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Abstract

Much of the Atlantic coast of North America has been sinking for thousands of years, with maximum
rates reaching ~20 cm per century, due to solid earth deformation in response to the deglaciation of the
Laurentide Ice Sheet following the Last Glacial Maximum, between approximately 18,000 and 7,000
years ago. This process, known as glacial isostatic adjustment (GIA), is a dominant driver of vertical
land motion (VLM) and sea-level change in the region. The research presented in this thesis aims to
improve the quantification and understanding of the processes contributing to contemporary and future
VLM and gravity change in eastern North America, in order to enhance projections of mean sea-level
change and nuisance flooding frequency over the coming decades. A key aspect is to determine optimal
GIA model parameters that are consistent with observations of past sea-level change and to better
constrain their associated uncertainties, thereby improving the interpretation of long-term gravity
change and VLM and refining the GIA component of sea-level projections.

In Chapter 2, we constrain the GIA signal and its uncertainty for southeastern Canada and the
northeastern United States using 1,013 paleo relative sea-level (RSL) data points from 38 sites. These
data, comprising 544 sea-level index points, 232 marine limiting data points, and 237 terrestrial limiting
data points, were compared against output from 14,960 simulations that combine a 1D, spherically
symmetric earth model with 34 different North American ice sheet reconstructions. To account for
laterally variable earth structure, the 1D GIA modeling results suggest that the region is best represented
by two subregions that yield significantly improved fits to the RSL data: (1) HUL, near the center and
thickest part of the former Laurentide Ice Sheet, encompassing Hudson Bay, the Ungava Peninsula, and
Labrador; and (2) NSNM, located along the former ice margin, including Newfoundland, the St.
Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts. This subregional
partitioning, inferred from the 1D analysis, was further tested using a 3D finite-volume earth model
incorporating lateral viscosity variations based on two shear-wave tomographic models. A central
component of this research is the estimation of GIA model uncertainty. Three complementary
approaches, including heuristic, nominal Bayesian, and history matching, were used to quantify this
uncertainty.

Building on the results of Chapter 2, Chapter 3 delivers the second component of this thesis by
isolating and interpreting the processes contributing to contemporary VLM across eastern Canada and
the northeastern United States. This chapter evaluates VLM over two timescales, millennial and
decadal, across six subregions in the study region. The analysis integrates GNSS-derived VLM rates
from 88 stations, late-Holocene RSL reconstructions from 18 sites spanning the past 4,000 years (348
sea-level index points), outputs from regionally constrained GIA models, and GRACE-derived mass
change estimates from April 2002 to November 2023. By comparing decadal-scale and millennial-scale
VLM estimates, this methodology enables the identification of departures from long-term GIA-driven
trends and the interpretation of these deviations in terms of non-GIA processes. The results underscore
the dominant role of GIA while also revealing regional contributions from contemporary non-GIA
signals, primarily driven by hydrological mass changes. This chapter presents an uncertainty analysis
of the VLM signal and GRACE-derived total water storage variations.

Extending the analyses from Chapters 2 and 3, Chapter 4 represents the third original component of
this thesis, which aims to evaluate the influence of VLM, particularly its GIA-induced signal, on

iii



regional projections of mean sea-level change and nuisance flooding frequency across eastern Canada
and the northeastern United States. This analysis focuses on 25 tide gauge stations across the region
and provides projections for the years 2050, 2100, and 2150 CE. Projections of regional mean sea-level
changes are developed under three Shared Socioeconomic Pathway (SSP) scenarios, including SSP1-
1.9, SSP3-7.0, and SSP5-8.5, and evaluated across three distinct projection cases: (1) full
Intergovernmental Panel on Climate Change (IPCC) projections including all components of sea-level
change, (2) IPCC projections excluding the VLM signal, and (3) IPCC projections excluding VLM but
incorporating regionally optimized GIA-induced VLM rates with associated model uncertainty bounds.
Projections of nuisance flooding events are based on harmonic analysis that accounts for local nodal
corrections and secular changes in major tidal constituents, while also incorporating projected regional
mean sea-level changes under each SSP scenario and projection case. The results generally indicate that
incorporating VLM (primarily its GIA signal) substantially modifies projections of both regional mean
sea-level change and nuisance flooding frequency, underscoring the critical importance of accounting
for the VLM signal in long-term coastal risk assessments in the study region.
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Glossary

A brief glossary of commonly used terms and acronyms referenced in this thesis is provided below.

Acronym Full term Definition
A geophysical unit that converts GRACE/GRACE-FO gravity
EWT Equivalent Water anomalies into the thickness of a uniform water layer distributed over
Thickness the Earth’s surface. It provides a direct physical measure of changes in
terrestrial water storage, ice sheets, and hydrological systems.
Glacial isostatic adjustment is the process of Earth deformation and
GIA Glacial Isostatic sea-level change in response to changes in ice volume. It involves
Adjustment viscoelastic mantle flow, lithospheric flexure, crustal rebound, and
associated perturbations to the Earth’s gravity field and rotation.
Constellations of satellites (including GPS, GLONASS, Galileo, and
GNSS Global Navigation BeiDou) that provide precise positioning via carrier-phase
Satellite System(s) measurements. In geodesy, GNSS is the primary tool for measuring
long-term vertical land motion at millimeter-per-year precision.
A twin-satellite mission (2002-2017, NASA/DLR) that mapped
Gravity Recovery and Earth’s time-variable gravity field by measuring inter-satellite distance
GRACE VLY i changes to micrometer precision. GRACE resolved secular mass
Climate Experiment . L
change processes including ice sheet mass balance, hydrology, and
GlA-induced gravity change.
Successor mission launched in 2018 by NASA/GFZ, continuing
GRACE-FO GRACE Follow-On GRACE’s t1me-var1able gravity measurements. It 1ntr0d.uced an
advanced Laser Ranging Interferometer to complement microwave
ranging, improving sensitivity to small gravity perturbations.
A UN body established in 1988 to assess climate science. The IPCC
Intergovernmental produces Assessment Reports (ARs), which synthesize global research
IPCC Panel on Climate on climate, sea-level rise, and impacts. Its sea-level projections
Change incorporate process-based and statistical models, and provide
baselines for adaptation planning.
Geological indicators of past sea level that provide one-sided
S . constraints: marine limiting points indicate sea level was above a given
LDP(s) Limiting Data Poin((s) elevation, while terrestrial limiting points indicate sea level was below
a given elevation.
The last glacial maximum is the point in time during the previous
LGM Last Glacial Maximum | glaciation when global ice volume was at its maximum, and occurred
approximately twenty thousand years ago.
Lower Mantle The viscosity in the lower mantle, defined in our model as a constant
LMV . . viscosity layer from 670 km depth to the core-mantle boundary. See
Viscosity i S
Viscosity’.
Lithospheric A key parameter in GIA models, representing the effective elastic
LT osp thickness of the lithosphere, modeled as a high-viscosity (~10%* Pas)
Thickness
shell.
Mean Higher High The average height of the higher of the two daily high tides observed
MHHW .
Water over a tidal epoch (20 years).
Mean Lower Low The average height of the lower of the two daily low tides over a tidal
MLLW epoch. Used with MHHW to calculate tidal range in nuisance flooding

Water

threshold estimation.
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MSL

NF

RSL

SHC(s)

SLIP(s)

SSP

TWS

UMV

Viscosity

VLM

Mean Sea Level

Nuisance Flooding

Relative Sea Level

Spherical Harmonic
Coefficient(s)

Sea-Level Index
Point(s)

Shared Socioeconomic
Pathway

Total Water Storage

Upper Mantle
Viscosity

Vertical Land Motion

The long-term average sea surface height relative to the land,
incorporating both absolute ocean height changes (thermal expansion,
ice melt, steric effects) and VLM.

Also called minor or high-tide flooding. Refers to recurrent, non-storm
flooding caused by high tides exceeding locally defined thresholds.
Chronic nuisance flooding is defined as >50 days per year and
represents significant socio-economic impacts.

Relative sea level is sea level at some time in the past with respect to
present-day sea level. RSL reflects the combined influence of absolute
sea-surface change and VLM.

Spherical harmonic coefficients are mathematical parameters that
represent Earth’s gravity field in terms of a spherical harmonic
expansion. In the context of GRACE and GRACE-FO, SHCs are
derived from inter-satellite ranging measurements and provide
estimates of the mean gravity field over a given time span. These
coefficients capture the full combined signal of land hydrology,
cryospheric mass changes (ice sheets and glaciers), and solid Earth
processes, including GIA.

Geological indicators with well-constrained age and elevation,
providing direct reconstructions of past relative sea level. SLIPs are
the most robust paleo RSL data for GIA calibration.

A set of socio-economic and emission scenarios (e.g., SSP1-1.9,
SSP3-7.0, SSP5-8.5) adopted by the IPCC AR6. SSPs provide forcing
pathways for global and regional sea-level projections.

The sum of all terrestrial water reservoirs, including groundwater, soil
moisture, snow, surface water, glaciers, and water stored in biomass,
estimated using GRACE/GRACE-FO observations.

The viscosity in the upper mantle, defined in our model as a constant
viscosity layer from the base of the lithosphere to a depth of 670 km.
See ‘Viscosity’.

Viscosity is a scalar quantity that relates stress and strain rate, and is a
key model parameter. It controls the viscoelastic response of Earth’s
mantle in GIA models and is expressed in Pas.

Vertical displacement of the Earth’s solid surface resulting from GIA,
tectonics, sediment compaction, groundwater extraction, and
anthropogenic loading, as estimated in this thesis using GNSS, paleo—
sea-level reconstructions, and GIA models.
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Introduction

1.1. General overview, motivation, and aims

Sea-level rise is one of the most pressing environmental issues of the 21 century, largely driven by
the ongoing effects of anthropogenic climate change. Coastal areas are especially at risk as urban
development expands into low-lying regions, increasing exposure to flooding, erosion, and storm
surges. In addition to damaging infrastructure, rising sea levels contribute to saltwater intrusion, loss of
freshwater resources, degradation of ecosystems, and growing public health risks (Wong et al., 2014).
These impacts have far-reaching socio-economic consequences, particularly for vulnerable
communities. To plan effective adaptation strategies, decision-makers need accurate projections of sea-
level change that account for processes operating on a range of spatial scales, such as ocean dynamics,
contemporary vertical land motion (VLM), and glacial isostatic adjustment (GIA) (Spanger-Siegfried
et al., 2014; Sweet et al., 2014; Sweet & Park, 2014; Woodworth et al., 2011).

Accurately projecting regional to local sea-level change is challenging because many physical
processes interact across various spatial and temporal scales (Milne et al., 2009). Although global mean
sea level (GMSL) has been rising at about 3 mm per year in recent decades (Watson et al., 2015), the
Intergovernmental Panel on Climate Change (IPCC) projects that this rate could surpass 8 mm per year
by the end of the century (Church et al., 2013; Oppenheimer et al., 2019). However, this global average
hides large regional and local differences. In some areas, sea-level rise is made worse by land
subsidence, while in other places, it is reduced due to land uplift (e.g., Love et al., 2016). As a result,
both vertical changes in the sea surface and VLM in coastal regions must be considered.

One of the most important long-term processes influencing VLM and regional sea-level change is
GIA. This process refers to the Earth’s ongoing response to the melting of continental ice sheets
following the Last Glacial Maximum (LGM) around 21,000 years ago (Lambeck et al., 2014). As vast
ice sheets such as the Laurentide and Fennoscandian began to melt, mass redistribution caused the
previously depressed land to rebound, while peripheral areas experienced subsidence. This dynamic
process, involving solid earth deformation and changes in the Earth’s gravity field, continues to
influence sea levels today (e.g., Spada, 2017; Williams et al., 2024).

In previously glaciated regions such as eastern Canada and the northeastern United States, GIA is
an important signal in tide gauge and GNSS (Global Navigation Satellite Systems) records of,
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respectively, sea-level change and VLM. For example, ongoing uplift exceeding 10 mm/yr is still
observed near the center of the former Laurentide ice sheet, especially around Hudson Bay (Sella et al.,
2007). Conversely, in areas peripheral to the ice sheets such as the Atlantic coast of North America,
GIA-induced land subsidence contributes to enhanced rates of relative sea-level (RSL) rise. Some areas
along the Atlantic coast have been sinking at rates up to 20 cm per century (Love et al., 2016; Spada,
2017), thereby amplifying the impacts of global sea-level rise on these vulnerable regions.

Recent studies have drawn attention to another growing concern: the increasing frequency of minor
but recurrent high-water events known as "nuisance flooding" (Moftakhari et al., 2015; Sweet et al.,
2014; ten Veldhuis et al., 2010). As sea levels slowly rise, the increased frequency of nuisance flooding
can be considered as a "wake-up call" for areas that will be most affected by sea-level rise in the future.
Although these events may not cause the catastrophic damage associated with extreme events (e.g.,
hurricanes), their cumulative effects can severely degrade infrastructure, salinize groundwater, and
threaten public health. While this phenomenon has been well documented in parts of the United States,
notably along the Atlantic and Gulf Coasts (Karegar et al., 2017; Moftakhari et al., 2015), the extent to
which nuisance flooding is affecting or will affect coastal communities in eastern Canada remains
poorly studied.

The Atlantic Provinces of Canada, including Newfoundland, New Brunswick, and Nova Scotia, have
been identified as high-risk regions for future coastal flooding, partly due to GIA-induced land
subsidence (Greenan et al., 2019). However, other factors such as groundwater extraction, dam
construction, and regional hydrological cycles may also contribute to VLM in this region. For instance,
deviations from GIA-predicted subsidence rates have been observed in areas near the U.S.-Canada
border (between Maine and New Hampshire), with contemporary GNSS data revealing uplift trends
that contradict geological and GIA-induced estimates (Karegar et al., 2017). One possible explanation
involves the James Bay Hydroelectric Project in Quebec, which has altered regional water mass
distribution since the 1980s. In this scenario, the accumulation of excess water mass due to damming
would cause land subsidence within the impounded region, while surrounding peripheral areas may
experience uplift (Reager et al., 2016; Wang et al., 2013). If this hypothesis holds true, it has important
implications for understanding VLM and sea-level change across Hudson Bay, the St. Lawrence estuary,
and the Atlantic Provinces.

Given the critical need for improved sea-level projections at regional scales and the particular
vulnerability of eastern Canada to sea-level-related hazards, the primary goal of the research presented
in this thesis is to better constrain and understand the processes contributing to contemporary and future
VLM in southeastern Canada and the northeastern United States. This aim is timely given that eastern
Canada is experiencing a recent acceleration in sea-level rise due to changes in ocean dynamics (Ezer
& Atkinson, 2014) and increasing ice-mass loss (IMBIE team, 2018). In addition, studies analyzing
both global and regional sea-level records have found large-scale changes in the long-term trends of
diurnal and semidiurnal constituents of tidal high water (Schindelegger et al., 2018), which could
potentially affect the frequency of nuisance flooding in eastern Canada. The combination of these
factors places this region at increasing risk from both nuisance and storm surge flooding.

To achieve the aim described above, the research presented in this thesis was partitioned into three
components. First, it develops refined estimates of GIA model parameter sets that are consistent with
observations of past sea-level change in eastern Canada and better constrains the associated model
uncertainties. Improving GIA models for this region is essential for quantifying the GIA component of
sea-level projections, which is a significant contributor in eastern Canada (Love et al., 2016). Second,
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the model output is applied to interpret GNSS observations of VLM and to identify potential
discrepancies between paleo and contemporary VLM rates, as well as to more accurately isolate the
regional hydrological mass change signal inferred from GRACE (Gravity Recovery and Climate
Experiment) measurements that contribute to land surface displacement and reveal the presence of
significant non-GIA signals. Third, the results from the first two components are used to quantify the
importance of the VLM signal, specifically its GIA component, for projections of mean sea-level change
and nuisance flooding frequency, and to enable more accurate quantification of uncertainties in these
projections.

This chapter begins with a general overview of GIA, including its physical mechanisms, historical
development, and the evolution of GIA modeling frameworks with particular emphasis on the sea-level
equation (Section 1.2). Section 1.3 introduces the observations used in this thesis: paleo RSL
reconstructions (1.3.1) and geodetic observations (GNSS and GRACE) (1.3.2). Section 1.4 explores
past and projected sea-level changes, summarizing the primary contributing processes, the structure of
IPCC projections, and the implications for chronic nuisance flooding. Finally, Section 1.5 outlines the
main contributions of this thesis and provides a roadmap of the chapters that follow.

1.2. General overview of GIA

GIA is the response of the solid Earth and gravity field to changes in continental (grounded) ice.
Since the beginning of the Pleistocene around 3 million years ago, the Northern Hemisphere,
particularly North America and Eurasia, has experienced several glacial cycles, mainly occurring every
40,000 to 100,000 years due to changes in Earth-Sun orbit (Shackleton & Opdyke, 1973). During the
late Quaternary (past ~800,000 years), massive ice sheets like the Laurentide, Cordilleran, and Innuitian
covered much of North America during peak glaciation, with the most recent global LGM occurring
around 21,000 years ago (Lambeck et al., 2014). This buildup of ice caused global sea levels to drop by
about 130 meters. As the climate warmed, the ice rapidly melted within about 10,000 years, returning
the water to the oceans. This redistribution of water mass between continents and oceans led to large-
scale earth deformation, changes in the Earth’s gravity field and rotation, and, consequently, global sea
levels.

Due to the viscoelastic nature of the mantle and lithosphere, deformation continues for many
thousands of years after ice loss. Historically, evidence for GIA has been inferred from morphological
changes such as shoreline migration, which helped early scientists in the 19" and early 20" centuries
develop theories about sea-level change, climate cycles, and earth deformation (e.g., Daly, 1925;
Jamieson, 1865; Nansen, 1921). GIA is a process that provides information on various components of
the earth system: ice-sheet behavior, sea-level evolution, and the structure of Earth’s interior. GIA
modelling involves comparing computer simulations with observations, and misfits between these have
led to new insights and constraints, such as laterally variable earth structure and feedback between ice
dynamics and the solid Earth (Whitehouse, 2018). This has deepened our understanding of both Earth’s
physical properties and climate history.

GIA processes leave measurable signals across various geophysical and geological records, such as
VLM, gravity anomalies, and sea-level changes. Modern measurements such as vertical and horizontal
crustal motion from GNSS, RSL trends from tide gauges, and gravity anomalies detected by satellite
gravimetry (e.g., GRACE), all reflect ongoing deformation but represent only short segments of the
millennial-scale GIA signal. In contrast, paleo RSL data, obtained from geological records, extend

across thousands of years, thereby capturing the long-term viscoelastic response of the solid Earth to
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past ice mass redistribution (Milne & Shennan, 2013). While modern geodetic and gravimetric
measurements are critical for understanding present-day earth surface changes, their interpretation can
be ambiguous (e.g., Yousefi et al., 2020). This ambiguity is greatly reduced when these data are
interpreted alongside longer-term geological reconstructions. The combination of both contemporary
and paleo datasets ensures that GIA models are accurately calibrated and able to simulate both recent
and ancient earth responses to surface loading changes. This integrated approach underpins the
methodological framework of this thesis (Chapter 3 in particular), providing the foundation for
evaluating and refining predictions of VLM and RSL change in this research.

1.2.1. GIA mechanism and modelling

During glaciation, the increasing mass of an ice sheet depresses the underlying crust and mantle,
pushing mantle material outward and forming peripheral uplifted regions known as forebulges (see
Figure 1.1). This redistribution of internal mass alters Earth's gravitational potential field and causes
sea-level variations, as the ocean surface conforms to an equipotential surface, known as the geoid, that
represents constant gravitational potential in the absence of atmospheric and oceanic circulation and
tides. The growth of ice sheets also draws water mass from the oceans onto the continents, resulting in
a surface mass redistribution that further perturbs the gravity field and geoid, independent of earth
deformation. As ice sheets melt during deglaciation, the Earth adjusts toward a new isostatic
equilibrium. This involves uplift in formerly glaciated regions and resultant subsidence in the peripheral
forebulges due to mantle return flow (Figure 1.1). The reversal of solid earth deformation changes the
gravity field and, therefore, topography of the sea surface: the decreasing gravitational attraction of the
retreating ice causes a regional lowering of the geoid. Simultaneously, the addition of meltwater into
the oceans results in a globally uniform rise in sea level known as barystatic sea-level change (e.g.,
Gregory et al., 2019). The overall impact of these mass redistribution processes is a complex and
regionally variable RSL response across the globe (e.g., Clark et al., 1978).

A central component of GIA is the effect of ocean loading, which acts with the ice history to deform
the Earth and induce gravitational and rotational changes. Near continental margins, the ocean loading
causes vertical displacement patterns known as continental levering (Walcott, 1972), where ocean mass
effectively pushes up the adjacent continents while causing subsidence in the ocean basins. This
subsidence around continental margins acts to increase the volumetric capacity of the oceans and is an
important contributor to the process termed ocean syphoning (Mitrovica & Milne, 2002), which affects
global mean RSL through changes in ocean basin volume. Therefore, ocean loading leads to both spatial
variations in the sea-level response and contributes to changes in global mean sea level. Another
important component of GIA involves Earth’s rotational dynamics. Since any rotating object tends to
align its rotation with the axis of maximum moment of inertia, changes in surface water mass
distribution from glacial cycles and the resulting deformational and gravitational response modify the
Earth’s moment of inertia. This leads to a shift in the orientation of the instantaneous spin axis, a
phenomenon known as True Polar Wander (Gross and Vondrak, 1999; Sabadini et al., 1982). These
rotational adjustments further affect the shape and gravity field of the Earth and thus influence sea-level
patterns on a global scale.



Growing ice sheet

Forebulge

!

Sea level falls relative to land

Melting ice sheet
Forebulge

| — Sea level rises relative to land

! |

Figure 1.1. Schematic illustration of glacial isostatic adjustment (GIA). During glaciation (top panel), the load
of an ice sheet depresses the land beneath it while displacing mantle material outward to form a forebulge,

resulting in RSL fall at the forebulge. During deglaciation (bottom panel), land beneath the former ice sheet
rebounds while the forebulge collapses, resulting in RSL rise in formerly glaciated regions and subsidence in
the peripheral areas. Arrows indicate the direction of VLM (figure adapted from Boon et al., 2018).

Figure 1.2 provides an overview of the general model components and workflow required to
simulate the processes described above. This diagram highlights the interconnected roles of surface
loading from ice sheets and oceans, the earth structure and rheology, and the resulting deformation and
geophysical signals (model outputs). The amplitude of the GIA signal observed in paleo RSL records
is primarily controlled by two key factors: the magnitude and distribution of the surface loading from
ice and water, and the rheological properties of the Earth's interior. Consequently, GIA modelling
studies have generally aimed to constrain (1) the history of ice sheet evolution, and (2) the rheological
structure of the Earth (Whitehouse, 2018). Most GIA studies have employed a forward modelling
approach, whereby different combinations of earth rheology and ice history are tested to reproduce
observational data.

The sea-level equation, the solution of which gives the redistribution of water masses in response to
changes in surface loading and the resulting changes in the Earth’s gravity field (Farrell & Clark, 1976;
Mitrovica & Milne, 2003), is a key component of the forward model. This water mass redistribution is
the sea-level response to specified ice and earth model inputs and serves two important roles: (1) itis a
component of the surface load and (2) it is one of the primary GIA observables. Once the sea-level
equation has been solved, a GIA model produces accurate simulations of many observable fields (Figure
1.2) enabling data-model comparisons to identify the model configuration that minimizes the misfit
between model predictions and observations. The optimal parameter sets, representing the best-fitting
ice and earth model input parameters, are determined based on these data-model fits. A common
challenge is the inherent non-uniqueness of the solution; multiple combinations of ice and earth model
input parameters can produce high-quality fits to observations. This ambiguity, combined with
observational uncertainties and the simplifying assumptions inherent in the applied models, can lead to
significant differences in estimates of the earth rheology (mantle viscosity and lithospheric thickness)
and/or deglaciation history. The historical development of GIA modelling, along with the theoretical
formulation of the sea-level equation, is presented in the following section.
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Figure 1.2. Flowchart illustrating the components and workflow of a GIA model. The ice history and earth structure
and rheology serve as primary inputs to the GIA model. Common model outputs (right-hand box) are compared
with observational data to iteratively refine the model inputs. Solid earth deformation and sea-level change also

influence ice sheet evolution, forming a feedback loop that can be addressed in coupled modelling frameworks
(Whitehouse et al., 2018).

1.2.1.1. Evolution of GIA modelling

The evolution of GIA modelling has been shaped by several foundational studies beginning in the
1970s. Pioneering work by Peltier (1974) introduced an impulse response formalism based on a
Maxwell viscoelastic earth structure. In this approach, Green’s functions are computed to characterize
the Earth’s deformational and gravitational response to a delta function surface mass load. The response
to an arbitrary surface load is then obtained by convolving these impulse responses with the full load
history. Independently, Farrell and Clark (1976) developed a method to compute sea-level change in
response to a pre-defined ice loading history and model of earth rheology using an integral equation
framework. Their model assumes a non-rotating Earth with fixed shorelines and a Heaviside-type
loading time history, and applies the Green’s function approach of Peltier (1974). These two studies
form the core of modern GIA modelling frameworks. Subsequent advancements have enhanced these
foundational models by, for example, incorporating more complex processes influencing sea-level
change, refining ice history inputs, considering more complex (3D) earth structure via numerical
modelling (Whitehouse et al., 2018).

A key extension to the original sea level theory is the inclusion of rotational effects. Milne and
Mitrovica (1998) developed a treatment for perturbations in the Earth’s rotation vector induced by GIA.
Other studies have introduced time-varying shorelines, including both direct sea-level impacts and the
consideration of marine ice sheets (Milne & Mitrovica, 1998; Mitrovica & Milne, 2003; Peltier, 1998).
A further refinement to the sea-level equation was proposed by Dalca et al. (2013) to incorporate the
isostatic effects of sediment loading. This extended formulation considers the influence of sediment
mass redistribution on both the solid Earth and the gravitational potential, as well as the displacement
of ocean water in regions of marine sediment accumulation.

A central issue in GIA modelling is defining the Earth’s deformational behaviour. The most widely
used rheology is that of a Maxwell solid, which combines elastic and viscous deformation responses.
Although it is the simplest physically meaningful rheology, alternatives such as the Burgers model are
more complete as it encompasses transient and long-term viscous relaxation (e.g., Ranalli, 1995). Caron
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et al. (2017) applied both Maxwell and Burgers rheologies in an inversion of global RSL records to
determine optimal average earth viscosity profiles. Notably, they found that Burgers models may lack
uniqueness in their solutions. Beyond linear rheologies, laboratory studies suggest that the mantle
exhibits non-linear, power-law behaviour under realistic environmental conditions (Karato & Wu,
1993). While many GIA models assume a spherically symmetric Earth with viscosity varying only with
depth, more advanced studies incorporate lateral variations in viscosity (e.g., Latychev et al., 2005;
Paulson et al., 2005; Wu, 2005). These models are particularly relevant for regions with significant
lateral variability in earth structure, such as Antarctica (van der Wal et al., 2015). In these 3D earth
models, lateral viscosity variations are most often determined from regional or global seismic velocity
models via mineral physics relationships between velocity, density, temperature and viscosity (see
above references for further details).

To constrain the earth and ice parameters in GIA models, different approaches have been used. One
relies on data or parameterizations that are relatively insensitive to one of the model inputs. For
example, postglacial decay time analysis, discussed in Chapter 3, is more sensitive to mantle viscosity
than ice history (Kuchar et al., 2019; Mitrovica et al., 2000) and has been used in constructing widely
used the series of ICE-XG and VM-Y model pairings (e.g., Peltier, 2004; Peltier et al., 2015). Once a
good-fitting viscosity model is determined from the decay time constraints, the ice history is hand-tuned
assuming this viscosity model is accurate in other regions. A second approach involves a joint inversion
for both ice and earth parameters. Through this approach, scaling factors are applied to initial ice and
earth model components to optimize the fit with observations (Caron et al., 2017; Lambeck et al., 2014).
This technique was used to develop the global ANU ice model (Lambeck et al., 2014). In general, the
optimal earth model parameters vary from region to region. A third approach involves the use of
glaciological models to simulate ice sheet evolution based on a specified climate forcing (e.g., Tarasov
et al., 2012). These models typically have a large number of parameters and so this approach is more
computationally intensive. The benefit is that the resulting ice models are consistent with the ice physics
incorporated in the glaciological model.

1.2.1.2. The sea-level equation
The sea-level equation used in modern GIA models describes RSL change ASL(6,1,t) as the
difference between the change in geoid height ASS(8, 4, t) and the variation in the height of the solid
earth surface (ocean floor) AR(6, A, t) written as:
ASL(6,4,t) = ASS(6,A4,t) —AR(6,4,t) (1.1)

where 6 and A are the colatitude and east longitude, respectively, in a spherical coordinate system.

Sea-surface height changes ASS are separated into a spatially varying component (AG) and a
spatially uniform term E (t), giving the extended form of the sea-level equation:

ASL(6,4,t) = (AG(6,4,t) + E()) — AR(6,A,£) (1.2)

The term E (t) represents a time-dependent, spatially uniform shift in sea surface height that ensures
mass conservation between the ice sheets and oceans. It consists of two parts: the barystatic sea-level
change E® (t;) and the ocean syphoning term E®(t;). The barystatic component is defined as:
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where A, is the ocean surface area, p; and py, are the densities of ice and seawater, respectively, 1} is
the change in ice volume, and AI(6’, ', t;) is the change in ice thickness at location (8',1") and time
tj. d represents the spherical surface integration element.

The ocean syphoning component is expressed by spatial averaging over the ocean area:

ES(t;) = ———(AG(8,A,t) = AR(8,4,))o  (1.4)

The deformation-related terms are computed through spatiotemporal convolutions of the surface
load with Green's functions. The vertical displacement of the sea floor AR(6, A, t) is given by:

t ! ! ! ! !
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and the perturbation to the gravitational potential A® (0, A, t) is:
t ’ ! I ! !
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Here, a is the Earth's radius, ¥ is the angular distance between the load point (6',1") and the
observation point (6, 1), and L(6',A’,t") is the surface load at time t’, which is composed of ice (Al)
and ocean (AS) load contributions:

LB, X, t") = pwAS(O', X, t") + p, A6, X, t")  (1.7)

The Green’s functions G Fr and G Fg, which describe the Earth’s response to surface mass loading
in terms of vertical displacement and gravitational potential, respectively, are written for a linear
Maxwell earth rheology as:

GFr(, 1) = M%fo:o(hz (t) + had () By(cosy)  (1.8)
GFo(,t) = ;—iﬁﬁzo(kﬁ(t) +kr8(t) + 8(t)) Pu(cosy)  (1.9)

where Mg is the mass of the Earth, g is surface gravitational acceleration, §(t) is the Dirac delta
function, and P, is the Legendre polynomial of degree n. The Love numbers h,, and k,, characterize the
vertical displacement and gravitational potential perturbation response of the Earth, with superscripts
V and E denoting viscous and elastic components, respectively.

Substituting equations (1.3) through (1.6) into equation (1.2), the generalized sea-level equation
becomes:

ASL(8,4,t) = fff [, L0, 2, ¢ (% — GFr(,t —t))) a? ddt’ - i;—v’vﬂﬂmj do —
1 t ;a1 o~ [GF t—t! , ,
;(ftfffnL(Q,/1,t)(%—GFR(w,t—t))adedt Yo (1.10)
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Using convolution notation (with *), the classical form of the sea-level equation can be compactly
represented as:

ASL(O,A,t) = L+ %52 — [ & GF, — 221 _ L *%—L xGFr)o  (1.11)
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This expression constitutes the traditional sea-level equation introduced by Farrell and Clark (1976).
Because ASL appears on both sides of the equation (through the ocean loading component in L), it is an
implicit formulation and typically requires iterative numerical methods for solution.

1.3. Paleo and contemporary observables

1.3.1. Paleo RSL reconstructions

Paleo RSL datasets are based on a wide variety of indicators to infer past RSL. These indicators are
generally classified as either biological or morphological. Biological indicators include fossils of
organisms, such as corals, mangroves, foraminifera, diatoms, and pollen, that lived within a known
vertical range relative to mean sea level. Morphological indicators consist of coastal landforms shaped
by marine processes, including tidal notches, raised beaches, marine deltas, and shore platforms. When
such indicators are preserved in situ, their elevation is measured relative to a local datum and interpreted
using the concept of indicative meaning, a quantified relationship between the indicator’s elevation
relative to the tidal range at the time it lived or was formed. This approach, illustrated in Figure 1.3,
allows raw observations to be translated into estimates of past mean sea level, which is necessary for
direct comparison to GIA model output (e.g., Khan et al., 2015; Shennan, 2015).
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Figure 1.3. The diagram shows how past mean sea levels are inferred using the concept of indicative meaning.
The indicative range refers to the vertical height within which a sea-level indicator originally formed, while
the indicative meaning is the central height of that range relative to a known tidal datum (e.g., mean high water
spring tide, MHWST). By comparing the position of a fossil indicator to its modern counterpart, the change in
sea level can be estimated (Edwards, 2013).

Paleo RSL constraints fall into two main categories: sea-level index points (SLIPs) and limiting data
points. SLIPs give relatively precise estimates of past sea level, while limiting data points define only
the minimum or maximum possible sea level at a given time. For example, terrestrial limiting data
points indicate sea level was below the elevation of the indicator, whereas marine limiting data points
constrain sea level to have been above the observed elevation (see Figure 1.4). In this research, two
regional RSL data compilations are utilized to constrain the regional GIA signal. These compilations
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include standardized records of SLIPs and limiting data points derived from the Atlantic coast of the
United States (Engelhart & Horton, 2012) and the eastern Canadian coastline (Vacchi et al., 2018). The
majority of SLIPs in both regions originate from salt-marsh environments, where biological indicators
such as plant macrofossils and microfossil assemblages (e.g., foraminifera and diatoms) are used to
infer depositional elevations relative to the tidal frame. Depending on the depositional environment,
samples are assigned specific indicative ranges: high marsh environments typically span from Mean
High Water (MHW) to Highest Astronomical Tide (HAT); low marsh environments span from Mean
Tide Level (MTL) to MHW, and undifferentiated salt-marsh deposits encompass the range from MTL
to HAT. In addition to salt-marsh records, SLIPs in the eastern Canadian dataset also include indicators
from isolation basins and beach deposits. In addition, terrestrial limiting points are derived from in-situ
tree stumps, freshwater peat, isolation basin gyttja, or archaeological coastal settlements, forming above
MTL. Marine limiting points are based on in-situ marine shells or marine microfossil assemblages,
forming below MTL. To ensure the reliability of these datasets, uncertainty in both the elevation and
age of each data point is taken into account. Vertical uncertainty is generally based on the indicative
range, while chronological uncertainty comes from radiocarbon dating calibrated consistently across all
records. These uncertainties are integrated into the analysis to improve the accuracy of model-data
comparisons (e.g., Engelhart and Horton, 2012; Shennan, 2015). To be used in constraining a GIA
model, an RSL indicator must have a precisely known location and elevation (with associated
uncertainties), an age calibrated using the latest radiocarbon calibration curves (along with its
uncertainty), and a clearly defined indicative meaning. The resulting paleo RSL records provide a
powerful constraint on GIA models and processes.
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Figure 1.4. Reconstructed paleo RSL records for site #5 in the Hudson Bay (see Chapter 2), illustrating the
three primary types of RSL indicators used in this thesis. SLIPs (shown as grey boxes) provide relatively precise
estimates of past sea level and are represented with their associated elevation and temporal uncertainties.
Terrestrial limiting data (red markers) constrain sea level to have been below the indicator elevation, while
marine limiting data (black markers) constrain sea level to have been above. The combination of SLIPs and
limiting data improves constraints on past RSL changes and contributes to refining the GIA models. The SLIP
boxes indicate +2¢ uncertainty in RSL elevation and age. For limiting data points, the horizontal and vertical
bars show £26 RSL age uncertainty and one side of the 26 RSL elevation uncertainty, respectively.

1.3.2. Contemporary geodetic observations

Contemporary geodetic observations, particularly GNSS and GRACE measurements, play a
significant role in achieving the overarching aims defined in Section 1.1. GNSS observations provide
estimates of present-day VLM, while GRACE measurements complement them by capturing integrated
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mass changes over broad spatial scales, providing key insights into both GIA and hydrological
processes. By integrating these datasets with paleo observations, this work enhances our understanding
of long-term gravity changes and VLM in eastern North America and establishes a framework for
assessing discrepancies between millennial-scale and decadal-scale VLM rates. Furthermore,
accurately accounting for the GIA signal across these datasets is critical: constraining the GIA signal
and its uncertainty not only improves the interpretation of GNSS-derived VLM rates but also enables
more accurate extraction of contemporary hydrological mass change signals from GRACE. This has
important implications for characterizing total water storage (TWS) variations and refining hydrological
models. In addition, geodetic observations can be utilized to constrain the GIA signal itself. To be
suitable for GIA model refinement, these observations must first be corrected for other geophysical
signals, such as tectonic activity, surface loading from contemporary hydrology or ice mass changes,
and instrument-related biases (Argus et al., 2014; Hill et al., 2010).

1.3.2.1. VLM from GNSS measurements

GNSS-based measurements have a long-standing history in constraining GIA models (King et al.,
2010). Due to their portability, affordability, and ease of deployment, GNSS instruments have emerged
as the most widely used geodetic tools in GIA research. They provide the capacity to monitor present-
day land motion across a broad range of geographic settings, with high temporal resolution and growing
global coverage. In regions with dense GNSS networks and where non-GIA signals, such as those
associated with the global water cycle, atmospheric pressure variations, tectonic activity, or sediment
compaction, are well characterized and corrected, GNSS data have proven particularly effective for
calibrating GIA models (King et al., 2010). This success is evident in areas such as North America
(Sella et al., 2007), Fennoscandia (Lidberg et al., 2007), Antarctica (Thomas et al., 2011), and
Greenland (Khan et al., 2016), where robust constraints on past and present surface deformation have
improved model-data agreement (e.g., Lidberg et al., 2010; Milne et al., 2001, 2004). However,
challenges remain when interpreting GNSS data in regions where other sources of surface deformation
overlap with GIA. In particular, ongoing contemporary ice mass loss can contribute to vertical land
motion that is difficult to disentangle from the signal associated with the melting of former ice sheets
(e.g., Nield et al., 2014). This overlap complicates the separation of past and present contributions to
solid Earth deformation and increases the need for careful correction of geodetic signals before they are
used in GIA model calibration.

Although horizontal GNSS velocities are generally more precise than vertical rates, often by an order
of magnitude (King et al., 2010), the GNSS-derived VLM signal remains the primary geodetic
constraint in GIA modeling. This is largely because traditional 1D GIA models neglect lateral Earth
structure, which has a strong influence on horizontal motions (Kaufmann et al., 2005). With the
emergence of 3D GIA models that incorporate lateral variations, however, horizontal GNSS velocities
are now increasingly recognized as a valuable complementary constraint (Vardi¢ et al., 2022). It should
be noted that the derivation of accurate VLM rates is complicated by a range of factors that influence
the estimation of GNSS velocities. These include differences in analysis strategies, such as the software
used to process raw GNSS data, the duration and completeness of the time series, noise characteristics,
treatment of position discontinuities, and alignment to a global terrestrial reference frame (Gazeaux et
al., 2013; Griffiths & Ray, 2016; Williams, 2003). Among these, identifying and correcting position
discontinuities, often caused by antenna replacement artifacts, changes in the antenna environment,
errors in station metadata, or seismic events, can have greater impact on velocity estimates and their
associated uncertainties. As a result, it is not uncommon for different analysts to report varying velocity
solutions for the same GNSS station, even when based on identical raw data (Santamaria-Gomez et al.,
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2024). Given these challenges, it is essential to estimate GNSS-derived VLM rates using robust
methodologies that explicitly account for discontinuities and noise characteristics.

In the research presented in Chapter 3, present-day VLM is determined using continuous GNSS
stations, with velocity estimates based on the Median Interannual Difference Adjusted for Skewness
(MIDAS) technique developed by the Nevada Geodetic Laboratory (Blewitt et al., 2016, 2018). MIDAS
is a refined form of the Theil-Sen median trend estimator, tailored for high-precision geodetic time
series such as GPS/GNSS observations. Unlike conventional least squares regression, which is sensitive
to outliers, step discontinuities, seasonal biases, and heteroscedasticity, MIDAS is designed to be
resilient to these common issues. MIDAS computes station velocities by selecting coordinate pairs that
are exactly one year apart to mitigate seasonal influences and reduce the number of pairings affected
by discontinuities. It then filters the slope distribution by removing outliers, those differing by more
than two robustly estimated standard deviations from the median. Therefore, the method results in a
final robust estimate of both the velocity and its uncertainty. Blind tests on synthetic data and analyses
of real-world observations from tectonically stable regions in North America demonstrate that MIDAS
yields root-mean-square errors of approximately £0.3 mm/yr horizontally and +1.0 mm/yr vertically,
outperforming many other automated velocity estimators in terms of bias resistance and statistical
realism (Blewitt et al., 2016).

In the context of the research presented in this thesis, MIDAS-derived GNSS velocities are compared
against VLM predictions from the regionally constrained GIA models developed in Chapter 2, as well
as late-Holocene RSL-based VLM rates (Chapter 3). By examining the residuals between modeled and
observed values, we assess the consistency across timescales and investigate the potential influence of
other ongoing natural or anthropogenic processes. Where significant discrepancies are observed, they
may indicate the presence of additional mass redistribution processes, such as significant changes in
the hydrological loading signal, beyond what is explained by GIA alone. This residual signal is further
explored using GRACE estimates.

1.3.2.2. Mass change signal from GRACE

Launched in March 2002, the GRACE mission marked a significant advancement in satellite
gravimetry by enabling accurate detection of temporal gravity field variations, thereby facilitating
studies of global mass redistribution (Tapley et al., 2019). GRACE operates using a twin-satellite
configuration, with inter-satellite distances precisely measured via a K-band ranging system, supported
by onboard accelerometers, GPS receivers, and star cameras. These measurements are translated into
monthly gravity field solutions through data processing systems led by CSR, JPL, and GFZ (Bettadpur,
2018; Dahle et al., 2019). GRACE has provided crucial insights into a wide range of geophysical
processes, TWS changes, glacier and ice sheet mass loss, drought and flood monitoring, and sea-level
rise (Tapley et al., 2019). In addition, GRACE observations have also contributed to studies of solid
earth deformation associated with large earthquakes (J. Li et al., 2016) and GIA (Riva et al., 2009;
Tamisiea et al., 2007). The successor mission, GRACE Follow-On (GRACE-FO), launched in May
2018, extends the dataset with improved instrumentation, including a laser ranging interferometer that
enhances inter-satellite distance measurements. Although the ~11-month gap between GRACE and
GRACE-FO (July 2017-May 2018) limits short-term variability analyses, the continuity of long-term
gravity measurements remains largely unaffected (Landerer et al., 2020a; Velicogna et al., 2020).

