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Joint projections of US East Coast sea level and
storm surge
Christopher M. Little1*, Radley M. Horton2, Robert E. Kopp3, Michael Oppenheimer4,5,
Gabriel A. Vecchi6 and Gabriele Villarini7

Future coastal flood risk will be strongly influenced by sea-level rise (SLR) and changes in the frequency and intensity of
tropical cyclones. These two factors are generally considered independently. Here, we assess twenty-first century changes in
the coastal hazard for the US East Coast using a flood index (FI) that accounts for changes in flood duration and magnitude
driven by SLR and changes in power dissipation index (PDI, an integrated measure of tropical cyclone intensity, frequency and
duration). Sea-level rise and PDI are derived from representative concentration pathway (RCP) simulations of 15 atmosphere–
ocean general circulationmodels (AOGCMs). By 2080–2099, projected changes in the FI relative to 1986–2005 are substantial
and positively skewed: a 10th–90th percentile range 4–75 times higher for RCP 2.6 and 35–350 times higher for RCP 8.5. High-
end FI projections are driven by three AOGCMs that project the largest increases in SLR, PDI and upper ocean temperatures.
Changes in PDI are particularly influential if their intra-model correlation with SLR is included, increasing the RCP 8.5 90th
percentile FI by a further 25%. Sea-level rise from other, possibly correlated, climate processes (for example, ice sheet and
glacier mass changes) will further increase coastal flood risk and should be accounted for in comprehensive assessments.

Sea-level rise (SLR) and tropical cyclones (TCs) influence
coastal flood risk in fundamentally di�erent ways1. Although
TC-driven storm surges can have amplitudes of up to

several metres, they are highly localized and infrequent; changes
in their statistical properties, particularly the number of high-
magnitude events, drive the flood hazard1–3. In contrast, SLR raises
the baseline on which all shorter-period sea-level variability is
superimposed4. E�ectively managing dynamic risk requires flood
hazard assessments that fuse uncertain projections of changes in
SLR and TCs in a consistent manner.

Although recent assessments have begun to develop projections
of coastal flood risk that reflect uncertainty in SLR, most assume
that the statistical properties of storm surges remain unchanged5,6;
if changes in TCs and their associated surges are assessed, SLR is
ignored or included as a constant2,7–9. Others have included limited
sensitivity analyses to changes in both drivers, without considering
an underlying correlation10–12.

In such assessments, the ‘oceanographic component’ of SLR
(that is, ignoring geoid changes, vertical land motion, and net
freshwater exchange)13–15 is generally derived from an atmosphere–
ocean general circulation model (AOGCM) ensemble, such as
the Coupled Model Intercomparison Project Phase 5 (CMIP5)
RCP simulations16. The ensemble spread is due to, among other
factors, the rate and locations of heat uptake and changes in
wind stress13,17,18. Uncertainty in oceanographic SLR can be locally
large, notably along the Northeast US coastline5,13,19–22. Little et al.20
find a 16-member AOGCM ensemble range of approximately
20–70 cm in New York City by 2090 relative to a 1986–2005 base
period; in a probabilistic analysis, this component drives most

of the variance in Northeast US SLR projections through the
twenty-first century5.

The small scale of TCs, and uncertainty in the dependence of
their properties on large-scale climate, pose di�culties for model-
based assessment1,23,24. As even the highest resolution AOGCMs are
unable to simulate the inner core of tropical cyclones (or represent
storm statistics)25, various statistical and dynamical techniques
have been applied to AOGCMs to project future changes in TCs
(refs 7,26–30). In conjunction with these e�orts, aggregated metrics
have been developed to describe ocean basin-wide TC activity, such
as the power dissipation index (PDI).

