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1 Quantiles and K-largest
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Figure S.1 — a) daily and b) hourly range of different rainfall values associated with each K-largest value (the K-
largest value itself not the bin mean). c) Quantile values associated with each K-largest value (the K-largest
value itself not the bin mean). K-largest — quantile correspondence is almost the same for daily and hourly

rainfall so only daily is shown. Boxplots show the spread of all gauges in the study for both periods of analysis
1966-1989 — period 1 in red and 1990-2013 — period 2 in blue (boxes show the interquartile range with the
median, whiskers extend to 1.5 times the interquartile range and values above or below this are shown as

2  Aerosols

dots).

Aerosols can have an impact on extreme rainfall by their influence on cloud microphysical
processes that potentially lead to an invigoration of deep convective clouds . For the city of
Brisbane, aerosols have been shown to be associated with areas of less intense rain for
stratiform systems, while for cumuliform systems, aerosols might be associated with
enhanced rain downwind of the emissions 2. However, Mitchell, Forgan 3 analysed aerosols in
Australia for the period 1997-2015 using 22 stations spread across the country and found no



widespread changes in aerosols (significant but small, negative trends were present in only
four gauges).

Aerosols can also have a more widespread indirect effect by changing land-sea temperature
contrasts, which in model simulations has been shown to affect the southern hemisphere
ocean circulation 4. Aerosols might also increase the tendency of monsoonal winds to flow
toward Australia and make the tropical Pacific conditions similar to La Nifia affecting mean
seasonal rainfall in parts of Australia °>. However, extreme rainfall and mean rainfall are not
expected to show the same rates of change®. In this study we have shown that both daily and
hourly extreme rainfall are increasing (at very different rates) against a background of strong
regional patterns of changes in mean rainfall in Australia with severe recent drought in parts
of south Australia while rainfall seems to be increasing in the north of Australia’. Therefore,
since no literature could be found for large-scale impact of aerosols in extreme rainfall this
could not be considered in our study.

3 Number of gauges used

Figure S.2 shows the sensitivity of our results to the number of gauges used in the study. The
figure indicates the range of possible continental mean changes for daily and hourly rainfall
extremes when using fewer gauges (25%, 50%, 75% and 99% of the gauges used in this study).

When using only 25% of gauges (i.e. 27 gauges) the continental means vary widely (depending

on which gauges are used) and can even be negative. It can be noted however, that even
when using only 50% of gauges there are no negative changes for the hourly intensities.

Range of changes in magnitude using different number of gauges
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Figure S.2 — Impact of the number of gauges used to calculate changes in a) daily and b) hourly changes in the
magnitude of extreme rainfall. Different colours show the range of possible results when using only 25%, 50%,

75% and 99% of the available gauges (calculations were performed using 10 000 permutations with
repetition to illustrate possible combinations in gauge selection). The x-axis labels show the lower end
bins.

out
of the



4 Robustness of the method

The following plots show that the impact of methodological choices to our conclusions is
negligible. Independently of how they are calculated (means or medians of the K-largest bins,
absolute or relative changes per gauge, spatial means or medians of the Australian continent),
continental changes in daily rainfall magnitudes are always around CC-scaling and within (or
close to) the limits of changes expected from internal variability. Hourly changes are always
well above what could be expected from internal variability and, for the higher values, well
above 2xCC.
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Bin median — absolute changes (per gauge) — spatial median

Daily Hourly
3 2"
E
o 2°
b=
a —_._._.—-_,_____'_—,.;-—"_'-—_-
a . E 9=
¢
c 0 . ’
w
b4 .
=4
£ 0
F —
o .2-
140 120 100 80 60 40 20 140 120 100 80 60 40 20
K-largest bins
Bin median — relative changes (per gauge) — spatial median
_ Daily Hourly
8 10-
'8 50 /\
& 2% i s-
E D e
c 00
e 0
> .25
L]
£
O

140 120 100 80 60 40 20 140 120 100 80 60 40 20
K-largest bins

— observed CcC double.CC

Figure S.3 — Changes (differences) in magnitude (in mm or %) of daily (left) and hourly (right) K-largest values
for: observations (solid blue line), expected changes based on the Clausius-Clapeyron (CC) scaling (dashed red
line) and double the expected changes based on CC-scaling (2xCC - dotted red line). The shaded grey area
shows the changes expected due to internal variability using a 99" confidence interval (calculated using a
bootstrapping technique on the observed dataset, i.e. time-series were randomly reshuffled, with replacement
and retaining spatial correlation, and then divided into two sub-periods and changes calculated: the procedure
was repeated 1000 times). All changes are shown as spatial means or medians of 107 gauge records across
Australia between 1990-2013 and 1966-1989. The x-axis labels show the lower end of the bins (i.e. K-largest 20
— K20 — shows the mean or median change of the 20 largest values, K40 shows the mean or the median change
of the values K21 to K40 inclusive, etc.)