There are some challenges in quantification of mass variations using GRACE measurements. The
coarse spatial resolution (an inter-satellite distance of ~220 km and an orbital altitude of ~500 km,
12



resulting in an effective spatial resolution no finer than ~300-500 km), uncertainties in satellite
accelerometer data, and noise in high-degree and -order spherical harmonic coefficients necessitate
spatial filtering and introduce leakage errors, leading to amplitude attenuation and regional signal
contamination (Tapley et al., 2019). These limitations are particularly critical for basin-scale
hydrological analyses and regional studies. Furthermore, very low-degree coefficients, such as AC
(degree-2 zonal coefficient), are poorly estimated, especially during late GRACE and GRACE-FO
phases when only one accelerometer was functional (Landerer et al., 2020). To improve the reliability
of mass change estimates at the longest spatial wavelengths (mainly associated with AC»and AC3y), the
GRACE/GRACE-FO Science Data System recommends substituting these coefficients with
independent values derived from satellite laser ranging observations (Loomis, Rachlin, et al., 2019).

For climate-related mass change quantification, solid earth effects, particularly GIA, must be
removed from GRACE gravity solutions using model predictions. This step is crucial, as GRACE
inherently measures total mass change without distinguishing between surface hydrology and solid
earth deformation. Consequently, the accuracy of GIA models directly influences the reliability of
derived TWS estimates. Figure 1.5 shows that the spatial pattern and magnitude of the inferred
hydrological signal are strongly influenced by the choice of GIA model. This dependency underscores
the necessity of regionally optimized GIA models with well-constrained uncertainty bounds.

cm EWTlyear

Figure 1.5. Sensitivity of GRACE-derived TWS estimates to the applied GIA model. Spatial patterns of
contemporary mass changes are shown after correcting for the GIA signal based on four different models.
Variations in both the magnitude and spatial distribution of the inferred hydrological mass change signals
highlight the critical role of GIA model in isolating contemporary mass change associated with TWS (figure
provided by John Crowley, NRCan).

GRACE observations are typically reported as anomalies in equivalent water thickness (EWT),
which represent the integrated response of Earth’s gravity field to mass redistribution on or near the
surface (Tapley et al., 2004; Wahr et al., 1998). EWT provides a physically meaningful metric by
converting gravity field changes into equivalent variations in the thickness of a hypothetical water layer,
thereby providing an effective means of assessing total mass changes. After applying corrections for
non-hydrological signals (particularly from GIA in our study region), this conversion enables effective
quantification of TWS, which encompasses the combined mass contributions of various hydrological
reservoirs, including groundwater, soil moisture, surface water bodies (lakes and rivers), snow, ice, and
biomass. EWT (40) can be mathematically represented as (Swenson & Wahr, 2002; Wabhr et al., 2004):

13



2n+1
1+k,

) ;,11:0{[Acg¢cos(m)+As,§nsin(m/1)]ﬁ,’f (cose)} (1.12)

n=0

Aa(8,2) = %gNmax(

where 6 denotes the colatitude and A the longitude. The variable a is the Earth's radius, p, is the mean
density of the Earth, and p,, is the density of water. The term k,, represents the load Love number at

degree n and ﬁ;n is the fully normalized associated Legendre function of degree n and order m. The
coefficients AC;* and ASy* refer to the temporal variations in the monthly Stokes coefficients observed
by GRACE (and GRACE-FO), which capture changes in the Earth's gravity field. This formulation
allows the transformation of gravity anomalies into EWT changes, enabling the quantification of TWS
variations across the globe. Based on the theory of elastic loading, crustal deformation induced by
surface water mass changes can be calculated in the spherical harmonics domain. The radial
displacement of the Earth's surface, Ah(6, 1), at a given location is expressed as (van Dam et al., 2007;
J. Kusche & Schrama, 2005):
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Here, the load Love numbers (%, and k,) that describe the Earth's elastic response to surface mass
loading at spherical harmonic degree n are taken from Wang et al. (2012), based on the Preliminary
Reference Earth Model (PREM; Dziewonski & Anderson, 1981), a widely accepted model for earth
structure. GRACE/GRACE-FO gravity field solutions are truncated at a maximum degree and order of
60 (Nuax), which is mainly determined by the satellite orbit configuration, including the satellite altitude
and inter-satellite distance. In GRACE/GRACE-FO gravity solutions, spherical harmonic coefficients
of degree 2 and higher are typically provided, as the degree-0 and degree-1 coefficients are excluded
by definition. The degree-0 term (4Cw) reflects variations in the total mass of the earth system, which
is considered to be constant. The degree-1 terms (4Ci, ACi:, and AS::) correspond to the three
components of geocenter motion, or the displacement between the Earth’s center of mass and its center
of figure. Since GRACE/GRACE-FO data are defined in the center of mass reference frame, these
degree-1 terms are not directly estimated and are instead set to zero in the standard solutions (Crétaux
et al., 2002; Swenson et al., 2008).

The solutions based on spherical harmonics suffer from correlated errors, showing north-south
“stripe” artifacts, that degrade spatial resolution and limit the utility of GRACE observations for basin-
scale or regional hydrological analyses (Seo et al., 2008; Swenson & Wahr, 2006). These stripes
originate from correlations between spherical harmonic coefficients of the same order and degree parity.
Swenson and Wahr (2006) showed that estimating and removing these correlations significantly
reduces striping, although the method could not distinguish such errors from real, stripe-like
geophysical signals. To further reduce residual noise, they applied isotropic gaussian smoothing, which
also diminished the strength of the true mass change signal. Subsequent methods have been developed
to address the trade-off between signal preservation and noise reduction (e.g., Davis et al., 2008; Han
et al., 2005; J. Kusche et al., 2009; Jiirgen Kusche, 2007; Sasgen et al., 2006). The mass concentration
(mascon) technique provides an alternative approach by dividing Earth's surface into predefined spatial
blocks and applying mathematical regularization with a priori constraints to stabilize the solution and
minimize GRACE’s correlated errors (Loomis et al., 2019; Watkins et al., 2015). While mascon
solutions effectively reduce stripe artifacts, they may still distort real physical signals and depend on a
fixed spatial geometry and prior assumptions, potentially introducing biases (Loomis et al., 2019).

In this thesis (Chapter 3), we utilize the methodology developed by Crowley & Huang (2020) to
estimate TWS changes from GRACE. This method provides a significant improvement over earlier
destriping approaches by incorporating both statistically significant temporal trends and correlated
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spherical harmonic coefficient errors into a joint parametric least-squares framework. The principle of
the method relies on: (1) stripe artifacts in GRACE data originate from correlations between spherical
harmonic coefficients of the same order and degree parity, and (2) the dominant physical mass
anomalies are embedded in the temporal trends of the GRACE data. By taking advantage of the long
observational record from GRACE and GRACE-FO (2002—present), the method applies a rigorous F-
test at the 99.9% confidence level to identify statistically significant linear, quadratic, annual, and semi-
annual components within each coefficient’s time series. The joint inversion procedure then fits these
temporal components alongside the correlated trends to isolate and remove noise while retaining
physically meaningful mass signals. Since the GRACE solutions are corrected for GIA using regionally
constrained models with uncertainty bounds, the residual signals, after destriping, more accurately
reflect hydrological mass changes.

1.4. Recent and future sea-level changes

Sea-level change is driven by a complex interplay of processes operating over a broad range of
temporal and spatial scales. On timescales of tens to hundreds of thousands of years, variations in the
Earth's orbit around the sun, known as Milankovi¢ cycles, have played a major role in modulating
climate and sea level (Ruddiman, 2014). On even longer timescales, plate tectonics and mantle
dynamics exert additional control on sea-level evolution (Yokoyama & Purcell, 2021). These climate
fluctuations influence sea level directly through changes in the volume of water stored in ice sheets and
indirectly via delayed responses such as land deformation from ice and ocean mass redistribution.
During the current interglacial period, the Earth's climate peaked in warmth approximately 6,500 years
ago, driven mainly by orbital forcing rather than anthropogenic influences (Calvin et al., 2023).
Geological records, particularly from marine sediments and coastal deposits, show that GMSL rose
rapidly following LGM but slowed significantly by around 7,000—8,000 years ago (Leo et al., 2019).

Since the mid-1800s, increased greenhouse gas emissions from fossil fuel combustion have driven
a ~50% rise in atmospheric carbon dioxide, amplifying the Earth’s natural greenhouse effect and
contributing to a ~1 °C increase in global temperature over the past century (Church et al., 2013). Long-
term still water level observations, extending back to the mid-1800s, from tide gauges, which measure
the motion of the sea surface relative to the land, suggest global average sea-level rise rates of
approximately 1.2 to 1.7 mm/year throughout much of the 20th century (Cazenave & Llovel, 2010;
Griggs, 2021). Since 1993, satellite altimetry missions, including TOPEX/Poseidon and the Jason
series, have enabled precise global monitoring of absolute sea-level changes. These observations reveal
a current GMSL rise rate of ~3.6 + 0.3 mm/year over the satellite era. Moreover, as Figure 1.6 shows,
there has been an acceleration in this rate, estimated at about 1.2 + 0.5 mm/year per decade, with the
rate doubling from 2.1 mm/year during 1993-2003 to 4.1 mm/year during 2013-2023 (Guérou et al.,
2023; Nerem et al., 2018).
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Figure 1.6. GMSL rise from satellite altimetry from January 1993 to the present. The data have been corrected
for postglacial rebound, filtered to remove annual and semi-annual signals, and smoothed using a 6-month
filter (figure from Aviso+: www.aviso.altimetry.fr).

Tide gauge and satellite altimetry observations have substantially improved our understanding of
past and present sea-level variability. However, projecting future sea-level changes remains a key
challenge, particularly for regional and local coastal impact assessments. To address this, the
Intergovernmental Panel on Climate Change (IPCC) provides comprehensive projections, most recently
in its Sixth Assessment Report (AR6), which incorporates the Shared Socioeconomic Pathways (SSPs),
a range of future scenarios representing combinations of societal development trajectories and
greenhouse gas concentration levels by 2150 (Fox-Kemper et al., 2023). AR6 projections are driven by
CMIP6 climate model outputs and a physically based emulator that ensures consistency with assessed
climate sensitivity (Forster et al., 2021). The SSPs include SSP1-1.9 (very low emissions), SSP1-2.6
(low), SSP2-4.5 (intermediate), SSP3-7.0 (high), and SSP5-8.5 (very high), with their associated global
surface air temperature changes and GMSL rise relative to the baseline illustrated in Figure 1.7 (Lee et
al., 2023).
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Figure 1.7. Projected global temperature change (left) and GMSL change (right) under five SSPs based on IPCC AR6.
Relative to the 1995-2014 baseline, using the 5%-95% confidence intervals as ranges, global mean temperatures are
projected to increase between 2.40 and 5.57 °C by the end of the 21st century (2081-2100) under SSP5-8.5, whereas
in SSP1-1.9, global temperatures stabilize or even somewhat decline in the second half of the century, spanning a
range from 0.13 to 1.25 °C. GMSL change relative to the 1995-2014 baseline is projected to rise by 0.28—0.55 m under
SSP1-1.9, and by 0.63—1.02 m under SSP5-8.5 by 2100 (Lee et al., 2023; Tebaldi et al., 2021).
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Sea-level projections in the IPCC framework account for multiple contributing processes that
operate across global, regional, and local scales. The sterodynamic component combines both steric
sea-level change, resulting from thermal expansion of ocean water (thermosteric), salinity variations
(halosteric), and ocean circulation (dynamic changes) associated with this density redistribution.
Thermosteric expansion, driven by ocean warming, is a major contributor to GMSL rise, whereas
halosteric effects are generally negligible at the global scale. Melting of the Greenland and Antarctic
ice sheets represents the largest potential contributors to future sea-level rise due to their vast freshwater
reservoirs. These ice sheets lose mass through surface melting, iceberg calving, and basal processes.
Glaciers also contribute through a long-term imbalance between accumulation and melt, with meltwater
sometimes stored temporarily in lakes or closed basins. Land-water storage, which includes water held
in rivers, lakes, soil moisture, and snow but excludes glaciers and ice sheets, contributes to sea-level
rise through both climate variability and human activities such as groundwater extraction and dam
construction. VLM modifies RSL trends and includes elastic responses to contemporary mass
redistribution, viscoelastic deformation associated with GIA, tectonic processes, sediment compaction
and anthropogenic subsidence (Fox-Kemper et al., 2023). Through the research presented in this thesis,
we quantify the contribution of VLM, and specifically the GIA signal, to projections of regional mean
sea-level change by integrating output from regionally constrained GIA models into IPCC projections
at various tide gauges in our study region (Chapter 4).

Nuisance flooding, also known as high-tide or sunny-day flooding, has become an increasing
concern along the U.S. east coast due to ongoing sea-level rise (e.g., Karegar et al., 2017; Moftakhari
et al., 2015; Ray & Foster, 2016) and is expected to bring about similar risks in Atlantic Canada as RSL
continues to rise. Unlike extreme flood events driven by storms or hurricanes, which have received
much attention in past sea-level impact studies (e.g., Hallegatte et al., 2013; Reguero et al., 2015),
nuisance flooding is characterized by recurrent, minor inundation events that can occur without storm
conditions. These events are often triggered when tidal levels exceed local elevation thresholds,
temporarily submerging low-lying infrastructure such as roads, parking lots, and sewer systems
(Moftakhari et al., 2015). Though not destructive in the conventional sense, nuisance flooding disrupts
daily life, burdens stormwater infrastructure, creates public health hazards, and diminishes economic
productivity (e.g., Cherqui et al., 2015; Suarez et al., 2005). The predictability of nuisance flooding
makes it an especially useful metric for assessing near-term flood exposure. While extreme storm
flooding remains difficult to forecast, nuisance flooding is tightly coupled to astronomical tides and can
be predicted in time and space with reasonable accuracy (Moftakhari et al., 2015; Sweet et al., 2014;
Wdowinski et al., 2016).

Locations where land elevation is close to local high tide level are particularly vulnerable to recurrent
inundation. As regional mean sea level rises, the gap between high tidal datums and established flood
thresholds narrows, increasing the likelihood that even moderate tidal fluctuations will exceed minor
flood thresholds. Consequently, even modest increases in RSL (which accounts for both absolute sea-
level rise and VLM) can lead to a significant rise in the frequency of nuisance flooding events, and over
time, may contribute to more severe inundation (Karegar et al., 2017; Kemp & Horton, 2013; Sweet et
al., 2014). Long-term observational records have shown that nuisance flooding has increased
substantially over the past several decades. A study based on over 70 years of tide gauge data in the
United States found a 27% increase in nuisance flooding events in 2019, with the frequency increasing
at an exponential rate since 1950, particularly in estuarine regions that have experienced significant
changes in tidal characteristics due to anthropogenic alterations of system geometry and river inflow
(S. Li et al., 2021). Despite experiencing substantial sea-level change and VLM primarily driven by
GIA, eastern Canada remains largely underrepresented in nuisance flooding research. Chapter 4 in this
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thesis seeks to address this gap by evaluating the influence of VLM on future nuisance flooding
projections at selected tide gauge stations across eastern Canada and the northeastern United States.

1.5. Contributions and outline of thesis

The overarching goal of this thesis is to improve the quantification and understanding of the
processes contributing to contemporary and future VLM and gravity change in southeastern Canada
and the northeastern United States. This understanding is essential for producing more accurate
projections of mean sea-level change and nuisance flooding over the coming decades. As described in
Section 1.1, to achieve this aim, three research components are pursued which comprise the three
original contributions of this thesis.

Chapter 2 describes the first component of this research, which aims to better constrain the GIA
signal and its associated uncertainties across southeastern Canada and the northeastern United States.
This effort contributes to a broader scientific initiative aimed at improving GIA models in North
America. The regional focus of this chapter is motivated by two factors: the availability of high-quality,
recently compiled RSL datasets, and the critical role of GIA as a dominant driver of long-term VLM
and contemporary sea-level change in this region. To effectively distinguish long-term GIA-induced
land motion from more recent signals driven by hydrological mass changes, this chapter emphasizes
the development of improved GIA models with quantified uncertainty for different subregions within
the study region. The uncertainty analysis employs two approaches to estimate parametric uncertainty:
a heuristic method and a Bayesian framework. These methods explore a large parameter space,
comprising 440 different 1D earth viscosity models and 34 ice history models, totaling 14,960 model
realizations. This broad exploration enhances the robustness of the derived uncertainty bounds and
advances prior efforts by accounting for a wider spectrum of earth structure and ice history
configurations.

Chapter 2 considers a third approach to uncertainty quantification that encompasses both parametric
and structural sources. By identifying a subset of model parameters that are compatible with the
observational constraints, history matching (Tarasov and Goldstein, 2023) provides an alternative way
to constrain the GIA model ensemble. Our application of history matching is among the first in the
context of paleo sea-level and GIA modelling, and we present it as a potential framework upon which
future studies can build. While the core analysis is based on 1D earth models, the chapter also considers
the contribution of lateral viscosity variations by including a subset of results from 3D earth models.
This component provides a preliminary estimate of model structural error due to the absence of lateral
heterogeneity in 1D models and supports the need to account for laterally variable earth structure when
constraining the GIA signal across the study region. The output of our GIA modelling, including
optimal models and uncertainty bounds, is made available for end users. These include rates of VLM
at GNSS stations based on the Nevada Geodetic Laboratory dataset and rates of RSL change at tide
gauge locations in the Permanent Service for Mean Sea Level (PSMSL) dataset. These results provide
a valuable resource for interpreting contemporary geodetic observations and for improving regional
sea-level projections in southeastern Canada and the northeastern United States.

Chapter 3 uses the results of Chapter 2 to deliver the second component of this thesis, which is to
isolate and interpret the processes contributing to contemporary VLM across eastern Canada and the
northeastern United States. While GIA remains a key driver, the interpretation of contemporary VLM
is complicated by the presence of additional signals, particularly those associated with hydrological
mass redistribution. This chapter uses temporal variability to evaluate VLM over two timescales,
millennial and decadal, across six subregions in the study region. Millennial-scale VLM rates are
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estimated from late Holocene RSL reconstructions using the optimal regional GIA models developed
in Chapter 2, while decadal-scale rates are derived from GNSS observations. The consistency between
these two timescales is assessed for each subregion. Where significant discrepancies exist, the residuals
are interpreted as contributions from processes not accounted for by GIA, with a primary focus on
regional hydrological mass changes.

To further examine these residuals, GRACE-based mass change estimates are employed. These
measurements provide an independent constraint on contemporary surface mass redistribution and are
used to validate the spatial and temporal patterns inferred from the VLM comparisons. This chapter
presents a comprehensive uncertainty analysis of the VLM signal and provides the first formal
application of GIA model uncertainty to quantify the uncertainty in GRACE-derived contemporary
mass changes. By identifying and quantifying differences between long-term and contemporary VLM
rates, Chapter 3 provides new insight into regional land motion and its implications for sea-level change.
To support future research and applications, estimates of VLM with associated uncertainty bounds are
provided for each subregion, including rates from GNSS observations and late-Holocene RSL
reconstructions. In addition, GRACE-derived estimates of contemporary mass changes, along with their
associated uncertainties, are provided for the study region.

Chapter 4 represents the third original component of this thesis, the aim of which is to evaluate the
influence of VLM, particularly the component driven by GIA, on regional projections of mean sea-
level change and nuisance flooding frequency across eastern Canada and the northeastern United States.
This chapter investigates how projected changes in mean sea level and high-tide flooding evolve at 25
tide gauge stations by considering three future time horizons (2050, 2100, and 2150 CE). To evaluate
the influence of VLM on these projections, three projection cases are developed: (1) IPCC estimates
that include all contributing processes to sea-level change; (2) IPCC estimates from which the VLM
signal is excluded; and (3) IPCC estimates that exclude the original VLM component but incorporate a
regionally optimized GIA-induced VLM signal along with associated uncertainty bounds, developed in
Chapter 2. These projections are produced for three SSP scenarios—SSP1-1.9 (very low emissions),
SSP3-7.0 (high emissions), and SSP5-8.5 (very high emissions)—to capture a wide range of possible
future climate and socio-economic trajectories.

Nuisance flooding frequency at each station is determined by applying a tidal harmonic analysis to
hourly still water level records. This analysis accounts for long-term trends and local nodal corrections
for three dominant tidal constituents: M2, N2, and K1. The projected regional mean sea-level changes
and nuisance flooding days, each with associated uncertainty bounds and evaluated at 25 tide gauges
under three projection cases and SSP scenarios for the years 2050, 2100, and 2150 CE, are provided for
future research. As noted above, this is the first study to produce projections of nuisance flooding in
eastern Canada. The results will provide valuable information for policymakers and coastal
management agencies aiming to design effective mitigation strategies in response to growing flood risks
along the Atlantic coasts of eastern Canada and the northeastern United States. In addition, based on
the methodology presented in this research, the integration of a regionally constrained GIA signal into
the IPCC projection (excluding VLM) can support the extension and refinement of regional mean sea-
level change projections in areas with limited observational coverage of VLM (e.g., from GNSS and
tide gauges) within GIA-active zones.
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Abstract

We constrain the GIA signal and its uncertainty for southeastern Canada and northeastern USA
using 1,013 relative sea-level (RSL) data points distributed over 38 sites from two regional RSL data
compilations containing 544 sea-level index points, 232 marine limiting data points, and 237 terrestrial
limiting data points. This state-of-the-art dataset was compared to output from 14,960 model runs based
on a 1D (spherically-symmetric) Earth model and 34 different North American ice sheet
reconstructions. By considering different data subsets (regional partitioning), we found that
significantly improved fits can be obtained by separating the data into two larger subregions: the first
one close to the central section of the Laurentide ice sheet (including Hudson Bay, Ungava Peninsula,
and Labrador), and the second one along the Atlantic coast of Canada and the USA (encompassing
Newfoundland, St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and
Massachusetts). For the first subregion, relatively low lower mantle viscosity (1-2x10?' Pas; from the
considered range of 1-90x10*! Pas) and relatively high upper mantle viscosity (greater than 0.5x10?'
Pas from the considered range of 0.05-5x10%' Pas) for a given ice loading history can provide good
quality fits. On the other hand, quality fits for the second subregion require intermediate values for these
parameters (specifically, upper mantle viscosity of 0.5-1x10*! Pas and lower mantle viscosity of 20-
30x10*' Pas). When considering model uncertainty bounds, ~91.6% of the observations (928 out of
1013 RSL data points) can be captured, while the remaining residuals (~8.4%) reflect some
observational errors (outliers) and systematic error in the model. Given the 1D analysis suggests the
existence of significant lateral Earth structure, we explored this aspect via the use of a 3D finite volume
Earth model. Considering two realizations of lateral Earth structure based on two shear-wave
tomographic models, the 3D results support the spatial partitioning of the whole study region into two
larger subregions. However, the 3D model was unable to improve upon the data-model fits obtained
with the 1D model, indicating limitations in the models of lateral structure and/or the adopted ice
models, which are reconstructed based on 1D Earth models. Finally, our 1D Earth modeling results
indicate that, within the first subregion, ice history models with relatively thick ice during the early
phase of deglaciation (prior to ~13 ka) and thinner ice in the early Holocene are preferred by the RSL
data.

Keywords: Sea-level changes, Glacial isostatic adjustment, Forward modelling, Atlantic coast of
Canada, Laterally variable Earth structure, Optimal Earth model parameter sets, Deglaciation history

2.1. Introduction

During the Quaternary, a number of mid-to-high latitude regions experienced repeated glaciation
and deglaciation of large ice sheets (e.g., Ehlers and Gibbard, 2007; Lowe et al., 2007; Shackleton and
Opdyke, 1973). The response of the solid Earth to this large-scale water mass transfer between ice
sheets and oceans is called glacial isostatic adjustment (GIA). GIA is a leading contributor to past and
contemporary land motion, gravity and sea-level changes in formerly and presently glaciated regions
like North America, Fennoscandia, Greenland and Antarctica. Geophysical models of this process have
been compared to a variety of data types to constrain past and contemporary ice sheet evolution and the
rheological properties of the Earth’s interior (e.g., Lambeck et al., 1998; Milne and Shennan, 2013;
Peltier, 2004; Peltier et al., 2022; Spada, 2017; Steffen and Wu, 2011; Wake et al., 2016; Whitehouse,
2018).

Different types of observables can be utilized to constrain the GIA signal over various time scales.
Geodetic observations such as global navigation satellite systems (GNSS) measurements of land surface
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motion, terrestrial and satellite gravimetry such as the gravity recovery and climate experiment
(GRACE), and tide-gauge records of sea-level fluctuations can provide a contemporary snapshot of the
GIA signal (e.g., Hill et al., 2010; King et al., 2010; Martin-Espafiol et al., 2016). On longer time scales,
paleo relative sea-level (RSL) reconstructions from a wide range of geological evidence have provided
powerful constraints on GIA models (e.g., Glueder et al., 2022; Lambeck et al., 1998; Mitrovica et al.,
2000; Peltier and Fairbanks, 2006; Simon et al., 2021). High quality regional databases are a primary
control on GIA model testing and calibration (e.g., Engelhart and Horton, 2012; Love et al., 2016). The
relatively recent HOLSEA initiative (Khan et al., 2019), which defines a standard protocol for
producing regional RSL databases, has resulted in an improved availability of high-quality RSL
reconstructions that support and facilitate GIA model improvement (including this analysis).

The computer models developed to calculate the various observables associated with GIA are built
on the theory developed by Farrell and Clark (1976). This underlying theory, represented in the so-
called “sea-level equation”, is the basis for most modern GIA modelling studies seeking to accurately
calculate sea-level variations in response to ice-ocean surface mass redistribution. We note that more
recent studies have developed this theory to incorporate Earth rotation (e.g., Milne and Mitrovica, 1998)
and lateral shoreline migration (e.g., Mitrovica and Milne, 2003; Peltier, 1998). In most GIA modelling
studies, a spherically symmetric, self-gravitating Earth model with a Maxwell viscoelastic rheology is
assumed (Peltier, 1974). Although the model outputs based on this simplified Earth model can often
provide good fits to the observations, there is growing evidence that Earth models with 3-D structure
(e.g., Austermann et al., 2013; Kaufmann et al., 2005; Latychev et al., 2005; Li et al., 2018; Paulson et
al., 2005) and a more complex rheology are necessary (e.g., Baril et al., 2023; Kang et al., 2022; van
der Wal et al., 2015, 2013).

There has been a long-term effort to better constrain the GIA signal and improve GIA model input
parameters across North America (e.g., Argus et al., 2021; Caron et al., 2018; Lambeck et al., 2017,
Peltier et al., 2015; Simon et al., 2016; Tarasov et al., 2012; Zhao, 2013). The work presented here is a
continuation of this effort that focuses on eastern Canada but also includes the northeastern United
States (Maine and Massachusetts). Our motivation for focusing on this region is twofold: (1) to utilize
recently compiled and quality assessed RSL data sets (primarily that of Vacchi et al. (2018) but we also
include data from Engelhart and Horton (2012)), (2) as discussed below, GIA is a dominant contributor
to long term land subsidence in southeastern Canada and northeastern US and thus is an important
driver of contemporary sea-level change (e.g., Davis and Mitrovica, 1996; Love et al., 2016).

Comparison of GNSS measurements of vertical land motion versus those based on reconstructions
of RSL on millennial timescales indicates that land subsidence associated with GIA is an important
cause of sea-level rise on the eastern seaboard of central North America (Karegar et al., 2016).
Consequently, land subsidence (and, therefore, GIA) should be included in assessing sea-level hazard
in this region (e.g., Karegar et al., 2017; Love et al., 2016; Zhai et al., 2015). In addition to GIA, other
factors, including recent human intervention in water sources (such as excessive groundwater usage
and damming) might be significant contributors to vertical land motion in the region (Karegar et al.,
2016, 2017). Therefore, an improved GIA model that includes uncertainty estimates is required to
separate paleo (GIA) and more recent (hydrological) loading signals.

While quantifying GIA model uncertainty has been largely neglected in many past studies, a growing
number of papers have emphasized the importance of this aspect (Caron et al., 2018; Li et al., 2020;
Love et al., 2016; Melini and Spada, 2019; Simon et al., 2017; Tarasov and Goldstein, 2023; Tarasov
et al., 2012). Quantifying model uncertainty is particularly important in areas where GIA dominates
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contemporary land motion and regional sea-level change, as is the case here. In this analysis, we build
on past work (Love et al., 2016) to determine model uncertainty bounds based on two different
approaches. These approaches focus on quantifying parametric model uncertainty, and so the accuracy
of the determined uncertainty bounds is strongly related to the size of the explored parameter space. In
this regard, our analysis extends most past work by considering 440 (1D) Earth viscosity models and
34 ice history models for a total of 14,960 parameter sets (model runs). Our large ice model parameter
set relies heavily on the analysis of Tarasov et al. (2012).

Our uncertainty analysis considers a third approach that explicitly incorporates estimates of model
structural uncertainty in defining a set of model parameters that are compatible with the adopted
observational constraints (Tarasov and Goldstein, 2023). Our application of this approach, known as
history matching, is one of the first in paleo sea level and GIA modeling studies and, as such, we hope
it can be used as an example which future studies can build upon. As noted above, our analysis focuses
on the application of 1D Earth viscosity models. An important source of structural error is the (missing)
contribution of lateral variations in Earth properties. Therefore, as part of our analysis, we include some
results from 3D Earth models to provide a preliminary estimate of this structural error contribution.

As detailed below, our 1D and 3D Earth modeling results indicate the importance of lateral Earth
properties across our study region. Several studies have demonstrated the importance of laterally
variable Earth structure in North America on GIA model output and inferences of viscosity structure
(e.g., Davis et al., 2008; Lau et al., 2018; Li et al., 2020; Paulson et al., 2007, 2005; Wang et al., 2008).
In addition, studies based on 1D (spherically symmetric) Earth models (e.g., Engelhart et al., 2011)
suggest lateral structure as a primary cause for difficulties in fitting RSL observations. While there are
instances where the addition of lateral Earth structure can result in improved fits to the observations
(e.g., Kuchar et al., 2019b), it is often the case that 1D models produce equivalent or better fits in near-
field regions (e.g., Yousefi et al., 2018). This result likely reflects the fact that the ice models adopted
in these studies are developed assuming 1D Earth structure (Li et al., 2020).

In Section 2.2, we describe the RSL data used in our modeling analysis (Section 2.2.1). We also
describe the 1D Earth GIA model (2.2.2), methods used to infer optimal model parameters and
uncertainty (2.2.3), and, finally, some details of the 3D Earth GIA model (2.2.4). Our results, presented
in Section 2.3, are partitioned into those for the 1D Earth model (2.3.1), the 3D Earth model (2.3.2),
and the history matching analysis (2.3.3). A general discussion of our main results placed in the context
of past work is provided in Section 2.4. Model output (optimal and uncertainty bounds) is made
available for end users to quantify the influence of GIA on contemporary vertical land motion
(Appendix 1) and RSL (Appendix 2) in our study region.

2.2. Methodology

2.2.1. Sea-level dataset

We have used two regional RSL data compilations for this analysis: one for eastern Canada (Vacchi
et al., 2018) and one for the eastern USA (Engelhart and Horton, 2012). Our dataset comprises 38 sites
distributed over seven subregions (see Figure 2.1). Sites 1-34 consist of the data compiled by Vacchi et
al. (2018), and sites 35-38, associated with Maine and Massachusetts, are from Engelhart and Horton
(2012).
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All the RSL data points were recalibrated using CALIB 8.2 (Stuiver et al., 2021) with a 2 range and
employing IntCal20 and Marine20 calibration curves (Heaton et al., 2020; Reimer et al., 2020; Stuiver
et al., 2021) for terrestrial and marine samples, respectively. Following Vacchi et al. (2018), the marine
reservoir correction was assumed to be constant for all marine indicators within a given site. This
correction was calculated based on the Marine20 database (Heaton et al., 2020) using the weighted
average of all marine samples located within a given site area. For cases where there were no marine
samples within a given site, we used the correction of the nearest marine sample to a given RSL data
point.

After completion of the calibration process, we removed limiting data points that do not provide any
additional constraints on the sea-level reconstruction at each site. This procedure is necessary as these
redundant data points do affect the calculated data-model misfit (via the value N in Eq. 2.2). The
following criteria were adopted to identify these redundant limiting data points: among several marine
(or terrestrial) limiting data points that have significant temporal overlap and do not show sharply falling
(or rising) RSL values, we consider only the highest marine (or lowest terrestrial) limiting data points;
in some periods in which there is a high density of sea-level index points (SLIPs), we only select those
limiting data points that complement the SLIPs, for instance, if they have lower uncertainty than the
surrounding SLIPs or fill the time gaps between SLIPs. As a visual example, Figure 2.S1 shows data at
site #5 before and after implementation of this limiting data ‘cleaning’ process and radiocarbon re-
calibration.

The total dataset used in this study comprises 1,013 RSL data points, including 544 SLIPs, 232
marine limiting data points, and 237 terrestrial limiting data points, after performing data cleaning
(Table 2.1). Following Vacchi et al. (2018) and Engelhart and Horton (2012), we subdivided the sites
into seven subregions (Figure 2.2) based on spatial variability in the RSL signature (which reflects the
deglaciation chronology) and/or the geomorphological setting (e.g., open coast, estuary, fjord). The
number of each data type in individual subregions and the spatial distribution of these data are indicated
in Table 2.1 and Figure 2.1, respectively. As described in Section 2.3, we consider data-model fits for
both the entire data set as well as the seven subregions identified in Figure 2.2 to examine the potential
importance of lateral variability in Earth structure. In the remainder of this section, we provide a brief
summary of the data in each of the seven subregions. Additional information can be found in the original
publications (Vacchi et al., 2018; Engelhart and Horton, 2012).

Hudson Bay (sites 1-7) is located at the central part of the former Laurentide Ice Sheet, where a
continuous RSL fall is clearly recorded during the entire Holocene at each site due to the GIA-induced
land uplift. The sea-level indicators for this subregion cover the past ~8.5 ka and limiting data points
are significant for constraining the RSL signal during the early- to mid- Holocene. Ungava Peninsula
(sites 8-11) is also characterized by uplift, and, therefore, a continuous RSL fall since ~9 ka. However,
the limited number of SLIPs in this area does not provide a robust constraint on the spatial variability
of RSL across the subregion. Therefore, limiting data points play an important role in constraining the
RSL signal at each site. Data from Labrador (sites 12-15) show an RSL fall during the whole Holocene
period; however, the RSL signal is constrained exclusively by limiting data points spanning the past
~10 ka (see Figure 2.2).
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Figure 2.1. Map showing the spatial distribution of RSL data used in this study. The data are grouped into 38 sites (black
rectangles) or, more generally, into seven subregions: Hudson Bay (HB, sites 1-7), Ungava Peninsula (UP, sites §-11),
Labrador (LB, sites 12-15), Newfoundland (NF, sites 16-20), St. Lawrence Corridor (SLC, sites 21-24), New Brunswick
and Nova Scotia (NN, sites 25-34), and Maine and Massachusetts (MM, sites 35-38). The locations of SLIPs, marine,
and terrestrial limiting data points are indicated by red, blue and green circles, respectively. See Table 2.1 for the number
of each data type (SLIPs, marine, and terrestrial limiting data points) in each subregion. Additional maps showing this
data distribution in more detail are provided in Figure 2.S2.

The RSL data for Newfoundland (sites 16-20) span the past ~16 ka and are mainly comprised of
limiting data points. There are two RSL patterns in this subregion: the northwestern part (i.e., site #16;
see Figure 2.S2) differs from the rest and can be characterized as an uplifting region such that RSL
drops from the mid to late Holocene; at the remaining sites (17-20), the RSL reconstructions show a
rapid drop to a lowstand in the early Holocene followed by a continuous RSL rise. This spatially
complex RSL history is thought to be associated with forebulge migration and associated hinge line
movement from the subsiding southeast coast to the uplifting northwest coastal region (Daly et al.,
2007; Shaw and Potter, 2015). The St. Lawrence Corridor (sites 21-24), with a dataset spanning the
past ~15 ka, also represents a transitional region in that RSL drops rapidly to current levels during the
early-Holocene, followed by a mid-Holocene highstand and a subsequent fall to the present.

RSL data from New Brunswick and Nova Scotia (sites 25-34) span the past ~17 ka and indicate two
RSL patterns (see Figure 2.2). Around the coasts of New Brunswick and western Nova Scotia (i.e., sites
25-27, 29, 33, and 34; see Figures 2.S2 and 2.1), RSL falls to a spatially variable early-Holocene
lowstand followed by a continuous RSL rise in the remaining Holocene period. In contrast, around
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eastern Nova Scotia located at the margin of the former Laurentide Ice Sheet (i.e., sites 28, 30-32), the
data show a continuous RSL rise during the Holocene, which indicates that rising global mean sea level
(GMSL) and collapse of the peripheral forebulge dominate at these sites. Since this subregion is close
to the margin of the Laurentide Ice Sheet at maximum extent, the timing of regional deglaciation is
earlier compared to the central areas (e.g., Hudson Bay). Finally, in Maine and Massachusetts (sites 35-
38), where the majority of SLIPs are from the past ~6 ka and the RSL history for early-to-mid Holocene
stems from limiting data points, there is a non-linear RSL rise during the Holocene.

Table 2.1. The number of RSL data points, after and before (square brackets) data cleaning, used to constrain the
GIA signal. Figure 2.1 indicates the spatial distribution of these data.

Subregion Number of SLIPs  Number of marine limiting Number of terrestrial
data points limiting data points
Hudson Bay 61 62 [114] 45 [68]
Ungava Peninsula 3 33 [61] 16 [18]
Labrador 13 [15] 33 [44]
Newfoundland 46 38 [50] 49 [61]
St. Lawrence Corridor 121 36 [59] 24 [53]
New Brunswick and Nova 171 36 [52] 50 [71]
Scotia
Maine and Massachusetts 142 14 [39] 20 [40]
Total = 1013 [1289] 544 232 [390] 237 [355]
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Figure 2.2. RSL reconstructions for the 7 subregions distributed over southeastern Canada and northeastern USA (see
Figure 2.1): Hudson Bay (HB), Ungava Peninsula (UP), Labrador (LB), Newfoundland (NF), St. Lawrence Corridor
(SLC), New Brunswick and Nova Scotia (NN), and Maine and Massachusetts (MM). Three symbols indicate the type
of sea-level indicator: SLIP, marine (or lower limit of RSL position), and terrestrial (or upper limit of RSL position).
The SLIP boxes indicate +2¢ uncertainty in RSL and age. For limiting data points, the horizontal and vertical bars
show +2¢ RSL age uncertainty and one side of the 26 RSL uncertainty, respectively. Figure shows the ‘cleaned’
version of the database in which redundant limiting data have been removed.

2.2.2. 1D GIA model and parameterization

The 1D GIA model used in this study calculates the response of a compressible Maxwell, spherically
symmetric Earth to a loading history, including ice and ocean components, with the ocean load
computed in a gravitationally self-consistent manner (Farrell and Clark, 1976; Kendall et al., 2005;
Mitrovica and Milne, 2003). The influence of GIA-derived perturbations in the Earth’s rotational
potential on RSL is included (Milne and Mitrovica, 1998; Mitrovica et al., 2005). Spatial fields are
truncated at spherical harmonic degree and order 256, providing a spatial resolution close to that of the
ice history models. The density and elastic structure of the model is based on the Preliminary Reference
Earth Model (PREM) (Dziewonski and Anderson, 1981). The key input parameters to the GIA
modelling are the deglaciation history and Earth viscosity structure, which are generally unknown in
advance and typically can be estimated through three approaches: (1) comparing model outputs to
different types of observations to constrain the optimal Earth rheology and ice loading history in a given
region (e.g., Lambeck et al., 2014, 1998; Love et al., 2016; Milne and Peros, 2013; Peltier et al., 2002;
Roy and Peltier, 2015; Yousefi et al., 2018), (2) independently determining the Earth viscosity structure
and deploying data for constraining the deglaciation history (e.g., Peltier, 2004), (3) a joint inversion
method to constrain the optimal combinations of ice loading history and viscosity structure, providing
minimum misfits (e.g., Caron et al., 2017; Lambeck et al., 2017). Based on consideration of the first
approach, this research aims to determine a GIA model parameter set that is compatible with
observations of past RSL changes and better constrain the uncertainty in these model input parameters
for southeastern Canada and northeastern USA. To partly quantify the impact of parametric uncertainty
on our results, we consider a broad parameter range for the Earth’s viscosity structure and a large suite
of ice loading histories. Due to model limitations and assumptions used in the forward modelling and
uncertainty in the observations, the solution is not unique, so we have more than one set of optimal
model input parameters that can fit the data well.

Three parameters characterize the viscous structure of the Earth model: an outer shell with high
viscosity (10* Pas) and varying thickness to simulate an elastic lithosphere (i.e., 46, 71, 96, and 120
km for lithospheric thickness, LT); an upper mantle region with uniform viscosity, extending from the
base of lithosphere to 670 km depth; and a lower mantle region with uniform viscosity from 670 km to
the core-mantle boundary (i.e., 2885 km). To accommodate the plausible variations in the viscosity
structure of the study region, we consider broad parameter ranges for the viscosity space, encompassing
11 values for the upper mantle viscosity (UMV): 0.05, 0.08, 0.1, 0.2, 0.3, 0.5, 0.8, 1,2, 3, 5 [x10*! Pas];
and 10 values for the lower mantle viscosity (LMV): 1, 2, 3, 5, 10, 20, 30, 50, 70, 90 [x10*' Pas].

We have made use of 34 ice history models (see Table 2.S1), consisting of ANU (Lambeck et al.,
2017); ICE-6G (Peltier et al., 2015); and a high-variance subset of 32 North American Ice Complex
models derived from a physics-based glacial system model, calibrated by regional observations
(Tarasov et al., 2012). In addition, the regional North American Ice Complex reconstructions from
Tarasov et al. (2012) (referred to as GLACI1D below) were patched into the ICE-5G global model
(Peltier, 2004; Love et al., 2016) for RSL computations. We use such a large suite of ice models to
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better sample the parametric uncertainty of this model input compared to most previous studies. Figures
2.S3 and 2.S4 display the average thickness and corresponding standard deviation of the 34 ice history
models at 21 and 10 ka. Figure 2.S5 illustrates the temporal evolution of ice thickness from 21 ka to the
present day for two locations with significant standard deviation values (see white triangles in Figures
2.S3 and 2.S4): southeastern Canada at 21 ka (average position in site #21 from St. Lawrence Corridor)
and southern Hudson Bay at 10 ka (average position in site #4 from Hudson Bay). The modeled North
American Ice Sheet Complex was at its maximum extent at 21 ka, with the thickest ice situated to the
west of Hudson Bay. After 21 ka, there was not a major reduction in ice extent until ~15 ka (see Figure
2.S5). According to all 34 ice history models, the ice extent from eastern Canada and Hudson Bay was
completely deglaciated by ~10 and ~7 ka, respectively. In addition, our results indicate that the ice
history is less well constrained (i.e., standard deviation of considered ice models is a maximum) in
southeastern Canada and northeastern USA at 21 ka (Figure 2.S3) and in the Hudson Bay area at 10 ka
(Figure 2.54).

