattern of ice
loss16,17. Fi(φ) is insensitive to the value of ESLi and the choice of Earth
rheology17,69. Therefore, it can be calculated using existing ice sheet

reconstructions and treated as a known parameter (see Sea-level fingerprint). The
three ESL terms are the unknown parameters in our inversion. We assume that the
NAIS, AIS, and SIS are the only contributors to MWP-1A, where any Greenland
contribution is included in the NAIS.

The viscous component of RSL change can also be decomposed into two terms:

ΔRSLViscous φð Þ ¼ ΔRSLPreViscous φð Þ þ ΔRSLDurViscous φð Þ ð3Þ
where ΔRSLPreViscous(φ) and ΔRSLDurViscous(φ) are the changes associated with the
viscous effects of ice melt prior to and during MWP-1A respectively (see Viscous
component of sea-level change).

Substituting Eq. 3 into Eq. 1 yields an expression for the elastic component of
RSL change at each field site:

ΔRSLElastic φð Þ ¼ ΔRSLObs φð Þ � ΔRSLPreViscous φð Þ � ΔRSLDurViscous φð Þ
¼ ESLNAIS ´ FNAIS φð Þ þ ESLAIS ´ FAIS φð Þ
þ ESLSIS ´ FSIS φð Þ

ð4Þ

By deriving estimates of ΔRSLElastic at our six field sites we create a set of equations
that can be inverted to yield the ESL contribution to MWP-1A from each of the
three ice sheets considered here (see Inversion for MWP-1A sources).

Monte Carlo linear regression is used to estimate probability distribution of the
ΔRSLElastic at each site by computing the fit to probability distributions of all
viscous-corrected sea-level index points (SLIPs) at that site that lie within MWP-
1A (see Monte Carlo linear regression). Prior to carrying out the linear regression,
the SLIPs are also corrected for any local GIA effects (see Local GIA signal in
Northwest Scotland) and any spatial gradient of RSL that exists between sites that
are combined to estimate sea-level change at a single location (see Spatial sea-level
gradient). We assume the thermosteric contribution to RSL change during MWP-
1A is negligible.

Because ΔRSLPreViscous(φ) is controlled by ice melt prior to MWP-1A it can be
calculated using an existing global ice model (see below). In contrast,
ΔRSLDurViscous(φ) depends on the unknown ESL parameters, which makes Eq. 4 an
implicit equation that must be solved iteratively. We employ the following
approach (see Supplementary Fig. 1): (i) Calculate the first approximation of
ΔRSLElastic(φ) at six sea-level sites (see main text) using a Monte Carlo linear
regression method that assumes ΔRSLDurViscous(φ) is zero. (ii) Invert for the three
ESL values using the ΔRSLElastic(φ) values calculated in step i (for the first iteration)
or step v (for all other iterations). (iii) Correct the bias within the inversion results
using jackknife resampling (see details below). (iv) Calculate ΔRSLDurViscous(φ)
using the bias-corrected ESL inversion from step iii (see details below). (v)
Computing ΔRSLElastic(φ) using the ΔRSLDurViscous(φ) values obtained in step iv.
(vi) Repeat step ii-v until convergence of ESL values has been achieved.

GIA modelling. Sea-level change and the solid Earth response to changes in surface
loading are computed using the CALSEA software package70,71, which uses a
gravitationally self-consistent theory that accounts for migrating shorelines and
Earth rotational feedback72–75. The Earth is represented by a spherically sym-
metric, radially stratified (i.e., 1-D), self-gravitating Maxwell body comprising an
elastic lithosphere, and an upper and lower mantle extending to 670 km and from
670 km to the core-mantle boundary, respectively. The elastic and density structure
of the Earth is derived from the preliminary reference Earth model76. GIA mod-
elling is used to calculate sea-level fingerprints, the local GIA signal in Northwest
Scotland, spatial sea-level gradients, and the viscous component of sea-level
change.

Sea-level fingerprint. The sea-level fingerprint for each ice sheet is obtained by
calculating the normalised global pattern of RSL change associated with melt from
a specific ice sheet over a finite time interval. Because sea-level fingerprints are
sensitive to the geometry of ice melt69, we use realistic melt geometries across
MWP-1A from two recent regional ice-sheet reconstructions of Lambeck et al.24

and the BRITICE-CHRONO project (with SCEAN1D scenario; S. Bradley, per-
sonal communication 2020) for the NAIS and SIS, respectively (Fig. 1a, c). The
latter is constrained using geomorphological data compiled in Hughes et al.55 and
Clark et al.52, and reconstructed using a plastic ice-sheet model77. We also used

Fig. 5 Sea-level oscillation limit constrained inversion results. Each panel shows a probability density function of the averaged inversion result of the
empirical and uniform scenarios associated with total MWP-1A magnitude or the contribution from each ice sheet. Shaded areas indicate 95/85/70%
probability range.
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some alternative NAIS and SIS melt geometries from ICE6G_C22, GLAC-1D10 and
G1211 for the NAIS and PATTON201750,51 for the SIS to test the dependence of
the inversion results on the assumed ice melt geometries. This leads to essentially
unchanged inversion results (see Supplementary Table 3). For the AIS, due to the
lack of geological constraints, the melt geometry across MWP-1A remains largely
unknown. Since East Antarctica is estimated to have contributed only ∼1 m to
post-Last Glacial Maximum ESL rise, with this melt most likely to have occurred
after MWP-1A78, any Antarctic contribution to MWP-1A is likely to have come
from the West AIS. We therefore generate the AIS sea-level fingerprint using the
Last Glacial Maximum-to-present pattern of ice loss across West Antarctica
adopted by the W12 ice model54 (Fig. 1b). Because all our six sea-level sites are far
away from the AIS, their AIS sea-level fingerprint values are not sensitive to the
assumed West AIS melt geometry.

Local GIA signal in Northwest Scotland. As demonstrated in previous
studies14,41,56, RSL change across Northwest Scotland can be described in terms of
a local GIA signal caused by the growth and decay of the BIIS and a non-local GIA
signal associated with the growth and decay of other ice sheets around the world.
During MWP-1A, if the local GIA signal can be estimated and removed from the
SLIPs, the remaining signal will be the non-local GIA signal associated with
changes to the NAIS, AIS, and SIS.

Ice history and Earth rheology are not perfectly known for the British Isles.
Therefore, we test 360 parameter sets when computing the local GIA signal.
Specifically, we use three different BIIS models: BRITICE-CHRONO52,
PATTON201750,51 and ANU2,49,79, and combine each with 120 Earth models.
Because these BIIS models were constructed based on different principles
(geomorphological reconstruction guided by GIA modelling for BRITICE-
CHRONO, thermomechanical ice modelling for PATTON2017 and GIA modelling
for ANU) they provide conservative estimates on ice history uncertainties. These
ice models were combined with Earth parameters that reflect the rheological
properties beneath the British Isles (denoted as near-field rheology). Specifically, we
use elastic lithospheric thicknesses of 65, 72 and 80 km, upper mantle viscosities of
4, 4.5, 5, 5.5 and 6 × 1020 Pa s and lower mantle viscosities of 1, 1.5, 2, 3, 4, 5, 7 and
10 × 1022 Pa s. These ranges are constrained by previous GPS analysis and are
largely independent of the assumed ice history80. We calculate the age-specific local
GIA signal for each SLIP and subtract this from the original RSL reconstruction to
give the non-BIIS GIA signal. The uncertainty for this procedure is considered
within the inversion strategy by sampling the 360 local GIA correction values (each
applied to 20,000 Monte Carlo simulations, see details below) and adding the
standard deviation of the corrections to the original depth uncertainty in
quadrature. After removing the local GIA signal, there is a distinct RSL jump
recorded between 14.5 and 14.2 ka BP, which is consistent with the MWP-1A
signal observed in far-field sea-level records (Supplementary Fig. 7).

Spatial sea-level gradient. Due to the large geographical spread of the SLIPs from
Sunda Shelf and Northwest Scotland, there will be a non-negligible time-dependent
difference in the RSL recorded at the different localities (i.e., a spatial sea-level
gradient15). We apply a correction for this spatial gradient that enables us to
determine the RSL change across MWP-1A at a single locality for each region. We
quantify this gradient by testing 240 parameter combinations to incorporate
uncertainties associated with ice history and Earth rheology. Specifically, we
combine the two global ice models ICE6G_C22 and ANU2 with 120 different Earth
models. The Earth models each have an elastic lithospheric thickness of 60, 72 or
90 km, an upper mantle viscosity of 1, 3, 5, 6 or 7 × 1020 Pa s, and a lower mantle
viscosity of 0.1, 0.2, 0.3, 0.5, 0.6, 0.7, 0.9 or 1 × 1022 Pa s for ICE6G_C, or 0.7, 0.9, 1,
1.5, 3, 4, 5 or 7 × 1022 Pa s for the ANU model (we made different choices for lower
mantle viscosity because the two ice models have different preference ranges).
Because the local GIA signal in Northwest Scotland is removed separately we do
not include the BIIS component of ICE6G_C and ANU when calculating the
spatial gradient for Northwest Scotland to avoid a double correction. The ensemble
mean of the 240 parameter combinations is used to determine the time-dependent
data-specific spatial sea-level gradient (Supplementary Fig. 2). Site 18300 and
Applecross are defined as reference sites for Sunda Shelf and Northwest Scotland
respectively (red stars in Fig. 2 and Supplementary Fig. 2), to which all other sites
are corrected. As for the local GIA signal correction, the uncertainty in this pro-
cedure is added to the original depth uncertainty in quadrature.

Viscous component of sea-level change. To correct for the viscous signal across
MWP-1A, we estimate the viscous contribution of RSL change to each SLIP,
accounting for their specific age and location. Given that the viscous response to ice
melt prior to MWP-1A (ΔRSLPreViscous) will be approximately linear over MWP-
1A15,18, we quantify this linear rate by considering the viscous response to ice sheet
change between the end of the last interglacial and the start of MWP-1A (14.65 ka
BP). We assume no melting after 14.65 ka BP and calculate the linear rate of RSL
change during the following 1,000 years (Supplementary Fig. 3). This linear rate is
used to determine the ΔRSLPreViscous(φ) signal that is specific to the age and
location of each SLIP, assuming the viscous contribution is 0 at the initiation of
MWP-1A (14.65 ka BP). For all sites except Northwest Scotland we use the mean

value derived from a 240-member GIA model ensemble, as described in the pre-
vious section. For Northwest Scotland, since the dominant viscous signal here
relates to SIS-induced peripheral bulge subsidence (roughly 90% of the signal),
which primarily depends on the local rheology of the British Isles, we use the near-
field Earth parameters described in the section on Northwest Scotland. Again, to
avoid a double correction, we did not include the BIIS in the global ice model when
calculating ΔRSLPreViscous(φ) for Northwest Scotland.

Because the ΔRSLDurViscous(φ) terms depend on the ESL values in Eq. 4, which
are unknown during the first iteration, we neglect this component of RSL change
during the first iteration. Since these terms are relatively small compared to
ΔRSLElastic(φ) (less than 10%), neglecting them will not significantly alter the
inversion result during the first iteration. Beginning from the second iteration, we
scale the ice melt geometries that are used to generate the sea-level fingerprints
(main text Fig. 1) according to the bias-corrected ESL values determined in the
previous iteration (details below). The pattern of ΔRSLDurViscous(φ) is then
calculated assuming a linear rate of ice melt throughout MWP-1A. A range of
Earth models are used, as for ΔRSLPreViscous(φ) above, and the ensemble mean of
each set is used to determine the ΔRSLDurViscous(φ) terms, accounting for the age
and location of each SLIP (see Supplementary Fig. 4).

Monte Carlo linear regression. To quantify the elastic-induced local MWP-1A
magnitude at each site (ΔRSLElastic(φ) in Eq. 4), we use a Monte Carlo (MC) linear
regression technique to estimate the distribution of local sea-level rise rates
recorded by selected SLIPs at that site. The MC simulation approach is used to
capture the potentially asymmetric age and depth uncertainties of different types of
sea-level indicators by randomly sampling each sea-level index point’s depth and
chronological distributions. These distributions are calculated following the
methodology of Hibbert et al.35,43.

For the coral sea-level indicators, we test two methods for representing their
indicative depth distributions. First, we use an empirically-derived taxon-specific
depth-habitat distribution for each coral-based sea-level indicator43, which is
obtained using the modern coral analogue from the Ocean Biogeographical
Information System (www.iobis.org). Where possible, we use a spatially variable
local coral depth-habitat distribution instead of a global compilation for each coral
species. This method is denoted as the empirical scenario. Alternatively, we use the
coral palaeo-water depth determinations (i.e., upper/lower limit of living range)
from the original publications for different coral species. For this method, we
assume a uniform distribution, in that the indicator may occur equally anywhere
within the given range43. We denote this method as the uniform scenario. For non-
coral SLIPs (including coral samples additionally constrained by vermetid
gastropods in Tahiti), we use the indicative range or facies formation range as
determined by the original authors, which is also assumed to be uniformly
distributed. Furthermore, when sampling the depth distributions of all SLIPs, we
considered the error distribution associated with each of the GIA corrections
described above and elevation measurement uncertainties due to coring, levelling
and tectonic correction if necessary. We exclude any data explicitly stated as not
in situ by the original authors.

