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ABSTRACT

Global mean sea level rise (GMSLR) poses many climate risks, such as coastal flooding
and erosion. Managing the risks associated with GMSLR can involve a balance between
mitigation and adaptation, but the near-term effectiveness of CO; emissions reductions
is limited since GMSLR responds to emissions on centennial to millennial timescales.
An improved understanding of relevant human-Earth interactions can provide insight
into the risks associated with GMSLR and how they evolve over time. Previous studies
on the interactions between uncertain emissions pathways and uncertainties in the Earth
system response that result in GMSLR have been restricted to a small number of pre-
defined scenarios. Here, we use a large ensemble of CO; emissions trajectories to force
a calibrated Earth system model, which simulates warming and sea level rise. Using this
framework, we generate projections for radiative forcing, temperature, and GMSLR
under different emissions pathways, as well as relative contributions from each
component of GMSLR. We then conduct a global sensitivity analysis over uncertain
emissions pathways, the carbon cycle, and climate and ice sheet dynamics. To analyze
how different decarbonization strategies alter GMSLR outcomes and uncertainties, we
categorize the results into different groups by emissions peaking time, which serve as a
proxy for the level of mitigation ambition. From the sensitivity analysis, we find that
uncertainties in emissions drive the most variance in GMSLR in the medium-to-long-
term. Prior to 2070, Earth system dynamics, particularly those related to the Antarctic
Ice Sheet, have the most influence on GMSLR, but between 2070 and 2100, a transition
occurs as variability in emissions begins to heavily control GMSLR outcomes. We also

find that GMSLR outcomes are likely to be sufficiently high to necessitate adaption



regardless of when CO» emissions peak, and even rapid mitigation cannot fully manage
the risks posed by sea level rise. For the relative contributions from each component of
GMSLR, there are differences depending on peaking group and timescale. Under lower-
emissions pathways in the near-term, thermal expansion plays a larger role in GMSLR,
but in the longer-term, the Antarctic Ice Sheet and Greenland Ice Sheet contributions
dominate. Under higher-emissions pathways, the ice sheets dominate in all time periods.
Both the Antarctic and Greenland Ice Sheets are also subject to the most uncertainty in
future projections. Due to the large potential of the ice sheets to contribute substantially
to GMSLR outcomes, characterizing the uncertainties associated with their melting is
crucial to better understand future climate risks. The representation of ice sheet melting
dynamics plays an important role in projecting GMSLR, and this analysis highlights the
need for future studies to consider whether the simplistic melting dynamics modeled for

the Greenland Ice Sheet are a suitable approximation of real-world outcomes.
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1. INTRODUCTION
1.1. Uncertainty and Climate Risks

As a result of anthropogenic climate change, global mean sea level is
increasing, which leads to climate risks such as coastal flooding and erosion (Church
et al., 2008). Extreme sea levels and flooding events are estimated to increase in
frequency in many coastal areas around the world, even under low emissions scenarios
that limit warming to 1.5°C (Tebaldi et al., 2021). Managing risks is difficult since the
coupled human-Earth system is highly complex, consisting of feedbacks, tipping
points, and interacting processes. Earth system processes may also be altered as the
climate warms, such as a decreased proportion of land and ocean uptake of CO»
emissions (IPCC, 2021). Managing these risks is further complicated by the inertia of
the climate system, which creates a lag in the Earth system response to reductions in
emissions (Hansen et al., 1985). Even after anthropogenic greenhouse gas (GHG)
emissions cease, global mean sea level will continue to rise on centennial to millennial
timescales as a result of deep-ocean warming and ice-sheet melt (IPCC, 2021). Global
mean sea levels are likely to be even more affected by climate inertia and committed
warming than global mean temperature (Meehl et al., 2005, 2012). Even if GHG
concentrations were stabilized today, it would take about one hundred years for
temperature to level off, but sea level rise from thermal expansion would continue to
increase for centuries, even without taking melting from ice sheets and glaciers into
account (Meehl et al., 2005). Since global mean sea level rise (GMSLR) will continue

on long timescales after emissions are stabilized, mitigation is likely insufficient to



manage the risk it poses, and adaptation measures must also be adopted to manage sea
level impacts (Meehl et al., 2012).

Due to these complex system dynamics, GMSLR risks can cascade and
compound over time. Socioeconomic factors influence emissions trajectories, which
then alter the Earth system and lead to climate impacts. These climate impacts then
influence the human system, leading to a feedback loop (Figure 1) (Keller et al.,
2021). To manage the risks associated with this climate change feedback loop,
different types of decision levers can be implemented. There are four main categories
of relevant decision levers: mitigation, carbon sequestration, solar radiation
management, and adaptation. Mitigation consists of reducing GHG emissions,
whereas carbon sequestration involves removing and storing CO> from the atmosphere
after emissions have been produced. Solar radiation management aims to alter the
Earth system response to GHGs in the atmosphere, which includes strategies such as
cloud seeding or aerosol injections (Keller et al., 2021). The final lever, adaptation,
involves adjusting to the effects of climate change.

Here, we focus on the mitigation and adaptation levers and explore the
interactions between them. Mitigation and adaptation operate on different
spatiotemporal scales, which results in different objectives and approaches for each
lever. Mitigation affects the global climate system on medium-to-long-term
timescales, whereas adaptation operates locally on a short-term timescale. The
effectiveness of both mitigation and adaptation are also subject to many key
uncertainties, such as climate sensitivity (the projected equilibrium temperature

change for a doubling of carbon dioxide concentration) and uncertainty in climate



carbon-cycle feedbacks when emissions are converted to atmospheric concentrations
(Lamontagne et al., 2019; Lee et al., 2021). When progressing through the climate
feedback loop, these uncertainties compound as additional uncertain system processes

are included to produce the next outcome.
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Figure 1. Climate change feedback loop. Adapted from Keller et al. (2021).

As the uncertainties compound in the feedback loop, the total uncertainty in
future climate projections increases. Many human and Earth system processes are also
subject to “deep” uncertainty, which is the condition where experts do not know or
have not reached a consensus about system boundaries, outcomes of interest and their
importance, or the prior probabilities of parameters in a system model (Lempert &
Collins, 2007; Reed et al., 2023). In the human system, for example, it is deeply
uncertain which emissions pathways will be followed in the future (Wong & Keller,
2017). In the Earth system, an example of a deeply uncertain process is the threshold
behavior of the Antarctic Ice Sheet, which could potentially lead to rapid
disintegration of large parts of the ice sheet (Alley et al., 2015; Pattyn et al., 2018;

Pollard et al., 2015; Wong & Keller, 2017). The West Antarctic Ice Sheet (WAIS) is



particularly susceptible to such behavior since a large portion of it is a marine ice sheet
(i.e., it sits on bedrock below sea level) (Pollard et al., 2015). The grounded parts of
the WAIS are attached to ice shelves (the floating portion of the ice sheet that extends
into the ocean), and the ice shelves are in direct contact with the ocean and thus
vulnerable to melting from the ocean as it warms. Another factor that makes the WAIS
particularly vulnerable to melting is the slope of its grounding line, or the region
where the grounded ice sheet transitions to an ice shelf. Many parts of the WAIS have
a grounding line on a retrograde bed slope that deepens toward the center of the ice
sheet (Pattyn et al., 2018). As the underside of the ice shelves melt due to the direct
contact with the ocean, the grounding line retreats, which leads to additional ice flux
and runaway retreat due to the retrograde slope. This positive feedback is referred to
as Marine Ice Sheet Instability (MISI), and it may cause large parts of the WAIS to
rapidly disintegrate (Alley et al., 2015; Pattyn et al., 2018; Pollard et al., 2015). The
ocean warming can also create crevasses and fractures in ice shelves, which weakens
their ability to support the interior ice. This behavior, called hydrofracturing, can cause
ice shelves to rapidly disintegrate to produce steep, unstable ice cliffs. These shear ice
cliffs are then susceptible to collapse from their own weight in a process called Marine
Ice Cliff Instability (MICI) (Pattyn et al., 2018; Ruckert et al., 2017). Due to the deep
uncertainty surrounding both MISI and MICI, a consensus has not been reached about
whether these processes will occur, and if they do occur, how much they will
contribute to global sea level (Wong & Keller, 2017).

To explore the implications of deeply uncertain outcomes such as future

emissions and rapid melting dynamics, projections from models are a useful tool for



characterizing uncertainties and examining potential drivers of outcomes of interest.
Since it is not possible to verify a model and prove it to be a true representation of a
system (Oreskes et al., 1994), models can instead be used to explore uncertainty using
statistical analyses across a variety of states-of-the-world (SOWs). Complex models,
such as those representing Earth system processes, may more accurately represent
real-world conditions, but are more computationally expensive than simpler models.
Uncertainty characterization and quantification require running a model many times
with different inputs, which can be computationally infeasible for complex models
with long run times (Helgeson et al., 2021). This creates a tradeoff between model
complexity and computational expense, called the performance-complexity tradeoff
(Reed et al., 2023). As a result, simpler models can more effectively characterize the

uncertainty associated with Earth system processes that drive climate risks.

1.2. Contributors to Global Mean Sea Level Rise

Due to the climate risks that GMSLR poses, it is important to understand the
mechanisms that contribute to sea level changes, which allows for improved
uncertainty characterization in GMSLR projections. Global mean sea level changes
are a result of two mechanisms: density changes and mass changes (Fox-Kemper et
al., 2021). The mass changes in the ocean are a result of melting of the terrestrial
cryosphere and changes in land-water storage, while the density changes result from
variations in the temperature and salinity of the ocean (Milne et al., 2009). Although
the contribution from salinity-based density changes can lead to regional sea level

variations, they do not contribute to global mean sea level since the total salt content



of the ocean remains essentially constant (Cazenave & Llovel, 2010). Here, we focus
on global mean sea level changes, so salinity-based density changes and the resulting
regional sea level variations and are not in the scope of this paper. Instead, we consider
temperature-based changes since they primarily drive the density-driven changes in
the global mean sea level. As the ocean temperature increases, its additional heat
content causes the ocean waters to expand, which is referred to as thermal expansion.
Therefore, the main contributors to GMSLR from mass changes are the Antarctic Ice
Sheet, the Greenland Ice Sheet, glaciers and small ice caps, and land-water storage,

and the main contributor to GMSLR from density changes is thermal expansion.

1.2.1. Thermal Expansion

Thermal expansion has a large impact on global sea level, accounting for the
largest contribution to GMSLR on average over the 20" century (WCRP Global Sea
Level Budget Group, 2018). This is because the ocean has taken up about 93% of the
excess heat associated with anthropogenic emissions from 1971 to 2010, leading to an
increase in ocean temperature (Johnson & Lyman, 2020; WCRP Global Sea Level
Budget Group, 2018). As the oceans warm, the density of the water decreases and the
volume per unit of mass increases (Fox-Kemper et al., 2021). The excess energy taken
up by the oceans leads to an increase in ocean heat content, which has created
increasingly dominant warming trends in ocean heat content globally (Johnson &
Lyman, 2020). Hough & Wong (2022) projects that the short-term risks associated
with GMSLR are mainly driven by thermal expansion, but the long-term risks are

driven by ice sheet loss from the Antarctic and Greenland Ice Sheets.



1.2.2. Ice Sheets

There are two ice sheets in the world: the Antarctic Ice Sheet (AIS) and the
Greenland Ice Sheet (GIS), which are the largest reservoirs of frozen freshwater on the
planet (Fox-Kemper et al., 2021). The melting of the two ice sheets has increased
substantially in recent years, resulting in a larger sea level contribution. Combined, the
AIS and the GIS have lost mass at an average rate of 372 gigatonnes per year from
2016 to 2020, which is much greater than their 1992-1996 mass loss rate of 105
gigatonnes per year (Otosaka et al., 2023). This increase in melting rate is the result of
a warming climate combined with a variety of other factors, including potential
thresholds and instability. As discussed previously, melting in the WALIS is susceptible
to the deeply uncertain processes of MISI and MICI, which may be triggered past a
certain threshold. These processes can result in rapid melting of large portions of the
WALIS and therefore contribute substantially to GMSLR. However, the WAIS is not the
only region vulnerable to such threshold behavior. Both the AIS and the GIS are
susceptible to tipping points, which refer to “critical thresholds in a system that, when
exceeded, can lead to a significant change in the state of the system, often with an
understanding that the change is irreversible” (Hoegh-Guldberg et al., 2018). Although
the two ice sheets both have tipping points, they have different defining characteristics
that impact their contribution to GMSLR, so we discuss them separately.

