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Abstract Mechanisms such as ice-shelf hydrofracturing and ice-cliﬀ collapse may rapidly increase discharge from marine-based ice sheets. Here, we link a probabilistic framework for sea-level projections
to a small ensemble of Antarctic ice-sheet (AIS) simulations incorporating these physical processes to
explore their inﬂuence on global-mean sea-level (GMSL) and relative sea-level (RSL). We compare the new
projections to past results using expert assessment and structured expert elicitation about AIS changes.
Under high greenhouse gas emissions (Representative Concentration Pathway [RCP] 8.5), median projected 21st century GMSL rise increases from 79 to 146 cm. Without protective measures, revised median
RSL projections would by 2100 submerge land currently home to 153 million people, an increase of 44
million. The use of a physical model, rather than simple parameterizations assuming constant acceleration of ice loss, increases forcing sensitivity: overlap between the central 90% of simulations for 2100 for
RCP 8.5 (93–243 cm) and RCP 2.6 (26–98 cm) is minimal. By 2300, the gap between median GMSL estimates for RCP 8.5 and RCP 2.6 reaches >10 m, with median RSL projections for RCP 8.5 jeopardizing land
now occupied by 950 million people (versus 167 million for RCP 2.6). The minimal correlation between the
contribution of AIS to GMSL by 2050 and that in 2100 and beyond implies current sea-level observations
cannot exclude future extreme outcomes. The sensitivity of post-2050 projections to deeply uncertain
physics highlights the need for robust decision and adaptive management frameworks.
Plain Language Summary Recent ice-sheet modeling papers have introduced new physical
mechanisms—speciﬁcally the hydrofracturing of ice shelves and the collapse of ice cliﬀs—that can
rapidly increase ice-sheet mass loss from a marine-based ice-sheet, as exists in much of Antarctica. This
paper links new Antarctic model results into a sea-level rise projection framework to examine their
inﬂuence on global and regional sea-level rise projections and their associated uncertainties, the potential
impact of projected sea-level rise on areas currently occupied by human populations, and the implications
of these projections for the ability to constrain future changes from present observations. Under a high
greenhouse gas emission future, these new physical processes increase median projected 21st century
GMSL rise from ∼80 to ∼150 cm. Revised median RSL projections for a high-emissions future would,
without protective measures, by 2100 submerge land currently home to more than 153 million people.
The use of a physical model indicates that emissions matter more for 21st century sea-level change than
previous projections showed. Moreover, there is little correlation between the contribution of Antarctic to
sea-level rise by 2050 and its contribution in 2100 and beyond, so current sea-level observations cannot
exclude future extreme outcomes.
1. Introduction
Probabilistic sea-level rise projections aim to characterize plausible Bayesian probability distributions
—usually conditional upon greenhouse gas emissions scenario—of future global-mean sea-level (GMSL)
and local relative sea-level (RSL) changes over time (e.g., Jackson & Jevrejeva, 2016; Kopp et al., 2014, 2016;
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Mengel et al., 2016; Nauels et al., 2017; Slangen et al., 2014; Wong et al., 2017). Those projections explicitly
labeled “probabilistic” generally aim to include estimates not just of central or “likely” ranges (e.g., Church
et al., 2013b), but also estimates of the tails of probability distributions; others are conceptually similar
but do not attempt to estimate low-probability hazards (e.g., Slangen et al., 2014). Many probabilistic projections are developed through frameworks that incorporate regional contributions to sea-level change,
allowing them to be combined, for example, with estimated distributions of local ﬂood frequencies to estimate an expected ampliﬁcation of local ﬂood frequencies over time (e.g., Buchanan et al., 2017) and vertical
elevation allowances needed to maintain expected ﬂood frequency at a constant level (e.g., Buchanan
et al., 2016; Slangen et al., 2017). There is a good degree of agreement on future GMSL among many
of the studies producing probabilistic projections, as well as between these studies and the IPCC’s Fifth
Assessment Report (AR5; Church et al., 2013b). In some cases, this is by construction; for example, Kopp
et al. (2014) used ice-sheet projections based on a reconciliation of the structured expert elicitation study
of Bamber and Aspinall (2013) with AR5. In other cases, this agreement represents independent lines of evidence leading to similar conclusions: for example, the agreement between AR5 and recent semi-empirical
models relating GMSL change to global-mean temperature (Kopp et al., 2016; Mengel et al., 2016).
This agreement is not universal, however (e.g., Jackson & Jevrejeva, 2016), and may be misleading. The
response of polar ice sheets to forcing remains an area of “ambiguity” and “deep uncertainty” (Heal & Millner, 2014; Kasperson, 2008), for which it is currently impossible to identify a uniquely “correct” probability
distribution. Approaches beyond historically calibrated statistical models (Kopp et al., 2016; Mengel et al.,
2016) and consensus-based expert assessment (Church et al., 2013b) can provide additional reasonable
ways of estimating probability distributions of the ice-sheet response. Notably, structured expert elicitation
about the Antarctic ice-sheet (AIS) response (Bamber & Aspinall, 2013) yielded a broader range than
consensus-based AR5 expert assessment. Direct use of results from Bamber and Aspinall (2013), without
reconciliation with AR5, drives the higher projections in Jackson and Jevrejeva (2016). Most physical
models of the AIS response have been generally consistent with AR5 and Kopp et al. (2014): for example
Ritz et al. (2015)’s physical-statistical model estimated a 95th percentile AIS contribution to GMSL of 30 cm
sea-level equivalent between 2000 and 2100, consistent with Kopp et al. (2014)’s 33–35 cm. Golledge et al.
(2015)’s deterministic model found a 39 cm contribution under high emissions and their higher treatment
of basal ice melt. However, DeConto and Pollard (2016) (henceforth, DP16) found that the inclusion in a
physical model of previously omitted processes such as ice-shelf hydrofracturing and structural collapse
of tall, marine-terminating ice cliﬀs has the potential to drive an order-of-magnitude increase in Antarctic
mass-loss rates.
Ideally, the integration of process models into probabilistic frameworks such as those of Kopp et al.
(2014) (henceforth, K14) and Jackson and Jevrejeva (2016) would involve the development and use of
fast models—or fast statistical emulators of more complex models—in a mode that allows Monte Carlo
sampling of key uncertainties and the conditioning of uncertain parameters on multiple observational
lines of evidence. The development of such fast models or model emulators is an involved task, however,
and the publication of DP16 triggered an increase in stakeholder interest and a demand for more expeditious approaches. For example, regional sea-level assessments for the City of Boston (Douglas et al.,
2016) and State of California (Cayan et al., 2016) adopted the K14 framework but substituted, as a set of
discrete samples, an ensemble of AIS projections from DP16. For the United States’ Fourth National Climate
Assessment, a U.S. Interagency Task Force on Sea-Level Rise report (Sweet et al., 2017) semi-quantitatively
assessed how DP16’s results might shift the probability distribution of future GMSL change.
Here, we extend the approach of Douglas et al. (2016) and Cayan et al. (2016) to a global scale, substituting DP16’s AIS ensembles for K14’s expert assessment- and expert elicitation-based probability distribution. This substitution allows more complex temporal dynamics than the simple assumptions of constant
acceleration that underlie many expert-judgment-based projections (e.g., Bamber & Aspinall, 2013; Kopp
et al., 2014; Little et al., 2013a, 2013b). It also allows identiﬁcation of the importance of diﬀerent physical
assumptions regarding AIS for total GMSL and RSL projections. However, this approach comes with some
limitations. DP16 did not originally develop their ensemble to produce a probability distribution. Instead,
they sampled their key physical parameters from a discrete, somewhat arbitrary set of values, and they integrated paleo-observations via a simple pass/fail test. A more probabilistic approach would have employed
continuous prior probability distributions for key parameters and integrated observations—potentially
KOPP ET AL.
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instrumental observations as well as paleo-constraints—via Bayesian updating. The more limited approach
taken means their ensemble may give excessive weight to certain ensemble members, while also having
unrealistically thin tails delimited by the discrete values selected for the prior parameter values.
This substitution approach diﬀers from that taken by Le Bars et al. (2017), who sought to integrate DP16
projections into comprehensive projections of GMSL rise between 2000 and 2100. They ﬁt a normal distribution to DP16 ensembles for 2100, while also introducing a linear dependence of AIS mass loss on global
mean surface temperature. In contrast to the approach here, their approach neglects the non-normality
in the DP16 ensemble and gives signiﬁcant weight to values represented in the tails of their ﬁtted normal distributions but not within the physically modeled DP16 projection ensemble. The approach in their
current paper is thus more conservative with respect to extrapolation beyond the DP16 ensemble values.
In addition, by using the DP16 projections directly, this study considers not just a single time point but
also the course of sea level over time. Leveraging the K14 projection framework, this study also ties global
projections to their regional manifestations.
Because of the limitations associated with using the DP16 projections directly, the resulting GMSL and
RSL projections should not be viewed as constituting well-constructed Bayesian probability distributions.
Accordingly, we refer to the resulting distributions as simulation frequency distributions, not probability
distributions; this terminological choice parallels that of National Academies of Sciences, Engineering, and
Medicine (2016) in the context of social cost of carbon dioxide estimates. These simulation frequency
distributions can be used in some contexts—e.g., decision frameworks leveraging multiple alternative
probability distributions—as if they were probability distributions. Doing so eﬀectively treats the DP16
choices of parameter values as though they constituted a well-constructed, equally weighted prior, and
the DP16 paleo-constraints as though they were well-represented by uniform likelihood distributions.
Given the weaknesses in these assumptions, we would advise against using these simulation frequency
distributions in isolation as new “best-estimate” probability distributions.

