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1. Why are sea-level rise and ice-sheet responses 
important for IAMs? 

2. What are methodological challenges for a sound 
representation of ice-sheets and sea-level rise in 
IAMs? 

3. How has our work contributed to overcoming 
these challenges and enabled improved 
analyses? 
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Future	
  sea-­‐level	
  rise	
  is	
  uncertain	
  and	
  
imposes	
  risks	
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Figures:	
  annotated	
  from	
  IPCC	
  AR5	
  WG	
  1,	
  Fig	
  13.27,	
  U.S. Coast Guard, Petty Officer 2nd Class Kyle Niemi 	
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Figures:	
  annotated	
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  IPCC	
  AR5	
  WG	
  1,	
  Fig	
  13.27	
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  Coast	
  Guard,	
  PeKy	
  Officer	
  2nd	
  Class	
  Kyle	
  Niemi	
  (right),	
  Wilson	
  Quaterly	
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The	
  paleo-­‐record	
  and	
  
simple	
  physics	
  
suggest	
  that	
  
anthropogenic	
  
climate	
  forcings	
  cause	
  
considerable	
  risks	
  
driven	
  by	
  a	
  potenTal	
  
Greenland	
  Ice	
  Sheet	
  
disintegraTon.	
  

Paleo-data from Alley et al (2010), population data from Li et al (2009), climate projections from Meehl et al (2007).  
Synthesis from Keller and Nicholas (2012) 

Global mean temperature change from year 2000 (°C)
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Eemian is one motivation 
for the max. 2 oC goal  
adopted by many 
countries. 
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Linking	
  climate	
  models,	
  uncertainty	
  quanTficaTon,	
  and	
  integrated	
  
assessment	
  requires	
  a	
  complex	
  integraTon.	
  EmulaTon	
  and	
  inverse	
  

decision	
  analysis	
  are	
  key	
  tools	
  for	
  this	
  integraTon.	
  	
  

Earth-system 
Modeling


Uncertainty 
Quantification


Integrated 
Assessment


Climate Focus 
IAM Focus 

Stressors:	
  ∆T,	
  ∆P,	
  ∆SLR	
   Impacts	
  Analysis	
  

Risk	
  Analysis	
  

inverse decision analysis 

emulation 
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  Improving	
  tools	
  for	
  uncertainty	
  and	
  risk-­‐assessments	
  

Guan et al (in prep) 

Observation errors are 
heteroskedastic 

Using observation data:temperature hindcasts
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Project Summary

Accounting for 
heteroskedastic 
observation errors can 
change hindcasts, 
projections, and 
parameter estimates. 



(2) We have built a mechanistically based and computationally  
efficient model of the Greenland Ice Sheet 

GLISTEN 
•  1-D flowline model with ice-dynamics, 

height/lapse-rate feedback, and dynamic 
bedrock response, expanding on 
Grantism (Pattyn). 

•  Computationally fast, thus enabling 
calibration, emulation, sampling of tail-
areas, and use in IAMs. 

•  Can be used to emulate more complex 
models that we also run (e.g., 
SICOPOLIS). 

•  Open source… 
 

Applegate et al (2012) 
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Figure	
  annotated	
  from	
  Haqq-­‐Misra	
  et	
  al	
  (2012),	
  3-­‐D	
  model	
  simulaTon	
  is	
  Applegate	
  et	
  al	
  (2012),	
  using	
  the	
  SICCOPOLIS	
  model	
  (Greve	
  et	
  al,	
  
2011).	
  Previously	
  published	
  1D	
  model	
  is	
  PaKyn	
  (2006)	
  	
  

The	
  emulator	
  enables	
  a	
  
full,	
  nonparametric	
  and	
  
joint	
  calibraTon	
  that	
  
covers	
  decision-­‐
relevant	
  tail	
  areas.	
  

Paleo-­‐evidence	
  (Alley	
  et	
  al,	
  2010)	
  

Complex	
  and	
  slow	
  3-­‐D	
  model	
  	
  

MechanisTc	
  emulator	
  (1-­‐D	
  model)	
  	
  

Published	
  structure	
  of	
  1-­‐D	
  model	
  

Feasible	
  
area	
  	
  

for	
  risk	
  
analysis	
  	
  

•  Using	
  paleo-­‐observaTons	
  to	
  
inform	
  risk	
  esTmates	
  
requires	
  many	
  model	
  runs	
  
in	
  a	
  feasible	
  Tme	
  window.	
  