The chronological probability distributions depend on the method used to date
each SLIP. For samples that are radiocarbon dated, we use OxCal version 4.481 to
obtain the calibrated age probability distribution by recalibrating the conventional
radiocarbon age and uncertainty using the latest calibration curves: IntCal2082 for
Northern Hemisphere terrestrial samples; SHCal2083 for Southern Hemisphere
terrestrial samples and Marine2084 for all marine samples. For marine samples, we
apply appropriate, updated (i.e., calculated using Marine20) local marine reservoir
corrections (ΔR; http://calib.org/marine). For all other samples, U-series ages have
been recalculated where necessary, assuming a closed system with the latest decay
constants85. Only U-series ages passing the following age reliability screening
criteria (calcite < 2%, [232Th] ≤ 2 ppb, δ234Uinitial= 147 ± 5 ‰) are considered. A
normal distribution is adopted for U-series ages, whereas our radiocarbon ages use
the full age probability distribution43. For any replicated ages, we use the inverse
weighted mean value/distribution of each replicate group.

For each of our six sites, we use MC simulation to randomly sample the age and
depth distributions of each selected SLIP, and for each MC sampling, we use a
weighted least square method to compute an optimum straight line to fit the
randomly sampled points. The slope of this line is the averaged RSL rate across
MWP-1A (units m/ka), which is assumed to be temporally linear throughout
MWP-1A. Note that, since the lack of temporal resolution and uneven temporal
distribution of sea-level data prohibit our ability to capture the maximum rates of
sea-level rise at each site, our results should be interpreted as the averaged rate of
RSL change at each site across our MWP-1A time window (14.65–14.0 ka BP).
Within each weighted least square calculation, the weighting factor w for each SLIP
is calculated by

w ¼ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2y þ dy=dxð Þ2σ2x

q
ð5Þ

where σy and σx are standard deviations estimated from the depth and age
distributions, respectively, and dy/dx is the gradient of global sea-level change at
the sampled age obtained from Lambeck et al.2. The last term is used to convert the
effective contribution of age uncertainty into depth uncertainty. Regressions that
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produce a reverse slope (i.e., a sea-level fall) are excluded as implausible. The
process is repeated 20,000 times (excluding the implausible iterations) to produce a
distribution of local MWP-1A sea-level rise rates for each site. Lastly, the local
MWP-1A magnitude is obtained by scaling this linear rate to the MWP-1A
duration. We use a 500-year MWP-1A duration in this study since it leads to more
comparable results with the MWP-1A magnitude from regional ice-sheet
reconstructions, but our inversion results can be linearly scaled to any assumed
MWP-1A duration for comparison.

Data extrapolation. For HYD and NOG, the SLIPs only show a rapid ∼10 m sea-
level rise between 14.6 and 14.4 ka BP with no clear post-MWP-1A SLIP until the
initiation of new coral reefs at ∼13.0 ka BP, showing another 20–25 m sea-level rise.
This sequence is identified as “rapid growth then drowning and further landward
migration” (Webster et al. p. 42036; see their Fig. 4a). In order to constrain RSL at the
end of MWP–1A, we adopt a data extrapolation approach that uses the large number
of SLIPs between ∼13.0 and 12.0 ka BP at the two sites to extrapolate RSL backwards
in time. To ensure the accuracy of the data extrapolation we only use SLIPs that
pertain to a shallow, high-energy/exposed reef edge environment (the cA coral-algal
assemblage36), i.e. SLIPs which have a relatively small depth uncertainty. The data
extrapolation was implemented using the same MC linear regression method as
above, in combination with the uniform scenario (Supplementary Fig. 5) as the
empirical depth distribution for some SLIPs contains a bimodal habitat depth,
resulting in over-large extrapolation uncertainty. The depth uncertainty of the
extrapolated data point is defined by the extrapolation process, and it was assigned
an age uncertainty of 0.1 ka assuming a normal distribution.

Inversion for MWP-1A sources. Based on the site-specific elastic-induced local
MWP-1A magnitude distributions (ΔRSLElastic(φ)) estimated above, the inversion
for MWP-1A sources can be made by identifying the optimum ESL parameters in
Eq. 4 for each of the 20,000 MC iterations. This is achieved using a weighted non-
negative least square method using the Lawson−Hanson algorithm53 since we
assume that ice sheet growth during MWP-1A would be implausible. The
weighting factor for each site is given by w(φ)= 1/σ(φ)2 where σ(φ) is the standard
deviation estimated from the local MWP-1A magnitude distributions.

Jackknife resampling. After each iteration of our method (i.e., each time we invert
for the sources of MWP-1A, see Supplementary Fig. 1), we adopt a jackknife
resampling technique to correct for any bias associated with data over-dependency.
Specifically, we invert for the sources of MWP-1A six times, each time removing
one site from the six-site database. The difference between the mean jackknife
inversion result and the original inversion result is defined as the bias contained in
the original inversion result. Subtracting this bias from the original result yields a
bias-corrected inversion of MWP-1A sources.

RSL prediction. We modified the deglaciation history during MWP-1A in the
ANU ice model2 and used this revised model to predict RSL variation at the six sea-
level sites used in this study. This revised model (denoted as the ANU_MWP
model) was created by leaving the ice history prior to MWP-1A unchanged, but
assuming that ice loss during MWP-1A followed the magnitude and spatial pattern
of ice loss represented by the mean of our inversion result: 13.1 m NAIS, 3.3 m SIS,
and 1.5 m AIS. The rate of ice melt during MWP-1A was assumed to be linear. In
the original ANU model, there is not enough ice for the SIS to melt 3.3 m during
MWP-1A. We therefore decrease the rate of ice melt between 16.5 and 14.5 ka BP
(the latter is the time of MWP-1A initiation in the ANU model) to ensure there is
enough ice to provide 3.3 m ESL melt during MWP-1A (Fig. 4h). The synthetic test
of a larger AIS contribution to MWP-1A adopted the same pre-MWP-1A ice
geometries as in the ANU_MWP model but used different MWP-1A sources: 9.6
m NAIS, 3.3 m SIS and 5 m AIS. The modified ice models were combined with the
120 ANU-specific Earth models to produce RSL curves from the last interglacial to
present.

Data availability
All sea-level data used for this study are publicly available and can be accessed from cited
original publications. The datasets generated for this publication are available in the
Zenodo database (https://zenodo.org/record/4459366#.YCbVyRP7TzU) with the
identifier https://doi.org/10.5281/zenodo.445936686.

Code availability
The code for generating the depth uncertainty distribution for each type of sea-level
indicator can be accessed via https://figshare.com/articles/Matlab_Code_-
_calculation_of_sea_level/5890579. The codes used to invert MWP-1A magnitude and
sources are available at https://github.com/yc-lin-geo/lin_MWP1A_sources.
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The continental shelf along northeastern Australia is the world’s largest mixed carbonate-siliciclastic 
passive margin and the location of the Great Barrier Reef (GBR). Following sea-level transgression during 
the last deglaciation, extensive sediment was deposited along the GBR due to neritic carbonate deposition 
(including shelf edge reefs, Holocene reefs and Halimeda bioherms) and fluvial discharge of terrigenous 
siliciclastic sediments. Such sediment loading can alter local relative sea level (RSL) by several metres 
through the sediment isostatic adjustment (SIA) process, a signal that is poorly constrained at the 
GBR. In this study, we used a glacial isostatic adjustment (GIA) model to develop an ensemble-based 
sediment loading history for the GBR since Marine Isotope Stage 2 (MIS 2). A Bayesian style framework is 
adopted to calibrate the sediment history ensemble and GIA model parameters using a sea-level database. 
According to our results, 1853.7 Gt (1613.1-2078.7 Gt, 95% confidence interval) of sediment have been 
deposited across the GBR since MIS 2 (28 ka BP), causing spatially variable relative sea-level change with 
the highest magnitude (0.9-1.1 m) found in the outer shelf of the southern central GBR (18.4-21.6◦ S). 
Because the SIA-induced RSL rise is unrelated to ice mass loss, failing to correct for this signal will lead 
to systematic overestimation of grounded ice volume by up to ∼4.3 × 105 km3 during the Last Glacial 
Maximum. Additionally, we found that spatial variation in sediment loading and coastal environment may 
explain the different RSL history documented by published fossil coral reef records from Noggin Pass and 
Hydrographer’s Passage. These results highlight the importance of considering SIA for any postglacial 
sea-level studies adjacent to large sediment systems. Lastly, by quantifying both the GIA and SIA signals, 
we provide a spatially and temporally complete RSL reconstruction that is well-suited to be used as a 
boundary condition to study the evolution of the GBR shelf and slope sedimentary system.

© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license 
(http://creativecommons .org /licenses /by /4 .0/).

1. Introduction

Located on the world’s largest mixed carbonate-siliciclastic pas-
sive margin in northeastern Australia, the Great Barrier Reef (GBR) 
is an ideal place to study coral reef framework development and 
terrigenous sediment transportation in response to sea-level vari-
ation during glacial cycles (Webster et al., 2018). To accurately 
understand and model the physical and ecological mechanisms 
behind the spatio-temporal evolution of this complex sediment 
system, a key boundary condition is the relative sea-level (RSL) 

* Corresponding author.
E-mail address: yucheng.lin@durham.ac.uk (Y. Lin).

change history, which is by far the most important driver on 
millennial timescales (Hopley et al., 2007; Woodroffe and Web-
ster, 2014). Previous work suggests strong spatial variability in 
past RSL along this >2000 km coastline (Lambeck et al., 2002), 
prompting the need for a comprehensive understanding of the pro-
cesses controlling sea-level change in this region. Currently, the 
most commonly-used physical model to explain this variability is 
a glacial isostatic adjustment (GIA) model, which describes the 
solid Earth and ocean surface response to changes in surface load-
ing due to ice-ocean mass redistribution. Based on GIA theory, 
RSL recorded at the far-field location (i.e., far from previous ice 
sheet margins) of the GBR is primarily a function of solid Earth 
rheology, the change in global ice volume through time and lo-
cal shelf morphology (Lambeck et al., 2014), with these factors 

https://doi.org/10.1016/j.epsl.2023.118066
0012-821X/© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons .org /licenses /by /4 .0/).
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Fig. 1. Schematic overview of the inversion procedure adopted in this study. The black and blue boxes represent the physical processes and statistical modelling processes 
and results, respectively. Each arrow indicates that a previous model output acts as the input for the next model. *Initial sediment model parameter sets denote six sediment 
parameter combinations used to generate sediment models to train a SIA statistical emulator (details in Supplementary section 2). %Prior sediment model parameter distri-
butions are given in Table 1, which can be used to create a large ensemble of random sediment models. Note the sediment deposition model appears in multiple places. The 
annotated italic number beside each box indicates the section that provides detailed descriptions of each modelling procedure, S2 indicates Supplementary section 2.

having previously been invoked to explain different magnitudes 
of postglacial RSL rise (Yokoyama et al., 2006) and mid-Holocene 
highstand (Lambeck et al., 2002) along the GBR coastline.

However, recent coral reef records from Noggin Pass (NOG) and 
Hydrographer’s Passage (HYD), two shelf edge sites with similar 
shelf morphology located 500 km apart from each other, show a 
consistent RSL offset (reconstructed RSL at NOG is several metres 
higher at HYD) during the last deglaciation (Yokoyama et al., 2018; 
Webster et al., 2018) which cannot be explained by a GIA model. 
To understand this discrepancy, an additional physical process that 
is able to generate metre scale regional RSL variation within a 
103-105 year timescale is required. For coral reef records from a 
passive margin, minimally impacted by sediment compaction, the 
most obvious possibility is RSL change caused by sediment load-
ing (Horton et al., 2018). Similar to ice loading, sediment loading 
can lead to isostatic adjustment that changes the local geoid and 
deforms the land surface depending on the regional load magni-
tude and Earth rheology (i.e., sediment isostatic adjustment, SIA; 
Dalca et al., 2013). Previous studies suggest there have been more 
than 1000 gigaton (Gt) of neritic carbonate sediment (Hinestrosa 
et al., 2022; Rees, 2005) accumulated across the GBR since the 
Last Glacial Maximum (LGM) along with a considerable amount 
of fluvial discharge of terrigenous siliciclastic sediment (Salles et 
al., 2018). Such sediment loading could be large enough to drive 
localised RSL variations.

In this study, we aim to simultaneously quantify the ice, ocean 
and sediment loading impact on RSL variation across the GBR from 
Marine Isotope Stage (MIS) 2 to present. To quantify the SIA signal, 
we develop a GIA-model-enabled ensemble-based sediment accre-
tion model, which allows us to reconstruct the spatio-temporal 
evolution of sediment deposition across the GBR. We then use a 
Bayesian formalism to calibrate the net RSL history predicted by 
the GIA and SIA models using a sea-level database. The outputs of 
our study are a set of high-quality predictions of RSL change and 
sediment deposition history, with quantified uncertainty (Fig. 1).

2. Methodology

The methodology for reconstructing RSL change across the GBR 
is comprised of three major components: GIA/SIA modelling, sedi-
ment deposition history reconstruction and statistical calibration of 
the first two components using a GBR sea-level database (Fig. 1).

2.1. Glacial/sediment isostatic adjustment modelling

In this study, we describe RSL variation as a combined signal 
caused by GIA and SIA (Wolstencroft et al., 2014). We compute 
GIA-induced RSL change using a gravitationally self-consistent the-
ory that accounts for migrating shorelines and Earth rotational 
feedback (Kendall et al., 2005; Mitrovica et al., 2005). For SIA, 
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Fig. 2. Ice history modifications. (a) Pre-LGM ice history modifications for three ice sheets. (b) Modified global ice histories. The dashed and solid lines indicate the scenarios 
I and II we tested in this study. Note we use the same Antarctic model for both ice loading scenarios. NAIS = North American Ice Sheet; AIS = Antarctic Ice Sheet; EIS = 
Eurasian Ice Sheet.

we use the methodology of Wolstencroft et al. (2014) which con-
siders the RSL change caused by sediment-driven Earth deforma-
tion without considering the sediment impact on geoid variation, 
shoreline migration and Earth rotation as they are minor signals 
(generally accounting for less than 5% of the total SIA caused RSL 
signal; Ferrier et al., 2018). Although a self-consistent GIA and SIA 
model has recently been developed (Ferrier et al., 2017), we do not 
adopt this model here because we wish to rigorously sample the 
GBR deposition sediment history uncertainty range independently, 
and solving for the gravitationally self-consistent response to both 
ice and sediment loading would significantly increase the required 
computational power.