2. Methods
2.1. Projections Framework
The framework employed to generate GMSL and RSL projections in this analysis is based on that of K14. The
K14 framework combines multiple lines of information to construct probability distributions for key contributors to GMSL and RSL change. It employs a joint probability distribution for global mean thermal expansion
and regional ocean dynamics derived from the Coupled Model Intercomparison Project Phase 5 (CMIP5)
(Taylor et al., 2012) ensemble. Its projections of glacier mass-balance changes are derived from the Marzeion
et al. (2012) surface mass-balance model, forced by the CMIP5 ensemble. Following the approach of Rahmstorf et al. (2012), its projections of the global-mean contribution of anthropogenic changes in land-water
storage are based upon historical relationships between human population, dam construction, and groundwater withdrawal (Chao et al., 2008; Konikow, 2011; Wada et al., 2012). The regional contributions of nonclimatic eﬀects such as glacio-isostatic adjustment, tectonics, and sediment compaction are based upon a
spatiotemporal statistical model of tide-gauge observations. Ice sheet contributions are derived from the
AR5 expert assessment and the structured expert elicitation of Bamber and Aspinall (2013), as described
below. Glacier and ice sheet projections are translated into RSL changes using static-equilibrium ﬁngerprints for 18 glacier regions, the Greenland Ice Sheet, the West Antarctic Ice Sheet (WAIS), and the East
Antarctic Ice Sheet (EAIS) (Mitrovica et al., 2011).
Bamber and Aspinall (2013) elicited from 14 experts central 90% probability estimates for the rate of GMSL
rise in 2100 due to the Greenland ice sheet, WAIS and EAIS. They did not distinguish between surface-mass
balance and dynamic contributions, nor did they distinguish between emissions scenarios. In turning these
rates into cumulative 21st century GMSL rise contributions, they assumed a linear increase in rates based
on the experts’ rate estimates for the last decade and for 2100.
AR5 assessed the likely (central 66% probability; see exegesis by Church et al., 2013a) range of Greenland
and Antarctic contributions in 2080–2099, distinguishing between surface-mass balance and dynamic
terms. They did not distinguish between EAIS and WAIS. For the dynamic AIS contribution, they did not
distinguish among RCPs.
KOPP ET AL.
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K14 combined the Bamber and Aspinall (2013) and AR5 approaches in a manner intended to retain consistency with the likely ranges of AR5. In particular, K14: (1) calculated probability distributions for EAIS,
WAIS, and Greenland changes over time from Bamber and Aspinall (2013), assuming linear changes in rates;
(2) calculated probability distributions for AIS and Greenland over time based on the AR5 likely ranges for
2080–2099, again assuming linear changes in rates to achieve these values; (3) added a time-varying factor
to the ﬁrst set of distributions so the medians of the two sets align; (4) separated the AR5-derived Antarctic
distribution into EAIS and WAIS terms by assuming the EAIS/WAIS ratio is the same as in the median projection from the ﬁrst set; and (5) applied multipliers (separately for values greater than and less than the
median) to the diﬀerence of the values in the ﬁnal distribution from the distribution’s median, so that the
central 66% probability range matches that of AR5.
2.2. Revised Antarctic Projections
In this paper, we compare two sets of projections. The ﬁrst, which we label K14, follows the original methodology of K14, extended in space and time. The second, which we label DP16, replaces the AIS projections of
K14 with projections based on new physical modeling (DeConto & Pollard, 2016). These processes include
the inﬂuence of surface meltwater, driven by summer temperatures above freezing and the increasing ratio
of rain to snow in a warming climate, on the penetration into ice shelves of surface crevasses that can lead
to hydrofracturing. Hence, in DP16, buttressing ice shelves can thin or be lost entirely due to sub-ice ocean
warming, the extensive spread of surface meltwater, or a combination of the two. In places where thick,
marine-terminating grounding lines have lost their buttressing ice shelves, a wastage rate of ice is applied
locally at the tidewater grounding line in places where vertical ice cliﬀs are tall enough to produce stresses
that exceed the yield strength of the ice (see DeConto & Pollard, 2016; Pollard et al., 2015 for complete
formulation).
Three uncertain but key model parameters relate to (1) the rate of sub-ice shelf melt rates in response
to warming ocean temperatures (OCFAC), (2) the sensitivity of crevasse penetration to meltwater input
(hydrofracturing) (CREVLIQ), and (3) the maximum rate of cliﬀ collapse (VCLIF). Because, as discussed below,
there are no modern analogues to widespread ice-cliﬀ failure, model performance cannot be adequately
judged relative to Holocene or recent trends in ice-sheet behavior. Instead, the new model physics were
tested relative to past episodes of ice sheet retreat during the Pliocene (∼3 Ma) and the Last Interglacial
(LIG, ∼125 ka), when Antarctic ocean and surface air temperatures were warmer than today (Capron et al.,
2014; Rovere et al., 2014). The three key parameters were varied systematically. From an initial 64 versions
of the ice-sheet model, 29 were found to satisfy both Pliocene and LIG sea-level targets, with Antarctic contributions to GMSL ranging between 5–15 m (Pliocene) and 3.6–7.4 m (LIG). The range of oceanic melt rate
model parameters passing the Pliocene and LIG sea-level tests are comparable to those determined from
a large, 625-member ensemble of the last deglacial retreat of the WAIS using the same ice-sheet model
(Pollard et al., 2016); however, the deglacial simulations do not provide guidance on hydrofracturing and
ice-cliﬀ physics, because the background climate was too cold to trigger those processes.
One challenge of formulating a parameterization of ice-cliﬀ physics is the lack of observations of
marine-terminating ice without buttressing ice shelves and of suﬃcient thickness (∼1000 m) to allow
subaerial ice cliﬀs tall enough (∼100 m) to drive structural collapse (Bassis & Walker, 2011). The few calving fronts of this scale that exist today (e.g., Helheim and Jakobshavn Glaciers on Greenland, and Crane
Glacier on the Antarctic Peninsula) are experiencing rates of calving and structural failure at the terminus,
comparable to the seaward ﬂow of the glaciers, on the order of ∼2 to >12 km/yr. (e.g., Howat et al., 2008;
Joughin et al., 2014; Wuite et al., 2015). Unlike several major Antarctic outlet glaciers, these Greenland
outlet glaciers are in relatively narrow (5–12 km wide), restricted fjords, with substantial mélange (a mix of
ice bergs and sea ice that can provide some supporting buttressing/back pressure at the terminus), and
supportive, lateral shear along the fjord walls. Hence, using observed rates of cliﬀ collapse to constrain the
model physics representing these processes could lead to underestimates.
In Antarctica, there is potential for much wider ice cliﬀs to form along vast stretches of the coastline if ﬂoating
ice tongues and shelves are lost. For example, the throat of Thwaites Glacier is about 120 km wide, but
at present its grounding line is mostly on bedrock too shallow (about 600 m deep; Millan et al., 2017) to
drive extensive structural failure at the terminus (Bassis & Walker, 2011). In the DP16, VCLIF—the maximum
horizontal rate of ice loss applied at the marine “tidewater” calving terminus where ice cliﬀs are tall enough
KOPP ET AL.
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to generate stresses that exceed the strength of the ice—is 5 km/yr. This rate is about half the rate of mass
wastage at the front of Jakobshavn, which currently has a relatively stable terminus position but is ﬂowing
seaward at >12 km/yr (Joughin et al., 2012). To include the potential for even faster rates of ice sheet mass
loss than in the existing model formulation, future work should consider a wider range of parameter space.
We note that the paleo-sea-level targets used to test and calibrate the model physics provide limited guidance regarding potential rates of ice-sheet retreat. While Kopp et al. (2009) do provide an estimate of the
rate of sea-level rise contributed by the AIS during LIG retreat, both their temporal resolution and their ability to attribute GMSL changes to AIS are limited. Moreover, given limited Antarctic atmospheric warming
during the LIG relative to the Pliocene, initial WAIS retreat was more likely driven by oceanic warming than
atmospheric warming (DeConto & Pollard, 2016), and therefore oﬀers little in terms of validating rates of
retreat driven by extensive surface melt, hydrofracture, and cliﬀ collapse.
As described in DeConto and Pollard (2016), the 29 versions of the ice-sheet model satisfying geological
constraints were used to simulate future ice-sheet retreat following RCP 2.6, 4.5, and 8.5 greenhouse gas
pathways. In the future simulations, time-evolving oceanic melt rates were driven by NCAR CCSM4 (Gent
et al., 2011; Shields & Kiehl, 2016) subsurface ocean temperatures. Surface mass balance and meltwater
production rates were calculated from monthly air temperatures and precipitation provided by the RegCM3
regional climate model (Pal et al., 2007) run oﬄine and bias-corrected relative to a modern climatology
(DeConto & Pollard, 2016; Le Brocq et al., 2010).
Coupled atmosphere-ocean models are known to struggle with subsurface ocean temperatures in the
circum-Antarctic (Little & Urban, 2016). To minimize the eﬀects of a general cold bias in NCAR CCSM4 Antarctic Shelf Bottom Water in the Amundsen and Bellingshausen Seas, a correction of 3∘ C was applied to ocean
temperatures at 400 m depth. This bias correction is meant to compensate for the recent warming observed
there (Schmidtko et al., 2014). The correction is greater than the actual temperature oﬀset, but given the
formulation of the sub-ice melt rate parameterization used in DP16, a 3∘ C correction is required to bring
modern oceanic sub-ice shelf melt rates closer to observations (Rignot et al., 2013). The eﬀect of not using
the ocean temperature/melt-rate correction in future simulations is shown in Supporting Information S1.
2.3. Detection Simulation
To simulate the process by which new observations of GMSL change can help detect whether the world is on
a path leading to high or low levels of GMSL rise, we ﬁrst deﬁne GMSL scenarios in a manner similar to Sweet
et al. (2017). In particular, we pool the simulations of GMSL rise under RCP 2.6, RCP 4.5, and RCP 8.5, and then
ﬁlter the pooled set to arrive at sets of simulations consistent with either 50 ± 10 or 200 ± 10 cm of GMSL
rise between 2000 and 2100. We use the 5th–95th percentile range of these ﬁltered sets to deﬁne scenario
time paths. At each decade from 2000 to 2100, for each scenario, we compute the simulation frequency
distribution of GMSL rise in 2100, conditional upon the observed GMSL in the decade being within the
bounds of the scenario’s time path. Finally, we compare the resulting conditional distributions to assess the
detectability in a given decade of the diﬀerence between a pathway leading to about 50 cm of GMSL rise
in 2100 and one leading to about 200 cm of GMSL rise.
2.4. Extensions of the Spatial and Temporal Domain
The projections framework in this paper has a more extended spatial domain than the original K14 projections. While the original K14 projections were generated only at the precise location of tide gauges, here
∘
∘
we also generate projections at points on a 2 × 2 -resolution global grid that intersects world coastlines.
At these points, we use the spatiotemporal statistical model described in K14 to estimate (with larger errors
than at the tide-gauge sites) the long-term, nonclimatic, background contribution to RSL change. The projection assumes that the background rate of change estimated from tide-gauge data continues unchanged
over the duration of the projections.
The projection framework also has a more extended temporal domain than the original K14 projections.
Whereas the original K14 projections end in 2200, here we generated projections to 2300. This extension
requires no computational modiﬁcations to the K14 framework. However, we regard this time frame as more
appropriate when considering projections in which AIS behavior are determined by a physical model rather
than by a simple, temporally quadratic projection.
KOPP ET AL.
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2.5. Assessment of Population Exposure
As an integrative metric of RSL changes, we assess the population currently occupying land threatened
with submergence under diﬀerent sea level rise projections. To do this, we compare land elevations from
NASA’s 1-arcsec SRTM 3.0 digital elevation model (NASA JPL, 2013) against nearest-neighbor water elevations derived from adding the K14 and DP16 projection grids to measured local mean sea surface elevation
augmented by a modeled tidal supplement. We intersect the resulting inundation surfaces with contemporary population (Bright et al., 2011) and national boundary (Hijmans et al., 2012) data to estimate current
national populations occupying land at risk of permanent submergence. SRTM data are the most practical option and widely used for global coastal exposure research, but bias estimates low (Kulp & Strauss,
2016). For each set of sea-level rise projections, we assess the population exposed assuming each grid cell
followed its 50th, 5th, or 95th percentile RSL projection. Further details are provided in Supporting Information S1. We emphasize that the resulting values are not projections of the impacts of RSL change, which
would require a dynamic model considering both population growth and migration away from inundated
regions; rather, population here serves as a convenient integrative metric.

