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Abstract
Understanding how the statistical properties of daily rainfall will respond to a warming climate
requires ensembles of climate model data which are much larger than those typically available from
existing centennial-scale modelling experiments. While such centennial-scale experiments are very
useful to explore scenario uncertainty in twenty-first century climate, ensemble size constraints
often result in regional climate change assessments restricting their focus to annual- or
season-mean rainfall projections without providing robust information about changes to the most
extreme events. Here, we make use of multi-thousand member ensembles of regional climate
model output from theWeather@Home project to explicitly resolve how the wettest and driest days
of the year over New Zealand will respond to simulations of a 3 ◦C world, relative to simulations of
the climate of the recent past (2006–15). Using a novel framework to disentangle changes during
the wettest and driest days of the year, we show that many regions which show negligible change in
annual mean rainfall are in fact experiencing significant changes in the amount of rain falling
during both the wettest and driest spells. Exploring these changes through the lens of drought risk,
we find many agricultural regions in New Zealand will face significant changes in the frequency of
low-rainfall extremes in a warmer world.

1. Introduction

Understanding the unevenness of precipitation is crit-
ically important when anticipating and adapting to
the risks associated with a hydrological cycle which is
strengthening due to anthropogenic climate change
(Giorgi et al 2011, Padrón et al 2020, Gudmundsson
et al 2021). Seminal work by Pendergrass and col-
leagues (Pendergrass et al 2017, Pendergrass 2018,
Pendergrass and Knutti 2018) has brought atten-
tion to the sometimes extreme asymmetry which
can be observed in daily precipitation, as well as its
consequences. For example, previous research has
found that globally, in the median case, half of
annual precipitation falls within the wettest twelve
days (Pendergrass and Knutti 2018), withmost future
increases in annual precipitation also concentrated

within these wettest days of the year. Complementary
work by Goffin and colleagues (2024) examined tem-
poral changes in how many of the wettest days are
required to contribute to half of a year’s annual rain-
fall, revealing that precipitation regimes have intensi-
fied over continental Europewithin the last fifty years.
Equally, the importance of the many other days of the
year with little precipitation (or ‘drizzle days’) can-
not be overlooked, as their presence or absence can
be a critical determinant of potential drought risk and
subsequent impacts (Fishman 2016, Sloat et al 2018,
Lesk et al 2022).

While past research on the unevenness of daily
precipitation and its change through time has primar-
ily focused on the analysis of historical obser-
vations or multi-model projections of future cli-
mate, few studies have leveraged the recent growth
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of large-ensemble climate modelling experiments
(Deser et al 2020, Lehner et al 2020). Relatedly, one
of the drawbacks of previous studies on daily rainfall
asymmetry has been the tendency to focus only on
the wettest days of the year required to reach some
fraction of annual rainfall, rather than considering
changes to unevenness at both the dry and wet end of
a location’s precipitation regime: this, in turn, relates
to the sample size limitations inherent in analyses
relying on single observational datasets or from cli-
mate model experiments with small ensemble sizes,
like the fifth (or sixth) phase of the Coupled Model
Intercomparison Project (CMIP5; Taylor et al 2012,
Eyring et al 2016).

In this study, we will leverage very large
(multi-thousand member) ensembles of regional
climate model output from one of the largest
initial-condition climate modelling experiments—
Weather@Home—to interrogate changes to the
unevenness of daily rainfall over the New Zealand
region. Understanding any changes to the asymmetry
in daily rainfall through time is particularly pertin-
ent for a temperate, mid-latitude and topographically
complex country like New Zealand, a country with a
large primary sector which relies primarily on rain-
fed pastoral agriculture, and which has a diverse array
of rainfall regimes which can differ significantly over
short distances (Sturman and Tapper 2006).

Previous modelling efforts to quantify changes in
daily rainfall characteristics in response to a warming
climate overNewZealand have been limited bymodel
fidelity issues and computational cost constraints
impeding the size of the ensembles used (Ministry
for the Environment 2018). Consequently, there has
been a focus on simple metrics of future precipitation
change which are less sensitive to such model- and
initial-condition uncertainties, particularly a focus on
changes in total rainfall over individual seasons and
annually (for example, https://ofcnz.niwa.co.nz/).
Unfortunately, such coarsening of the temporal resol-
ution of future climate projections often diminishes
the practical utility for on-the-ground users of this
information (Cradock-Henry et al 2018, Harrington
2021).

By explicitly quantifying how the intensity of rain-
fall is changing for each calendar day of the year, this
study will examine how both the wettest and driest
days of the year are projected to respond differently to
additional anthropogenic climate change across New
Zealand, as well as how these changes manifest them-
selves in the form of unprecedented dry years in the
future.