•  MechanisTcally	
  based	
  
emulators	
  enable	
  this	
  task.	
  

•  The	
  new	
  emulator	
  hits	
  the	
  
paleo-­‐constraints	
  and	
  is	
  fast	
  
enough	
  for	
  risk	
  analyses.	
  



Paleo-­‐data	
  from	
  Alley	
  et	
  al	
  (2010),	
  populaTon	
  data	
  from	
  Li	
  et	
  al	
  
(2009),	
  climate	
  projecTons	
  from	
  Meehl	
  et	
  al	
  (2007).	
  

Global mean temperature change from year 2000 (°C)
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(3)	
  What	
  is	
  the	
  
GIS	
  response	
  	
  
Tme	
  scale?	
  

Lenton	
  et	
  al	
  (2008)	
  
states:	
  	
  	
  
“>	
  300	
  years”.	
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Is	
  “>300	
  years”	
  a	
  good	
  
model?	
  
	
  
What	
  are	
  sensiTviTes	
  
and	
  uncertainTes?	
  



“>300	
  years”	
  (Lenton	
  et	
  al,	
  2008)	
  is	
  missing	
  key	
  sensiTviTes	
  
and	
  uncertainTes.	
  The	
  situaTon	
  can	
  be	
  more	
  pressing.	
  

Applegate,	
  Parizek,	
  Nicholas,	
  and	
  Keller	
  (in	
  prep)	
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Applegate et al (AGU, this week) 
ms in preparation 



New	
  work:	
  How	
  to	
  account	
  for	
  regional	
  paKerns?	
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  Slangen et al (2011) 

other hand is largely influenced by the way small-scale

processes in the ocean, like for example ocean heat uptake,
are treated in the coupled models (e.g., Yin et al. 2010;

Pardaens et al. 2010). Differences in amplitude between

the AOGCM’s, however, may be caused by steric as well
as land ice mass changes, since both contributions respond

to temperature changes prescribed by the AOGCM’s.

3.4 Projections for selected coastal locations

To further illustrate the large spatial variability in RSL

change, we selected a few coastal locations and compared

their local RSL change values for the land ice, steric and
GIA contributions (Fig. 8a) and the total RSL change

(Fig. 8b) to the global mean values. In Fig. 8 the locations

are ranked from north (Reykjavik) to south (southern tip of
Chile), the first 8 locations in the Northern Hemisphere, the

last 5 in the Southern Hemisphere. Additionally, the global

mean is provided for comparison. Values are taken from
the A1B ensemble mean (Figs. 2, 4).

In Fig. 8a, large variations can be observed for the land

ice contribution. Locations like Vancouver, New York and
the southern tip of Chile are below the land ice global

mean of 0.25 m because they are close to large melt

sources. Reykjavik even shows a negative value. On the
other hand, Hawaii, Maldives and Tahiti experience val-

ues above the global mean due to their large distance from

the land ice. The steric contribution shows high values for
New York, Maldives and Tasmania, and low values for

Miami and southern Chile, compared to the steric global

mean of 0.21 m. Furthermore, in Fig. 8a we see that the
GIA (ICE-5G) contribution is large for Vancouver, New

York and Chile, compared to the global mean of 0.004 m.

Vancouver and New York are in the peripheral bulge area,
which means that these locations are still subsiding as a

result of the melt of the ice sheets 20,000 years ago,

resulting in a rising RSL. Reykjavik on the other hand is
inside the crustal uplift area and thus experiences an RSL

drop.

The sum of the contributions is given in Fig. 8b, with
an uncertainty of 1 standard deviation, as in Fig. 3. All

locations which are situated relatively far from land ice

melt sources experience values around or above the
global mean value of 0.47 m. The largest deviations from

the global mean occur in the regions closer to the ice

sheets, for instance in Southern Chile, which has a
smaller land ice contribution because it is close to the

Patagonian Icefields and Antarctica. The results presented

here illustrate that RSL change is not just a process with
large spatial variations, but also that different contribu-

tions may dominate the local RSL change depending on

the location. Therefore none of the contributions can be

Fig. 5 Ensemble mean sea-level anomaly (m) w.r.t. global mean
RSL change (0.47 m) for scenario A1B between 1980–1999 and
2090–2099

Fig. 6 Ratio (%) between the steric (upper), land ice (middle) and
GIA (lower) contributions (Fig. 2), and the ensemble mean RSL
change (Fig. 4, upper panel)

A. B. A. Slangen et al.: Towards regional projections of twenty-first century sea-level change

123

2.2 Steric contribution

Global mean steric RSL changes are dominated by the

thermosteric part (e.g., Cazenave et al. 2009; Willis et al.