3. Results
The K14 Antarctic projections—like those of Bamber and Aspinall (2013) and Little et al. (2013a, 2013b),
among others—assumed that changes in the rates of ice-sheet mass change occurred linearly. For example,
Bamber and Aspinall (2013) elicited expert opinion on the rate of AIS mass change in 2100, and assumed
that the elicited rate was achieved following a linear growth rate. The result is a quadratic change in ice
volume over time. K14 took the same approach (Figures 1 and 2). By contrast, process modeling as in DP16
shows considerably more complex behavior, with periods of rapid increases in mass loss rate as individual sectors of ice sheet collapse, and other intervals of stable or declining rates of retreat (Figure 1). Sizable nonlinearity appears in all simulations under strong forcing (Figure 1, RCP 8.5) and under all forcings in almost all simulations with high maximum rates of ice-cliﬀ collapse (Figure 1, purple and magenta
curves).
In the ﬁrst half of the 21st century, the range spanned by DP16 Antarctic projections is similar to that
spanned by K14 (−10 to +23 cm contribution to GMSL in 2050, versus a 1st–99th percentile range of −2
to +14 cm under K14). Both sets of projections show minimal emissions-scenario dependency in the ﬁrst
half of the 21st century. The central tendency among the DP16 projections is slightly higher, with a median
contribution to GMSL of about +5 cm under DP16, compared to a median of +2 cm under K14. These slightly
higher values are driven by the ocean-temperature bias correction, which is needed to improve consistency
with observed oceanic sub-ice melt rates in the Amundsen and Bellingshausen Sea sectors of West Antarctica (Rignot et al., 2013). Without this correction, there is a tendency toward Antarctic growth in the early
decades of the century (in 2050, RCP 8.5: median −3 cm, range of −9 to +12 cm, RCP 2.6: median −2 cm,
range of −10 to +6 cm). However, even with the bias correction, Antarctica’s median contribution to GMSL
is still 0.1 mm/yr, which is about a factor of 3 less than that currently observed for the early 21st-century
(Church et al., 2013b; Harig & Simons, 2015; Shepherd et al., 2012). Overall, the substitution of DP16 has a
very limited eﬀect on mid-century GMSL projections (Table 1).
Under strong forcing, the overall picture changes dramatically by the end of the 21st century, with several of the DP16 simulations leading to AIS contributions to GMSL exceeding +1 m by 2100 under RCP 8.5
(Figure 2). These high projections are driven by high maximum rates of ice-cliﬀ retreat (VCIF = 5 km/yr) in
combination with nonzero sensitivity of ice shelves to hydrofracturing (CREVLIQ > 0) (Figure 2, Figure S11).
As a consequence, the median DP16 GMSL projections for 2100 under RCP 8.5 reaches 146 cm, the 98th percentile projection under K14. The low tail is curtailed by the incorporation of physical modeling, with a ﬁrst
percentile of 80 cm exceeding the median of K14. With a high VCLIF, the median GMSL projection reaches
213 cm (in excess of the 99th percentile of K14); with no cliﬀ collapse mechanism or no hydrofracturing, it
is reduced to about 125 cm (96th percentile of K14) (Table S3 and S4).
DP16 RSL projections indicate the risk of signiﬁcant changes to the global coastline by 2100. Without protective measures, the 5th–95th percentiles of RSL projections under DP16 would inundate land currently
home to 106–236 million people. This contrasts with 82–154 million people under the K14 projections
(Table 2, full table in Data Set S6 in Supporting Information).
KOPP ET AL.
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Figure 1. Rates of contribution of the Antarctic ice sheet to global-mean sea-level (GMSL) under three Representative Concentration Pathways (RCPs). Dark/light shaded areas
represent 5–95th and 0.5th–99.5th percentile of K14. Dashed black line represents 99.9th percentile of K14. Colored curves are DP16 runs, with colors reﬂecting diﬀerent maximum
rates of ice-cliﬀ collapse (VCLIF) (green: no ice cliﬀ collapse; orange: 1 km/yr; purple: 3 km/yr; magenta: 5 km/yr). Left panels show 2000–2100, right panels show 2100–2300. Note
change of horizontal and vertical scales.