2.2.3. Estimation of model parameters

Constraining a set of Earth model parameters was carried out through a comparison between GIA
model outputs and observations of paleo RSL. Due to the non-uniform distribution of RSL data points
in space and time, a spatio-temporal weighting process was conducted on each RSL data type (i.e.,
SLIPs, marine, and terrestrial limiting data points) separately so that the effect of data clustering on the
data-model misfit analysis is reduced (Briggs and Tarasov, 2013). In terms of spatial weighting, the
RSL uncertainty of each data point is scaled through the square root of the number of RSL data points
in each site divided by the square root of the total number of RSL data points in the associated subregion
(e.g., Hudson Bay). For temporal weighting, we considered four time bins based on the temporal
distribution of RSL data points, encompassing 0-3, 3-6, 6-9, and older than 9 ka. Similar to the spatial
weighting, the RSL age uncertainty is scaled based on the square root of the number of RSL data points
falling into each time bin divided by the square root of the total number of RSL data points. The spatio-
temporally weighted RSL data were utilized for the misfit analysis to determine optimal GIA model
parameters within the explored parameter space.

The misfit analysis was carried out on SLIPs and limiting data points (LDPs in Equation 2.2)
separately based on Equations 2.1 and 2.2, respectively (Mitrovica et al., 2000):

data model\ 2 data_,model\ 2
5 _ i N RSLl- —RSLi + t; —-t; 2
sLips =y | Zi=1 — (2.1)

Arsl,i At,i
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)2 (2.2)
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Here, RSL%%*® and RSLT**®¢" are the observed and predicted RSL for the i RSL data point; t*t*
and t™°?%! are the observed and predicted RSL age for the i RSL data point; A; and Aw; are 1o age
and RSL uncertainties of the i RSL data point; and N is the total number of SLIPs (in Eq. 2.1) and
limiting data points (in Eq. 2.2) in the considered dataset. In Eq. 2.1, the RSL curve is calculated at each
SLIP position (i.e., latitude and longitude) and the closest point on this curve to that SLIP, namely
RSL4¢l s estimated through the norm-2 distance or Euclidean approach (Mitrovica et al., 2000).
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Given that each limiting data point only provides a one-sided bound on RSL, the Euclidean approach
cannot always produce an accurate estimate of the closest point on the RSL curve to each limiting data
point. Therefore, an alternative approach is used to estimate the misfit value based on limiting data
points: two RSL values on the model curve are computed at the minimum and maximum of the age
bound of each limiting data point and if at least one of the computed RSL values in the case of marine
(or terrestrial) limiting data points is greater (or less) than RSLY**®  the related data-model misfit is
considered zero, otherwise it is estimated from Eq. 2.2 at the mid-point of the age uncertainty range.
We also considered an approach that involved assigning asymmetric uncertainty bounds to the limiting
data such that the marine/terrestrial limiting data had upper/lower uncertainty ranges that were
considerably larger than the lower/upper ranges. This approach and the one described above gave close
to identical results and so the first method described was applied to generate the final results as it avoids
the (non-trivial) task of assigning upper/lower RSL uncertainty ranges to marine/terrestrial limiting
data.

To determine the best-fitting Earth model parameters, the data-model misfits are estimated (from Eq.
2.1 and 2.2):

0 = Osuips + 0.5 X Opps (2. 3)

For each combination of 440 Earth models and 34 ice loading histories, namely a total of 14,960
Earth-ice model parameter combinations (or model runs). The misfit value based on limiting data is
weighted by 0.5 as these data provide only one-sided bounds on RSL and so two limiting data points
are required to produce a constraint similar to that of a SLIP.

2.2.3.1. Estimation of model uncertainty bounds

In addition to determining an optimal GIA model parameter set, we estimate the uncertainty
associated with this estimate. We utilize the heuristic and nominal Bayesian approaches described by
Love et al. (2016), alongside a history matching approach which provides a suite of plausible model
parameter values for a defined statistical threshold and explicitly includes the consideration of structural
uncertainty in the GIA model (Tarasov and Goldstein, 2023).

In the heuristic approach, the upper and lower bounds are estimated independently by specifying a
criterion ([P + (100 - P)/2]% (P = 68.27% for 1o uncertainty) that defines the minimum percentage of
SLIPs that must pass above (for lower bound) or under (for upper bound) a given model run (or
parameter set). If the percentage of SLIPs that lie above (or below) a given model curve is greater than
the threshold, that model can be considered as a lower (or an upper) bound (Love et al., 2016). Finally,
among the possible upper and lower bounding models, the two that provide the minimum misfits
(Equations 2.1 and 2.2) are selected as the upper and lower bounding runs. It should be noted that this
approach does not always result in one or both bounding models being identified. This can be due to
the poor quality of data-model fits for a given dataset, a lack of SLIPs, or a combination of both. For
example, this approach did not result in any bounding models for each of the 7 subregions (Figure 2.2)
based on 20 uncertainty (i.e., considering P = 95.45% in the bounding threshold), and so a 16 P value
was used. We also made use of another bounding criterion based on limiting data points, [(100 - P)/2]%
for P = 68.27%, to determine whether the lower and upper bounds estimated from the bounding
threshold defined by SLIPs are compatible with marine and terrestrial limiting data points.
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Because the heuristic approach does not result in bounding models in some regions, we also utilized
a Bayesian approach (Love et al., 2016). As per Bayes’ rule, the posterior probability (i.e., P(m|d)) is
estimated from the prior probability (i.e., P(m)) and the likelihood function (i.e., P(djm)):

__p(d|m).p(m)
- c

P(m|d) (2.4)

P(d|lm) = e % (2.5

Here, 6 is the data-model misfit parameter estimated for each Earth model parameter set (Eq. 2.3),
m is the parameter vector or model configuration, d is the observation vector, and C is a normalization
constant to ensure that posterior probabilities sum to one over the entire model ensemble. The likelihood
function showing the closeness of the model outputs to the observations is defined as an exponential
function and the prior indicating our knowledge regarding the model parameterization prior to analyzing
data is assumed to be uniform. By defining an uncertainty threshold (e.g., 1o, 20, etc.), a sub-ensemble
with cumulative posterior probabilities that satisfy this threshold compatible is calculated. From the
parameter values within this sub-ensemble, the lower and upper bounds are determined based on the
consideration of minimum and maximum modeled RSL values at each site and age. Therefore, the
uncertainty bounds in this case represent output from a range of model parameter sets, in contrast to
those determined from the heuristic approach where each model bound is based on a distinct parameter
set (single model run). Since a 16 uncertainty range was used in determining the heuristic model bounds,
the same threshold was used in calculating the nominal Bayesian bounds. This choice explains why 1o
data uncertainties are shown on figures rather than the more conventional 26 ranges — Figure 2.2 is the
only exception.

When applying the nominal Bayesian approach, we scaled data-model misfit () values in Equation
2.5 to arrive at a preferred scaling factor for each dataset (i.e., all data or a regional subset). This was
done to ensure that the uncertainty bounds were consistent with a statistically appropriate number of
limiting data — in our case, 68.27% since we have adopted a 1o uncertainty threshold. The proportion
of limiting data points compatible with the inferred bounds was calculated for different scale factors,
and the optimal scale factor is the minimum one that satisfies the 1 uncertainty threshold. This means
that the obtained uncertainty bounds are compatible with at least 68.27% of the limiting data points in
the dataset being considered.

As a preliminary test of a much more statistically robust approach than traditional Bayesian posterior
inference, we use the history matching approach described by Tarasov and Goldstein (2023). This is an
approach that focuses on bracketing reality rather than defining an optimal (best-fit or most likely)
model parameter set. In our application of this approach, we also seek to define model bounds that are
based on a single ice history across the entire region. This contrasts to the heuristic and Bayesian
methods described above. A comparison of the results of the three approaches is provided in Section
23.4.

While a full history matching analysis would consist of a detailed assessment of model structural
uncertainty along with a sequence of iterations, referred to as 'waves', in which the subset of parameter
vectors that are deemed plausible are determined with adequate sampling of model parameters (Tarasov
and Goldstein, 2023), we apply here a simplified approach in which only a single pass is made to
determine a set of tentatively plausible parameter vectors. To be consistent with the nominal Bayesian
approach described above, we define an implausibility measure (/M) that reflects our definition of data-
model misfit (Equations 2.1 and 2.2). For a given parameter vector (i.e., Earth-ice model parameter set),
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IM is calculated separately for each SLIP and limiting data point (LDP in Eq. 2.7) using the following
equations:

(RSL‘l-iam—RSL?wdel)z (tlgiata_tl?nodel)z

2, 2
ATSl.l + Ostruct rsli

IME p = (2.6)
SLIP 2 2 .
A+ Ostruct t,i

2
(RSL?ata—RSL?wdel)

2, 2
ATSl.l + Ostruct rsli

Here, Gstruct 15 and Gt 1 represent the structural model error at the location and age of the i™ RSL
data point. The other terms are identical to those utilized in Equations 2.1 and 2.2. The structural
uncertainty in the (1D) GIA modeling originates from different sources, for example: the presence of
lateral viscosity variations in the study region, the possible influence of non-Maxwellian deformation
in the RSL response, and inaccuracy in the ice history reconstructions. In this study, which is largely
based on 1D Earth models, we explicitly consider the effect of laterally variable Earth structure as a
source of structural uncertainty based on the results from the 3D GIA modelling (Section 2.2.4). Since
we do not accurately quantify the structural uncertainty associated with the lateral viscosity variations
(we only consider two 3D runs in this study), we provide an estimate that is the average of the two 3D
runs at the location and age of each data point. A crude estimate of other contributions to model
structural error is 5% of the RSL (height) or age of a given data point. Thus, the model structural error
is defined as follows:

Guaructrsts = | (SFuy X ofy)? + (0.05 X RSLL0)2 (2.8)

Ostruct t,i = 0.05 x tidata (29)

Here, o}y is the structural uncertainty due to lateral viscosity variations for the i" RSL data point,
calculated from the results of 3D GIA modelling as described above. We scaled o}, by a value SF.y
that is adjusted until an adequate number of plausible parameter vectors is determined across the entire

data set (a final value of 1.5 was adopted). This set of plausible parameter vectors is termed “not ruled
out yet” (NROY).

Model parameter vectors that result in an implausibility value below a certain threshold across 95%
of the complete dataset are accepted as NROY (95% is based on the assumption that /M has a continuous
unimodal distribution; see Section 3.1 of Tarasov and Goldstein, 2023). We adopt a rejection threshold
of 3 which is the minimum value commonly used for history matching (Tarasov and Goldstein, 2023).
Since we consider both height and time for SLIPs, the threshold /M value is adjusted to V32 + 32 =
V/18. Those troubled by the unimodality assumption should note that this is, in part, offset by the above
quadrature of RSL height and time thresholds which would only be strictly justified if height and time
residuals were independent, which is clearly not the case. Since the SLIPs and limiting data have a
different IM threshold, they are considered separately in determining the NROY parameter set.

The rationale behind the history matching approach, as applied here, is to define model uncertainty
bounds based on a uniform ice history for the whole study region (i.e., an ice history model common
among all reduced NROY sets), while allowing for varying Earth model parameter vectors between
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each subregion (e.g., Hudson Bay versus Newfoundland). Therefore, for ice models that are NROY,
the next step is, for each subregion, to identify which parameter vectors produce RSL values that lie,
on average, above or below the SLIP data (a regional average of RSLT°%€! — RS1#3%4{5 computed for
this purpose). From these parameter vectors, bounding models for a common ice history model are
chosen.

2.2.4. 3D GIA modelling

To assess the importance of lateral viscosity variations in our study region, we apply the 3D GIA
model originally presented by Latychev et al. (2005), which computes the GIA response of a self-
gravitating, elastically compressible 3D Maxwell viscoelastic Earth to a specified surface loading
history using a numerical finite-volume approach. In addition, the influences of rotational feedback and
time-varying shorelines are also considered in the computation of solutions and output surface
observables, including vertical land motion, gravity perturbation, and RSL. The lateral perturbation of
mantle viscosity is superimposed on a reference 1D structure that is the optimal Earth-ice model
parameter set determined by the data-model misfit analysis based on the 1D modelling for the whole
study region. The lateral viscosity structure is based on a global shear wave velocity model using the
following equations (Latychev et al., 2005; Austermann et al., 2013):

dInp(r,6,9) = Slnp (r)dInvs(r,6,¢p) (2.10)

6 Invg

§T(r,0,p) = —ﬁﬁnp(r,@,(p) (2.11)

n(r,8,9) = 1o(r)e”TTE)  (2.12)

Here, r, 0, and ¢ are the radius, colatitude, and east longitude, respectively. The adopted 3D seismic
shear velocity model (Jlnvy) is converted to density variations, dlnp, based on a depth-dependent

Glnp (r) (see Eq. 2.10). The radial profile of Forte and Woodward (1997)

logarithmic scaling factor, 5w,

is adopted for the velocity-to-density scaling coefficient that accounts for both anharmonic and elastic
effects (Karato, 1993).

According to Eq. 2.11, the temperature variation (67) is then calculated by scaling the density
variation using the depth-dependent thermal expansion coefficient, a(7). The results from Chopelas and
Boehler (1992) are adopted here. Finally, the variation in temperature is utilized to compute a 3D
viscosity structure (1) through a reference 1D viscosity profile (#9) and using an exponential function
of the scaled temperature variations (with a scaling constant £ = 0.04 "C™'"). We considered two seismic
models: S40RTS (Ritsema et al., 2011) and a composite model where S40RTS was replaced by the
higher resolution upper mantle model SL2013sv (Schaeffer and Lebedev, 2013). In producing the
composite case, the two models were merged over a depth range of several hundred km to avoid adding
large and inaccurate velocity gradients.

2.3. Results

Section 2.3.1 focuses on the determination of optimal model parameters and uncertainty bounds
(Section 2.3.1.1) and comparison of model output to observations (2.3.1.2). Section 2.3.1.1 considers
the impact of partitioning the dataset into smaller regions to determine if significantly improved fits can

be obtained via this partitioning (as a crude way to incorporate the influence of lateral structure). In
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Section 2.3.2, the preliminary results of the 3D GIA modelling, based on two seismic tomography
models, are presented and compared with the results of the 1D analysis. In Section 2.3.3, we discuss
the preliminary results of the history matching approach on determining model uncertainty bounds and
compare with those determined using the nominal Bayesian approach. Finally, in Section 2.3.4, we
provide a general discussion of our key results with some comparisons to previous work and suggestions
of worthwhile avenues for future work.

2.3.1. 1D Earth model analysis

2.3.1.1. Determination of regional partitioning, optimal parameter sets and model
uncertainty

We estimated optimal Earth-ice model parameters for the whole study region by determining the
parameter set that minimized the data-model misfit parameter (d) for the complete dataset (SLIPs and
limiting data points). Figure 2.3 indicates that the optimal Earth model parameters are: LT = 96 km,
UMV = 0.3x10*' Pas, LMV = 1x10?' Pas, and ice loading history GLAC1D-na8005 (ice model index
= 32). Generally, as the lower frame in Figure 2.3 shows, the lowest values for the misfit parameter can
be produced for low LMV (1-3x10?' Pas) and UMV = 0.2-0.5x10*' Pas. We note that good fits were
also obtained with ice models 2-4 (Table 2.S1) for similar UMV and LMV ranges (top and middle
frames of Figure 2.3). Optimal model curves and uncertainty bounds estimated from the nominal
Bayesian approach for the whole study region (sites 1-38) are shown in Figure 2.S6 (no lower bounding
model was distinguished using the heuristic approach, so heuristic bounds are not plotted). Figure 2.S6
indicates that the optimal model does not provide a quality fit at most sites between 1-25 (approx.) with
the fit at sites 26-38 being, overall, a higher quality in comparison. It is also evident that the estimated
model uncertainty is too broad at many sites with the upper/lower bounds often conflicting with
terrestrial/marine limiting data points (e.g., site #8). Clearly, the model is struggling to match the large
variation in the observed RSL signal across this broad region.
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Figure 2.3. Data-model misfit values (8) for the whole study region as a function of (from top to bottom) UMV
and ice loading history when LMV is constant (10! Pas), LMV and ice loading history when UMV is fixed at
0.3x10?! Pas, and LMV and UMV for GLAC1D-na8005 (ice history index = 32). In all 3 plots, the lithospheric
thickness is 96 km. Note that these plots do not necessarily display all the minimum and maximum values of 6
for the parameter space considered.

To determine if spatial partitioning of the data can result in improved fits (as a precursor to the 3D
analysis), we identified the optimal Earth model parameter sets for each of the seven subregions (see
Section 2.3.1.2) and considered whether there is similarity in the preferred viscosity space and ice
loading history between different subregions. A number of ice models can produce good data-model
fits for Hudson Bay, Ungava Peninsula, and Labrador for low LMV and intermediate to high UMV
values (see Figure 2.S7 for results based on the ANU ice model). Hence, we merged these three
subregions into a single, larger subregion (called “HUL”). Moreover, Newfoundland, St. Lawrence
Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts are combined into one
subregion (called “NSNM”) based on the results of the 1c5-uncertainty analysis because several ice
loading histories can provide good fits for intermediate viscosity values in LMV and UMYV in each of
these subregions (see Figure 2.S8 for results based on the GLAC1D-na8005 ice model). We note that
relatively high LMV and UMV values can also provide decent fits. This partitioning of the entire dataset
into two larger subregions (illustrated in Figure 2.S9), (i) HUL (sites 1-15; close to the middle
part/thickest section of the Laurentide Ice Sheet) and (ii) NSNM (sites 16-38; along the Atlantic coast
of Canada and northern USA, close to the ice margin), can result in good quality fits to RSL data that
are comparable to those obtained by partitioning into smaller regions, as demonstrated in Section
2.3.1.2. We now proceed to identify optimal model parameters for the expanded subregions HUL and
NSNM. A summary of the optimum (and bounding) parameter sets is provided in Table 2.2.

Figure 2.4 indicates misfit analysis results for the HUL subregion (sites 1-15). Each frame shows
misfit values while varying two (out of four) model input parameters (see caption for details). The top
and middle panels indicate the sensitivity of data-model misfits to variations in the deglaciation history
and UMV (top) and LMV (middle). Across the ice models considered, the results indicate a preference
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for very low LMV and medium to high UMV. The best fits occur for LMV = 10* Pas, UMV = 2x10*'
Pas, LT = 120 km, and ice history GLAC1D-na9927 (ice history index = 3) (see bottom frame). This
optimal parameter set is somewhat unconventional in that the UMV is double that of the LMV. Of
course, when uncertainty in the parameter inference is considered (e.g., see Table 2.2), there are
parameter sets that give similar fits in which UMV is lower than LMV (as also evident in Figure 2.4,
bottom frame).
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Figure 2.4. Data-model misfit values (8) for the HUL geographic subset as a function of (from top to bottom)
UMYV and ice loading history when LMYV is constant (10*' Pas), LMV and ice loading history when UMV
is fixed at 2x10%' Pas, and LMV and UMV for GLAC1D-na9927 (ice history index = 3). In all 3 plots, the
lithospheric thickness is 120 km. Note that these plots do not necessarily display all the minimum and
maximum values of 6 for the parameter space considered.
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Figure 2.5 indicates the sensitivity of the misfit function () to different model parameters for
the NSNM subregion (sites 16-38). The results demonstrate that for the considered parameter
ranges, the data-model misfit for this subregion is more sensitive to changes in the deglaciation
history compared with the HUL subregion (compare top and middle frames in Figures 2.4 and 2.5;
note that the scale bars have different ranges). This reflects the location of NSNM sites being more
proximal to the margin of the Laurentide ice sheet compared to HUL sites. The results show that
some of the ice models considered (indexes 5, 9, 13-15, 17-18) give very poor fits overall,
particularly for relatively low LMV values. In general, intermediate UMV and LMV values result
in good fits (specifically, UMV = 0.5-1x10?' Pas and LMV = 20-30x10?' Pas) (lower frame). This
is compatible with the optimal region of UMV-LMYV viscosity space when considering the entire
dataset (Figure 2.3), indicating that this local minimum is largely associated with the NSNM
subregion. Based on the input parameter ranges explored, the optimal Earth model parameter set
was determined to be LT = 120 km, UMV = 0.8x10*' Pas, LMV = 30x10*! Pas, and ice loading
history GLAC1D-nal259 (ice model index = 16). Our results suggest a preference for a higher
lower mantle viscosity for the NSNM subregion along the eastern coast of Canada (close to the ice
margin) compared to the HUL subregion close to the central section (the thickest section) of the
ice coverage.
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Figure 2.5. Data-model misfit values () for the NSNM geographic subset as a function of (from top to bottom)
UMV and ice loading history when LMV is constant (30x10%!' Pas), LMV and ice loading history when UMV
is fixed at 0.8x10*! Pas, and LMV and UMV for GLAC1D-nal259 (ice history index = 16). In all 3 plots, the
lithospheric thickness is 120 km. Note that these plots do not necessarily display all the minimum and maximum
values of 8 for the parameter space considered.

The results in this section suggest the presence of lateral variation in Earth viscosity structure between
central, near-field regions (HUL) and those closer to ice-marginal, coastal regions (NSNM). This will
be explored further in Section 2.3.2 where output from a 3D Earth model is presented.

Table 2.2. Earth model parameter sets for the optimal (minimum misfit) and bounding cases (heuristic approach)

for the HUL and NSNM subregions. Accepted model parameter ranges determined from the nominal Bayesian

uncertainty analysis are also provided for each subregion. For the HUL region, the LMV values in parentheses
appear only once or twice in the accepted sub-ensemble of parameter vectors.

GLACID-nal287,
GLACI1D-nal259,

Subregion Model Ice loading LT (km) | UMYV (x10*! Pas) | LMYV (x10%! Pas)
history
Whole study region Optimal GLAC1D-na8005 96 0.3 1
HUL (sites 1-15) Optimal GLAC1D-na9927 120 2 1
Lower bound
o ANU 96 0.2 1
(heuristic)
Upper bound
o GLAC1D-nal287 71 1 10
(heuristic)
GLAC1D-na9927,
GLACI1D-na989%4,
Accepted
GLACI1D-na6439, | 46 -120 02-5 1(2,30)
models/ranges
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GLACI1D-na6575,
GLAC1D-na9852,
GLAC1D-na6478,
GLAC1D-na8005,
GLAC1D-na6318,
GLAC1D-na6642,

ICE-6G,
ANU
NSNM (sites 16-38) Optimal GLAC1D-nal259 120 0.8 30
Lower bound
o GLAC1D-na6053 120 0.8 50
(heuristic)
Upper bound
o GLAC1D-nal263 120 0.1 10
(heuristic)
GLAC1D-nal259,
GLAC1D-na8005,
GLACI1D-na6575,
GLAC1D-na9927,
GLAC1D-na9894,
Accepted
GLAC1D-na8025, | 71-120 02-1 2-50
models/ranges

GLAC1D-na6457,
GLAC1D-na6439,
GLAC1D-na6244,
GLAC1D-na6478,
ICE-6G

2.3.1.2. Regional parameter estimates and data-model fits

In this section, we assess data-model fits for the optimal and bounding model parameter sets
associated with the HUL and NSNM partitioning compared to optimal parameter sets obtained from a
more detailed partitioning (i.e., 7 sub-regions, Figures 2.1 and 2.2) to demonstrate that the
improvements gained via more detailed partitioning are relatively minor. More importantly, our results
show that the model uncertainty bounds for the HUL and NSNM regions bound the optimal model
curves (for each subregion; Figure 2.2) at most locations and times.

2.3.1.2.1. Hudson Bay (sites 1-7)

In a broad sense, RSL reconstructions from this subregion have a preference for low LMV and
intermediate-high UMV values (see Figure 2.S10, lower frame). This can also be inferred from the
middle frame showing the misfit value as a function of ice history and LMV (for the chosen values of
LT and UMV) and the upper frame showing the misfit value as a function of ice history and UMV (for
the chosen values of LT and LMV). The results show that good fits are achieved by LMV less than
about 3x10*' Pas and UMV greater than about 0.1x10?' Pas. The Earth model parameter vector that
produces the best data-model fits is LT = 96 km, UMV = 0.2x10?' Pas, LMV = 2x10*! Pas, and the
ANU ice model (ice history index = 1). However, it is evident from Figure 2.S10 that other parameter
vectors can provide good fits to this dataset. For very high UMV and LMV, the data-model fits
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associated with all ice history models are poor. In addition, the misfit pattern for Hudson Bay is similar
to that for HUL (Figure 2.4) because most SLIPs within HUL (61 out of 64) are from Hudson Bay (and
the weight of SLIPs in the misfit analysis is twice that of limiting data points).

Figure 2.6 shows that the optimal model curve for the Hudson Bay dataset (red line) is able to fit the
reconstructed RSL records reasonably well, except for a relatively small number of outliers — most
notably at sites #3 and #7 where the model fits are poorest. This data-model discrepancy reflects some
limitations in both the GIA model (e.g., the presence of lateral viscosity structure) and the RSL dataset
(e.g., outliers that require re-assessment such as the anomalously high SLIP at site #3 dating to ~2 ka
and the anomalously low SLIP at site #7 dating to ~7 ka). The optimal model curve for this subregion
is compatible with the optimal model curve for the larger (HUL) region (orange line) to within the
estimated uncertainty bounds at all sites using the heuristic approach (black-dashed lines) and the
nominal Bayesian approach (green-dashed lines). A comparison between the optimal model curve
obtained from HUL RSL data points and that from only Hudson Bay RSL data points demonstrates that
the quality of fit is similar for both parameter sets. The heuristic bounds are wider than the nominal
Bayesian bounds in this region, and we note that the heuristic bounds are incompatible with most of the
limiting data.
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Figure 2.6. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the
Hudson Bay (HB) dataset (sites 1-7). The orange line indicates the RSL prediction based on optimal Earth-
ice model parameters derived from the analysis of the HUL dataset (sites 1-15, after partitioning the whole
study area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the
heuristic approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves
are plotted at the average position of all RSL data points within each site (see the white diamonds in Figure
2.S2). The dimension of each SLIP box shows *+1c uncertainty in RSL and age. For limiting data points,
the horizontal and vertical bars show +1c RSL age uncertainty and one side of the 16 RSL uncertainty,
respectively (the misfit analysis was carried out based on the 1o uncertainty in RSL and age).
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2.3.1.2.2. Ungava Peninsula (sites 8-11)

The sensitivity of the data-model misfit to different model input parameters is shown in Figure 2.S11.
Based on the ranges of the input parameters explored, the results indicate that the misfit parameter (J)
has a low sensitivity to changes in UMV and greater sensitivity to changes in LMV and the ice loading
history. Compared to Hudson Bay, fewer Earth model parameter sets can fit well the RSL data points,
which are mostly limiting data points. For all ice history models, the best fits occur for very low LMV
(10! Pas) with some UMYV trade-off. Generally speaking, for all ice history models, the data-model fits
are poor for very high UMV and LMV as well as for intermediate to high values of UMV and LMV
greater than ~2x10?' Pas. We note the existence of a local minimum for LMV greater than ~50x10?'
Pas and UMV of 0.8-1x10*' Pas for some ice models (including the optimal model, GLAC1D-nal415).

The optimal parameters for this subregion are LT = 71 km, UMV = 0.5x10*' Pas, LMV = 10*' Pas,
and ice model GLAC1D-nal415 (ice history index = 19). The optimum data-model curve (red line in
Figure 2.7) shows that there is a good agreement between the model predictions and observations: the
optimal model RSL curve fits well all limiting data points (except for a marine limiting data point at ~4
ka at site #9). The data require a strong curvature of the RSL predictions in the late Holocene, hence
the preference for low LMV values. The optimal model curve for Ungava Peninsula (red line) is
generally not compatible with the optimal HUL model curve (orange line) when considering the
nominal Bayesian uncertainties, but lies close to the lower heuristic bounding model curve at most sites
and for most of the time period considered. According to Figure 2.7, at some sites, the optimal Ungava
Peninsula model curve provides relatively better fits to some limiting data points (e.g., some terrestrial
limiting data points during the late Holocene at site #8) and the regional (HUL) optimal model curve
(orange line) can be more compatible with some other RSL data points (e.g., a marine limiting data
point and a SLIP at ~4 ka at sites #9 and #11, respectively). Since the number of SLIPs is limited for
Ungava Peninsula (only 3 SLIPs at site #11), the heuristic bounding models are not very accurate and
are incompatible with some limiting data points. We also note that the heuristic bounds also cross at
sites #10 and #11 which does limit their utility for the older data at these sites. This aspect of the
heuristic approach relates to the bounds being based on single model runs (parameter sets) that are
computed using observations from the larger HUL region. The nominal Bayesian approach avoid this
issue but with the caveat that the bounds generally represent output from multiple model runs (based
on different parameter sets).
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Figure 2.7. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the
Ungava Peninsula (UP) dataset (sites 8-11). The orange line indicates the RSL prediction based on optimal
Earth-ice model parameters derived from the analysis of the HUL dataset (sites 1-15, after partitioning the
whole study area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the
heuristic approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves are
plotted at the average position of all RSL data points within each site (see the white diamonds in Figure 2.S2).
The dimension of each SLIP box shows +1c uncertainty in RSL and age. For limiting data points, the horizontal
and vertical bars show £1c RSL age uncertainty and one side of the 16 RSL uncertainty, respectively (the
misfit analysis was carried out based on the 1o uncertainty in RSL and age).
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2.3.1.2.3. Labrador (sites 12-15)

In this subregion, model constraints are based solely on limiting data points. According to Figure
2.512, the data-model misfit parameter is less sensitive to changes in UMV and more sensitive to
variations in LMV and the deglaciation history. Generally speaking, the better fits are found at very
high UMV and LMV values as well as low LMV (1-5x10*' Pas) and UMV of 0.2-0.3x10*' Pas. The
intermediate-high LMV and low-intermediate UMV values, along with low LMV (2-5x10*' Pas) and
high UMV values (2-5x10*' Pas), produce poor fits. The optimal model input parameters are LT = 96
km, UMV = 0.2x10*' Pas, LMV = 2x10*' Pas, and ice model GLAC1D-nal1263 (ice history index = 9).
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Figure 2.8 indicates that the optimal GIA model curve for Labrador (red line) provides good a fit to
the data with all marine limiting data points being satisfied. There is some incompatibility with some
terrestrial limiting data points, however (e.g., a terrestrial limiting data point at ~5.5 ka at site #14). The
heuristic model bounds define a narrower range compared to the nominal Bayesian ones at sites #12
and #13. Moreover, the optimal model curve for Labrador lies relatively close to the lower heuristic
bounding model at sites #12 and #13. The optimal model curve for Labrador is compatible withs the
optimum regional (HUL) curve at sites #12, #13, and #15 and for most of the Holocene at site #14 when
considering the nominal Bayesian uncertainty bounds. These uncertainty bounds are not completely
compatible with limiting data points (e.g., at site #15, the upper bound is not consistent with some
terrestrial limiting data points in the middle Holocene).
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Figure 2.8. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the
Labrador (LB) dataset (sites 12-15). The orange line indicates the RSL prediction based on optimal Earth-ice
model parameters derived from the analysis of the HUL dataset (sites 1-15, after partitioning the whole study
area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the heuristic
approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves are plotted at
the average position of all RSL data points within each site (see the white diamonds in Figure 2.S2). The
dimension of each SLIP box shows +1c uncertainty in RSL and age. For limiting data points, the horizontal
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and vertical bars show £1c RSL age uncertainty and one side of the 16 RSL uncertainty, respectively (the
misfit analysis was carried out based on the 16 uncertainty in RSL and age).

2.3.1.2.4. Newfoundland (sites 16-20)

Figure 2.513 shows the sensitivity of the data-model misfit parameter (8) to changes in each model
input parameter. Compared to the subregions mentioned above, the misfit values for this subregion are
more sensitive to changes in the ice loading history. As noted above, this reflects the proximity of this
location to the ice margin when the ice sheet was at its maximum extent. Moreover, the misfit parameter
is less sensitive to changes in LMV relative to variations in UMV. Most ice history models bring about
poor fits for UMV of 0.2x10?' Pas and less (for all LMV values) as well as low-intermediate LMV and
intermediate-high UMV values. In a broad sense, the intermediate UMV space (0.3-0.5x10*' Pas; for
all LMV values) and high UMV and LMYV values can result in good fits. The optimal model parameters
in this case are: LT = 120 km, UMV = 0.5x10*! Pas, LMV = 30x10*' Pas, and ice loading history ICE-
6G (ice model index = 2).

The model RSL curve associated with the best Earth model parameter set for Newfoundland (red line
in Figure 2.9) provides good fits to RSL data points at all sites, except for some inconsistencies. The
model cannot capture several marine limiting data points at two sites: #16, during ~8-12 ka; and #18,
during ~12-16 ka. It should be noted that these misfits are mainly systematic rather than the existence
of some. single, isolated data points as outliers and, therefore, could reflect structural error in the model.
It is evident that the optimal model curve obtained from the NSNM dataset (orange line) cannot fit RSL
data points at site #16, while the optimal parameter set when considering only the Newfoundland dataset
(red line) provides a better fit (the main difference between two optimal models arises from the ice
loading history model). At sites #17 and #19, both optimal models (red and orange lines) have the same
quality of fit (a SLIP in site #17 at ~12 ka cannot be fit by either optimal model). At site #18, the optimal
model curve based on the NSNM dataset provides much better fits to marine limiting data points.
Moreover, at site #20, most of the marine limiting data points before the Holocene period are more
compatible with the red line. As for Ungava Peninsula (Section 2.3.1.2.2), the heuristic bounding
models cross at each site, limiting their utility. Finally, the optimal model is entirely compatible with
the optimum regional curve (associated with NSNM) when considering the nominal Bayesian
uncertainty bounds.
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Figure 2.9. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the
Newfoundland (NF) dataset (sites 16-20). The orange line indicates the RSL prediction based on optimal Earth-

ice model parameters derived from the analysis of the NSNM dataset (sites 16-38, after partitioning the whole
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study area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the heuristic
approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves are plotted at
the average position of all RSL data points within each site (see the white diamonds in Figure 2.S2). The
dimension of each SLIP box shows +1c uncertainty in RSL and age. For limiting data points, the horizontal
and vertical bars show £1c RSL age uncertainty and one side of the 16 RSL uncertainty, respectively (the
misfit analysis was carried out based on the 16 uncertainty in RSL and age).

2.3.1.2.5. St. Lawrence Corridor (sites 21-24)

According to Figure 2.S14, the data-model misfit patterns for this subregion are broadly similar to
those for Newfoundland (see Figure 2.S13): good fits are limited to the intermediate UMV space (0.2-
0.5x10*' Pas; for all LMV values) and relatively high UMV and LMV values. The optimal Earth model
parameters for this subregion are estimated to be LT = 46 km, UMV = 0.3x10*' Pas, LMV = 10x10*'
Pas, and ice loading history GLAC1D-na6478 (ice history index = 7). The poorest fits occur at UMV
of 0.1x10?' Pas and less (for all LMV values) as well as low-intermediate LMV and intermediate-high
UMV values. Furthermore, the sensitivity of data-model misfit to changes in LMV is small compared
to variations in UMV.

The optimal GIA model curve for this subregion (red line in Figure 2.10) can fit reasonably well the
majority of RSL data points, especially limiting data points. However, matching the relatively stable
RSL values during the mid-to-late Holocene is a challenge. The relatively broad nominal Bayesian
uncertainty bounds (green dashed lines in Figure 2.10) are related to trying to get as close as possible
the older SLIPs while still being consistent with limiting data points. Moreover, the optimal model
curve for this subregion (red line) is compatible with the NSNM optimum curve (orange line) to within
the uncertainty bounds at all sites estimated from the nominal Bayesian approach and all sites except
site #24 using the heuristic approach. The optimal model curve obtained from the analysis of the NSNM
dataset (orange line) provides relatively better fits to SLIPs within the St. Lawrence Corridor
(specifically at sites #21 and #22). Furthermore, both optimal models result in compatible fits to limiting
data points, especially the one derived from the misfit analysis on the St. Lawrence Corridor dataset,
which produces better fits to marine limiting data points at sites #22 and #24. The nominal Bayesian
upper bound is more consistent with the terrestrial limiting data points, but the lower bounds from both
approaches provide the same compatibility with marine limiting data points (the heuristic lower bound
is more compatible with marine limiting data points at site #21).
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Figure 2.10. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the St.
Lawrence Corridor (SLC) dataset (sites 21-24). The orange line indicates the RSL prediction based on optimal Earth-
ice model parameters derived from the analysis of the NSNM dataset (sites 16-38, after partitioning the whole study
area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the heuristic approach
(black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves are plotted at the average
position of all RSL data points within each site (see the white diamonds in Figure 2.S2). The dimension of each SLIP
box shows 16 uncertainty in RSL and age. For limiting data points, the horizontal and vertical bars show +1c RSL
age uncertainty and one side of the 16 RSL uncertainty, respectively (the misfit analysis was carried out based on the
1o uncertainty in RSL and age).

2.3.1.2.6. New Brunswick and Nova Scotia (sites 25-34)

As for other subregions close to the Laurentide ice sheet margin at maximum extent, the data-model
misfit plots (Figure 2.S15) indicate pronounced sensitivity to changes in the ice history. In addition, the
data-model misfit parameter is less sensitive to changes in LMV space in comparison with variations

in UMV. Intermediate values of UMV (especially for low-intermediate LMV space) and relatively high
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LMYV and UMYV values generally provide good fits when considering all ice history models. Similar to
Newfoundland and the St. Lawrence Corridor, UMV values less than 0.2x10?' Pas (for all LMV values)
along with low-intermediate LMV and intermediate-high UMV values result in poor data-model fits.
The optimal model parameters are LT = 71 km, UMV = 0.3x10*! Pas, LMV = 3 x10*' Pas, and ice
loading history GLAC1D-na9927 (ice history index = 3).

Limiting data points play an important role in constraining the GIA signal during the early-Holocene
because most SLIPs are concentrated in the mid- to late-Holocene. The optimal model RSL curve for
this subregion (red line in Figure 2.11) can fit well both SLIPs and limiting data points at all sites. This
optimal model curve is completely compatible with the regional optimum curve associated with the
larger NSNM region to within the nominal Bayesian uncertainty bounds at all sites and is also captured
by the heuristic bounding models for most of the time periods during Holocene (at site #31, the heuristic
bounds are relatively narrower than the nominal Bayesian ones). The two optimal models (red and
orange lines) result in a broadly similar quality of fit across this subregion. In terms of SLIPs, both
optimal models bring about the same quality of fit but the red line can better fit some SLIPs during the
late Holocene, especially at site #29. In terms of limiting data, there are examples where the parameter
set tuned to the larger dataset (NSNM) does a better job. For instance, a marine limiting data point at
~12 ka at site #30 and a terrestrial limiting data point at ~3.5 ka at site #27 are not fit by the red line.
The nominal Bayesian bounds capture all SLIPs within each site (the heuristic bounds cannot capture
two SLIPs at ~8 ka in site #30) and are highly compatible with limiting data points (although note that
the nominal Bayesian lower bound lies below some marine limiting data points at ~14 ka at site #25).
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Figure 2.11. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the New
Brunswick and Nova Scotia (NN) dataset (sites 25-34). The orange line indicates the RSL prediction based on
optimal Earth-ice model parameters derived from the analysis of the NSNM dataset (sites 16-38, after partitioning
the whole study area into two geographic subsets). The upper and lower uncertainty bounds are quantified by the
heuristic approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines). RSL curves are
plotted at the average position of all RSL data points within each site (see the white diamonds in Figure 2.S2).
The dimension of each SLIP box shows +1c uncertainty in RSL and age. For limiting data points, the horizontal
and vertical bars show +1c RSL age uncertainty and one side of the 16 RSL uncertainty, respectively (the misfit
analysis was carried out based on the 1c uncertainty in RSL and age).
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2.3.1.2.7. Maine and Massachusetts (sites 35-38)

In this subregion, the data-model misfit parameter () is relatively more sensitive to changes in LMV
relative to variations in UMV space (see Figure 2.S16). Due to proximity to the ice margin, this
subregion is also relatively sensitive to changes in deglaciation history. The poorest fits for each ice
loading history happen for high UMV and low-intermediate LMV values. Generally, high UMV and
LMYV space bring about the best fits, and there are some regions of viscosity space where decent fits
can be achieved when considering all ice models (e.g., for intermediate UMV and low-intermediate
LMYV values). The minimum misfit is obtained with LT = 71 km, UMV = 3x10*' Pas, LMV = 50x10*'
Pas, and ice loading history GLAC1D-na9894 (ice history index = 4).

The optimal model curve for this subregion generally fits well most RSL data points (see the red line
in Figure 2.12). However, in our dataset for this subregion, most SLIPs are concentrated during the
mid-to-late Holocene, so they are more straightforward to fit. Roughly speaking, the optimal model
RSL curve can fit all limiting data points, but there are a few misfits in terms of SLIPs, most notably at
sites #36 and #37, where the red model curve sits too low at, respectively, 6-4 ka and 1-4 ka. In this
area the best-fitting regional (NSNM) parameter set produces a curve (orange line) that sits consistently
below the red line. This demonstrates the limitation when a larger dataset is considered and so the fits
are not optimized, in this case, for Maine and Massachusetts. However, it is important to note that the
calculated uncertainty bounds (dashed lines) envelope the red line at sites #36 and #37 and at sites #35
and #38 for most of the time period considered.

Although the heuristic bounds capture all SLIPs within each site, they are not entirely compatible
with limiting data points (as discussed in Section 2.2.3.1, the heuristic bounds were estimated using
only SLIPs within a given subregion, and limiting data points were used as a useful check to determine
whether the estimated lower and upper bounds are compatible with marine and terrestrial limiting data
points, respectively). Similarly, the nominal Bayesian bounds can capture all SLIPs within each site
(except for the one at ~6 ka in site #35). In contrast to the heuristic upper bound, the nominal Bayesian
upper bound is compatible with most terrestrial limiting data points. However, the nominal Bayesian
lower bound is not totally consistent with all marine limiting data points (e.g., with two marine limiting
data points at ~8 ka in site #36).
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Figure 2.12. The red line shows the optimal modelled RSL estimated from the misfit analysis based on the
Maine and Massachusetts (MM) dataset (sites 35-38). The orange line indicates the RSL prediction based on
optimal Earth-ice model parameters derived from the analysis of the NSNM dataset (sites 16-38, after
partitioning the whole study area into two geographic subsets). The upper and lower uncertainty bounds are
quantified by the heuristic approach (black-dashed lines) and nominal Bayesian approach (green-dashed lines).
RSL curves are plotted at the average position of all RSL data points within each site (see the white diamonds
in Figure 2.S2). The dimension of each SLIP box shows +1c uncertainty in RSL and age. For limiting data
points, the horizontal and vertical bars show +1c RSL age uncertainty and one side of the 16 RSL uncertainty,
respectively (the misfit analysis was carried out based on the 1o uncertainty in RSL and age).