The Earth model used in this study is represented by a spheri-
cally symmetric Maxwell body consisting of an elastic lithosphere, 
and an upper and lower mantle extending to 670 km and from 
670 km to the core-mantle boundary, respectively. The elastic and 
density structure of the Earth model is derived from the prelimi-
nary reference Earth model (Dziewonski and Anderson, 1981). To 
sample the uncertainty range associated with the rheological prop-
erties of the Earth we test lithospheric thickness values of 46, 71 
and 96 km and upper and lower mantle viscosity values ranging 
between 0.05-1 and 1-90 × 1021 Pa s, respectively. The relatively 
thin lithosphere and weak upper mantle viscosity values that we 
explore reflect the values constrained by previous GIA studies of 
the GBR region (Ishiwa et al., 2019; Lambeck et al., 2002) and are 
supported by a recent global 3D mantle viscosity reconstruction 
(Austermann et al., 2021). In total, we test 228 Earth model com-
binations. We use the same Earth model for calculating GIA and 
SIA in order to produce internally consistent RSL predictions. We 
perform all calculations using a spherical harmonic truncation of 
degree and order 512 (∼40 km), which is suitable for calculating 
long-wavelength SIA and GIA signals in regions where lithospheric 
thickness is ∼50 km or greater, such as the GBR.

2.2. Ice model

We use a version of the ANU ice model (denoted as ANU_LGM; 
Lin, 2019) that has been updated to reflect the early rapid global 
mean sea-level (GMSL) fall to the LGM lowstand, as revealed by 
sea-level index points (SLIPs) from NOG and HYD (Yokoyama et al., 
2018; Webster et al., 2018). We assume that the majority (90%) 
of this GMSL fall was caused by rapid growth of the North Amer-
ican and Eurasian Ice Sheets (Fig. 2), possibly due to the saddle 
merger mechanism (Ji et al., 2021). Because GMSL prior to the 
LGM is poorly-constrained, we test two possible ice loading sce-
narios, corresponding to a 134 m (scenario I; Lambeck et al., 2014) 

and a 125 m (scenario II; Yokoyama et al., 2018) GMSL lowstand, 
which can considered as two end-member scenarios of the LGM 
GMSL lowstand.

2.3. Sediment model

To reconstruct a complete sediment history for the GBR, we 
divide its sediment system into four domains: shelf edge reef, 
Holocene reef, Halimeda bioherms (the first three are carbonate 
sediment) and siliciclastic sediment (Fig. 3). We then use 456 GIA-
induced RSL histories (produced by combining 2 ice models with 
228 Earth models) to force simple linear accretion models and re-
construct the sediment history for each domain as an ensemble 
(Fig. 1). Sediment accretion is first reconstructed at high spatial 
resolution by combining the RSL predictions with a 100 m reso-
lution modern GBR digital elevation model (DEM, Beaman, 2010) 
to create a series of palaeo-DEMs, and hence determine the de-
tailed spatial evolution of inundation and sediment accretion. For 
the purposes of calculating the SIA response, net sediment load 
in each ∼40 km grid cell of our study region is then summed to 
produce a loading time series. We do not consider the influence 
of hydrodynamic effects on sediment distribution because short-
wavelength variations in surface load will have a relatively minor 
effect on the SIA signal, which is long-wavelength and is spatially 
and temporally smooth.

2.3.1. Shelf edge reef
The shelf edge is defined as the region between the modern 

outer barrier reef front and the 130 m isobath (Fig. 3, Beaman, 
2010; Abbey et al., 2011). Based on the evidence derived from drill 
cores at NOG and HYD, the shelf edge reef growth structure can be 
described by four reef formation-demise sequences: reef 2 (27-22 
ka BP; initiation and demise time), reef 3a (22-17 ka BP), reef 3b 
(17-14 ka BP) and reef 4 (14-10 ka BP; modified from Webster et 
al., 2018).

To reconstruct the spatio-temporal reef development, we adopt 
a linear accretion model from Hinestrosa et al. (2022). For this 
model, the averaged vertical accretion rate (νse) and maximum ac-
cretion thickness (τse) are defined for each reef sequence based on 
the dating of drill core material from HYD and NOG (Supplemen-
tary Figure 1). We assume each reef sequence initiates after local 
inundation, with a time lag (ιse) of between 0 and 1 ka, and that 
it accumulates uniformly following the rate of νse until reaching 
thickness τse . The 0-1 ka lag between local inundation and reef ini-
tiation is defined based on observational evidence from Sanborn et 
al. (2020). Each reef within the shelf edge polygon (i.e., each DEM 
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Fig. 3. Overview of four sediment domains. The orange polygons indicate the locations where Holocene reefs accumulate. The purple polygons outline the domains where 
shelf edge reefs are likely to have accumulated (shelf edge reefs have not yet been fully mapped along the GBR margin). In the northern GBR, pink polygons show the 
locations of Halimeda bioherms. Coloured dots along the modern coastline indicate the rate of present-day fluvial sediment discharge (Milliman and Farnsworth, 2013). The 
black triangles are the RSL site locations used to calibrate the sediment loading history. The zebra boxes on the left indicate the four latitudinal GBR regions defined in 2.3.5. 
The sediment loading grid is indicated by the black squares.

grid cell) is classified to one of the four reef sequences (Webster et 
al., 2018) based on its initiation time, which in turn determines its 
νse and τse . Because constraints on νse and τse are currently only 
available for HYD and NOG, we assume the information derived 
from them is representative of the southern and northern GBR, re-
spectively.

2.3.2. Holocene reef
The spatial distribution of the Holocene reef has been mapped 

by modern bathymetric and remote sensing surveys (http://www.
gbrmpa .gov.au/). The only variable to estimate is the spatially-
variable Holocene reef accretion thickness, which will vary ac-
cording to local environmental conditions (Hinestrosa et al., 2022; 
Hopley et al., 2007). To account for this heterogeneity, we use 
a kriging method (details in supplementary section 1) to inter-
polate the spatial pattern of reef accretion thickness based on a 
Holocene reef accretion thickness database (Hinestrosa et al., 2022, 
Supplementary Figure 2). One advantage of this method is that the 
uncertainty estimation is included in its conceptualisation, hence 
the interpolation uncertainty can be easily propagated.

Next, to accurately determine the time when the local pre-
Holocene substrate was flooded, we create a pre-Holocene GBR 
DEM by subtracting the interpolated accretion thickness from 
the modern DEM. We carry out calculations based on this pre-
Holocene DEM. We then combine our 456 GIA-induced RSL pre-
dictions with this pre-Holocene DEM to create a series of palaeo-
DEMs that can be used to determine the timing of local inundation 
and hence the temporal development of the Holocene reefs. Us-
ing interpolated reef accretion thickness estimates as a boundary 
condition, each Holocene reef is assumed to begin accumulating 

following local sea-level transgression, with a time lag (ιho) of be-
tween 0 and 1 ka (same as shelf edge reef), and stop accumulating 
when local RSL is 30 m higher than the modern reef surface (i.e., 
when the coral reef surface becomes too deep for significant shal-
low water reef growth). Where the modern water depth is less 
than 30 m, we assume the reef stops accumulating when local 
RSL first reaches its maximum value (mid-Holocene highstand or 
present). Between the defined starting and terminating time, reefs 
are assumed to grow at a linear rate depending on the interpolated 
accretion thickness.

2.3.3. Halimeda bioherms
Halimeda bioherms are a dominant source of inter-reef car-

bonate deposits for the northern GBR and have been extensively 
mapped (Fig. 3, McNeil et al., 2016). McNeil et al. (2020) provide 
an overall estimate of 55.12 Gt of accumulation, corresponding to a 
7.63 m sediment layer across all mapped regions of Halimeda bio-
herms (assumes aragonite density of 2.94 g/m2 with 0.58 porosity 
(McNeil et al., 2020)). As for the Holocene reef sediment model, 
we build a pre-Holocene DEM for the Halimeda bioherms domain 
by subtracting 7.63 m from the original GBR DEM within the ac-
cumulation region (i.e., pink polygons in Fig. 3). The temporal evo-
lution of the Halimida bioherms is then calculated using the same 
method as for the Holocene reef model, using a lag parameter ιha . 
Although previous studies suggest that other sources of carbon-
ate sediment accumulate across inter-reef regions, such as benthic 
foraminifera and coralline algae (Hopley et al., 2007), at present 
there is no comprehensive database which documents the inter-
reef carbonate thickness or mass accumulation since MIS 2. We 
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therefore do not consider this possible source of carbonate sedi-
ment in our reconstruction.

2.3.4. Siliciclastic sediment
To quantify siliciclastic load, we use a modern global database 

of fluvial sediment flux measurements (Fig. 3, Milliman and 
Farnsworth, 2013) and assume the averaged discharge rate for 
the whole of the deglacial period is proportional to the modern 
measurement, with absolute values controlled by a scaling pa-
rameter (β) that increases/decreases the modern sediment flux by 
up to 40%. For each model run, the sediment discharge rate is 
assumed to be temporally constant. The spatial distribution of sili-
ciclastic sediment deposition will have varied through time due to 
shoreline migration during postglacial sea-level change. This palaeo 
shoreline migration is reconstructed by combining a modern DEM 
with GIA-induced RSL predictions. For each model time step, sed-
iment load is discharged to the nearest palaeo shoreline location 
relative to the modern river mouth position (Fig. 3). To conserve 
mass, we uniformly remove a layer of sediment from the North 
East Coast drainage basin with a mass equivalent to the siliciclas-
tic sediment deposition in the ocean.

2.3.5. Sediment model parameters
We use two types of parameter (pattern and magnitude) to rep-

resent uncertainties in the sediment history reconstructions. For 
all sediment domains, Earth and ice model parameters are the 
primary pattern parameters because they determine the spatio-
temporal pattern of RSL variation, and in turn the sediment ac-
cumulation pattern. Additionally, the lag parameters mentioned 
above (ιse , ιho , ιha) allow a delay to the initiation of carbonate sedi-
ment accumulation of between 0 and 1 ka after local transgression, 
which provides additional control on the temporal evolution of the 
three carbonate sediment domains.

The magnitude parameters control the magnitude of sediment 
accumulation for each domain. When determining the sediment 
accretion thickness of the shelf edge reef, we limit the maximum 
reef accretion thickness for the four reef sequences using the pa-
rameters τ2,3a,3b,4 (Table 1, values are empirically derived from 
Hinestrosa et al., 2022). For the Holocene reef, the accretion thick-
ness is subject to spatially variable uncertainty produced by the 
kriging interpolation, which is described by αho(ϕ), and varies 
from -3σ to 3σ . Lastly, the magnitude of the siliciclastic sediment 
load is controlled by a scaling parameter β (section 2.3.4).

The reconstructed sediment accumulation thickness H(ϕ, t) at 
location ϕ and time t is converted to a sediment load, M(ϕ, t), by:

Mse(ϕ, t) = Hse(ϕ, t)A(ϕ)ρa(1 − φse)εse (1)

Mho(ϕ, t) = Hho(ϕ, t)A(ϕ)ρa(1 − φho)αho(ϕ) (2)

Mhb(ϕ, t) = Hhb(ϕ, t)A(ϕ)ρa(1 − φhb) (3)

where fixed parameters A(ϕ) and ρa indicate bathymetric grid cell 
area and the density of aragonite (2.94 g/cm3). φ is the averaged 
sediment porosity for the shelf edge (se), Holocene (ho) and Hal-
imeda bioherms (hb) domains; it is allowed to vary from 25% to 
45% to represent uncertainty of the overall accumulation magni-
tude. For the shelf edge reef, one important uncertainty is that 
only a minor part of our defined shelf edge area (Fig. 3) is cov-
ered by reefal deposit, i.e., significantly thicker sediment than the 
surrounding area. Therefore, we assign a reefal area percentage 
parameter (εse), varying between 10-30% (derived from seismic 
mapping of shelf edge reef structure, Hinestrosa et al., 2016), to 
describe this uncertainty. Although the non-reefal area shows sub-
stantially lower sediment thickness (generally <10 m, Hinestrosa 
et al., 2016), it covers a much larger proportion of the shelf edge 
area, meaning it can potentially contribute as much sediment load-
ing as the reefal area. Therefore, the upper limit of εse is doubled 

(to 60%) to account for this condition. To reduce computation time, 
we combine 1 − φse and εse in the shelf edge reef model (as γse ), 
and 1 − φho and αho(ϕ) in the Holocene reef model (as γho) to-
gether, as they are all scaling parameters.

Due to different climate, local antecedent substrate and shelf 
physiography, previous studies suggest a contrasting sediment de-
position system between the northern and southern GBR (Hine-
strosa et al., 2016). Considering this difference, we separate the 
whole GBR region into northern (10-14.2◦ S, Fig. 3), northern-
central (14.2-18.4◦ S), southern-central (18.4-21.6◦ S) and south-
ern GBR (21.6-26.2◦ S) sectors based on the definition from Hine-
strosa et al. (2019). All sediment parameters are allowed to vary 
between sectors (Table 1), which is indicated by the superscripts 1 
(northern), 2 (northern central), 3 (southern central) and 4 (south-
ern). We use the same prior distributions for sediment model pa-
rameters across all four regions, except the thickness parameters 
τ2,3a,3b,4; our compiled database generally shows thicker sediment 
in the southern GBR (HYD) compared to the north (NOG, Supple-
mentary Figure 1) so we use different prior distributions for these 
parameters in each region. The prior distributions for all sediment 
domain parameters are given in Table 1 and the resulting sediment 
loading history prior distributions are given in Supplementary Fig-
ure 4.