A signiﬁcant enhancement of the AIS contribution to GMSL also occurs for 2100 under moderate
forcing: the median DP16 total GMSL projection of 91 cm under RCP 4.5 is consistent with the 93rd
percentile of K14. The low tail is modestly curtailed: the DP16 1st–99th percentile values for RCP 4.5
(39–180 cm) resemble the K14 9th–99.8th percentile range. Under low forcing (RCP 2.6), there is little
eﬀect, with the DP16 1st–99th percentile range (18–111 cm) resembling the K14 0.5th–99th percentile
range.
These diﬀerences build over the 22nd and 23rd century. By 2300, under RCP 8.5, the median DP16 GMSL
projection of 11.7 m exceeds the K14 99th percentile. Although the ice-cliﬀ collapse mechanism contributes
to this projection, the median projection remains as high as 10.0 m by 2300 even without it (Table S3).
Without protective measures, median DP16 RSL projections would submerge land currently home to 950
million people worldwide, a roughly three-fold increase relative to K14 (Table 2). The DP16 1st–99th percentile range (8.6–17.5 m) resembles the K14 97th–99.8th percentile range. Under RCP 4.5, the median
DP16 GMSL projection of 4.2 m resembles the K14 90th percentile, and the DP16 1st–99th percentile range
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Figure 2. Projections of the Antarctic ice-sheet contribution to global-mean sea-level (GMSL) under three Representative Concentration Pathways (RCPs). Dark/light shaded areas
represent 5–95th and 0.5th–99.5th percentile of K14. Dotted black line represents 99.9th percentile of K14. Colored curves are DP16 runs, with colors reﬂecting diﬀerent maximum
rates of ice-cliﬀ collapse (green: no ice cliﬀ collapse; orange: 1 km/yr; purple: 3 km/yr; magenta: 5 km/yr). Left panels show 2000–2100, right panels show 2100–2300. Note change of
horizontal and vertical scales.