2008), since the global mean ocean salinity hardly changes
over time. Therefore, it suffices to only take into account

the global mean thermal expansion projected by the

AOGCM’s over the considered time period when calcu-
lating the steric part of the local RSL projection. Time

series of global mean thermal expansion were obtained

from the CMIP3 database (Meehl et al. 2007a) and have
been presented in IPCC AR4 (Figure 10.31). They were

corrected for model drift by subtracting the nearly linear

trend found in the accompanying preindustrial control run.
To this global mean component, we add the local RSL

anomalies projected by the AOGCM’s associated with cir-

culation changes due to temperature and salinity variations
[which are also available from the CMIP3 database, Meehl

et al. (2007a)]. By construction, the global mean of the sea-

level anomaly field is zero. These local RSL anomalies dis-
play large natural variability on interdecadal timescales. To

filter out these slow variations, we first calculate the linear

regression of local sea level over the twenty-first century at
each grid point before calculating the local RSL anomalies.

2.3 Glacial isostatic adjustment (GIA)

During the last glacial maximum, some 20,000 years ago,

large parts of the Northern hemisphere were covered by

ice. The loading of the ice caused a redistribution of

internal mass and deformation of the Earth’s surface. When

the ice started melting, the Earth did not immediately
return to its original shape, because of the delayed response

of the viscoelastic mantle. In fact, the Earth is still

adjusting today, with maximum uplift rates of around 1 cm
per year to be found in the Gulf of Bothnia and Hudson bay

(e.g. Vermeersen and Sabadini 1999). In contrast to the

influence of present-day melt of glaciers and ice sheets on
RSL change (described in Sect. 2.1), which can be com-

puted by modelling the elastic response of the Earth, the

melt of Pleistocene ice sheets has to be computed by
modelling its viscoelastic response. GIA models are mod-

els of the whole glacial cycle, mainly constrained by sea-

level information found in for instance corals and sediment
cores. Unless mentioned otherwise, we use the present-day

GIA resulting from ICE-5G(VM2) (Peltier 2004). In Sect.

4.1 we will use the ANU model (Nakada and Lambeck
1988, updated in 2004–2005), to illustrate the sensitivity of

our results to the choice of GIA model. For the time scale

of this study, the RSL changes due to GIA are almost
constant; therefore, they are applied as a stationary spatial

pattern.

2.4 Model ensemble

The RSL estimates described in this paper are calculated
using the results of simulations with the AOGCM’s given

in Table 2. These models are a subset of the World Climate

Fig. 2 Ensemble mean RSL contribution (m) of ice sheets (upper left), glaciers (upper right), steric changes (lower left) and GIA (lower right)
for scenario A1B between 1980–1999 and 2090–2099. White shading in upper left panel indicates the mass loss regions on AIS and GIS

A. B. A. Slangen et al.: Towards regional projections of twenty-first century sea-level change
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What	
  is	
  the	
  current	
  design	
  of	
  the	
  sea-­‐level	
  module?	
  

CO2	
  
Emissions	
  

Carbon	
  Cycle	
  
Response	
  

Thermal	
  
Expansion	
  

ClimacTc	
  
Change	
  

Glaciers	
  &	
  
Ice	
  Sheets	
  

Dynamic	
  
effects	
  

Regional	
  
Sea-­‐Level	
  

Rise	
  

New	
  Module	
  ExisTng	
  Module(s)	
  (Sneasy,	
  HECTOR,	
  ..)	
  



Main	
  findings	
  and	
  next	
  steps	
  
•  Linking	
  climate	
  models,	
  uncertainty	
  quanTficaTon,	
  and	
  integrated	
  assessment	
  

requires	
  a	
  complex	
  integraTon.	
  	