5 Temperature and change factor calculation

In this study, we used global mean surface temperature (GMST) from GISS ° to determine the
change in GMST between the 1966-1989 and 1990-2013 periods. We then used this
information together with a CC-scaling rate of 6.5 % °C™ to calculate rainfall change factors
(CFs) to apply to rainfall from the first period to estimate the change we would expect with CC
and 2xCC scaling. However, we also investigated how the results would differ with the use of
different estimates of temperature change. Since the drivers of rainfall in Australia can be
remote %1, changes in mean surface temperature over different geographical areas were
used to calculate rainfall CFs (Figure S.4). We present these different estimates of
temperature change and their respective CFs in Table S.1. A different dataset (HadCRUT4 *?)

was also used to assess the impact of the choice of temperature dataset.

Figure S.4 — Alternative areas for calculation of temperature changes — Tropics (red), Australasia (blue) and
Australia (green).

Table S.1 Changes in mean surface temperature between 1966-1986 and 1987-2013 and respective change
factor (based on CC-rate of 6.5% °C*) for different regions for two different datasets: GISS Surface Temperature
Analysis (Land-Ocean Temperature Index, ERSSTv5)®° and HadCRUT4 (global historical surface temperature
anomalies) 2.

GISTEMP HadCRUT4
Global 0.48°C 0.43°C

CF=1.031%* CF=1.028
Tropics 0.36°C 0.34°C
Lat=[-30,30] CF=1.023 CF=1.022
Australasia 0.33°C 0.31°C
Lat = [-50,0] CF=1.021 CF=1.020
Lon =[80,180]
Australia 0.34°C 0.34°C
Lat = [-45,-10] CF=1.022 CF=1.022
Lon =[110,1660]

* CF = 1+(0.48x0.065)=1.0312



Since the temperature dataset used in this study (Global GISTEMP) shows the higher CF, the
results of the study would be strengthened by the use of temperature from another
geographical area/dataset. To illustrate this, Figure S.5 shows changes in the magnitude of
extreme rainfall with the expected changes calculated using the Australasian area shown in
Figure S.4 and the CRU dataset (i.e. the lowest CF). The behaviour is similar to that shown in
Figure 1 in the main paper but the changes in daily extremes are now closer to 2xCC, while the
changes in hourly extremes are always more than 2xCC.

Changes in magnitude using the lowest change factor
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Figure S.5 — Changes (differences) in magnitude (in mm) of daily (left) and hourly (right) K-largest values for:
observations (solid blue line), expected changes based on Clausius-Clapeyron (CC) scaling (dashed red line) and
double the expected changes based on CC-scaling (2xCC, dotted red line). The temperature used for the CC
scaling was calculated using the area encompassed by the Australasian box (Figure S.4 - latitude between 50°S
and 0° and longitude between 80°E and 180°E) which shows the smallest change in temperature of all areas
assessed. The shaded grey area shows the changes expected due to internal variability using a 99" confidence
interval (calculated using a bootstrapping technique on the observed dataset, i.e. time-series were randomly
reshuffled, with replacement and keeping spatial correlation, and then divided into two sub-periods and
changes calculated, the procedure was repeated 1000 times). All changes are shown as spatial means of
Australia between 1990-2013 and 1966-1989. The x-axis labels show the lower end of the bins (i.e. K-largest 20
— K20 — shows the mean change of the 20 largest values, K40 shows the mean change of the values K21 to K40
inclusive).

6 Frequency changes

Since changes in rainfall magnitude should result in frequency changes, we also assessed the
continental mean changes in the frequency of values above each K-largest. Changes to the
frequency of daily and hourly rainfall extremes are shown in Figure S.6 for K-largest values



calculated for Period 1: 1966-1989 (see “Data & Methods”). We find that continental-scale
changes scale at CC or sub-CC for daily extremes and are well within the range expected from
internal variability. However, the change in hourly extreme rainfall frequencies scales at
between CC to 2xCC for the most extreme intensities, and frequency changes for >K120 are
outside the range expected from natural variability.

To assess possible out-of-sample problems® 4 (

i.e. impact of the K-largest being calculated on
period 1 and applied to period 2), Figure S.7 shows the results using Period 2 (1990-2013) and
the whole record (1966-2013) to calculate K-largest values. Although the absolute changes
differ with the period chosen to define the K-largest, the behaviour is similar, with daily
changes always being below CC and hourly changes around 2xCC for K20. The largest
difference is that using all data to define the K-largest the changes in hourly extremes are

always well above CC-scaling (even for the lower extremes).

