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Front: ©Photo by Joe Raedle/Getty Images—A vehicle drives through flooded streets The flood was 
caused by a combination of the lunar orbit which caused seasonal high tides and what many believe is 
the rising sea levels due to climate change. (on September 30, 2015, in Fort Lauderdale, Florida) South 
Florida is projected to continue to feel the effects of climate change, and many of the cities have begun 

programs such as installing pumps or building up sea walls to combat the rising oceans.
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Model evaluation
A number of evaluation tests were conducted to 

select models for analysis. Due to the short period 
of reliable reanalyses (leading to the use of ERA-
Interim) additional evaluation steps were conducted.

Models with at least three historical simulations 
(listed in Table S22.1) were tested for similarity to 
observational data in terms of reproducing observed:

1. Indonesian interannual precipitation vari-
ability;

2. Indonesian interannual temperature vari-
ability;

3. Niño-3.4 region sea surface temperature (SST) 
variability;

4. Relationships between ENSO and Indonesian 
precipitation; and

5. Relationships between ENSO and Indonesian 
temperature.

To compare the observed and simulated pre-
cipitation and temperature variability a Kolmogorov-
Smirnov test was employed. Models that failed to 
capture observed variability (p < 0.05) in at least 
two-thirds of available historical simulations for 
1979–2005 were removed from our analysis.

Models were subsequently tested on ability to 
capture Niño-3.4 SST variability. Models with simu-
lations where the standard deviation over 1951–2005 
was more than 0.4oC (approximately half the observed 
standard deviation) different from observed were 
removed.

Given the very strong ENSO–Indonesian pre-
cipitation relationship, models were removed if their 
runs did not simulate a significant (5% level) negative 
correlation between Niño-3.4 and Indonesian area-
average precipitation.

The ENSO–Indonesian temperature relationship 
is weaker but still significant. Models that failed to 
simulate positive Niño-3.4 correlation coefficients 
with Indonesian area-average land temperature were 
removed from analysis.

The ten models that passed these tests (shown 
in bold in Table S22.2) were used in the subsequent 
analysis.

tAble S22.1. Change in magnitude of dry (10th 
percentile) and hot events (90th percentile) in July–
October in Indonesia due to ENSO (El Niño relative 
to La Niña and neutral seasons) and anthropogenic 
climate change (all-forced relative to natural-forced) 
respectively. 

ENSO 
(EN relative to 

LN/Neutral)

Climate 
Change  

(All vs Natural)

Precipitation Down > 40% Down > 10%

Temperature > +0.2°C > +1.2°C
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Further details on observational analysis
The data were analyzed both with regression 

analysis for the means and extreme value analysis to 
investigate the dry and warm extremes. The methods 
for the latter are described in van Oldenborgh et al. 
(2015) for seasonal mean temperature: a Gaussian 
or generalized Pareto distribution that changes with 

time is fitted to the observations. The only difference 
is that for precipitation we scale rather than shift the 
probability distribution with the external factor, in 
this case smoothed global mean temperature or the 
Niño-3.4 index, requiring zero probability for nega-
tive rainfall values.

tAble S22.2. Climate models and simulations used in this analysis. Models 
in bold passed the evaluation step and corresponding simulations in bold 
were used in the model-based attribution step.

Model Historical Historical 
Nat RCP8.5

ACCESS1.3 1,2,3 1 1

Bcc-csm1.1 1,2,3 1 1

CanESM2 1,2,3,4,5 1,2,3,4,5 1,2,3,4,5

CCSM4 1,2,3,4,5,6 1,2,4,6 1,2,4,6

CESM1-CAM5 1,2,3 1,2,3 1,2,3

CNRM-CM5 1,2,3,4,5,6,7,8,9,10 1,2,4 1,2,4

CSIRO-Mk3.6.0 1,2,3,4,5,6,7,8,9,10 1,2,3,4,5 1,2,3,4,5

GFDL-CM3 1,2,3,4,5 1 1

GISS-E2-H 1,2,3,4,5 1,2 1,2

GISS-E2-R 1,2,3 1,2 1,2

HadGEM2-ES 1,2,3,4,5 1,2,3,4 1,2,3,4

IPSL-CM5A-LR 1,2,3,4,5,6 1,2,3 1,2,3

IPSL-CM5A-MR 1,2,3 1 1

MIROC-ESM 1,2,3 1,2,3 1

MRI-CGCM3 1,2,3 1 1

NorESM1-M 1,2,3 1 1

Fig. S22.1. Time series of July–October area-averaged (using box shown in main text Fig.22.1a) 
land-only ERA-Interim anomalies for (a) precipitation (%) and (b) temperature (°C) from a 
1979–2005 climatology. Red crosses mark 2015 anomalies.
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Measuring model led uncer tainty and 
determining significance

To estimate uncertainty due to sampling, the mod-
el simulations were bootstrapped 10 000 times, using 
50% subsamples of complete pairs of simulations (e.g., 
ACCESS1.3 run 1 under all-forcings is selected with 
ACCESS1.3 run 1 under natural-forcings), to provide 
estimates of sampling uncertainty in our attribution 
statements. The results reported here are conserva-
tive 10th percentile estimates of the change in likeli-
hood with best estimates (median values) shown in 
parentheses. If 10th percentile change in likelihood 
estimates are greater than zero, we say this represents 
a significant increase in likelihood.

Estimating the relative influences of the El 
Niño and anthropogenic climate change on 
the magnitude of the 2015 precipitation and 
temperature anomalies

By extracting the 10th percentile precipitation 
and the 90th percentile temperatures in the different 
model ensembles (all-forcings, natural-forcings, El 
Niño-only, and La Niña and neutral) and calculating 
the differences we estimated the relative influences 
of ENSO and anthropogenic climate change on the 
magnitude of the hot temperatures and precipitation 
deficits in 2015 (Table S22.1). Overall, the results are 
similar to the main findings of the model analysis 
focused on changes in likelihood of these extremes. 
The precipitation deficit was more strongly related 
to the El Niño event while the temperature anomaly 
was primarily associated with the anthropogenic 
influence on the climate.

Fig. S22.2. (a) July–October linear trend in time in the ERA-interim 2-m temperature (°C) 1979–2014. 
(b) As in (a) for all GHCN-M v3 stations with at least 30 years of data in this period. Note the absence 
of stations in Indonesia.
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