The AIS is composed of two distinct regions: the WAIS and the East Antarctic
Ice Sheet (EAIS). The EAIS contains a much larger volume of ice than the WAIS,
amounting to 52.2 meters of sea-level equivalent (SLE) compared to the 5.3 meters

SLE in the WAIS (Pattyn & Morlighem, 2020). Contrary to the WAIS, which is a



marine ice sheet, most of the EAIS lies on land well above sea level where it is not in
direct contact with the ocean, making it less vulnerable to warming than the WAIS.
Even so, the marine parts of the EAIS may be susceptible to similar processes causing
instability like those in the WAIS, including MISI and grounding-line retreat (Stokes
et al., 2022). However, there is currently insufficient evidence to determine if the
marine parts of the EAIS will reach thresholds triggering instability (Stokes et al.,
2022). Due to this lack of evidence, the EAIS is the most uncertain component of the
AIS mass balance (Otosaka et al., 2023).

The other region of the AIS, the WAIS, has been the subject of much debate
regarding its stability and role in future GMSLR. Previous literature showcases a wide
range of beliefs on the stability of the WAIS over the years, ranging in beliefs that the
ice sheet is stable, unstable, or naturally oscillatory (Oppenheimer et al., 2008). Today,
the future of the WALIS is still under debate. Joughin et al. (2014) suggests that MISI
and the subsequent collapse of the Thwaites Glacier, a vast glacier that drains about
10% of the WALIS, is potentially underway, but rapid collapse of the glacier may not
occur for another 200 to 900 years. Another study finds that Pine Island Glacier in the
WAIS quadrupled its thinning rate from 1992 to 2008 as a result of MISI, so mass
losses are likely to continue and move further inland (Rignot et al., 2011). Conversely,
Urruty et al. (2022) argues that in the present day, the grounding-line retreat of the
marine portions of the AIS is driven solely by external climate forcing, and
irreversible retreat from MISI has not been triggered. Reese et al. (2022) proposes that
although MISI has not been triggered in the present, the grounding lines of the

Thwaites Glacier may transition toward MISI and a subsequent collapse if current



climate conditions persist in the future. Specifically, Wong, Bakker, and Keller (2017)
estimates that a global temperature increase of 1.9 to 3.1°C will trigger a rapid
disintegration of the AIS.

Although the stability the AIS is still under debate, a variety of studies have
emerged that shed light on specific factors that impact its vulnerability to unstable
dynamics. The bed topography varies across the AIS, so different areas are more prone
to MISI and other melting processes than others, with features such as a retrograde
slope or nearby deep glacial trough leading to increased vulnerabilities (Morlighem et
al., 2020). The additional process of MICI may make an area more susceptible to
MISI, and neglecting MICI in models may lead to a low-bias for sea level projections
(Ruckert et al., 2017). Bassis et al. (2021) suggests that MICI does not always lead to
catastrophic collapse of a glacier though, and it is strongly dependent on glacial
geometry. The study finds that a key factor is the ice thickness gradient, which is how
quickly the ice thickness increases upstream from an ice cliff. If the ice thickness
gradient passes a critical threshold, the glacier is susceptible to runaway collapse, but
it can still be stabilized via resistive forces such as icebergs or sea ice (Bassis et al.,
2021). Outside of MISI and MICI, other factors also play an important role in the
melting rate of the AIS. Artemieva (2022) finds that the rate of melting at the
underside of the ice sheet (basal melting) in the Antarctic has been substantially
underestimated due to processes in the deep Earth, such as high mantle heat and the
thickness of the lithosphere. This leads to a higher heat flux than previously estimated,
which may promote additional sliding and a significant reduction in ice mass. Another

study concludes that the eastern ice shelf of Thwaites Glacier has a grounding line that



is considerably warmer than previously thought, which implies that basal melting has
been strongly suppressed (Davis et al., 2023). As a result, even moderate basal melting
rates may cause grounding-line retreat to occur rapidly with potential instability
(Davis et al., 2023).

Like the AIS, there is also much debate surrounding the melting rate and
stability of the GIS. The GIS has already undergone considerable melting, and from
1994 to 2013 it experienced a 250% to 575% increase in melt intensity relative to pre-
industrial values (Trusel et al., 2018). Contrary to the AIS, the GIS is a terrestrial ice
sheet and mostly experiences melting from above due to the lack of direct contact with
the ocean. This leads to several positive feedback mechanisms: the melt-elevation
feedback and the melt-albedo feedback. The melt-elevation feedback is a process by
which the ice sheet loses mass and therefore decreases in height, but due to the higher
temperature at the decreased height, the melting rate increases (Hoegh-Guldberg et al.,
2018). Partially due to the melt-elevation feedback, the GIS lost 3.3 £ 0.9% of its mass
due to precipitation, ice flow discharge, and meltwater runoft from 2000 to 2019 (Box,
Hubbard, et al., 2022). Between 1992 and 2009, surface runoff in Greenland
increased, but precipitation did not change significantly, which led to the change in
surface mass balance (Rignot et al., 2011). This runoff contributes to more than half of
the total mass loss in the GIS, and the increased runoft is likely to continue as the
climate changes (Rignot et al., 2011). Furthermore, the melt-albedo feedback also has
important implications for the GIS. This feedback occurs as surface melting exposes
areas with lower reflectivity, which in turn increase the rate of melting (Box, Wehrlé,

et al., 2022). In August 2021, rainfall occurred for the first time near the highest point
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of the GIS as a result of an atmospheric river transporting heat and moisture poleward.
As aresult of this event, the GIS experienced major surface melting that was amplified
by the melt-albedo feedback, and it became more pronounced since rain fell instead of
snow (Box, Wehrl¢, et al., 2022). If the warming climate produces more rainfall events
at the GIS as opposed to snowfall, the melt-albedo feedback may therefore result in a
considerable increase in melting of the ice sheet. These feedbacks can also have
consequences for the stability of the GIS. There have been observations of early
warning signs that the GIS is approaching a tipping point, with evidence showing that
the melt-elevation feedback is the mechanism driving the destabilization of the ice
sheet (Boers & Rypdal, 2021). Although previous values estimated that the GIS would
experience complete melting at a global temperature increase of 3.1°C, this
underestimates its sensitivity to long-term warming, and updated values estimate that
complete melting will occur at around 1.6°C of warming (Robinson et al., 2012).
Recent studies also suggest that certain areas of the GIS are experiencing higher melt
rates than previously thought. Young et al. (2022) finds that an outlet glacier in West
Greenland exhibits basal melting rates that are two orders of magnitude higher than
previously estimated for an ice sheet, which indicates that the basal melting rate is
comparable to the meltwater generation rate at the surface. This melting also has
migrated inland toward the center of the ice sheet. The largest basin in the GIS, the
Northeast Greenland Ice Stream, drains about 12% of the interior GIS and is
susceptible to rapid retreat. Following the 2012 collapse of an ice shelf in the GIS, the

Northeast Greenland Ice Stream experienced an acceleration in ice flow and thinning,
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which has propagated more than 200 kilometers inland between 2016 and 2022 (Khan
et al., 2022).

Melting in both the AIS and GIS also has implications for other aspects of the
climate system that can interact with GMSLR. As the ice sheets melt, they introduce
freshwater into the ocean. Increased melting from the GIS would release a large
quantity of freshwater, which can slow large-scale ocean circulation currents (Martin
et al., 2022). However, the ocean temperature and circulation were found to return to
their initial state at the same rate that they were initially perturbed. Similarly,
freshwater release from the AIS forces the climate system and can produce a range of
outcomes, including the expansion of sea ice and increase in the rate of ice shelf
thinning (Sadai et al., 2020). Due to the differing effects that can result from
freshwater forcing, it is important to account for this process to improve climate
projections (Sadai et al., 2020). Due to the complex nature of melt rates, feedbacks,
and potential instabilities in the AIS and the GIS, consideration of these dynamics has

an important effect on GMSLR.

1.2.3. Glaciers and Small Ice Caps

Glaciers and small ice caps (GSIC), which are smaller masses of ice distinct
from ice sheets, have the combined potential to produce about 0.35 meters SLE
(Cazenave & Llovel, 2010). Glaciers change sea level via mass imbalance, and their
response time ranges from a few years to a few hundred years (Fox-Kemper et al.,
2021). The GSIC in some mountain regions are expected to completely melt by 2100,

while more dominantly glacierized areas will likely contribute to GMSLR past 2100
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(Zemp et al., 2019). However, there are significant difficulties associated with global
glacier modeling due to uncertainties in initial conditions, model assumptions and
simplifications, and local climate conditions (WCRP Global Sea Level Budget Group,
2018). Evidence shows that mass loss from GSIC may be larger than previously
reported, and in reality accounts for 25-30% of total sea level rise observed between

1961 and 2016 (Zemp et al., 2019).

1.2.4. Land-Water Storage

Land-water storage consists of surface water, soil moisture, groundwater
storage, and snow, and it is caused by both anthropogenic actions and natural changes
in the water cycle (Fox-Kemper et al., 2021). Anthropogenic influences to land-water
storage include water impoundment via dams, groundwater depletion, land-cover and
land-use change, deforestation/afforestation, wetland degradation, and lake storage
changes (WCRP Global Sea Level Budget Group, 2018). The combined effects of
human alterations to the environment have reduced land-water storage and thus
increased the rate of sea level rise from this component (WCRP Global Sea Level
Budget Group, 2018). Even so, changes in land-water storage add little to GMSLR
compared to the other contributors, accounting for around 8% of GMSLR from 1971
to 2018 (IPCC, 2021). Observations for this component are extremely limited, but
estimates find that land-water storage primarily impacts short-term fluctuations, not

long-term trends (Cazenave & Llovel, 2010).
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1.3. RCP and SSP Scenarios

Studies can estimate the contribution of each component of global mean sea
level change to project GMSLR in the future. Projections of GMSLR require
projections of climate change, which in turn require trajectories of anthropogenic
emissions. Although the emissions pathway that will be followed in the future is
deeply uncertain (Wong & Keller, 2017), different potential pathways can be used to
explore resulting climate impacts. To represent potential future emissions trajectories,
the Intergovernmental Panel on Climate Change (IPCC) defines scenario frameworks
that involve different assumptions about future mitigation. One framework is the
Representative Concentration Pathways (RCPs), which are defined by the level of
radiative forcing (W/m?) in the year 2100 (e.g., RCP2.6 corresponds to 2.6 W/m?
radiative forcing in 2100) (Lee et al., 2021). Here we focus on four RCP scenarios:
2.6,4.5, 6.0, and 8.5, with RCP2.6 corresponding to the lowest level of warming and
RCP8.5 corresponding to the highest level of warming. Additional RCP scenarios have
been developed in recent years, but we primarily consider these four scenarios since
they have been subject to the most extensive analysis in current literature. A more
recent framework is the Shared Socioeconomic Pathways (SSPs) (O’Neill et al., 2014,
2017; Riahi et al., 2017). Rather than corresponding to certain forcing values, the SSPs
instead encompass different storylines of societal choices and economic futures. The
RCPs and SSPs have been combined into scenarios with the notation SSPx-y, where
SSPx represents the SSP scenario and y represents the RCP scenario (IPCC, 2022a).

The IPCC assesses four priority scenarios: SSP1-2.6 (sustainable pathways), SSP2-4.5
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(middle-of-the-road), SSP3-7.0 (regional rivalry), and SSP5-8.5 (fossil fuel-rich
development) (Lee et al., 2021).

However, there are limitations to the RCP and SSP frameworks that can impact
decision-making based on their projections. One of their major weaknesses is that the
IPCC does not provide guidance about their relative plausibility, and instead states that
the scenarios should be used to explore a range of potential futures (Chen et al., 2021).
This can be problematic since projecting future climate impacts hinges on probability
estimates for warming, and if relative likelihoods are not provided, then they will be
assumed (Morgan & Keith, 2008). An individual may assume that all scenarios are
equally likely, but in fact, there is debate on whether they are all plausible (Chen et al.,
2021; Lee et al., 2021). For instance, given the current climate policies in place, it is
improbable that the very high emissions associated with RCP8.5 or SSP5-8.5 can be
realized (Lee et al., 2021; Srikrishnan, Guan, et al., 2022). Although unlikely, it is still
possible to achieve these high emissions trajectories due to uncertainty in carbon-cycle
feedbacks (Chen et al., 2021). Similarly, the low emissions pathways are built on
assumptions that are inconsistent with current technology developments. The RCP2.6
scenario depends largely on carbon capture and storage (CCS) and assumes negative
emissions beginning around the year 2070 (Meehl et al., 2012). However, the global
rates of CCS deployment are much lower than assumed in the scenarios that limit
warming to 1.5°C or 2°C, and CCS implementation still faces a range of
technological, economic, and socio-cultural barriers (IPCC, 2022b). These two
examples illustrate how the lack of guidance about scenario likelihood can lead to a

misunderstanding of the feasibility of different scenarios. There are also a limited
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number of scenarios that have been defined, which restricts coverage of potential
future outcomes. Another limitation with the RCP and SSP scenarios is that they are
only defined out to 2100, which is an insufficiently long length of time to explore the
implications of climate processes that operate on at least centennial timescales, such as
global ocean temperature and global mean sea level changes (IPCC, 2021). Although
Extended Concentration Pathways (ECPs) ranging from the years 2100 to 2300 have
been developed to explore long-term climate responses, the ECPs were generated with
simple rules based on stakeholder consultations and do not represent fully consistent
scenarios (Chen et al., 2021). The ECPs also further reduce the size of the scenario set
from the RCP and SSP framework, resulting in even more limited coverage of future

outcomes for longer-term timescales.

