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1 Detailed description of model-fitting methods

The analyzed methods include a Frequentist Bootstrap and a Bayesian inversion accounting for either
heteroskedastic or homoskedastic errors. By using the same sea level and temperature data, we evaluate each

method’s ability to reconstruct observations with autocorrelated and heteroskedastic data-model residuals.

1.1 Bootstrap method

The Bootstrap method is based on Monte Carlo simulation that provides confidence intervals by resam-
pling from an observed dataset [1]. We adopt the Bootstrap method developed by Solow [1] for correlated
observations. If y; represents sea-level data, model output f(6,t), unknown model parameters 6, an unkown
residual term Ry, and time ¢ over a hindcast period of 1880-2002, then sea-level observations are modeled as

the model output plus an unknown residual term:

yr = f(0,1) + Ry (1)

The observations, model outputs, and residuals are vectors from 1 to N, a length of 122 years (Eq. .

Yt f(0,t1) Wi, + €t
7= 7= | E=| ¢ | 2)
Yt f(0,tn) Wiy + €ty
The residuals are assumed to be a stationary normal AR(1) first-order autoregressive process W with an

added observation error ?,

Rt = Wt + €. (3)

The observation error in the Bootstrap method are assumed to be homoskedastic and independent across

time; it is distributed ~ as normal N with zero mean and a common (constant) variance, ¢, ~ N(0,02). In



contrast, in the heteroskedastic Bayesian method, we substitute in the known variance for €; (see section
ST 1.2). The AR(1) process W is characterized by the lag-1 (annual) autoregression coefficient as p, the
AR(1) innovation variance 0% ,, and the white noise as 5. The white noise accounts for model structural

uncertainty and internal climate variability. So,

Wy = p X wyi_1+ o, (4)
with the initial value wq of:
o2
o ~ N(0, ARL), (5)

The white noise is independent and identically distributed (i.i.d.) normal, 6; ~ N(0,0% ;). In the Bootstrap
approach, the data-model residuals are defined by subtracting the best model fit ?(é) from the observed
data:

HE=7-7(0). (6)

The best model fit 7(@) is estimated by minimizing the sum of the absolute residuals using a global optimiza-
tion method (Differential Evolution) |2]. Using the residuals of the best fit, we estimate the lag-1 (annual)
autoregression coefficient p with the autocorrelation function in “R”. The residuals are then resampled with

replacement N times (122 years) to form a Bootstrap sample. Taking the standard deviation of the Bootstrap
2
e
twice, the stationary process variance is transformed into uncorrelated white noise variance 0%z, by taking

sample, we estimate the stationary process variance o2. In order to avoid accounting for autocorrelation

the square root of the stationary variance times one minus the squared autoregression coefficient:

oAr = \/03(1 — p?). (7)
Using the uncorrelated white noise variance 0%, and the extracted correlation coefficient p, we estimate
a new set of Bootstrapped residuals, which preserves the autocorrelation, using Eq. [3] [4, and [f] The
resulting Bootstrapped residuals are then added to the best model fit according to Eq. [I} which produces the
Bootstrap simulation for the hindcast. We then estimate model parameters from the Bootstrap simulation
by minimizing the absolute value of the residuals using Differential Evolution [2]. The fitted parameters are
substituted in the model with the temperature forcing RCP8.5 to project a smooth simulation f(8,t) of sea
level. The smooth simulation is superimposed with the process noise to account for the assumed properties of
the data generating process (Eq. . The Bootstrap process is repeated 20,000 times to create distributions

of parameter estimates and SLR [3].

1.2 Bayesian inversion using Markov chain Monte Carlo (homoskedastic and
heteroskedastic)
We implement a Bayesian inversion technique using a Markov chain Monte Carlo (MCMC) algorithm [4H7].