2.3.2. 3D Earth model analysis

We performed two runs based on one of the optimal Earth model parameter sets obtained for the
whole study region from the 1D GIA modelling and data-model misfit analysis: ice history model =
ICE-6G, LT =71 km, UMV = 0.5x10*! Pas, LMV = 2x10*' Pas. This 1D viscosity profile was used
as a reference on which to superimpose lateral viscosity structure using two shear-wave tomographic
models (abbreviated to S40RTS and S40RTS_SL2013; see Section 2.2.4). We note that this viscosity
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model is not dissimilar to the model used as a reference for developing ICE-6G (i.e., VM5a; Peltier
et al., 2015), although it does not include the high viscosity asthenosphere in the VM5a model.

Figure 2.13 illustrates the differential RSL at 10 ka derived from subtracting the 1D model output
from the 3D model output based on the S40RTS SL2013 tomographic model, thus isolating the
effect of lateral viscosity structure in our study region. Based on these results, Hudson Bay, Ungava
Peninsula, and Labrador show that lateral structure results in a negative shift in predicted RSL,
whereas a positive shift is evident in Newfoundland, St. Lawrence Corridor, New Brunswick and
Nova Scotia, and Maine and Massachusetts. Figure 2.14 demonstrates that the differences in the
estimated RSL values between both 3D models can be significant (a few 10s of meters at 10 ka) in
our study region, although they are smaller than the 3D versus 1D RSL differences (Figure 2.13).
The time evolution of modelled RSL based on the optimal 1D model and the two 3D models is shown
in Figure 2.S17. The results in Figures 2.13 and 2.S17 indicate that the influence of lateral structure
can be large and can vary considerably through time. For much of the time period spanned by the
data, the differential signal (Figure 2.13) is negative in the continental interior and positive in coastal
areas (particularly Newfoundland, St. Lawrence Corridor, New Brunswick and Nova Scotia, and
Maine and Massachusetts). This pattern correlates strongly with the data partitioning (into the HUL
and NSNM regions) to improve the 1D Earth model fits. Thus, our 3D Earth model results provide
independent support for this partitioning.

Table 2.3 provides data-model misfit results for the different data subsets (left column) and output
from three different GIA models: the 1D Earth model with parameter set optimized for the entire
dataset and the ICE-6G deglaciation history (details provided in caption), and output from the two
3D model experiments described in this section. The results in Table 2.3 indicate that the optimal 1D
GIA model generally provides better fits (compared to 3D model output) in most regions. This is not
surprising as the Earth model parameters for the 1D case are optimized but this is not necessarily the
case for the 3D models. Specifically, the assumed 1D viscosity profile might not provide optimal fits
for the chosen lateral viscosity models. This issue is considered in Love et al. (2024).

Improved fits are obtained for the 1D model for the entire dataset and each data type (SLIPs,
marine, and terrestrial limiting data points; Table 2.3, second row). The 3D model runs do yield better
fits in certain subregions compared to the optimized 1D model output. Regarding SLIPs, the
utilization of 3D GIA modeling leads to improved fits for Hudson Bay, Ungava Peninsula, and HUL.
In Maine and Massachusetts, when using the S40RTS_SL.2013 tomographic model, the quality of fit
to SLIPs is comparable to that obtained from 1D modeling. In terms of limiting data points, the 3D
runs yield superior fits to marine limiting data points in the majority of subregions. Notably, in the
St. Lawrence Corridor and Maine and Massachusetts subregions, the RSL output from 3D GIA
modeling exhibits complete alignment with marine limiting data points, which differs from the 1D
model. However, when considering terrestrial limiting data points, the 1D GIA model results
outperform those from the 3D runs. The very poor fit of the S40RTS 3D run to terrestrial limiting
data points in Maine and Massachusetts is mainly due to the single terrestrial limiting data point at
~11 ka and -3 m at site #35 (the uncertainty on this point is very small and so any misfit is weighted
highly). In general, considering the total misfit parameter, although the 1D model fits better all RSL
data points for most subregions, the 3D runs provide improved fits for Ungava Peninsula (based on
both seismic tomographic models) and Maine and Massachusetts (based on the S40RTS_SL2013
tomographic model).
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Figure 2.13. Differential RSL at 10 ka derived from subtraction of the RSL output from the 1D model (ice
history model = ICE-6G, LT = 71 km, UMV = 0.5x10?! Pas, LMV = 2x10?! Pas) to that from the 3D model
with lateral viscosity variations determined via S40RTS_SL.2013 superimposed on the same 1D structure.
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Figure 2.14. Difference in the estimated RSL values at 10 ka between the two 3D runs (see text for details).
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Table 2.3. Data-model misfit parameter (3), inferred from the misfit analysis based on the 1o uncertainty
values for observations (RSL and age), associated with the 1D model (ice history model = ICE-6G, LT =71
km, UMV = 0.5x10?! Pas, LMV = 2x10?' Pas) and two 3D runs using S40RTS (3D model 1) and
S40RTS SL2013 (3D model 2), superimposed on the 1D profile (ML and TL stand for marine and terrestrial
limiting data points, respectively).

1D model 3D model 1 3D model 2
Region
SSLIPS SML 5TL 6Total SSLIPs SML 6TL 6Total SSLIPs SML 6TL 6Total
Whole study
) 0.222 | 0.263 | 1.152 | 0.929 | 0.435 | 0.421 | 2934 | 2.113 | 0.442 | 0.39 | 2.089 | 1.681
region
HUL 0.641 | 0.108 | 1.637 | 1.514 | 0.499 | 0.911 | 1.927 | 1.918 | 0.472 | 0.829 | 1.791 | 1.782

NSNM 0.241 | 0.459 | 1.576 | 1.258 | 0.516 | 0.23 | 4.688 | 2.975 | 0.529 | 0.189 | 3.253 | 2.250

Hudson Bay | 0.613 | 0.210 | 1.619 | 1.527 | 0.505 | 1.761 | 1.085 | 1.929 | 0.456 | 1.621 | 0.877 | 1.705

Ungava 4.618 0 4.966 | 7.102 | 2.823 0 5.628 | 5.637 | 3.389 0 5.621 | 6.199

Peninsula

Labrador - 0 3.228 | 1.614 - 0 4.636 | 2.318 - 0 4.135 | 2.067

Newfoundland | 0.810 | 0.678 | 2.537 | 2.417 | 0.935 | 0.566 | 5.675 | 4.055 | 0.886 | 0.697 | 5.440 | 3.954

St. Lawrence | 0.648 | 0.010 | 1.239 | 1.273 | 1.501 0 11.40 | 7.203 | 1.374 0 8.797 | 5.772

Corridor

New
Brunswick
0.324 | 0.756 | 3.590 | 2.497 | 0.609 | 0.488 | 7.253 | 4.479 | 0.896 | 0.064 | 6.311 | 4.084
and Nova

Scotia

Maine and 0.310 | 2.569 0 1.594 | 0.420 0 17.90 | 9.374 | 0.307 0 1.621 | 1.117

Massachusetts

2.3.3. Uncertainty estimation using a history matching approach

The outcomes from the 3D GIA modeling were used to determine model uncertainty bounds via
a history matching approach as described in Section 2.2.3.1. As noted, we consider only a first
iteration (or “wave”) using this approach and so the results obtained are preliminary. However, they
provide an example for future studies to build upon when applying this approach. Furthermore, the
results provide self-consistent uncertainty bounds based on a single ice history and so represent a
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useful comparison and alternative to the bounds determined using the other two approaches
considered here.

Application of the methodology described in Section 2.2.3.1 resulted in an NROY set for the
entire dataset of 656 parameter vectors which includes all 34 ice history models. To reduce the
number of ice models, we selected a subset of 20 that produced the lowest implausibility values for
the SLIPs and limiting data. These 20 models were then used to define model bounds in six
subregions as described in Section 2.2.3.1 (Ungava Peninsula and Labrador are combined into a
single subregion since there are no SLIPs for Labrador). The ICE6G model resulted in the most
symmetric and conservative bounds from these 20 ice models. The Earth model parameter values
used in defining the upper and lower model bounds in each subregion (for ICE6G) are defined in
Table 2.4.

Table 2.4. The Earth-ice model parameter sets associated with the lower and upper bounds for the six
subregions and the ICE6G ice model. The parameters are given in the format LT-UMV-LMV (with LT values
in km and viscosity values as 10! Pas).

Subregion Lower bounding model Upper bounding model
Hudson Bay 71-2-50 120-0.5-20
Ungava Peninsula and Labrador 71-3-30 71-0.5-30
Newfoundland 96-0.5-70 96-1-50
St. Lawrence Corridor 71-0.3-2 96-0.5-3
New Brunswick and Nova Scotia 120-0.5-30 120-0.2-2
Maine and Massachusetts 96-1-50 96-0.3-20

The bounding RSL model curves for each subregion and all sites are provided in Figure 2.S18.
Figure 2.15 shows a small subset of these results, with only one site selected from each subregion.
For comparison, the nominal Bayesian uncertainty bounds associated with the two larger subregions
(HUL and NSNM) are also shown. For Hudson Bay, the history matching approach provides more
conservative (wider) uncertainty bounds compared to the nominal Bayesian approach and captures
most SLIPs. The upper history matching bound is broadly compatible with most terrestrial limiting
data points, but the lower bound sits well below some of the marine limiting data at a number of sites
(e.g., site #5; Figure 2.15). The nominal Bayesian bounds are compatible with most limiting data
points by design (as this approach includes a scaling to ensure ~68% of the limiting data are
compatible with the adopted bounds). For Ungava and Labrador, the history matching bounds are
somewhat narrower than those from the nominal Bayesian approach at some sites (e.g., #8 and #9;
Figure 2.S518). As the history matching model bounds are identified using SLIPs and there are a very
low number of SLIPs in this subregion (3 only), there are sites and time periods where the lower
bound lies above the upper bound (e.g., site #12).

For Newfoundland, the history matching bounds are narrower than the nominal Bayesian bounds
at all sites. The bounds can capture all SLIPs (except for one SLIP at ~12 ka at site #17; Figure 2.S18)
and are broadly compatible with limiting data points. Regarding the St. Lawrence Corridor, the
history matching bounds cannot capture all SLIPs within a given site (e.g., SLIPs ranging between
~12 ka and ~10 ka at site #22; Figure 2.15). While the nominal Bayesian bounds capture more SLIPs
than the history matching bounds, there remain some that are not captured (sites #22 and #23). In
addition, the lower bound obtained using the history matching approach is more compatible with
marine limiting data points at all sites compared to the Bayesian results. For New Brunswick and
Nova Scotia, the bounding models from history matching are narrower than the nominal Bayesian
uncertainty bounds and can capture all SLIPs concentrated in the mid- to late-Holocene. Similarly,
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for Maine and Massachusetts, the history matching bounds are narrower and can capture most SLIPs

dating from ~6 ka to the present day (e.g., except for some at site #36). They are also compatible
with the majority of the limiting data points.

As evident from the results in Figures 2.15 and 2.S18, the history matching approach results in
bounds that cross at some sites in some regions (e.g., Newfoundland, Maine and Massachusetts in
Figure 2.15). As for the case of the heuristic approach, this reflects the fact that the bounds are based
on output from a single model run. This feature is also related to how the model bounds are
determined using these methods. For example, the history matching technique isolates upper and
lower bounding parameter vectors based on the sign of the average data-model residual for SLIPs in
each subregion. Therefore, when the model bounds do cross, it is generally for times where no (or
few) SLIPs are present.
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Figure 2.15. The lower and upper bounding models, quantified by the history matching approach (blue- and
red-dashed lines, respectively), along with uncertainty bounds from the nominal Bayesian approach (green-
dashed lines), are presented for six sites across the entire study region (Hudson Bay, Ungava and Labrador,
Newfoundland, St. Lawrence Corridor, Nova Scotia and New Brunswick, Maine and Massachusetts). The
uncertainty bounds from the nominal Bayesian approach are based on the regional datasets associated with
two larger subregions (i.e., HUL and NSNM). RSL curves were plotted at the average position of all RSL
data points within each site (see the white diamonds in Figure 2.S2). The dimension of each SLIP box shows
+1c uncertainty in RSL and age. For limiting data points, the horizontal and vertical bars show +1c RSL age
uncertainty and one side of the 16 RSL uncertainty, respectively (the misfit analysis was carried out based
on the 16 uncertainty in RSL and age).

2.4. Discussion

Based on close to 15,000 forward runs, we constrained a set of optimal Earth model parameters
that are most compatible with the adopted paleo RSL dataset (and subsets of this dataset). The results
suggest higher UMV in HUL (close to the middle/thickest section of Laurentide Ice Sheet) compared
to NSNM (close to the ice margin, along the Atlantic coast), and very low LMV in HUL compared
to high LMV in NSNM (see Table 2.2). These distinct Earth model parameter sets reflect the spatial
variability of the GIA response that is not accurately captured by a 1D Earth model, and so a single
set of optimal Earth model parameters did not provide good quality fits to the entire RSL dataset.
These relatively poor fits were evident for a large number (34) of different ice models and so
interpreting this spatial variation as being associated with the Earth model appears robust. In addition,
the 3D GIA modelling confirms this aspect of our 1D Earth modelling results.

Although our results indicate a significant contribution of lateral Earth properties to the observed
RSL signal, the application of a 3D Earth model did not result in improved data-model fits in most
regions (Table 2.3). Because only two 3D Earth models were considered, our results are preliminary
but, nevertheless, indicate the need to develop improved 3D Earth models for this region. One
potential avenue in this regard is the development of more accurate and higher resolution viscosity
models based on the joint inversion of regional datasets (e.g., van der Wal et al., 2013). These regional
models can be nested into the lower resolution global models (e.g., Goldberg et al., 2016; Yousefi et
al., 2021). A major limitation of the 3D Earth modelling is its high computational expense which
limits our ability to effectively explore the model parameter space. For example, we adopted the 1D
viscosity structure obtained from our 1D analysis in generating 3D Earth models. Given the suggested
importance of lateral structure in our study region, which is compatible with previous work (e.g., Lau
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et al., 2018; Li et al., 2020), it is possible that this estimate of the 1D structure is biased and not
optimal for the adopted models of lateral structure. One interesting development to deal with this
issue is the use of Artificial Neural Networks to emulate the output from 3D Earth models (Love et
al., 2024).

A central aspect of this analysis is the estimation of model uncertainty. Three different methods
were applied to estimate model uncertainty: heuristic and nominal Bayesian approaches (Love et al.,
2016) and a partial history matching approach (Tarasov and Goldstein, 2023). There are strengths
and weaknesses to each approach. For example, the heuristic and history matching approaches result
in model bounds at a given site that are based on single model runs (and so are consistent with the
model physics). For the history matching approach, where the bounds are based on a single ice model,
this aspect is taken a step further. Depending on the context, a limitation of the incomplete history
matching approach (and the heuristic approach) as applied here is that the model bounds cross in
some locations, thus limiting their utility for some time periods. The method to determine model
uncertainty via nominal Bayesian approach results in bounds that directly reflect the range in
predicted RSL (at a given location and time) for the sub-ensemble of accepted parameter vectors.
Thus, these bounds lack consistency with the physics of the forward model. Furthermore, our
posterior inference is formalistic at best, as the posterior is heavily dependent on the accurate
specification of the likelihood. Our likelihood specification ignores the model structural uncertainty
(including its highly non-trivial multivariate structure) and is, therefore, incomplete and non-robust.

Regardless of the adopted approach, our results indicate that the model uncertainty is large, varies
from region to region, and generally increases with age (Figures 2.6-2.12, 2.S6, and 2.S18). These
general findings are compatible with those from other analyses in which aspects of the model
uncertainty is quantified (e.g., Li et al., 2020). For the heuristic approach, the upper bound estimated
by SLIPs is compatible with terrestrial limiting data points in all subregions. However, the lower
bounds within this ensemble cannot satisfy the bounding threshold defined by marine limiting data
points in all subregions, originating from some inconsistencies between SLIPs and marine limiting
data points, model structural error, and, we suspect, underestimated observational uncertainties.

As a partial application of the history matching approach, our preliminary results show strong
potential for this method. Our analysis was limited due to the crude estimate of model structural error
and limited sampling of ice sheet chronologies. Furthermore, in defining RSL bounds based on a
single ice sheet chronology, we have ignored the structural uncertainty associated with this aspect of
the GIA model. As a result, the model bounds are too narrow in some regions (e.g., Newfoundland,
Maine and Massachusetts) and are incompatible with a significant portion of limiting data in others
(e.g., Hudson Bay). A proper application of history matching would require joint sampling of earth
model and ice sheet chronologies, much more complete structural uncertainty assessment, and the
use of statistical emulators to enable appropriate parametric sampling over multiple waves (as
described in Tarasov and Goldstein, 2023).

Of the three methods considered, the nominal Bayesian approach resulted in model bounds that
were best able to capture the SLIPs and remain compatible with most of the limiting data across all
subregions (although we note that this latter aspect is implicit in the scaling we applied). While there
are clear limitations in this approach (noted above and discussed in Tarasov and Goldstein, 2023), it
provides the most conservative and data compatible uncertainty ranges in this analysis. Consequently,
the remainder of this discussion will be based on the nominal Bayesian results only.
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The model curves (including uncertainty) for our HUL and NSNM data partitioning capture most
SLIPs and are compatible with limiting data points within a given site. There are a small number of
sites where the nominal Bayesian uncertainty bounds do not capture the RSL observations. These
discrepancies can originate from either (i) outliers associated with some single, isolated RSL data
point (e.g., the anomalously high SLIP at site #3 dating to ~2 ka BP) or (ii) limitations in the GIA
model associated with structural error. As discussed above, model structural error represents various
aspects of model physics and parameterization, such as assuming 1D Earth structure or a simple
Maxwell rheology. Regarding the latter, recent studies suggest that a non-Newtonian (stress-
dependent) rheology results in improved fits in near-field regions where rapid uplift is followed, quite
abruptly, by relatively low rates of RSL fall (Kang et al., 2022). The RSL data within the St. Lawrence
Corridor (Section 2.3.1.2.5; Figure 2.10) suggest a response with these temporal characteristics.
Indeed, Kang et al. (2022) demonstrate improved fits to data in this region when a non-Newtonian
viscous response is adopted. Future work that explores these sources of structural error is warranted.

The sub-ensemble of Earth model parameter sets used to define the nominal Bayesian uncertainty
ranges (see Table 2.2) are compatible with those from most previous studies, especially for the
estimated upper mantle viscosity. There has been an argument on the estimated lower mantle
viscosity for decades. In some studies (e.g., Lambeck et al., 2017; Kuchar et al., 2019b), the viscosity
of the lower mantle is high (greater than 10* Pas) and in others (e.g., Lau et al., 2016; Peltier et al.,
2015; Zhao, 2013), the viscosity of the top third (or all) of the lower mantle is lower (1.5-4x10?'Pas).
It is worth mentioning that the approaches and observations applied to constrain the GIA signal in
these studies are different, and the study regions are not entirely the same as the one explored here.

Based on observations of vertical land motion and gravity changes, Zhao (2013) suggests an
effective lithospheric thickness of 150 km (110-180 km with an 80% confidence level), an upper
mantle viscosity of 3.7x10% Pas (2-5x10% Pas with a 90% confidence level), and a lower mantle
viscosity of 1.9x10*' Pas (1.3-2.6x10*' Pas with a 90% confidence level). These estimates are broadly
consistent with those obtained in our study (i.e., LT =96 km, UMV = 0.3x 10*! Pas, and LMV = 10?!
Pas based on analysis of the entire dataset). In addition, our estimated LT and UMV values are in
line with those of Lambeck et al. (2017) who determined (with 95% confidence limits): 102 (85-110)
km for the effective lithospheric thickness, 5.1x10% (3.5-7.5x10*°) Pas for the upper mantle
viscosity, and 1.3x10? (0.8-2.8x10*?) for the lower mantle viscosity.

Comparing the obtained optimal UMV and LMV parameter spaces (when considering the
uncertainty bounds) with results from postglacial decay time analyses shows some differences. For
example, Kuchar et al. (2019a) demonstrated that for Richmond Gulf (site #5, Figure 2.S2), UMV of
0.3-0.5x10*' Pas and LMV of 5-50x10?' Pas can satisfy the RSL data constraints for the applied ice
loading histories. These results are compatible with those of Lau et al. (2016) who performed a more
rigorous inversion for viscosity structure using the decay time constraints from this region. The
accepted parameter ranges determined using our nominal Bayesian approach are compatible with
these previous studies for UMV. This is less clear for the LMV where 81 of the 84 accepted LMV
values are 1x10*! Pas (with the remainder being 2x10*' Pas (twice) and 30x10*' Pas). While there is
overlap, it is more tenuous for LMV compared to UMV. This apparent discrepancy may be related
to the different data sets being used: we consider the entire HUL region and both SLIPs and limiting
data points whereas decay time analyses generally consider only SLIPs from one or two sites.
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In terms of assessing the ice sheet history models applied in this study, results from our history
matching analysis are the most appropriate as they explicitly incorporate estimates of model
structural error associated with lateral Earth properties (and so any bias associated with this Earth
model aspect should be diminished). We divided our ice model ensemble into two sub-ensembles:
10 with the lowest average IM values and 10 with the highest average /M values for the complete
RSL dataset (Table 2.S1). For these two sub-ensembles, the average ice thickness was computed at
four different times (21, 15, 13, and 10 ka) and these averages were then differenced (Figure 2.S19).
At 21 ka, the models that are most compatible with the RSL data (lowest /M values) exhibit (on
average) thicker ice in most of our study region (except for the area from Newfoundland to New
Brunswick). This remains the case in a general sense at 15 ka and, to a lesser extent (smaller
amplitudes), at 13 ka. However, at 10 ka, the preferred ice models are significantly thinner than the
poorer fitting models within Hudson Bay. These results indicate that ice models with thicker ice in
our HUL region in the early deglaciation but with thinner ice in the early Holocene gave the best
results. This indicates that models with more rapid thinning in the late glacial and/or early Holocene
are preferred by the data. Figure 2.S19 also indicates that models with less ice in southeastern Canada
(Newfoundland to New Brunswick) are more accurate.

The optimal GIA signal (with its uncertainty bounds) estimated from our study can be used for
different applications. For example, the GIA signal can be removed from geodetic measurements
(e.g., GRACE satellite gravimetry, GNSS) to better constrain and understand non-GIA processes
(e.g., hydrology) contributing to contemporary mass changes and vertical land motion. Our model
results can also be used to produce improved projections of mean sea-level change and nuisance
flooding in the coming decades (e.g., Karegar et al., 2017; Slangen et al., 2014). Model output with
uncertainty based on the nominal Bayesian approach is provided for rates of vertical land motion at
GNSS stations in the Nevada Geodetic Laboratory dataset (Blewitt et al., 2018; Appendix 1) and for
rates of sea level change at tide gauge stations in the PSMSL dataset (Holgate et al., 2012; Appendix
2).

2.5. Summary

We constrained the GIA signal and its uncertainty for southeastern Canada and northeastern USA
using 1,013 RSL data points from two regional RSL data compilations (Vacchi et al., 2018; Engelhart
and Horton, 2012) containing 544 SLIPs, 232 marine limiting data points, 237 terrestrial limiting data
points, and 14,960 model runs to explore the 4D parameter space (ice model and 3 Earth viscosity
model parameters). The quality of data-model fits was assessed for the entire dataset as well as subsets
related to a partitioning into 7 subregions (Hudson Bay, Ungava Peninsula, Labrador, Newfoundland,
St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts).

Each subregion prefers different Earth model parameter sets to produce optimal fits; however, the
data in some subregions can be fit relatively well using similar Earth viscosity parameters and ice
loading history. Therefore, the whole study region was ultimately partitioned into two larger subregions:
(1) HUL close to the middle part/thickest section of Laurentide Ice Sheet (including Hudson Bay,
Ungava Peninsula, and Labrador), (2) NSNM along the Atlantic coast of Canada, close to the ice margin
(encompassing Newfoundland, St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine
and Massachusetts).
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The quality of data-model fits for the HUL-NSNM partitioning is significantly better than that
produced for the entire dataset, indicating a considerable contribution to the RSL signal from lateral
Earth structure. For the HUL dataset, relatively low LMV (~1-2x10*! Pas) and relatively high UMV
(greater than 0.5x10%' Pas) for a given ice loading history provided good quality fits. In comparison,
good quality fits for the NSNM dataset were found for intermediate UMV and LMV values
(specifically, UMV = 0.5-1x10*' Pas and LMV = 20-30x10*' Pas).

Given the evidence for a considerable signal associated with lateral Earth structure, a preliminary 3D
Earth modeling analysis was also performed. Two shear-wave tomographic models were considered
with a global model of lithosphere thickness variation to determine lateral viscosity structure to be
superimposed on the inferred, optimal, 1D profile. The 3D modelling results confirm the spatial
partitioning of the whole study region into the two larger subregions (HUL and NSNM) inferred from
the 1D GIA modelling. However, the 3D runs did not produce data-model fits that bettered the results
based on the 1-D model, suggesting that the models of lateral structure are inaccurate and/or the ice
models applied, which were developed using 1D Earth models, are inaccurate. Further work to consider
these aspects is recommended.

Model uncertainty bounds were quantified using three different approaches, each with specific
strengths and limitations. One common result from all approaches is that model uncertainty is large, as
well as spatially and temporally variable, and thus further work is encouraged to produce more accurate
and useful estimates for end user communities. Of the approaches considered, uncertainty determined
from a nominal Bayesian approach resulted in the more conservative RSL bounds while remaining
consistent with most of the data points. When considering these bounds for the optimal parameter sets
(for HUL and NSNM), the model results are compatible with ~91.6% of the observations. While some
of the data-model residuals are associated with observational outliers, others indicate systematic error
in the model, such as departures from the assumed Maxwell rheology.

Finally, on comparing two 10-member sub-ensembles of the 34 ice history models with good versus
poor data fits from the history matching analysis, it is evident within the HUL region that models with
relatively thick ice during the early phase of deglaciation (pre ~13 ka) and thinner ice in the early
Holocene are preferred by the RSL data.
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Supplementary figures and tables of Chapter 2

Contents of this section

Table 2.S1 and Figures 2.S1 to 2.S19. This supplemental section contains additional tables and figures
that complement material in the main text. All of the tables and figures below are referred to in the main
text. See captions for further details.

Additional supplementary material

Appendix 1 - Model output of vertical land motion rate at GPS stations in the Nevada Geodetic
Laboratory database.

Appendix 2 - Model output of sea level rate at tide gauge stations in the Proudman Service for Mean
Sea Level database.
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Table 2.S1. The 34 ice loading history reconstructions used in this study (Lambeck et al., 2017; Peltier et al.,
2015; Tarasov et al., 2012). The ‘best’ and ‘worst’ 10 models from the history matching analysis (based on
calculated /M values; see Equations 2.6 and 2.7) are identified by * and 1 symbols, respectively. These are the
two ice model ensembles used to generate the results in Figure 2.S19.

Ice model index Ice history model
1 ANU*
2 ICE-6G*
3 GLAC1D-na9927%
4 GLAC1D-na9894*
5 GLAC1D-nal246
6 GLAC1D-na4247
7 GLAC1D-na64787
8 GLAC1D-na6575%
9 GLAC1D-nal263
10 GLAC1D-na8038+
11 GLAC1D-na9394
12 GLAC1D-na98527
13 GLAC1D-nal087
14 GLAC1D-nal243
15 GLAC1D-nal2507
16 GLAC1D-nal259*
17 GLAC1D-nal279
18 GLAC1D-nal287
19 GLAC1D-nal415
20 GLAC1D-na5962
21 GLAC1D-na6053*
22 GLAC1D-na6244*
23 GLAC1D-na6317
24 GLAC1D-na6318
25 GLAC1D-na6321
26 GLAC1D-na64397
27 GLAC1D-na6457
28 GLAC1D-na6642*
29 GLAC1D-na70427
30 GLAC1D-na7221%
31 GLAC1D-na72397
32 GLAC1D-na8005*
33 GLAC1D-na8025%*
34 GLAC1D-na8034*
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Figure 2.S2. Map showing the spatial distribution of RSL data used in this study. The top, middle and bottom
frames show sites 1-7 (Hudson Bay), sites 8-15 (including Ungava Peninsula and Labrador), and sites 16-38
(including Newfoundland, St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and
Massachusetts), respectively. The locations of SLIPs, marine, and terrestrial limiting data points are indicated
by red, blue and green circles, respectively. The white diamond in each site gives the average position of all
paleo RSL observations; these points are the locations at which data-model curves are generated for visual
comparison between model curves and observations.
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Figure 2.S3. The mean (top frame) and standard deviation (bottom frame) of the 34 North American ice
sheet reconstructions (see Table 2.S1) adopted in this study for the time 21 ka. White triangles indicate the
locations (average position in site #4 from Hudson Bay and site #21 from St. Lawrence Corridor) of the ice
thickness time series in Figure 2.S5.
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Figure 2.S4. The mean (top frame) and standard deviation (bottom frame) of the 34 North American ice
sheet reconstructions (see Table 2.S1) adopted in this study for the time 10 ka. White triangles indicate the
locations (average position in site #4 from Hudson Bay and site #21 from St. Lawrence Corridor) of the ice
thickness time series in Figure 2.S5.
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Figure 2.S5. Temporal evolution of the ice thickness from 21 ka to the present day based on the 34 ice
history models adopted in this study for two locations (see white triangles in Figures 2.S3 and 2.S4): average
position in site #4 from Hudson Bay (top frame) and average position in site #21 from St. Lawrence Corridor
(bottom frame).
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Figure 2.86. The purple-solid line shows the optimal modelled RSL estimated from the data-model misfit
analysis based on the whole dataset (sites 1-38). The upper and lower uncertainty bounds (purple-dashed lines)
are quantified by the nominal Bayesian approach based on consideration of the 1o uncertainty for determination
of a sub-ensemble of the highest-probability Earth model parameter sets. RSL curves were plotted at the average
position of all RSL data points within each site (see the white diamonds in Figure 2.S2). The dimension of each
SLIP box shows 16 uncertainty in RSL and age. For limiting data points, the horizontal and vertical bars show
+1o RSL age uncertainty and one side of the 16 RSL uncertainty, respectively (the misfit analysis was carried
out based on the 1o uncertainty in RSL and age).
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Figure 2.S7. The data-model misfit plots (8) associated with Hudson Bay (left), Ungava Peninsula (middle),
and Labrador (right), estimated by the misfit analysis for the ANU ice history model (LT is 96 km in all
plots).
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Figure 2.S8. The data-model misfit plots (8) associated with Newfoundland (top left), St. Lawrence Corridor
(top right), New Brunswick and Nova Scotia (bottom left) and Maine and Massachusetts (bottom right),
estimated by the misfit analysis for ice history GLAC1D-na8005 (LT is 96 km in all plots).
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Figure 2.S9. Partitioning the whole study region into 2 geographic subsets based on the data-model misfit analysis.
HUL (sites 1-15) includes 3 subregions: Hudson Bay, Ungava Peninsula, and Labrador. NSNM (sites 16-38)
comprises 4 subregions: Newfoundland, St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and
Massachusetts.
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Figure 2.S10. Data-model misfit values () for Hudson Bay as a function of (from top to bottom) UMV and ice loading
history when LMYV is constant (2x10?! Pas), LMV and ice loading history when UMYV is fixed at 0.2x10?! Pas, and
LMYV and UMV for the ANU ice model (ice history index = 1). In all 3 plots, the lithospheric thickness is 96 km. Note
that these plots do not necessarily display all the minimum and maximum values of 6 for the parameter space

considered.
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Figure 2.S11. Data-model misfit values (8) for Ungava Peninsula as a function of (from top to bottom) UMV and ice
loading history when LMYV is constant (10?! Pas), LMV and ice loading history when UMV is fixed at 0.5x10?! Pas, and
LMYV and UMYV for GLAC1D-nal415 (ice history index = 19). In all 3 plots, the lithospheric thickness is 71 km. Note that
these plots do not necessarily display all the minimum and maximum values of § for the parameter space considered.
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Figure 2.S12. Data-model misfit values (3) for Labrador as a function of (from top to bottom) UMV and ice loading

history when LMV is constant (2x10*' Pas), LMV and ice loading history when UMV is fixed at 0.2x10?! Pas, and

LMV and UMV for GLAC1D-nal263 (ice history index = 9). In all 3 plots, the lithospheric thickness is 96 km. Note

that these plots do not necessarily display all the minimum and maximum values of & for the parameter space

considered.
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Figure 2.S13. Data-model misfit values () for Newfoundland as a function of (from top to bottom) UMV and ice loading
history when LMV is constant (30x10%!' Pas), LMV and ice loading history when UMYV is fixed at 0.5x10* Pas, and LMV
and UMV for ICE-6G (ice history index = 2). In all 3 plots, the lithospheric thickness is 120 km. Note that these plots do
not necessarily display all the minimum and maximum values of é for the parameter space considered.
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Figure 2.S14. Data-model misfit values (8) for St. Lawrence Corridor as a function of (from top to bottom) UMV and
ice loading history when LMV is constant (10?* Pas), LMV and ice loading history when UMV is fixed at 0.3x10?! Pas,
and LMV and UMV for GLACI1D-na6478 (ice history index = 7). In all 3 plots, the lithospheric thickness is 46 km.
Note that these plots do not necessarily display all the minimum and maximum values of d for the parameter space
considered.
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LT =71 km, LMV = 3x102! Pas
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Figure 2.S15. Data-model misfit values (5) for New Brunswick and Nova Scotia as a function of (from top to bottom)
UMV and ice loading history when LMYV is constant (3x10?! Pas), LMV and ice loading history when UMYV is fixed
at 0.3x10?! Pas, and LMV and UMV for GLAC1D-na9927 (ice history index = 3). In all 3 plots, the lithospheric

thickness is 71 km. Note that these plots do not necessarily display all the minimum and maximum values of 6 for
the parameter space considered.
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Figure 2.516. Data-model misfit values (3) for Maine and Massachusetts as a function of (from top to bottom)
UMV and ice loading history when LMV is constant (50x10%' Pas), LMV and ice loading history when UMV
is fixed at 3x10?! Pas, and LMV and UMV for GLAC1D-na9894 (ice history index = 4). In all 3 plots, the
lithospheric thickness is 71 km. Note that these plots do not necessarily display all the minimum and maximum
values of 8 for the parameter space considered.
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Figure 2.S17. Legend on Page 99.
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Figure 2.S17. The red-solid line shows the optimal modelled RSL estimated from the data-model misfit
analysis based on the whole dataset (sites 1-38) and the 1D modelling (ice history model = ICE-6G, LT =71
km, UMV = 0.5x10%' Pas, LMV = 2x10%!' Pas). The orange-solid and blue-solid lines indicate the modelled
RSL quantified from two 3D GIA runs (to incorporate the effect of lateral viscosity perturbations using shear-
wave tomographic models superimposed on the 1D profile) based on S40RTS and S40RTS SL2013,
respectively. The upper and lower uncertainty bounds (green-dashed lines) are quantified by the nominal
Bayesian approach based on consideration of the 1o uncertainty for determination of a sub-ensemble of the
highest-probability Earth model parameter sets. RSL curves were plotted at the average position of all RSL
data points within each site (see the white diamonds in Figure 2.S2). The dimension of each SLIP box shows
+1o uncertainty in RSL and age. For limiting data points, the horizontal and vertical bars show +1c RSL age
uncertainty and one side of the 16 RSL uncertainty, respectively (the misfit analysis was carried out based on
the 1o uncertainty in RSL and age).
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Figure 2.S18. The lower and upper bounding models, quantified by the history matching approach (blue-
and red-dashed lines, respectively), are depicted along with uncertainty bounds from the nominal Bayesian
approach (green-dashed lines) for sites 1-38 across the entire study region. The uncertainty bounds from the

nominal Bayesian approach are based on the regional datasets associated with two larger subregions (i.e.,
HUL and NSNM). RSL curves were plotted at the average position of all RSL data points within each site
(see the white diamonds in Figure 2.S2). The dimension of each SLIP box shows +1c uncertainty in RSL
and age. For limiting data points, the horizontal and vertical bars show +1c RSL age uncertainty and one
side of the 16 RSL uncertainty, respectively (the misfit analysis was carried out based on the 16 uncertainty

in RSL and age).
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Figure 2.S19. The difference in average ice thickness between two sets of ice history models highlighted in
Table 2.S1 for four time steps: 21, 15, 13, and 10 ka. This difference illustrates the subtraction of the average
ice thickness calculated by the 10 ice models with the highest /M values from that inferred by the 10 ice
models with the lowest /M values.
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Abstract

Much of the Atlantic coast of North America has been sinking for thousands of years, at a maximum
rate of ~20 cm per century, due to solid Earth deformation caused by the deglaciation of the Laurentide
Ice Sheet—a process known as glacial isostatic adjustment (GIA). In addition to GIA, other factors
such as hydrological mass redistribution may also contribute significantly to the vertical land motion
(VLM) signal in this region. The primary aim of this research is to better constrain and understand the
processes driving contemporary VLM in southeastern Canada and the northeastern USA. We integrate
decadal-scale and millennial-scale VLM estimates to assess spatial and temporal variations across six
subregions: Hudson Bay, the Ungava Peninsula and Labrador, Newfoundland, the St. Lawrence
Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts. Our methodology
incorporates contemporary VLM rates derived from the Global Navigation Satellite System
(GNSS/GPS) time series at 88 stations, paleo VLM rates from 348 late-Holocene relative sea-level
(RSL) reconstructions spanning the last 4,000 years across 18 sites, regionally optimized GIA model
outputs, and contemporary mass change estimates (April 2002—November 2023) from the Gravity
Recovery and Climate Experiment (GRACE). Our study is the first to comprehensively quantify
uncertainty in GRACE mass change estimates associated with GIA by using a combination of Bayesian
and Monte Carlo approaches. A primary goal of this work is to identify departures from long-term
trends associated with GIA and seek to understand these in terms of contemporary hydrological signals.
Our results highlight the dominance of GIA as the primary driver of VLM in the study region, while
also identifying contributions from non-GIA processes. The analysis reveals broad agreement between
millennial-scale and decadal-scale rates at most sites, and GRACE estimates show no significant
hydrological mass change signals from either natural or anthropogenic causes in the region. Our
findings challenge a previous hypothesis suggesting substantial anthropogenic hydrological impacts on
VLM in the study region—specifically, excessive water mass accumulation associated with the James
Bay Hydroelectric Project in southeastern Hudson Bay. Our results indicate that uncertainty in the GIA
signal is a primary limiting factor and so future work seeking to reduce this uncertainty is encouraged.
Finally, our results underscore the importance of considering a range of datasets and model outputs to
seek consistency across multiple constraints and thus improve accuracy of signal interpretation.

Keywords: Vertical land motion, Glacial isostatic adjustment, Relative sea level, Uncertainty analysis,
Geodetic measurements, Eastern North America, Sea level index points, Mass change signal, Paleo and
contemporary rates

3.1. Introduction

Determining future sea-level changes and understanding long-term geophysical processes,
especially in areas influenced by glacial isostatic adjustment (GIA), depend on an understanding of the
vertical land motion (VLM) (Woodworth et al., 2019). Much of the Atlantic coast of North America
has been sinking for thousands of years at a maximum rate of 20 cm per century due to GIA, which is
a response to the deglaciation of the Laurentide ice sheet (LIS) following the last glacial maximum
(LGM), approximately 18,000 to 7,000 years ago. Postglacial rebound caused uplift in ice covered areas
as the LIS receded, whereas forebulge collapse caused subsidence in ice marginal and peripheral areas
(e.g., Davis & Mitrovica, 1996; Mitrovica & Milne, 2003; Peltier, 1998). While the Atlantic coast
undergoes land subsidence and accompanying sea-level rise due to GIA, areas close to the former ice
center show land uplift and associated sea-level fall (e.g., Ding et al., 2019; Simon E. Engelhart &
Horton, 2012; Love et al., 2016; Parang et al., 2024; Sella et al., 2007; Vacchi et al., 2018; van der Wal
et al., 2009; Williams et al., 2024).
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Apart from GIA, other processes—such as tectonic activity, sediment compaction, anthropogenic
impacts (e.g., groundwater extraction and damming), and hydrological mass redistribution—also
contribute to VLM, complicating the interpretation of this signal. Different modelling methodologies
and datasets have been employed in recent research to enhance our comprehension of VLM and its
implications. Geodetic measurements from techniques like Global Navigation Satellite Systems
(GNSS/GPS) and Interferometric Synthetic Aperture Radar (InSAR), as well as RSL changes captured
by tide gauges and deduced from geological reconstructions, are utilized to constrain the VLM signal
(e.g., Huang et al., 2022; Schumacher et al., 2018; Sella et al., 2007; C.-Y. Wang et al., 2024; Yousefi
et al., 2020). These datasets provide complementary insights: RSL observations capture the combined
effects of land motion and changes in sea surface height, whereas geodetic techniques such as GNSS
and InSAR directly measure land surface displacement, including contributions from slow processes
like GIA and secular tectonic changes, as well as shorter-term and recent processes such as
anthropogenic factors and hydrological changes (e.g., Bouin & Wd&ppelmann, 2010; Biirgmann et al.,
2000; S. Engelhart et al., 2011; Kemp et al., 2011; Santamaria-Gémez et al., 2012; Shirzaei et al., 2020;
Woodworth et al.,, 2019). In addition, integrating these measurements with estimates of the
contemporary mass redistribution signal from the Gravity Recovery and Climate Experiment (GRACE)
observations provides a more comprehensive understanding of the VLM signal at regional and local
scales (Frederikse et al., 2019; Pan et al., 2023).

The observed VLM trends in the U.S. and Canada exhibit spatial and temporal variability, influenced
by the combined effects of hydrological mass changes, GIA, and potentially unaccounted-for geological
or anthropogenic factors (Frederikse et al., 2019). Karegar et al. (2017) compared measurements of
contemporary land motion from geodetic methods to estimates of sea-level change over the past few
thousand years from geological records along the Atlantic coast of the USA and identified locations
where anthropogenic effects are significant. A key finding of this study is that while GIA is the
dominant process driving land subsidence in most areas, large deviations from this signal can occur due
to the influence of anthropogenic activity impacting hydrological processes. One such area is between
Maine (45°N) and New Hampshire (43°N), near the Canadian provinces, where GPS data indicate uplift
of 7.5 cm/century, but geological data and a GIA model show slow subsidence of 10 cm/century. The
cause of this discrepancy remains unclear. One hypothesis is that increasing water mass accumulation,
associated with the James Bay Hydroelectric Project in Quebec, may be a contributing factor. This
project, initiated in the 1980s, involves a series of large dams on rivers draining into Hudson Bay. If
this hypothesis is correct, it has important implications for land motion and sea-level change within
Hudson Bay, the St. Lawrence estuary, and the Atlantic Provinces.