1.4. Linking Mitigation and Adaptation

Despite these limitations, the RCP and SSP scenarios are useful frameworks to
explore potential climate futures. These scenarios can be viewed as a proxy for
mitigation efforts, which can then be used to produce resulting climate impacts that
require adaptation. This allows for a linkage between mitigation and adaptation, yet
the two levers are often addressed separately and viewed as different problems
(Martens et al., 2009). This separation is partially due to the different spatiotemporal
scales on which mitigation and adaptation operate, as well as a different array of
stakeholders involved in the two levers (Martens et al., 2009). Although these
characteristics present challenges to linking mitigation and adaptation, connecting

them is important since their actions have an impact on each other via the climate
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change feedback loop (see Figure 1). Several studies attempt to bridge this gap
between the two levers. To examine the role of mitigation choices in impacting future
climate and economic outcomes, Lamontagne et al. (2019) conducts a sensitivity
analysis of the impacts of uncertain socioeconomics and abatement decisions using an
economic model. The study finds that although present mitigation does not alleviate
near-term warming, it is the primary driver of long-term warming, and the value of
climate sensitivity heavily dictates future climate damages and therefore adaptation
needs (Lamontagne et al., 2019). However, one limitation of this study is the use of an
aggregate climate damage function as a proxy for climate impacts, which represents
climate damages as a percentage of the gross world product. Since climate damages is
an aggregated metric, it does not allow for disaggregation into specific climate
impacts, such as temperature or GMSLR. This prevents an analysis of individual
climate impacts, which in turn inhibits understanding of climate risks.

Rather than using an aggregated representation of climate impacts, various
other studies use the RCPs and SSPs to examine specific climate risks. Rohmer et al.
(2021) uses the SSP-RCP framework to represent mitigation, and the study examines
the resulting adaptation required to manage coastal flood risks. They explore coastal
flooding using two risk metrics: expected annual damage and adaptation costs. Using
random forests and a variance-based global sensitivity analysis, they analyze how the
drivers of uncertainty in the two metrics change over time. They find that prior to
2040, modeling uncertainties drive the uncertainty in expected annual damage, but in
the long-term, the uncertainty is primarily controlled by the uncertainty in the SSP

scenario. For adaptation costs, regional sea levels primarily control uncertainty before
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2050, but after that, the choice of RCP scenario is the main driver of uncertainty
(Rohmer et al., 2021). This implies that more aggressive mitigation reduces
uncertainty in adaptation costs. Similarly, Hough & Wong (2022) explores coastal
flood risk as a result of the RCP scenarios, but the study instead focuses on specific
characteristics of the Earth system that drive risk. They use two radiative forcing
scenarios (RCP2.6 and RCP8.5) to identify which Earth system parameters in an ice
sheet model dominate global mean sea level through 2100. By constructing random
forests for RCP2.6 and RCP8&.5 that focus on high-end sea level scenarios, they
determine that the components of climate sensitivity and the aerosol scaling factor
have the most influence on outcomes (Hough & Wong, 2022). They also find that
thermal expansion primarily drives coastal flood risk in the near-term, but melting
from the AIS and the GIS is the dominant driver of hazards in the long-term. Lastly,
Nauels et al. (2017) also explores coastal flood risks by examining how
socioeconomic drivers of emissions and radiative forcing targets impact GMSLR.
Using the SSP framework and a sea level emulator coupled with a simple carbon-cycle
model, they estimate GMSLR under many combinations of radiative forcing targets
and socioeconomic pathways. They find that GMSLR estimates and socioeconomic
indicators, such as population growth and gross domestic product, vary widely among
the SSPs (Nauels et al., 2017). An important caveat of the latter three studies is their
use of the SSP/RCP framework. As discussed previously, a major limitation of this
framework is that there are only a small number of pre-defined scenarios with no
guidance about their relative likelihood. This restricts an analysis’ ability to explore

other potential scenarios and assess the impact of scenario assumptions on climate
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impacts. Since the RCPs and SSPs are only defined until 2100, their limited timeframe
also prevents exploration of climate impacts on centennial timescales.

Therefore, previous studies primarily explore the interactions between
uncertain mitigation pathways and the uncertain Earth system response using
deterministic, pre-defined emissions scenarios. To address these limitations in
previous work, we create an ensemble of emissions trajectories through 2300 that
allows for flexibility in combinations of emissions growth rate, year of peak
emissions, and decarbonization rate. The structure of the emissions curves enables
examination of specific aspects of an emissions trajectory that drive variability in
future climate impacts. The longer timeframe facilitates exploration of long-term
processes that operate on centennial timescales, such as GMSLR. Since a particular
environmental pathway (i.e., temperature goal) can be achieved with a variety of
different storylines for energy and technology development (Morris et al., 2022), we
generate emissions curves directly rather than using socioeconomic drivers to produce
trajectories. This allows for exploration of a range of potential futures that could
produce the same emissions pathway, rather than focusing on specific socioeconomic
storylines. We then chain the emissions trajectories to an Earth system model and an
ice sheet model to produce GMSLR. Therefore, we use a range of flexible emissions
trajectories instead of discrete scenarios (as in previous studies) to account for
mitigation uncertainty, and we use these emissions pathways to explore resulting
climate impacts. Using this framework, we examine three key questions: (1) To what

extent do different emissions pathways alleviate future climate impacts?, (2) What are
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the most influential drivers of variability in global mean sea level rise?, and (3) To

what extent do these drivers vary over time?

2. METHODS
2.1. Workflow

To answer these questions, we use the emissions trajectories to force a coupled
Earth system model (SNEASY) and ice sheet model (BRICK), producing associated
series of GMSLR. Given the input of emissions, SNEASY models the carbon cycle
and climate system to transform the emissions into a concentration and then a radiative
forcing, producing an output of ocean heat and global mean temperature. This output
from SNEASY is used as the input to BRICK, which models the sea level response to
the forcing from SNEASY. BRICK then produces the final output of global mean sea

level. This model chain is shown in Figure 2.

CO, Emissions

I

Ocean Heat & Global Mean Temperature

I

Global Mean Sea Level

Figure 2. Flowchart of model inputs and outputs.
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Figure 3. Integration of workflow components into broader climate feedback framework.

Climate
Impacts

By progressing through each stage of the workflow, we move through the
different components of the climate feedback loop (Figure 3). Notice that we start with
the emissions component rather than the economic output component. This is because
we do not account for the socioeconomic drivers of the emissions pathways, but rather
we consider the trajectories themselves. SNEASY then models the next three stages
before producing the climate change outputs of ocean heat and temperature. BRICK
overlaps with SNEASY to cover the final two stages of climate change and climate
impacts.

Through each stage of the climate feedback loop, additional uncertainties
compound in the model output (Figure 4). To visualize these compounding
uncertainties, we select three CO» trajectories that represent low, medium, and high
levels of emissions. These trajectories roughly correspond to 2.4, 4.7, and 6.8 W/m? of
radiative forcing in 2100, respectively. In Figure 4a, the emissions trajectories are

deterministic and do not include uncertainty. Figure 4b contains slightly more
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uncertainty due to carbon-cycle uncertainties, Figure 4c includes additional
uncertainties from the climate system, and Figure 4d contains the full range of
uncertainties with the inclusion of the uncertainties in thermal expansion, ice sheets,
glaciers and small ice caps, and land-water storage (for an explanation of the change in
radiative forcing behavior past 2200 in Figure 4b, see Appendix A). Figure 4d
illustrates the large total uncertainty in GMSLR projections in the year 2300, which
shows considerable overlap between the medium and high emissions pathways.
However, the low emissions trajectory has a much smaller range of GMSLR
outcomes. This underscores the idea that aggressive mitigation in the near-term
reduces the risks stemming from uncertainty in Earth system processes, which have a

large impact on future climate projections (Wong & Keller, 2017).
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Figure 4. Compounding uncertainties through each stage of workflow.

2.1.1. Emissions Trajectories

We develop an ensemble of continuously parametrized CO, emissions
trajectories from 2021 through 2300. Before 2021, historical observations are used.
From the years 1850-2005, we use the RCP Database (International Institute for
Applied Systems Analysis (ITASA), 2009), and for the years 2006-2021 we use
emissions data from the Global Carbon Budget (Friedlingstein et al., 2022). We
consider a single trajectory of emissions, which could be viewed as including

emissions from both fossil fuel combustion and land-use change.
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Each emissions trajectory is defined by three parameters: growth rate (%),
peaking time (Zpear), and decline rate (7). The growth rate is the rate at which CO-
emissions continue to increase, the peaking time is the year at which CO; emissions
reach a maximum value, and the decline rate is the rate at which decarbonization
occurs. Prior to and including the peaking year, the quantity of carbon dioxide
emissions increases quadratically, and after the peaking year, the emissions decrease
logistically. Following the model of quadratic growth and logistic decline, the

emissions trajectories are defined by the following piecewise function:

qi—1 t+ Yg (tpeak - t) if t= tpeak
Q(t) = 24t pqi Y a*exply (t=tpea ) . (1)
Gor — tpeak ™V d (d pk) if E> ok
lexp(va(t—tpear) ) +1]2

where ¢(2) is the quantity of carbon dioxide emissions (GtCQO;) at time ¢, g1 1s the
quantity of carbon dioxide emissions (GfCO>) at the previous timestep, tpeak 1S the
peaking year for an individual sample, and gyear 1s the quantity of carbon dioxide
emissions (GtCQO:) at tyeq for that sample. Each of the three parameters are defined by
a truncated normal (7N) distribution with the notation TN (u, o, a, b), where u
represents the mean, o represents the standard deviation, and @ and b represent the
lower and upper bounds of the truncated distribution, respectively. The bounds are

inclusive apart from the upper bound of infinity in Equation (2).

Yo ~TN(0.004, 0.0075, 0.001, Inf) )
tpear ~ TN(2070, 25, 2030, 2200) 3)
Ya ~TN(0.07, 0.05, 0.001, 0.2) (4)
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To illustrate how the piecewise function and parameter distributions translate
into emissions curves, we randomly generate a selection of emissions trajectories to
demonstrate their behavior (Figure 5). These curves represent a range of possible
emissions pathways that may be realized in the future. We design the trajectories to
encompass a range of potential emissions bounded by the extreme IPCC scenarios:
RCP2.6 and RCP8.5 (Figure 6) (see Section 1.3). It is important to note that we avoid
the assumption of negative emissions, so the trajectories here cannot decline below
zero due to the structuring of the logistic decline. We make this choice because the
potential role of negative emissions technologies is deeply uncertain, and a consensus
has not been reached on which technologies may penetrate in the future, the timeframe
on which they may penetrate, and the quantity of negative emissions that may result
(Srikrishnan, Guan, et al., 2022). Due to these factors, we exclude negative emissions
to limit the degrees of freedom in our analysis and avoid potentially unrealistic

representations of negative emissions in the trajectories.
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Figure 5. Selection of 100 trajectories depicting quadratic growth of emissions prior to the
peaking year and logistic decline of emissions after the peaking year.
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Figure 6. Credible intervals for the ensemble of generated CO; emissions trajectories.