This Bayesian approach uses observed data to update our prior knowledge about model parameters 6 to

obtain a posterior distribution over a hindcast period from 1880-2002. The overall process follows Bayes’



theorem [8], where the probability 7 of observing the parameters 6 given | the data 7 is proportional x to

the likelihood L of the data given the parameters times the prior probability distribution of the parameters,

70| ) o< L(Y | 0) x w(6). (8)
—_——— ——
Posterior Likelihood Prior

Once the prior distribution and likelihood function is defined, the MCMC algorithm samples from the

posterior distribution [4H6].

We construct the likelihood function, assuming that the observational dataset 3/ consists of the model
output ?(0) plus an unknown residual term ﬁ (Eq. and . The residual term also consists of a stationary
normal AR(1) first-order autoregressive process W and observation error € (Eq. and . In contrast to the
Bootstrap method, this approach accounts for observation error (error assumptions are described below). The
uncertain parameters include both the unknown model parameters 6 (Table 1) and the unknown parameters
0%y (variance) and p (lag-1 autoregressive coefficient). By using an AR(1) likelihood, the method accounts
for uncertainty in the autocorrelated process parameters. This autoregressive process contains the combined

model structural error, natural variability, and is estimated statistically from the model-data residuals.

To derive the likelihood of the data given the parameters L(? | ©) we find the data-model residuals as
in Eq. |§| and assume they follow a normal distribution B ~N (0,%), where X is the sum of the variance of
AR(1) process & and the observation errors €;

1 P 2 pN-1 o2 0 0
1 p N-2 0 o3 0
Var(ﬁ) = 1Uf122 2 p 1 pN 3 ,Var(_g) -0 0 o3 0 (9)
prl pN72 pN73 1 0 0 0 O.IZV
1 p2 prl O'% 0
) 1 pN_2 0 O’%
S = Var(@) + Var(?) = 10f1212 P 1o pN By lo 0 63 - 0|, (10)
prl pN72 pN73 1 0 0 0 UIQV

The likelihood function is then:

L(T €)= (=) x 9|7 exp {57 = F O =17~ F o))} (1)

O =(0,p,04R1). (12)



We assess the effects of two different assumptions about observational errors: homoskedastic (homoskedas-
tic Bayesian) or heteroskedastic (heteroskedastic Bayesian). In the homoskedastic Bayesian method, the

observation errors are assumed to be homoskedastic, where the errors consist of a normal distribution with

2

zero means and a common variance, ¢, ~ N(0,02). This means the variance of the observation errors o2 is

constant through time. In the heteroskedastic Bayesian method, the observational errors are assumed het-
eroskedastic, where the errors consist of a normal distribution with zero means and a time dependent variance
?t, € ~ N (O,Ji). The time-dependent variance is given by the measurement errors of the observations

provided in Church and White [9].

g

We adopt uniform priors for the parameters and a gamma distribution prior for the parameter % (Sup-
plementary Table . Our MCMC algorithm uses Metropolis-Hastings updates with a joint normal proposal
distribution [4./5/7]. We use 5 x 10° and 3 x 10° iterations for analysis. The potential scale reduction factor
suggests the Markov chain has converged [10]. We drive the fitted model with RCP8.5 temperatures (ob-
tained from the CMIP5 model output archive: http://cmip-pcmdi.1llnl.gov/cmip5/) to project smooth
simulations ?(é) of SLR. Following Eq.[1} the smooth simulations are superimposed with the process noise to
account for uncertainty in the autocorrelation and the observation errors. The simulations with process noise
represent a probabilistic distribution of SLR and the Markov chains represent the distribution of parameter

estimates.