  EmulaTon	
  and	
  inverse	
  decision	
  analysis	
  are	
  
key	
  tools	
  to	
  support	
  this	
  integraTon.	
  	
  

•  Ice-­‐sheets	
  responses	
  pose	
  nontrivial	
  risks	
  that	
  are	
  relevant	
  for	
  IAMs.	
  
•  We	
  have	
  developed	
  and	
  calibrated	
  mechanisTcally	
  based	
  climate,	
  carbon-­‐

cycle,	
  and	
  ice-­‐sheet	
  models	
  that	
  can	
  serve	
  as	
  emulators.	
  
•  Improving	
  the	
  representaTon	
  and	
  uncertainty	
  quanTficaTon	
  of	
  ice-­‐sheet	
  

responses	
  can	
  drasTcally	
  affect	
  risk	
  and	
  decision-­‐analyses.	
  
•  What	
  are	
  regional	
  projecTons?	
  	
  

–  Mean	
  funcTons	
  (cf.	
  Irvine	
  et	
  al	
  2012,	
  Applegate	
  et	
  al,	
  2013)	
  	
  
drive	
  a	
  paKern	
  scaling	
  (cf.	
  Slangen	
  et	
  al	
  2011)	
  	
  

–  Emulator	
  for	
  iESM/CESM	
  components	
  (cf.	
  Sriver	
  et	
  al,	
  2012)	
  

•  What	
  are	
  the	
  effects	
  of	
  improved	
  sea-­‐level	
  rise	
  and	
  climate	
  projecTons	
  on	
  risk	
  
esTmates?	
  	
  

–  IAM	
  module	
  (HECTOR	
  if	
  possible,	
  SNEASY	
  as	
  a	
  fallback)	
  
–  IAM	
  integraTon	
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Possible	
  Project	
  
Extensions	
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How	
  could	
  we	
  improve	
  the	
  
sea-­‐level	
  module?	
  
(coupling	
  to	
  Hector,	
  
beyond	
  the	
  current	
  plan..)	
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Input 
IAM

[CO2] atm

Sneasy/
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Temp
global mean
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GIS

GRANTISM
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Pattern 
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Wiggley
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surge pdf

Grindsted
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pattern
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How	
  to	
  account	
  for	
  potenTal	
  changes	
  in	
  storm	
  surges?	
  	
  

Temperature depended 
GEV function fitted to 
historical observations 
 

Grindsted et al (2013) 

above mean sea level at New York have been shown to be sen-
sitive to model choices and results range from a 10% reduction to
a 50% increase in a scenario with ∼2.8 °C global warming (21).
Small changes in the probability density function extreme

event tail lead to large relative reductions in the return period of
the largest storm surges (Fig. 4), consistent with most process
modeling studies (1, 2, 5). Our empirical evidence shows that
warming also leads to an increase in the number of relatively
common events (Figs. 2 and 4) in agreement with surge modeling
(21). This is in contrast to many model studies of Atlantic cyclone
numbers, which on average predict a decrease (2, 5) or only a slight
increase (6) with rising temperatures, although we emphasize that
cyclone numbers does not directly translate into coastal surge
impact. Previously climate model projections of cyclone numbers
have been limited by resolution (1, 2), which results in weaker
cyclones than observed (1). Higher resolution models are becom-
ing feasible and show closer correspondence with our statistical

downscaling (2, 16). Our analysis shows that the rMDR predictor
used in recent statistical projections (17, 39) has comparatively
poor skill when applied to the homogeneous surge index.
The empirical evidence here demonstrates a greatly increased

Atlantic hurricane surge threat in a warmer world (Figs. 3 and 4,
and Fig. S1). The escalating threat from cyclone-driven storm
surges is further exacerbated by rising sea level (1, 2, 21, 40).
Additionally, the observed recent increase in Atlantic coastal wave
power (41) is concomitant with these increases in surge index.
Finally, we find that ∼0.4 °C global average warming results in
a halving of the return period of Katrina magnitude events. This is
less than the warming over the 20th century. Therefore, we have
probably crossed the threshold where Katrina magnitude hurri-
cane surges are more likely caused by global warming than not.