Although we do not consider negative emissions here, assumptions for
negative emissions are incorporated into RCP2.6, which is the reason that the credible
intervals in Figure 6 do not reach the lower values in the scenario. RCP2.6 also has a

peaking time prior to 2030, which is the minimum peaking year that we allow.
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Because of this, the range of emissions trajectories do not decline as early as in
RCP2.6, although the decarbonization rate in some trajectories is quick enough to
keep pace with the emissions reductions in RCP2.6 after 2030. Conversely, the
emissions trajectories do reach the full extent, and beyond, of RCP8.5. As previously
discussed (see Section 1.3), there is debate on whether RCP8.5 is plausible based on
the current climate policies in place (Lee et al., 2021), but we choose to include this
upper extent to avoid ruling out low-likelihood, extreme outcomes and to explore the
consequences of unabated emissions. Evidence also shows that the RCP scenarios
underestimate the emissions and potential impacts associated with land-cover and
land-use changes (Mahowald et al., 2017). Because of this, exploring trajectories with
emissions slightly higher than RCP8.5 may help to account for this underestimation.
Only around one percent of the emissions trajectories that we develop reach to and
beyond RCP8.5, so this choice is only represented in a very small number of samples.
Furthermore, the RCPs include assumptions about non-CO, GHG gases and
non-CO; radiative forcing, whereas the trajectories that we consider only represent
CO; emissions. Since translating emissions to radiative forcing requires assumptions
about non-CO> GHG gases, we make use of the assumptions in the RCPs. For each
year in each emissions trajectory, we identify the RCP scenario that most closely
matches the emissions for that SOW, and we use its value for nitrous oxide
concentration in the Earth system model. To represent total radiative forcing, CO»
forcing must be summed with non-CO» forcing, which includes aerosol forcing and

forcing from other sources. We use the same method to match the non-CO; forcings
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with the closest RCP scenario, and we then update the values in the Earth system
model.

Using these trajectories and the updated values in the Earth system model, we
generate corresponding global mean sea levels, and we then conduct a global
sensitivity analysis (see Section 2.2) to identify the most influential contributors to
variability in GMSLR. We run two sets of sensitivity analyses: one for the full range
of emissions trajectories and the other for smaller ranges of emissions. The latter
involves grouping the sampled emissions trajectories into subsets to explore key
parameter sensitivities and interactions under particular assumptions about when
emissions peak. The goal of this grouped sensitivity analysis is to keep the original
parameter distributions intact as much as possible while examining additional Earth
system sensitivities that may have been dwarfed by #,esx and other emissions
parameters during the full ensemble sensitivity analysis. Although the growth rate and
decline rate are important indicators of mitigation progress as well, we use peaking
time as the primary proxy for climate mitigation ambition. Three groups are used for
the grouped sensitivity analysis: “early” peaking, “middle” peaking, and “late”
peaking. We define early peaking as at least the year 2030 and before the year 2050,
middle peaking as at least the year 2050 and before the year 2100, and late peaking as
at least the year 2100 and before the year 2200. The distributions used for #,cax in each

of the three groups are as follows:

tpeak(earyy ~ TN(2070, 25, 2030, 2050) (5)
tpeak(miaatey ~ TN(2070, 25, 2050, 2100) (6)
tpeak(atey ~ TN(2070, 25, 2100, 2200) (7)
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The lower bounds in the peaking group distributions are inclusive, whereas the
upper bounds are exclusive. The numbers in bold highlight values that deviate from
the original #).q distribution from Equation (3), which has a lower and upper bound of

2030 and 2200, respectively.

2.1.2. SNEASY-BRICK

We use two coupled models to generate GMSLR. The first is the Simple
Nonlinear Earth System model (SNEASY), an Earth system model composed of a
carbon-cycle model and a climate module (Urban & Keller, 2010). The second model
is Building blocks for Relevant Ice and Climate Knowledge (BRICK), an ice sheet
model that produces outputs of regional sea levels and global mean sea level (Wong,
Bakker, Ruckert, et al., 2017). We run the coupled SNEASY-BRICK over the years
1850-2300 to produce series of global mean sea level, which are reported as an
anomaly relative to the 1986-2005 mean.

SNEASY involves a carbon-cycle model and a simple representation of the
climate system (Urban & Keller, 2010). The climate module uses an energy balance
model composed of an atmospheric and oceanic component that evaluates global
temperature and ocean heat content. The uptake of heat into the interior ocean is
calculated by a diffusion equation, which is used to determine the ocean heat content.
Temperature changes from the climate module then impact carbon sources and sinks
in the carbon cycle, which in turn affect the atmospheric CO concentration. Finally,
the CO» concentration closes the loop by forcing the climate module, and the value of

climate sensitivity has a direct impact in translating the radiative forcing to a resulting
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global temperature. Within the climate module, aerosols impact the amount of solar
radiation that reaches the surface, thus altering the energy balance of the Earth in a
process called the aerosol-forcing feedback. Interactions between aerosols and clouds,
as well as indirect impacts of aerosols, contribute to considerable uncertainty in the
aerosol-forcing feedback. SNEASY accounts for the uncertainty in this feedback by
using an aerosol scaling factor, which is scale factor applied to the radiative forcing. A
full description of SNEASY is detailed in Urban & Keller (2010).

BRICK is a computationally efficient, semi-empirical model that projects sea
level change, and it has been used to assess the risk surrounding coastal flooding
hazards (e.g., Hough & Wong, 2022; Ruckert et al., 2019; Vega-Westhoff et al., 2020;

Wong & Keller, 2017). BRICK models sea level rise as the sum of five components:

D (6) = T (1) 4 DU (1) 4 DA (1) 4 SLE (1) + S (1) 8)
where S(?) is the global mean sea level (m) in year ¢. Sgsic is the sea-level contribution
from glaciers and small ice caps (GSIC), Scisis the sea-level contribution from the
Greenland Ice Sheet (GIS), Sass1s the sea-level contribution from the Antarctic Ice
Sheet (AIS), S7e s the sea-level contribution from thermal expansion (TE), and Sywsis
the sea-level contribution from land-water storage (LWS). All five components use
units of meters. BRICK also includes a representation of rapid AIS dynamics and
MISI, as well as inclusion of feedbacks such as the feedback between sea level change
and the behavior of the AIS (Helgeson et al., 2021). For the rapid AIS dynamics, the
model incorporates a surface temperature threshold for the ice sheet. BRICK assumes
that below this threshold, the AIS is stable, and above this threshold, the ice sheet is

vulnerable to fast disintegration.
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The implementation of SNEASY-BRICK used here (MimiBRICK jl) is written
in the Julia programming language. Both SNEASY and BRICK are in the Mimi
integrated modeling framework, which is a coding platform that facilitates model
coupling and running experiments with coupled models (Wong et al., 2022a). We use
prior results from a Bayesian calibration approach for SNEASY-BRICK to resolve the
tails of the distribution of sea level rise (Wong et al., 2022b). The calibration considers
the full parameter set with observational constraints, which allows for a representation
of correlations, such as those between climate sensitivity, ocean heat uptake, and
aerosol scaling. The calibration is described in detail in Wong, Bakker, Ruckert, et al.

(2017), but we cover relevant aspects and parameter distributions in Appendix B.

2.2. Sensitivity Analysis

We conduct a global sensitivity analysis (GSA) on the model chain to examine
the influence of uncertainty of the model parameters on GMSLR. A key advantage of a
GSA is that it explores the entire feasible parameter space, whereas a local sensitivity
analysis does not (Reed et al., 2023). A GSA can also identify relevant parameter
interactions that would otherwise be overlooked with a local sensitivity approach
(Oddo et al., 2020). However, a global approach can be infeasible for more complex
models, which are computationally expensive and thus have a longer run time
(Saltelli, 2002) (see Section 1.1). This reiterates the motivation for the model selection
of SNEASY-BRICK, which has a sufficiently fast run time to make a GSA

computationally feasible.
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We use the Sobol’ method (Saltelli et al., 2008; Sobol’, 2001), a variance
decomposition method for a global sensitivity analysis. To explore the influence of
each sea-level contributor on the simulated GMSLR output, we categorize the input
factors into nine distinct groups: Antarctic, carbon cycle, climate system, emissions,
glaciers and small ice caps, Greenland, land-water storage, thermal expansion, and
model discrepancy/observational error (called “statistical noise” parameters going
forward). The Antarctic group encompasses both the Antarctic Ice Sheet and the
Antarctic Ocean parameters, whereas the Greenland group only consists of the
Greenland Ice Sheet. By creating different categories, we can identify which group of
parameters contributes to the most variance in the output of GMSLR over different
timescales.

The Sobol’ method can calculate a parameter’s individual influence (first-order
index), its influence from interacting with other parameters (higher-order indices), and
its total influence (total-order index) on an output. Higher-order sensitivities include
interactions between two parameters (second-order), three parameters (third-order),
etc., but low-order interactions among parameters typically have the largest impact on
the output (Sobol’, 2001). Because of this, we only examine first-, second-, and total-
order sensitivities in our analysis. The first-order sensitivity index (S;/) indicates the
output variance explained by an individual input factor, while the second-order
sensitivity index (S;,%) indicates the output variance explained by the interactions
between two input factors. The total-order sensitivity index (S;7) represents the entire
influence of an individual input factor on the output variance, including its individual

contribution and all its interactions with other factors. The first-, second-, and total-

32



order sensitivities are obtained with the following three equations (Reed et al., 2023),

respectively:
1 Vi [Ex~i(x)]
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where E represents the expected value, V represents the variance, x; denotes an input
factor, and x-; represents all input factors except for x;.

To conduct the sensitivity analysis, we use the implementation of the Sobol’
method in GlobalSensitivity.jl, a Julia package for GSA (Dixit & Rackauckas, 2022).
We generate design matrices for the parameters using a quasi-Monte Carlo sampling
scheme. For the three emissions parameters (growth, peaking, and decline), we sample
uniformly between 0 and 1 to generate an ensemble of percentiles. We then sample the
percentiles over the corresponding distributions for each parameter to produce an
ensemble of emissions samples. For the Earth system and statistical noise parameters,
we use the results of the SNEASY-BRICK calibration, which was conducted using
Markov chain Monte Carlo (MCMC) (see Appendix B for details). We then
concatenate the emissions samples and the Earth system samples to produce design
matrices for the full ensemble GSA. We run the GSA from 2030-2300, computing the
first- and total-order indices every 10 years, and the second-order indices every 50
years. Using the same approach, we conduct grouped sensitivity analyses for early,
middle, and late peaking times (defined in Section 2.1.1), with the only difference

being the distribution specified for the peaking time.
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3. RESULTS
3.1. Climate Projections

After running the chain of models for the full ensemble of samples, we use the
resulting radiative forcings, temperatures, and GMSLR to examine future climate
impacts. For each of the three climate outcomes, we categorize the results into
different groups of emissions peaking time to determine how different levels of
mitigation ambition alter climate projections. To do this, we establish indices for
SOWSs with early, middle, and late peaking times, which we define using the same
lower and upper bounds as described in Section 2.1.1. Using these groups as a frame
of reference, we analyze how the three climate outcomes (radiative forcing,
temperature, and GMSLR) and contributors to GMSLR vary by peaking group and
time period.

There are uncertainties in both the emissions pathways and Earth system
dynamics that interact to produce larger uncertainties over time, which results in wider
distributions for radiative forcing, temperature, and GMSLR as time progresses
(Figure 7). For emissions, the values of peaking time, growth rate, and decline rate
interact to determine the cumulative emissions for each trajectory. For trajectories that
peak quickly, the decline rate has more of an influence on cumulative emissions
uncertainty than the growth rate since there is more time for varying decline rates to
alter emissions. The reverse applies as well: for trajectories with delayed peaking, the
growth rate is more important in determining the cumulative emissions produced. In
the middle peaking group, both cases apply since the growth rate and decline rate both

have sufficient time to impact emissions, which causes the middle group to have the
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widest range of cumulative emissions. The late group has the second-highest variation
in cumulative emissions since the trajectories have plenty of time to grow at different
rates and diverge from each other. Conversely, trajectories that peak early have limited
time to grow, so variation in the decline rate in the early peaking group contributes
less to variation in cumulative emissions than it does in the middle and late peaking
groups. Due to this smaller range of cumulative emissions in the early peaking group,
the Earth system risks are reduced and thus cause the three climate outcomes in Figure
7 to exhibit a smaller interquartile range compared to the middle and late groups.
Once emissions approach zero, GHG concentrations in the atmosphere begin to
level off and therefore lead to stable radiative forcings and temperatures. In the early
and middle peaking groups, emissions must reach their maximum and begin to decline
prior to 2050 and 2100, respectively, after which radiative forcing and temperature can
begin to slow their rate of increase. However, these outcomes will not stabilize under
continued emissions. Since the emissions in the late group cannot peak until 2100 at
the earliest, radiative forcing and temperature will continue to increase past 2100.
Additionally, there is a lag between the peaking time of emissions and a reduction in
atmospheric concentration, which is due to the very long lifetime of CO» in the
atmosphere (Lee et al., 2021). Due to this long lifetime, CO> concentrations, as well as
the resulting radiative forcings and temperatures, will not begin to decline
immediately after emissions peak, but they will instead gradually decline on longer
timescales. Because of this time lag, the lower end of the radiative forcing and

temperature distributions begins to decline slightly through time. This decline happens
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sooner in the early peaking group and is more delayed in the late peaking group due to
the different timeframes that emissions begin to decrease in the groups.