2 Testing hindcast reliability

The reliability of a probabilistic projection is typically defined as the extent in which the forecast captures
the actual likelihood of the event being predicted [11]. Simply put, a highly reliable projection is neither
over-nor-underconfident. Visually, this is assessed using a reliability diagram that plots the expected fraction
for perfect coverage PC versus the fraction of actual coverage AC. The fraction of actual coverage AC is

simply:
# of data points outside the credible interval

AC=1-
( # of total data points

)- (13)

Additionally, we evaluate the skill (measure of performance) of the methods using surprise indices. The
surprise index quantifies whether the credible interval covers the appropriate fraction of observations by
evaluating the deviation from a perfect 1:1 line [12]. A hindcast that is neither over- nor-underconfident
would cover 90% of the data with the 90% credible interval and have a surprise index of zero. We focus
on credible intervals from 10 to 100% with added emphasis on evaluating the credible intervals associated
with the upper tail-area (i.e., credible intervals far exceeding 90%). The surprise index ST is the difference
between the fraction of data covered by the different credible intervals AC minus the expected fraction for
perfect coverage PC:

SI=AC - PC. (14)

In fields such as meteorology the surprise index is often calculated by comparing the forecasts to the real
observations. Given the task of deriving multi-decadal projections, we focus on the less challenging test of

hindcasts.


http://cmip-pcmdi.llnl.gov/cmip5/

3 A perfect model experiment with a known structure

Possible causes for poor performance above the 90% credible level include too few observations, the repre-
sentation of autocorrelated residuals, the representation of heteroskedastic errors, a large number of param-
eters, too large or too small prior distributions, and structural model errors. We perform a perfect model
experiment with a known structure to analyze the effects of potential causes for the poor performance or
underconfident bias in the upper tails (Fig. SI . To assess these potential problems, we use a simple

model with a known structure:

T =a+bT + R, (15)
F=o+72, (16)

where o and b are model parameters, z time, ﬁ residuals, and 7 denotes observations. The residuals
consist of either independent and identically distributed (i.i.d.) or AR(1) residuals (generated at random)
and the error accounts for either homo-or-heteroskedastic errors. In the first test, we evaluate the effects
of autocorrelation representation. We represent autocorrelation in three different ways; as independent and
identically distributed (i.e, the residuals are non-correlated), as a known AR(1) value (~0.37), and as AR(1)
with unknown autocorrelation (Fig. SI[I). Each method was run iterations using the same observations
generated witha =1, b = 0.2, T = (1,2,...,200), p = 0.3, 0 = 0.5, and homoskedastic errors. For the second
test, we evaluate the impact of various sample sizes of observations on calibration performance. In this test,
we fit the heteroskedastic version of the model to different sample sizes of observations from two to 200 (Fig.
SI . Each calibration is run 1 x 10° iterations with observations generated with a = 1, b = 0.2, p = 0.3,
o = 0.5, and measurement errors range from 0.07 to 0.02 representing heteroskedastic errors. Last, we fit
the three model versions (i.i.d., homoskedastic, and heteroskedastic) to different comparable assumptions
about the residuals: (i) observations with i.i.d. residuals assuming non-correlated residuals, (ii) observations
with AR(1) residuals assuming homoskedastic errors, and (iii) observations with AR(1) residuals accounting
for heteroskedastic errors (measurement error ¢;) (Fig. SI . The ii.d. method and the heteroskedastic
method are run 1 x 108 iterations while the homoskedastic method is run 5 x 10° iterations. The resulting

parameter estimates and projections are compared by their parameter distributions and reliability diagram.

The results of these tests suggest the choice of assumptions can potentially impact model performance.
In the simple test case, using the most likely autocorrelation without considering its potential uncertainty
may cause an underestimation of the parameter distribution and lead to bias in hindcasts and projections.
Neglecting the autocorrelation, i.e., assuming white noise (i.i.d) causes an even larger underestimation (Fig.
SI . We also find better hindcast reliability diagrams are produced when the stochastic structure of the
data is taken into consideration. For example, all methods in the third test perform reasonably well as the
iid. data, the AR(1) homoskedastic data, and the AR1 heteroskedastic data are fitted according to their
known data structure (Fig. SI|3). More importantly, we find the number of observations greatly impacts
the hindcast reliability diagram as relatively low numbers of observations tend to produce underconfident
hindcasts especially in the upper tails in the simple test case (Fig. SI . Consistent with the results of
previous studies [11}13], these results suggest that too few sea-level observations exist in the reconstruction

to resolve low probability outcomes with high reliability using the analyzed methods.