2.4. Statistical calibration

During the calibration process, to consider uncertainty associ-
ated with the poorly-constrained pre-LGM ice history, we allow 
the ice model to vary between scenarios I and II using a weight-
ing parameter ω. The final RSL predictions are calculated using a 
weighted combination of the two ice history scenarios. ω therefore 
indicates the data preference for the assumed pre-LGM ice history. 
The data used for calibration are sea-level index points (SLIPs). 
Each SLIP provides information about the age and height of past 
RSL at a single location, which is assumed to represent the com-
bined signal of GIA and SIA processes. Based on SLIP databases, we 
use a Bayesian framework to sample the posterior probability den-
sity distribution for each model parameter (Table 1) conditioned 
on sea-level data (Fig. 1).

2.4.1. Calibration data
We compile a GBR RSL database following the methodology of 

Hibbert et al. (2018, 2016). For radiocarbon dated SLIPs we recali-
brate the conventional radiocarbon age using the SHCal20 calibra-
tion curve (Hogg et al., 2020) for terrestrial samples, and Marine20 
(Heaton et al., 2020) with appropriate and up-to-date local marine 
reservoir corrections (�R; http://calib .org /marine) for marine sam-
ples. For Uranium-Thorium dated coral samples we recalculate the 
U-series ages where necessary, assuming a closed system with the 
latest decay constant (Cheng et al., 2013). We only include the U-
series ages that pass the age reliability screening criteria of [232Th] 
≤ 2 ppb and δ234Uinitial = 147 ± 5‰. We exclude any SLIPs that 
are explicitly stated as not being in situ by the original paper.

For SLIP depth uncertainty we use local palaeo-water depth 
determination for each record taken from original publications, as-
suming that the indicator may occur equally anywhere within the 
given upper and lower limit (i.e., the uniform distribution sce-
nario, Hibbert et al., 2016, 2018; Lin et al., 2021). Additionally, we 
consider the elevation measurement uncertainty caused by coring, 
levelling and tectonic correction when necessary. Overall, our study 
uses 375 SLIPs (supplementary database). To systematically quan-
tify the RSL difference between NOG and HYD, we use a Monte 
Carlo binning analysis approach to reconstruct the underlying RSL 
signal at these two sites. The details of this approach are given in 
Supplementary section 3.
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Table 1
Table of prior sediment model parameters. We assume a uniform prior distribution for all parameters within the defined parameter space. The uniform distributions with 
parentheses indicate a continuous uniform distribution, those with square brackets indicate a discrete uniform distribution comprising the listed parameters. Superscripts 1 
to 4 represent spatially different parameters for the northern, northern central, southern central and southern GBR.

Model Component Parameters and Prior Distribution(s) Parameter Description

Earth model LT ∼U[46,71,96] Effective lithospheric thickness with unit kilometre

μup ∼U[0.05,0.08,0.1,0.2,0.3,0.5,0.8,1] Upper mantle viscosity with unit 1021 Pa s
μlo ∼U[1,2,3,5,8,10,20,30,50,70,90] Lower mantle viscosity with unit 1021 Pa s

Ice model ω ∼U(0,1) Relative weighting associated with ice loading scenario II

Shelf edge reef γ 1−4
se ∼U(0.055,0.45) A combined parameter that describes the uncertainty 

associated with shelf edge reef formation porosity and reefal 
area percentage

τ 1−4
2 ∼U(5,10), U(5,10),U(5,15),U(5,15) Maximum accretion thickness for shelf edge reef stage 2 with 

unit metre (same for all maximum accretion thickness 
parameters below)

τ 1−4
3a ∼U(10,20),U(10, 20),U(15,30),U(15,30) Maximum accretion thickness for shelf edge reef stage 3a

τ 1−4
3b ∼U(5, 15),U(5,15),U(10,20),U(10,20) Maximum accretion thickness for shelf edge reef stage 3b

τ 1−4
4 ∼U(5, 15),U(5,15),U(10,20),U(10,20) Maximum accretion thickness for shelf edge reef stage 4

ι1−4
se ∼U[0,0.2,0.4,0.6,0.8,1] Lag between local inundation and shelf edge reef initiation 

with unit ka (same for all lag parameters below)

Holocene reef γ 1−4
ho ∼U(-3σ ,3σ ) A combined parameter that describes the uncertainty 

associated with reef formation porosity and kriging determined 
reef depth uncertainty (defined by σ ).

ι1−4
ho ∼U[0,0.2,0.4,0.6,0.8,1] Lag between local inundation and Holocene reef initiation

Halimeda bioherms φ1−4
ha ∼U(0.25,0.45) Halimeda bioherms formation porosity

ι1−4
ha ∼U[0,0.2,0.4,0.6,0.8,1] Lag between local inundation and Halimeda bioherms initiation

Siliciclastic sediment β1−4 ∼U(0.6,1.4) Averaged siliciclastic discharge rate relative to present day

2.4.2. Calibration procedure
The posterior probability distributions are calculated using 

a simulated annealing algorithm (Kirkpatrick et al., 1983), a 
probability-based technique which shows good capacity to con-
verge to the global minimum solution. Within a Bayesian frame-
work, a likelihood function describes the joint probability of the 
observed data as a function of the model parameters. We assume 
a uniform prior distribution for all model parameters (Table 1), 
meaning the posterior probability is equivalent to the likelihood. 
In this study we express the likelihood as:

p(y|x) = exp(− 1

N

N∑
n=1

wn Jn) (4)

Jn =
√√√√ (R S L y

n − R S Lm
n )2

σ 2
R S L,n

+ (t y
n − tm

n )2

σ 2
t,n

(5)

where x is the vector of all model parameters, y is the SLIP data 
set consisting of n samples, each containing information about 
palaeo RSL height (R S L y

n ) and age (t y
n ) with 1 sigma uncertainties 

of σR S L,n and σt,n , respectively. wn is a weighting parameter to off-
set calibration bias due to variable temporal data density using the 
definition from Tarasov et al. (2012). For each set of model param-
eters, and for each SLIP location, a RSL curve is produced and we 
calculate the minimum distance ( Jn) between the SLIP and the RSL 
curve, where R S Lm

n and tm
n represent the RSL and age of the clos-

est point on the modelled curve (adapted from Love et al., 2016). 
The minimum distance data-model comparison metric J provides 
a unitless measurement of model misfit for both chronological and 
vertical uncertainties. Because we assume past sea level may occur 
equally anywhere between the upper and lower limit of each SLIP, 
we assume no vertical misfit if the model predictions are within 

the 2 sigma uncertainty range of the observations. Therefore, we 
express R S L y

n as:

R S L y
n =

⎧⎪⎨
⎪⎩

R S L y
n + 2σR S L,n, R S Lm

n ≥ R S L y
n + 2σR S L,n

R S Lm
n , R S L y

n − 2σR S L,n < R S Lm
n < R S L y

n + 2σR S L,n

R S L y
n − 2σR S L,n, R S Lm

n ≤ R S L y
n − 2σR S L,n

(6)

Based on this likelihood formulization, we calculate the posterior 
probability distributions for each model parameter, and to speed 
up the calibration process, we use a statistical emulator to emulate 
the SIA process. Details on the implementation of this approach are 
provided in Supplementary section 2.

3. Results

Based on the posterior probability distributions of the model 
parameters drawn from the simulated annealing (Supplementary 
Table 1), we calculate the spatio-temporal field of sediment accu-
mulation and RSL variation for the GBR. We start by presenting 
the results of the Earth and ice model parameter inversion and de-
scribe the resulting GIA-induced RSL predictions. Using these GIA 
predictions, we illustrate the palaeo GBR shoreline reconstructions 
and quantify how they affect the sediment accumulation history. 
Lastly, we present the sediment loading induced RSL change and 
RSL model-data comparison.

3.1. Earth and ice model parameters

The inversion results are given in Table 2. For a far-field re-
gion like the GBR, post-glacial sea-level change was predominantly 
driven by ice-ocean mass exchange (causing >100 m RSL change 
compared to ∼1 m by SIA). Hence, although the Earth model pa-
rameters impact the prediction of both GIA- and SIA-induced RSL 
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Table 2
Inversion results. Pmax indicates the value with the maximum posterior probability (i.e., best-fit value). The load values represent the total sediment load deposited during 
the last 28 ka BP, subscripts and superscripts are as follows: se = shelf edge reef; ho = Holocene reef, ha = Halimeda bioherms, si = siliciclastic discharge, 1= northern GBR, 
2 = northern central GBR, 3 = southern central GBR, 4 = southern GBR.

Pmax Expected Value Standard Deviation 95% Confidence Interval

LT (km) 96 89.3 11.2 71-96
μup (1021 Pa s) 1 0.93 0.15 0.5-1
μlo (1021 Pa s) 30 38.3 11.3 20-50

ω 1 0.98 0.06 0.9-1

Loadtotal (Gt) 1939.6 1853.7 112.4 1613.1-2078.7

Loadse (Gt) 559.1 478.8 68.9 330.8-566.3
Loadho (Gt) 797.6 794.2 59.3 630.0-943.4
Loadha (Gt) 47.0 46.7 3.8 46.7-54.1
Loadsi (Gt) 536.3 534.0 61.3 410.5-659.1

Load1 (Gt) 138.1 167.8 53.1 137.1-271.9
Load2 (Gt) 183.1 229.8 59.3 169.3-361.0
Load3 (Gt) 1007.2 994.6 45.7 905.0-1042.2
Load4 (Gt) 611.3 461.5 98.9 296.2-617.5

change, the Earth model parameter distributions are primarily cal-
ibrated to replicate the GIA process. The maximum probability fit 
to the SLIPs is achieved using an Earth model combination of 96 
km (71-96 km; 95% confidence interval, CI) lithospheric thickness, 
and 1 (0.5-1) and 30 (20-70) × 1021 Pa s upper and lower mantle 
viscosity. These inverted Earth parameters are generally consistent 
with recent global 3D viscosity field reconstructions (Austermann 
et al., 2021) but reflect a substantially stronger upper mantle com-
pared with previous estimates based on GIA analysis of Holocene 
sea-level data from east Australia (0.15-0.3 × 1021 Pa s Lambeck 
et al., 2002). The main reason for this difference is our inclusion 
of pre-Holocene coral reef records, which prefer a stronger upper 
mantle viscosity (details in Supplementary Figure 6).

The ice model weighting parameter predominantly converges 
to scenario II (Fig. 2), indicating that a smaller pre-LGM grounded 
ice volume is preferred by the SLIPs. The blue dashed lines in Fig. 4
are the expected GIA-induced RSL change for RSL sites with at least 
five SLIPs; results for other RSL sites are shown in Supplementary 
Figure 8. It is clear that SLIPs with ages between 19.5 and 21.5 ka 
BP at NOG represent substantially higher RSL than the prediction 
produced by the preferred ice loading scenario II. Using scenario I, 
which has a larger LGM global ice volume, would result in an even 
lower RSL prediction during this period, therefore further enlarging 
the data-model misfit, leading to the rejection of this scenario in 
the inversion.

3.2. Sediment deposition history

3.2.1. Temporal distribution
Using the posterior Earth and ice model parameters, we show 

detailed palaeo shoreline positions (note that the SIA impact on 
shoreline migration is minor and is not considered here) for eight 
key time frames (Fig. 5). Comparing to the commonly used ap-
proach that assumes sea-level rise uniformly follows the GMSL 
curve (e.g., Hinestrosa et al., 2019), our calculation shows local RSL 
can significantly depart from GMSL by >10 m depending on local 
morphology. During early MIS 2 (28-22 ka BP; Fig. 2), RSL was 90-
105 m below present with only part of the shelf edge submerged 
near the south-eastern Capricorn Channel. The growth of reef stage 
2 here (Supplementary Figure 1; Webster et al., 2018) contributed 
10% to overall sediment accumulation for this period (Fig. 6). Com-
paratively, 19.1 Gt/ka (14.7-23.5 Gt/ka) of siliciclastic sediment was 
deposited at the continental slope and shelf edge during this pe-
riod, which dominated the sediment budget (contributing ∼90% 
of total loading). This siliciclastic proportion became even greater 
when GMSL dropped to LGM conditions between 22-19.9 ka BP.