Even after radiative forcing and temperature stabilize, however, there are
continued changes in ocean temperatures as warmer air mixes with the upper ocean
and then mixes in increasingly deep ocean regions (Meehl et al., 2012). Because of
this, the ocean temperature responds to atmospheric forcing on a longer timescale than
the air temperature, leading to higher GMSLR even after emissions reach zero. This is
illustrated in Figure 7, where median GMSLR increases steadily from 2100 to 2300
for all groups. This is consistent with the work of Meehl et al. (2012), which finds that
under the RCP2.6 scenario (i.e., low emissions), global temperature levels off by 2100
and then begins to decline, but global mean sea level continues to rise after 2100. This
behavior highlights the slower response time of the ocean to emissions changes
compared to radiative forcing and temperature, making it more difficult to stabilize
GMSLR.

For each peaking group, we examine the SOW with the maximum global mean
sea level anomaly, which serves as a proxy for worst-case climate risks posed by
GMSLR. In 2300, the maximum sea level anomaly is approximately 9 meters for the
early group, 11 meters the middle group, and 13 meters for the late group (Figure 71).
The cumulative emissions that drive these outcomes are also progressively larger for
each peaking group, with a value of around 12,000 GtCO, for the early group, 18,000
GtCO; for the middle group, and 25,000 GtCO, for the late group. All values for
cumulative emissions are extreme, falling at >99'" percentile in their respective

groups. The SOWs with maximum GMSLR are also accompanied by high climate
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sensitivities (>92" percentile for all groups), which result in extreme temperature
outcomes (>99 percentile for all groups). Although these maximum values represent
low-likelihood events, the enormous magnitude of projected sea level change
highlights the extreme risks posed by GMSLR.

Even neglecting extreme outliers, GMSLR outcomes are sufficiently high to
necessitate adaption regardless of peaking group, and even rapid mitigation cannot
fully manage the risks posed by sea level rise. Under an early peaking group, the
median GMSLR in 2100 is 0.61 meters, with a 75" percentile of 0.72 meters (Figure
7g). Closer to present day in 2070, the median GMSLR is 0.41 meters (Figure C-1),
even though emissions peak prior to 2050 for this group. By 2070, a GMSLR of 0.41
meters still poses substantial climate risks and adaptation needs. The IPCC estimates
that if global mean sea level increases by 0.15 meters, the population potentially
exposed to a 100-year coastal flood will increase by around 20%, and the exposed
population will double at 0.75 meters and triple at 1.4 meters, assuming no additional
adaptation or population change (IPCC, 2022a). This estimate has concerning
implications about future climate risks, especially since the median value for the early
peaking group increases further to 1.55 meters in 2300, with a 75 percentile of 2.16
meters (Figure 71). Despite assuming early peaking, both of these values fall above the
highest GMSLR considered in the IPCC estimate, thus exposing a large number of
people to heightened coastal flood risks. As a result, even if emissions peak over the
next few decades, adaptation measures will be required to manage GMSLR-driven

risks.
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Figure 7. Radiative forcing, temperature, and GMSLR outcomes across peaking groups and

years.

To better understand the risks posed by GMSLR, it is important to examine the

processes behind two of its major contributors: the Greenland and Antarctic Ice

Sheets. BRICK models the GIS as melting approximately linearly with temperature

increase, while AIS dynamics involve tipping points which accelerate its contribution

to GMSLR, increasing uncertainty (Figure 8). This is reflected in the BRICK

equations for volume change in the AIS and the GIS, respectively (Wong, Bakker,

Ruckert, et al., 2017):

SIS (£) = Byot(Ta, R) + F(S, R)

dVgrs _
. 0=

1
T61s(t)

(Veq,GIS () — Vgrs (t))
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In Equation (12), dVss is the Antarctic Ice Sheet volume (m°), Bu: is the total
rate of accumulation of mass on the AIS (m?/yr), T4 is the Antarctic surface
temperature reduced to sea level (°C), R is the AIS radius (m), F is the ice flux at the
grounding line (m?/yr), and S is the sea level (m) (Wong, Bakker, Ruckert, et al.,
2017). In this formulation, the second term, F(S,R), includes the accelerated melting of
the AIS upon passing a temperature threshold. If the specified critical temperature is
reached, then the ice flux at the grounding line increases. In Equation (13), dVis is the
Greenland Ice Sheet volume (m°), taisis e-folding timescale of GIS volume changes
due to changes in global temperature (yr /), and Veq cis is the equilibrium ice sheet
volume at which the sea-level contribution from the GIS is zero (m sea-level
equivalent) (Wong, Bakker, Ruckert, et al., 2017). The sea level rise of the GIS is
therefore a result of the change from the initial GIS volume to the current volume, and
this change occurs as a direct response to the change in temperature that the GIS
experiences. Due to the different representations of volume change for the two ice
sheets, the AIS can experience rapid melting, whereas the GIS melting is primarily
controlled by temperature changes.

Although the AIS generally melts more with increasing temperature, the
uncertainty involved in its threshold response causes the samples to spread out and
deviate from a linear relationship (Figure 8a-c). The tipping point of the AIS may or
may not be triggered depending on the emissions pathway and temperature threshold
for a particular SOW. Trajectories with early peaking and lower cumulative emissions
are less likely to trigger fast melting dynamics, whereas late peaking and higher

cumulative emissions are more likely to trigger it. Although early peaking and lower
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cumulative emissions are less likely to activate the tipping point, this is not always the
case. Depending on the emissions curve and Earth system characteristics (specifically
those in the carbon cycle, climate system, and Antarctica) for a specific SOW, the
Antarctic tipping point may be triggered and therefore lead to substantial GMSLR.
Figure 8a-c illustrates this behavior, where there are some SOWs where the AIS fast
melting dynamics are triggered with small temperature increases. The inverse is true
as well, with some SOWs showing little melting of the AIS in response to large
temperature increases, highlighting the importance of climate system and Antarctic
uncertainties in determining melting outcomes. As discussed above, the smaller range
of cumulative emissions for the early peaking group constrains climate outcomes and
reduces uncertain risks from the Earth system, resulting in a smaller range of
temperatures and subsequent melting of the AIS and the GIS (green points in Figure
8). Due to the wider range of cumulative emissions in the middle and late peaking
groups and increased potential of Earth system dynamics to substantially impact
climate outcomes, these groups have a wider range of temperature and melting
outcomes for both the AIS and the GIS (blue and purple points in Figure 8). Since AIS
fast melting is less likely to occur in the early peaking group, high GMSLR outcomes
are less likely, resulting in additional higher-end outliers for GMSLR in the 2200 and
2300 periods for early peaking than for the other two groups (Figure 7h, 1). However,
high GMSLR outcomes are more typical in the middle and late peaking groups due to
the increased likelihood of AIS fast melting dynamics. This is evidenced by a wider
interquartile range and a smaller range of upper outliers in 2200 and 2300 in the

middle and late groups compared to the early group.
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Figure 8. Antarctic and Greenland melting in response to temperature for selected years.

In addition to the AIS and GIS contributions, it is also important to consider
the other components of GMSLR for a comprehensive understanding of its drivers. To
analyze how differences in emissions trajectories impact sea-level contributions, we
plot the components of GMSLR for each peaking group across time (Figure 9). In all
years and groups, land-water storage is a minor contributor to GMSLR, which is
consistent with its tendency to produce short-term fluctuations in GMSLR rather than
long-term changes, as well a tendency to both increase and decrease sea level to create

a canceling effect (Cazenave & Llovel, 2010). Although different peaking groups
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result in different dominating contributors to GMSLR over time, the Greenland and
Antarctic groups are the primary contributors in most time periods and peaking
groups. These two contributors also have the most potential to produce extreme sea
level rise, as evidenced by the large number of upper-end outliers in all groups and
time periods. These outliers represent low-probability, high-impact outcomes such as
rapid or complete melting of the ice sheets, illustrating the potential for uncertain
Earth system dynamics to create extreme GMSLR from the two ice sheets under any
peaking group.

To further investigate the drivers of extreme GMSLR outcomes, we examine
the upper outliers for AIS melting for each peaking group in 2300 (Figure 9g-1). For
the early, middle, and late peaking groups, the maximum value for the AIS
contribution to GMSLR 1is 5.05 meters, 6.97 meters, and 6.59 meters, respectively.
There are similarities that arise among the drivers of these outliers. All three samples
correspond with extreme GMSLR (>99'" percentile in their respective groups), which
is understandable given the enormous contribution from the AIS alone. Furthermore,
all three outcomes also have exceedingly high values for the Antarctic fast dynamics
disintegration rate, falling at >99™ percentile in all groups. Since the AIS fast
dynamics are triggered in all samples, this fast rate of disintegration leads to massive,
rapid melting of the AIS. However, there are differences in the temperature threshold
above which fast dynamics are triggered. The temperature threshold is in the 20™
percentile for the early sample, 2" percentile for the middle sample, and 30™
percentile for the late sample. A smaller percentile for the temperature threshold means

that a lower temperature is required to cross it, making it is easier to trigger AIS fast
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melting dynamics. Because of this, it follows that the particularly low temperature
threshold in the middle sample drives extreme AIS melting. However, although the
early and late samples are below the median, neither have particularly low thresholds,
indicating that the warming alone in these samples is sufficiently large to trigger fast
melting dynamics. This is evidenced by the cumulative emissions that drive warming,
which have values of 5,818 GtCO, (90" percentile) for the early group, 5,742 GtCO,
(38t percentile) for the middle group, and 11,843 GtCO, (77™ percentile) for the late
group. The higher emissions in the early and late samples are sufficient to increase
warming and trigger the temperature threshold in both samples despite the threshold
value not being an extreme outlier. In the middle sample, on the other hand, the
relatively low percentile for cumulative emissions does not contribute as much to
warming, but fast dynamics are triggered regardless due the very high climate
sensitivity (98" percentile) and very low temperature threshold (2™ percentile).
Furthermore, the extreme values of AIS melting in these samples do not necessarily
correspond with extreme values of Greenland melting, which fall in the 94 percentile
for the early sample, 70" percentile for the middle sample, and 75™ percentile for the
late sample. Although all fall above the median, the latter two are not nearly as
extreme as the maximum value for AIS melting (i.e., 100™ percentile). This highlights
the differences in BRICK representation of AIS versus GIS melting dynamics, as the
fast melting dynamics in the AIS can produce extreme outcomes regardless of the
temperature-dependent GIS melting. Overall, the maximum values for the Antarctic
contribution in each of the three emissions groups show consistently high values for

the fast dynamics disintegration rate and GMSLR. However, the samples exhibit
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differences in cumulative emissions, temperature threshold, and corresponding
Greenland melting, which underscores the complex interactions between emissions
and Earth system processes that drive climate outcomes.

Although extreme sea levels are possible in all groups, the median values
illustrate the more probable dominating contributors for each group and year. For the
median outcomes in the early group (Figure 9a, d, g), Greenland and thermal
expansion dominate as approximately equal contributors to GMSLR in 2100, and
Greenland is the largest contributor in 2200 and 2300. For the median outcomes in the
middle group (Figure 9b, e, h), Greenland is the dominant contributor in 2100,
Greenland and Antarctica dominate as approximately equal contributors in 2200, and
Antarctica is the dominant contributor in 2300. For the median outcomes in the late
group (Figure 9c, f, 1), Greenland dominates GMSLR 1in all three time periods. This
shows that under lower-emissions pathways in the near-term, thermal expansion plays
a larger role in GMSLR, but in the longer-term, the contribution from ice sheets
dominates. Under higher-emissions pathways, the ice sheets dominate in all time
periods. Due to the large potential of the AIS and the GIS to contribute substantially to
GMSLR outcomes, characterizing the uncertainties associated with their melting is

crucial to better understand future climate risks.
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Figure 9. Contributors to GMSLR (Antarctic, glaciers and small ice caps, Greenland, land-
water storage, and thermal expansion) across peaking groups and years.