4 Analysis with other semi-empirical sea-level models

4.1 The Rahmstorf (2007) model
4.1.1 Model, data, and method implementation

We test the robustness of our conclusions by running the same analysis with the Rahmstorf [14] sea-level

model. This semi-empirical model predicts sea-level rise on an annual time step:

(ggt()t) =ax [T(t) — Ty, (17)

where « is the sensitivity of the rate of sea-level rise to temperature, T is the global-mean surface air
temperature, T is the temperature when the sea-level anomaly equals zero, H is the global mean sea level,
Hy is the initial value of sea-level rise (prior bounds based on measurement error [9]. We adopt the same data
source as Rahmstorf [14]. We use global mean sea level estimates [9] with respect to the average 1990 sea
level, use historical temperature anomalies (with respect to the 20th century) [15] and global-mean surface
air temperature anomalies based on the CNRM-CM5 simulation of the RCP 8.5 scenario [16/17].

As in the main text and described above, we fit the sea-level rise model using three model-fitting methods:
a Bootstrap method, a Bayesian method assuming homoskedastic errors, and a Bayesian method accounting
for the heteroskedastic nature of the observation errors. We run each method with 2 x 10* (Bootstrap),
1 x 107 (homoskedastic Bayesian), and 2.5 x 107 (heteroskedastic Bayesian) iterations, remove a 1% “burn-
in” from the Bayesian method chains, and thin the Bayesian method chains to subsets of 2 x 10*. Again,
we analysis convergence based on visual inspection and the potential scale reduction factor [6,/10]. All

parameters, both model and statistical, are set with a uniform prior distribution (Table SI .

4.1.2 Results

The results from running the analysis with the Rahmstorf |[14] are consistent with those from running the
analysis with the slightly more complex Vermeer and Rahmstorf [18] sea-level rise model. For example, the
considered methods produce similar hindcasts and reliability diagrams, but different parameter distributions
(Fig. SI . The methods predict well at low to intermediate credible intervals, yet perform relatively
poorly at the high credible intervals and have a small average surprise index between 1-6% (Fig. SI .
Additionally, we see that as we account for more known observational properties (i.e., moving from Bootstrap
to homoskedastic Bayesian to heteroskedastic Bayesian) the distributions widen, the modes decrease, and
the tail areas increase for each parameter (Fig. SI [5| and Table ST . More importantly the results also
display that the effects of the model-fitting method choice is compounded in the upper tail projections. For
instance, the projected sea-level anomaly with a 1% (10~2) probability of being equaled or exceeded in the
year 2050 (compared to 1990) varies from 0.35 — 0.43 m (Fig. SI @)) The heteroskedastic Bayesian method
gives a roughly 24% larger sea-level anomaly (associated with the 1% probability) in the year 2050 compared
to the sea-level anomaly produced by the Bootstrap method. In 2100, the sea-level anomaly produced by the
heteroskedastic Bayesian method with a 1% probability of being equaled or exceeded (1.37 m) differs from

the Bootstrap method sea-level anomaly (1.04 m) by 0.33 m; this difference corresponds to a 32% increase

(Fig. SI[6f).



4.2 The Grinsted et al. (2010) model
4.2.1 Model, data, and method implementation

Additionally, we test the robustness of our conclusions by running the same analysis with the Ginsted et

al. [19] sea-level model:

Seq=ax T+, (18)
55(t) 1
W = (Seq — S) X ;, (19)

where « is the sensitivity of the rate of sea-level rise to temperature, T is the global-mean surface air
temperature, b is a constant, S, is the sea-level equilibrium, S is the global mean sea-level, % is the inverse
response times, and t is time. Like the other models we include Sy (the initial value of sea-level rise) as an
uncertain parameter (prior bounds based on measurement error [9]. We use global mean sea level estimates |9]
referenced to the 1980-1990 average sea level, use historical temperature anomalies (referenced to the 20th
century) [15] for the model-fitting process, and use global-mean surface air temperature anomalies based on
the CNRM-CMS5 simulation of the RCP 8.5 scenario ( [16}/17]; http://cmip-pcmdi.1llnl.gov/cmip5/) for

projections.