Methods
In this section, we compare themodel using global average temperature with
models using alternative predictors. We use odds to quantify the model
performance of two competing model hypotheses. All model hypotheses are
very similar in that they use Eq. 1, only with different predictors (T). The odds
are calculated from the likelihood ratio of the proposed alternative model
hypothesis relative to the likelihood of the model using global average
temperatures (restricted to years of overlap). All models have the same
complexity (six free model parameters) and their odds can therefore easily
be compared. The odds ratio can be interpreted as a Bayes factor, where an
odds value of 10:1 is traditionally considered the limit for strong evidence,
and 100:1, the limit for decisive evidence.

In Table 2, we list the performance comparison for various common
predictors/teleconnections. Odds ratios for temperature series from indi-
vidual grid points over almost the entire world are worse predictors
than global average temperature (Fig. 2A). However, spatial averaging over
the MDR region (85W–20W, 10N–20N) reduces noise and leads to a better
predictor series (Table 2). All predictors have been smoothed with an annual
average filter. We obtain compatible results when using a 3-mo averaging.
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Fig. 3. Number of Katrina magnitude surge events per decade (B) hindcast
and projected changes in temperatures from BNU-ESM under for RCP4.5 (A).
The thick blue line shows the projection using the full spatial gridded tem-
peratures and confidence interval (5–16–84–95%); magenta and black show
the projections using only MDR and global average surface temperature.
Confidence intervals for MDR and global T (not shown for clarity) are about
the same size as for the gridded model.

Table 2. Performance of alternative models expressed as an
odds ratio relative to the model using global average
temperature as the predictor

Predictor Katrina sensitivity Odds

Gridded temperatures (23) 2.1–6.6× 4:1
MDR SST (24) 1.8–5.5× 3:1
Global T (23) 1.5–6.6× 1:1
Linear increase 1.3–4.7× 1:5
Radiative forcing (25) 1:10
rMDR (24) 1.8–10× 1:75
Pacific Decadal Oscillation (26) 1:400
Quasi-Biennial Oscillation (27) 1:600
Southern Oscillation index (28) 1:700
North Atlantic Oscillation (29, 30) 1:800
Sahel rainfall index (31) 1:1,200

The average likelihood of each hypothesis is calculated from entire sam-
ple of models from the MCMC, while ensuring that the likelihood is calcu-
lated over the same time interval in the numerator and denominator of the
ratio. The Katrina sensitivity is expressed as the relative frequency increase
of Katrinas [5–95%] per degree Celsius. The linear trend sensitivity is given
per century.
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Fig. 4. (Left) Estimated return periods for global temperatures being 0 °C
(blue) and 1 °C (red) warmer than present (1980–2000 average). The best-
guess GEV distribution (lines) with confidence intervals (shading). Crosses
show the empirically estimated return period assuming stationarity 1923 to
present. (Right) Relative increase in frequency associated with a 1 °C warming
in global temperatures (relative to a 1980–2000 baseline). (Left and Right)
Light shading shows the 5–95% confidence intervals, and dark shading
shows the 16–84%.
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choosing between these two competing hypotheses, we will
construct our statistical model from the relationship to the full
globally gridded temperatures. We also construct a model that
relies exclusively on global mean surface temperature. Although
this simpler model may not have as strong correlations as the
causal link is more indirect, it has the advantage that it does not
rely on subtle regional patterns that are difficult for process
models to reliably capture. This issue may render it unviable to
apply the MDR or rMDR relationships for projections. Fur-
thermore, the causal relationship between MDR temperatures
and tropical cyclones is bidirectional, in the sense that tropical
cyclones move heat from the MDR to the extratropics. Thus,
modeled MDR temperatures will be biased if process models do
not adequately capture cyclone activity. For that reason, it is ar-
guable that projections based on the relationship to global tem-
peratures is preferable, as the causal relationship can reasonably
be assumed to be unidirectional.
We will use the homogeneous surge index to discriminate

changes in extreme statistics (Fig. 1). The surge index quantifies
the maximal weekly surge. We therefore expect it to follow
a generalized extreme value (GEV) distribution as it is a series of
block maxima (22) (SI Methods), and this was verified by Grinsted
et al. (20). However, Grinsted et al. (20) showed that the distri-
bution is nonstationary. Here, we therefore model the surge index
with a nonstationary GEV distribution, with shape (k), scale (σ),
and location (μ) parameters dependent on a predictor (T). The