These approaches indicate a twenty-first century increase in
North Atlantic PDI, driven largely by an increase in the intensity
of the largest storms, that is often attributed to sea surface warm-
ing of the tropical North Atlantic23,31. Beyond this general result,
there remains substantial uncertainty in futureTC frequency and in-
tensity, much of which originates in the AOGCM representation of
the large-scale climate variables1,2,7,25–27. For example, a six-member
CMIP5 AOGCM ensemble has been used to generate projections
of twenty-first century global PDI change ranging from 8 to 80%
for RCP 8.5 (a substantial di�erence from CMIP Phase 3 mod-
els)7; a 17-member CMIP5 ensemble—analysed using a di�erent
methodology—provides a range of �30 to 450% for North Atlantic
PDI (ref. 29).

At present, there has been little analysis of the co-variability
of SLR and PDI and its implications for the coastal flood hazard.
However, multimodel mean CMIP5 RCP simulations show robust,
geographically widespread warming in the upper water column
(Fig. 1a). Such changes in upper ocean heat content drive seawater
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Figure 1 | Regions of analysis and CMIP5 RCP 8.5 ensemble SST warming projections. a, Shading indicates the ensemble mean SST change
(2080–2099 mean � 1986–2005 mean); contours indicate the ensemble standard deviation. Blue boxes highlight the regions used in the statistical model
of PDI (ref. 29). The solid black box highlights the region included in this analysis. This region is shown in detail in b along with the location of the sites used
to develop the FI.
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Figure 2 | CMIP5 ensemble spread in PDI and SLR. Individual AOGCM projections (2080–2099 mean � 1986–2005 mean) of PDI anomaly (y-axis) and
mean SLR across the five sites (x-axis) for RCP 2.6 (a) and RCP 8.5 (b). AOGCMs, indicated by numbers, are overlaid on a kernel density estimate of the
bivariate probability distribution; shading indicates the normalized probability from 0.9 (darkest) to 0 (white). Red numbers in b are AOGCMs from
group 1; blue numbers are group 2 AOGCMs; black numbers show all other AOGCMs (group 3). Dashed lines indicate ensemble mean values.

expansion and also fuel TCs, potentially implying a strong physical
linkage between sea-level changes and TC-driven surges7,13,32. The
relationship between these quantities within and across models has
not been established.

In this paper, we investigate: changes in PDI and oceanographic
SLR (from here forward, denoted as SLR) at five US East
Coast and Gulf Coast locations (Fig. 1b) across a 15-member
AOGCM ensemble; and the joint influence of these two factors
on coastal flood risk. Changes in PDI are estimated with the
statistical formulation of Villarini andVecchi33, based on sea surface
temperature in the tropical North Atlantic relative to the tropical
mean (‘relative SST’; see blue boxes in Fig. 1a for the regions
considered). Although this proxy measurement does not capture
all large-scale controls on TCs (refs 1,23,24,34,35) or feedbacks
between TCs, ocean heat content and SLR (refs 36,37), it has been
shown to provide skilful hindcasts and forecasts of North Atlantic

TC activity and intensity33,38,39. Furthermore, this proxy allows the
incorporation of a large ensemble of climatemodels, which is critical
given the spread in TC-relevant large-scale climate variables shown
in other studies1,2,7,25–27.

Sea-level/power dissipation index linkages
First, we present the ensemble spread in PDI anomaly and site-
averaged SLR over the 2080–2099 period (Fig. 2). In RCP 2.6, which
requires drastic emission reductions over the twenty-first century,
the 15-member ensemble mean projections are 0.21m SLR (five-
site average) and 1.1 ⇥ 1011 m3 s�2 PDI anomaly (representing an
absolute PDI > 75% higher than the 1986–2005 mean). Even under
relatively weak forcing, these values exceed the mean rate of SLR
and the range of 20-year-mean PDI experienced in the twentieth
century29,40. Most ensemble members are relatively tightly clustered
around these values. However, the GFDL-CM3, MIROC-ESM and

2 NATURE CLIMATE CHANGE | ADVANCE ONLINE PUBLICATION | www.nature.com/natureclimatechange

© 2015 Macmillan Publishers Limited. All rights reserved



NATURE CLIMATE CHANGE DOI: 10.1038/NCLIMATE2801 ARTICLES

2

3

4
15

11

r2 = 0.98

r2 = 0.32

2 3 4
1.5

2.0

2.5

3.0
15

11

At
la

nt
ic

 o
ce

an
 0

−7
00

 m
w

ar
m

in
g 

(°
C)