We fit the sea-level rise model using three model-fitting methods: a Bootstrap method, a Bayesian method
assuming homoskedastic errors, and a Bayesian method accounting for the heteroskedastic nature of the
observation errors. We run each method with 2 x 10* (Bootstrap), 5 x 10 (homoskedastic Bayesian), and
3 x 105 (heteroskedastic Bayesian) iterations, remove a 2% “burn-in” from the Bayesian method chains, and
thin the Bayesian method chains to subsets of 2 x 10%*. We set all parameters both model and statistical to

a uniform prior distribution with the exception of %, which is set with a gamma distribution prior (Table

SIE).

4.2.2 Results

The results from running this analysis is consistent with running the same analysis with the Rahmstorf [14]
and the Vermeer and Rahmstorf |18] sea-level rise model. For example, the considered methods produce
similar hindcasts and reliability diagrams where the methods predict well at low to intermediate credible
intervals, yet perform relatively poorly at the high credible intervals and have a small average surprise index
between 2-4% (Fig. SI . Again, we see that as we account for more known observational properties (i.e.,
moving from Bootstrap to homoskedastic Bayesian to heteroskedastic Bayesian) the distributions widen, the
modes shift, and the tail areas increase for each parameter (Fig. SI|8|and Table SI . Like the other analyses
the results show that the effects are enhanced in the upper tail projections where the projected sea-level
anomaly with a 1% (1072) probability of being equaled or exceeded in the year 2050 varies from 0.35 —
0.43 m (Fig. SI @e) The heteroskedastic Bayesian method gives a roughly 16% larger sea-level anomaly
and a roughly 24% larger sea-level anomaly (associated with the 1% probability) in the year 2050 and 2100
compared to the sea-level anomaly produced by the Bootstrap method. These results display that the main

conclusions in the paper are robust between three simple sea-level models.


http://cmip-pcmdi.llnl.gov/cmip5/

5 Evaluation of sea-level rise from different temperature scenarios

and other analyzes

The considered methods produce visually quite similar median fit hindcasts (Fig. SI and are compa-
rable to other sea-level rise projections in the year 2100 (Fig. SI . However, the choice of temperature
scenario impacts probabilistic projections, but does not change the main conclusions. To test the robustness
of our main conclusions, we investigate the effect of different temperature scenarios for projections. This
test is run with the Rahmstorf [14] sea-level model. We project sea-level rise with temperature scenarios
created with the global-mean surface air temperature anomalies based on the HadGEM2-ES simulation
of the RCP scenarios (RCP8.5, RCP6.0, RCP4.5, and RCP2.6; [16]) as obtained from the CMIP5 model
output archive (http://cmip-pcmdi.1llnl.gov/cmip5/). As in the main text and the results from using
the Rahmstorf [14] model, the trend in distribution width is consistent from Bootstrap to homoskedastic
Bayesian to heteroskedastic Bayesian (Fig. SI . In all cases, the heteroskedastic Bayesian projections
produce the largest sea-level anomaly with a 1% (10-2) probability of being equaled or exceeded in the year
2100 (compared to 1990) (Fig. SI[L3
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Table 1: Prior uniform distributions and fitted median, mode, and 99% estimates for the

parameters using the Rahmstorf [14] model.