After the LGM, local sea level rose gradually prior to 16.5 ka 
BP and accelerated between 16.5 and 14.65 ka BP, which induced 
the coastline near the Capricorn Channel to migrate slightly on-
shore. As a result of the initiation of reef 3b and the continuous 
growth of reefs 3a and 2 (Supplementary Figure 1), shelf edge reef 
accumulation increased from 1.6 Gt/ka to 11.1 Gt/ka (Fig. 7b). Fol-
lowing the start of Meltwater Pulse 1A at 14.5 ka BP, the rate of 
local sea-level rise exceeded 40 m/ka, which further inundated the 
Capricorn Channel by hundreds of kilometres and caused the shelf 
edge accumulation rate to increase to ∼20 Gt/ka. Although the RSL 
rise rate decreased to ∼15 m/ka after 14.0 ka BP, the coastline 
continued to retreat significantly in the southern central GBR and 
less so in the northern central GBR until 13.2 ka BP. Due to the 
flat morphology of the southern central GBR shelf, a large area of 
middle shelf near Mackay was flooded at this time, initiating the 
growth of the Holocene reef. The rest of the outer-middle shelf 
within the southern central GBR was submerged following ∼6.5 m 
RSL rise leading up to 12.6 ka BP. Meanwhile, north of the south-
ern central GBR, most of the middle shelf and even parts of the 
shelf edge were still sub-aerially exposed, indicating the strong 
temporal variability in transgression time. The accretion rate of 
the shelf edge reef along the whole GBR continued to rise un-
til 10 ka BP, when most of the shelf edge had been inundated 
with its contribution to the sediment budget peaking at 32.3% 
(Fig. 7c). Similarly, as the coastline moved across the middle shelf 
(except in the northern GBR), this accelerated the growth of the 
Holocene reef and initiated Halimeda bioherm growth at 11 ka BP. 
This timing agrees well with a recent radiocarbon analysis of inter-
reef sediment cores, which suggests Halimeda bioherm initiation 
occurred around 11.1 ka BP in the northern GBR (McNeil et al., 
2022).

Between 10-8 ka BP, the shoreline migrated to a geometry 
similar to present day and the growth rate of the Holocene reef 
and Halimeda bioherms domains reached their maximum values of 
130.5 and 11.2 Gt/ka at 8.2 and 8.8 ka BP, respectively (Fig. 7b). 
Concurrently, much of the shelf edge reef had attained its max-
imum thickness and stopped accreting, therefore, its contribution 
to the sediment budget was gradually surpassed by the Holocene 
reef (Fig. 7c). RSL continued to rise until 4.8 ka BP with the max-
imum magnitude of the Mid-Holocene highstand (3.2 m) being 
predicted near Rockhampton and Mackay (Fig. 5) where the shore-
line is estimated to have been up to tens of kilometres inland of 
its modern position, with the subsequent re-advance being due 
to the impact of water loading on the adjacent wide continen-
tal shelf. The growth rate of carbonate sediment decreased in the 
late Holocene, with the largest reduction seen in the Holocene 

7



Y. Lin, P.L. Whitehouse, F.D. Hibbert et al. Earth and Planetary Science Letters 607 (2023) 118066

Fig. 4. Relative sea level data-model comparison. Each error bar shows 2σ vertical and age uncertainties with the coloured dots indicating the unitless data-model misfit (i.e., 
J in equation (5)). Note we plot the 2σ vertical uncertainty range of the reconstructed RSL instead of showing the original recorded elevation. The RSL sites are listed from 
north to south with the site’s number, name and coordinates given as the subtitle. The expected SIA-induced RSL change and its associated 95% CI are shown in the subplot 
within each frame. The last frame shows the RSL site locations and corresponding site numbers. Note the different axes used in each plot.

reef domain due to the reef surface leaving the photic zone or 
the cessation of growth following the highstand (section 2.3.2). 
Overall, reconstructed Holocene growth rates for carbonate sedi-
ment domains agree well with the theoretical bell-shaped curve 
(Davies and Hopley, 1983), which suggests a slow growth during 
reef initiation followed by accelerated growth when the reef is 
“keeping-up” or “catching-up” to sea level. The final maturation 
phase exhibits a slow accretion rate mostly due to lack of accom-
modation space.

Our inversion results indicate the GBR experienced 1853.7 Gt 
(1613.1-2078.7 Gt) of sediment loading from MIS 2 to present 
(Fig. 7a). Three carbonate domains produced 1319.7 Gt (1007.5-
1563.8 Gt) of sediment, comparable with previous estimates of 
939 Gt (622-1398 Gt Hinestrosa et al., 2022) and 1709.4 Gt (Rees, 
2005). The timing of increased carbonate deposition identified in 
our study correlates with a period of minor decrease in atmo-
spheric CO2 (14.3-12.7 ka BP), which is consistent with the idea 
that coral reef growth played a significant role in the postglacial 
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Fig. 5. Expected GBR postglacial flooding pattern. The eight coloured shoreline re-
constructions correspond to the eight time intervals shown on the right. Time 
series of posterior flooding area for each sediment domain and eustatic sea-level 
are shown in the subplot in the top-right corner. The subplot in the bottom-left 
corner shows an enlarged version of the shoreline reconstruction results near Rock-
hampton. The orange triangles indicate site locations for the sea-level data shown 
in Fig. 4. Some key locations are labelled, CC = Capricorn Channel.

carbon cycle (Lemieux-Dudon et al., 2010; Kinsey and Hopley, 
1991).

3.2.2. Spatial distribution
Fig. 7 shows the sediment spatial distribution conditioned on 

the SLIP database. There is a distinct north-south gradient with 
more sediment accumulated in the southern (central) GBR. This 
gradient reflects the different physiography of the northern and 
southern GBR, with the southern GBR having a wider and flatter 
shelf morphology. This provides ample accommodation space for 
carbonate material to grow (Fig. 3). The SLIPs support this gradient 
and mostly show higher-than-predicted RSL in the northern (cen-
tral) GBR and, conversely, lower-than-predicted RSL in the south-
ern central GBR. During sea-level transgression, the GBR sediment 
system is mostly in a depositional phase, therefore the effect of SIA 
is to increase the magnitude of post-depositional RSL rise, which 
results in lower-than-predicted RSL (Fig. 4). To minimise the mis-

fit to SLIPs, model parameters associated with sediment domains 
in the northern (central) GBR gradually converged to the lower 
end of the prior distribution, producing 167.8 Gt and 229.8 Gt of 
sediment. In contrast, the southern central GBR sediment mass dis-
tributions strongly skew to the higher end, producing 994.6 Gt of 
sediment. Although there are no SLIPs in the southern GBR sec-
tor, the larger-than-prior sediment loading results (461.5 Gt) reflect 
the fact that sediment loading in the southern sector has a long-
wavelength impact on RSL change in the southern central GBR.

This north-south distinction is supported by recent seismic 
mapping of shelf edge reef structures (Hinestrosa et al., 2016, 
2014) and a modelling study of the GBR carbonate-siliciclastic sys-
tems (Salles et al., 2018), both of which show substantially thicker 
shelf edge sediment in the southern (central) GBR. The good agree-
ment between RSL observations and these independent studies 
suggests it is possible to use SLIPs to constrain sediment depo-
sition history. It is noticeable that, compared with other regions, 
the posterior uncertainties are very low in the southern central 
GBR (Fig. 7b). The reason for this is because greater southern cen-
tral sediment loading consistently improves the data-model misfit, 
by up to ∼15%, and thus the southern central sediment load-
ing converges to the higher end of the prior distribution. For the 
other three regions, because the overall misfits are sensitive to the 
southern-central load, they show a similar level of uncertainty.

3.2.3. SIA-induced RSL change
Using the posterior model parameter distributions, we quantify 

the impact of SIA on the total GBR RSL calculation (Fig. 4). Overall, 
including the SIA signal reduces the data-model misfit (J in equa-
tion (4)) by ∼10% and broadens the acceptable region of the Earth 
model parameter space (Supplementary Figure 7). The largest SIA 
signal is on the outer shelf of the southern-central GBR where sed-
iment loading contributes >1.1 m to RSL rise since MIS 2 (Fig. 7c). 
For HYD, incorporating the SIA-induced RSL rise (0.97 m; 0.83-1.17 
m) improves the model fit to the SLIPs from 0.48 to 0.41, especially 
for SLIPs with ages 12.5-10 and 21-18 ka BP where observations 
show remarkably lower RSL than predicted by the GIA-only model. 
For the inner shelf region of the southern-central GBR, the SIA sig-
nal is lower, with an expected value of only 0.42 m (0.31-0.64 m; 
similar magnitude for sites 4-6), due to the lack of carbonate sed-
iment. Similar to HYD, the inclusion of the SIA signal significantly 
improves the average model misfit by 0.04 for Fantome Island. But 
for Magnetic Island and Cleveland Bay, there is no noticeable im-
provement. For these four RSL sites, since the majority of sediment 
loading takes place at the shelf edge and in the Holocene reef do-
mains, i.e., during the early-mid Holocene, the SIA signal remains 
almost unchanged before 14 ka BP (Fig. 4).

Fig. 6. GBR posterior sediment mass accumulation history. (a) Total sediment mass accumulation and sediment accumulation associated with each sediment domain. (b) As 
in (a), but showing the rate of sediment accumulation. The solid lines indicate the expected sediment models and uncertainty ranges denote the 95% confidence intervals. 
(c) The proportional contribution of each sediment domain to total mass accumulation through time.
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Fig. 7. Reconstructed spatial distribution of sediment mass accumulated from MIS 2 to present. (a) Expected sediment accumulation mass distribution. (b) One sigma standard 
deviation of sediment accumulation mass. (c) Expected RSL change due to SIA. The black and white bands on the left define the four GBR latitudinal sectors as in Fig. 5. The 
red triangles indicate the locations of NOG and HYD.

To the north, SIA effects in Missionary Bay and Noggin Pass 
are predicted to have a similar magnitude of ∼0.3 m, but with 
different temporal patterns (Fig. 4). For Missionary Bay, the local 
load is minor (<10 Gt; Fig. 7a) and the SIA signal is primar-
ily impacted by the long wavelength sediment signal from the 
southern-central GBR, where 910.7 Gt of sediment was deposited 
during the Holocene. In contrast, the SIA signal for NOG shows a 
much more linear rate of prior to before the Holocene, which is 
caused by continuous siliciclastic sediment discharge to the shelf 
edge during early deglaciation. Lastly, for Yule Point the SIA signal 
is predicted to be small (0.24 m) due to the low local sediment 
loading and the fact that it is located >500 km from the sediment 
deposition centre in the southern central GBR. Since the SLIPs gen-
erally show higher-than-predicted RSL at sites 1-3, the inclusion 
of the SIA signal slightly increases the model misfit to observa-
tions. But since the SIA signals for these sites are relatively small, 
the overall increase in model misfit is negligible compared with 
the misfit reduction associated with including SIA in the southern 
central GBR.

4. Discussion

4.1. GBR RSL spatial variability

We first investigate the degree to which the SIA signal can 
explain the RSL difference between NOG and HYD. The Monte 
Carlo binning analysis (section 2.4.1) yields a temporally-increasing 
RSL difference between these two locations, with a temporally-
averaged value of 4.0 m (3.4-4.5 m, Fig. 8). The increasing RSL 
difference at NOG and HYD prior to the Holocene can be explained 
by different sediment deposition histories. Between MIS 2 and the 
Holocene a considerable amount of siliciclastic sediment was dis-
charged to the shelf edge near NOG, which gradually increased 
local RSL (Fig. 4). Comparatively, our model predicts much less sili-
ciclastic discharge near HYD (this site is not located close to any 
modern river mouths, Fig. 3), hence the SIA signal remains low 
prior to the Holocene. These results are consistent with conceptual 
sediment depositional models which suggest that, during MIS 2 
and MIS 1, the regions surrounding NOG and HYD were dominated 
by large estuaries and extensive coastal barriers and lagoons (Hine-
strosa et al., 2016). Near NOG, the estuaries were fed by east-west 
elongated channels crossing the narrow continental shelf (<50 km) 
which provided an efficient way to transport coarse grained sed-
iment to the shelf edge and upper continental slope. This can 
be verified by the presence of thick siliciclastic sediment in var-
ious records from the shelf edge and continental slope (Dunbar 
and Dickens, 2003). In contrast, the northwest-southeast elongated 

coastal choked lagoons of the southern central GBR were not effi-
cient for transporting sediment towards the continental slope. The 
wider and flatter continental shelf in this region nurtured complex 
drainage networks with long and sinuous channels redirecting the 
sediment to the southeast (see Figure 1 of Hinestrosa et al., 2016). 
In addition, the presence of blocking barriers along the shelf edge 
strongly reduced lagoon flushing. In summary, prior to coral reef 
initiation during the Holocene, NOG was substantially more im-
pacted by siliciclastic sediment loading than HYD (Fig. 4), which 
explains the greater RSL rise observed at NOG during this period.

Subsequent to the initiation of reef development, HYD has ex-
perienced greater RSL rise than NOG, due to the development of 
extensive reefs in the southern central GBR. Specifically, our sed-
iment model predicts the development of widespread, thick reefs 
across the shelf edge of the southern central, resulting in up to 
four times more sediment loading compared with the northern 
central GBR. This is consistent with seismic stratigraphy suggesting 
the extensive availability of low gradient substrate near HYD pro-
moted the development of thick and wide fringing shelf edge reefs 
(Hinestrosa et al., 2016). In comparison, the lateral availability of 
substrate is very limited near NOG due to the narrow and steep 
physiography (Abbey et al., 2011). Additionally, our results show 
shelf edge reefs near HYD are thicker than those near NOG, con-
sistent with the drill core observations shown in Supplementary 
Figure 1. This may be due to the contrasting palaeo-environmental 
and physiographic conditions between NOG and HYD during the 
evolution of these reefs (e.g., different morphology and sediment 
and nutrient circulation; Hinestrosa et al., 2016). Similar to the 
shelf edge reef, a wide and flat physiography provides ample ac-
commodation space for the Holocene reef to thrive in southern 
central GBR. Our interpolation results suggest the Holocene reef 
in this region is on average thicker than in the north (Supple-
mentary section 1) possibly due to the lower elevation prior to 
sea-level transgression (Salles et al., 2018; Hopley et al., 2007). 
Overall, based on our expected sediment and Earth model param-
eters, we predict that sediment loading differences between NOG 
and HYD can explain 0.6 m (0.35-0.75 m) of the observed RSL dif-
ference.