Tr
op

ic
al

 m
ea

n 
SS

T
w

ar
m

in
g 

(°
C)

GFDL-ESM2M (No. 11)
− 10-model mean

GFDL-CM3 (No. 15)
− 10-model mean

a

b

c d

Tropical Atlantic SST warming (°C)

2 3 4

3.0
2.5
2.0
1.5
1.0
0.5

−0.5
−1.0
−1.5
−2.0
−2.5
−3.0

0.0

Tropical Atlantic SST warming (°C)

SST anom
aly (°C)

Figure 3 | Ocean warming patterns in the CMIP5 RCP 8.5 ensemble. a,b, Scatter plots of ocean warming in 15 CMIP5 AOGCM simulations
(2080–2099 mean � 1986–2005 mean). Tropical North Atlantic SSTs and tropical mean SSTs (a) and tropical North Atlantic SSTs and North Atlantic
(north of 10� N) 0–700 m warming (b). Red points are models from group 1; blue points are group 2 models; black points show all other models (group 3).
A linear fit to the group 3 models is shown with the grey line; numbers indicate the r2 value. c,d, Anomaly of GFDL-ESM2M (c) and GFDL-CM3 (d) from the
group 3 (10-AOGCM) mean SST warming. See also Supplementary Fig. 1.

MIROC-ESM-CHEM project high SLR and PDI relative to the
ensemble mean.

In RCP 8.5, the five-site average SLR and PDI anomaly of 0.38m
and 2.8 ⇥ 1011 m3 s�2 are substantially higher than the RCP 2.6
simulations. Two GFDL-ESMs (no. 8 and no. 11) emerge from the
central range in PDI, and the outlying behaviour of the MIROC-
ESMs and GFDL-CM3 is more pronounced than in RCP 2.6,
indicating that thesemodels’ forced response is driving the PDI/SLR
linkage. The marked increase in PDI projected by GFDL-CM3, and
the relative ranking of other AOGCMs, are consistent with the
results of Emanuel7, lending further support to the use of relative
SST-derived PDI.

Figure 2 suggests the AOGCM ensemble may be partitioned into
three groups: thosewith high projections of PDI and SLRunder both
RCPs (group 1, consisting of the MIROC-ESMs and GFDL-CM3,
denoted with red text in Fig. 2b); those with a high PDI change in
RCP8.5 (group 2, theGFDL-ESMs, blue text); and the remaining ten
AOGCMs (group 3, black text) that exhibit more moderate changes
in PDI and SLR. The di�erences in the RCP 8.5 warming patterns
that characterize these groups are illustrated in Fig. 3; a linear fit
through the group 3 AOGCMs highlights outliers.

Group 3 AOGCMs exhibit a very close coupling between tropical
North Atlantic and tropical mean SST warming (Fig. 3a), and are
thus tightly clustered in their PDI projections. In contrast, group 1
and 2 AOGCMs exhibit disproportionately high warming in the
Atlantic that drives large changes in PDI due to the nonlinearity
of the relative SST/PDI relationship. In group 1 AOGCMs, this
‘relative’ warming ismagnified by high absolute warming of Atlantic
SSTs (and subsurface water masses), resulting in very high PDI.
We suggest that the latter factor—the dependence of the PDIs
on absolute warming rate—underlies why the group 2 AOGCMs
do not emerge from group 3 in RCP 2.6: these models require
higher radiative forcing to warm SSTs by an amount comparable to
otherAOGCMs (perhaps to overcome their below-average transient
climate response (TCR) and ocean heat uptake e�ciency (); see
Kuhlbrodt and Gregory18 and Supplementary Fig. 1).

Although coupled ocean–atmosphere dynamics17,41, the
horizontal and vertical distribution of heating13,17,18, and mean state
biases18,42 are known to influence sea level along the US East Coast,
to first order, AOGCMs that warm most also project the highest
SLR. This is not solely a result of global mean thermosteric
expansion; group 1 models also exhibit a high Northeast US
anomaly from GMSLR (see also Supplementary Fig. 1)20, indicating
locally focused heating or a dynamic response linked to high rates
of global ocean heat uptake. Indeed, the total SLR from the group
1 models seems to be more closely related to upper ocean warming
in the Atlantic (Fig. 3b and Supplementary Fig. 1).