Therefore, accurately constraining the VLM signal in eastern Canada is crucial, but interpreting the
contemporary VLM signal is challenging due to the various contributing processes. Additionally, the
existing literature addressing this issue is limited. The primary aim of this study is to better constrain
and understand the processes contributing to contemporary and future VLM and gravity changes in
southeastern Canada and the northeastern USA. This study uses the temporal variability to isolate the
VLM signal and provides estimates of decadal-scale and millennial-scale VLM rates at selected sites
across six subregions: Hudson Bay, the Ungava Peninsula and Labrador, Newfoundland, the St.
Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts. The
contemporary VLM rates are derived from GNSS measurements and the paleo VLM rates are based on
late-Holocene RSL reconstructions and optimal regional GIA models developed for each subregion. A
key aspect is verifying the consistency among these estimates to evaluate our understanding of VLM in
this region. Any discrepancies between paleo and contemporary VLM rates are identified for each
subregion, and the residual signals are interpreted in terms of other processes, primarily associated with
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regional hydrological changes. Compared to previous studies (e.g., Karegar et al., 2016, 2017), our
work employs new GIA model constraints and GRACE estimates to separate GIA from hydrological
signals. GRACE estimates of mass change are utilized to validate inferences drawn from the
comparison of paleo and contemporary VLM rates (i.e., residual VLM signals) and to assess whether
significant contemporary hydrological mass change signals exist in the study region, specifically testing
the hypothesis stated by Karegar et al. (2017).

For historical reconstructions and future sea-level change projections to be more accurate, the
sources of VLM uncertainty, including errors from geodetic VLM estimates (e.g., GNSS), GIA models,
and terrestrial reference frame realizations, need to be thoroughly addressed (Santamaria-Gomez et al.,
2017). According to Bouin & Woppelmann (2010), local tectonics and regional misfits in global GIA
models are the causes of the differences between postglacial rebound predictions from models and GPS-
derived velocities, as well as tide gauge data. They found that GPS-induced VLM rates were
consistently higher than those predicted by the ICE-5G model in eastern Canada (by 2-3 mm/year),
underscoring the need for improved GIA models. Given that GIA is the dominant source of uncertainty
in our study region (Eicker et al., 2024; Parang et al., 2024), we build upon the results developed in
Chapter 2, which constrained the regional GIA signal and its corresponding uncertainty bounds for
eastern North America using approximately 15,000 Earth-ice model parameter sets and approaches that
account for parametric and structural uncertainties in GIA modelling. This study represents a
comprehensive uncertainty analysis of the VLM signal and is the first to formally incorporate GIA
model uncertainty into GRACE estimates of contemporary mass changes. Our findings will contribute
to produce improved projections of mean sea-level changes and flooding risks in the coming decades,
providing valuable insights for regional mitigation strategies.

In Section 3.2, we describe the datasets and methodologies employed in our analysis. This includes
contemporary VLM and mass change signals derived from GNSS and GRACE, respectively (Section
3.2.1); paleo VLM signal inferred from late-Holocene RSL changes (Section 3.2.2); and estimates based
on GIA model outputs (Section 3.2.3). Section 3.3 presents our results, divided into the analysis of
VLM rates (Section 3.3.1) and contemporary mass change estimation (Section 3.3.2). Finally, Section
3.4 provides a general discussion of our key findings in the context of previous studies, as well as the
limitations that can inspire future research. The VLM rates with uncertainty bounds (Appendix 1) from
(1) GNSS time series, (2) GIA model predictions, and (3) late-Holocene RSL changes, as well as the
contemporary mass changes from GRACE with uncertainty estimates (Appendix 2), are made available
for our study region.

3.2. Data and methodology

3.2.1. Contemporary observations
3.2.1.1. VLM rates from GNSS measurements

The GPS VLM rates and associated uncertainties were sourced from the Nevada Geodetic
Laboratory. These rates were determined using the Median Interannual Difference Adjusted for
Skewness (MIDAS) method (Blewitt et al., 2018). This approach ensures a reliable estimation of GPS
station velocities, addressing common issues such as step discontinuities, outliers, seasonal effects, and
time-dependent noise (or heteroscedasticity) (Blewitt et al., 2018). We also carried out a separate
analysis on Nevada Geodetic Laboratory GPS time series and recalculated the VLM rates after
correcting for remaining outliers (Wdowinski et al., 1997) and predefined jumps based on a least
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squares adjustment model that accounts for bias, annual and semi-annual trends, and offsets (see Figure
3.81).

To accurately estimate VLM rates corresponding to locations with RSL data points, we selected GPS
stations co-located with sea-level index points (SLIPs) dating from 4 ka before present (BP) (Section
3.2.2), and for which the associated VLM rate uncertainty values are less than 1 mm/year. For sites
within New Brunswick, Nova Scotia, Maine, and Massachusetts, where multiple GPS stations were
available and significant spatial variability or gradients existed in the RSL signal between GPS stations
and SLIPs (see Figure 3.S2 for RSL contour maps at 4 ka BP for four subregions in the study region),
we prioritized GPS stations located as close as possible to the average positions of the SLIPs to ensure
consistent spatial representation (see site #9 in Figure 3.S2 as an example of the GPS stations selected).
In cases where the number of GPS stations was insufficient to directly represent the spatial
characteristics of the RSL signal, VLM corrections were applied to the GPS rates to account for the
spatial gradient in the RSL signal (see site #4 in Figure 3.52). These corrections were derived using the
optimal regional GIA models, which provided a reliable basis for adjusting the GPS-derived rates. For
the Ungava Peninsula and Labrador, where no SLIPs exist from 4 ka BP, we considered all available
GPS stations with VLM rate uncertainty less than 1 mm/year. This selection process resulted in a total
of 88 GPS time series being used in this analysis (see blue diamonds in Figure 3.1).

In central eastern North America, the solid Earth shows an elastic response to the contemporary ice
mass loss from Greenland and the Canadian Arctic region, influencing geodetic measurements. Not
accounting for this elastic signal in GPS rates can bias VLM estimates, particularly for stations at higher
latitudes such as Hudson Bay, Ungava Peninsula, and Labrador. In this study, to distinguish the effects
of contemporary ice mass loss from other VLM sources (e.g., GIA) measured by GPS, we utilize the
results of Riva et al. (2017), which also consider changes in Earth's rotation. The GPS-derived VLM
rates are corrected for this elastic signal by estimating a linear trend through the VLM times series
provided by Riva et al. (2017) for the period 2000 — 2014 CE (see Figure 3.S3).
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Figure 3.1. Red circles represent the spatial distribution of SLIPs dating from 4 ka BP to the present day. The
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data are grouped into 18 sites (black rectangles) across five subregions: Hudson Bay (HB, sites #1 — #3),
Newfoundland (NF, sites #4 — #6), St. Lawrence Corridor (SLC, sites #7 and #8), New Brunswick and Nova
Scotia (NN, sites #9 — #14), and Maine and Massachusetts (MM, sites #15 — #18). Blue diamonds indicate the
GPS stations co-located with SLIPs at each site. For the Ungava Peninsula and Labrador, due to the absence of
SLIPs over 4 ka BP, all available GPS stations (4 stations) are included in the VLM analysis. Green squares mark
the average locations (average latitude and longitude) calculated from all SLIPs within each site, where the
parameters of ARSL, AVLM, and AG are estimated (see Equation 3.1).

3.2.1.2. Mass change signal from GRACE

In this study, the contemporary mass change estimates from GRACE are obtained using a novel
least-squares method developed by Crowley & Huang (2020). This method models spherical harmonic
coefficients (SHCs) with constant, linear, quadratic, annual, and semi-annual components. It
simultaneously estimates both correlated errors (stripes) and significant temporal trends in SHCs,
efficiently removing stripes without significant signal attenuation or spatial distortions. Statistically
significant temporal trends in each SHC are identified using an F-test, and trends failing to meet the
99.9% confidence level are set to zero (Crowley & Huang, 2020). This method is applied to the GRACE
RL0O6 and GRACE-FO RLO062 (level 2) spherical harmonic solutions from the Center for Space
Research (CSR) at the University of Texas at Austin, covering the period from April 2002 to November
2023, extending up to degree and order 60.

Accurately isolating the present-day hydrological mass change signal or total water storage (TWS)
variations from GRACE estimates in eastern North America is mainly dependent on constraining the
GIA signal and its uncertainty in this area (Caron et al., 2018; Eicker et al., 2024; T. Li et al., 2020;
Parang et al., 2024). The GRACE estimates are corrected for the GIA signal using optimal GIA models
developed for each subregion in our study area, based on the results inferred from Chapter 2 (see Section
3.2.3). The present-day rates of GIA-originated geoid changes from 100 years ago to the present are
estimated from GIA models after removing the effects of syphoning and barystatic sea-level changes
(see Section 3.2.2 for more details), namely degree and order zero in the spherical harmonic coefficients
of the geoid change.

Monthly mass changes are derived by converting geoid changes (destriped and corrected for GIA)
to mass changes, with a mean field subtracted from the monthly solutions to obtain monthly mass
anomalies, which are presented in surface density units of equivalent water thickness (EWT). In
addition, due to the proximity of our study region to Greenland, the potential Gibbs ringing (or spectral
leakage) effect is removed from mass change estimates. We also estimate the uncertainty of the inferred
contemporary mass change signal by considering two main, independent sources of uncertainty in the
analysis: (1) the standard deviations of the GRACE SHCs, and (2) the uncertainty of the GIA signal,
which is the dominant source of uncertainty in our study region. The standard deviations of SHCs are
calculated based on the standard deviation of the time-series residuals after eliminating linear, quadratic,
annual, and semi-annual trends (Crowley & Huang, 2020). The uncertainty bounds of the GIA signal
(removed from GRACE solutions) in each subregion are constrained by the sub-ensemble of the
highest-probability GIA models determined using a Bayesian approach (see Chapter 2).

Both sources of uncertainty are converted into mass changes (in EWT) and quantified in the spatial
domain using a Monte Carlo sampling approach. In this approach, we generate 1,000 realizations of the
GRACE-derived SHCs by adding normally distributed random noise to each coefficient, scaled by its
standard deviation. Each simulated realization is processed to generate spatial grids using spherical
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harmonic transformations and the Schmidt-normalized associated Legendre polynomials (Wieczorek
& Simons, 2007). The uncertainty for each grid cell is calculated as the standard deviation of all
realizations for that grid cell. For GIA-related uncertainty, the mean and standard deviation values are
computed for the cosine and sine coefficients of each degree and order based on the Bayesian sub-
ensemble of the highest-probability models. Using these means and standard deviations, the
contribution of GIA uncertainty to the mass change signal is estimated through the same approach
applied to the GRACE-derived SHCs. Finally, the overall uncertainty of the GRACE mass change
signal is determined by combining the uncertainties from SHCs and GIA in quadrature, following the
principles of error propagation.

Additionally, the inferred mass change associated with variations in surface mass density over time
(expressed in EWT) is converted into the corresponding vertical surface displacement. This is done
using SHCs derived from the analysis, which have been destriped, corrected for GIA, and processed to
remove Gibbs ringing effects. Elastic load Love numbers from Wang et al. (2012) are also applied,
following the methodology detailed by van Dam et al. (2007) and Kusche & Schrama (2005) and
utilized in recent studies (e.g., Fang et al., 2021; S. Li et al., 2020). The uncertainty in the resultant
elastic displacement of the Earth's surface is estimated using the same approach as that employed for
estimating the uncertainty in the contemporary mass change signal, but it is based on equations that
convert geoid anomalies to vertical surface displacement, as described by Farrell (1972) and Wahr et
al. (1998). Finally, the estimated elastic displacement signal can be compared to the residual signal
obtained from the difference between paleo and contemporary VLM rates to assess whether the GRACE
estimates support the findings from the VLM rate analysis.

3.2.2. Paleo VLM rate estimates

The estimation of the average millennial-scale VLM rate from late-Holocene RSL change at a given
site is based on available SLIPs of age 4 ka BP or younger. We consider only SLIPs from the quality-
assessed datasets of Engelhart & Horton (2012) and Vacchi et al. (2018) (updated using the most recent
radiocarbon calibration curves, as discussed in Chapter 2). The 4 ka to present time frame provides
enough data at several sites for accurate regression analysis while also reducing the impact of
uncertainty in global ice melt on the VLM rate estimates (Engelhart et al., 2009; Karegar et al., 2016;
Shennan & Horton, 2002; Yousefi et al., 2020). This ensures that the observed changes are more
indicative of regional/local processes and less strongly influenced by uncertainty in global sea-level
variations (Hallmann et al., 2018).

To determine temporal changes in VLM rates, we selected sites with sufficient SLIPs in the 4 ka to
present time window and where GPS stations are co-located. At a given site, the average VLM rate is
estimated from the rate of late-Holocene RSL change:

AVLM (@avg davg) = AG(Pavg davg) + E — ARSL(@apg, Aavg)  (3.1)

Here, AVLM is the average VLM rate at a given site and calculated at the average position of the
SLIP locations (see green squares in Figure 3.1), defined by the average latitude (¢..,) and average
longitude (Zavg). ARSL is the rate inferred from the SLIPs and AG is the contribution to this rate from
regional variations in geoid height change, which, we assume, are dominated by GIA at most sites in
our study region. Finally, £ is a globally uniform contribution to the rate of sea surface height change
associated with barystatic sea level change (Gregory et al., 2019) and ocean syphoning (Mitrovica &
Peltier, 1991; Mitrovica & Milne, 2002). The terms AG and E and their uncertainty were determined
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using output from a GIA model (see Section 3.2.3). Equation 3.1 does not explicitly consider sea-
surface height change associated with variations in ocean density and circulation (sterodynamic sea-
level change; Gregory et al., 2019). There are limited observations to constrain this signal over the late
Holocene and so we assume its contribution has been negligible at the locations considered in this
analysis.

In Equation 3.1, 4RSL is estimated by determining the best-fitting function for the SLIPs using total
least squares adjustment (orthogonal distance regression), which takes into account the uncertainties in
both RSL elevation and age. The best-fitting function is chosen to be linear at all sites except for those
in Hudson Bay, where the reconstructed RSL changes often display an exponential form (e.g., Mitrovica
et al., 2000; Mitrovica & Peltier, 1995; Walcott, 1980) and can be represented well by:

RSL(O =A(er—1)+c  (32)

Here, RSL represents the relative sea level at time ¢. The parameter 4 governs the amplitude of the
sea level change, while 7 signifies the decay time, which represents how quickly sea level changes over
time. The parameter ¢ accounts for potential vertical shifts due to systematic errors or uncertainties,
such as displacements caused by particularly strong storm surges. In Hudson Bay, only one site (site
#2; Figure 3.1) has a sufficient number of SLIPs over the past 4 ka to make use of the exponential model
(Equation 3.2). There are insufficient SLIPs at sites #1 and #3 to apply Equation 3.2 and so a linear
function was adopted on SLIPs over the past 2 ka. For the Ungava Peninsula and Labrador, there are
no SLIPs over 4 ka BP co-located with GPS stations, therefore, the paleo VLM rates are determined
from a GIA model at the locations of the GPS stations (Section 3.2.3). Overall, 18 sites were selected
in our study region (Figure 3.1), comprising a total of 348 SLIPs and 88 GNSS time series.

3.2.3. GIA model outputs

As noted above, we use output from a GIA model to determine the 4G and E terms in Equation 3.1,
and to generate VLM rates to compare to GNSS-determined rates in the Ungava Peninsula and Labrador
where there are no SLIPs. We adopt the regionally optimized GIA models developed in Chapter 2.
These models include optimal values for the elastic thickness of the lithosphere (LT), upper mantle
viscosity (UMV), lower mantle viscosity (LMV), and the optimal ice history model (refer to Section
2.2.3 in Chapter 2). We utilize the GLAC1D-na9927 ice history model (Tarasov et al., 2012), with
parameters LT = 120 km, UMV =2x10?' Pas, and LMV = 10*' Pas, as the optimal GIA model parameter
set for Hudson Bay, Ungava Peninsula, and Labrador. For other subregions along the eastern coast (i.e.,
NSNM), we employ the GLAC1D-nal259 ice history model (Tarasov et al., 2012), with parameters LT
=120 km, UMV =0.8x10*' Pas, and LMV =30x10?' Pas. Additionally, uncertainty bounds for the GIA
model outputs were estimated using a Bayesian approach, which utilizes the sub-ensemble of the
highest-probability model parameters (refer to Table 2.2 in Chapter 2).

3.3. Results and discussion

In Section 3.3.1, we present the decadal-scale VLM rates, derived from GNSS measurements (refer
to Section 3.2.1.1), and the millennial-scale VLM rates, inferred from GIA models and late-Holocene
RSL changes (refer to Section 3.2.2), along with their associated uncertainties across six subregions in
southeastern Canada and northeastern USA. By comparing the paleo and contemporary VLM rates,
taking into account the respective uncertainty bounds, we assess whether there is broad compatibility
in VLM rates within each subregion. Additionally, Section 3.3.2 provides GRACE estimates of the
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contemporary mass change signal, including uncertainty ranges (refer to Section 3.2.1.2) for each
subregion, to complement the analysis of VLM rates. The residual signal, determined by the difference
between paleo and contemporary VLM rates, is interpreted in terms of any significant contemporary
signals (i.e., non-GIA or hydrological mass change signals) in each subregion.

3.3.1. VLM rates with uncertainty estimates

3.3.1.1. Hudson Bay

As mentioned in Section 3.2.2, only three sites in Hudson Bay (see Figure 3.2) qualify for estimating
VLM rates based on late-Holocene RSL changes. The contemporary VLM rates are obtained from GPS
measurements at five stations. In contrast, the paleo VLM rates are inferred using the optimal GIA
model (refer to Section 3.2.3) applied at the locations of the GPS stations within each site, as well as
from late-Holocene RSL changes at the average location of these data within each site (indicated by
green squares in Figure 3.2). Figures 3.S4 and 3.S5 display the RSL and VLM curves (orange lines)
derived from the optimal regional GIA model (GLAC1D-na9927 12021), along with the model
uncertainty bounds (green dashed lines) as determined using the Bayesian approach (a sub-ensemble of
the highest-probability models). Because Hudson Bay is situated in a near-field region, close to the
thickest part of the LIS at LGM, RSL falls as the solid Earth undergoes uplift. Both curves are employed
to estimate the 4G + E term based on Equation 3.1 (see Figure 3.S6). Figure 3.S7 illustrates the paleo
rates of RSL changes at three sites. As outlined in Section 3.2.2, the rate for site #2 is estimated using
two methods: (1) fitting an exponential function (red line) derived from the postglacial decay time
analysis to the SLIPs over 4 ka BP (see Equation 3.2), and (2) fitting a linear trend (blue dashed line)
to the SLIPs over 2 ka BP. For sites #1 and #3, the rate is estimated solely through a linear regression
applied to the SLIPs over 2 ka BP. The RSL change rate at site #2 from the exponential decay function
(—8.512 £ 2.532 mm/yr) is lower than the rate over the last 2,000 years (—11.45 £ 1.842 mm/yr);
however, the uncertainties indicate that while the rates are different, their ranges do overlap. In addition,
over the last 2,000 years, site #1 has experienced a somewhat higher rate of RSL change than sites #2
and #3. However, the overlapping uncertainties among these sites indicate an overall consistent regional
pattern of RSL change during this period, with site #1 likely being influenced by localized factors.

The estimated rate of paleo RSL change and the estimate of AG + E (Figure 3.S6) are applied in
Equation 3.1 to calculate the average millennial-scale VLM rate for each site. Figure 3.2 presents the
VLM rates along with their estimated 1o uncertainty ranges. It is important to note that the relatively
large uncertainty ranges for the GIA-derived rates are estimated from a subset of 84 GIA models,
determined by the Bayesian approach, that provide a good fit to paleo RSL observations within Hudson
Bay, where the GIA signal is strong and the primary contributor to VLM (see Chapter 2).

For site #1, the GIA rate from the optimal regional model (5.364 mm/year, with an uncertainty range
of 2.172 to 10.034 mm/year) is lower than the VLM rates inferred from late-Holocene RSL changes
and GNSS time series. The average VLM rate derived from three GPS stations is 9.661 + 0.550
mm/year, and it overlaps with the upper bound of the GIA-induced rate. In contrast, the RSL-derived
VLM rate is higher; when considering uncertainty ranges, the residual signal is at least ~0.7 mm/year.
This residual, if accurate, would indicate a contemporary localized loading signal causing subsidence,
and it will be assessed in terms of the hydrological mass change signal based on GRACE estimates in
Section 3.3.2. Therefore, although the GNSS rates align with the upper bound of the GIA-induced rate,
the higher VLM rate inferred from SLIPs indicates the presence of potential site-specific processes that
require further investigation. It should be noted that the Bayesian approach used to estimate the GIA
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uncertainty bounds accounts only for the parametric uncertainty in the modeling, while other sources
of uncertainty, mainly associated with structural uncertainty, may also play an important role in this
area. Furthermore, the limited number of SLIPs available for estimating the RSL rate at this site (only
four SLIPs over the past 2 ka) may be another contributing factor to this residual.

At site #2, the GPS-derived VLM rate (12.73 + 0.52 mm/yr) is in good agreement with the late-
Holocene VLM rate from the linear model (12.21 + 1.85 mm/yr). The GIA model rate (ranging from
6.46 to 11.82 mm/yr, with an optimal rate of 9.82 mm/yr) is lower than the VLM rates derived from
both the late-Holocene RSL changes based on linear regression and GPS measurements but falls within
the lower bound of the uncertainty range for the paleo rate from SLIPs over 2 ka BP. Additionally, it is
very close to the GPS rates (the difference is 0.39 mm/yr when considering their uncertainty bounds).
The late-Holocene VLM rate from the postglacial decay time analysis (9.27 + 2.53 mm/yr) compares
well with the GIA model rates. Overall, while there is some variability in the rates, the noted
discrepancies are considered minor given the relatively large uncertainty ranges (and that they are 1o
ranges).
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Figure 3.2. Top panel depicting the sites in Hudson Bay that were considered for the VLM rate analysis. Red circles represent
the spatial distribution of SLIPs dating from 4 ka BP to the present day. Blue diamonds indicate the GPS stations co-located
with SLIPs at each site. Green squares mark the average locations (average latitude and longitude) calculated from all SLIPs
within each site, where the parameters of ARSL, AVLM, and AG are estimated (see Equation 3.1). Bottom panel compares paleo
and contemporary VLM rates at three sites in Hudson Bay. The decadal-scale rates, represented by blue triangles, are derived
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from GPS measurements, while the millennial-scale rates are inferred from GIA modelling (black circles) and late-Holocene
RSL changes using both linear regression (green triangles) and postglacial decay time analysis (red triangles) over the past 2,000
and 4,000 years, respectively. The error bars indicate 16 uncertainty bounds for each estimate. The x-axis shows the latitudes
(in degrees) of the locations where the VLM rates are determined. The late-Holocene VLM rates are estimated at the average
location within each site, and the GIA-induced rates correspond to the locations of GPS stations.

For site #3, the GPS-derived VLM rate (10.65 = 1.16 mm/yr) is somewhat lower than the VLM rate
from late-Holocene RSL changes based on a linear regression (11.68 + 2.22 mm/yr), but it falls within
the uncertainty bounds of the RSL-induced estimate. The GIA model rate (ranging from 6.53 to 11.07
mm/yr, with an optimal rate of 8.76 mm/yr) is lower than both the GPS and RSL-induced rates but
remains within the uncertainty range of the GPS rate and the lower bound of the VLM rate from SLIPs
over 2 ka BP. We conclude that the different VLM rate estimates in Hudson Bay are broadly compatible.

3.3.1.2. Ungava Peninsula and Labrador

In this subregion, there are no SLIPs younger than 4 ka BP, so the millennial-scale VLM rates are
based solely on the GIA model outputs, and so all available GPS stations (see Figure 3.3) in this
subregion are used for the contemporary VLM rates. Figure 3.3 illustrates the comparison between
GPS-derived (blue triangles) and GIA model-predicted (black circles) VLM rates with the related
uncertainty bounds for the four GNSS stations in this subregion. The results indicate generally strong
agreement between the contemporary and paleo VLM rates. At the stations located at 52.94° and 54.83°
latitude, the GPS rates of approximately 10.22 mm/yr and 10.03 mm/yr, respectively, are closely
aligned with the GIA predictions, falling well within the GIA model uncertainty bounds. This indicates
that GIA is likely the primary driver of land motion at these locations. At the 53.30° latitude station,
the GPS rate of 4.54 mm/yr is slightly higher than the GIA-predicted rate of 3.67 mm/yr, but still within
the uncertainty range, suggesting a reasonable alignment between the two. The only discrepancy is
observed at the station located at 56.53° latitude, where the GPS rate of 3 + 0.4 mm/yr contrasts with
the GIA model rate of -0.51 mm/yr (ranging from -1.5 to 1.13 mm/yr). This difference suggests that
either the millennial-scale rate has significant contributions from processes not related to GIA, such as
local tectonic activity, and/or there are significant contributions to the contemporary rate not accounted
for in the applied model (Section 3.2.1.1; Riva et al. 2017). The proximity of this GPS station ("NAIN")
to Greenland and the Canadian Arctic region results in a relatively large contribution from
contemporary ice mass loss (1.07 mm/yr). The model rate applied to remove this signal is based on a
timeseries extending to 2014 CE (Figure 3.S3) whereas the GNSS time series extends to 2019 CE (from
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Figure 3.3. Legend on next page.
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Figure 3.3. Right panel: Map of the Ungava Peninsula and Labrador showing the locations of GPS stations (indicated by blue
diamonds) used for the VLM rate analysis. Left panel: Comparison of decadal-scale VLM rates derived from GPS
observations (blue triangles) and millennial-scale VLM rates from GIA model predictions (black circles) for four GPS stations
located in the Ungava Peninsula and Labrador subregion. The error bars indicate 1c uncertainty bounds for each estimate.
The GIA rates are based on the optimal regional GIA model (GLAC1D-na9927 12021), with the associated uncertainty
bounds inferred from a Bayesian approach. The x-axis shows the latitudes (in degrees) of the GPS stations where the VLM
rates are determined.

3.3.1.3. Newfoundland

The analysis of VLM rates for this subregion is inferred from data at three specific sites (see sites
#4, #5, and #6 in Figure 3.4). To estimate the millennial-scale VLM rates based on Equation 3.1, as
demonstrated in Figures 3.S8 and 3.S9, the optimal regional GIA model (GLAC1D-nal259 120p830)
is utilized for the modelled RSL and VLM time series. The model uncertainty bounds (green dashed
lines) are determined using the Bayesian approach, based on a sub-ensemble of 71 GIA models that
provide good fits. Across all three sites, the best-fit model curves (orange lines) show a rising/falling
RSL/VLM trend over the past 6,000 years. Figure 3.S10 shows the 4G + E term with the respective
uncertainty, estimated based on Equation 3.1 using the RSL and VLM curves. In addition, the paleo
rate of RSL change at each site is determined by a linear regression applied to SLIPs over 4 ka BP
(Figure 3.S11). The different VLM estimates (Figure 3.4) indicate broad compatibility between the
paleo and contemporary rates at each site, suggesting that GIA is the dominant geodynamic process and
the applied signal for contemporary mass loss is accurate.
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Figure 3.4. Top panel depicting the sites in Newfoundland that were considered for the VLM rate analysis. Red circles represent
the spatial distribution of SLIPs dating from 4 ka BP to the present day. Blue diamonds indicate the GPS stations co-located with
SLIPs at each site. Green squares mark the average locations (average latitude and longitude) calculated from all SLIPs within
each site, where the parameters of 4RSL, AVLM, and AG are estimated (see Equation 3.1). Bottom panel compares paleo and
contemporary VLM rates at three sites in Newfoundland. The decadal-scale rates, represented by blue triangles, are derived from
GPS measurements, while the millennial-scale rates are inferred from GIA modelling (black circles) and late-Holocene RSL
changes using a linear regression over the past 4,000 years (red triangles). The error bars indicate 16 uncertainty bounds for each
estimate. The x-axis shows the latitudes (in degrees) of the locations where the VLM rates are determined. The late-Holocene
VLM rates are estimated at the average location within each site, and the GIA-induced rates correspond to the locations of GPS
stations.

3.3.1.4. St. Lawrence Corridor

As indicated in Figure 3.5, two RSL sites (sites #7 and #8) in this subregion are utilized for the paleo
VLM rate analysis, with a total of 5 GNSS stations available to constrain contemporary rates within
these sites. The GIA model rates are calculated using the same parameter values as those for
Newfoundland (Section 3.2.3). Figures 3.S12 and 3.S13 respectively show the modeled optimal RSL
and VLM curves (orange lines) with uncertainty bounds (green dashed lines) applied for the estimation
of the 4G + E term in Equation 3.1 (see Figure 3.S14). As demonstrated in Figure 3.S12, at site #7,
from 4 ka BP to the present day, the modeled RSL begins to gradually decrease, consistently aligning
with the SLIPs, suggesting that the RSL fall is primarily driven by GIA. Similarly, at site #8, the
modelled RSL reveals a general declining trend from 4 ka BP to the present, while the SLIPs display
greater variability compared to site #7, indicating that other localized factors, such as changes in
sedimentation rates, may also be influencing the RSL. Figure 3.S15 provides the RSL trend estimates.

A comparison of the VLM rate estimates is shown in Figure 3.5. At site #7, the GIA-induced VLM
rate estimates range between 1 and 2 mm/yr with wide uncertainty bounds (-1 — 4 mm/yr). The VLM
rates from GPS measurements range between 0 and 3 mm/yr when considering the associated
uncertainty ranges, and so overlap with those of the GIA-induced rates. The rate inferred from SLIPs
over 4 ka BP is slightly above 2 mm/yr, with its uncertainty range overlapping with the rates estimated
from GPS and GIA model predictions. Therefore, the decadal-scale and millennial-scale estimates of
VLM rates are compatible at site #7, suggesting no significant contemporary non-GIA signal. At site
#8, the VLM rates from GPS and the optimal regional GIA model are compatible. However, the VLM
rate derived from late-Holocene RSL changes is lower (although overlaps with the GIA model rate
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uncertainty). The different between the RSL-derived and GNSS VLM rates is 2-3 mm/yr and so worthy
of further investigation.
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Figure 3.5. Top panel depicting the sites in St. Lawrence Corridor that were considered for the VLM rate analysis.
Red circles represent the spatial distribution of SLIPs dating from 4 ka BP to the present day. Blue diamonds indicate
the GPS stations co-located with SLIPs at each site. Green squares mark the average locations (average latitude and
longitude) calculated from all SLIPs within each site, where the parameters of ARSL, AVLM, and AG are estimated
(see Equation 3.1). Bottom panel compares paleo and contemporary VLM rates at two sites in St. Lawrence Corridor.
The decadal-scale rates, represented by blue triangles, are derived from GPS measurements, while the millennial-
scale rates are inferred from GIA modelling (black circles) and late-Holocene RSL changes using a linear regression
over the past 4,000 years (red triangles). The error bars indicate 16 uncertainty bounds for each estimate. The x-axis
shows the latitudes (in degrees) of the locations where the VLM rates are determined. The late-Holocene VLM rates
are estimated at the average location within each site, and the GIA-induced rates correspond to the locations of GPS
stations.

3.3.1.5. New Brunswick and Nova Scotia

In this subregion, according to Figure 3.6, a comparison of paleo and contemporary rates of VLM is
conducted at six sites (sites #9 — #14). The modelled RSL, VLM, and AG + E curves (Figures 3.S16 —
3.518) are computed using the regional GIA model parameter sets developed for the eastern subregions
(NSNM; see Section 3.2.3). Figure 3.S17 indicates significant land subsidence across all sites,
corresponding to the observed RSL rise shown in Figure 3.S16, which highlights the impact of GIA-
driven VLM in these areas. Figure 3.S19 shows that although all sites exhibit an increasing RSL trend,
site #13 has the most rapid rise (3.036 £ 0.248 mm/yr), while site #14 has the slowest (1.027 + 0.114
mm/yr). This variation in RSL changes across sites reflects differences in the GIA response and other
site-specific geophysical processes.
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As demonstrated in Figure 3.6, at each site, the GPS-derived rates are broadly consistent with the
GIA-induced rates, as the overlapping uncertainty bounds indicate a reasonable level of agreement. In
addition, at all sites except for site #13, the late-Holocene VLM rates from SLIPs over 4 ka BP show a
strong agreement with both the GPS-derived and GIA-related rates, falling within the associated
uncertainty ranges and indicating substantial consistency. Conversely, at site #13, the late-Holocene
VLM rate differs by less than ~1 mm/yr from the rates derived from the GIA model outputs and GPS,
with no overlap in their uncertainty ranges. This discrepancy might suggest the presence of additional
local factors influencing the RSL or a limitation in the rate estimation due to the insufficient number of
SLIPs at this site (5 SLIPs; see Figure 3.S19) to robustly determine the rate through linear trend fitting.
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Figure 3.6. Top panel depicting the sites in New Brunswick and Nova Scotia that were considered for the VLM
rate analysis. Red circles represent the spatial distribution of SLIPs dating from 4 ka BP to the present day.

123



Blue diamonds indicate the GPS stations co-located with SLIPs at each site. Green squares mark the average
locations (average latitude and longitude) calculated from all SLIPs within each site, where the parameters of
ARSL, AVLM, and AG are estimated (see Equation 3.1). Bottom panel compares paleo and contemporary VLM
rates at six sites in New Brunswick and Nova Scotia. The decadal-scale rates, represented by blue triangles, are
derived from GPS measurements, while the millennial-scale rates are inferred from GIA modelling (black
circles) and late-Holocene RSL changes using a linear regression over the past 4,000 years (red triangles). The
error bars indicate 1c uncertainty bounds for each estimate. The x-axis shows the latitudes (in degrees) of the
locations where the VLM rates are determined. The late-Holocene VLM rates are estimated at the average
location within each site, and the GIA-induced rates correspond to the locations of GPS stations. At site #13,
the orange triangle shows the VLM rate from the late-Holocene RSL changes after removal of the SLIP with
an age of ~3 ka BP and RSL of ~-10 m, which lies below the lower NB bound and another SLIP with a similar
age (see Figure 3.S516).

3.3.1.6. Maine and Massachusetts

The comparison between decadal-scale and millennial-scale rates of VLM, along with their
associated uncertainty estimates, across four sites (sites #15 — #18) in Maine and Massachusetts is
shown in Figure 3.7. As discussed in Section 3.2.3, the optimal regional GIA model (GLACI1D-
nal259 120p830), along with a sub-ensemble of 71 highest-probability model parameter sets, is used
to estimate the RSL, VLM, and 4G + E time series (see Figures 3.S20 — 3.522). Figures 3.520 and
3.521 demonstrate that the interplay between RSL rise and land subsidence at all sites highlights the
dominant role of GIA in long-term sea level changes and solid Earth displacement in this subregion. In
addition, the best-fit linear regression to the SLIPs over 4 ka BP (blue dashed lines in Figure 3.523)
indicates that the highest RSL rise is observed at site #18, with a rate of 1.75 = 0.197 mm/yr, while the
lowest is at site #17, with a rate of 0.52 £ 0.061 mm/yr. Overall, according to Figure 3.7, the uncertainty
bounds for all three rates inferred from GPS, GIA modelling, and late-Holocene RSL changes overlap
considerably at each site, indicating that the differences in magnitude are within the acceptable range
of uncertainty. Therefore, the results suggest a broad compatibility between paleo and contemporary
rates in interpreting subsidence at each site.
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Figure 3.7 (continued). Legend on next page.
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Figure 3.7. Top panel depicting the sites in Maine and Massachusetts that were considered for the VLM rate analysis.
Red circles represent the spatial distribution of SLIPs dating from 4 ka BP to the present day. Blue diamonds indicate
the GPS stations co-located with SLIPs at each site. Green squares mark the average locations (average latitude and
longitude) calculated from all SLIPs within each site, where the parameters of ARSL, AVLM, and AG are estimated (see
Equation 3.1). Bottom panel compares paleo and contemporary VLM rates at four sites in Maine and Massachusetts.
The decadal-scale rates, represented by blue triangles, are derived from GPS measurements, while the millennial-scale
rates are inferred from GIA modelling (black circles) and late-Holocene RSL changes using a linear regression over the
past 4,000 years (red triangles). The error bars indicate 16 uncertainty bounds for each estimate. The x-axis shows the
latitudes (in degrees) of the locations where the VLM rates are determined. The late-Holocene VLM rates are estimated
at the average location within each site, and the GIA-induced rates correspond to the locations of GPS stations.

3.3.2. Present-day mass change signal with uncertainty estimates

As discussed in Section 3.3.1, the VLM analysis results indicate that, for each subregion, there is a
general agreement between paleo and contemporary rates, within the bounds of uncertainty estimates.
This suggests that there is no significant contemporary (non-GIA) signal attributable to present-day
hydrological mass changes. In this section, GRACE estimates of contemporary mass changes and the
resultant vertical surface displacement, along with their respective uncertainties (see Section 3.2.1.2 for
methodology), are evaluated for each subregion to determine if the inferred present-day mass change
signal supports the VLM rate analysis results.

The GRACE estimates for each subregion are corrected for the GIA signal using present-day rates
of GIA-induced geoid changes (see Figure 3.524), derived from optimal regional models, which were
also used to estimate GIA-driven VLM rates. Figure 3.8 provides a complete view of the contemporary
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mass change signal, the resulting vertical surface displacement, and their associated uncertainties in the
Hudson Bay region. The map of contemporary mass change (top left), primarily associated with TWS
variations from April 2002 to November 2023, shows that southeastern Hudson Bay experiences a slight
mass gain, represented by a yellow-red gradient, with values reaching approximately 13 mm EWT/yr.
This mass increase is associated with a subsidence rate of up to -0.3 mm/yr, as depicted in the vertical
surface displacement map (bottom left). Additionally, western and southwestern Hudson Bay show
more significant mass gain, indicated by orange and red shades. In contrast, parts of eastern and
northeastern Hudson Bay exhibit minor mass loss, less than -3 mm EWT/yr. This modest mass loss
results in an uplift rate of under 0.5 mm/yr in the eastern region, with a higher rate in the northeast,
possibly due to minimal mass changes and ongoing elastic displacement linked to contemporary ice
mass loss in Greenland. Overall, these mass changes and the associated vertical surface displacement
rates indicate relatively minor hydrological loading signal across Hudson Bay.

The uncertainty map of the contemporary mass change signal (top right), estimated from the
uncertainties in both GRACE SHCs and the GIA signal (see Figure 3.S25), reveals that the southern
areas of Hudson Bay have the lowest uncertainty, with values between 1.8 and 2 mm EWT/yr. In
comparison, the northern areas have slightly higher uncertainty, ranging from 2.3 to 2.5 mm EWT/yr.
The uncertainty in the corresponding elastic displacement of the Earth's surface (bottom right) averages
approximately 0.055 mm/yr over Hudson Bay, with slightly higher values in the northern regions.
Therefore, when accounting for uncertainty estimates, the vertical surface displacement caused by
present-day mass changes falls within the range of residual VLM signals discussed in Section 3.3.1.1.
An important takeaway is that the overall magnitude of the contemporary mass change signal, along
with its uncertainty estimate, is not substantial enough to result in significant discrepancies between
paleo and contemporary rates of VLM. This suggests no large present-day hydrological mass change
signal in Hudson Bay.
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Figure 3.8. Contemporary GRACE-derived mass change signal, corresponding vertical surface displacement,
and associated uncertainties in the Hudson Bay region from April 2002 to November 2023, corrected for GIA,
destriped, with Gibbs ringing effects removed. (Top left) Contemporary mass changes (mm EWT/yr), primarily
associated with TWS variations, show a slight mass gain in southeastern, western, and southwestern Hudson
Bay, and small mass loss in parts of the eastern and northeastern regions. (Top right) Uncertainty estimates
(mm EWT/yr) for the GRACE mass change signal, with the lowest uncertainty observed in southern Hudson
Bay, indicating confidence in the mass change signal in this area. The GRACE TWS uncertainty estimates are
derived from (1) uncertainty in the GIA signal, the dominant source of uncertainty in this area, and (2) standard
deviations of the GRACE SHCs based on the standard deviation of the time-series residuals (see Figure 3.S25).
(Bottom left) Elastic displacement (mm/yr) resulting from contemporary mass changes, where mass gain in
southeastern Hudson Bay corresponds to subsidence, and mass loss in the northeastern region results in uplift.
(Bottom right) Uncertainty in elastic displacement (mm/yr), estimated using the same approach as for the
uncertainty in the contemporary mass change signal, shows slightly higher values in the northern regions. The
contour intervals for contemporary mass changes (top left) and elastic displacement (bottom left) are 2.5 mm
EWT/yr and 0.2 mm/yr, respectively. Blue diamonds indicate the GPS stations used in the VLM rate analysis.
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As shown in Figure 3.9, the top-left map highlights the contemporary mass change signal, primarily
influenced by TWS variations from April 2002 to November 2023 across the Ungava Peninsula and
Labrador subregion. In general, this area exhibits a slight mass gain, reaching up to about 15 mm
EWT/yr, most notably in the southeastern Ungava Peninsula and northern Labrador (indicated by dark
red shades). Further inland, towards northern Ungava Peninsula and southern Labrador, the mass gain
signal weakens, with a minor mass loss of around -5 mm EWT/yr observed in northern Ungava
Peninsula. The slight mass change across this subregion contributes to a minor vertical surface
displacement (as shown in the bottom-left map), with an uplift rate reaching approximately 0.6 mm/yr,
particularly along the coastal areas of northern Ungava Peninsula. The uncertainty in the mass change
signal (top right) is relatively uniform across the Ungava Peninsula and Labrador, generally ranging
from approximately 1.7 to 2.2 mm EWT/yr. Higher uncertainty values appear near the coastline and in
the northern areas of the Ungava Peninsula, likely due to the variability of hydrological mass loss
processes and the influence of Greenland's ice loss signal. In contrast, central and southern Labrador
shows the lowest uncertainty values.