Notably, our SIA model can only account for 15% of the mean 
RSL difference (4.0 m) between NOG and HYD. We propose three 
possible explanations for this. Firstly, as mentioned in section 3.1, 
our preferred Earth models are relatively strong (Table 2). These 
Earth models may be biased towards fitting LGM-age SLIPs from 
NOG and HYD, but it is important to note that these SLIPs have 
large chronological and indicative meaning uncertainties. Previous 
GIA analysis (e.g., Lambeck et al., 2002) and independent 3D man-
tle viscosity estimates suggest a thinner lithosphere and weaker 
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Fig. 8. Monte Carlo binning analysis results. (a) Reconstructed time series of RSL variation at NOG (orange) and HYD (blue). The error bars indicate 2σ age and vertical data 
uncertainties. Each solid line represents one random realisation of the Monte Carlo binning analysis. (b) The time series of RSL difference between NOG and HYD, the dashed 
trendline indicates the temporally increasing RSL difference between these two sites from the LGM to the Holocene.

mantle viscosity across the GBR, which would induce a larger SIA 
signal and explain more of the RSL difference between NOG and 
HYD. Therefore, we recalculate the SIA signal using an alternative 
Earth model with 46 km lithospheric thickness and 0.1 × 1021 Pa 
s upper mantle viscosity, which is supported by previous studies 
(Hoggard et al., 2021; Austermann et al., 2021) and is consistent 
with the Earth model determined by the Holocene SLIPs alone 
(Supplementary Figure 6). The results show a larger SIA signal at 
NOG (0.59 m) and HYD (2.20 m), which accounts for almost half 
the observed RSL difference.

Secondly, differences in turbidity and nutrient level may im-
pact the coral species’ living depth and hence past RSL recon-
structions (Hibbert et al., 2016). One important assumption when 
reconstructing past sea level is that each sea-level indicator of a 
given species should have an identical relationship to palaeo wa-
ter depth, however, this is not robust. Indeed, there is no global 
relationship between coral species and bathymetry (Perrin et al., 
1995), instead, it depends on local irradiance levels (affected by 
turbidity and nutrient levels), nutrient availability, temperature 
and hydrodynamic conditions (Hibbert et al., 2016). As mentioned 
above, NOG and HYD are dominated by estuarine and lagoonal en-
vironments, this difference may induce significantly different coral 
reef accretion environments, which could explain part of the ob-
served RSL difference between NOG and HYD (Hinestrosa et al., 
2016).

Thirdly, the simple sediment model adopted in this study may 
not adequately represent sediment evolution across the GBR, es-
pecially the terrigenous sediment transport and depositional pro-
cesses. Although the impact of shoreline migration is considered, 
we do not account for landscape and fluvial evolution driven by 
extrinsic forcings and sea-level variation or the sediment infill of 
some large palaeo river channels (Ryan et al., 2007), and instead 
we make the simple assumption that fluvial sediment is deposited 
(with an overall uniform rate) at the nearest concurrent shore-
line position. These factors may misrepresent the spatio-temporal 
distribution of siliciclastic sediment. For example, our siliciclastic 
modelling results are similar to a classical reciprocal sedimenta-
tion concept, which may not fit well with the deglacial sediment 
accumulation rate inferred from sediment cores from Queensland 
Trough (Dunbar et al., 2000). Additionally, we do not consider the 
effect of wave processes on siliciclastic sedimentation, which can 
induce erosional and depositional phases near NOG and HYD (see 
Figure 4 of Salles et al., 2018).

Lastly, we note acknowledge that the relatively coarse resolu-
tion of the sediment SIA model used in this study may cannot be 
able to fully resolve coral reef structure (Fig. 7), which is often 
characterised by narrow and isolated strips with <1 km coverage 

(Hinestrosa et al., 2016). This caveat and this may lead to struc-
tural bias in the resulting SIA signal. Rovere et al. (2022, preprint)
provide a direct comparison of the SIA signals estimated by SIA 
models with 1 km and 40 km resolution (see their Figure 4b and 
4f). Their results indicate although both SIA models produce a long 
wavelength SIA signal, the low-resolution SIA model would sys-
tematically underpredict SIA signal, especially in regions with non-
continuous sediment load. Therefore, this potential for our model 
to underestimate the local SIA signal may further explain some 
of the RSL difference between NOG and HYD. Considering all of 
the factors discussed here, we conclude that it is possible for the 
SIA process to partially explain the observed spatial variability in 
RSL between NOG and HYD. However, to better understand this 
RSL variability, further investigation is required of the missing pro-
cesses mentioned above.

4.2. SIA impact on ice volume estimate

Using far-field sea-level data to constrain past grounded ice vol-
ume and infer past ice sheet dynamics is an important tool in 
palaeoclimate studies (e.g., Lambeck et al., 2014). However, most 
studies do not consider the SIA signal, despite previous studies 
suggesting it can alter local RSL by >100 m since the Last Inter-
glacial (Pico, 2020). Because SIA-induced RSL change is not associ-
ated with ice-water exchange, neglecting its effect will systemati-
cally bias inferences of global grounded ice volume. For the GBR, 
we find that SIA can cause up to 1.1 m RSL rise since MIS 2, which 
is equivalent to overestimating the volume of ice melt by ∼4.3 ×
105 km3 under the common assumption that ice-water exchange is 
the only cause of post-glacial sea-level change. This demonstrates 
that caution is needed when estimating global ice volume from 
SLIPs collected from margins characterised by high sediment input 
across large spatial areas (hundreds of kilometres, e.g., Argentine 
Shelf).

Based on the results of this study, we find that it is neces-
sary to incorporate the SIA signal when determining global ice 
volume during the LGM, which is an outstanding problem in pa-
leoclimate studies (Simms et al., 2019). Currently, there are five 
locations that have yielded RSL records for the LGM, specifically, 
NOG, HYD, Bonaparte Gulf, Sunda Shelf and Barbados. All of these 
locations are potentially impacted by sediment loading during the 
last deglaciation. In particular, cores from NOG, HYD and Barba-
dos were collected from large coral reef frameworks near estuaries 
(Woodroffe and Webster, 2014) which are likely to have been af-
fected by RSL rise due to reef and siliciclastic sediment loading. 
Although distant from large coral reef systems, Bonaparte Gulf and 
Sunda Shelf are located near major river mouths (Pico, 2020), and 
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they may record some SIA signals caused by siliciclastic sediment 
deposition. In all cases, incorporating the SIA process will reduce 
the subsequent global grounded ice volume estimate, which will 
help to mitigate the current disagreement between the magnitude 
of post-LGM GMSL rise recorded by RSL indicators and the esti-
mated amount of ice melt (Simms et al., 2019).

5. Conclusions

In this study, we develop a systematic RSL-driven framework to 
reconstruct a sediment deposition history for the world’s largest 
carbonate-siliciclastic sediment system, the GBR. Using a Bayesian-
style technique, we calibrate the sediment history along with SIA-
and GIA-induced RSL change using SLIPs from the GBR region. 
Based on our results, we highlight these key findings:

1. From MIS 2 to present, 1853.7 Gt (1613.1-2078.7 Gt) of sed-
iment were deposited along the GBR consisting of 1319.7 Gt 
(1007.5-1563.8 Gt) of carbonate sediment, which mostly ac-
creted between the late Pleistocene and mid Holocene, and 
534.0 Gt (410.5-659.1 Gt) of terrigenous siliciclastic sediment.

2. There is a strong north-south gradient in the reconstructed 
sediment loading, with ∼75% of the sediment predicted to 
have been deposited in the southern-central and southern 
GBR. This latitudinal distinction is consistent with indepen-
dent seismic stratigraphy analysis (Hinestrosa et al., 2014), 
continental shelf physiography (Hinestrosa et al., 2016) and 
sea-level observations (Yokoyama et al., 2018; Webster et al., 
2018).

3. For the GBR, SIA can contribute up to 1.1 m of RSL rise dur-
ing the last deglaciation. Neglecting its contribution to RSL will 
lead to an ∼4.3 × 105 km3 overestimate of global grounded 
ice volume during the LGM. To accurately infer global ice vol-
ume from far-field SLIPs, we suggest a systematic assessment 
of the potential SIA signal is required, especially for SLIP loca-
tions near large sediment systems.
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1.  Introduction
During Quaternary glacial cycles, water-mass redistribution related to the waxing and waning of ice sheets altered 
global mean sea-level by as much as ∼130 m. The spatially variable response of the solid Earth, oceans and global 
gravitational field to that change in water mass is known as glacial isostatic adjustment (GIA), a process which 
causes local relative sea level (RSL; distance between the sea surface and the solid Earth) to differ substantially 
from global mean sea level. GIA models that describe RSL change (Farrell & Clark, 1976; Whitehouse, 2018) 
have been widely used to investigate past (Lambeck et al., 2014; Lin et al., 2021), present (Frederikse et al., 2020; 
Hay et  al.,  2015) and future (Caron et  al.,  2018; Love et  al.,  2016) sea-level change problems. Within GIA 
modeling, a key parametric uncertainty relates to poorly constrained ice histories, which not only reduces our 
confidence in understanding past sea-level change but also limits our ability to robustly project future sea-level 
variation due to the ongoing GIA effects associated with past glacial cycles.

A commonly used approach to reduce ice history uncertainty involves performing data-model comparisons with 
geological data that relate to ice-sheet history: either directly for example, geomorphological evidence of past 
glaciation, or indirectly such as RSL records. Due to the sparse and noisy nature of geological records, a range of 
plausible ice-sheet histories may be compatible with the observations, and a robust study often requires testing a 
large number of these to explore what can be and cannot be constrained (Briggs et al., 2014; Tarasov et al., 2012). 
However, it is computationally expensive to solve the complex physical equations required to perform data-model 
comparison. An effective way to mitigate this difficulty is to build a statistical model that mimics the behavior of 

Abstract  Glacial isostatic adjustment (GIA) modeling is not only useful for understanding past relative 
sea-level change but also for projecting future sea-level change due to ongoing land deformation. However, 
GIA model predictions are subject to a range of uncertainties, most notably due to uncertainty in the input ice 
history. An effective way to reduce this uncertainty is to perform data-model comparisons over a large ensemble 
of possible ice histories, but this is often impossible due to computational limitations. Here we address this 
problem by building a deep-learning-based GIA emulator that can mimic the behavior of a physics-based GIA 
model while being computationally cheap to evaluate. Assuming a single 1-D Earth rheology, our emulator 
shows 0.54 m mean absolute error on 150 out-of-sample testing data with <0.5 s emulation time. Using this 
emulator, two illustrative applications related to the calculation of barystatic sea level are provided for use by 
the sea-level community.

Plain Language Summary  Piecing together the history of ice sheet change during past glacial 
cycles is not only important for understanding past sea-level change but also for predicting how ongoing glacial 
rebound contributes to future sea-level change. Traditionally, a physics-based “sea-level model” is used to 
predict the sea-level change associated with a particular reconstruction of past ice sheet change and compare 
the results with geological records of past sea level. However, a fundamental limitation of this approach is 
the need to compute sea-level change for a large number of plausible ice histories, which is often prohibited 
by the computational resources required to repeatedly solve the complex physical equations. In this paper, we 
describe a machine-learning-based statistical model that can mimic the behavior of a physics-based sea-level 
model. This statistical model is computationally cheap and we demonstrate that it is able to accurately predict 
global sea-level change for a suite of 150 “unseen” ice histories. Our statistical model predicts sea-level change 
100–1,000 times faster than a physics-based model, making it an ideal tool for investigating and improving our 
understanding of global ice sheet change.
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the physics-based simulator but is computationally cheap to run (Reichstein et al., 2019). Rather than solving the 
physical equations exactly, these “statistical emulators” learn how the system behaves based on a (comparatively) 
small set of examples, and use this to predict what the simulation would output in other scenarios.

The concept of emulation (also known as “surrogate modeling”) is not particularly new (Sacks et al., 1989), but 
recent advances in machine learning have greatly expanded its scope and application (Reichstein et al., 2019). 
Recent studies have built statistical emulators to quantify the impact of basal melt on dynamic ice-sheet model 
behavior (Berdahl et al., 2021) and to investigate how different CO2 emission scenarios affect ice-sheet model esti-
mates for future sea-level rise (Edwards et al., 2021). For sea-level research, although Tarasov and Peltier (2005) 
and Tarasov et al. (2012) created a neural-network-based emulator that can predict RSL chronologies based on 
a set of glacial systems model parameters, there is currently no end-to-end GIA emulator that can predict global 
RSL variation history based on arbitrary ice models. In this study, we document a proof-of-concept attempt to 
build an end-to-end Graph neural network based EmulatOR for GIA (GEORGIA) that can be used to rigorously 
explore global ice history uncertainty.

2.  Methodology
Our goal is to build a statistical emulator that can predict global RSL variation based on a given global ice history 
from 25 ka BP to present. This can be treated as a supervised regression problem that maps the statistical rela-
tionship between input and output based on example input-output pairs generated by a physics-based GIA model. 
Below, we describe the example data generation, data pre-processing, and the methods used to build and validate 
our emulator.