(1.6–8.1 m) resembles the K14 42nd–98th percentile range. The median is reduced to 3.0 m (75th percentile
of K14) without the ice-cliﬀ collapse mechanism, and 3.2 m (79th percentile of K14) without the hydrofracturing mechanism. Under RCP 2.6, by contrast, the median DP16 GMSL projection of 1.4 m matches the
K14 median, and the DP16 1st–99th percentile range (0.2–4.0 m) resembles the K14 14th–92nd percentile
range.
Taken together, the incorporation of the DP16 AIS ensemble pulls the projections much higher by 2100 and
beyond under RCP 4.5 and especially RCP 8.5 (Figure 3). It thus leads to a signiﬁcant reduction in overlap
among projections of GMSL change based upon diﬀerent emissions scenarios. This is to be expected
based on the diﬀerence in construction between the K14 Antarctic projections and the DP16 projections.
In K14, as in AR5, AIS surface mass balance is scenario-dependent, but the ice-sheet dynamic term is
treated as scenario-independent: it is assumed that the uncertainty in physical understanding of ice-sheet
behavior swamps the forcing uncertainty. By contrast, the physical model of DP16 yields a strong forcing
dependence.
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Table 1.
Projections of Global-Mean Sea-Level (GMSL) Rise (cm)
50