location and scale parameters are primarily related to the fre-
quency of relatively low- and medium-sized storms (i.e., storm
counts), whereas the shape parameter controls the frequency of
the most extreme storms. For simplicity, we adopt the following
relationship to T:

k= k0ð1+ akTÞ
σ = es0ð1+asTÞ

μ= μ0
!
1+ aμT

" [1]

following Coles (22). The k0, s0, and μ0 parameters describe the
extreme distribution for the baseline climate where T = 0, and
the nonstationary parameters (ak, as, aμ) describe how sensitive
the distribution is to changes in T with positive values associated
with more frequent extreme surges. We estimate the six un-
known parameters and their confidence intervals using Markov
Chain Monte Carlo (MCMC) (SI Methods).
We examine the links to the temperature from any location on

Earth by using the observed grid cell temperature series as the
predictor (23). In that way, we are able to construct maps of the
relationship between surge index extremes and the full spatial
temperature patterns. The resulting odds ratio map (Fig. 2) can
be thought of as an extreme teleconnection pattern. Low relative
odds can be due to a weak physical link, a spatially nonstationary
process, or due to a poor signal-to-noise ratio in the temperature
observations. In either case, the model for that particular grid
cell should be given less relative weight when used for projec-
tions. Finally, we create an average downscaled model, taking all
of the inferred spatial information into account by weighing the
individual grid cell-based models by likelihood and area. This
approach ensures that most weight is given to regions where the
temperature data are of sufficient quality to calibrate the model,
and to regions where there has been a consistent statistical re-
lationship (i.e., a stationary spatial signature).
Fig. 2 shows the best-guess estimates of the nonstationary

parameters (ak, as, aμ) for each global grid point and the relative
odds of the individual models. It is clear that all three parameters
are strongly affected by temperature, and that warming in general
leads to a higher frequency of surges of all magnitudes. For com-
parison, we also find that all three nonstationary parameters are
significantly positive in the model using global average tempera-
ture as predictor (P < 0.05; Table 1). With a few notable excep-
tions, global average surface temperature is a better predictor of
Atlantic cyclone activity (asmeasured by the surge index) than grid
cell temperatures from almost anywhere on Earth (Fig. 2A).
In an analogous manner, we calculate the odds (Methods) of

seven alternative predictor models (e.g., Southern Oscillation
index), which previously have been linked to Atlantic cyclone
activity (Table 2). The teleconnection indices all have worse skill
than even a simple linear trend over time. We find that the
spatially averaged SST over the MDR is a better predictor than
global average temperature (Table 2), as expected from many
previous studies (7–11, 24, 32). In contrast, the alternative hy-
pothesized predictor model using rMDR shows comparatively
poor skill relative to both global temperatures and MDR. In the
rMDR hypothesis, the SST in the tropics outside the MDR re-
gion are expected to be negatively correlated with cyclone events,
but we find that the tail parameter (ak in Fig. 2) has positive
values over the tropics with the exception of the eastern Pacific.
The relatively poor skill of rMDR is surprising because statistical
analysis of process model output indicate that it should be a good
predictor of cyclone activity (3, 16, 17). However, there is no
physical theory that links rMDR to cyclone activity.
Several of the spatial relationships observed in Fig. 2 are

consistent with well-known physical relationships. The positive
relationship with western Pacific SST is consistent with the tel-
econnection between El Niño–Southern Oscillation and Atlantic
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Fig. 1. (A) Average surge index over the cyclone season. (B) Observed fre-
quency of surge events with surge index greater than 10 units per year
(surge index > 10 units). (C) Global average temperature, MDR temperature,
and rMDR temperature anomaly. Inset shows locations along the US coast of
the six tide gauges used in the surge index (Fig. S1).
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above mean sea level at New York have been shown to be sen-
sitive to model choices and results range from a 10% reduction to
a 50% increase in a scenario with ∼2.8 °C global warming (21).
Small changes in the probability density function extreme

event tail lead to large relative reductions in the return period of
the largest storm surges (Fig. 4), consistent with most process
modeling studies (1, 2, 5). Our empirical evidence shows that
warming also leads to an increase in the number of relatively
common events (Figs. 2 and 4) in agreement with surge modeling
(21). This is in contrast to many model studies of Atlantic cyclone
numbers, which on average predict a decrease (2, 5) or only a slight
increase (6) with rising temperatures, although we emphasize that
cyclone numbers does not directly translate into coastal surge
impact. Previously climate model projections of cyclone numbers
have been limited by resolution (1, 2), which results in weaker
cyclones than observed (1). Higher resolution models are becom-
ing feasible and show closer correspondence with our statistical

downscaling (2, 16). Our analysis shows that the rMDR predictor
used in recent statistical projections (17, 39) has comparatively
poor skill when applied to the homogeneous surge index.
The empirical evidence here demonstrates a greatly increased