To visualize how the relative contributions to GMSLR change over time in
specific samples, we develop nine scenario combinations based on GMSLR and
peaking groups. For GMSLR, we divide samples into different quantiles based on the
global mean sea level anomaly in 2300, and we establish groups for the lowest 5% of
outcomes (<5" percentile), the middle 5% of outcomes (between the 47.5" and 52.5%
percentiles), and the highest 5% of outcomes (>95" percentile). These three groups are

29 ¢¢

hereafter referred to as “low,” “medium,” and “high,” respectively. For peaking time,
we divide samples into the same early, middle, and late groups as discussed at the

beginning of this section. Using the groups established for both GMSLR and peaking

time, we combine both sets of three groups into scenario combinations, which results
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in nine combinations total. The names and group characteristics for all scenario
combinations are detailed in Table 1. It is important to note that there are a different
number of samples that fit the criteria for each of the nine scenario combinations. For
example, only one sample meets the criteria for S3 (low GMSLR and late peaking),
whereas 411 samples meet the criteria for S5 (medium GMSLR and middle peaking).
We select a random sample out of the total number of available samples (except in the
case of S3, where only 1 sample is available). Using the one random sample for each
scenario combination, we then create stacked area plots to visualize the different
contributors to GMSLR over time (Figure 10). These plots do not represent
uncertainty since they only show the results for one sample that meets the criteria for
each scenario combination. Instead, each plot serves as an example of the behavior of
a particular scenario combination and does not represent other outcomes that could be

realized under a different SOW.

Table 1. Names, characteristics, and number of samples for the nine scenario combinations
developed.

Scenario Combination GMSLR Group Peaking Group Number of Samples

S1 Low Early 316
S2 Low Middle 183
S3 Low Late 1

S4 Medium Early 43
S5 Medium Middle 411
S6 Medium Late 46
S7 High Early 7

S8 High Middle 234
S9 High Late 259
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(a) S1: Low GMSLR, Early Peaking (b) S2: Low GMSLR, Middle Peaking (c) S3: Low GMSLR, Late Peaking
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Figure 10. Changes in GMSLR contributions over time for each scenario combination.

A particular level of GMSLR can be reached with different contributions from
the GMSLR components, but similarities can emerge between samples as well. In the
low GMSLR scenario combinations (S1, S2, and S3; Figure 10a-c), the three samples
shown result in a GMSLR of around 1 meter by 2300. The GIS dominates the change
in GMSLR for the samples, followed by thermal expansion. The melting of the GIS is
due to the approximately linear relationship of temperature and Greenland melting in
BRICK (see Figure 8). In the early and middle peaking groups, the temperature
anomaly in 2300 is 1.68 K (9" percentile) and 1.49 K (4" percentile), respectively,
with corresponding Greenland melting of 0.48 meters and 0.56 meters. Both

combinations of temperature/melting outcomes are consistent with the relationship in
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Figure 8f. The contribution of thermal expansion is a result of the continued ocean
warming due to its long response time, which leads to sustained thermal expansion
even after emissions cease. In contrast, the AIS melting is not a major contributor in
the early and middle peaking samples, which is due to the relatively high Antarctic
temperature threshold (>63™ percentile for both samples). Since there is low warming
in both samples, this threshold is not triggered and leads to minimal AIS melting.
Notably, the late peaking group for low GMSLR (S3; Figure 10c) results in an
anomalous outcome involving substantial freezing of the AIS and GSIC. However, S3
only has one available sample that meets its criteria, which reveals that this SOW is an
outlier run with a very low likelihood of being realized. This is evidenced by the
particularly low values in this sample for climate sensitivity (5™ percentile), Antarctic
Ocean temperature (4™ percentile), and initial sensitivity of GSIC to surface
temperature (0.55" percentile), all of which combine to produce lower warming and
resistance to melting.

In the medium GMSLR scenario combinations (S4, S5, and S6; Figure 10d-f),
the AIS dominates in the early and middle peaking samples, but the GIS dominates in
the late peaking sample. In these three samples, properties of the climate system play a
large role in determining temperatures and melting contributions. Although S4 is only
in the 3" percentile for cumulative emissions, the resulting temperature is
considerably higher (46" percentile). This is because the climate sensitivity in this
sample is in the 99" percentile, which creates a substantially amplified temperature
increase. In all three samples, the GIS melts in response to temperature increases in

S4, S5, and S6, which are in the 46, 21, and 77™ percentiles, respectively. However,
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in the middle peaking sample (SS5; Figure 10e), the AIS melting is larger compared to
the GIS melting due to the low temperature threshold (12" percentile) and moderately
quick disintegration rate once AIS fast dynamics are triggered (64" percentile).
Conversely, in the late peaking sample (S6; Figure 10f), melting in the AIS does not
keep pace with Greenland despite high temperatures, which is partially due to very
low values for initial sea level rise from the AIS (5% percentile) and the proportionality
constant for ice flow at the grounding line (0.31% percentile). A lower proportionality
constant indicates that ice flow is relatively slow and resistant to movement in
response to external forces, which results in reduced ice discharge from the AIS.
Because of these factors, melting from the AIS is reduced despite the higher
temperatures in this sample.

In the high GMSLR scenario combinations (S7, S8, and S9; Figure 10g-1),
Greenland dominates in the middle and late peaking samples due to high temperature
increases. In 2300, S8 has a temperature anomaly of 5.96 K (98" percentile), and S9
has a temperature anomaly of 4.22 K (90" percentile), leading to high melting in
Greenland. However, Antarctica dominates in the early peaking sample (S7; Figure
10g), whereas the Greenland melting is comparatively small. This is because this
sample has lower temperatures than S8 and S9, with a temperature anomaly of 3.41 K
in 2300 (78" percentile). Despite comparatively lower temperatures, the AIS fast
melting dynamics are triggered in this sample, leading to an extreme amount of
Antarctic melting (around 5 meters in 2300). This is because there is a relatively low
temperature threshold for triggering rapid melting in this sample (23" percentile), and

once this threshold is crossed, there is an extremely high rate for Antarctic fast
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dynamics disintegration (99'" percentile). The sample in S7 also has cumulative
emissions below the median (44" percentile), but a climate sensitivity in the 98™"
percentile leads to higher temperature outcomes than would otherwise result from the
same level of emissions with a more moderate climate sensitivity. Due to the outlier
parameter combinations in this sample, this particular SOW is one of the low-
temperature, high-AIS-melting data points in Figure 8a-c. Similar to S3, very few
samples fit the criteria for S7 (only 7 samples out of 10,000 SOWs), which highlights
that a high GMSLR, early peaking combination requires an unlikely, unfavorable set
of climate system properties and melting characteristics.

Therefore, each scenario combination shown in Figure 10 illustrates one
example of how the contributors to GMSLR can change with time. Although the
samples cannot be generalized to all SOWs that fit the criteria for a scenario
combination, they are useful to understand how different aspects of the climate system
and melting dynamics interact to determine relative contributions for each GMSLR

component.

3.2. Sensitivity Analysis
3.2.1. Full Ensemble GSA

To identify the parameters that have the most influence on the variance of
GMSLR throughout time, we conduct a global sensitivity analysis for the full range of
peaking times from the distribution in Equation (3). We select the years 2100, 2200,
and 2300 for assessment to examine how the drivers of GMSLR variability change in

the long-term, which is particularly important given that GMSLR operates on at least
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centennial timescales. We divide the parameters considered into groups depending on
whether they are associated with emissions or different parts of the Earth system
response. The parameter groups are Antarctic, carbon cycle, climate system,
emissions, glaciers and small ice caps, Greenland, land-water storage, statistical noise,
and thermal expansion. We consider both the first- and total-order sensitivity indices
to examine both the direct impact of a parameter group itself as well as how its
interactions with other parameters influence the output variance. Regarding first-order
sensitivities, we find that in all time periods, emissions dwarf the impact of Earth
system processes on GMSLR, and peaking time is the most influential parameter in all
time periods (Figure 11). This follows from the large influence of the emissions
pathway in determining climate outcomes (as described in Section 3.1), and it is also
consistent with the work of Rohmer et al. (2021), which finds that uncertainty in
future coastal flood risk is primarily driven by uncertainty in human activities and
mitigation choices.

Out of the three emissions parameters, peaking time dominates since it has the
largest impact on the cumulative amount of CO; that is emitted into the atmosphere.
Although peaking time is by far the most important parameter in all three time periods
in Figure 11, the growth rate and decline rate of emissions still play an important role.
As many samples of emissions continue to grow in 2100, the growth rate of emissions
continues to have a larger influence, but once all emissions have peaked by the upper
bound of 2200, the growth rate is no longer as influential since all trajectories have
reached their maximum value and are beginning to decline. Instead, the decline rate

becomes more influential in 2200 and 2300 since it plays a crucial role in how quickly
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an emissions trajectory approaches zero, and a slow decarbonization rate can increase
the cumulative emissions greatly for a given trajectory. This behavior is depicted in
Figure 11, which shows that in 2100 (Figure 11a), the emissions growth rate has the
second-highest sensitivity index, and in 2200 and 2300 (Figure 11b, c), the decline rate
has the second-highest sensitivity index.

Outside of the emissions pathway, Earth system processes have a moderate
impact on GMSLR in 2100, but after 2100, they have an extremely small influence
since variability in outcomes is dependent on emissions. Since 2100 is closer to
present day, cumulative emissions do not have time to vary as much as they do in 2200
or 2300, so the lower variability in emissions dampens the human system influence.
The lag in Earth system response also prevents emissions from completely dominating
GMSLR in 2100, although the emissions are still the primary contributors to sea level
outcomes. Within the Earth system, particular processes have a larger influence on
GMSLR outcomes than others. Although components such as the GIS, GSIC, and the
carbon cycle have an impact on melting, uncertainty in the climate system and AIS
dynamics have a much larger influence on the variability in GMSLR. In 2100,
Antarctic annual precipitation, slope of the AIS, and climate sensitivity play the
greatest role in the Earth system (Figure 11a). In the climate system, climate
sensitivity is important due to its direct role in translating radiative forcing to
temperature, which then alters global mean sea level. In the AIS, annual precipitation
has a large impact on melting since it affects the surface albedo and the amount of
snow accumulation, with a tendency of higher precipitation to counteract melting by

increasing albedo and providing stability to the ice sheet. The slope of the AIS also
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impacts melting by influencing ice flow dynamics and the stability of the grounding
line. A steeper slope can lead to increased ice discharge, grounding-line retreat, and
enhanced melting, particularly if AIS fast dynamics are triggered. Combined, these
two properties interact to alter AIS melting dynamics. For example, a low annual
precipitation combined with a steep slope can reduce stability of the ice sheet, increase
the rate of melting, and accelerate grounding-line retreat. The complex dynamics in
the AIS interact with other climate processes to determine GMSLR. Climate
sensitivity has a large influence on temperature, which then impacts AIS melting via
characteristics such as slope and annual precipitation.

Since the influence of the Earth system response is still exceeded by emissions
in 2100, it 1s useful to identify when emissions variability (rather than Earth system
uncertainty) becomes the major determining factor of GMSLR variability, as this can
be thought of as a proxy for when mitigation begins to manage GMSLR outcomes. To
further explore the transition from the influence of Earth system to human system
drivers of GMSLR, we plot the GSA results for years nearer to present day: 2070,
2100, 2120, and 2150 (Figure C-3 and Figure C-4). In the year 2070, the Earth system,
specifically Antarctica, dominates GMSLR variability. However, by 2100, the
influence of emissions dominates since they have more time to alter Earth system
processes. This indicates that Earth system dynamics are more influential for GMSLR
in the near-term, but between 2070 and 2100, a transition occurs as emissions begin to

heavily control climate outcomes.
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To examine the complete influence of a parameter on GMSLR outcomes,
which includes all its interactions with other parameters, we plot the total-order
sensitivities in 2100, 2200, and 2300 (Figure 12). Similar to the first-order
sensitivities, emissions dominate GMSLR outcomes in all time periods, although
Earth system processes play a small role in 2100. Past 2100, the Earth system has very
little influence on GMSLR, but out of the Earth system parameters, the Antarctic
contribution and climate sensitivity are the most influential in 2200 and 2300. This
highlights that the total-order effects of the parameters show the same trends as the
first-order effects (Figure 11), which implies that the higher-order interactions of each
parameter are relatively small compared to the first-order sensitivities. To visualize the
parameter interactions and ensure that this is the case, we create a table of second-
order sensitivity indices in 2100, 2200, and 2300 for the full ensemble of samples by
selecting the top ten parameter interactions for each of the three years (Table C-1). The
indices show that the interaction between growth rate and peaking time is the most
influential for all three time periods. Another important interaction is between decline
rate and peaking time, and this interaction is approximately equally influential in 2200
and 2300 as that of growth rate and peaking time for those years. However, the
interaction between decline rate and peaking time in 2100 has an estimate of zero,
which is reasonable given that relatively few emissions trajectories have begun to
decline by that time. Out of the second-order interactions, those between different
emissions parameters are the most influential, but they still play an overall small role
in GMSLR outcomes in all time periods and have a negligible impact on changing the

trends seen in the first-order sensitivities.
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3.2.2. Grouped GSA

To disaggregate the emissions trajectories into smaller ranges, we conduct a
grouped GSA for each of the early, middle, and late peaking groups (see Section 2.1.1
for group criteria). As with the full ensemble, we compute both first- and total-order
indices for the parameters to examine their influence on GMSLR outcomes. For the
first-order sensitivities, we also develop stacked area plots for each of the three GSA
runs, as well as for the full ensemble from the previous section (Figure 13). In
principle, first-order indices for all parameters should sum to one for each year.
However, since we compute the sensitivity indices using Monte Carlo sampling, the
sampling error associated with this approach causes the sum to deviate from one in
some years. To improve interpretability of Figure 13, we apply a rescaling using the
relative weight of each parameter group so that the sum of the first-order indices is one
in all years.