Homoskedastic Heteroskedastic

Parameter Sym.  Units Prior min. Prior max. Bootstrap
Bayesian Bayesian
Sea-level
0 amfyr/C 0 2 Med. 0.3 0.27 0.2
rise sensitivity
Mode 0.32 0.28 0.16
99%  0.39 0.4 0.55
Equilibrium
T C -3 2 Med. -0.56 -0.61 -0.79
temp.
Mode -0.52 -0.57 -0.62
99%  -0.44 -0.42 -0.3
Initial sea-level
Hy cm -16.8 -12.5 Med. -15.1 -15.3 -15.4
anomaly
Mode -14.9 -15.3 -16.6
99%  -14.4 -13.9 -12.6
Lag-1
autoregression  p - -0.99 0.99 Med. - 0.73 0.82
coefficient
Mode 0.67 0.7 0.99
9% - 0.93 0.99
Whit is
TOBORE  Gam em 0 1 Med.  0.48 0.49 *
standard error
Mode 0.43 0.49 *
99%  0.54 0.58 *

*The standard error is not depicted because observational error is separate from the model error, whereas
the standard error in the Bootstrap and homoskedastic Bayesian methods defines model and observational

error as one term
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Table 2: Prior distributions and fitted median, mode, and 99% estimates for the parameters
using the Grinsted et al. [19] model.

Homoskedastic Heteroskedastic

Parameter Sym.  Units Prior min. Prior max. Bootstrap
Bayesian Bayesian
Sea-level
cameve o m/yr/C 0 1 Med. 0.5 2.0 1.8
rise sensitivity
Mode 0.5 1.5 0.79
99% 2.6 3.9 3.9
Constant b m -1 2.5 Med. 0.08 1.0 1.1
Mode -0.05 0.6 0.6
99% 1.3 2.3 24
Initial sea-level
So m -0.168 -0.125 Med. -0.158 -0.156 -0.156
anomaly
Mode -0.157 -0.156 -0.163
99% -0.149 -0.144 -0.129
Inverse 1
) = 1/years 0 1 Med. 0.0116 0.0016 0.0014
response time
Mode 0.0142 0.001 0.001
99% 0.0245 0.0056 0.006
Lag-1
autoregression  p - -0.99 0.99 Med. - 0.70 0.81
coefficient
Mode 0.60 0.70 0.99
99% - 0.90 0.99
White noise
OARl M 0 1 Med.  0.0048 0.0049 *
standard error
Mode 0.0046 0.005 *
99% 0.0054 0.0058 *

*The standard error is not depicted because observational error is separate from the model error, whereas
the standard error in the Bootstrap and homoskedastic Bayesian methods defines model and observational

error as one term

Table 3: List of climate modeling groups that participated in CMIP and whose model output
we used in this study (archived at http://cmip-pcmdi.llnl.gov/cmip5/)). This table is modified

from http://cmip-pcmdi.1llnl.gov/cmip5/docs/CMIP5_modeling_groups.docx, accessed 13 June 2016
Modeling Center (or Group) Institute ID Model Name

Centre National de Recherches Météorologiques /
Centre Européen de Recherche et Formation CRM-CERFACS CNRM-CM5
Avancée en Calcul Scientifique
Met Office Hadley Centre
(additional HadGEM2-ES realizations contributed MOHC (additional realizations by INPE) HadCEM2-ES

by Instituto Nacional de Pesquisas Espaciais)

11


http://cmip-pcmdi.llnl.gov/cmip5/
http://cmip-pcmdi.llnl.gov/cmip5/docs/CMIP5_modeling_groups.docx

T
O _J=— ARI ( tain aut |ation) >
ST ARt (nown avtoconslaton) o |
11D (assume non-correlated) A.'u |
®  Observations .J
o_|=  True parameter "M > |
® & =
Q & 3 [
T ol
g o_| ‘Kh "? Ll
o N ~ 3 {
a .o.",:'" © ot
(@) S’v '5 | ‘\I
o_] ;j o | \\l
“’“ J’ \\
~
> !
o ** - 1 =
T T T T T | T I I | I I
0 50 100 150 200 -1.0 -05 0.0 0.5 1.0 1.5 2.0
X a
c d.
T T
| |
| |
= ! > |
|7} | ‘» |
c c
(0] | o |
© ©
= I /\ =
5 v [ 5
© ©
Ko ) \ Ko
° ! \ o
a I a
\ |
| |
I I | T T I T I ! I I
0.190 0.195 0.200 0.205 0.210 -1.0 -0.5 00 05 1.0
b p (Residual autocorrelation coeffient)