17–83

5–95

1–99

99.9

21–39

17–46

59
232

K14
RCP 8.5
2050

29

24–34

2100

79

62–101

51–123

40–159

2200

195

131–284

94–380

64–552

886

2300

318

175–516

98–737

37–1093

1929

2050

26

21–31

18–35

15–41

55

2100

59

44–77

35–95

26–128

205

2200

126

70–197

36–278

8–433

780

2300

192

70–349

0–531

−55–900

1717

2050

24

20–29

18–33

15–40

55

2100

49

36–66

28–84

20–120

203

2200

97

48–163

23–242

6–406

803

2300

142

32–288

−22–470

−57–847

1773

RCP 4.5

RCP 2.6

DP16
RCP 8.5
2050

31

22–40

17–48

13–54

59

2100

146

109–209

93–243

80–267

297

2200

719

595–896

558–962

525–1049

1193

2300

1169

980–1409

913–1552

861–1751

2006

RCP 4.5
2050

26

18–36

14–43

10–52

57

2100

91

66–125

50–158

39–180

197

2200

266

176–396

133–455

102–510

594

2300

421

275–595

211–696

163–806

995

2050

23

16–33

12–41

9–50

54

2100

56

37–78

26–98

18–111

122

2200

110

70–161

47–206

30–250

314

2300

142

83–230

50–300

22–404

552

RCP 2.6

Note. Columns indicate percentiles of simulation frequency distributions. RCP = Representative Concentration Pathway.

As a consequence of this diﬀerence, the proportion of total projection variance attributable to emissions
changes signiﬁcantly with the incorporation of the DP16 ensemble (Figure 4). Under K14, relative to RCP
4.5, thermal expansion is initially the dominant contributor to projection variance (accounting for about
70% of total variance in 2020). By 2060, AIS accounts for one-third of total variance and is the single largest
contributor. The AIS share grows over time, accounting for more than 60% of total variance by 2300. Assuming RCP 2.6, 4.5, and 8.5 are all treated as equally likely, scenario uncertainty accounts for only ∼10% of total
variance in 2050, a share that grows to 20%–30% by 2070 and stays in this range through 2300.
Under DP16, physical uncertainty in AIS initially dominates total variance (89% in 2020). This share declines
over time, predominantly losing out to emissions scenario uncertainty, which grows from 8% of total variance in 2050, to 45% in 2070, to 65% in 2100, and continues to grow to 89% in 2250. This shift reﬂects the
larger sensitivity of the DP16 AIS projections to emissions scenario.
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Table 2.
Population exposure (millions of people)
Region

Total pop.

RCP 2.6/K14

RCP 2.6/DP16

RCP 8.5/K14

RCP 8.5/DP16

Current population occupying land exposed to inundation under 2100 RSL projections
World

6836

94.3 (73.3–127.6)

97.4 (75.0–131.1)

108.2 (82.3–153.5)

152.5 (106.2–235.5)

China

1330

26.3 (19.1–37.5)

26.9 (19.8–38.3)

30.2 (21.8–45.0)

42.9 (28.3–67.0)

Bangladesh

156

7.6 (5.5–10.6)

8.0 (5.7–11.1)

8.9 (6.5–14.0)

14.0 (8.9–23.5)

India

1173

6.8 (5.2–9.1)

7.1 (5.3–9.4)

8.0 (5.8–11.4)

11.5 (8.0–18.5)

Indonesia

243

5.4 (3.8–8.0)

5.6 (4.0–8.4)

6.3 (4.6–9.9)

9.8 (6.1–16.6)

Vietnam

90

11.5 (9.1–15.1)

11.7 (9.3–15.5)

12.9 (10.1–17.0)

17.0 (12.7–23.9)

Current population occupying land exposed to inundation under 2300 RSL projections
World

6836

165.9 (55.4–495.9)

167.0 (82.8–357.9)

306.4 (102.1–704.0)

China

1330

Bangladesh

156

India
Indonesia
Vietnam

950.4 (765.6–1162.6)

41.5 (11.2–125.6)

41.6 (17.3–97.8)

79.9 (20.7–171.1)

207.4 (171.1–251.9)

29.7 (11.2–70.7)

29.9 (16.8–54.5)

49.8 (20.1–95.1)

117.0 (101.5–129.2)

1173

12.7 (4.3–42.8)

12.8 (6.5–28.3)

25.1 (8.0–71.1)

105.3 (78.1–132.5)

243

9.1 (1.7–35.7)

9.0 (2.9–24.8)

19.6 (4.3–50.8)

65.7 (52.9–81.0)

90

16.2 (5.4–38.7)

16.2 (8.0–31.4)

27.4 (9.6–49.5)

57.0 (50.7–61.4)

Note. Population currently living on land at risk of permanent inundation based on median (5th–95th percentile)
RSL projections. Population densities based on 2010 estimates. The top ﬁve countries with the most exposure in
2300 under median RCP 8.5/DP16 are included in this table. RCP = Representative Concentration Pathway.