In all four runs, the Earth system processes, specifically Antarctica, dominate
first-order sensitivity in the near-term, and the human system (i.e., emissions)
dominates in the long-term. In the full ensemble of samples (Figure 13a), emissions
almost completely dominate GMSLR outcomes by 2150, explaining about 90% of the
variance in the output, and this trend continues out to 2300. This is consistent with the
conclusion that Earth system processes dictate outcomes until the climate has
sufficient time to respond to sustained emissions, and then the emissions determine
GMSLR outcomes.

In the early peaking group (Figure 13b), Earth system processes hold more

influence throughout time compared to the full ensemble. The Antarctic, carbon cycle,
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and climate system contributions explain around 20% of the output variance in 2150,
compared to only 10% for the full ensemble. In the late peaking group (Figure 13d),
the Earth system holds about the same influence as in the early group. The more
sustained influence of the Earth system in the early and late groups is likely attributed
to the particularly low (for early peaking) and high (for late peaking) cumulative
emissions that are produced in the two groups. With low emissions, there is a lower
probability of high GMSLR, but Earth system parameters with extreme values become
particularly influential on GMSLR as a result. With high emissions, there is a higher
probability of high GMSLR, but the Earth system heavily dictates the extent of the
GMSLR. Although the early and late groups have approximately equal contributions
from the Earth system, different contributors within the Earth system hold more
importance depending on the peaking group. In the late group, the climate system and
the GIS explain more output variance than for early peaking, but Antarctica holds less
influence than in the early group. Specifically, the Greenland contribution explains
about 10% of the variance in GMSLR output through all years in the late peaking
group, which is substantially more than for all the other groups. This is due to the
proportional response of GIS melting to temperature increases, which are larger in the
late group than the early group. However, Antarctica is less influential in the late
group due to the increased likelihood of substantial melting of the AIS (due to high
cumulative emissions) regardless of the Antarctic parameters in a certain SOW. In the
early group, there are fewer SOWs where substantial melting of the AIS occurs, so the
Antarctic processes that alter melting dynamics become more influential on the AIS

contribution to GMSLR. Furthermore, the climate system is more sensitive in the late
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group compared to the early group, with one of the most influential parameters in the
climate system being climate sensitivity. With higher cumulative emissions in the late
peaking group, the climate sensitivity becomes more important in determining
temperature outcomes, which then impacts sea levels. In the middle peaking group
(Figure 13c), emissions more heavily dominate the output variance than for the early
and late groups. This is a result of the wider range of cumulative emissions in the
middle peaking group, which leads to more variability in climate outcomes and

therefore a higher influence of emissions on GMSLR.
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In addition to the contributions of parameter groups to first-order sensitivities,
the total-order indices are also important for a comprehensive understanding of
parameter influences. As with the full ensemble of samples, the second-order
interactions are small for all grouped GSA runs and have a negligible influence on the
patterns in the total-order sensitivities. Because of this, the first- and total-order
sensitivities show nearly identical trends (as with the full ensemble), so we present
only the total-order sensitivities here. Since emissions control GMSLR outcomes past
2100 (see Section 3.2.1), we show decadal timescales instead of centennial timescales
for the grouped runs. We therefore use the years 2070, 2100, 2120, and 2150 to
illustrate the transition of when mitigation begins to manage GMSLR outcomes. The
total-order sensitivity indices for the early, middle, and late peaking groups are
depicted in Figure 14, Figure 15, and Figure 16, respectively.

For the early and middle peaking groups, Earth system processes dominate
GMSLR outcomes in 2070, but this is not the case for the late peaking group. By
2070, the late peaking group is already controlled by emissions, which is reasonable
due to the high cumulative emissions produced very quickly in this group.
Specifically, the growth rate is the most influential emissions parameter in the late
group through all time periods. This is due to the late peaking time for the emissions
trajectories in this group, which are not able to peak until at least 2100. Since the
trajectories in this group continue to grow for such an extended period of time, the rate
at which they grow has the largest impact on warming outcomes. For the early group,
all emissions trajectories have peaked before 2050, which is prior to the first year

shown in Figure 14. As a result, all emissions trajectories have been declining for a
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considerable amount of time, so the rate at which a trajectory decarbonizes becomes
the most important factor. Peaking time is important to an extent since it determines
the maximum value of emissions reached, but in the longer-term the decarbonization
rate heavily dictates the cumulative emissions produced. This behavior is illustrated in
Figure 14, where the decline rate and peaking time are the most influential emissions
parameters, but the decline rate becomes more influential and peaking time becomes
less influential throughout the time period shown. For the middle group (Figure 15),
peaking time is the most influential emissions parameter from 2100 onward. This is
consistent with the wider range of emissions trajectories in the middle peaking group,
resulting in peaking time being the primary factor that determines the quantity of
cumulative emissions produced. Following peaking time, growth rate is the most
influential in emissions outcomes in the near-term before most trajectories have
peaked, but in the longer-term, decline rate becomes more important in determining
cumulative emissions. This is depicted in 2100 and 2120 for the middle group, where
growth rate is the second-most influential emissions parameter, followed by decline.
However, this reverses in 2150, with decline rate surpassing growth rate as the second-
most influential emissions parameter.

Outside of the human system, the Earth system plays a key role in the near-
term for the early and middle peaking groups. Although Earth system processes are
less influential in all time periods for the late peaking group, all three groups show a
similar pattern of Earth system parameters that tend to dominate GMSLR outcomes. In
all groups and time periods, the Antarctic contribution primarily controls outcomes.

Specifically, the Antarctic slope, annual precipitation, proportionality constant for ice
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flow, and coefficient for dependency of precipitation on Antarctic temperature are
consistently key parameters. The temperature threshold that determines the Antarctic
tipping point is also moderately influential. This highlights the complex representation
of the AIS in BRICK, since the uncertainties in key relationships and melting
dynamics interact to heavily influence outcomes. Following the Antarctic contribution,
the climate system and Greenland play an important role as well. Within the
Greenland contribution, the parameter that dictates sensitivity of the equilibrium
volume of the GIS to changes in temperature is the most influential. This parameter
determines the GIS melting in response to warming (see Figure 8), so it is
understandable that it would dominate the Greenland contribution. Within the climate
system, climate sensitivity is the most influential, followed by a smaller influence
from the aerosol scaling factor. The relatively small importance of the climate
sensitivity and aerosol scaling factor compared to the Antarctic contribution is
inconsistent with the work of Hough & Wong (2022), which finds that those two
parameters are consistently the most influential in both low and high radiative forcing
groups. Specifically, Hough & Wong (2022) determines that under RCP2.6 in 2100,
climate sensitivity is the most important parameter, followed by Antarctic temperature
threshold and then aerosol scaling factor. Under RCPS8.5, the study identifies the
Greenland parameters as the most important contributors, followed by climate
sensitivity, aerosol scaling factor, and finally Antarctic Ice Sheet parameters (Hough &
Wong, 2022). Within the AIS parameters, Hough & Wong (2022) also finds that the
rate of Antarctic fast dynamics has moderate influence, which we do not see here.

Instead, we find that the Antarctic contribution is consistently the most important
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Earth system group for all peaking times, with the two dominating parameters being
Antarctic slope and annual precipitation. This discrepancy could be a result of the
deterministic emissions trajectories used in their analysis, whereas here we develop
parametrized trajectories with additional degrees of freedom. Due to the
disaggregation of emissions parameters that we use, emissions tend to heavily
dominate sensitivities past 2100, which could possibly conceal the influence of certain
Earth system parameters. We also use a longer timescale that goes out to 2300, which
could potentially mask some of the sensitivities seen in their work. Overall, we find
that in the near-term, the Earth system controls GMSLR outcomes, but from 2070 to

2100, a transition occurs as emissions begin to completely dominate.
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4. DISCUSSION AND CONCLUSIONS
4.1. Caveats and Future Work

In this analysis, we examined how uncertainties in the human system and the
Earth system interact to determine climate impacts. We selected SNEASY-BRICK
since its short run time made a global sensitivity analysis computationally feasible,
which enabled us to determine the drivers of variability in GMSLR over time.
However, this modeling framework introduced caveats that are important to mention.
One caveat is the representation of ice sheet melting in BRICK. Both the Antarctic and
Greenland Ice Sheets are subject to tipping points that lead to rapid mass loss, and
there is evidence that Greenland may be approaching a critical threshold that would
substantially impact its melting (Boers & Rypdal, 2021). However, this behavior for
the GIS is not represented in BRICK. Although BRICK employs a variety of Antarctic
system parameters to capture its threshold behavior and potential for fast
disintegration, these melting dynamics are not represented for Greenland. Instead, the
GIS has a simplistic representation in BRICK where it responds approximately
linearly to temperature, which may underestimate its potential for rapid melting after
crossing a tipping point. As a result, it is important for future studies to consider
whether the simplistic representation of melting dynamics in the GIS is an accurate
approximation for real-world outcomes.

Another important caveat is that we did not allow emissions to decline below
zero in our representation of emissions pathways. Since the potential role of negative
emissions technologies is deeply uncertain (Srikrishnan, Guan, et al., 2022), we made

this choice to avoid unrealistic representations of negative emissions in the ensemble
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of trajectories. However, this structure neglects potentially substantial emissions
reductions that may result from negative emissions technologies, which may lead to an
overestimation of climate impacts with our framework. A possible extension of this
study would be to include a representation of negative emissions by allowing
emissions trajectories to decline below zero, which would provide insight into how
negative emissions may impact future climate outcomes.

To expand on the results of this study, one next step is to group different
emissions pathways by cumulative emissions in addition to peaking time. Our results
highlight that an individual peaking group can lead to a wide range of cumulative
emissions and GMSLR outcomes. Grouping by peaking time is useful to examine the
timing of climate impacts triggered by threshold behavior, such as ice-sheet instability.
However, global radiative forcing, temperature, and GMSLR are instead a result of
total cumulative emissions and are less dependent on the exact timescales on which
emissions increase and decrease. Because of this, it would be useful to group
emissions by both peaking time and cumulative emissions to explore both the
temporal dynamics of emissions as well as the total impact of CO- released into the
atmosphere. Another opportunity for further analysis is the use of scenario discovery,
which is an approach that identifies regions of the parameter space that are connected
to outcomes of interest (Srikrishnan, Lafferty, et al., 2022). In this case, scenario
discovery could be used to identify samples that result in particularly low or high
outcomes of GMSLR. Once the samples are identified, they can then be analyzed for
trends in human or Earth system parameters to see if any common patterns emerge.

Further analysis in these avenues will provide insight into the Earth system response to
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uncertain emissions trajectories, which will help improve understanding and

management of climate impacts.

4.2. Conclusions

Uncertainties in both the human system and the Earth system compound over
time to create highly uncertain outcomes and climate risks. This leads to a wider range
of potential climate impacts over time, one of which is global mean sea level rise.
Previous studies have primarily explored the interactions between uncertain emissions
pathways and the uncertain Earth system response using deterministic, pre-defined
emissions scenarios. Here, we develop an ensemble of emissions trajectories using
parameters for growth rate, peaking time, and decarbonization rate to examine three
key questions: (1) To what extent do different emissions pathways alleviate future
climate impacts?, (2) What are the most influential drivers of variability in global
mean sea level rise?, and (3) To what extent do these drivers vary over time? We find
that as emissions trajectories approach zero, GHG concentrations in the atmosphere
begin to stabilize and therefore lead to stable radiative forcing and temperature
outcomes. Even after GHG concentrations stabilize, however, there are continued
changes in ocean temperatures due to circulation and mixing (Meehl et al., 2012).
Because of this, the ocean temperature responds to atmospheric forcing on a longer
timescale than the air temperature, leading to higher commitment to GMSLR.
Trajectories with early peaking of emissions constrain future GMSLR outcomes, and
these pathways rely less on favorable Earth system dynamics to limit GMSLR to a

moderate level. However, even under an early peaking group, outcomes for GMSLR
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are still sufficiently high to pose substantial climate risks and necessitate adaptation.
Rapid mitigation is thus inadequate to fully manage the risks posed by GMSLR,
although it does ameliorate the long-term risks. Since the timescale for stabilizing
GMSLR is on the lines of centuries, mitigation in the near-term affords additional time
for adaptation measures to be implemented for previously committed GMSLR (Meehl
etal., 2012).