Themagnitude or pattern of atmospheric warmingmay underlie
high rates of North Atlantic warming. Across this ensemble, the
atmosphere’s importance is most clearly illustrated by GFDL-
ESM2M (no. 11) and GFDL-CM3 (no. 15), which exhibit markedly
di�erent ocean warming patterns despite their common use
of GFDL’s Modular Ocean Model (Fig. 3c,d). CM3 has an
approximately 45% higher TCR, and a more complex treatment of
aerosols, which act to increase twenty-first century ocean warming,
particularly in the North Atlantic43. However, other CMIP5 models
have a higher TCR but lower SLR, so it is di�cult to extend
this ‘atmosphere-only’ attribution to the rest of the ensemble.
Furthermore, the dynamic and thermodynamic response of the
ocean is likely to be involved in modelled sea-level change: the
Atlantic Meridional Overturning Circulation (AMOC) weakens by
⇠60% in CM3 and by only ⇠45% in ESM2M (ref. 44).

It is also unlikely that the ensemble spread is driven solely
by ocean dynamics. Although observations point to AMOC and
Gulf Stream dynamics (related to the North Atlantic Oscillation
and/or Atlantic Multidecadal Oscillation) as important controls
on regional sea-level variability45,46, AMOC-only attribution is
blurred over longer timescales by its coupling to ocean heat
uptake. Indeed, GFDL-CM3’s high SLR is driven largely by its
high global mean thermosteric expansion (which may or may not
be linked to AMOC). An AOGCM’s representation of East Coast
sea-level change is probably the result of the interaction of these
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processes, that is, North Atlantic radiative forcing, atmospheric
feedbacks, the horizontal and vertical distribution of oceanwarming
in the North Atlantic, and a change in AMOC strength. All of
these processes influence twenty-first century changes and ocean
state biases.

In this analysis, we do not attempt to mechanistically link PDI
and SLR across the entire ensemble. However, because the three
AOGCMs that project the largest increases in North Atlantic SLR,
PDI and upper ocean temperatures are also outliers in global mean
quantities, it is plausible that the PDI/SLR correlation shown by
the three warmest models may persist outside the North Atlantic.
Furthermore, the propensity of the GFDL and MIROC AOGCMs
towards high North Atlantic PDI and a high Northeast US sea-
level anomaly may indicate a regional dynamic linkage, driven by
a weakening AMOC.More e�orts to clarify causal mechanisms—in
both models and observations, in the North Atlantic and in other
ocean basins (for example, the Northwest Pacific)—are required to
clarify the timescales and radiative forcing scenarios over which
these correlations apply.

Quantifying changes in the future coastal flood hazard
Capturing the joint influence of PDI and SLR on the coastal
flood hazard requires a technique that can account for changes in
flooding driven by both factors. To accomplish this, we follow a
peak-over-threshold approach3 in which annually integrated hourly
exceedances of a threshold (the 99.5th percentile of summer values)
across five US East and Gulf coast locations (Fig. 1b) are used to
develop a flood index (FI; equations (1) and (2)). The historical
relationship between FI and PDI are used together with SLR
projections at each of the five sites5 to translate CMIP5 AOGCM
PDI anomalies29 to end-of-century FI (seeMethods, Supplementary
Tables 1 and 2, and Supplementary Figs 2–6). The FI is an aggregate
measure of the duration and exceedance of high water during the
TC season, normalized so that each site contributes equally. A value
of 100 implies that the annually integrated flood height over a
threshold is 100 times greater than the 1986–2005 annual mean.

To examine the relative importance of PDI and SLR, and the
influence of the intra-AOGCM PDI/SLR correlation, we employ
Monte-Carlo sampling to examine FI changes for: SLR only (dashed
lines in Fig. 4); PDI and SLR selected at random from the ensemble
(‘random model’ case; thin solid lines); and PDI and SLR selected
as pairs (‘same model’ case; thick solid lines), from each of
15 models.