2.1.  Training Data

To provide example input-output pairs for training our emulator, we use a physics-based GIA model to calcu-
late global RSL variation based on a collection of ice sheet reconstructions. The physical model we use is a 
gravitationally self-consistent GIA model that accounts for shoreline migration and Earth rotational feedback 
(Kendall et al., 2005; Milne & Mitrovica, 1996; Mitrovica et al., 2005). The solid Earth is represented by a spher-
ically symmetric Maxwell body consisting of an elastic lithosphere, and an upper and lower mantle extending 
to 670 km, and from 670 km to the core-mantle boundary, respectively. The GIA model calculates RSL change, 
caused by land deformation and the geoid response to ice-water mass redistribution, by solving the sea-level 
equation (Mitrovica et  al.,  2005) using a spherical harmonic truncation of degree and order 256. The elastic 
and density structure of the Earth model is derived from the preliminary reference Earth model (Dziewonski & 
Anderson, 1981). Because the major focus of this study is to thoroughly sample ice history uncertainty, we do 
not incorporate Earth model parameter variation within the input data for our emulator. Instead, we adopt one 
specific Earth rheology that has a lithospheric thickness of 71 km and an upper and lower mantle viscosity of 0.3 
and 70 × 10 20 Pa s respectively (the “low-viscosity” Earth model scenario from Lambeck et al. (2014)).

One key task when building a GIA emulator is to generate a training database which evenly covers a wide range 
of possible deglaciation trajectories. We achieve this by collecting a wide range of ice history models for four 
different regions: North America (including Greenland), Eurasia, Antarctica, and all other regions with mountain 
glaciers (including Patagonia), and sampling the spatio-temporal variability between different reconstructions. 
In total, we use four global ice models that predict ice-sheet evolution in the four regions (Gowan et al., 2021; 
Lambeck et al., 2014; Peltier, 2004; Peltier et al., 2015), along with four North American (Gowan et al., 2016; 
Han et al., 2021; Roy & Peltier, 2018; Tarasov & Peltier, 2003; Tarasov et al., 2012), four Eurasian (Abe-Ouchi 
et al., 2013; Clark et al., 2021; Han et al., 2021; Patton et al., 2016, 2017; Tarasov et al., 2014) and three Antarctic 
(Argus et al., 2014; Briggs et al., 2014; Whitehouse, Bentley, & Le Brocq, 2012; Whitehouse, Bentley, Milne, 
et al., 2012) ice models. Because these ice models are reconstructed based on different principles (e.g., thermo-
mechanical ice modeling, GIA modeling, and the interpolation of glacial geomorphological data), they provide 
good coverage of possible ice-sheet deglaciation uncertainty. Detailed information about each ice model is given 
in Table S1 of the Supporting Information S1. We resample all the ice sheet reconstructions into a standardized 
format with 26 time slices (from 25 to 0 ka at 1 ka intervals) and spatial coverage corresponding to 256° spherical 
harmonic truncation, using linear interpolation as necessary. Because a GIA model is forced by ice thickness 
change rather than total ice thickness, we express all ice models in terms of ice thickness relative to present.

Visualization: Yucheng Lin
Writing – original draft: Yucheng Lin
Writing – review & editing: Pippa L. 
Whitehouse, Andrew P. Valentine, Sarah 
A. Woodroffe

 19448007, 2023, 18, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023G

L
103672 by R

utgers U
niversity L

ibraries, W
iley O

nline L
ibrary on [25/09/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Geophysical Research Letters

LIN ET AL.

10.1029/2023GL103672

3 of 11

Using these standardized ice sheet reconstructions as building blocks, we generate a suite of randomized, 
synthetic ice histories that span the range of plausibility. We employ two main methods to systematically sample 
the spatio-temporal variability across different reconstructions: random combination and weighted principal 
component analysis (wPCA). The random combination method samples the variability within the range bounded 
by previous reconstructions (Figure 1a), while the wPCA approach samples out-of-boundary variability, with two 

Figure 1.  Illustration of the methods used to generate random synthetic ice histories from previous ice sheet reconstructions. 
(a) Random combination method, which consists of three randomized sampling procedures that reflect temporal (random 
selection and sliding) and spatial uncertainty (random selection and combination) in the underlying ice sheet reconstructions. 
(b) Weighted Principal Component Analysis method, which is implemented by calculating the mean ice sheet morphology 
and principal components of all time slices. From these, random ice sheet morphologies are generated via linear combination 
of the randomized principal components using two different temporal treatments of the random factor xi(t), which is 
illustrated by the equation with an asterisk. A detailed description of this equation can be found in Text S2 of the Supporting 
Information S1. The resulting synthetic random ice histories are shown in the bottom panel. All examples shown here are for 
the North American Ice Sheet, but the same approach was used to sample the Antarctic and Eurasian Ice Sheets, as well as 
mountain glaciers, to create a synthetic global ice history.
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different strategies employed to account for long-term (e.g., grounded ice volume at the Last Glacial Maximum, 
Simms et al., 2019) and short-term (e.g., Meltwater Pulse 1A; Deschamps et al., 2012; Lin et al., 2021) temporal 
variability (Figure 1b). We provide a brief summary of these approaches here, with a detailed description given 
in Texts S1 and S2 of the Supporting Information S1. The random combination method creates 500 synthetic ice 
histories by linearly combining different ice models into a new model. We randomly select 2–6 ice models for 
each region (i.e., random selection in Figure 1), and randomly translate each in time (younger or older) in order to 
sample the temporal uncertainty. The new ice model is calculated to be the weighted average of the selected ice 
models, with the details determined using a set of random weighting factors. The second approach uses wPCA 
to extract important ice morphological patterns (i.e., principal components; PCs) from different ice models. A 
weighting scheme is applied to account for the spherical geometry of the Earth, which means that grid cells at 
different latitudes cover different areas. Using the extracted PCs, 1,000 synthetic ice histories (500 for each strat-
egy to temporal uncertainty) are generated by adding a random linear combination of the PCs to the mean ice 
history (Figure 1b; details in Text S2 of the Supporting Information S1).

After obtaining 1,500 synthetic ice histories for each region, we create global ice models by randomly selecting 
ice models for each region, with the result that one global ice model may contain regional ice histories generated 
by several different statistical methods. In total, we create 1,500 synthetic global ice histories. For each we then 
simulate global RSL history from 25 ka to present, as described above. Because we express the input in terms of 
ice thickness relative to present, the modern ice thickness layer is a spatially uniform layer with all zero values, 
which contains no information. Therefore, we replace this layer with modern topography, which is important for 
calculating the continental levering and ocean siphoning processes (Mitrovica & Milne, 2002). Before being used 
to train a GIA emulator, we normalize all input and output data to ensure zero mean and unit standard deviation 
(more information in Text S3 of the Supporting Information S1). The 1,500 normalized input-output pairs are 
divided into training (80%), validation (10%) and testing (10%) sets.

2.2.  Statistical Emulator

Using this training set, we now wish to build an emulator that can map ice history into RSL change. This is a 
typical machine learning problem, for which a convolutional neural network is commonly used. However, classi-
cal convolutional neural network algorithms are designed to perform convolution and pooling operations within 
Euclidean space, which is not appropriate when representing geographical data such as ice or RSL history on a 
spherical Earth. Therefore, we use a graph-based spherical convolutional neural network (SCNN) algorithm that 
correctly implements convolution and pooling operations on data within a spherical manifold. We employ a Hier-
archical Equal Area isoLatitude Pixelization (Healpix) scheme to build this spherical manifold, which produces 
a subdivision of a spherical surface where every pixel covers the same surface area (Gorski et al., 2005). This 
is  an ideal property for emulating GIA processes because it ensures that input ice thickness is proportional to the 
ice load applied to each grid cell. Furthermore, the SCNN algorithms used in this study use a graph filter that 
extracts information from nearby grid cells in a way that only depends on the distance between the grid centers, 
not on the direction. This ensures that information is rotationally equivariant. In other words, rotating the input 
ice history will result in an equivariant output RSL prediction. Rotational equivariance is desirable because it 
can significantly reduce the data sampling complexity. Underpinning these SCNN algorithms is a 3-layer U-Net 
(Ronneberger et al., 2015), a neural network architecture that is widely used in regression and image segmenta-
tion problems (Lai et al., 2020; Yao et al., 2018)—see Text S4 in Supporting Information S1 for more details. For 
this study, we adopt the SCNN algorithms from the DeepSphere package (Defferrard et al., 2019, 2020), which 
has been successfully used in cosmological and weather prediction applications (Perraudin et al., 2019).

The emulator structure is governed by various hyperparameters, whose values influence the final emulation 
performance. Here we provide information on some key hyperparameters used in this study; a full list of the 
hyperparameters along with selection criteria are given in Text S5 of the Supporting Information S1. A hyperpa-
rameter that should be noted is the Healpix sampling resolution. To achieve relatively fast emulation, we use a 16° 
Healpix sampling resolution (n = 3,072), corresponding to ∼3.66° spatial coverage. All standardized input and 
output fields are interpolated onto 16° Healpix grids. Another essential hyperparameter for SCNNs is graph filter 
size, which determines the number of nearest-neighborhoods included in each convolution process (i.e., spatial 
scale length). This is important for GIA problems because the solid Earth deformation signal tends to be long 
wavelength. For example, the peripheral bulge formed in response to loading of the North American Ice Sheet 
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can extend over 3,000 km, to places like Barbados. In this study, we use a graph filter size of 60, corresponding 
to ∼1,780 km radius.

We use a mean square error (MSE) loss function to quantify the misfit between predictions and observations and 
iteratively update model parameters by backpropagation (Goodfellow et al., 2016). Because the MSE loss func-
tion focuses on the misfit of each single grid point, we include two extra metrics to assess the overall quality of 
the emulation results: peak signal-to-noise ratio (PSNR, Korhonen & You, 2012) and structural similarity index 
measure (SSIM, Brunet et al., 2011). Both of these metrics are widely used to measure the quality of image and 
video compression (Huynh-Thu & Ghanbari, 2008; Wang & Bovik, 2009), with formal definitions given in Text 
S6 of the Supporting Information S1. A high PSNR value indicates low noise level, and vice versa, while the 
SSIM provides a similarity metric between 0 and 1 where a higher value indicates better emulation quality. Note 
that the SSIM is not directly correlated with either MSE or PSNR, and so can provide an independent assessment 
of output quality (Hore & Ziou, 2010). We also evaluate model performance by calculating the mean absolute 
error (MAE). This metric is arguably more directly interpretable than the root-mean-square error, which was 
used during emulator training for its mathematical convenience. To produce predictive uncertainty estimates, we 
adopt an ensemble learning approach, which is proved to be an efficient tool for estimating neural network based 
emulator uncertainty (Lakshminarayanan et al., 2017). The approach involves training an ensemble of 30 alterna-
tive SCNNs. The SCNNs all have the same model structure but they are initialized using different model weights 
and they use different training examples. The 1,200 training examples are constructed by randomly sampling our 
training and validation sets (the testing set remains unseen for all SCNNs). The variance between the 30 SCNNs 
represents GEORGIA's predictive uncertainty.

Finally, to assess the value of the SCNN model, and explore whether it is able to capture significant internal 
relationships between inputs and outputs, we also create a basic kernel model. When given previously unseen 
inputs, this model simply finds the five most similar inputs from within the training set, and averages their known 
outputs. The misfit of this approach serves as a baseline for assessing the performance of the SCNN-based 
emulator.

3.  Results and Discussions
3.1.  Emulator Performance

Using the trained SCNN-based emulator, which will be referred to as GEORGIA, we predict RSL variation 
results for 150 unseen testing examples. GEORGIA out-performs the kernel-based method on all evaluation 
metrics. Specifically, GEORGIA achieves an order of magnitude lower MSE (0.946 vs. 29.53 m 2) and MAE 
(0.54 vs. 5.84 m) along with distinctly higher PSNR (61.11 vs. 46.18) and SSIM (0.9995 vs. 0.9864) values. 
This indicates that the SCNN-based algorithm is able to capture the complex correlation between ice history 
and GIA-induced RSL history better than the baseline approach of finding similar training set pairs. The low 
MSE and MAE values, and the high PSNR and SSIM values, suggest a high-level of similarity between the RSL 
predictions generated by the emulator and the physical-based model. The 0.54 m MAE emulation error is also 
smaller than 87.8% of the 2σ RSL reconstruction uncertainties in a comprehensive sea-level database (Hibbert 
et al., 2018), suggesting a sufficient emulation accuracy.

The spatial and temporal distributions of emulation error between the physical and statistical models are show 
in Figure 2. The emulation MAE is strongly heterogeneous in space (Figure 2a), with near-field regions showing 
large errors of up to 4 m, while errors in far-field regions (i.e., far from previous ice-sheet margins) are mostly 
below 0.5 m. This spatial heterogeneity reflects the spatial variability in the training set (Figure S1d in Supporting 
Information S1), where near- and far-field RSL standard deviations can reach up to 500 and 25 m, respectively, 
indicating that the average emulation error is 1%–2% of the training variability.

Temporally, emulation MAE is generally higher during the early stages of deglaciation (Figure 2b), when RSL 
is significantly different from present-day values (Figure 2b). Emulation MAE peaks between 20 and 10 ka BP 
due to the rapid unloading of the major ice sheets, and it decreases during the Holocene as global mean sea-level 
gradually approaches modern levels. Figures 2d–2f show physics-based RSL predictions along with the emula-
tion error at three typical near-, intermediate- and far-field sea-level sites. It is clear that although RSL predic-
tions differ significantly between these sites, the temporal distributions of the emulation error follow an identical 
near-stationary trend, with larger emulation error occurring before the Holocene, similar to the global average 
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pattern shown in Figure 2b. Considering this near-stationary and white-noise-like error distribution, we suggest 
that GEORGIA is able to capture the vast majority of correlation between ice history and the global RSL field.

Figure 2c provides an overall comparison between the physics- and statistical-based RSL predictions. It is clear 
that GEORGIA can well approximate the physics-based GIA model with a 0.9998 coefficient of determination 
(R 2) and no systematic error. 95.7% of the emulation results have a MAE of less than 2 m. In far-field regions, 
over 99% of the emulation results have a MAE of <2 m while 95% have a MAE of <1 m.