When considering different emissions trajectories and GMSLR outcomes, we
find that the Antarctic and Greenland contributions dominate sea level outcomes in
most scenarios. This is consistent with the conclusion of Hough & Wong (2022),
which finds that mass loss from the AIS and the GIS drive the long-term risks
associated with GMSLR. Of the contributors to GMSLR, both the Antarctic and
Greenland Ice Sheets also have the most uncertain outcomes over time. Greenland
primarily melts in response to increasing temperatures, whereas Antarctica
experiences rapid melting in some states-of-the-world due to thresholds triggering fast
melting dynamics. Using a Sobol’ sensitivity analysis, we find that the Earth system
dominates GMSLR outcomes in the near-term (until around 2070). Specifically, the
Antarctic contribution is the most influential Earth system group in determining
GMSLR outcomes. Between 2070 and 2100, emissions transition to become the most
influential factors, and past 2100, emissions heavily control GMSLR outcomes.
However, when trajectories have a late peaking time, emissions begin to control
outcomes sooner compared to the early and middle peaking groups.

The results in this analysis exceed the [PCC projections for sea level rise by

2100 and 2150 for all peaking groups. For example, the IPCC estimates that by 2100,
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GMSLR will reach 0.63-1.01 meters under the very high GHG emissions scenario
(SSP5-8.5) (IPCC, 2021). Under the same scenario, they further estimate that by 2150,
GMSLR will reach 0.98-1.88 meters. The IPCC projection is associated with a best
estimate of 4.4°C average warming from 2081-2100 (IPCC, 2021), which corresponds
to the 94 percentile in 2100 for the late peaking group we consider. We find that the
0.63-1.01 meter GMSLR range in 2100 corresponds to the 4" and 39" percentiles of
the late peaking group, and the 0.98-1.88 meter range in 2150 corresponds to the 0.5t
and 19 percentiles. All these GMSLR percentiles are below the median, and they fall
lower as time progresses from 2100 to 2150. Since the IPCC estimate has a high
percentile for global temperature in the late peaking group that results in much lower
percentiles for GMSLR, this indicates that the IPCC produces conservative estimates
for GMSLR. Specifically for high-warming scenarios, Siegert et al. (2020) describes
that it is more likely that we exceed the IPCC range than fall below it, and the estimate
of the IPCC is focused at the low end of outcomes. This is also consistent with Garner
et al. (2018), which finds that GMSLR estimates from the IPCC are consistently lower
than upper estimates from other studies, and the IPCC intentionally provides cautious
and conservative estimates of GMSLR. This is partially due to the wide array of
stakeholders that the IPCC report targets, and each of these stakeholders have different
risk tolerances (Kopp et al., 2023). Furthermore, the IPCC estimate described above is
expressed as a “likely” range, which means that the projection has a 66-100%
probability of being correct (Siegert et al., 2020). On the reverse end, this also implies
there is a 1 in 3 chance that a future outcome will fall outside that range, so there is

considerable possibility that the likely range is exceeded. This interpretation can be
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lost due to the wide array of stakeholders (many in non-technical domains) that use the
IPCC reports, which creates misunderstanding of potential worst-case scenarios
(Siegert et al., 2020). To bridge the gap between a conservative estimate and a proper
representation of high-end melting scenarios, the IPCC included a low-likelihood,
high-impact storyline involving ice-sheet instability caused by MISI and MICI (Kopp
et al., 2023). This allows for a better understanding of high-end GMSLR and the
processes associated with it while still preserving the widespread utilization of the
IPCC reports. Even so, these high-end melting scenarios warrant additional analyses in
the IPCC reports to provide more insight into potential drivers and tipping points.
Extreme outcomes of GMSLR should not be neglected or seen as impossible
scenarios, but it is instead important to better characterize the uncertainties associated

with high-end sea level rise to improve resilience to a given outcome.
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APPENDIX A: RADIATIVE FORCING BEHAVIOR

Past 2200, the radiative forcing in Figure 4b exhibits a change in behavior,
where its oscillatory values experience a jump and abruptly flatten out to become
constant. This behavior is primarily an artifact of the data in the RCP Database
(International Institute for Applied Systems Analysis (IIASA), 2009). Due to the
values in the dataset, the input matching method that we use creates sudden transitions
in radiative forcing. As described in Section 2.1.1, we match inputs each year for NoO
concentration, aerosol forcing, and other forcing to the RCP scenario that most closely
matches the emissions for a trajectory. In the RCP Database, the time series for other
forcing is the origin of the oscillating values in the total radiative forcing. The values
for other forcing in all RCP scenarios except RCP2.6 abruptly transition from
oscillatory forcing to constant values. For RCP4.5 and RCP6.0, this transition occurs
in 2150, and for RCP8.5, this transition occurs in 2250. If a trajectory reaches zero
emissions, the RCP scenario that most closely matches the emissions will be RCP4.5.
Since RCP2.6 assumes negative emissions, it will never be the closest scenario to any
trajectory after it becomes negative, as we do not allow the emissions curves to decline
below zero. As a result, this oscillatory radiative forcing behavior will not be present
after 2250 for any trajectories considered. This approach also creates jumps in forcing,
since an emissions trajectory may abruptly transition to matching more closely to a

different RCP scenario as it increases or declines toward zero.



APPENDIX B: SNEASY-BRICK CALIBRATION AND GSA

In Bayesian statistics, the “prior” degree of belief about a parameter’s
uncertainty is modified to reflect new information that has been acquired, which is
then updated to the “posterior” uncertainty (O’Hagan, 2004). This is shown in Bayes’

theorem:

p(O1y) = 225 p(0) (A-D)

where p(@|y) is the posterior, p(y|6) is the likelihood, p(y) is the normalizing constant
or marginal likelihood, and p(é) is the prior. To visualize how the prior is updated to
the posterior, we show the marginal distributions for selected BRICK parameters in
Figure B-1. We select the parameters in the Antarctic and Greenland groups since the
values defined by their posterior distributions drive the melting dynamics in the AIS
and the GIS, which are key contributors to GMSLR. The prior is updated to the
posterior via the calibration of SNEASY-BRICK.

Estimating the posterior distribution is a crucial step in model calibration since
it represents the updated knowledge of a parameter’s behavior based on observed data.
For SNEASY-BRICK, this is performed using Markov chain Monte Carlo (MCMC).
MCMC is a standard approach for numerically approximating Bayesian posterior
distributions, and it does so by constructing a Markov chain to systematically sample
from the posterior distribution (Helgeson et al., 2021; Reed et al., 2023). MCMC can
require a large number of model evaluations, and for SNEASY-BRICK, the chain is
run for 20 million iterations (Wong, Bakker, Ruckert, et al., 2017). For samples in a

Markov chain, there is a transient portion prior to convergence to the stationary
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distribution, which in the case of MCMC is the posterior distribution. To ensure that
the samples represent the posterior distribution, samples in the transient portion are
discarded as burn-in. The length of burn-in can be determined by evidence
accumulated from a variety of heuristics, such as comparing the kernel density plot
after half of the chain to the plot for the full chain. For the parameters in SNEASY-
BRICK, 1 million iterations at the beginning of the chain are removed for burn-in. In
the remaining iterations, some amount of autocorrelation is present due to the
correlation among parameters and the tendency of a chain to remain in a certain region
of the parameter space before exploring other regions. Because of this, a
representative subset of samples is selected from the remaining 19 million iterations to
reduce the impact of autocorrelation while preserving the underlying posterior
distribution. This subset contains 10,000 samples, a size that balances the tradeoft
between computational efficiency and the statistical precision offered by a larger
sample size.

We use this subsample of 10,000 correlated samples for the GSA. When there
are correlated parameters in a GSA, it can be difficult to isolate the individual
influence of a parameter on the model output. To address this, we increase the
parameter independence for the GSA by using kernel density perturbations to nudge
parameters from the sampled MCMC chain member. For a given MCMC member,
each variable is sampled from a normal distribution centered on the chain and with the
bandwidth of the kernel density estimator as the standard deviation. The sampled
values are constrained by using the minimum/maximum values of each marginal

posterior as the sampling bounds. We sample an additional parameter, the land-water
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storage random sample, to examine the impact of uncertainties in land-water storage
on GMSLR. The final design matrices for the GSA each contain 10,000 samples of 53
parameters, which includes both the emissions and Earth system parameters. To ensure
that the sensitivity indices of each parameter are accurate, we use bootstrapping to
compute confidence intervals. We find that 1,000 bootstrap samples produce
sensitivity indices with sufficiently small variability, resulting in an unambiguous rank

of the parameters’ influence on GMSLR.
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Figure B-1. Marginal distributions for Antarctic and Greenland parameters in BRICK.



APPENDIX C: SUPPLEMENTAL RESULTS
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Figure C-1. Radiative forcing, temperature, and GMSLR outcomes across peaking groups and
a selection of years near present day (2070, 2100, 2120, and 2150).
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Table C-1. Second-order sensitivity indices for selected parameter interactions in the full
ensemble of samples for the years 2100, 2200, and 2300. Bold values indicate the best
estimate for the second-order index of each parameter combination for each year. Boxes
shaded green and red indicate the lower and upper bounds, respectively, of the 95%

confidence interval.

Parameter 1 Parameter 2 2100 2200 2300
. © peak 0.03638 0.03818 0.03195
- - 0.02804 | 0.04471 0.03059 | 0.04576 | 0.02519 | 0.03872
¢ poak — 0 0.03711 0.03840
- 0 [ 001123 | 002439 | 0.04983 | 0.02570 [ 0.05110
qamma <4 glaciers 0.00714 0.01018 0.00892
- - 0.00241 | 0.01188 0.00243 | 0.01792 0 [ 0.01792
0.00715 0.01006 0.00889
gamma_d tho_ocean_heat 0.00242 | 0.01187 | 0.00232 | 0.01781 0 [ 001789
qamma tho._gmsl 0.00715 0.00999 0.00897
- - 0.00241 [ 0.01189 0.00224 | 0.01774 0 [ 0.01797
0.00726 0.01012 0.00894
gamma_d greenland_v0 0.00253 | 0.01199 | 0.00238 | 0.01787 0 [ 00179
qamma, 010 0.00720 0.01013 0.00923
- 0.00247 | 001194 | 0.00236 | 0.01789 | 0.00022 | 0.01823
- 0.00715 0.01011 0.00891
gamma_d C02_fertilization 0.00237 | 0.01194 | 0.00236 | 0.01787 0 [ 001791
44. 0.00668 0.00998 0.00914
gamma_d €02 _diffusivity 0.00193 | 0.01142 | 000223 | 001773 | 0.00015 | 0.01813
0.00714 0.01001 0.00892
gamma_d anto_alpha 0.00241 | 001187 | 0.00226 | 0.01776 0 [ 001793
qamma e b 0.00718 0.01007 0.00909
- - 0.00244 [ 0.01193 0.00232 [ 0.01783 0.00008 | 0.01809
A 0.00728 0.01030 0.00920
gamma_d antarctic_¢ 0.00252 | 0.01204 | 0.00256 | 0.01803 | 0.00021 | 0.01819
qamma e 0.00698 0.01021 0.00905
- - 0.00227 [ 001170 | 0.00247 | 0.01795 0.00005 | 0.01804
— 0.00681 0.01034 0.00916
gamma_d antarctic_precip 0.00206 | 0.01157 | 0.00257 | 001810 | 0.00014 | 0.01818
. . 0.00689 0.01018 0.00897
gamma_d antarctic_runoff_height0 =550 =3 56T [ 000246 | 001790 | 0.00000 | 001794
A 4 0.00688 0.01031 0.00917
gamma_d antarctic_bed_height0 =000 = T=051161 | 0.00256 | 0.01807 | 0.00016 | 0.01818
—  retie T 0.00688 0.01061 0.00966
- - 0.00216 | 001160 | 0.00285 | 0.01837 | 0.00065 [ 0.01867
. 0.00691 0.01011 0.00912
gamma_d antarctic_alpha 0.00217 | 0.01166 | 0.00236 | 0.01787 | 0.00011 | 0.01813
— o random, sammple 0.00696 0.01029 0.00917
- - - 0.00223 [ 0.01169 0.00255 | 0.01803 0.00017 | 0.01817
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Figure C-5. First-order sens
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Figure C-6. First-order sens
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Figure C-7. First-order sens
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