The assumption of a simple linear change in rate of mass loss underlying K14 leads to a perfect correlation between the rate of AIS mass loss observed in the near term and that projected for the long term
(Figures 5a and 5b). If this assumption were correct, knowing that AIS mass loss in the ﬁrst decades of this
century fell in the middle of the estimated distribution would rule out high-end mass loss late in the century or beyond. By contrast, DP16 projections reveal no correlation between the AIS contribution to GMSL
in 2020 and that in 2100 (r = −0.08, pooling across RCPs and both with and without an ocean temperature adjustment), and only a weak correlation between the AIS contribution in 2050 and in 2100 (r = 0.26).
In the second half of the century, observed AIS behavior becomes more strongly predictive of long-term
behavior; the correlation with the AIS contribution to 2300 grows from r = 0.26 in 2050 to r = 0.82 in 2100,
r = 0.97 in 2150, and r = 0.997 in 2200. The general lack of correlation between the AIS contributions in 2020
and 2100, and the rapidly strengthening correlations in the second half of the 21st century, are caused by
a transition in the model from an ocean-dominated driver of ice-shelf loss (and reduced buttressing) to an
atmosphere-dominated driver via hydrofracturing.
The lack of correlation between early 21st century and subsequent projections has important implications
for the ability of GMSL observations to constrain future GMSL rise. In K14, simulations consistent with
50 ± 10 cm of GMSL rise in 2100 diverge by the 2020s from those consistent with 200 ± 10 cm of GMSL
rise (Figure 5c). The median conditional projections for 2100 under the 200 cm scenario exceed the 95th
percentile under the 50 cm scenario by 2030, and the 5th percentile of the 200 cm conditional distribution
exceeds the 95th percentile under the 50 cm scenario shortly thereafter. About 95% of projections for 2100
under the 200 cm time path exceed 100 cm in the 2030s and 150 cm in the 2040s (Figure 5d). By contrast,
the more complex temporal dynamics of the DP16 simulations delays the divergence of the 50 and 200 cm
time paths until around 2050 (Figure 5e). The median conditional projection for 2100 under the 200 cm
scenario does not exceed the 95th percentile of the 50 cm scenario until the 2050s, with the 5th percentile
of the 200 cm conditional distribution exceeding the 95th percentile under the 50 cm scenario in the 2060s.
About 95% of projections for 2100 under the 200 cm time path exceed 50 cm in the 2040s, 100 cm in the
2060s, and 150 cm in the 2070s (Figure 5f ).
The eﬀect of DP16 on RSL projections is as would be expected based on the change in projected WAIS
and EAIS contributions and their associated static-equilibrium ﬁngerprints (Figure 6 and Supporting
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Figure 3. Projections of global-mean sea-level (GMSL) rise for three Representative Concentration Pathways (RCPs) under K14 (a, b) and
DP16 (c, d). Lines indicate median; boxes indicate 5th–95th percentile range for 2100 (a, c) and 2300 (b, d). Light gray lines in (b) and (d)
indicate axes limits of (a) and (c).

Information S1). Relative to K14, the eﬀect on RSL projections for 2050 is minimal (<4 cm). By 2100,
however, the increase in median ASL contribution decreases projected RSL rise in the Antarctic, while
enhancing it most strongly in a geographic swath including North America, the central Paciﬁc, Australia,
southeast Asia, and parts of India, and Africa same. (Detailed simulation frequency distributions of RSL at
tide gauge sites and on the global coastal grid are provided in Data Sets in Supporting Information.)

4. Discussion and Conclusions
The replacement of the probabilistic, expert-assessment-, and expert-elicitation-based AIS projections of
K14 with the physical-model-based projections of DP16 leads to a number of signiﬁcant eﬀects on GMSL
and RSL projections.
First, the use of explicit physics including novel ice-shelf-hydrofracturing and ice-cliﬀ-collapse mechanisms
in DP16 leads to a signiﬁcant upward shift in central projections for strong (RCP 8.5) and moderate (RCP 4.5)
KOPP ET AL.
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Figure 4. Fractional contributions to the variance in global-mean sea-level (GMSL) projections over time under K14 (top) and DP16
(bottom) from: Antarctic ice sheet (AIS; red), Greenland ice sheet (GIS; cyan), thermal expansion (TE; blue), glaciers and ice cap (GIC;
green), land water storage (LWS; magenta), and scenario uncertainty (Scen; yellow). Variances are calculated from bottom to top, so (for
example) the top of the GIS wedge is the variance in the summed contributions of AIS and GIS to GMSL. All components are taken from
Representative Concentration Pathway (RCP) 4.5 except for the ﬁnal total variance including scenario uncertainty, which is based on
equally weighted, pooled projections for RCP 2.6, 4.5, and 8.5. The discontinuity between 2100 and 2110 is due to the reduction in the
number of CMIP5 model simulations available beyond 2100.