The uncertainty in the elastic displacement signal (bottom right) is relatively consistent across the
subregion, averaging approximately 0.055 mm/yr, with slightly higher values in the northern areas of
the Ungava Peninsula. These estimates suggest that, in addition to GIA, the observed displacement
across the subregion is influenced by recent mass changes and their associated elastic responses.
However, further evaluation of the Greenland ice mass loss signal is necessary to accurately interpret
the specific magnitude of land displacement in these areas. Based on the VLM rate analysis results
(refer to Section 3.3.1.2), the GPS measurements indicate slightly higher uplift rates than those
predicted by the GIA model outputs, particularly at the GPS station located at latitude 56.53° N
(“NAIN). The GRACE estimates imply that the residual signal is also attributable to contemporary
mass changes in the region, specifically in response to TWS variations. For instance, the resultant
vertical surface displacement and its associated uncertainty at the “NAIN” station can partly capture
this residual signal. These findings suggest that, similar to Hudson Bay, the overall magnitude of
contemporary mass changes, alongside their associated uncertainty estimates, does not imply drastic
hydrological mass changes across the Ungava Peninsula and Labrador.
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Figure 3.9. Contemporary GRACE-derived mass change signal, corresponding vertical surface displacement,
and associated uncertainties in the Ungava Peninsula and Labrador subregion from April 2002 to November
2023, corrected for GIA, destriped, and with Gibbs ringing effects removed. (Top left) Contemporary mass
changes (mm EWT/yr), primarily associated with TWS variations, show a slight mass gain (up to 15 mm
EWT/yr) in the southeastern Ungava Peninsula and northern Labrador and minor mass loss (~-5 mm EWT/yr)
in northern Ungava Peninsula. (Top right) Uncertainty estimates (mm EWT/yr) for the GRACE mass change
signal range from approximately 1.7 to 2.2 mm EWT/yr, with higher uncertainty values near the coastline and
in the northern areas of the Ungava Peninsula, and lower uncertainty values in central and southern Labrador.
The GRACE TWS uncertainty estimates are derived from (1) uncertainty in the GIA signal, the dominant
source of uncertainty in this area, and (2) standard deviations of the GRACE SHCs based on the standard
deviation of the time-series residuals (see Figure 3.S25). (Bottom left) Elastic displacement (mm/yr) resulting
from contemporary mass changes reaches up to ~0.6 mm/yr along the northern areas of the Ungava Peninsula.
(Bottom right) Uncertainty in elastic displacement (mm/yr), estimated using the same approach as for the
uncertainty in the contemporary mass change signal, is relatively consistent across the subregion, with slightly
higher uncertainty in the northern areas of the Ungava Peninsula. The contour intervals for contemporary mass
changes (top left) and elastic displacement (bottom left) are 2.5 mm EWT/yr and 0.2 mm/yr, respectively. Blue
diamonds indicate the GPS stations used in the VLM rate analysis.
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Figure 3.10 presents the GRACE-derived contemporary mass change signal (primarily associated
with TWS variations) and the resulting vertical displacement signal, along with their associated
uncertainties, for the period from April 2002 to November 2023 across four subregions in southeastern
Canada and the northeastern USA: Newfoundland, the St. Lawrence Corridor, New Brunswick and
Nova Scotia, and Maine and Massachusetts. In Newfoundland, the contemporary mass change signal
(top-left panel) ranges from about -3 mm EWT/yr in the southwestern regions to approximately 9 mm
EWT/yr along the northeastern coast. This gradient suggests a net reduction in TWS towards the west,
likely influenced by local hydrological factors. The elastic displacement signal (bottom-left panel)
displays a slight uplift, with rates between roughly 0.2 and 0.4 mm/yr, reflecting the effects of mass
variations on the land surface. Uncertainty in the mass change signal (top-right panel) spans from about
2.4 to 2.5 mm EWT/yr, with slightly higher uncertainties near the northeastern coast, potentially due to
fluctuations in the hydrological mass change. In the St. Lawrence Corridor, the northern section shows
slight mass gains of up to approximately 5 mm EWT/yr, while the southern part experiences a minor
mass loss of around -3 mm EWT/yr. This distribution suggests that hydrological processes in the north
contribute to mass gains, in contrast to slight reductions in the south. The elastic displacement signal
indicates a slight uplift across the corridor, with rates generally between 0.3 and 0.4 mm/yr. The
uncertainty in TWS estimates is relatively consistent, averaging around 2.5 mm EWT/yr, with a slight
increase near the western boundaries. In New Brunswick and Nova Scotia, TWS variations indicate an
increase in mass, particularly in central Nova Scotia, reaching approximately 5 mm EWT/yr. In contrast,
parts of New Brunswick near the Maine border exhibit minor decreases of around -2 mm EWT/yr.

The elastic displacement map shows largely neutral/slight uplift, reaching up to ~0.3 mm/yr in
northern parts of New Brunswick. These observations imply that local hydrological processes may be
causing slight changes in the contemporary mass signal but have a limited effect on vertical surface
displacement. The uncertainty in the mass change signal is relatively uniform across this subregion,
ranging between 2.4 and 2.5 mm EWT/yr, providing a moderately reliable assessment of mass changes.
For Maine and Massachusetts, the TWS map highlights minor mass losses in Maine (up to
approximately -3 mm EWT/yr) and minor increases in Massachusetts (up to around 6 mm EWT/yr),
indicating contrasting hydrological processes between the two states. The elastic displacement map
shows a slight uplift in central Maine of about 0.2 mm/yr and neutral to minor land subsidence in
Massachusetts, likely resulting from localized changes in water storage mass. The uncertainty in the
contemporary mass change signal is approximately 2.5 mm EWT/yr, with minimal regional variation.
In addition, the average uncertainty in the elastic displacement signal across all four subregions
(bottom-right panel) is approximately 0.15 mm/year, indicating an acceptable confidence level in
interpreting the elastic displacement signal, with a signal-to-noise ratio greater than 1. Overall, when
comparing the GRACE-derived results in Figure 3.10 with those from the VLM rate analysis (as
presented in Sections 3.3.1.3 — 3.3.1.6), no significant discrepancies are observed across the four
subregions, supporting the conclusion that GIA remains the dominant factor influencing VLM in these
areas. The GRACE-based TWS and displacement rates align with the residual signals observed in VLM
rates, suggesting that contemporary hydrological mass changes have a limited impact on VLM.
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Figure 3.10. The contemporary GRACE-derived mass change signal, corresponding vertical surface
displacement, and associated uncertainties from April 2002 to November 2023 across four subregions in
southeastern Canada and northeastern USA (including Newfoundland, St. Lawrence Corridor, New Brunswick
and Nova Scotia, and Maine and Massachusetts), corrected for GIA, destriped, and with Gibbs ringing effects
removed. (Top left) Contemporary mass changes (mm EWT/yr), primarily associated with TWS variations,
show fluctuation across subregions: Newfoundland has a gradient from -3 mm EWT/yr in the southwest to 9
mm EWT/yr in the northeast; St. Lawrence Corridor sees gains up to 5 mm EWT/yr in the north and losses
around -3 mm EWT/yr in the south; New Brunswick and Nova Scotia exhibit central mass increases (5 mm
EWT/yr) and minor decreases (-2 mm EWT/yr) near Maine; Maine shows losses up to -3 mm EWT/yr, while
Massachusetts has slight gains (~6 mm EWT/yr). (Top right) Uncertainty estimates (mm EWT/yr) for the
GRACE mass change signal range from 2.4 to 2.5 mm EWT/yr across subregions. The GRACE TWS
uncertainty estimates are derived from (1) uncertainty in the GIA signal, the dominant source of uncertainty in
this area, and (2) standard deviations of the GRACE SHCs based on the standard deviation of the time-series
residuals (see Figure 3.S25). (Bottom left) Elastic displacement (mm/yr) signal due to contemporary mass
changes shows a slight uplift in Newfoundland (0.2 to 0.4 mm/yr), a general uplift across the St. Lawrence
Corridor (0.3 to 0.4 mm/yr), neutral to minor uplift (~0.3 mm/yr) in New Brunswick and Nova Scotia, and a
slight uplift in central Maine (~0.2 mm/yr) with neutral to minor subsidence in Massachusetts. (Bottom right)
Uncertainty in elastic displacement (mm/yr), estimated using the same approach as for the uncertainty in the
contemporary mass change signal, is ~0.15 mm/yr across subregions. The contour intervals for contemporary
mass changes (top left) and elastic displacement (bottom left) are 2.5 mm EWT/yr and 0.2 mm/yr, respectively.
Blue diamonds indicate the GPS stations used in the VLM rate analysis.
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3.4. General discussion

This study underscores the interaction between long-term geophysical processes and present-day
hydrological mass changes based on a thorough analysis of VLM rates across six subregions in
northeastern USA and southeastern Canada. We assessed the temporal and spatial variability of VLM
by combining the millennial-scale and decadal-scale VLM estimates with contemporary mass change
signals. Our results indicate both the contributions of non-GIA processes and the importance of GIA as
the main driver of VLM in our study region.

A major contribution of this study is the utilization of the optimal regional GIA models with model
uncertainty bounds to more precisely constrain the GIA model outputs in eastern North America. This
study improves the accuracy of VLM modelling by building on the work presented in Chapter 2, which
accounted for the implications of the laterally variable Earth structure in the GIA modelling. Our
comprehensive uncertainty analysis for the VLM signal addresses gaps identified in previous studies
(e.g., Bouin & Woppelmann, 2010; Santamaria-Gomez et al., 2017). Additionally, this study is the first
to provide the uncertainty in the GRACE mass change estimates based on accounting for uncertainty in
the GIA signal, which has an important role in the interpretation of GRACE-derived secular mass
changes (Caron et al., 2018; Eicker et al., 2024). Therefore, based on the applied methodology, the
residual signal between paleo and contemporary VLM rates is reliably interpreted and the potential
biases associated with the GIA correction in estimating the contemporary mass change signal from
GRACE are minimized.

Our findings significantly improve upon those of Karegar et al. (2017), who hypothesized that the
anthropogenic impacts of the James Bay Hydroelectric Project in southeastern Hudson Bay have led to
excessive water mass accumulation in this area, contributing to notable departures of contemporary
VLM rates from the long-term GIA-induced rates along some parts of the Atlantic coast of North
America, particularly near the Canadian provinces. They reported contemporary uplift rates derived
from GPS measurements in Maine and Massachusetts that were inconsistent with GIA-induced land
subsidence, which was inferred from a single global model (ICE-6G-VM5a). However, our uncertainty-
inclusive approach, which integrates independent measurements capturing different temporal scales,
indicates a broad compatibility between paleo and contemporary VLM rates in different subregions.
Furthermore, the contemporary hydrological mass change signal in Hudson Bay is not large enough to
cause a modern peripheral bulge. Our GRACE analysis, which covered the period from April 2002 to
November 2023, also found no significant hydrological mass change signals originating from either
natural causes or anthropogenic effects in other subregions. In addition, the residual VLM signal can
be captured by the contemporary mass changes derived from GRACE, supporting the conclusion that
GIA remains the dominant driver of VLM in our study region, with small contributions from
hydrological processes.

Apart from the improvements and new contributions made in this study, several limitations should
be considered. The important limitation is the sparse distribution of GNSS stations in our study region,
particularly in Hudson Bay and the Ungava Peninsula and Labrador, which limits our analysis on the
localized variations of the decadal-scale VLM rates. Based on the criteria used for selecting GNSS
stations within each site (see Section 3.2.1.1), the spatial bias between GPS- and RSL-derived VLM
rates is minimized, and the differences mainly originate from temporal changes. In addition, the length
of the GNSS time series at some sites is relatively short, such as the single GPS station available at site
#3 in Hudson Bay (“INUQ” station) with a length of ~5 years, and it may add some bias into the inferred
rates and affect its reliability for temporal comparisons (e.g., with GRACE estimates derived from
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measurements spanning 22 years). Moreover, the small number (or absence) of SLIPs over 4 ka BP at
some sites can be another limitation in our VLM analysis. For instance, as discussed in Section 3.2.2,
for the postglacial decay time analysis, which is a more reliable model in Hudson Bay, there are
msufficient SLIPs over 4 ka BP at sites #1 and #3. For this reason, the VLM rates from the late-Holocene
RSL reconstructions at these sites are based on fitting a linear model to SLIPs over 2 ka BP, which may
introduce some bias. Another subregion in which this limitation can be important is the Ungava
Peninsula and Labrador, where the VLM rate analysis relies exclusively on GNSS time series and GIA
model predictions. It should be noted that GIA rates are in a reference frame with the origin at the center
of mass of the solid Earth, while the reference frame for the GNSS rates has the origin at the center of
mass of the total Earth system. However, the effect of the origin transformation on the GNSS VLM
rates is less than ~0.2 mm/yr (Schumacher et al., 2018), and this small value can be accounted for within
the uncertainty ranges.

Despite the broad compatibility between decadal-scale and millennial-scale VLM rates in our study
region, a few sites require further investigation. As discussed in Section 3.3.1.1, at site #1 in western
Hudson Bay, the uplift rates derived from GNSS time series and late-Holocene RSL changes are both
larger (by ~5 mm/yr) than the GIA-induced VLM rate from the optimal regional model. However, the
upper bound of the GIA-induced rates captures the GPS rates, showing the significance of uncertainty
estimates in the VLM analysis. Similarly, as shown in Figure 3.526, the RSL fall rate from the
CHURCHILL tide gauge station, co-located with the GPS stations at this site, is larger than that from
the optimal regional GIA model, although the corresponding lower bound captures the tide gauge rate.
Apart from the insufficient number of SLIPs, which can affect the estimation of RSL-induced VLM
rates, there are also limitations in GIA modeling, mainly associated with structural uncertainty, such as
inaccuracies in the ice history models, the effects of lateral viscosity structure, and limitations in the
applied physical model (Maxwell rheology) (see Chapter 2). This source of uncertainty in GIA
modeling can also influence the estimation of sea-surface height changes (4G + E; see Section 3.2.2)
and serve as a source of uncertainty in VLM rates derived from late-Holocene RSL changes. In addition,
the larger VLM rate derived from late-Holocene RSL changes compared to that from the GNSS time
series at this site may result from significant hydrological mass changes that occurred before the
GRACE period (April 2002 — November 2023).

Removing the elastic uplift signal caused by the contemporary ice mass loss associated with
Greenland and Canadian Arctic glaciers from the GNSS time series may introduce another source of
uncertainty, as the applied model (Riva et al., 2017) does not capture this signal after 2014 CE. This
could potentially explain the higher GNSS-derived VLM rates at some sites, particularly in Hudson
Bay and the Ungava Peninsula and Labrador. It should be noted that the rate of RSL change estimated
from SLIPs can be impacted by an anomalous SLIP, as observed at site #13. By removing the SLIP at
an age of ~3 ka BP and RSL of ~-10 m, which lies below the lower NB bound and another SLIP with
a similar age (see Figure 3.516), the RSL-induced VLM rate becomes smaller (by ~1 mm/yr). Although
this rate remains lower than the VLM rates derived from GNSS time series and GIA model predictions,
when considering the uncertainty bounds, the RSL-induced VLM rate aligns with the other estimates.
In terms of the impact of different time frames on the estimation of late-Holocene VLM rates, we
considered two time periods: (1) from 2 ka BP to the present-day and (2) from 4 ka BP to the present-
day, across sites #10, #11, and #18, where there are sufficient SLIPs for both periods to enable robust
regression analysis. As demonstrated in Figure 3.11, the rates of RSL changes (see the right panel),
estimated from the best-fit linear model and total least squares adjustment, at all three sites for both
time frames, are within a range of +1 mm/yr difference while intersecting the 1:1 line. Furthermore,
after removing the contribution of sea-surface height change (4G + E), along with the corresponding

133



VLM rate [mmlyear]

uncertainty—which is similar for both time frames—from the RSL rate of change, the inferred late-
Holocene VLM rates (see the left panel) align with each other when considering the uncertainty bounds.
Therefore, the comparable rates between both time frames confirm that most of the ice-equivalent
meltwater influence on global mean sea level rise occurred before 4 ka BP, and its contribution is
minimal (less than 1 meter) after 4 ka BP (e.g., Engelhart & Horton, 2012; Hallmann et al., 2018;
Lambeck et al., 2014), indicating a stronger representation of regional/local processes.
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Figure 3.11. The right panel shows the comparison of RSL rise (in mm/yr) over two different time periods: (1) from 2 ka BP to
the present-day (green bars) and (2) from 4 ka BP to the present-day (red bars), across sites #10, #11, and #18. The rate of RSL
change for each time frame is estimated from SLIPs using the best-fit linear trend through total least squares adjustment (see the
red and blue dashed lines in Figures 3.S19 and 3.S23). The solid and dashed black lines represent no change in rate and a |
mm/yr difference, respectively. The left panel compares the late-Holocene VLM rates derived from SLIPs over the past 2 ka
(green triangles) and the past 4 ka (red triangles) across three sites. To remove the influence of sea-surface height change (4G
+ E term in Equation 3.1) from the inferred RSL rates shown in the right panel, the optimal regional GIA model (GLACID-
nal259 120p830) and its model uncertainty bounds are applied. The rates are estimated at the average location of SLIPs within
each site. The error bars represent 1o uncertainty bounds for each estimate.

In summary, the results from this study improve the understanding of VLM and its underlying causes
in eastern North America, providing valuable insights for regional sea-level change projections and
adaptation planning. Building on these findings, future studies should enhance the spatial and temporal
resolutions of contemporary VLM measurements by expanding GNSS stations and incorporating
InSAR technique, especially in subregions with sparse coverage, such as Hudson Bay, and the Ungava
Peninsula and Labrador. Moreover, for these subregions, where the elastic signal from contemporary
ice mass loss has a larger contribution, updating and extending the work of Riva et al. (2017) using
datasets from after 2014 can provide a better constraint on the regional contemporary VLM signal. Our
comprehension of VLM in the study region will be further broadened by enhancing the regional GIA
models (with uncertainty bounds) through accounting for structural uncertainties in the modeling.
Additionally, using high-resolution regional/local hydrological models to extend the temporal scope for
constraining the contemporary hydrological mass change signal to periods before GRACE will also
contribute to this advancement.
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3.5. Conclusion

This study provides a comprehensive analysis of VLM in southeastern Canada and the northeastern
USA, addressing both decadal-scale and millennial-scale rates. By integrating GNSS measurements,
late-Holocene RSL changes, GRACE-derived contemporary mass change estimates, and regionally
optimized GIA models, this research captures the temporal and spatial variability of the VLM signal
across six subregions. A key contribution of this work is its uncertainty-inclusive approach, which
enhances the interpretation of the VLM signal and its impacts for regional geophysical processes and
sea-level change projections.

In this study, we deployed different and complementary measurements to estimate VLM rates and
assess their uncertainty. Contemporary VLM rates were derived from the Nevada Geodetic Laboratory
GNSS time series at 88 stations, processed using the MIDAS method, analyzed for remaining outliers
and jumps based on a least squares adjustment model, and corrected for the elastic displacement signal
caused by contemporary ice mass loss from Greenland and Canadian Arctic glaciers. Millennial-scale
VLM rates were estimated from 348 late-Holocene SLIPs across 18 sites, selected from quality-
assessed datasets and analyzed using regression models. GIA contributions to the VLM signal were
constrained by regionally optimized models incorporating refined Earth structure and ice history
parameters. Uncertainty bounds for the GIA model outputs were quantified using a Bayesian approach
based on a sub-ensemble of the highest-probability model parameters. GRACE SHCs spanning from
April 2002 to November 2023 were analyzed to estimate contemporary mass change signals, corrected
for GIA using the same regionally optimized models. For the first time, the uncertainty in GRACE-
derived mass change estimates was quantified by incorporating a contribution from the uncertainty in
the GIA signal, based on Monte Carlo and Bayesian approaches.

The findings show that GIA is the predominant driver of VLM across all subregions and there is a
broad compatibility between paleo and contemporary rates. In Hudson Bay, VLM rates inferred from
late-Holocene SLIPs and GNSS time series largely align with GIA-induced rates, although localized
discrepancies suggest contributions from other site-specific processes (e.g., pre-GRACE hydrological
mass changes). In the Ungava Peninsula and Labrador, where SLIPs were unavailable, contemporary
GNSS-derived rates closely matched GIA-predicted rates, showing the dominant contribution of the
GIA signal in this subregion. In Newfoundland, the St. Lawrence Corridor, New Brunswick and Nova
Scotia, and Maine and Massachusetts, VLM rates derived from GNSS time series, late-Holocene RSL
reconstructions, and GIA model predictions were consistent within their uncertainty bounds, indicating
minimal contributions from non-GIA processes. GRACE-derived mass change estimates also
demonstrate no significant hydrological mass change signals originating from either natural causes or
anthropogenic effects in our study region, supporting the conclusion that GIA remains the dominant
driver of VLM, with small contributions from hydrological processes.
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Supplementary figures of Chapter 3

Contents of this section

Figures 3.S1 to 3.S26. This supplemental section contains additional figures that complement material
in the main text. All of the figures below are referred to in the main text. See captions for further details.
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Figure 3.S1. Re-analyzed VLM rate at the “MEGO” GPS station located in the Maine and Massachusetts subregion. The NGL
GNSS vertical displacement time series is corrected for outliers and jumps based on a least squares adjustment model. Top panel
shows the original GNSS time series. Middle panel displays the offset-corrected time series based on the least squares adjustment
model. Bottom panel shows the cleaned time series after removing 43 outliers (inferred VLM rate of 1 mm/yr).
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Figure 3.S2. RSL contour maps inferred from the optimal regional GIA model (GLAC1D-nal259 120p830) at 4 ka BP for
four subregions in the study region: Newfoundland (top left), the St. Lawrence Corridor (top right), New Brunswick and Nova
Scotia (bottom left), and Maine and Massachusetts (bottom right). Red circles represent the spatial distribution of SLIPs dating
from 4 ka BP to the present day. Blue diamonds indicate GPS stations co-located with SLIPs at each site. Green squares mark
the average locations (average latitude and longitude) calculated from all SLIPs within each site. For sites located within two
subregions (New Brunswick and Nova Scotia, and Maine and Massachusetts), where multiple GPS stations are available, GPS
stations are selected based on their proximity to the average positions of the SLIPs, taking into account the spatial variability
of the RSL signal. The yellow polygon inside site #9 highlights the selected GPS stations.
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Figure 3.S3. Modelled vertical displacement at the GPS station “KUUJ” in eastern Hudson Bay (located at site #2). The rate is
estimated by fitting a linear trend through the vertical displacement time series (2000 — 2014) using ordinary least squares
adjustment.
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Figure 3.S4. RSL curves for three sites in Hudson Bay, derived from the optimal regional GIA model
(GLAC1D-na9927 12021; orange lines) with uncertainty bounds (green dashed lines) from a Bayesian (so-
called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA models.
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Shaded gray boxes represent SLIPs over 4 ka BP. The curves illustrate the RSL evolution at the average
locations (green squares in Figure 3.2) over the past 6,000 years (kyr) for sites #1 — #3. The close alignment
between the SLIPs and the model predictions indicates that the GIA model effectively captures the regional
RSL changes. The uncertainty bounds provide a range of possible trajectories, with most scenarios supporting
a consistent declining trend, highlighting the model's reliability in reconstructing past sea level variations in
this region.
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Figure 3.S5. VLM curves for three sites in Hudson Bay, derived from the optimal regional GIA model
(GLAC1D-na9927 12021; orange lines) with uncertainty bounds (green dashed lines) from a Bayesian (so-
called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA models. The
curves illustrate the VLM evolution at the average locations (green squares in Figure 3.2) over the past 6,000
years (kyr) for sites #1 — #3. The model results show a consistent trend of land uplift, reflecting the long-term
response to glacial unloading. The close agreement between the model predictions and the uncertainty bounds
underscores the robustness of the GIA model in reconstructing VLM in this region.
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Figure 3.S6. 4G + E curves for three sites in Hudson Bay, derived from both RSL and VLM curves presented
in Figures 3.S4 and 3.S5 using Equation 3.1. The 4G + E term is inferred from the optimal regional GIA model
(GLAC1D-na9927 12021; orange lines), with uncertainty bounds (green dashed lines) determined using a
Bayesian (so-called Nominal Bayesian or NB) approach with a sub-ensemble of the highest-probability GIA
models. The curves illustrate the combined spatially varying geoid-height change (4G) and spatially uniform
height shift (£) over the past 4,000 years (kyr) at the average locations (green squares in Figure 3.2) for sites
#1 —#3. The close agreement between the model outputs and the uncertainty bounds underscores the robustness

of the GIA model in estimating these combined geophysical effects in this region.
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model and a linear trend. The top-right panel (for site #2) shows the RSL curve fitted with an exponential decay
model (red line; see Equation 3.2), where the present-day rate of RSL change (7o) is given by A/z. The other
panels show linear regression fits (m x ¢ + r; blue dashed lines) for the last 2,000 years for sites #1 — #3, with
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Figure 3.S8. RSL curves for three sites in Newfoundland, derived from the optimal regional GIA model
(GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a Bayesian (so-
called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA models.
Shaded gray boxes represent SLIPs over 4 ka BP. The curves illustrate the RSL evolution at the average
locations (green squares in Figure 3.4) over the past 6,000 years (kyr) for sites #4, #5, and #6. The close
alignment between the SLIPs and the model predictions indicates that the GIA model effectively captures the
regional RSL changes.
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Figure 3.S9. VLM curves for three sites in Newfoundland, derived from the optimal regional GIA model
(GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a Bayesian (so-
called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA models. The
curves illustrate the VLM evolution at the average locations (green squares in Figure 3.4) over the past 6,000
years (kyr) for sites #4, #5, and #6.
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Figure 3.S10. 4G + E curves for three sites in Newfoundland, derived from both RSL and VLM curves
presented in Figures 3.S8 and 3.S9 using Equation 3.1. The 4G + E term is inferred from the optimal regional
GIA model (GLACID-nal259 120p830; orange lines), with uncertainty bounds (green dashed lines)
determined using a Bayesian (so-called Nominal Bayesian or NB) approach with a sub-ensemble of the highest-
probability GIA models. The curves illustrate the combined spatially varying geoid-height change (4G) and
spatially uniform height shift (£) over the past 4,000 years (kyr) at the average locations (green squares in
Figure 3.4) for sites #4, #5, and #6.
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Figure 3.S11. RSL curves for sites #4, #5, and #6 in Newfoundland, illustrating the best-fit linear trends
obtained by total least squares adjustment (orthogonal distance regression). The panels show linear regression
fits (m x t + r; blue dashed lines) for the last 4,000 years, with slopes (m) representing the average RSL rate of
change. The shaded gray boxes denote SLIPs, which provide observational constraints. The resulting slope
estimates indicate varying rates of RSL changes: an RSL fall in site #4, an RSL rise in site #5, and a relatively
stable RSL in site #6 with a minor RSL rise.
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Figure 3.S12. RSL curves for two sites in St. Lawrence Corridor, derived from the optimal regional GIA model
(GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a Bayesian (so-
called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA models.
Shaded gray boxes represent SLIPs over 4 ka BP. The curves illustrate the RSL evolution at the average
locations (green squares in Figure 3.5) over the past 6,000 years (kyr) for sites #7 and #8. The close alignment
between the SLIPs and the model predictions indicates that the GIA model effectively captures the regional
RSL changes.
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Figure 3.S13. VLM curves for two sites in St. Lawrence Corridor, derived from the optimal regional GIA
model (GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a
Bayesian (so-called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA
models. The curves illustrate the VLM evolution at the average locations (green squares in Figure 3.5) over the
past 6,000 years (kyr) for sites #7 and #8.
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Figure 3.S14. 4G + E curves for two sites in St. Lawrence Corridor, derived from both RSL and VLM curves
presented in Figures 3.S12 and 3.S13 using Equation 3.1. The AG + E term is inferred from the optimal regional
GIA model (GLACID-nal259 120p830; orange lines), with uncertainty bounds (green dashed lines)
determined using a Bayesian (so-called Nominal Bayesian or NB) approach with a sub-ensemble of the highest-
probability GIA models. The curves illustrate the combined spatially varying geoid-height change (4G) and
spatially uniform height shift (£) over the past 4,000 years (kyr) at the average locations (green squares in
Figure 3.5) for sites #7 and #8.
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Figure 3.S15. RSL curves for sites #7 and #8 in St. Lawrence Corridor, illustrating the best-fit linear trends
obtained by total least squares adjustment (orthogonal distance regression). The panels show linear regression
fits (m x t + r; blue dashed lines) for the last 4,000 years, with slopes (m) representing the average RSL rate of
change. The shaded gray boxes denote SLIPs, which provide observational constraints. The resulting slope
estimates indicate varying rates of RSL changes: an RSL fall in site #7 and a minor RSL rise in site #8.
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Figure 3.516. RSL curves for six sites in New Brunswick and Nova Scotia, derived from the optimal regional
GIA model (GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a
Bayesian (so-called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA
models. Shaded gray boxes represent SLIPs over 4 ka BP. The curves illustrate the RSL evolution at the average
locations (green squares in Figure 3.6) over the past 6,000 years (kyr) for sites #9 — #14. The close alignment
between the SLIPs and the model predictions indicates that the GIA model effectively captures the regional
RSL changes.
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Figure 3.S17. VLM curves for six sites in New Brunswick and Nova Scotia, derived from the optimal regional
GIA model (GLACI1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a
Bayesian (so-called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA
models. The curves illustrate the VLM evolution at the average locations (green squares in Figure 3.6) over the
past 6,000 years (kyr) for sites #9 — #14.
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Figure 3.S18. 4G + E curves for six sites in New Brunswick and Nova Scotia, derived from both RSL and
VLM curves presented in Figures 3.516 and 3.S17 using Equation 3.1. The 4G + E term is inferred from the
optimal regional GIA model (GLAC1D-nal259 120p830; orange lines), with uncertainty bounds (green
dashed lines) determined using a Bayesian (so-called Nominal Bayesian or NB) approach with a sub-ensemble
of the highest-probability GIA models. The curves illustrate the combined spatially varying geoid-height
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change (4G) and spatially uniform height shift (£) over the past 4,000 years (kyr) at the average locations
(green squares in Figure 3.6) for sites #9 —#14.
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Figure 3.519. RSL curves for sites #9 —#14 in New Brunswick and Nova Scotia, illustrating the best-fit linear
trends obtained by total least squares adjustment (orthogonal distance regression). The panels show linear
regression fits (m x ¢t + r; blue dashed lines) for the last 4,000 years, with slopes (m) representing the average
RSL rate of change. The shaded gray boxes denote SLIPs, which provide observational constraints. The
resulting slope estimates indicate varying rates of RSL rise across the sites. At sites #10 and #11, the red dashed
line indicates the linear regression fit for SLIPs over the last 2,000 years (the inferred rates for sites #10 and
#11 are 0.79 £ 0.358 mm/yr and 1.599 £ 0.23 mm/yr, respectively).
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Figure 3.S20. RSL curves for four sites in Maine and Massachusetts, derived from the optimal regional GIA
model (GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a
Bayesian (so-called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA
models. Shaded gray boxes represent SLIPs over 4 ka BP. The curves illustrate the RSL evolution at the average
locations (green squares in Figure 3.7) over the past 6,000 years (kyr) for sites #15 —#18. The close alignment
between the SLIPs and the model predictions indicates that the GIA model effectively captures the regional
RSL changes.
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Figure 3.S21. VLM curves for four sites in Maine and Massachusetts, derived from the optimal regional GIA
model (GLAC1D-nal259 120p830; orange lines) with uncertainty bounds (green dashed lines) from a
Bayesian (so-called Nominal Bayesian or NB) approach using a sub-ensemble of the highest-probability GIA
models. The curves illustrate the VLM evolution at the average locations (green squares in Figure 3.7) over the
past 6,000 years (kyr) for sites #15 —#18.
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Figure 3.S22. AG + E curves for four sites in Maine and Massachusetts, derived from both RSL and VLM
curves presented in Figures 3.520 and 3.S21 using Equation 3.1. The 4G + E term is inferred from the optimal
regional GIA model (GLAC1D-nal259 120p830; orange lines), with uncertainty bounds (green dashed lines)
determined using a Bayesian (so-called Nominal Bayesian or NB) approach with a sub-ensemble of the highest-
probability GIA models. The curves illustrate the combined spatially varying geoid-height change (4G) and
spatially uniform height shift (£) over the past 4,000 years (kyr) at the average locations (green squares in
Figure 3.7) for sites #15 — #18.
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Figure 3.S23. RSL curves for sites #15 — #18 in Maine and Massachusetts, illustrating the best-fit linear trends
obtained by total least squares adjustment (orthogonal distance regression). The panels show linear regression
fits (m x t + r; blue dashed lines) for the last 4,000 years, with slopes (m) representing the average RSL rate of
change. The shaded gray boxes denote SLIPs, which provide observational constraints. The resulting slope
estimates indicate varying rates of RSL rise across the sites. At site #18, the red dashed line indicates the linear
regression fit for SLIPs over the last 2,000 years (the inferred rate is 2.148 + 0.339 mm/yr).
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Figure 3.524. Present-day rates (mm/year) of GIA-induced geoid changes based on optimal regional models.
For Hudson Bay (top panel) and the Ungava Peninsula and Labrador (middle panel), the GLACID-
na9927 12021 model was used, while the GLAC1D-nal259 120p830 model was applied to other subregions
(NSNM) along the eastern coast (bottom panel).
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Figure 3.S25. This figure illustrates two primary, independent sources of uncertainty in the GRACE analysis:
(1) the uncertainty of the GRACE SHC:s, calculated based on the standard deviation of the time-series residuals
after removing linear, quadratic, annual, and semi-annual trends; and (2) the uncertainty of the GIA signal,
which is the dominant source of uncertainty in our study region, constrained by the sub-ensemble of highest-
probability GIA models determined using a Bayesian approach. Both sources of uncertainty are converted into
mass changes (in EWT) and quantified in the spatial domain using a Monte Carlo sampling approach. The



uncertainty maps correspond to three subregions: (1) Hudson Bay (top panel); (2) the Ungava Peninsula and
Labrador (middle panel); and (3) NSNM, which includes Newfoundland, the St. Lawrence Corridor, New
Brunswick, Nova Scotia, Maine, and Massachusetts (bottom panel).
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Figure 3.S26. This figure compares RSL rates from CHURCHILL tide gauge observations (blue triangles) and
GIA model predictions (red circles) at site #1 in Hudson Bay. The error bars indicate 16 uncertainty bounds
for each estimate. The GIA-induced rate corresponds to the locations of tide gauge.
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Abstract

Sea-level rise (SLR) associated with recent and future climate warming and anthropogenic climate
change is one of the major environmental issues of our generation. Although global mean sea level is
rising at roughly 3 mm/yr, mainly driven by land ice melt and ocean thermal expansion, local and
regional relative sea level (RSL) trends can differ considerably from this global average, with vertical
land motion (VLM) being a key contributing factor. Assessing future coastal flood risk requires accurate
projections of RSL that account for both ocean surface changes and land motion. Along the Atlantic
coast of Canada and the northeastern United States, glacial isostatic adjustment (GIA) is a dominant
driver of long-term VLM, leading to subsidence and enhanced RSL rise in many areas. This study
investigates the role of GIA-induced VLM in projections of regional mean sea-level change and
nuisance flooding frequency across 25 tide gauges in southeastern Canada and the northeastern United
States for the years 2050, 2100, and 2150 CE. We develop projections under three Shared
Socioeconomic Pathway (SSP) scenarios, including SSP1-1.9, SSP3-7.0, and SSP5-8.5, and evaluate
them across three distinct projection cases: (1) [IPCC projections including all components of sea-level
change, (2) IPCC projections excluding VLM, and (3) IPCC projections excluding VLM but
incorporating a regionally optimized GIA-induced VLM signal with model uncertainty bounds. The
results indicate that GIA-induced VLM substantially alters projected mean sea-level changes and
nuisance flooding frequencies across the study region. At Atlantic coast locations such as Halifax,
Boston, and Saint John, where GIA-induced subsidence dominates, projections that include VLM show
higher RSL rise and significantly greater flooding frequencies than projections that exclude it. In
contrast, sites located near or within the former ice sheet core, such as Churchill, Rimouski, and Sept
Iles, experience land uplift from GIA, resulting in lower projected sea-level changes and reductions in
future nuisance flooding frequency. Chronic nuisance flooding (=50 days/year) is projected to occur at
nearly all subsiding tide gauges with historical nuisance flooding (during the IPCC temporal baseline
1995-2014) by 2050 under SSP1-1.9, with many locations exceeding 300 days/year by 2100 under
high-emission scenarios when VLM is included. Uncertainty analysis shows that the projections
incorporating regionally constrained GIA signals often produce wider uncertainty ranges than the IPCC
projections, especially by 2100 and 2150. However, the median (optimal) results from GIA-integrated
projections generally align well with those from the IPCC. The approach applied in this study allows
mean sea-level projections to be extended to areas lacking dense tide gauge or GNSS coverage, thereby
enhancing coastal adaptation planning for GIA-active regions.

Keywords: Glacial isostatic adjustment, Vertical land motion, Relative sea level, Nuisance flooding,
Harmonic analysis, Nodal corrections, Sea-level projections, Flood frequency projections, Atlantic
coast of North America

4.1. Introduction

The socio-economic impact of sea-level rise (SLR) is one of the major challenges associated with
global warming due to the large and growing population density in coastal regions and the high costs
associated with coastal infrastructure development and adaptation (Wong et al., 2014). Future
projections of sea-level changes at regional to local scales are required by policymakers to develop
strategies to minimize the financial and societal impacts of this hazard. However, improving the
accuracy of these projections is difficult due to the variety of processes affecting SLR over different
spatial and temporal scales (Milne et al., 2009). SLR is influenced by both the vertical motion of the
sea surface and the vertical motion of the land in coastal areas. Any processes causing motion of either
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surface contribute to sea-level change. However, the Earth's rheology and solid Earth processes are
often poorly quantified, even though they can dominate in some regions (Allison et al., 2016). There
are two types of sea-level projection: changes in mean (time-averaged) sea level and changes in the
frequency (or recurrence time) of high-water events. When the latter occurs, the potential for flooding
is at its highest. However, predicting the recurrence time of high-water events requires, as input, an
estimate of mean sea level at a given location and time (Woodworth et al., 2011). High-water events
range from regular high tide levels to extreme, but much less frequent, storm surges.

Extreme sea-level events are the most destructive, making it essential to accurately estimate how
their recurrence time will decrease as mean sea levels continue to rise in most areas. The sea-level
hazard associated with lower amplitude high-water events is only now becoming clear, with new
research indicating that minor but more frequent flood events (so-called “nuisance flooding™) can have
significant long-term impacts. These include the effects of saltwater exposure on coastal infrastructure,
groundwater and freshwater ecosystems, and public health risks (Moftakhari et al., 2015; Spanger-
Siegfried et al., 2014; Sweet & Park, 2014; ten Veldhuis et al., 2010). Many coastal cities are already
experiencing climate-related coastal flooding due to processes that result in land subsidence, thereby
enhancing relative sea-level (RSL) rise (Karegar et al., 2015). Much of the Atlantic coast of North
America has been sinking for thousands of years, at a maximum rate of ~20 cm per century, due to solid
Earth deformation in response to the deglaciation of the North American ice sheets (between about
18,000 and 7,000 years ago). This process, known as glacial isostatic adjustment (GIA), has had a long-
lasting impact on regional sea levels (Love et al., 2016; Parang et al., 2024; Spada, 2017). To put this
into perspective, global mean SLR during this century is projected to range between 29-110 cm,
incorporating dominant processes such as ocean thermal expansion and melting of ice sheets and
glaciers (Oppenheimer et al., 2019). The coastal regions of Newfoundland, New Brunswick, and Nova
Scotia have been identified as the most vulnerable parts of Canada to coastal flooding, due in part to
long-term land subsidence associated with GIA (Greenan et al., 2019). Tide gauge data demonstrate
large regional variations in the rate of sea-level change in Eastern Canada, primarily reflecting the
influence of long-term vertical land motion (VLM) associated with GIA on the spatial variability of
RSL change (Zhai et al., 2015). For example, RSL is falling at rates of about -9 mm/yr in western
Hudson Bay due to rapid land uplift, whereas in Halifax, it is rising at approximately 3 mm/yr,
illustrating the strong regional contrasts driven by GIA (Dmitrenko et al., 2021; Zhai et al., 2015).

Despite the increasing awareness of flood risks and costs, there is currently limited literature on how
SLR and its contributing factors affect nuisance flooding in high-risk regions of Eastern Canada. Recent
studies have demonstrated that nuisance flooding is becoming more common along the Atlantic coast
of the United States due to SLR and VLM (Karegar et al., 2017; Moftakhari et al., 2015). However, the
extent to which different coastal regions in Eastern Canada are currently exposed to recurrent tidal
flooding, and how this exposure is expected to evolve in the future, remains largely uncertain. This
study aims to improve understanding of the role of GIA-induced VLM in projections of both mean sea-
level change and nuisance flooding frequency across southeastern Canada and the northeastern United
States. This aim is timely, given that Eastern Canada is experiencing an accelerated rate of SLR due to
changes in ocean dynamics (Ezer & Atkinson, 2014; Yin, 2023) and increasing ice mass loss
(Hamlington et al., 2020; IMBIE team, 2018). In addition, studies analyzing both global and regional
sea-level records have identified large-scale changes in the long-term trends of diurnal and semidiurnal
constituents of tidal high water (Schindelegger et al., 2018), which could potentially affect the
frequency of nuisance flooding in Eastern Canada. The combination of these factors places this region
at an increasing risk of both nuisance and storm surge flooding.
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A critical aspect of this study is to assess the contribution of the VLM signal to projected changes in
regional mean sea level and the evolution of nuisance flooding frequency, and specifically to improve
understanding of the role of GIA-induced VLM in shaping these projections at 25 tide gauges for the
time horizons of 2050, 2100, and 2150 CE. To evaluate these projections, three cases are considered:
(1) Intergovernmental Panel on Climate Change (IPCC) estimates incorporating all components of sea-
level change (Intergovernmental Panel on Climate Change (IPCC), 2023), (2) IPCC estimates without
the VLM signal, and (3) IPCC estimates that exclude the VLM signal but integrate a regionally
optimized GIA-induced VLM signal with model uncertainty bounds. These projections are developed
under three Shared Socioeconomic Pathway (SSP) scenarios: SSP1-1.9, SSP3-7.0, and SSP5-8.5,
ensuring comprehensive assessments under different climate and socio-economic conditions.
Furthermore, all projections include uncertainty bounds to account for model limitations and
uncertainties in future climate forcing. The outcomes of this study serve as a valuable tool for
policymakers and coastal management agencies aiming to develop effective mitigation strategies in
response to increasing flood risks across eastern Canada and the northeastern United States Atlantic
coast. Importantly, our model outputs, through the integration of a regionally constrained GIA signal
into the IPCC projection, enhance the utility of existing projections by refining and extending regional
mean sea-level change projections in areas with limited observational coverage of contemporary VLM
(e.g., from GNSS and tide gauges) within GIA-active regions.

In Section 4.2, we present the methodology used to project regional mean sea-level changes and
nuisance flooding frequency. Section 4.3 outlines the results of our projections, organized into projected
regional mean sea-level change and nuisance flooding frequency across 25 tide gauge sites. Section 4.4
discusses the broader implications of our findings and highlights limitations that may guide future
research. The projected regional mean sea-level changes with uncertainty bounds (Appendix 1), as well
as the projected nuisance flooding days with uncertainty bounds (Appendix 2), both provided at 25 tide
gauges for three projection cases under three SSP scenarios and for the time horizons of 2050, 2100,
and 2150 CE, are made available for our study region.

4.2. Data and methodology

The methodology is structured around three main components. First, GIA modeling is used to
estimate present-day VLM rates with uncertainty bounds, based on a wide range of Earth—ice model
input parameter sets and paleo sea-level records. Second, regional sea-level projections are developed
for three time horizons (2050, 2100, and 2150 CE) under three SSP scenarios, with three projection
cases that vary in how the VLM signal is treated. Third, projections of nuisance flooding frequency are
generated at 25 tide gauge locations by applying tidal harmonic analysis to historical hourly still water
level observations, accounting for secular changes and local nodal corrections for three major tidal
constituents (M2, N2, and K1), and based on the projected regional mean sea-level changes.