\
|

Probability density

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
¢ (standard error)

Figure 1: Test of the impact of fitting a model to observations with autocorrelated residuals
with and without accounting for autocorrelation. Shown are the 90% credible interval (a) projections
and (b—d) parameter distributions for accounting uncertain autocorrelation (blue), for accounting for known
autocorrelation (turquoise), and for assuming non-correlated data (green). The points represent 200 obser-
vations with autocorrelated residuals. The dashed lines in panels b through d represent the true parameter

value used to create the 200 observations.
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Figure 2: Test of the impact of increasing the number of observations on the (a-b) probability
density function and (c-d) reliability diagram in the simple linear test case for autocorrelated
and heteroskedastic residuals. The dashed lines in panel a and b represent the prior distribution used
in the Bayesian inversion, whereas in panel ¢ and d it represents the perfect model outcome. Panel ¢ shows
the reliability diagram from 10 to 100% with a zoomed in view of 90-100% in panel d. The solid lines and

points represent different numbers of observations (2-200) used in model-fitting.
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Figure 3: Test of the impact of varying assumptions about the observation properties on the (a-
b) probability density function and (c-d) reliability diagram in the simple linear test case. The
orange lines and points represent the output from fitting 200 i.i.d. residuals assuming i.i.d. residuals. The
gray lines and points represent the output from fitting 200 autocorrelated residuals assuming autocorrelated
residuals. The blue lines and points represent the output from fitting 200 autocorrelated and heteroskedastic
residuals assuming autocorrelation and heteroskedasticity. The dashed lines in panels a and b represent the
true parameter value used to create the 200 observations, whereas in panel ¢ and d it represents the perfect
model outcome. Panel ¢ shows the reliability diagram from 10 to 100% with a zoomed in view of 90-100%

in panel d
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Figure 4: Comparison of sea-level rise hindcasts and projections and the reliability diagram
generated using the Rahmstorf model. Panel a, ¢, and d display the 90% credible interval for

each method along with the synthesized observations (points) and their associated measurement error. The

color ramp from light green to dark blue represents accounting for more known observational properties

(Bootstrap to homoskedastic Bayesian to heteroskedastic Bayesian). The reliability diagram in panel b

analyzes the hindcast credible intervals produced from each method from 10 to 100% in increments of 10,

whereas the subplot in panel b zooms in on the credible intervals from 90 to 100%.
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Figure 5: Marginal probability density functions of the estimated model [14] and statistical
parameters. Shown are (panel a, «) sensitivity of sea-level to changes in temperature, (panel b, Tp)
temperature when the sea-level anomaly is zero, (panel ¢, Hy) initial sea-level anomaly in the year 1880, and
(panel d, p) the autoregression coefficient. The dashed lines are the prior parameter distribution used in the

Bayesian methods.

16



Survival function

[1-cumulative

Probabilty density

06 08 10

Cumulative density
0.4

0.2

robability]
1073 10'2p 107" 10° 0.0

107

Bootstrap

Homoskedastic
Bayesian
Heteroskedastic
Bayesian

0.0 0.2 0.4 0.6 0.8 2.5

0.0 0.2 0.4 0.6 0.8 2.5

T T T
0.0 1.0 1.5 20

T
0.5
Projected sea-level 2100 [m]

T T T
0.2 0.4 0.6
Projected sea-level 2050 [m]

0.8 0.0 2.5

Figure 6: Projections for global mean sea-level rise using the Rahmstorf model in (a, c,
and e) 2050 and (b, d, and f) 2100 determined for the different methods presented as the