To assess the performance of GEORGIA's predictive uncertainty estimates, we compare them with emulation 
errors on unseen testing examples (Figure S4 in Supporting Information S1). The 3σ predictive uncertainties 
are mostly larger than the emulation errors with 99% of emulation predictive intervals (i.e., ±3σ) being able to 
encompass 94.5% of ground truth values. GEORGIA's predictive uncertainties also agree well with the temporal 
trend of emulation errors (Figure 2b). These observations suggest our uncertainty estimates are robust. However, 
for some extreme cases (e.g., the 97.5%–99.5% percentile of the emulation error in Figure  2b), GEORGIA's 
predictive uncertainties may slightly underestimate the emulation errors. Therefore, we show the 97.5% percen-
tile of the emulation errors across the 150-member testing set at 9 different time steps (Figure S5 in Supporting 
Information S1) as a conservative estimate on emulation uncertainty, which can reach up to 14/3.5 m in the near/
far field, corresponding to 5%–8% of the training variability.

Although GEORGIA contains ∼33.8 million trainable parameters, it only takes 3.7 s to emulate RSL change 
through the last deglaciation on a Central Processing Unit (Intel® CoreTM i9 14 Core Processor). The computa-
tion time decreases to 0.25 s when using a Graphics Processing Unit (8GB NVIDIA GEFORCE RTX 3070 Ti). 
This is 100–1,000 times faster than the computation time of our physical forward GIA model (see Section 2.1), 

Figure 2.  Emulator performance for the 150-member out-of-sample testing set. (a) Temporally averaged spatial distribution of emulation error, locations here refer 
to typical near-, intermediate- and far-field sites: (So) Southeastern Hudson Bay; (Ba) Barbados and (Se) Seychelles. (b) Mean and confidence intervals of spatially 
averaged temporal variation of the emulation error and predictive uncertainty, where colored areas indicate the emulation error confidence interval and dashed/dotted 
lines denote the upper range of 95/99% confidence interval of predictive uncertainty produced by GEORGIA; CI = confidence interval. (c) 2-D histogram comparing 
the ground truth and emulator predictions. R 2 denotes the coefficient of determination. The subplot shows the cumulative probability of the absolute error. (d–f) RSL 
predictions generated using the physics-based Glacial isostatic adjustment model for the 150-member test set, with emulation errors and time shown on the y and x axes 
in the subplots, at Southeastern Hudson Bay, Barbados and Seychelles, respectively.
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which takes 6 min to run three iterations (necessary to initialize palaeo topography), and where each iteration 
comprises 26 time steps at 256° spherical harmonic resolution. Considering the good emulation accuracy above, 
this emulator allows us to perform 100–1,000 times more simulations within a given computational budget—
potentially making it feasible to employ a range of ensemble-based techniques for parameter estimation and 
uncertainty quantification.

3.2.  GEORGIA Generalizability

A key question for any statistical emulator is generalizability: how does the emulator perform for arbitrary unseen 
inputs? For neural network based emulators, previous studies suggest that although they perform well in interpo-
lation problems (GEORGIA performs well for unseen ice histories that are taken from a similar distribution to 
our training set, see Section 3.1 and further examples in Text S7 of the Supporting Information S1), they cannot 
meaningfully extrapolate non-linear functions (Goodfellow et al., 2016; Xu et al., 2020). In other words, while 
GEORGIA is effective for ice histories that are similar to those in our training set, GEORGIA may produce 
meaningless output if an ice sheet reconstruction has been generated using an approach or philosophy that is 
very different to the approach used to generate the ice history models included in our training set. This drawback 
means that in order to emulate a specific GIA problem, a well-designed training set is a prerequisite. Although 
our training set covers a wide range of possible ice histories by thoroughly sampling the spatio-temporal vari-
ability of previous ice-sheet reconstructions, this cross-reconstruction variability cannot describe the ice thick-
ness uncertainty associated with poor knowledge of ice-sheet dynamical processes (e.g., large uncertainty in ice 
stream areas, Albrecht et al., 2020; Pittard et al., 2022; Tarasov et al., 2012) and ice margin chronology (Dalton 
et al., 2020). Therefore, incorporating more modeling results from physically consistent ice sheet models that are 
constrained by empirical geomorphological evidence will be an important forward step to further improve the 
generalization of GEORGIA.

3.3.  Emulator Applications

Using GEORGIA, global RSL variation from 25 ka BP to present can be rapidly emulated using any ice history 
that is similar to our training set. Because our training set provides good coverage of possible deglaciation scenar-
ios identified in previous studies, GEORGIA can be used as a substitute for a physics-based GIA model in many 
applications. Additionally, benefitting from a modern machine learning framework, GEORGIA can be used by 
other researchers with minimum requirements for programming experience or computational resources. Here, 
we provide two example GEORGIA applications, namely; (a) calculating the ice-sheet contribution to global 
Barystatic sea level (BSL); and (b) mapping BSL in space and time.

3.3.1.  Barystatic Sea Level Calculator

BSL describes the uniform shift of the global ocean surface due to ice-ocean mass exchange in the absence 
of gravitational effects and Earth deformation. It is a direct measure of global grounded ice volume change 
through time, and hence it is important for calibrating isotopic proxies and constraining ice-sheet variation history 
(Waelbroeck et al., 2002). However, for palaeo ice-sheet modeling studies, there is no straightforward way to 
calculate the ice-sheet contribution to global BSL without running a GIA model, due to the complexities associ-
ated with changes in global ocean area and topography (which impacts the grounded-floating ice transition). As 
a result, numerous studies (e.g., Gomez et al., 2020; Patton et al., 2017) only present their ice modeling results in 
terms of ice volume or an ice volume equivalent sea-level contribution (i.e., ice volume divided by modern ocean 
area). Based on our physics-based GIA modeling results, this latter approach overestimates the ice sheet contri-
bution to barystatic sea-level at 21 ka BP by 3.34 m (0.8–4.3 m depending on the adopted ice history), which is 
a non-negligible signal to consider.

Using GEORGIA, we provide a global BSL calculator that accounts for shoreline migration and the impact 
of solid Earth deformation on ice flotation (with detailed theory given in Text S8 of the Supporting Infor-
mation S1). To test the accuracy of this GEORGIA-based BSL calculator, we compare its predictions to 150 
examples of deglacial BSL history obtained using the physics-based model (i.e., those comprising the testing 
set). The results show emulation error (MAE) of 0.04 m. Thus, GEORGIA is a suitable tool to rapidly estimate 
the ice-sheet contribution to global BSL change, for example, as predicted by ice dynamic or general circulation 
models.
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3.3.2.  Barystatic Sea Level Map

A barystatic sea-level map identifies locations and times where local RSL 
approximates global BSL. Such sites are targeted by sea-level scientists to 
provide a close constraint on global ice volume. Because of spatially and 
temporally variable GIA-related perturbations to the gravity field and solid 
Earth surface (i.e., the non-barystatic signal), producing a BSL map requires 
robust estimates of the non-barystatic contributions to RSL. The detailed 
theory for calculating a BSL map was described in Milne and Mitrovica (2008) 
where they conclude that ideal locations to reconstruct palaeo BSL are where 
local RSL: (a) is relatively insensitive to plausible ranges in GIA model 
parameters (i.e., global ice history and solid Earth rheology); (b) closely 
approximates the barystatic value. Milne and Mitrovica  (2008) provide a 
series of BSL maps at different time slices, based on GIA modeling results 
that use two ice histories (Bassett et al., 2005; Peltier, 2004), each paired with 
162 plausible sets of Earth parameters. These maps have been used by the 
field community to target locations that approximate BSL during different 
parts of the deglacial period (e.g., Sefton, 2020; Woodroffe et al., 2015).

A major limitation of Milne and Mitrovica (2008) is that they only sample 
two ice models, and hence they are not able to thoroughly quantify the impact 
of ice history uncertainty on the resulting BSL estimates. Because GEOR-
GIA has high computational efficiency while remaining sufficiently accu-
rate for many applications (Section  3.1), it is an ideal tool for testing the 
sensitivity of the BSL map to a large ensemble of ice histories. To produce 
a BSL map that represents ice history uncertainty, we emulate the global 
non-barystatic signal (i.e., RSL—BSL, neglecting any sterodynamic effects) 
for 10,000 randomly generated ice histories using the same methods intro-
duced in Section 2.1. Based on these emulation results, we calculate the prob-
ability that global RSL lies within 3 and 1 m of the barystatic value at 21 and 
6 ka BP respectively (Figure 3).

Because uncertainty in the results of Milne and Mitrovica (2008, see their 
Figures 6 and 7) largely reflects the uncertainty associated with radial mantle 
viscosity structure, combining their results with ours enables us to identify 
regions where, although RSL approximates the global BSL value with mini-
mal sensitivity to the choice of radially varying Earth model, it is sensitive 
to the choice of ice history (e.g., offshore regions near eastern Australian at 
21 ka BP). After excluding such regions, we conclude that the southern Indian 
Ocean and southern Tasman Sea (close to south-western New Zealand) are 
ideal regions to reconstruct global BSL at 21 ka BP because it is highly likely 
that the non-barystatic signal here will be lower than 3 m, and predictions are 
insensitive to the Earth model choice (Milne & Mitrovica, 2008). Although 
there is also a low non-barystatic signal shown in the mid-northern Pacific 
and mid Atlantic regions, these sites are not suitable for reconstructing global 
BSL because RSL is highly sensitive to the choice of Earth rheology (Milne 
& Mitrovica, 2008). For the mid-Holocene, our map shows a broadly simi-
lar pattern to Milne and Mitrovica  (2008), where optimal regions are the 
western and eastern Indian Ocean, the mid-northern Pacific Ocean and the 
mid-southern Atlantic Ocean. Meanwhile, agreeing with the results from 
Milne and Mitrovica (2008), the mid-southern Atlantic is not an ideal region 
for mapping mid-Holocene BSL.

Figure 3.  Barystatic sea-level maps based on 10,000 emulation results. (a) 
Probability that local RSL lies within 3 m of the barystatic value at 21 ka 
BP. (b) Probability that local RSL lies within 1 m of the barystatic value at 
6 ka BP. (c) Temporal variation of the non-barystatic signal at six different 
sea-level sites. Note the confidence intervals shown here only reflect the 
uncertainty associated with combining 10,000 different ice histories with one 
Earth rheology. The non-barystatic signal indicates the difference between 
GIA-induced RSL change and Barystatic sea level without considering any 
sterodynamic effects. The area between the two black dashed lines represents 
the region where the non-barystatic signal is smaller than 3 m. Locations in (a) 
refer to (from west to east): Tahiti (Ta), Barbados (Ba), Seychelles (Se), Sunda 
Shelf (Su), Bonaparte Gulf (Bo) and Huon Peninsula (Hu).
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In Figure 3c, we show the impact of ice history uncertainty on the temporal evolution of the non-barystatic signal 
at six locations that are commonly used in sea-level studies (e.g., Lin et al., 2023; Webster et al., 2018; Woodroffe 
et al., 2015). Our results show that variations in the spatial and temporal distribution of the global ice sheets 
have a major effect on the magnitude of the non-barystatic signal, and a minor effect on the overall trend—the 
latter depends more on the Earth rheology, which we do not vary in this experiment. Regarding the six selected 
sea-level sites, as suggested in Milne and Mitrovica (2008), we confirm that the Seychelles is a particularly good 
site to map global BSL history because it has a low uncertainty, minor non-barystatic signal throughout the last 
deglaciation (Figure 3c). Although the Huon Peninsula is also predicted to have a small non-barystatic signal, and 
the uncertainty associated with ice history is small, this site is highly sensitive to the choice of Earth rheology 
(Milne & Mitrovica, 2008). In general, similar to the findings of Milne and Mitrovica (2008), who investigated 
the impact of the choice of Earth model on the non-barystatic signal, we find that uncertainty associated with 
poor knowledge of global ice history can reach up to 15/6 m at 21/6 ka BP, indicating that ice history uncertainty 
is an essential factor to consider when mapping global BSL history.

3.4.  Future Development

In this study, we demonstrate that SCNNs can emulate RSL for a range of ice histories, assuming one specific 
Earth model. However, Earth rheology is a highly uncertain parameter that can result in hundreds of meters of 
RSL uncertainty in near-field regions and tens of meters in far-field regions. Therefore, an ideal GIA emula-
tor should be able to sample ice history and Earth rheological properties simultaneously. One way to achieve 
this would be to incorporate Earth rheological parameters into the input data or a particular layer of the neural 
network. This would enable solid Earth rheology information to be considered when performing the convolu-
tion operations. While this is conceptually straightforward, it significantly complicates the computational task 
of constructing an emulator: considerably more training data would be required to fully sample the range of 
possibilities, and the relationship between model inputs and outputs would increase in complexity. Further inves-
tigation is required to develop an efficient and effective implementation of this concept, but as GEORGIA is an 
open-sourced model built upon a popular machine learning framework (PyTorch, Paszke et al., 2017), it is easily 
scalable for any further developments.

4.  Conclusions
Using a graph-based SCNN, we document the first attempt to build a statistical GIA emulator (GEORGIA) that 
can approximate global RSL variation history based on a given deglacial ice history. GEORGIA predicts RSL 
history 100–1,000 times faster than a physics-based GIA model, with a MAE of 0.54 m. Due to its low compu-
tation expense, it is a suitable tool for performing large-ensemble investigations of ice history uncertainty. By 
providing example applications of GEORGIA—calculating the ice-sheet contribution to global BSL change and 
creating a BSL change map—we demonstrate that GEORGIA will be a useful tool for improving our understand-
ing of global ice and sea-level variation histories.
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