Figure 4 indicates that uncertainty in the future FI is dominated
by changes in century-timescale PDI and SLR projections, rather
than uncertainty in the PDI/FI regression. The FI, and the di�erence
between RCPs, increases greatly by the end of the century, driven
by the wide spread and skew in the CMIP5 model results. The
median 2080–2099 FI is approximately 16 for RCP 2.6 and 100
for RCP 8.5 (for the ‘same model’ case), with a 90th percentile
projection of 75 and 350. Most of the change in the FI is driven
by SLR (generally greater than 70% depending on the quantile
considered), with PDI-induced changes in FI fractionally larger in
RCP 8.5 and further into the upper tail. The role of the clustered
outliers in Fig. 2 is clearly seen in the secondary peaks at higher FI
in Fig. 4. High-end projections for both RCPs (that is, those above
the 80th percentile) are determined by these outliers. Furthermore,
because these models have high PDI and SLR, the ‘same model’
case results in a ⇠20% increase in FI relative to the ‘random
model’ case and a ⇠25–30% increase relative to the FI if only SLR
is included.

The FI changes in Fig. 4 do not include several other factors
that influence flood risk (for example, extratropical storms47, the
interaction of SLR and tides4, precipitation48,49 and exposure to
flooding9–11). In particular, SLR arising fromother climate- andnon-
climate-related processes that are not incorporated in AOGCMs
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Figure 4 | Eastern US flood index projections. a,b, Probability (a) and
cumulative distribution functions (b) for the 1986–2005 (black) and
2080–2099 flood index (FI) subject to RCP 2.6 (blue) and RCP 8.5 (red).
For the 2080–2099 period, dotted lines show the FI if PDI is unchanged;
thin solid lines (shown only for b) show the FI distribution if PDI and SLR are
drawn randomly from one of the 15 models; thick solid lines show the
distribution if PDI and SLR are selected from the same model. The insets
expand the x-axis in the range 0 < FI < 30. Grey lines in b indicate the
median and 90th percentile of the cumulative probability distribution.

(ref. 15) will further increase FI; a complete risk assessment
would include these processes in a probabilistic manner5,22. A
sensitivity analysis indicates that a 31 cm SLR contribution from
non-oceanographic SLR sources (the median RCP 8.5 projection
at Charleston, SC from a recent analysis5; see Methods and
Supplementary Fig. 7) increases the median FI by a factor of four,
whereas the 90th percentile projection is approximately doubled.
A complete probabilistic treatment of FI, however, requires an
understanding of linkages to these other terms. Although some
sources are likely to be independent (for example, glacial isostatic
adjustment), others (for example, land ice mass changes) will be
coupled to ocean–atmosphere processes.

Assessing the flood index
In Fig. 4, we use a multi-location flood index50,51 as opposed
to local hazard curves2. For this analysis, the FI provides a
more robust description of historical surge–climate relationships
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and the incorporation of a larger AOGCM ensemble—which is
critical to uncertainty characterization. However, an index does not
distinguish between flood events of varying severity and conflates
flooding caused by TCs and SLR.Hazard curves provide a local view
of the complete spectrum of flood severity that is not possible with
an index. In practice, however, hazard curves based on the historical
record invoke tenuous assumptions about storm surge statistics.
Model-based hazard curves involve uncertainty in downscaling
large-scale climate changes and structural errors in surge models.
Furthermore, few flood protection strategies are designed around
a complete representation of the risk (most e�orts are designed
around the 100-year event52).

We thus suggest that an index can complement local analyses;
however, it is not immediately clear how to reconcile the two. To aid
this e�ort, we present the sensitivity of our FI projections to flood
threshold, index formulation, and choice of locations in Fig. 5. These
methodological choices can be roughly segregated into those that
change the absolute value by which the flood hazard is amplified or
influence the importance of changes in PDI and their correlation
with SLR. For example, if the FI is weighted towards higher surges
(for example, the squared exceedance case in panel b; ref. 50), the
e�ect of changes in PDI is heightened. A higher threshold (Fig. 5a)
increases both the absolute magnitude of the change in FI (as the
baseline 1986–2005 exceedance of this threshold is very low) and
the sensitivity of the FI to PDI (because the threshold is weighted
towards higher-magnitude events).