Atlantic hurricane surge threat in a warmer world (Figs. 3 and 4,
and Fig. S1). The escalating threat from cyclone-driven storm
surges is further exacerbated by rising sea level (1, 2, 21, 40).
Additionally, the observed recent increase in Atlantic coastal wave
power (41) is concomitant with these increases in surge index.
Finally, we find that ∼0.4 °C global average warming results in
a halving of the return period of Katrina magnitude events. This is
less than the warming over the 20th century. Therefore, we have
probably crossed the threshold where Katrina magnitude hurri-
cane surges are more likely caused by global warming than not.

Methods
In this section, we compare themodel using global average temperature with
models using alternative predictors. We use odds to quantify the model
performance of two competing model hypotheses. All model hypotheses are
very similar in that they use Eq. 1, only with different predictors (T). The odds
are calculated from the likelihood ratio of the proposed alternative model
hypothesis relative to the likelihood of the model using global average
temperatures (restricted to years of overlap). All models have the same
complexity (six free model parameters) and their odds can therefore easily
be compared. The odds ratio can be interpreted as a Bayes factor, where an
odds value of 10:1 is traditionally considered the limit for strong evidence,
and 100:1, the limit for decisive evidence.

In Table 2, we list the performance comparison for various common
predictors/teleconnections. Odds ratios for temperature series from indi-
vidual grid points over almost the entire world are worse predictors
than global average temperature (Fig. 2A). However, spatial averaging over
the MDR region (85W–20W, 10N–20N) reduces noise and leads to a better
predictor series (Table 2). All predictors have been smoothed with an annual
average filter. We obtain compatible results when using a 3-mo averaging.
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Fig. 3. Number of Katrina magnitude surge events per decade (B) hindcast
and projected changes in temperatures from BNU-ESM under for RCP4.5 (A).
The thick blue line shows the projection using the full spatial gridded tem-
peratures and confidence interval (5–16–84–95%); magenta and black show
the projections using only MDR and global average surface temperature.
Confidence intervals for MDR and global T (not shown for clarity) are about
the same size as for the gridded model.

Table 2. Performance of alternative models expressed as an
odds ratio relative to the model using global average
temperature as the predictor

Predictor Katrina sensitivity Odds

Gridded temperatures (23) 2.1–6.6× 4:1
MDR SST (24) 1.8–5.5× 3:1
Global T (23) 1.5–6.6× 1:1
Linear increase 1.3–4.7× 1:5
Radiative forcing (25) 1:10
rMDR (24) 1.8–10× 1:75
Pacific Decadal Oscillation (26) 1:400
Quasi-Biennial Oscillation (27) 1:600
Southern Oscillation index (28) 1:700
North Atlantic Oscillation (29, 30) 1:800
Sahel rainfall index (31) 1:1,200

The average likelihood of each hypothesis is calculated from entire sam-
ple of models from the MCMC, while ensuring that the likelihood is calcu-
lated over the same time interval in the numerator and denominator of the
ratio. The Katrina sensitivity is expressed as the relative frequency increase
of Katrinas [5–95%] per degree Celsius. The linear trend sensitivity is given
per century.
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Fig. 4. (Left) Estimated return periods for global temperatures being 0 °C
(blue) and 1 °C (red) warmer than present (1980–2000 average). The best-
guess GEV distribution (lines) with confidence intervals (shading). Crosses
show the empirically estimated return period assuming stationarity 1923 to
present. (Right) Relative increase in frequency associated with a 1 °C warming
in global temperatures (relative to a 1980–2000 baseline). (Left and Right)
Light shading shows the 5–95% confidence intervals, and dark shading
shows the 16–84%.
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