Changes in frequency (1990-2013 from 1966-1989)
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Figure S.6 — Changes (difference) in number of daily (left) and hourly (right) K-largest values for: observations
(solid blue line), expected changes based on Clausius-Clapeyron (CC) scaling (dashed red line) and double the
expected changes based on CC-scaling (2xCC, dotted red line). The shaded grey area shows the changes
expected due to internal variability using a 99" confidence interval (calculated using a bootstrapping technique
on the observed dataset, i.e. time-series were randomly reshuffled, with replacement and keeping spatial
correlation and then divided into two sub-period and changes calculated, the procedure was repeated 1000
times). All changes are shown as spatial means of changes for 107 gauges across Australia between 1990-2013
and 1966-1989. The x-axis labels show the lower end of the bins (i.e. K-largest 20 shows the change in the
number of values equal to or above the magnitude of the 20" largest value of the first period).



Changes in frequency: K-largest calculation periods
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Figure S.7 — Changes in the frequency of daily (left) and hourly (right) K-largest values for: observations (solid
lines), expected changes based on Clausius-Clapeyron (CC) scaling (dashed lines) and double the expected
changes based on CC-scaling (2xCC, dotted lines). K-largest values were calculated using the second period -
1990-2013 (“P2” - blue) and using the whole dataset — 1966-2013 (“all” - green). All changes are shown as
spatial means of changes at 107 gauges across Australia between 1990-2013 and 1966-1989. The x-axis labels
show the lower end of the K-largest bins.

7 Seasonality

Shifts in seasonality of extreme events could affect our results if extreme events that tended
to happen in the cooler season became more prevalent in the warmer season. A possible
change in seasonality of extremes could therefore have a stronger impact than the direct role
of thermodynamic effects due to the rise of the global mean temperature. Since Australia has
very different climatic zones, from tropical to desert to temperate, there are no coherent
seasons that can be applied to all regions. Therefore, “seasonality” was analysed by looking at
which months the intense rainfall occurred in. To assess possible changes in seasonality, we
selected the 20 highest values per gauge and, for each gauge, we calculated the modal month
of extreme values (the month with higher occurrences of extreme values). To investigate if
extremes are spread around the year or clustered in the modal month we calculated the Gini
coefficient *° using the R-package “ineq”?®. This coefficient is commonly used as a summary
measure of income inequality but has also been used in hydroclimatic studies” 2. The Gini
coefficient is defined as the mean absolute difference between all pairs of items of a
population - in this case all pairs of monthly frequencies of values above K20 (for each gauge).



The coefficient ranges from zero (if all months have the same number of values above K20) to
one (if one month has all the values above K20).
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Figure 5.8 — Seasonality of the 20 largest values per gauge. The top four maps show the modal month of
extreme values (month with higher number of rainfall values equal or above K20) for daily and hourly rainfall
and for period 1 (1966-1989) and period 2 (1990-2013). The lower four maps show the Gini coefficient - a
measure of the spread of the extreme events across the months of the year.
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Figure S.8 shows that, for both daily and hourly rainfall, the biggest 20 values tend to occur in
December to March (Austral summer) for both periods of analysis. The only exception is the
West coast where a few gauges show most of the extreme values during April-June. The Gini
coefficient ranges from 0.2 to 0.9 with the higher values present in the north of Australia
where the extremes tend to gather more strongly around the same month. The lowest values
are in the south of Australia, especially for daily rainfall where the extreme values are more
spread across different months. Not surprisingly, this is also the area where more gauges
show a different modal month between the two periods of analysis for daily rainfall since the
seasonality of extremes is relatively week and therefore differences are likely to be due to
sampling/internal variability.

Changes in seasonality for K20
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Figure 5.9 — Changes in modal month (of the 20 largest rainfall values) per gauge for daily (top) and hourly
(bottom) rainfall between period 1 (1966-1989) and period 2 (1990-2013). Positive values mean the modal
month in period 2 is after period 1, negative values show the reverse (so for example if the modal month
changes from February to April the difference would be 2 while February to December would be -2).

Examining changes in the modal month between the two periods (Figure S.9, left) it is clear
that in most gauges the modal month is not changing or is changing by just 1 (2) month(s) for
hourly (daily) rainfall. Furthermore, the Gini coefficient is also not changing much between the
two periods; for hourly rainfall, 75% of gauges have changes in the Gini coefficient between -
0.02 and 0.1. Therefore, there is also no noteworthy change in the strength of the seasonality.
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We therefore concluded that: most gauges have extreme values occurring predominantly in
the warm months for both periods, changes in the modal month are restricted to 1 or 2
months for most gauges and the strength of seasonality has not substantially changed in-
between the two periods of analysis. Consequently, changes in seasonality of precipitation
extremes does not impact our results.