In Fig. 5c, we include three additional locations where the tide
gauge record extends to 1949. (The additional locations are not
included in our base case analysis because of the introduction of
a geographic bias.) Because of the normalization (equation (2)),
additional sites have a limited quantitative influence on our
results: FI amplification decreases slightly (purple lines). Without
normalization (orange lines), the inclusion of Key West into the
FI heightens the influence of SLR and decreases that of PDI. This
sensitivity is driven by Key West’s narrow range of historical sea-
level variability (Supplementary Fig. 2), which makes this location
extremely vulnerable (by our peak-over-threshold definition) to
increases in mean sea level relative to other locations—even though
SLR projections for Key West are lower than for the other sites.
Normalization allows locations with unique dynamical regimes,
like Key West, to be included in the FI without dominating
the results.

Finally, if exceedances are calculated on a daily basis3, the
amplification of FI is smaller; this choice decreases the influence
of flood duration, which is amplified in a high-SLR regime. We
note that a definition of flooding based on a present-day threshold
becomes problematic in a regime in which the threshold is exceeded
much of the time.

Conclusions
Our results indicate that theUSEast Coast flood hazardwill increase
substantially over the twenty-first century, even with limited future
warming and if only central estimates (median projections) are
considered. These results echo other analyses showing large
increases in twenty-first century flooding due to SLR (refs 5,6)
while introducing a probabilistic approach to incorporating
changes in storm surge and covariance in these two drivers of
flood risk.

We conclude that assessments need to take into account the
linkage between North Atlantic TC activity and eastern United
States SLR, especially if high-end projections are presented.
Although the amplification of flood risk is sensitive to the
construction of the FI and the inclusion of other sources of sea-
level change, the principle of this analysis—that the physically
based correlation of PDI and SLR fattens the tail of the coastal
flood hazard—holds for a wide range of methodological choices.
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(Wilmington, North Carolina; Fort Pulaski, Georgia; and St. Petersburg,
Florida; purple) and the normalization factor is removed from from the
denominator in equation (2) (orange lines).

Essentially, this implication echoes those of Fisher and Knutti53, in
which the joint probability of two AOGCM variables determines
the climate impact (here, coastal floods rather than heat stress, and
a positive rather than negative, correlation). Ignoring this linkage
could lead to an underestimate of coastal flood risk. To this point,
it has been di�cult to compare the combined role of storm surges
and SLR. The index-based approach developed in this paper could
pave the way for a quantitative comparison of the relative roles of
changes in TCs, SLR and other factors influencing coastal floods in
future assessments.

This analysis also indicates that the divergent behaviour of
five AOGCMs from two modelling centres drive high-end flood
projections.We suggest that there are two factorswhich underlie this
behaviour—di�erences in the magnitude of upper ocean warming,
and North Atlantic ocean dynamics—with the former dominant.
As the inter-model spread contributes a large fraction of the total
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projection uncertainty in these quantities20,30, if these outlier models
can be shown to be unreliable, substantial uncertainty reductions
could result. If not, mechanisms underlying these high-SLR/high-
PDI simulations deserve detailed investigation.

Methods
Methods and any associated references are available in the online
version of the paper.
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Methods
We use hourly tide gauge records from five stations (Atlantic City, New Jersey;
Charleston, South Carolina; Key West, Florida; Pensacola, Florida; Galveston,
Texas; see Fig. 1b) over the 1949–2012 period, selected for geographic coverage and
completeness from the University of Hawaii Sea Level Center research quality
database (http://ilikai.soest.hawaii.edu/uhslc/rqds.html). The sea level record from
each gauge is processed as follows: major tidal constituents are removed using the
Doodson XO filter54; the linear mean sea-level trend is removed; the mean annual
cycle is removed. Processed tide gauge records for the five sites are shown in
Supplementary Fig. 2.