4.2.1 GIA-induced VLM signal

To estimate the VLM signal driven by GIA across our study region, we use the regionally optimized
GIA model outputs developed in Chapter 2. These models were constrained using recent paleo-RSL
observations, including both sea-level index points and limiting data points (marine and terrestrial), and
are based on a broad parameter space for lithospheric thickness, upper and lower mantle viscosity, and
ice history models. For the Hudson Bay, Ungava Peninsula, and Labrador subregions, the selected
optimal model configuration is based on the GLAC1D-na9927 ice history model (Tarasov et al., 2012),
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with parameters lithospheric thickness (LT) = 120 km, upper mantle viscosity (UMV) = 2x10?' Pas,
and lower mantle viscosity (LMV) = 10*' Pas. For subregions along the eastern coast—including
Newfoundland, the St. Lawrence Corridor, New Brunswick and Nova Scotia, and Maine and
Massachusetts—we employed the GLAC1D-nal259 ice history model with LT = 120 km, UMV =
0.8x10?' Pas, and LMV = 30x10?' Pas. Figure 4.1 shows present-day VLM rates derived from these
regionally optimized GIA models, highlighting uplift and associated RSL fall in Hudson Bay, and land
subsidence accompanied by RSL rise along the Atlantic coastal subregions.

The selection of these region-specific model parameters reflects regional variations in Earth structure
and ice loading history, accounting for the presence of lateral viscosity structure confirmed by the 3D
GIA modeling in Chapter 2. Model uncertainty bounds were estimated using a Bayesian approach based
on a sub-ensemble of the highest-probability Earth-ice model input parameter sets (refer to Table 2.2
in Chapter 2), allowing us to robustly characterize the parametric uncertainty in present-day GIA-
induced VLM rates. These GIA-induced VLM estimates are applied in projections of regional mean
sea-level change in this analysis. Note that the VLM associated with GIA influences sea surface height
through local geoid changes and the syphoning effect. These smaller contributions are included in the
GIA signal added to the IPCC results.

optimal GIA model)
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Figure 4.1. Present-day VLM rates from regionally optimized GIA models for two subregions. Left is Hudson
Bay, experiencing uplift and RSL fall, and right is the Atlantic coast subregion, which is subject to ongoing
land subsidence and RSL rise.

4.2.2. Regional mean sea-level projections

To project future changes in regional mean sea level across southeastern Canada and the northeastern
United States, we considered three future time horizons: 2050, 2100, and 2150 CE. Projections were
developed under three SSP scenarios from the IPCC Sixth Assessment Report: SSP1-1.9, SSP3-7.0,
and SSP5-8.5. These scenarios represent a range of greenhouse gas emission pathways and associated
warming levels (Fox-Kemper et al., 2023; Meinshausen et al., 2020): SSP1-1.9 corresponds to the most
optimistic mitigation scenario, in which global temperatures stabilize or even slightly decline in the
second half of the century, with projected warming ranging from 0.13 °C to 1.25°C by 2081-2100
relative to the 1995-2014 baseline. SSP3-7.0 represents a high-risk pathway, with projected warming
between 1.95 °C and 4.38 °C, while SSP5-8.5 reflects a very high-emissions trajectory, associated with
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the greatest warming, ranging from 2.40 °C to 5.57 °C over the same period (see Figure 1.7 in Chapter

).

The regional sea-level projections from the IPCC include contributions from sterodynamic sea-level
change, land water storage, and mass loss from glaciers and the Greenland and Antarctic ice sheets,
along with the VLM signal, which is inferred from spatio-temporal statistical modeling based on long-
term trends in tide gauge records (Jevrejeva et al., 2019; Kopp et al., 2014, 2017). In this model, tide
gauge records are decomposed into three components: a globally uniform term, a regionally varying
linear trend, and a regionally varying nonlinear term. The linear component is interpreted as the VLM
signal applied in the IPCC projections, reflecting long-term non-climatic processes such as GIA,
tectonics, and anthropogenic subsidence. This estimate is assumed to remain constant in future
projections. It should be noted that this approach does not explicitly separate GIA from other local
effects and assumes linearity even for processes that may vary over time, such as fluid withdrawal or
tectonic activity (see Section 2.5 in Kopp et al., 2014).

To assess the role of VLM and its GIA-induced component, we consider three projection cases: (1)
IPCC projections including all components, (2) IPCC projections excluding the VLM component, and
(3) IPCC projections excluding the generic VLM component but including the RSL signal from our
regionally optimized GIA models (Section 4.2.1). While several recent studies incorporate VLM into
sea-level projections (e.g., Govorcin et al., 2025; Sherpa et al., 2023; Zhai et al., 2025), our framework
distinguishes between two key aspects: case (2) highlights the influence of VLM by showing the
outcome when it is omitted, whereas case (3) isolates the contribution of regionally constrained GIA-
induced land motion using our optimized models. This design enables us to assess both the necessity of
VLM and the added value of improved GIA modeling in sea-level projections. The IPCC projections
use a temporal baseline of 20 years from 1995 to 2014, with a midpoint year of 2005; the GIA-induced
RSL signal is integrated into the projections by calculating the cumulative VLM from the baseline year
to each projection year (2050, 2100, and 2150), assuming a constant linear trend in the GIA signal. The
IPCC projections are provided with 1o uncertainty estimates. The uncertainty in the projections that
incorporate regionally constrained GIA signal is quantified using error propagation that integrates the
IPCC projection uncertainties with the uncertainty bounds associated with the GIA signal, derived using
the Bayesian approach (see Section 4.2.1 and Chapter 2).

4.2.3. Nuisance flooding analysis

To assess how future sea-level change will impact the frequency of high-tide or nuisance flooding,
we analyzed hourly still water level records from 25 tide gauge stations distributed across southeastern
Canada and the northeastern United States. These stations were selected based on two criteria: (1)
availability of site-specific IPCC sea-level projections and (2) at least 70% data completeness over the
IPCC temporal baseline (1995-2014), which spans 20 years and is considered sufficient to capture long-
term tidal and non-tidal variability (Fox-Kemper et al., 2023; Haigh et al., 2011; Sweet et al., 2018;
Thompson et al., 2019). The observational data were obtained from the Global Extreme Sea Level
Analysis (GESLA) version 3 database (Haigh et al., 2023; Woodworth et al., 2016), which provides
quality-controlled, long-duration time series suitable for assessing trends in high water levels. The
considered tide gauge stations include 13 in Canada and 12 in the United States (Figure 4.2). The station
names corresponding to the numbered locations on the map are listed in Table 4.S1.

Still water level is defined as the combination of mean sea level, astronomical tides, and
meteorological surges (such as wind-driven or pressure-induced variations), and is typically
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representative of total water level fluctuations in sheltered coastal environments (Serafin et al., 2017).
As such, tide gauge observations serve as a reasonable approximation of still water levels and are widely
used in flood frequency analysis. The nuisance flooding analysis in this study focuses on the exceedance
of locally defined minor flood thresholds by non-extreme but recurrent high-water events, which can
impose chronic stress on coastal infrastructure even in the absence of major storms (Moftakhari et al.,
2015; Sweet et al., 2018). To project how the frequency of these events will evolve under future sea-
level change, we integrate the results of tidal harmonic analysis over the IPCC temporal baselines with
regional mean sea-level projections for the years 2050, 2100, and 2150 across multiple SSP scenarios.
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Figure 4.2. Locations of the 25 tide gauge stations used in this study. The top panel shows the 13 Canadian
stations, and the bottom panel shows the 12 U.S. stations. Tide gauges are indicated by blue triangles. Station
names associated with the numbered locations are listed in Table 4.S1.
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To reconstruct hourly tide levels, harmonic analysis was conducted at all 25 tide gauges using the
UTide algorithm (Codiga, 2011). UTide provides a unified and robust implementation of classical tidal
harmonic analysis, performing a least-squares adjustment to estimate unknown model parameters by
fitting the observed still water levels to a sum of sinusoidal constituents, each characterized by
frequency, amplitude, and phase lag. The amplitude and phase lag are treated as unknowns and are
estimated along with their corresponding 95% confidence intervals. The tidal signal is modeled as:

P&) =Z+ XN_1Hpfp(®)cos(wnt — ¢n + un(t) + V() (4.1)

where P(t) is the predicted tide level at time ¢; Z is the mean sea level; H,, w,, ¢, are the amplitude,
angular frequency, and phase lag of the n" tidal constituent (from a total of N applied tidal constituents),
respectively; f, and u, are nodal corrections for amplitude and phase lag, respectively; and V, is the
astronomical phase argument (Greenwich phase). Across all tide gauges, 68 tidal constituents were
detected using a decision-tree-based algorithm implemented in UTide. This algorithm estimates
uncertainties through a Monte Carlo approach, which propagates noise characteristics in the residuals
to provide confidence intervals on tidal amplitudes and phases. This procedure ensures that the
reconstructed tidal signal reflects statistically robust components.

Standard nodal corrections based on equilibrium tide theory are commonly applied to tidal
constituents to account for the 18.6-year lunar nodal cycle (Pugh & Woodworth, 2014). These
corrections are typically considered globally constant, assuming a uniform astronomical response
across ocean basins (Trupin & Wabhr, 1990; Woodworth, 2012). However, in shallow-water, friction-
dominated, or geomorphologically complex regions, such as estuaries and shelf seas, nonlinear
interactions and energy transfer across tidal frequencies distort the expected nodal behavior, causing
standard corrections to break down (Amin, 1985; Feng et al., 2015; Hagen et al., 2021; Ku et al., 1985;
Ray & Foster, 2016). In these areas, local nodal corrections provide a more accurate representation of
tidal modulations. To address this, we applied station-specific nodal corrections to the three major lunar
constituents, including M2 (principal lunar semidiurnal), N2 (larger lunar elliptic semidiurnal), and K1
(luni-solar diurnal), based on long-term observational records from each tide gauge in our study region.
This approach follows the methodology of Ray & Foster (2016), who demonstrated that applying
locally determined nodal modulations for M2, N2, and K1, infers significantly more realistic projections
of tide-sufficient flooding at coastal sites such as Boston, where standard corrections fail due to complex
regional tidal dynamics.

We applied a two-step approach to account for both secular changes and local nodal modulations
within a physically consistent, observation-based framework (Feng et al., 2015; Hagen et al., 2021; Ray
& Foster, 2016). First, for each tide gauge, harmonic analysis was performed separately for each year
(within the full observational period) that had at least 70% data completeness. In this step, annual
amplitudes and Greenwich phase lags, with their associated confidence intervals, were estimated for
each constituent (M2, N2, and K1) without applying any nodal corrections. This yielded time series of
yearly amplitude and phase values for each constituent, along with their 1o uncertainties. In the second
step, these time series were modeled using a least-squares fit to a function combining a linear trend and
a nodal component (represented by an 18.6-year sinusoid):

n(t) = a + bt + csin (% t) + dcos (% t) (4.2)
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where 77(2) represents either the annual amplitude or Greenwich phase lag at year ¢, as estimated in the
first step; a is the intercept (constant value); b is the secular trend (linear rate of change); and ¢ and d
define the nodal modulation as a sinusoid with a period of 18.6 years (full lunar nodal cycle). This
approach allows for the simultaneous estimation of both the secular change and periodic nodal
variability. From the fitted parameters, we calculated nodal modulations in amplitude (4,,) and phase
lag (P) for each constituent using the following equations:

A, = Ve+a? 100 (unitless, percent) (4.3)

a+btmia

P,, = VcZ + dZ (in degrees) (4.4)

Here, tia is the midpoint time of the analyzed time series. The parameters a, b, ¢, and d in Equation
4.3 were obtained from the weighted least-squares adjustment applied to the annual amplitude estimates
inferred from the first step. Similarly, ¢ and d in Equation 4.4 were derived by fitting the model defined
in Equation 4.2 to the annual Greenwich phase lag values.

Figure 4.3 illustrates secular changes and station-specific nodal modulations for the M2 tidal
constituent at two tide gauges: Boston (tide gauge #17 in Figure 4.2; left panels) and Churchill (tide
gauge #1; right panels). In Boston, the amplitude of M2 shows a positive secular trend of 2.64 + 0.27
cm/century, with a nodal modulation of 2.92 + 0.18%. The corresponding phase lag exhibits a negative
secular trend of —1.50 £ 0.11 degrees/century and a nodal modulation of 2.31 + 0.04°. At Churchill, the
secular change in amplitude is noticeably large, with a trend of —22.86 + 1.25 cm/century, which can
be primarily attributed to a high rate of GIA-induced sea-level fall in this region. Churchill also shows
a nodal amplitude modulation of 3.32+0.80%, a positive secular trend in phase lag of 5.61 +0.49
degrees/century, and a nodal phase modulation of 2.31 £ 0.12°.

In addition to VLM and GIA, other contributing factors influencing M2 include changes in large-
scale ocean dynamics, local bathymetry, water-column stratification, and the morphological evolution
of coastal and estuarine systems, all of which can modulate tidal amplitude and phase lag (Devlin et al.,
2017; Mawdsley et al., 2015; Schindelegger et al., 2018; Talke & Jay, 2020). For example, the long-
term amplification of M2 at Boston likely reflects regional oceanographic processes rather than land
motion alone. In the Gulf of Maine, variations in M2 amplitude have been linked to changes in water-
column stratification that influence the exchange of energy between surface (barotropic) and internal
(baroclinic) tides. Enhanced stratification promotes greater conversion of barotropic energy into
internal tides, reducing surface amplitudes, while weaker stratification has the opposite effect.
Consistent with this interpretation, global altimetry records show widespread declines in barotropic M2
amplitudes associated with increased stratification, providing broader context for the Gulf of Maine
behavior (Ray & Schindelegger, 2025; Schindelegger et al., 2022).

The local nodal modulations in M2 amplitude and phase lag at Boston and Churchill deviate from
the standard modulation values of 3.7% for amplitude and 2.1° for phase lag derived from equilibrium
tidal theory (Ray & Foster, 2016). These differences demonstrate the necessity of applying site-specific
nodal corrections when reconstructing tidal levels under projected regional mean sea-level changes.
The complete set of results for all 25 tide gauges and for M2, N2, and K1, including secular trends and
nodal modulation values with 1o uncertainties for both amplitude and phase lag, is provided in Figures
4.51-4.S3.
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Figure 4.3. Secular changes and local nodal modulations in the M2 tidal constituent at two tide-gauge stations. Left panels:
Boston; right panels: Churchill. The top panels show annual amplitude (blue points with uncertainty bars), and the bottom
panels show annual Greenwich phase lag (orange points with uncertainty bars), both estimated from harmonic analysis of
each year with at least 70% data completeness. Red curves indicate the best-fit model combining a linear trend and an 18.61-
year sinusoidal nodal cycle.

To assess future minor tide-sufficient (nuisance) flooding risks in our study region, we applied the
impact-based flood threshold approach developed by Sweet et al. (2018), and widely adopted in
subsequent global assessments (e.g., Hague et al., 2023). This method estimates flood thresholds
(minor, moderate, and major) using regression relationships with the local tidal range, specifically, the
greater tidal range (GT), defined as the difference between mean higher high water MHHW) and mean
lower low water (MLLW), to provide consistent, site-specific thresholds for high-tide flooding. Both
MHHW and MLLW were estimated from predicted tide levels derived from harmonic analysis over the
IPCC temporal baseline for each tide gauge. Unlike methods relying on global digital elevation models,
which can have vertical RMSE errors exceeding 2 m (Farr et al., 2007; Kulp & Strauss, 2019; Yamazaki
et al., 2017), this approach results in decimeter-scale accuracy for flood thresholds and captures a
broader set of flood mechanisms, including tidal overflow, groundwater intrusion, and backflow
through drainage systems (Hague et al., 2023; Moore & Obradovich, 2020; Sweet et al., 2018). The
minor flood threshold (relative to MLLW) is estimated using the following formula (Sweet et al., 2018):

Minor flood threshold = 1.04 X GT + 0.5 (4.5)

To quantify historical flooding exposure, we calculated the number of nuisance flooding days during
the IPCC 20-year temporal baseline. A day was classified as a nuisance flooding day if the daily
maximum predicted tide level equaled or exceeded the local minor flood threshold. Future hourly tide
levels were projected for 2050, 2100, and 2150 CE by incorporating (1) tidal predictions from harmonic
analysis over the IPCC temporal baseline, (2) secular changes in amplitude and phase lag for M2, N2,
and K1, and (3) projected regional mean sea-level changes under three SSP scenarios (see Section
4.2.2). The projected mean sea-level changes were considered under three distinct cases: (1) IPCC
projections including all components, (2) [IPCC projections excluding VLM, and (3) IPCC projections
excluding VLM but incorporating a regionally optimized GIA-induced RSL signal with associated
uncertainty bounds. The projected daily maximum tide levels were compared to the local minor flood
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thresholds to estimate the number of nuisance flooding days for each scenario and projection year, with
all frequency projections presented alongside corresponding upper and lower uncertainty bounds.

4.3. Results and discussion

4.3.1. Projections of regional mean sea-level changes

Figure 4.4 shows the results at four representative tide gauges—Churchill (#1 in Figure 4.2),
Rimouski (#7), Halifax (#11), and Boston (#17)—which span eastern and Atlantic Canada as well as the
northeastern United States (see Figure 4.2 and Table 4.S1). Projections of regional mean sea-level
change under all scenarios generally show an increase in projected values over time, with larger
magnitudes by 2100 and 2150 compared to 2050. Across all three projection cases (IPCC, IPCC-
noVLM, and IPCC-noVLM + Regional GIA), higher emission scenarios (e.g., SSP5-8.5) generally
yield greater projected sea-level change than lower emission scenarios (e.g., SSP1-1.9) for each time
horizon. In addition, the uncertainty bounds associated with the projections broaden with time,
reflecting increasing uncertainty in long-term climate forcing and model components. Among the three
projection cases, projections under case 3 (IPCC-noVLM + Regional GIA) generally exhibit wider
uncertainty ranges. This is primarily due to the large uncertainty associated with the GIA signal across
the study region and its cumulative effect over time.

The influence of VLM varies across the four tide gauges presented in Figure 4.4. At Halifax and
Boston, a similar pattern emerges, where the projected median SLR (indicated by the black horizontal
line within each bar) is consistently higher after accounting for the VLM signal, when comparing
projection cases 1 (IPCC) and 3 (IPCC-noVLM + Regional GIA) to case 2 (IPCC-noVLM) for a given
year and SSP scenario. Although the differences in median sea-level projections across these cases may
appear small, they can be significant when evaluating nuisance flooding frequency, where even small
increases in water level can determine whether predicted tide levels exceed local minor flood thresholds.
The higher projected mean SLR at Halifax and Boston after accounting for VLM confirms that land
subsidence is a significant contributor to future RSL along the Atlantic coast. Comparison of the results
for cases 1 and 3 indicates that the contribution from non-GIA processes to the VLM signal is minor.

At Rimouski, the projected regional mean SLR is consistently smaller after accounting for the VLM
signal for any given projection year and SSP scenario. This behavior is evident in the median values
(black horizontal lines in Figure 4.4) and reflects the effect of land uplift, resulting in RSL fall. The
difference between projections that include VLM (cases 1 and 3) and those that exclude it (case 2)
increases over time, from 2050 to 2150, reflecting the secular (linear) influence of VLM on RSL. As
for Boston and Halifax, the results for cases 1 and 3 across all time horizons and SSPs are broadly
consistent, indicating that GIA signal is the dominant contributor to VLM at this site. Moreover, the
values of projected mean sea-level change at Rimouski show positive RSL under all projection cases
and SSP scenarios, except in projection case 3 under SSP1-1.9, where the lower bound indicates a small
sea-level fall of ~40 mm by 2150.
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Figure 4.4. Projected regional mean sea-level changes (in mm) relative to the IPCC temporal baseline (1995-2014) at four
representative tide gauges: Churchill (#1 in Figure 4.2), Rimouski (#7), Halifax (#11), and Boston (#17). Projections are shown
for the years 2050, 2100, and 2150 under three SSP scenarios: SSP1-1.9 (green), SSP3-7.0 (blue), and SSP5-8.5 (red). For each
year, results are presented for three projection cases: 1 =IPCC projections including all components (IPCC), 2 = IPCC projections
excluding VLM (IPCC-noVLM), and 3 = IPCC projections excluding VLM but incorporating a regionally optimized GIA-
induced VLM signal with uncertainty bounds (IPCC-noVLM + Regional GIA). All projections are provided with upper and
lower 1o uncertainty bars, and the median values are indicated by horizontal black lines within colored bars. Axis ranges are
fixed across all panels to enable direct comparison among stations.

At Churchill, the largest impact of VLM on projected RSL for the sites considered is evident. The
results for cases 1 and 3 show a striking contrast compared to those for case 2. This difference reflects

the strong GIA signal at Churchill, which is situated near the thickest part of the ancient Laurentide Ice
Sheet. The resulting land uplift dominates the regional sea-level trend at this site. For case 2 (no VLM),

projections show positive SLR that increases over time from 2050 to 2150, both in the median and 1o
uncertainty ranges, for all three SSP scenarios. After incorporating the IPCC-based VLM signal (case

1, IPCC), the median values (black horizontal lines) of projected mean sea-level change are negative

across all projection years and SSP scenarios. The lower bounds for case 1 remain negative across all
years and scenarios, indicating the possibility of sea-level fall within uncertainty. When considering the
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upper uncertainty bounds, values also remain negative except for SSP3-7.0 and SSP5-8.5 in 2100 and
2150, where a positive RSL is projected.

For case 3, the median values of projections for Churchill are positive for all SSPs and projection
years, with one exception: SSP1-1.9 in 2150, which yields —23.6 mm. For instance, under SSP5-8.5 in
2150, the median value reaches approximately +707 mm. These results indicate that the projected mean
SLR in case 3 is considerably larger than that in case 1, despite both accounting for VLM, highlighting
differences in the VLM signal applied. When comparing case 3 to case 2, the projections under case 3
are significantly lower due to the effect of the GIA-induced VLM signal, which introduces a substantial
RSL fall. However, they remain higher than those for case 1, indicating that the IPCC-based VLM
signal (case 1) reflects stronger land uplift and thus greater RSL fall at Churchill than the regionally
constrained GIA (case 3).

The IPCC-based VLM signal gives an RSL rate of about —10.7 £ 0.8 mm/yr. In contrast, our
regionally optimized GIA model yields a rate of about 4.8 mm/yr, with uncertainty bounds of —8.4
mm/yr (lower) and —2 mm/yr (upper). The long-term trend from the tide gauge records (~1940-2020,
based on PSMSL database) gives a rate of —8.8 mm/yr (see Figure 4.S4), which aligns closely with the
lower bound of our GIA model (It should be noted that the trend shows a departure from linearity and
may include non-GIA signals and fingerprints, such as steric sea-level changes). Additionally, as
discussed in Chapter 3 (Sections 3.3.1.1 and 3.4), the average VLM rate derived from three nearby GPS
stations is 9.661 = 0.550 mm/yr, which is more consistent with the IPCC-based VLM estimate,
particularly when considering the associated 16 uncertainty. This highlights the discrepancy between
the regionally optimized GIA signal and the IPCC-based VLM component, which, as discussed in
Section 4.2.2, is derived as a regionally varying linear trend, estimated from tide gauge records using a
Gaussian process model. This trend reflects GIA and other long-term non-climatic processes (global
climate-driven sea-level signal is not included). Part of this discrepancy may stem from limitations in
the GIA modeling. Specifically, the uncertainty estimates used in this study are derived using a
Bayesian approach, which accounts for parametric uncertainty but does not capture structural
uncertainty in the modeling (see Chapter 2 for alternative approaches). Moreover, although other
potential contributors, such as hydrological mass changes, may influence contemporary VLM rates, our
GRACE-based analysis (see Section 3.3.2 in Chapter 3) indicates no significant long-term change in
total water storage over the period from April 2002 to November 2023. Given these considerations, the
potential role of long-term non-GIA processes, including pre-GRACE hydrological mass changes,
remains an open question and warrants further investigation.

Results for the remaining 10 Canadian tide gauges (Figure 4.S5) exhibit a pattern similar to those at
Halifax. After accounting for the VLM signal (cases 1 and 3), the projected regional mean SLR is
consistently larger than that derived for case 2. Also, the results for cases 1 and 3 are compatible,
reflecting the dominance of GIA on VLM at these sites. Similar results are evident across the additional
U.S. tide gauges (Figure 4.S6), which closely resemble those for Boston: higher projected SLR after
accounting for the VLM signal, driven by RSL rise associated with, primarily, GIA-induced land
subsidence. In contrast, the Sept Iles tide gauge (#5 in Figure 4.2), located within the St. Lawrence
Corridor, displays a pattern closely resembling the projections at Rimouski. However, note that the
median values of projections from case 3 are lower than those from case 1, which is opposite to the
trend observed at Rimouski (and Churchill). However, the uncertainty bounds of case 3 capture the
results from case 1, indicating general consistency between the two VLM modeling approaches used in
projection cases 1 and 3.
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4.3.2. Nuisance flooding

4.3.2.1 Historic baseline

To evaluate historical flood exposure, we estimated the frequency of nuisance flooding events over
the 20-year IPCC temporal baseline (1995-2014) at each of the 25 tide gauges (Figure 4.2). The results
presented here provide a baseline characterization of historical nuisance flooding frequency and are
used as a reference for evaluating future changes in tide-sufficient flooding frequency under various
projection scenarios. Nuisance flooding was observed at only 9 locations during the IPCC temporal
baseline, highlighting spatial variability in historical tidal flood exposure. The highest cumulative
frequencies were recorded at Rimouski (#7 in Figure 4.2, 579 days), Saint John (#13, 552 days), and
Eastport (#14, 513 days), where frequent exceedance of local flood thresholds occurred over multiple
years (Figure 4.5). In contrast to the more frequently affected stations, locations such as Portland (#16,
1 day) and Boston (#17, 13 days) experienced very few events, possibly due to higher local flood
thresholds or lower tidal amplitudes.
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Figure 4.5. Year-by-year distribution of nuisance flooding frequency (days per year) at nine tide gauges from
1995 to 2014 (the IPCC temporal baseline). Colors indicate the number of nuisance flooding days per year,
defined by the exceedance of local minor flood thresholds. Out of 25 tide gauges analyzed, only nine
experienced nuisance flooding during this period.

4.3.2.2. Projections

Figure 4.6 presents the projected changes in annual nuisance flooding days, relative to the 2005
baseline year (midpoint of the IPCC temporal baseline of 1995-2014), under SSP1-1.9 for the nine tide
gauges that experienced historical nuisance flooding over the baseline period (Figure 4.5). After
accounting for the VLM signal (projection cases 1 and 3), the number of nuisance flooding days
increases compared to projections that exclude VLM (case 2) for six Atlantic coast sites, including
Boston (#17 in Figure 4.2), Portland (#16), Bar Harbor (#15), Eastport (#14), Saint John (#13), and
Yarmouth (#12), due to GIA-induced land subsidence (see Section 4.3.1). Chronic nuisance flooding,
defined as nuisance flooding occurring on 50 or more days per year (Gold et al., 2023; Hague et al.,

176



2023; Thompson et al., 2019), is projected to occur by 2050 at Boston, Bar Harbor, and Yarmouth under
both cases 1 and 3, and at Portland under case 3. Eastport and Saint John, which had the highest baseline
frequencies (see Figure 4.5 and Table 4.S2), are projected to experience chronic flooding under all three
projection cases by 2050. The influence of VLM grows with time; for example, at Yarmouth, under
projection case 3, nuisance flooding increases by ~20 days/year by 2050, ~70 days/year by 2100, and
~140 days/year by 2150. Furthermore, projections under case 3 generally show higher flood frequencies
than IPCC, consistent with larger projected regional mean SLR in this case (see Section 4.3.1);
differences can exceed 40 days/year (e.g., Portland in 2100 and 2150; Eastport and Saint John in 2150).
By 2150, after accounting for the VLM signal, nuisance flooding frequency exceeds baseline values by
more than 170 days per year at all six sites, surpassing 300 days per year at Boston, Portland, and
Yarmouth after integration of the regional GIA signal from optimal models into the [IPCC projections.

In contrast, at Rimouski (#7), Sept iles (#5), and Churchill (#1), regions experiencing GIA-induced
uplift, nuisance flooding frequencies decrease after accounting for the VLM signal. This reduction
becomes more pronounced over time, reaching up to 130 fewer flooding days per year at Sept les under
cases 1 and 3 by 2150. Notably, Churchill is projected to experience zero nuisance flooding days
(baseline frequency: 11 days/year) under IPCC projections in all future time frames and under case 3
for both 2100 and 2150, due to the strong GIA-induced uplift signal. Although Rimouski is also
projected to experience reductions in flooding frequency, it will still exceed the threshold for chronic
flooding by 2050 (baseline: 31 days/year). The differences between cases 1 and 3 directly reflect the
differences in regional mean sea-level projections (Section 4.3.1). For example, projections under case
3 at Rimouski are approximately 20 days per year higher than those under the IPCC in 2150, while at
Sept Iles, case 3 projects roughly 8 fewer flood days per year.
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The right panel displays the present-day GIA-induced RSL rate at each station, based on optimal, lower, and upper bounds from
regionally constrained GIA models.

The projection results for nuisance flooding frequency under SSP1-1.9 for the eight Canadian and
eight U.S. tide gauges without historical nuisance flooding days during the IPCC temporal baseline are
presented in Figures 4.7 and 4.8, respectively. All sites are located along the Atlantic coast, where
regionally optimized GIA models indicate RSL rise due to GIA-induced land subsidence (see right side
of the figure for optimal GIA-induced RSL rates). As a result, nuisance flooding is projected to occur
at significantly higher frequencies in cases that incorporate the VLM signal (cases 1 and 3), relative to
projections excluding VLM (case 2). For example, at sites in Canada, the largest increase for 2050 is
observed at Halifax (#11 in Figure 4.2), where the frequency under case 3 is 34 days per year higher
than case 2. By 2100, North Sydney exhibits over 220 more days per year of nuisance flooding in cases
1 and 3 relative to case 2. Riviére-au-Renard (#6) shows a notably smaller difference across projection
cases, as its regionally constrained GIA model yields only ~0.35 mm/yr of RSL rise (the projected
frequency in case 3 is just 8—32 days/year higher than case 2 across all projection years). None of the
eight Canadian stations experience chronic nuisance flooding by 2050, but by 2100 all locations
experience at least ~100 days/year, with North Sydney (#10) reaching 310 days. By 2150, most
Canadian sites are projected to flood nearly every day of the year after accounting for VLM. In most
cases, the projected frequency is higher under case 3 than under case 1 (e.g., a 10-day and 58-day
increase at Halifax in 2050 and 2100, respectively, and a 61-day increase at St. John's in (#2) 2150),
consistent with the relatively greater projected SLR discussed in Section 4.3.1. The minimum difference
is observed at North Sydney, where cases 1 and 3 yield nearly identical frequencies from 2050 to 2150.

For the eight U.S. sites with no historical nuisance flooding, Montauk (#23), New London (#22),
and Nantucket Island (#21) show zero nuisance flooding days in 2050 under case 2, but experience
flooding when the VLM signal is included (up to 33 days/year at Nantucket Island in case 3). Chronic
flooding is projected by 2050 at Bridgeport (#24), Newport (#19), and Providence (#18) under case 3,
while under case 1 their frequencies remain just below the chronic threshold (35—41 days/year). The
difference in projected flooding frequency between cases 2 and 3 exceeds 30 days per year by 2050 for
many U.S. tide gauges and grows substantially by 2100, for example, over 250 days per year more at
Montauk and New London. However, this difference narrows by 2150 as most sites reach the maximum
flood frequency of 365 days per year. In comparison, the difference between cases 1 and 2 is smaller.
In general, similar to the Canadian tide gauges shown in Figure 4.7, the projected frequencies after
integration of the GIA-induced VLM signal into the projections exceed those from the IPCC (case 1).
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Figure 4.7. Projected annual nuisance flooding frequency (days per year) under SSP1-1.9 for the eight Canadian tide gauges that
did not experience historical nuisance flooding over the IPCC temporal baseline (1995-2014). Results are shown for three
projection cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM), and (3) IPCC-noVLM + Optimal GIA (excluding
VLM but including regionally optimized GIA-induced VLM). Projections are presented for the years 2050, 2100, and 2150. The
right panel shows the present-day GIA-induced RSL rate for each station based on optimal, lower, and upper bounds from
regionally constrained GIA models.
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cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM), and (3) IPCC-noVLM + Optimal GIA (excluding VLM but
including regionally optimized GIA-induced VLM). Projections are presented for the years 2050, 2100, and 2150. The right panel
shows the present-day GIA-induced RSL rate for each station based on optimal, lower, and upper bounds from regionally
constrained GIA models.

Figure 4.9 presents the projected changes in annual nuisance flooding days relative to the 2005
baseline under SSP3-7.0 for the nine tide gauges that experienced nuisance flooding over the IPCC
temporal baseline. Consistent with the results discussed for SSP1-1.9 (see Figure 4.6), nuisance
flooding frequency increases for the six tide gauges along the Atlantic coast (Boston, Portland, Bar
Harbor, Eastport, Saint John, and Yarmouth) after accounting for the VLM signal under projection
cases 1 (IPCC) and 3 (IPCC-noVLM + Optimal GIA), reflecting the GIA-induced RSL rise shown in
the right-hand side of the figure. A similar trend is evident in projections under SSP5-8.5 (see Figure
4.S7). For a given projection year and case, projected nuisance flooding frequency increases
progressively from SSP1-1.9 to SSP5-8.5, driven by a corresponding increase in regional mean SLR.
Under SSP3-7.0, nuisance flooding becomes chronic by 2050 (=50 days/year) at all six Atlantic tide
gauges for projection cases 1 and 3. Moreover, by 2050 under SSP5-8.5, chronic flooding is projected
at all six sites even under IPCC-noVLM (case 2), highlighting the growing impact of other contributors
to SLR. For both SSP3-7.0 and SSP5-8.5, projected nuisance flooding frequency is consistently higher
in case 3 than in case 1, due to the larger regional mean SLR associated with projection case 3 (see
Section 4.3.1). For SSP3-7.0, flooding reaches and exceeds ~300 days/year by 2100 at Boston, Portland,
Bar Harbor, and Yarmouth under cases 1 and 3. At Eastport and Saint John, nuisance flooding exceeds
200 days/year under the same conditions. By 2150, all six sites are projected to experience nuisance
flooding on nearly every day of the year under both projection cases 1 and 3. Projections under SSP5-
8.5 follow this trend. By 2100, nuisance flooding occurs almost daily at Boston, Portland, Bar Harbor,
and Yarmouth under cases 1 and 3, and even under case 2 (IPCC-noVLM), flooding frequency exceeds
300 days/year at Boston, Portland, and Bar Harbor. By 2150, all six Atlantic tide gauges are projected
to experience near-continuous flooding under all projection cases, regardless of whether VLM is
included.

At the sites experiencing land uplift-Rimouski, Sept Iles, and Churchill-nuisance flooding occurs
less frequently in projection cases 1 and 3 compared to projections excluding VLM (case 2), consistent
with the SSP1-1.9 results. The strongest VLM signal is at Churchill, where projections under IPCC
(case 1) indicate zero nuisance flooding for both SSP3-7.0 and SSP5-8.5 across all projected time
frames. In contrast, under case 2 (IPCC-noVLM), projected nuisance flooding reaches ~300 days/year
by 2150 for SSP3-7.0 and more than 200 days/year by 2100 for SSP5-8.5. Incorporating the regionally
optimized GIA signal into [PCC-noVLM projections (case 3) results in projected nuisance flooding
frequencies at Churchill of 1 day/year less than the baseline for SSP3-7.0 and no change for SSP5-8.5
by 2050. By 2100 under SSP3-7.0, flooding increases slightly (2 days/year more than baseline), and by
2150, reaches 18 days/year, still far below the IPCC-noVLM results. For SSP5-8.5, nuisance flooding
increases to 30 days/year by 2100 and 74 days/year (relative to the baseline frequency) by 2150 under
case 3. The largest discrepancy between cases 1 and 3 occurs under SSP5-8.5, reaching 41 days in 2100
and 85 days in 2150 (as discussed in Section 4.3.1, this discrepancy arises from differences in the
applied VLM signal).

For Rimouski and Sept Iles, the nuisance flooding days significantly increase for SSP3-7.0 and
SSP5-8.5 by 2100 compared to SSP1-1.9 under projection cases 1 and 3. For example, at Rimouski and
Sept lles, the projected frequency can be ~180 days and more than 200 days greater, respectively, by
2150 under SSP3-7.0 for both projection cases that incorporate the VLM signal. In addition, nuisance
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flooding is projected to occur at least ~300 days/year under SSP5-8.5 after accounting for the VLM
signal at both Rimouski and Sept iles. Similar to the results for SSP1-1.9, the projected frequency under
case 3 is relatively larger than that from case 1 for Rimouski and smaller for Sept iles. This is consistent
with the projected mean sea-level changes discussed in Section 4.3.1. The maximum difference is
observed in 2150 under SSP3-7.0, where the projected frequency for Rimouski under case 3 is 32 days
higher than under case 1, while for Sept les, it is 21 days lower.
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Figure 4.9. Projected change in annual nuisance flooding days (relative to the 2005 baseline) under SSP3-7.0 for the nine tide
gauges that experienced historical nuisance flooding during the IPCC temporal baseline. Results are based on three projection cases:
(1) IPCC (including all components), (2) IPCC-noVLM (excluding VLM), and (3) [IPCC-noVLM + Optimal GIA (excluding VLM
but incorporating regionally optimized GIA-induced VLM). Values are shown for the years 2050, 2100, and 2150. Positive values
indicate an increase in nuisance flooding days relative to the baseline, while negative values indicate a decrease. The right panel
displays the present-day GIA-induced RSL rate at each station, based on optimal, lower, and upper bounds from regionally
constrained GIA models.

As shown in Figures 4.S8 and 4.S9, which present projections under SSP3-7.0 and SSP5-8.5,
respectively, for Canadian tide gauges without historical nuisance flooding over the IPCC temporal
baseline, nuisance flooding frequency increases substantially after accounting for the VLM signal
(cases 1 and 3). At all eight analyzed Canadian tide gauges, chronic nuisance flooding does not occur
under SSP3-7.0 across any projection case by 2050. However, under SSP5-8.5, chronic nuisance
flooding is projected to occur at Halifax (#11 in Figure 4.2), North Sydney (#10), Charlottetown (#9),
Lower Escuminac (#8), Argentia (#3), and St. John's (#2) when integrating the regionally optimized
GIA signal into IPCC projections (under IPCC (case 1), only North Sydney reaches chronic flooding).
For U.S. tide gauges without historical nuisance flooding, the same trend is observed under SSP3-7.0
and SSP5-8.5 (see Figures 4.510 and 4.S11). Nuisance flooding does not occur at New London (#22)
and Nantucket Island (#21) under SSP3-7.0 by 2050 when excluding VLM (case 2), whereas
projections incorporating VLM (cases 1 and 3) show frequencies of 7-46 days per year. As indicated
in Figures 4.S10 and 4.S11, nuisance flooding is projected to be chronic by 2050 at Kings Point (#25),
Bridgeport (#24), Woods Hole (#20), Newport (#19), and Providence (#18) under SSP3-7.0 for
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projection case 3, and at all eight U.S. sites by 2050 under SSP5-8.5. Under IPCC projections (case 1)
for SSP5-8.5, chronic flooding is expected by 2050 at Kings Point, Bridgeport, Newport, and
Providence. In addition, for both SSP3-7.0 and SSP5-8.5, nuisance flooding is projected to occur nearly
every day of the year by 2100 across all Canadian and U.S. tide gauges without historical nuisance
flooding, regardless of whether VLM is included in the projections.

To assess the uncertainty in projected nuisance flooding frequency, all projections discussed
throughout this study are provided with corresponding upper and lower uncertainty bounds. These
bounds are derived from the uncertainty in projected regional mean sea-level changes for a given SSP
scenario and time frame under each projection case: (1) IPCC, (2) [IPCC-noVLM, and (3) [IPCC-noVLM
+ Regional GIA (see Section 4.2.2). Figure 4.10 presents the lower bound of projected changes in annual
nuisance flooding days (relative to the baseline) under SSP1-1.9 for nine tide gauges with historical
nuisance flooding, derived from the lower bound of projected regional mean sea-level change for each
projection case. Similarly, Figures 4.11 and 4.S12 show the upper bounds of projected changes in
nuisance flooding frequency under SSP3-7.0 and SSP5-8.5, respectively, also based on the upper
bounds of regional mean sea-level projections. If each uncertainty bound is considered separately, a
consistent trend is observed with the findings discussed for Figures 4.6, 4.9, and 4.S7: after accounting
for the VLM signal through projection cases 1 and 3, the frequency of nuisance flooding increases at
the six Atlantic tide gauges where GIA-induced RSL rise occurs and decreases at Rimouski (#7), Sept
fles (#5), and Churchill (#1) due to GIA-induced RSL fall, relative to the IPCC-noVLM projection case.
The projected median (optimal) nuisance flooding frequencies lie within the lower and upper
uncertainty bounds presented in Figures 4.10, 4.11, and 4.S12.