(a-b) probability density function, the(c-d) cumulative density function, and the (e-f) survival

function. The horizontal dashed lines in the survival function represent the 1% (10~2) probability.
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Figure 7: Comparison of sea-level rise hindcasts and projections and the reliability diagram
generated using the Grinsted et al. model. Panel a, ¢, and d display the 90% credible interval
for each method along with the synthesized observations (points) and their associated measurement error.
The color ramp from light green to dark blue represents accounting for more known observational properties
(Bootstrap to homoskedastic Bayesian to heteroskedastic Bayesian). The reliability diagram in panel b
analyzes the hindcast credible intervals produced from each method from 10 to 100% in increments of 10,

whereas the subplot in panel b zooms in on the credible intervals from 90 to 100%.
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Figure 8: Marginal probability density functions of the estimated model [19] and statistical
parameters. Shown are (panel a, «) sensitivity of sea-level to changes in temperature, (b, panel b)a
constant, (panel ¢, Sp) initial sea-level anomaly in the year 1880, and (panel d, %) the inverse of the response
time, and (panel e, p) the autoregression coefficient. The dashed lines are the prior parameter distribution
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Figure 9: Projections for global mean sea-level rise using the Grinsted et al. model in (a,
c, and e) 2050 and (b, d, and f) 2100 determined for the different methods presented as the
(a-b) probability density function, the(c-d) cumulative density function, and the (e-f) survival

function. The horizontal dashed lines in the survival function represent the 1% (10~2) probability.
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Figure 10: Median fit hindcasts of global mean sea-level observations of the considered methods.
The median fit for the methods are generated from the median estimate of the model parameters. The gray
lines represent the observational error in the sea-level record derived from tide gauge measurements and the

points show the synthesized observations in relation to the average 1980-2000 global mean sea level [9].
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Figure 11: Projected range of global mean sea-level for the year 2100 by several studies. Each
study uses a RCP8.5 temperature scenario or the equivalent SRES A2 temperature scenario.
The green, blue, and navy bars correspond to the 5-95% projections from Bootstrap, homoskedastic Bayesian,
and heteroskedastic Bayesian. The black bars represent a few 5-95% projections described in other sea-level
analyses (i.e., Vermeer and Rahmstorf [18] (VR09), Grinsted et al. [19] (G10), Rahmstorf et al. [20] (R12),
Kopp et al. [21] (K14), and Kopp et al. [22] (K16)). Each of these studies differ by model, methods,

assumptions, and data.
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Figure 12: Comparison of 99% credible intervals of global mean sea-level rise for the three
methods using the four RCP temperature scenarios and the Rahmstorf model. The RCP
temperature scenarios are created with the CMIP5, HadGEM2-ES model. The colored envelopes represent
plausible estimates from varying methods within the 99% credible interval for (a) RCP8.5, (b) RCP6.0, (c)
RCP4.5, and (d) RCP2.6.

22



[@ o —
- Bootstrap -
— = Bayesian (homoskedastic) —
2_ = Bayesian (heteroskedastic) 2
3 o 3 o
S8 S8~
E o E o
2 o 2 o%
R T2
28 2®
> S S >
5 Eo 5 Eo
n $ o n $ o
o -
- T T T T T T - T T T T
0.0 0.5 1.0 15 2.0 25 0.0 0.5 1.0 15 2.0
Projected sea-level 2100 [m] Projected sea-level 2100 [m]
c. RCP4.5 d. RCP2.6
2 2
= =
5 o] 5 o
S8~ s8&°
‘c"ca o ‘c"ca o
3 o) 2 o%
== s2=2
28 2 ®
> S S >
5 Eo 5 Eo
»n $ 'e_ n ? 'e_
3 N
[ohn O
- T T T T T = T T T
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5
Projected sea-level 2100 [m] Projected sea-level 2100 [m]

Figure 13: Comparison of the survival function for global mean sea-level rise in 2100 determined
for the different methods using four RCP temperature scenarios and the Rahmstorf model.
The RCP temperature scenarios are created with the CMIP5, HadGEM2-ES model ((a) RCP8.5, (b) RCP6.0,
(c) RCP4.5, and (d) RCP2.6). The horizontal dashed lines represent the 1% (1072) probability in the year
2100.
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