The SLR and PDI projections of 15 AOGCMs are taken from Kopp et al.5 and
Villarini and Vecchi33, respectively, and have been processed as described in those
references. Potential temperature output for a single realization of the same
15 models was downloaded from PCMDI (http://www-pcmdi.llnl.gov) and
regridded to a common 1 degree grid.

Developing a flood index. To calculate the FI, we specify a threshold for
significant events (99.5th percentile value of the processed June–October tide
gauge record, H 99.5

k ). Hourly exceedances above this threshold are summed across
the five stations (k=1 . . .5) for each year ny =1949 . . .2012 (Supplementary Fig. 3).
SLR is added as a linear increment to the entire hourly time series for each site, that
is, Hk =SLRk +H observed

k .

Eny
k =

nm=10X

nm=6

X

nd

t=24X

t=1

[Hk(t ,Hk >H 99.5
k )�H 99.5

k ]p (1)

p is 1 except for the squared exceedance case in Fig. 5, where it is 2. The annual FI is
the sum of the hourly exceedances across the five stations, normalized by the total
contribution of each station over the entire 63-year period:

FI=
k=5X

k=1

Eny
kP2012

ny=1949 E
ny
k

(2)

Alternative choices involved in the construction of the FI are examined in
Fig. 5; goodness-of-fit metrics are shown in Supplementary Table 3.

Projected changes in the flood index. Changes in the FI are calculated by
regressing the FI on observed 1949–2012 PDI compiled from Landsea and Franklin
(2013; covering 1958–2012; ref. 55) and Emanuel (2007; updated to cover
1949–2009; ref. 56; green lines in Supplementary Fig. 4a). Where these two records

overlap, di�erences are relatively small, and we use the mean value. The ‘hybrid’
PDI record is shown with the green line in Supplementary Fig. 4b.

In the regression, the annual FI and PDI are smoothed using a 21-year moving
average, all PDI values are shown as anomalies from the 1986–2005 value, and FI is
presented relative to the 1986–2005 mean. We account for covariance of the
smoothed annual mean values by using a generalized least squares regression. The
sensitivity to a 5-year smoothing period and an ordinary least squares regression is
shown in Supplementary Fig. 6.

We perform the regression on the observed record (baseline, or no SLR, case),
and on the observed record with SLR (2080–2099 mean minus 1986–2005 mean
values) from each AOGCM in the CMIP5 set (1 baseline + 2 RCPs ⇥ 15 models =
31 SLR scenarios); at each location (31 SLR scenarios ⇥ 5 locations = 155 values);
see Supplementary Tables 1 and 2. Three examples of the regression with di�erent
values of SLR are shown in Supplementary Fig. 5. The regression is used to
generate a normal distribution of FI associated with each PDI (asterisks in
Supplementary Fig. 5). To generate the probability distributions shown in
Figs 4 and 5, we calculate changes in the FI distribution using the following
strategy: for the baseline period (1986–2005), we sample from the FI distribution
with PDI anomaly = 0 and SLR = 0; for the future period (2080–2099), just SLR
case, we sample randomly from the 15 FI distributions corresponding to an
unchanged PDI; for the future period (2080–2099), di�erent model case, we sample
randomly from the 15 ⇥ 15 future FI distributions; for the future period
(2080–2099), same model case, we sample randomly from the 15 FI distributions
along the diagonal (PDI and SLR come from the same model);

For the future periods the three methods are repeated for each RCP.
As noted in the text, our analysis does not include sources of sea-level change

arising from geoid changes, freshwater exchanges with ice sheets or groundwater,
or vertical land motion. We perform a sensitivity analysis to a SLR contribution of
31 cm, shown in Supplementary Fig. 7. This represents the median value of the
freshwater exchange terms from the analysis of Kopp et al.5; it does not include the
localized e�ect of geologic processes, such as glacial isostatic adjustment, sediment
compaction, or tectonics, which di�er widely among the sites included in
this analysis.
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