The uncertainty range of the projected frequency inferred from the integration of GIA-induced VLM
into the IPCC-noVLM projections (projection case 3) broadly captures the range of the IPCC projection
case. The upper bounds (Figures 4.11 and 4.S12) indicate that nuisance flooding will reach at least ~300
days per year by 2100 at all sites except Churchill. At Churchill, the lower bound for both cases that
include VLM indicates zero nuisance flooding frequency for all time frames. Moreover, the upper
bound under SSP3-7.0 (Figure 4.11) for the IPCC case also projects zero nuisance flooding, while case
3 projects 120 and 300 days per year by 2100 and 2150, respectively. As discussed in Section 4.3.1,
this discrepancy stems from the differing VLM estimates. Despite this, the uncertainty range of case 3
encompasses both the projected median values and the uncertainty range, though the upper bounds for
2100 and 2150 show considerable spread due to the cumulative effect of the linearly applied VLM
signal. In contrast, the uncertainty range is narrower for 2050. For example, the upper bound for case 3
shows a projected increase of 12 and 15 nuisance flooding days at Churchill by 2050 under SSP3-7.0
and SSP5-8.5, respectively. The upper bound under SSP5-8.5 (Figure 4.S12) projects chronic nuisance
flooding (=50 days/year) at Churchill by 2150 for the IPCC projection. Projections of the upper and
lower bounds for U.S. and Canadian tide gauges without historical nuisance flooding are shown in
Figures 4.S13, 4.S14, and 4.S15.
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Figure 4.10. Lower bound of projected changes in annual nuisance flooding days (relative to the 2005 baseline) under SSP1-1.9
for the nine tide gauges with historical nuisance flooding over the IPCC temporal baseline. Estimates correspond to the lower
bound of projected regional mean sea-level change for each projection case: (1) IPCC, (2) IPCC-noVLM, and (3) [IPCC-noVLM
+ Regional GIA. Projected changes are shown for the years 2050, 2100, and 2150. Positive values indicate an increase in nuisance
flooding days relative to the baseline, while negative values indicate a decrease.
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Figure 4.11. Upper bound of projected changes in annual nuisance flooding days (relative to the 2005 baseline) under SSP3-7.0
for the nine tide gauges with historical nuisance flooding over the IPCC temporal baseline. Estimates are based on the upper
bound of projected regional mean sea-level change under each projection case: (1) IPCC, (2) IPCC-noVLM, and (3) IPCC-
noVLM + Regional GIA. Projected changes are shown for the years 2050, 2100, and 2150. Positive values indicate an increase
in nuisance flooding days relative to the baseline, while negative values indicate a decrease.
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4.4. General discussion

Projections demonstrate that accounting for VLM significantly increases future SLR and nuisance
flooding frequency at Atlantic sites experiencing GIA-induced subsidence. At locations with historical
nuisance flooding, the projected frequency under cases 1 and 3 reaches chronic flooding levels (=50
days/year) by 2050 under SSP1-1.9. Projections under case 3 are often higher than those under case 1
(IPCC), reflecting the relatively greater regional mean SLR (land subsidence) when using the optimized
GIA signal. In contrast, at Rimouski, Sept fles, and Churchill, accounting for the VLM signal reduces
future flood frequencies. At Churchill, nuisance flooding does not occur under the IPCC projection and
remains minimal under the GIA-integrated case, but reaches as high as 140 days/year under SSP3-7.0
by 2100 in the no-VLM scenario (case 2). This reflects the dominant influence of the GIA signal at this
location, where the discrepancy between the IPCC-based and regionally optimized GIA-induced VLM
signals results in differences in flood projections of over 80 days/year by 2150 under SSP5-8.5.
Uncertainty analysis further supports these findings. Compared to previous studies (Hague et al., 2023;
Ray & Foster, 2016), our analysis presents projected mean sea-level changes and nuisance flooding
frequencies with 1o upper and lower uncertainty bounds for each projection case and scenario. The
uncertainty range associated with our GIA-based projections is relatively broader than that of the IPCC,
due to the larger uncertainty in the GIA signal, especially at sites like Churchill, where the GIA signal
is strong. The GIA-integrated projection case (case 3) effectively captures the range of flood frequency
outcomes (and regional mean sea-level changes) from the IPCC projection.

The solar annual (SA) and solar semiannual (SSA) constituents are small tidal constituents directly
generated by the nonuniform changes in the Sun’s declination and distance (Pugh & Woodworth, 2014).
They are included in the harmonic analysis to represent the seasonal variation of mean sea level
predicted by tidal theory but are more closely related to seasonal changes in weather. To minimize the
influence of climate seasonality on the seasonal signals associated with SA and SSA, we first computed
residuals. These residuals were calculated by subtracting predicted tidal levels from observed water
levels at each tide gauge. These predictions were based on all applied tidal constituents except SA and
SSA and included local nodal modulations for the M2, N2, and K1 constituents. Next, we reconstructed
the SA and SSA tidal signals using the FES2014 global tide model (Lyard et al., 2021) and subtracted
these model-derived SA and SSA values from the initial residuals. This process provided adjusted
residuals showing the remaining non-astronomical climate seasonality signal (e.g., effects of freshwater
inflow and atmospheric pressure). Finally, we removed these adjusted residuals from the original
observations to produce still water-level observations with reduced climate seasonality impact. Figure
4.12 shows the nuisance flooding frequency over the baseline period (1995-2014) at nine tide gauges
based on observations with reduced climate seasonality. At all sites, the changes in flooding days are
negligible (c.f. Figure 4.5), with a maximum difference of one day in the 2005 baseline year. The
exception is Churchill, where the baseline frequency decreases from 11 days to 4 days after reducing
climate seasonality, likely due to strong seasonal signals driven by spring/summer freshwater discharge
and atmospheric loading. This sensitivity is also reflected in future projections. As shown in Figure
4.516, under SSP3-7.0 the projected nuisance flooding frequency remains largely unchanged for eight
of the nine tide gauges after minimizing the impact of climate seasonality, compared to the results based
on the original observations (see Figure 4.9). However, at Churchill, the difference in projected flooding
reaches 19 days by 2150 under case 3, even though flooding remains absent for all years under the [IPCC
projection. For Canadian and U.S. tide gauges without historical nuisance flooding (see Figures 4.517
and 4.518), the differences in projected frequency after reducing climate seasonality are generally
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minor. However, two sites, North Sydney and St. John's, show larger impacts (~20 days by 2150 under
SSP3-7.0).
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Figure 4.12. Nuisance flooding frequency (days per year) from 1995 to 2014 (IPCC temporal baseline) for the nine
tide gauges considered in Figure 4.5, based on water level observations with reduced climate seasonality impact on
SA and SSA using FES2014. The largest change is observed at Churchill, where the number of flooding days in
2005 decreases from 11 to 4 after reducing climate seasonality. Changes at the other tide gauges are negligible (c.f.
Figure 4.5).

The results of our study show that some regions with historical nuisance flooding may experience
zero or reduced flooding in the future due to the counteracting effect of VLM on SLR. This finding
contrasts with the results from Hague et al. (2023), which assume SLR at all tide gauges, leading to an
increase in nuisance flooding frequency at all locations. In contrast, by incorporating the regionally
variable VLM signal, our analysis indicates locations with strong GIA-induced uplift, such as in Hudson
Bay (e.g., Churchill), reduces or eliminates risk of nuisance flooding. In addition, tide gauges without
historical nuisance flooding may experience chronic nuisance flooding in the future as a result of GIA-
induced land subsidence. This pattern is evident at sites along the Atlantic coast of Canada and the
northeastern United States, such as Boston and Halifax, where land subsidence amplifies SLR and
increases the frequency of projected nuisance flooding. In addition to accounting for VLM, our results
improve on Hague et al. (2023) by accounting for site-specific nodal corrections and secular changes
in major tidal constituents. These improvements produce significant differences in the results. For
instance, at Halifax, Hague et al. (2023) report 51 and 360 minor flooding days for 0.36 m and 0.93 m
of SLR, respectively, with 19 days and all 360 days categorized as minor tide-sufficient flooding days.
These SLR values are comparable to the projected mean sea-level changes under SSP3-7.0 in our
analysis by 2050 and 2100, respectively. Our results show that these same SLR values correspond to
36 nuisance flooding days by 2050 (slightly reduced to 32 days after minimizing the climate seasonality
impact on SA and SSA) and 365 days by 2100. Additionally, our projections for Churchill indicate zero
nuisance flooding under the IPCC projection (case 1) and zero or only a few flooding days under the
GIA-integrated projection (case 3). This differs considerably from the estimates by Hague et al. (2023),
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in which minor tide-sufficient flooding at Churchill can occur up to 300 days per year with continuous
SLR up to 1 m.

This study addresses a key knowledge gap regarding the evolution of nuisance flooding in eastern
Canada, particularly in the context of VLM and GIA. Building on this research, future work could
enhance the findings in several aspects. Extending the analysis beyond the IPCC temporal baseline of
1995-2014 to include the full historical record at each tide gauge station would allow for a more
comprehensive assessment of long-term nuisance flooding trends and their temporal evolution, as
demonstrated by Li et al. (2021) for the U.S. coastline. In addition, while this study used a regression-
based scheme developed by Sweet et al. (2018) to define flood thresholds—based on parameters derived
from tidal harmonic analysis—this approach is suited to gauged sites and may not fully capture localized
variability or be easily transferable to ungauged regions. To address this limitation, future work could
explore the use of machine learning approaches to estimate flood thresholds at ungauged sites across
by applying multiple predictor variables (Mahmoudi et al., 2024). Furthermore, incorporating
uncertainty into flood threshold estimation would improve the representation of local conditions. One
promising direction is the use of hierarchical Bayesian models (Piecuch et al., 2025).

Our model outputs are particularly valuable in regions with sparse tide gauge coverage within GIA-
active areas. While IPCC-based VLM estimates rely on tide gauge availability and are derived from
spatio-temporal statistical modeling of long-term observational trends, the integration of regionally
constrained GIA models (including optimal values and uncertainty bounds) into the IPCC estimates
through our analysis enables accounting for the VLM signal in projections at any region of interest,
including coastal and high-risk areas lacking sufficient observational data (e.g., GNSS and tide gauges).
This capability is crucial for providing local mitigation strategies and long-term coastal planning. It
should also be noted that our study is limited to projections of tide-sufficient flooding. Future work
should consider surge-driven flooding, which, when combined with tidal and mean sea-level changes,
could further exacerbate coastal flood risk in various regions.

4.5. Conclusion

This study highlights the critical role of the GIA signal in VLM across eastern North America and
its consequent influence on projections of regional mean sea-level change and nuisance flooding
frequency. Our analysis, based on a suite of projection cases and scenarios, demonstrates that GIA is
the dominant contributor to the long-term VLM signal in the study region, and its inclusion (or
exclusion) has a substantial impact on both regional sea-level projections and estimates of nuisance
flooding exposure at 25 tide gauge locations. Overall, the applied regionally optimized GIA models
yield VLM signals that generally align with [IPCC-based VLM estimates, with differences largely
falling within their respective uncertainty bounds.

The results of regional mean sea-level projections across 25 tide gauges highlight the spatial
variability in the influence of VLM, particularly the contribution from the GIA signal. At most
locations, especially along the Atlantic coast of Canada and the U.S., GIA-driven land subsidence leads
to higher projected SLR when VLM is incorporated, as shown in projection cases 1 and 3. In contrast,
locations situated within or near the former ice sheet core, such as Churchill, Rimouski, and Sept fles,
exhibit the opposite behavior, with GIA-induced uplift producing lower projected mean sea-level
changes relative to scenarios that exclude VLM. The integration of GIA-induced VLM slightly
increases the projected sea-level change at many sites. Even small differences in median sea-level
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projections, despite falling within the uncertainty bounds, can affect the projected frequency of nuisance
flooding, particularly at locations sensitive to threshold exceedance.

As discussed in Section 4.3.1, projections at Churchill show the largest sensitivity to the impact of
VLM signal. Projections that exclude VLM (case 2) show increasing SLR through 2150 across all SSPs,
while those that incorporate VLM (cases 1 and 3) indicate dominant RSL fall. Under case 1, median
(optimal) and lower bounds of sea-level change are negative for all years and SSPs, with upper bounds
remaining negative except under SSP3-7.0 and SSP5-8.5 in 2100 and 2150. In contrast, projections
based on the regionally optimized GIA signal (case 3) yield higher sea-level values than case 1, with
median values mostly positive, highlighting the influence of the applied VLM rate: the IPCC estimate
implies ~10.7 = 0.8 mm/yr RSL fall, while the GIA model yields —4.8 mm/yr (range: —8.4 to —2 mm/yr).
This divergence may reflect structural uncertainty in GIA modeling, which is not captured in the applied
uncertainty estimates, and potential long-term non-GIA processes (e.g., pre-GRACE hydrological mass
changes), which require further investigation.

Our nuisance flooding projections indicate that, for Atlantic tide gauges with historical nuisance
flooding, flooding frequency increases significantly after accounting for VLM (projection cases 1 and
3). Chronic flooding (=50 days/year) is projected by 2050 at several locations under SSP1-1.9 (e.g.,
Boston, Bar Harbor, and Yarmouth in both cases 1 and 3). By 2150, after accounting for the VLM
signal, nuisance flooding frequency exceeds baseline values by more than 170 days/year at all six sites.
These increases reflect GIA-induced RSL rise from forebulge collapse and land subsidence. Moreover,
projections from case 3 often yield higher flood frequencies than those from case 1, with differences
exceeding 40 days/year at some stations by 2150. In contrast, tide gauges located near the former
Laurentide Ice Sheet center, including Rimouski, Sept fles, and Churchill, show reduced future nuisance
flooding frequency under cases 1 and 3 due to GIA-induced RSL fall. Churchill is projected to
experience zero flooding days under IPCC projections in all future timeframes and under case 3 in both
2100 and 2150. At Rimouski, despite overall reductions relative to case 2, projections still exceed the
chronic flooding threshold by 2050. At Canadian and U.S. tide gauges without historical nuisance
flooding during the baseline, flooding frequencies are projected to increase substantially after
accounting for the VLM signal. In Canada, all eight analyzed tide gauges reach ~100 days/year or more
by 2100 under SSP1-1.9 after accounting for the VLM signal. For U.S. stations, nuisance flooding is
projected to become chronic by 2050 at sites such as Bridgeport, Newport, and Providence under case
3. Uncertainty analysis confirms that projected nuisance flooding frequencies increase or decrease
consistently based on the inclusion of VLM and the GIA signal. Uncertainty bounds widen for longer
projection horizons (e.g., 2100 and 2150), particularly under projection case 3 due to the larger
uncertainty in the GIA signal. The uncertainty bounds of the GIA-integrated projections broadly capture
the range of IPCC projections.
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Supplementary figures and tables of Chapter 4

Contents of this section

Tables 4.S1 and 4.S2 and Figures 4.S1-4.S18. This supplemental section contains additional tables and
figures that complement material in the main text. All of the tables and figures below are referred to in
the main text. See captions for further details.

Table 4.S1. Latitude, longitude, and station name for each tide gauge corresponding to the numbered locations
shown in Figure 4.2.

Tide Gauge Number Tide Gauge Name Latitude Longitude
1 CHURCHILL 58.7667 -94.1833
2 ST_JOHNS 47.5667 -52.7167
3 ARGENTIA 47.3000 -53.9833
4 PORT AUX BASQUES 47.5667 -59.1333
5 SEPT ILES 50.2000 -66.4000
6 RIVIERE AU RENARD 49.0000 -64.3833
7 RIMOUSKI 48.4833 -68.5167
8 LOWER_ESCUMINAC 47.0833 -64.8833
9 CHARLOTTETOWN 46.2333 -63.1167
10 NORTH_SYDNEY 46.2167 -60.2500
11 HALIFAX 44.6667 -63.5833
12 YARMOUTH 43.8333 -66.1333
13 SAINT _JOHN 45.2667 -66.0667
14 EASTPORT ME 44.9033 -66.9817
15 BAR HARBOR 44.3917 -68.2050
16 PORTLAND ME 43.6567 -70.2467
17 BOSTON MA 42.3533 -71.0533
18 PROVIDENCE 41.8067 -71.4000
19 NEWPORT RI 41.5050 -71.3267
20 WOODS HOLE MA 41.5233 -70.6717
21 NANTUCKET ISLAND 41.2850 -70.0967
22 NEW_LONDON CT 41.3600 -72.0900
23 MONTAUK NY 41.0483 -71.9600
24 BRIDGEPORT 41.1733 -73.1817
25 KINGS POINT 40.8100 -73.7650
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Figure 4.S1. Secular changes and local nodal modulations for the M2 tidal constituent at 25 tide gauges. Each
panel presents the results of site-specific regression fits applied to annual amplitude and phase lag estimates.
Top left: Secular change in amplitude (cm/century). Top right: Nodal modulation in amplitude (%), calculated
as the percentage variation due to the 18.6-year lunar nodal cycle. Bottom left: Secular change in Greenwich
phase lag (degrees/century). Bottom right: Nodal modulation in phase lag (°), representing the phase variation
over the nodal cycle. Error bars indicate 16 uncertainties, derived from the least-squares regression fits. Tide
gauge numbers correspond to stations provided in Table 4.S1. Results show significant spatial variability in
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Figure 4.S2. Secular changes and local nodal modulations for the N2 tidal constituent at 25 tide gauges. Each
panel presents the results of site-specific regression fits applied to annual amplitude and phase lag estimates.
Top left: Secular change in amplitude (cm/century). Top right: Nodal modulation in amplitude (%), calculated
as the percentage variation due to the 18.6-year lunar nodal cycle. Bottom left: Secular change in Greenwich
phase lag (degrees/century). Bottom right: Nodal modulation in phase lag (°), representing the phase variation
over the nodal cycle. Error bars indicate 16 uncertainties, derived from the least-squares regression fits. Tide
gauge numbers correspond to stations provided in Table 4.S1. Results show significant spatial variability in
both secular and nodal trends, emphasizing the need for local corrections in tidal projections.
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Figure 4.S3. Secular changes and local nodal modulations for the K1 tidal constituent at 25 tide gauges. Each
panel presents the results of site-specific regression fits applied to annual amplitude and phase lag estimates.
Top left: Secular change in amplitude (cm/century). Top right: Nodal modulation in amplitude (%), calculated
as the percentage variation due to the 18.6-year lunar nodal cycle. Bottom left: Secular change in Greenwich
phase lag (degrees/century). Bottom right: Nodal modulation in phase lag (°), representing the phase variation
over the nodal cycle. Error bars indicate 16 uncertainties, derived from the least-squares regression fits. Tide
gauge numbers correspond to stations provided in Table 4.S1. Results show significant spatial variability in
both secular and nodal trends, emphasizing the need for local corrections in tidal projections.
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Figure 4.S4. Time series of relative sea level at Churchill, derived from annual tide gauge observations from
the Permanent Service for Mean Sea Level (PSMSL). The blue dots represent observed RSL values, and the
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red line shows the linear regression fit to the data. The estimated long-term rate of RSL change is —8.76 = 0.3

mm/yr.
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Figure 4.S5. Projected regional mean sea-level changes (in mm) relative to the IPCC temporal baseline (1995—
2014) at 10 Canadian tide gauges (see Figure 4.2 and Table 4.S1). Projections are shown for the years 2050,
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2100, and 2150 under three SSP scenarios: SSP1-1.9 (green), SSP3-7.0 (blue), and SSP5-8.5 (red). For each
year, results are presented for three projection cases: 1 = IPCC projections including all components (IPCC), 2
= IPCC projections excluding VLM (IPCC-noVLM), and 3 = IPCC projections excluding VLM but
incorporating a regionally optimized GIA-induced VLM signal with uncertainty bounds (IPCC-noVLM +
Regional GIA). All projections are provided with upper and lower 1o uncertainty bars, and the median values
are indicated by horizontal black lines within colored bars. Axis ranges are fixed across all panels to enable
direct comparison among stations.
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Figure 4.S6. Projected regional mean sea-level changes (in mm) relative to the IPCC temporal baseline (1995—
2014) at 11 U.S. tide gauges (see Figure 4.2 and Table 4.S1). Projections are shown for the years 2050, 2100,
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and 2150 under three SSP scenarios: SSP1-1.9 (green), SSP3-7.0 (blue), and SSP5-8.5 (red). For each year,
results are presented for three projection cases: 1 = IPCC projections including all components (IPCC), 2 =
IPCC projections excluding VLM (IPCC-noVLM), and 3 = IPCC projections excluding VLM but incorporating
a regionally optimized GIA-induced VLM signal with uncertainty bounds (IPCC-noVLM + Regional GIA).
All projections are provided with upper and lower 16 uncertainty bars, and the median values are indicated by
horizontal black lines within colored bars. Axis ranges are fixed across all panels to enable direct comparison
among stations.

Table 4.S2. Number of nuisance flooding days in 2005 (the midpoint of the IPCC temporal baseline, 1995-2014)
at the nine tide gauges that experienced historical nuisance flooding (see Figure 4.5).

Tide Gauge Nuisance Flooding Days in 2005
YARMOUTH 2
SEPT ILES 9
SAINT JOHN 24
RIMOUSKI 31
PORTLAND ME 0
EASTPORT ME 20
CHURCHILL 11
BOSTON_MA 0
BAR HARBOR 0
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Figure 4.S7. Projected change in annual nuisance flooding days (relative to the 2005 baseline) under SSP5-8.5 for the nine tide
gauges that experienced historical nuisance flooding during the IPCC temporal baseline. Results are based on three projection cases:
(1) IPCC (including all components), (2) [PCC-noVLM (excluding VLM), and (3) IPCC-noVLM + Optimal GIA (excluding VLM
but incorporating regionally optimized GIA-induced VLM). Values are shown for the years 2050, 2100, and 2150. Positive values
indicate an increase in nuisance flooding days relative to the baseline, while negative values indicate a decrease. The right panel
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displays the present-day GIA-induced RSL rate at each station, based on optimal, lower, and upper bounds from regionally
constrained GIA models.
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Figure 4.S8. Projected annual nuisance flooding frequency (days per year) under SSP3-7.0 for the eight Canadian tide
gauges that did not experience historical nuisance flooding over the IPCC temporal baseline (1995-2014). Results are shown
for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM), and (3) IPCC-noVLM + Optimal
GIA (excluding VLM but including regionally optimized GIA-induced VLM). Projections are presented for the years 2050,
2100, and 2150. The right panel shows the present-day GIA-induced RSL rate for each station based on optimal, lower, and
upper bounds from regionally constrained GIA models.
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Figure 4.S9. Projected annual nuisance flooding frequency (days per year) under SSP5-8.5 for the eight Canadian tide
gauges that did not experience historical nuisance flooding over the IPCC temporal baseline (1995-2014). Results are shown
for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM), and (3) IPCC-noVLM + Optimal
GIA (excluding VLM but including regionally optimized GIA-induced VLM). Projections are presented for the years 2050,
2100, and 2150. The right panel shows the present-day GIA-induced RSL rate for each station based on optimal, lower, and
upper bounds from regionally constrained GIA models.
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Figure 4.S10. Projected annual nuisance flooding frequency (days per year) under SSP3-7.0 for the eight U.S.
tide gauges that did not experience historical nuisance flooding over the IPCC temporal baseline (1995-2014).
Results are shown for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM),
and (3) IPCC-noVLM + Optimal GIA (excluding VLM but including regionally optimized GIA-induced
VLM). Projections are presented for the years 2050, 2100, and 2150. The right panel shows the present-day
GIA-induced RSL rate for each station based on optimal, lower, and upper bounds from regionally constrained
GIA models.
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Figure 4.S11. Projected annual nuisance flooding frequency (days per year) under SSP5-8.5 for the eight U.S.
tide gauges that did not experience historical nuisance flooding over the IPCC temporal baseline (1995-2014).
Results are shown for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM (excluding VLM),
and (3) IPCC-noVLM + Optimal GIA (excluding VLM but including regionally optimized GIA-induced
VLM). Projections are presented for the years 2050, 2100, and 2150. The right panel shows the present-day
GIA-induced RSL rate for each station based on optimal, lower, and upper bounds from regionally constrained
GIA models.
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Figure 4.S12. Upper bound of projected changes in annual nuisance flooding days (relative to the 2005 baseline) under SSP5-
8.5 for the nine tide gauges with historical nuisance flooding over the IPCC temporal baseline. Estimates are based on the
upper bound of projected regional mean sea-level change under each projection case: (1) IPCC, (2) [IPCC-noVLM, and (3)
IPCC-noVLM + Regional GIA. Projected changes are shown for the years 2050, 2100, and 2150. Positive values indicate an
increase in nuisance flooding days relative to the baseline, while negative values indicate a decrease.
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Figure 4.S15. Upper bound of projected annual nuisance flooding frequency (days per year) under SSP5-8.5 for tide gauges that did not
experience historical nuisance flooding over the IPCC temporal baseline. The left panel corresponds to Canadian tide gauges, and the right
panel to U.S. tide gauges. Estimates are based on the upper bound of projected regional mean sea-level change for each projection case: (1)
IPCC, (2) IPCC-noVLM, and (3) IPCC-noVLM + Regional GIA. Projected changes are shown for the years 2050, 2100, and 2150.
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Figure 4.516. Projected changes in annual nuisance flooding days (relative to the 2005 baseline) under SSP3-7.0 for the nine
tide gauges with historical nuisance flooding, based on observations with minimized climate seasonality effects on SA and
SSA using FES2014. Results are shown for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM, and (3)
IPCC-noVLM + Optimal GIA. Differences from results based on original observations (see Figure 4.9) are negligible at most
sites, except at Churchill, where projections differ by up to 19 days by 2150 under case 3.
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Figure 4.S17. Projected annual nuisance flooding frequency (days per year) under SSP3-7.0 for the eight Canadian tide gauges
without historical nuisance flooding, based on observations with minimized climate seasonality effects on SA and SSA using
FES2014. Results are shown for three projection cases: (1) IPCC (all components), (2) IPCC-noVLM, and (3) IPCC-noVLM
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+ Optimal GIA. Differences from results based on original observations (see Figure 4.S8) are negligible at most sites, except
at North Sydney and St. John's, where projections differ by up to ~20 days by 2150 under case 3.
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Figure 4.S18. Projected annual nuisance flooding frequency (days per year) under SSP3-7.0 for the eight U.S. tide gauges
without historical nuisance flooding, based on observations with minimized climate seasonality effects on SA and SSA using
FES2014. Results are shown for three projection cases: (1) [IPCC (all components), (2) [IPCC-noVLM, and (3) IPCC-noVLM +
Optimal GIA. Differences from results based on original observations (see Figure 4.S10) are negligible at most sites.

205



Conclusion

For my Ph.D., I have completed three research projects, all aimed at the overarching goal of
improving the quantification and understanding of processes contributing to contemporary and future
vertical land motion (VLM) and gravity change in eastern North America. This understanding is
essential for producing more accurate projections of mean sea-level change and nuisance flooding over
the coming decades. The methodology and results associated with each research project are presented
in Chapters 2, 3, and 4 of this thesis. In this concluding chapter, I summarise the key findings from each
chapter within a broader context and discuss their implications for potential future work.

Chapter 2 focused on constraining the glacial isostatic adjustment (GIA) signal and its associated
uncertainty across southeastern Canada and the northeastern United States, one of the most GIA-
affected regions in North America. Accurate representation of GIA in this area is critical, as it dominates
the long-term VLM signal and plays a key role in shaping both historical and future relative sea-level
(RSL) trends. To address this, we employed a comprehensive paleo sea-level dataset consisting of 1,013
RSL data points from 38 sites, compiled from two regional databases containing 544 sea-level index
points (SLIPs), 232 marine limiting points, and 237 terrestrial limiting points. These data were
compared to the output from 14,960 forward GIA model simulations based on a suite of 1D (spherically
symmetric) earth models and 34 distinct reconstructions of the North American ice sheet history. From
this extensive ensemble, we identified optimal Earth-ice model parameter sets that best reproduced the
observed RSL data across the region and within spatial subsets. Different subregions require distinct
Earth-ice model parameters for optimal RSL fits but some share similar viscosity space and ice history
models. As a result, the study region was partitioned into two larger subregions: (1) HUL, near the
center and thickest part of the Laurentide Ice Sheet (Hudson Bay, Ungava Peninsula, and Labrador),
and (2) NSNM, along the Atlantic coast near the former ice margin (Newfoundland, St. Lawrence
Corridor, New Brunswick and Nova Scotia, and Maine and Massachusetts).

The results revealed spatial variability in earth structure, with higher upper mantle viscosity (UMV)
beneath the HUL subregion compared to the NSNM subregion. Conversely, lower mantle viscosity
(LMV) was inferred to be very low in HUL and high in NSNM. These contrasting model parameter
sets reflect the importance of lateral earth structure in driving regional differences in the GIA response,
which cannot be adequately represented by a single 1D earth model. Indeed, no single combination of
1D parameters produced high-quality fits to the full RSL dataset, even when tested against a wide range
of ice sheet reconstructions, underscoring that the inferred spatial variations are robustly linked to earth
structure. This interpretation was supported by 3D GIA model simulations, based on two shear-wave
tomographic models, which confirmed the regional sensitivity to lateral variations in viscosity, although
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they did not yield significant improvements in data—model fit, likely due to limitations in the accuracy
of the adopted 3D viscosity models and/or a bias in the ice history models, which are all based on the
assumption of radial (1D) earth structure.

Therefore, an important aim for future work is to develop more accurate 3D earth models for this
region. One approach involves constructing 3D GIA models that incorporate composite mantle
rheology alongside laterally varying temperature fields derived from regional models, as demonstrated
by van der Wal et al. (2013). Another avenue is to apply LitMod (Afonso et al., 2016), a probabilistic
(Bayesian) inversion framework that can consider multiple datasets, such as seismic velocity, surface
heat flow, topography, and gravity anomalies, in order to construct more accurate temperature models
and, consequently, improved 3D viscosity models. These models could then be integrated into GIA
modeling to assess their consistency with both paleo RSL data and contemporary GNSS-derived
velocities, potentially leading to improved fits in this GIA-active region. A primary limiting factor of
3D-Earth GIA modelling is the high computational cost associated with these models, which limits the
ability to conduct extensive parameter space exploration. In this study, the 3D models were constructed
using the 1D viscosity structure derived from our analysis; however, this approach may introduce bias
if the applied 1D structure is not optimal for the adopted laterally variable earth structure. Emerging
strategies to address this challenge include the use of artificial neural networks to emulate the output of
computationally expensive 3D GIA simulations (Love et al., 2024) and the application of adjoint
methods to determine the optimal earth structure will fewer forward runs (Crawford et al., 2018).

Another avenue for future work to improve the results from 3D GIA modeling involves addressing
limitations in the ice history models themselves. The ice models applied in this study were originally
developed using 1D earth structures, which do not account for lateral variations in mantle viscosity. As
a result, these ice histories may be inaccurate when used within a 3D GIA framework. Developing and
incorporating ice models that are consistent with laterally varying earth structures would enhance the
physical realism of the modeling and potentially improve data—model fits. The adjoint method noted
above can also be applied for this purpose (e.g., Lloyd et al., 2024). Another approach involves coupling
glaciological ice sheet models to 3D-Earth GIA models, which has been done for the Antarctic ice
sheets (Gomez et al., 2018; van Calcar et al., 2023) but not the North American ice sheets.

Further improvements in GIA modeling can be achieved by incorporating more realistic rheological
representations of Earth’s mantle, such as non-Newtonian rheology. For example, Kang et al. (2022)
demonstrate that RSL changes simulated using non-Newtonian rheology show more rapid sea-level fall
following deglaciation around ~14 ka BP, compared to those produced by Newtonian models. This is
followed by more gradual sea-level fluctuations for sites close to the near-field area, and another gradual
sea level fall during the mid-to-late Holocene for sites close to the ice margins. For instance, RSL
observations in the St. Lawrence Corridor are better explained by a non-Newtonian rheological model,
which yields improved fits relative to models based on Newtonian viscoelastic rheology. The improved
performance is largely attributed to the lower upper mantle viscosity characteristic of non-Newtonian
rheology when mantle stresses are high, which better captures the rapid RSL fall during deglaciation at
sites such as 21-24 in our study region (Chapter 2).

Another important direction for advancing GIA modeling is improving the quality and spatial
coverage of paleo RSL observations. In contrast to previous studies, which rely mainly on SLIPs, our
analysis incorporates both SLIPs and limiting data points to more comprehensively constrain the GIA
signal with uncertainty. Enhancing the reliability and density of both types of data, particularly in data-
sparse subregions like the Ungava Peninsula and Labrador, where SLIPs are limited, would
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significantly improve model constraints, thereby yielding more accurate GIA predictions across the
study region.

A central component of the Chapter 2 analysis is the estimation of model uncertainty, which is
essential for evaluating the robustness of GIA model predictions. Three distinct methods were
employed to quantify this uncertainty, including heuristic, nominal Bayesian, and history matching
approaches. Each method offers specific strengths and limitations. The nominal Bayesian approach
estimates uncertainty bounds based on the spread of predicted RSL values across a sub-ensemble of the
highest-probability model parameter sets, while ignoring the structural uncertainty in the model physics.
Notably, both the heuristic and history matching methods yield uncertainty bounds that are derived
from individual forward model simulations, ensuring physical consistency. The history matching
approach takes this a step further by constraining the model space based on a single ice sheet
chronology, allowing for a more targeted exploration of plausible parameter combinations. The
preliminary implementation of the history matching approach in this study demonstrates strong
potential for improving GIA model uncertainty estimates by accounting for both parametric and
structural uncertainties in the modeling. However, because this is a partial implementation of the
method, certain limitations became apparent. For instance, model bounds generated from the history
matching approach (and the heuristic method) occasionally cross over time at specific sites, which limits
their interpretability for certain periods. Additionally, the current history matching analysis was affected
by a simplified treatment of model structural error and a limited sampling of ice sheet chronologies.
Moreover, in defining RSL bounds based on a single ice sheet chronology, we have ignored the
structural uncertainty associated with this component of the GIA model. As a result, the model bounds
are too narrow in some regions or are incompatible with a portion of the limiting data in other areas. A
more robust application of history matching would necessitate joint sampling of both earth model
parameters and ice sheet chronologies, a comprehensive assessment of model structural uncertainties,
and the use of statistical emulators to enable efficient exploration of the parameter space across multiple
sampling waves, as outlined in Tarasov & Goldstein (2023).

A major contribution of Chapter 3 is the utilization of optimal regional GIA models, accompanied
by model uncertainty bounds, to more precisely constrain GIA-induced VLM rates across eastern North
America, building directly on the work presented in Chapter 2. A comprehensive uncertainty analysis
for the VLM signal is presented, addressing gaps that remained in previous studies. In addition, this
chapter marks the first time that uncertainty in GRACE mass change estimates is quantified by
explicitly accounting for uncertainty in the GIA signal. This refinement plays a critical role in the
interpretation of GRACE-derived secular mass changes, as it reduces potential biases associated with
GIA correction. The analysis presented in this chapter builds on the complementary timescales of the
datasets, paleo RSL reconstructions providing millennial-scale VLM rates, and GNSS and GRACE
observations presenting contemporary, decadal-scale estimates. By comparing paleo and contemporary
VLM rates, this study identifies potential changes in land motion over time, allowing for the reliable
detection of rate discrepancies. These residuals can be interpreted as resulting from other non-GIA
processes, with contemporary hydrological mass change, estimated independently from GRACE, as the
dominant contributor. Incorporating both VLM estimates and GRACE-derived mass change enables a
consistency check that strengthens our understanding of the sources and magnitudes of VLM in the
region and allows for a more robust separation of GIA-induced trends from other geophysical signals.
This integrated framework improves confidence in the interpretation of observed mass change signals
and supports the broader goal of refining regional sea-level projections.
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Our findings improve upon the work of Karegar et al. (2017), who suggested that anthropogenic
impacts from the James Bay Hydroelectric Project led to significant water mass accumulation in
southeastern Hudson Bay, causing deviations between contemporary and long-term GIA-induced VLM
rates along parts of the Atlantic coast. However, our uncertainty-inclusive approach shows broad
compatibility between contemporary and paleo VLM rates across subregions. Our GRACE estimates
reveal no substantial hydrological mass changes in Hudson Bay or other subregions that could result in
contemporary land subsidence along the Atlantic seaboard. Our results indicate that GIA as the
dominant driver of VLM in the region during the late Holocene and for the past few decades, with
minimal influence from hydrological processes.

In addition to the improvements and new contributions presented in this study, several limitations
should be acknowledged. A key limitation is the sparse distribution of GNSS stations in the study
region, particularly in Hudson Bay, the Ungava Peninsula, and Labrador, which limits our ability to
analyze localized variations in decadal-scale VLM rates. Although the station selection criteria
minimize spatial bias between GPS- and RSL-derived VLM rates, so that any differences primarily
reflect temporal variations, the relatively short length of some GNSS time series may introduce
additional biases in the inferred rates. Another limitation is the low number (or absence) of SLIPs older
than 4 ka BP at certain sites. For example, the postglacial decay time analysis, which is a more reliable
model for Hudson Bays, is hindered by the lack of SLIPs over 4 ka BP. Consequently, VLM estimates
at these sites are based on linear fits to SLIPs younger than 2 ka BP, which may introduce bias.
Moreover, in areas such as the Ungava Peninsula and Labrador, there are currently no SLIPs available
that can be used to estimate late-Holocene RSL changes, and the corresponding paleo VLM rates are
derived solely from regionally constrained GIA models. Future studies should aim to enhance the spatial
and temporal resolution of contemporary VLM measurements by expanding GNSS networks and
incorporating InSAR-based estimates, while also collecting new SLIPs in the data-sparse regions to
improve constraints on paleo VLM rates and late-Holocene RSL change.

While there is broad compatibility between recent decadal-scale and millennial-scale VLM rates
across the study region, a few sites require further investigation. For instance, at site #1 in western
Hudson Bay, both GNSS-derived uplift rates and those inferred from late-Holocene RSL change (when
considering their corresponding uncertainties) are up to ~5 mm/yr higher than the GIA-induced rate
from the optimal regional model. However, the GPS rate is captured by the upper bound of the GIA-
induced estimate, highlighting the importance of uncertainty quantification. Similarly, the rate of RSL
fall captured by the tide gauge at Churchill, co-located with the GPS station, exceeds the optimal GIA
model rate, though the lower bound encompasses the observed value. This discrepancy between optimal
values may reflect significant hydrological mass changes occurring prior to the GRACE observation
period (April 2002 — November 2023). To better understand such discrepancies, future work should
also focus on developing high-resolution regional or local hydrological models that extend the temporal
coverage of total water storage variations in the study region to periods before GRACE.

Chapter 4 highlights the critical role of the VLM signal, specifically its GIA component, in
projecting regional mean sea-level change and nuisance flooding frequency across eastern North
America, based on multiple projection cases and SSP scenarios. Its inclusion or exclusion substantially
alters sea-level projections and flood exposure estimates at 25 tide gauge locations. The regionally
optimized GIA models developed in Chapter 2 produce VLM rates that generally align with IPCC-
based estimates, with most differences falling within their respective uncertainty bounds. At Atlantic
tide gauge sites such as Halifax and Boston, land subsidence due to GIA-induced forebulge collapse
amplifies RSL rise, resulting in higher projected mean sea-level change and increased nuisance flooding
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frequency. Under both IPCC-based and GIA-integrated projections, historically flood-prone sites are
projected to reach the chronic nuisance flooding level as early as 2050 under the low-emissions
scenario. In contrast, uplift-dominated sites such as Rimouski, Sept Iles, and particularly Churchill
exhibit reduced sea-level rise due to GIA-induced uplift and RSL fall. At Churchill, the largest
sensitivity to VLM is observed: projections that exclude VLM indicate rising sea levels through 2150,
whereas those that incorporate VLM show dominant RSL fall. Under IPCC projections, the median of
sea-level change remains negative across all SSPs and time horizons. In contrast, projections using the
regionally optimized GIA signal yield higher values, with mostly positive medians, underscoring the
influence of the applied VLM rate and its connection to the discrepancy discussed in Chapter 3.
Consistent with this trend, projected nuisance flooding at Churchill is nonexistent (or minimal) after
accounting for the GIA signal, illustrating how the GIA signal mitigates future flood risk in areas near
the former ice sheet core.

The Chapter 4 results demonstrate that regions with historical nuisance flooding may experience
reduced or no future flooding due to GIA-induced uplift, whereas regions without a history of flooding
may reach chronic flooding levels as a result of GIA-induced subsidence. These findings contrast to
those in studies that assume sea-level rise across all tide gauges (e.g., Hague et al., 2023), which may,
therefore, overestimate flood risk in regions experiencing GIA-induced uplift and underestimate it in
areas undergoing GIA-induced subsidence. The model outputs are particularly valuable for regions with
limited tide gauge coverage in GIA-affected areas. Unlike IPCC-based VLM estimates that depend on
tide gauge availability, our integration of regionally constrained GIA models enables projections to be
generated at any location, including vulnerable coastal areas lacking direct observations. As noted
above, our projections study is limited to tide-sufficient flooding. Future work should include surge-
driven flooding, which, when combined with tidal and mean sea-level changes, would further increase
coastal flood risk. Additionally, for future work, extending the analysis to the full historical record at
each tide gauge, beyond the IPCC temporal baseline of 1995-2014 used in this study, would enable a
more comprehensive assessment of long-term nuisance flooding trends, as demonstrated in studies such
as Li et al. (2021).

The spatial and temporal trends in high-tide flooding can be sensitive to the choice of flood threshold.
In this study, the threshold was determined using a regression-based scheme developed by Sweet et al.
(2018), which relies on parameters derived from tidal harmonic analysis at tide gauge stations. While
effective at gauged sites, this method may not fully capture localized variability or extend reliably to
ungauged coastal regions. For future work, machine learning techniques could be explored to estimate
flood thresholds across the study region by learning from multiple predictor variables to complement
point-based and linear methods. Such models could enable estimation of flood thresholds and nuisance
flooding frequency at ungauged locations, similar to the recent work by Mahmoudi et al. (2024).
Another direction is the estimation of flood thresholds with associated uncertainties, which allows for
a better representation of local conditions, based on alternative approaches such as the hierarchical
Bayesian method recently introduced by Piecuch et al. (2025).

The broader significance of the research presented in this thesis lies in its contribution to uncertainty
quantification and its combined use of complementary datasets to evaluate our understanding of both
paleo and contemporary contributors to VLM and gravity change. By assessing paleo RSL data
alongside contemporary GNSS, tide gauge, and GRACE observations, this work demonstrates how
multiple observational constraints, along with their associated uncertainty estimates, can be used to
more accurately identify and interpret residual signals. This thesis highlights that accurate interpretation
of various geodetic and geological records requires well-constrained GIA model predictions. Improving
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data control in GIA model assessment is essential, particularly in regions of Canada where sea-level
data and GNSS coverage can be sparse. In such areas, GRACE measurements provide valuable
constraints on both the GIA signal and hydrological mass changes. GRACE-derived estimates of total
water storage variations are critical for calibrating regional hydrological models; however, as
demonstrated in this thesis, accurate interpretation requires prior removal of the GIA signal using
regionally constrained models to avoid bias. Conversely, when GRACE data are used to constrain GIA
models, the hydrological signal must be estimated (e.g., from hydrological models) and removed. In
future work, as GIA and hydrological models improve, there is clear potential to use GRACE
observations to constrain and improve both GIA and hydrological models via iterative, joint inversion
approaches.

The inclusion of GRACE observations in the research presented in this thesis is further motivated
by their relevance to the Canadal Water initiative (canadalwater.ca), a national-scale project launched
in 2021 to improve the understanding of water resource sustainability in Canada. A core objective of
this initiative is to assess large-scale hydrological change and water security across the country under
various climate scenarios, using physics-based numerical models such as HydroGeoSphere
(aquanty.com) to simulate surface and groundwater dynamics. Importantly, the improved GIA models,
which enhance the accuracy of GRACE-derived estimates of total water storage variations, support a
key aim of CanadalWater by providing more reliable observational constraints for hydrological
modeling and future projections. In this way, the present work contributes to the broader national effort
to evaluate and manage water resources in the context of climate change and long-term sustainability.

As the community seeks to develop more reliable regional GIA models, particularly in areas with
complex earth structure and sparse observational data, the methodological foundation developed in this
thesis can be extended to constrain GIA models for all of Canada. In addition, as addressed in the
preceding paragraphs, various models and approaches (e.g., machine learning-based emulators and joint
inversions of geophysical datasets) can provide improved characterization of lateral earth structure and
ice loading history. These advancements not only provide improved sea-level projections and estimates
of hydrological mass change across Canada but also support important applications such as the
calibration of national vertical datums. More accurate estimates of VLM are essential for geoid
determination and precise positioning, which are fundamental to geodetic reference systems.
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