8 ENSO variability

Figure S.10 shows the El Nifio Southern Oscillation (ENSO) Nifio 3.4 index time-series®® for the
period of analysis and Table S.2 indicates the number of months in each phase (El Nifio, La
Nifia or neutral).

ENSO (nino 3.4) - monthly data

. neutral
. nina
. ninao

ENSO anormaly

1970 1980 1990 2000 2010

Figure S.10 — Nifio 3.4 index time series'® with La Nifia phases shown in blue and El Nifio phases in red. The two
periods of analysis are separated by the dashed black line.

Table S.2 — Number of months in El Nifio, La Nifia and Neutral phases for the three periods of analysis.

1966-1989 1990-2013 1966-2013

El Nifio 36 29 65
La Nina 63 42 105
Neutral 189 217 406

Figure S.11 shows the spatial patterns of the effect of ENSO’s phase on the occurrence of
hourly extremes (K20, K40 and K60).
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Effect of ENS0O's phase on the occurrence of hourly extremes
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Figure S.11 — Percentage of El Nifio, La Nifia and neutral months with extreme hourly rainfall, for different K-
largest bins. The labels show the lower end of the bins; K20 — shows the percentage of nino/nina/neutral
months with values above or equal to K20, K40 shows the percentage of months with values between K40
(inclusive) and K20 (exclusive) and K60 between K60 and K40.

Changes in the Nifio 3.4 index time series between 1966 and 2013 were assessed using the
Pettitt test (change point analysis) and the Mann-Kendall test (trend analysis). Null hypothesis
significance tests assume data is independent and identically distributed while Nifio 3.4 index
shows strong autocorrelation. Therefore, the significance of the tests was calculated by
comparing observed test statistics with the test statistics for 100,000 surrogate Nifio 3.4
indices. The surrogates are random time-series with the same distribution and autocorrelation
but stationary, created using iterated amplitude adjusted Fourier transformations 2% 2%22 23,
The variance was calculated as the squared residuals by fitting the time series with a locally
weighted scatterplot smoothing (LOESS) function 2*2> 2%, The results are presented in Figure
S.12 to Figure S.15 showing that during the analysis period (1966-2013), we found no evidence
for change points or trends within the Nifio 3.4 index series or in its variance.
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Pettitt test for ENSO Pettitt test for ENSO
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Figure S.12 — Change point analysis for ENSO (Nifio 3.4 index) time series between 1966 and 2013 using the
Pettitt test. The plot on the left shows the result for the observed series (x, red line) is below the 0.95 quantile of
the surrogate series meaning no statistically significant change point was detected at the 0.05 significance
level. The plot on the right shows the distribution of the results of the test statistics using 10 000 and 100 000
surrogates (sur) — since their distributions are almost identical, 100 000 surrogates were considered enough to
perform the analysis.
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Figure S.13 — Trend analysis for ENSO (Nifio 3.4 index) time series between 1966 and 2013 using the Mann-
Kendall test. The plot on the left shows the result for the observed series (x, red line) is below the 0.95 quantile
of the surrogate series meaning no statistically significant trend was detected at the 0.05 significance level. The
plot on the right shows the distribution of the results of the test statistics using 10 000 and 100 000 surrogates
(sur)- since their distributions are almost identical, 100 000 surrogates were considered enough to perform the

analysis.

14



Pettitt test - ENSO variance Pettitt test - ENSO variance
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Figure S.14 — Change point analysis for ENSO’s (Nifio 3.4 index) variance time series between 1966 and 2013
using the Pettitt test. The plot on the left shows the result for the observed series (x, red line) is below the 0.95
quantile of the surrogate series meaning no statistically significant change point was detected at the 0.05
significance level. The plot on the right shows the distribution of the results of the test statistics using 10 000
and 100 000 surrogates (sur) — since their distributions are almost identical 100 000 surrogates were
considered enough to perform the analysis.
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Figure S.15 — Trend analysis for ENSO’s (Nifio 3.4 index) variance time series between 1966 and 2013 using the
Mann-Kendall test. The plot on the left shows the result for the observed series (x, red line) is below the 0.95
quantile of the surrogate series meaning no statistically significant trend was detected at the 0.05 significance
level. The plot on the right shows the distribution of the results of the test statistics using 10 000 and 100 000
surrogates (sur) — since their distributions are almost identical 100 000 surrogates were considered enough to
perform the analysis.
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