forcing scenarios. The DP16 simulations provide physically meaningful pathways that can lead to >2.0 m of
total GMSL rise by 2100 under RCP 8.5 and >1.5 m under RCP 4.5 (Oppenheimer & Alley, 2016; Sweet et al.,
2017).
Second, in the second half of this century and beyond, sea-level projections incorporating the DP16 ensemble are signiﬁcantly more forcing-sensitive than the K14 projections. Due primarily to the signiﬁcant number
of simulations involving collapse of parts of AIS under strong forcing, the gap in the median GMSL projection for 2100 between RCP 8.5 and RCP 2.6 grows from 30 cm under K14 to 90 cm under DP16. Under RCP
2.6 and DP16, the 99th percentile projection remains below 2 m through 2200. If these ﬁndings are correct,
they point to a signiﬁcantly larger mitigation beneﬁt than indicated by the AR5 or K14 sea-level projections.
Third, the DP16 projections indicate a much weaker correlation between the near-term behavior of AIS and
its contribution to GMSL rise over the course of this century and beyond. Finding the planet on a “moderate” sea-level rise pathway over the ﬁrst half of the 21st century thus cannot exclude “extreme” outcomes
subsequently. For end-users employing discrete scenarios of sea-level rise, such as those constructed by
Sweet et al. (2017), this means that “extreme” future scenarios need to be considered even if they overestimate current rates of sea-level rise. Constraining the future behavior of the AIS requires more detailed
process-based modeling than the simple relationships used by Bamber and Aspinall (2013), K14, and others
would indicate.
That said, end-users of sea-level rise projections should be cognizant of single-study bias: the DP16 simulations should be viewed as expanding scientiﬁc understanding of the space of the physically coherent, rather
than as oﬀering ﬁrm projections of what will be. More robust projections of future Antarctic contributions
KOPP ET AL.
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Figure 5. (a and b) Relationship between the Antarctic ice-sheet contribution to global-mean sea-level (GMSL) in 2020 and that in (a)
2100 or (b) 2300. Black line is the relationship in the K14 projections. Red/blue/green is the DP16 ensemble (red = RCP 8.5; blue = RCP 4.5;
green = RCP 2.6; ﬁlled = with bias correction; open = without bias correction). (c, e) GMSL projections consistent with 50 ± 10 cm (green)
and 200 ± 10 cm (orange) of GMSL rise in 2100 under (c) K14 and (e) DP16. (d, f ) GMSL projections for 2100 conditional on observations
in a given decade falling within the bounds of the 50 cm (green) or 200 cm (orange) time paths. In (c–f ), heavy line = median;
dashed/shaded region = 5th–95th percentile.
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Figure 6. Median DP16 RSL projections under Representative Concentration Pathway (RCP) 8.5 in 2050, 2100 and 2300.

to sea-level rise require a more through exploration of appropriate values for parameters such as the maximum rate of ice cliﬀ retreat and the sensitivity of ice-shelves to hydrofracturing, as well as of uncertainty
in the regional climate response to forcing. They also require more physically based representations of key
processes, including structural cliﬀ failure. Currently, the potential for model intercomparisons is hampered
by the lack of representations of these processes in most continental-scale ice-sheet models.
Moreover, there remain important physical processes that are not currently in any continental-scale
model but could be critical for the timing and pace of major ice-sheet retreat. For example, at present,
continental-scale ice-sheet models poorly represent the meltwater-buﬀering capacity of ﬁrn, the transitional layer between newer snow and underlying ice. In the future, as summer air temperatures begin to
drive the production of more rain and surface melt, meltwater will be absorbed by the ﬁrn layer as long as
the layer contains uncompacted pore space, limiting the meltwater’s potential to ﬂow into crevasses and
hydrofracture the underlying ice (Munneke et al., 2014).
The breadth of published projections, as well as of remaining structural uncertainties, highlight the fact
that future sea-level rise remains an arena of deep uncertainty (Heal & Millner, 2014; Kasperson, 2008). For
the foreseeable future, there will not be a single, uniquely valid approach for estimating the probability of
diﬀerent levels of future change. End-users should therefore consider applying robust decision frameworks
and/or adaptive management frameworks appropriate for deeply uncertain contexts. Where feasible, they
could employ decision criteria that seek to minimize regret or optimize weighted mixtures of expected
utilities across multiple possible distributions (e.g., Heal & Millner, 2014), rather than relying on a single
distribution.
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They could also try to structure decisions in a staged fashion, such that the decisions being made today
depend primarily upon mid-century projections while leaving open a variety of options for later in the century (e.g., Ranger et al., 2013). The value of this approach stems from the robustness of mid-century sea-level
rise projections relative to those for later in the century. Through 2050, the K14 and DP16 projections overlap
substantially, as do the projections within both sets for diﬀerent RCPs (Table 1).
One simple multiple-probability-distribution approach involves giving special consideration to physically
plausible but low-likelihood projections in the high-end tail of projected probability distributions (e.g.,
Buchanan et al., 2016). K14 suggested that the 99.9th percentile of their projection for RCP 8.5, which yielded
∼2.5 m of GMSL rise by 2100, represented a physically plausible “worst case.” The highest values from the
DP16 projections are only modestly higher, although high values occur with greater frequency: under RCP
8.5, the DP16 ensemble revises the frequency of a >2.5 m GMSL rise upward from 0.1% to 3%. However,
even higher frequencies for >2.5 m outcomes are conceivable; the DP16 ensemble may not cover the full
space of plausible outcomes. Notably, rates of ice-cliﬀ collapse faster than the 5 km/yr maximum of DP16
have been observed in parts of Greenland, and faster rates of ice-cliﬀ collapse would yield faster rates of
ice-sheet retreat.
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Moving forward, the development of probabilistic ice-sheet models that incorporate ice-sheet instabilities
in a manner consistent with more detailed ice-sheet models is a key challenge for sea-level risk assessment
(e.g., Nauels et al., 2017; Wong et al., 2017). Such probabilistic models will enable estimation of sea-level rise
probabilities that reﬂect emissions sensitivity and the potential for rapid increases in discharge rate more
accurately than current approaches. Probabilistic projections are a valuable input into the design of projects
and policies intended to manage coastal ﬂood risk (e.g., Buchanan et al., 2016; Lempert et al., 2012; Oppenheimer & Alley, 2016; Wong et al., 2017), as well as assessments of the value of climate change mitigation
(e.g., Diaz, 2016; Hinkel et al., 2014; Houser et al., 2015). They will also enable value-of-information analyses, which can inform the design of observation systems intended to reduce the key physical uncertainties
underlying future sea-level projections (Cooke et al., 2014).
Probabilistic assessment also requires more research on potential bounds for factors that inﬂuence the AIS.
For example, it is unclear whether even a full ensemble of GCMs would fully constrain the range of plausible
distributions of near surface ocean temperature, sea ice, and storm tracks near the AIS. More research is
also needed on interactions and feedbacks across the AIS and between the AIS and the rest of the world,
including through poorly understood mechanisms like ocean circulation that could over long time scales
inﬂuence both ice-sheet retreat and other drivers of coastal ﬂood risk (such as tropical cyclones) around the
globe.
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