2. Data andmethods

2.1. Weather@Home simulations
The study makes use of the many thousands of
simulations available from the Weather@Home
regional climate modelling experiment for the

Australia-New Zealand region (Black et al 2016).
The Weather@Home experiment (Massey et al 2015)
enables such large ensembles to be created by employ-
ing volunteer distributed computing via the ‘cli-
mateprediction.net’ project (Allen 1999) using the
‘BOINC’ (Berkeley Open Infrastructure for Network
Computing) platform (Anderson 2020). A volun-
teer participant downloads and runs two U.K. Met.
Office Hadley Centre models in tandem: the global
model HadAM3P (Pope et al 2000) with the regional
model HadRM3P (Jones et al 2004) one-way nested
within it. Both models are of the atmosphere only
and are supplied with sea surface temperatures and
sea ice as lower boundary conditions: here, these
were taken from the OSTIA (Operational Sea surface
Temperature and sea Ice Analysis) dataset (Donlon
et al 2012).

To simulate near-present-day conditions (approx-
imately equivalent to 0.9 K of warming above pre-
industrial levels), the model set-up was run with all
inputs—e.g. greenhouse gases, aerosol, ozone, solar
and volcanic forcings—appropriate to near-present-
day conditions. Simulations were performed in one-
year lengths and covered the period 2006–15. Note
that the model uses a 360 day year which has been
carried forward into all calculations presented here.

Simulations of a world 3 K warmer than
pre-industrial levels were performed by utilising
the ‘HAPPI’ (Half a degree Additional warm-
ing: Prognosis and Projected Impacts) framework
(Mitchell et al 2017) which was then expanded
by Lo et al (2019) and Shiogama et al (2020).
We input anthropogenic forcings (including well-
mixed greenhouse gas concentrations) based on
a weighted combination of the Representative
Concentration Pathways (RCPs) 4.5 and 8.5 in 2095
(0.686 × RCP4.5 + 0.314 × RCP8.5), which leads to
a global mean temperature response about 2.1 ◦C
warmer than the 2006–15 ensemble mean (and
thus 3 K above pre-industrial levels). Similarly, SST
changes were taken from a multi-model mean of
CMIP5 model simulations of 2091–2100 using a lin-
ear weighted combination of RCPs 4.5 and 8.5. Sea ice
changes were estimated by applying a linear SST/sea
ice relationship derived from observations to the SST
changes (Mitchell et al 2017).

In this way, two sets of model simulations are pro-
duced: a baseline climatology (the ‘Current Climate’
experiment) covering the period 2006–15, and a 3 K
warmer future (the ‘3 K experiment’), covering the
2090s (though in principle, it could represent any
decade so long as the radiative forcings were con-
sistent with a 3 ◦C-warmer world). In each case the
decade is made up of one-year simulations, with
the model being re-initialised for each year. Within
each specification of supplied boundary conditions
(i.e. a specific year within the present-day or 3 K
future), the very large ensembles are created by intro-
ducing a small perturbation to the initial conditions
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of the global climate model in the form of slight
changes to the three-dimensional potential temper-
ature field alongside perturbations to the large-scale
circulation and soil moisture fields (these perturba-
tions were generated by calculating the next-day dif-
ferences within a one-year integration of the global
model). Although these initial condition perturba-
tions are only applied to the globalmodel, they imme-
diately affect the regional simulations through the
transfer of lateral boundary conditions at the end of
the first global model day (see Black et al 2016 for fur-
ther details). Hence, these large ensembles represent
many different realisations of possible weather states
pertaining to any particular set of forcings, and in this
way mimic the chaotic element inherent in the devel-
opment of weather and climate features. More than
200 realisations of each year were run, leading to total
ensemble sizes of 3662 and 2535model years, respect-
ively, for the Current Climate and 3 K experiments
(see also table S1).

The Weather@Home model used here ran the
global model at approximately 150 km resolution,
with the embedded regional model spanning the
Australasian domain developed by the Coordinated
Regional Downscaling Experiment Australasia pro-
ject (Evans et al 2021) at approximately 50 km resol-
ution. The model evaluation performed by Black and
colleagues (2016) demonstrated that this model set-
up is capable of reproducing the essential observed
weather and climate features of the Australia-New
Zealand region with a good degree of accuracy, and
further evaluation of extreme rainfall in the New
Zealand region corroborated this (Rosier et al 2015).
Additional evaluation tests shown in the supplement-
ary materials (figures S1 and 2) further illustrate the
adequacy of thismodelling framework for the analysis
presented in sections 3 and 4.

3. Results

3.1. Best-estimate projections of annual rainfall
change
Figure 1 shows ensemble mean changes in annual
rainfall across the country, comparing projections of
a modelled 3 ◦C world (hereafter ‘3 K experiment’)
relative to simulations of the current climate (here-
after ‘Current Climate’ experiment). Consistent with
evidence frompast studies (MFE 2018, Bird et al 2023,
Gibson et al 2024), annual mean rainfall is found
to increase by up to 10% along the western coast-
line of both islands (particularly the South Island),
while comparable decreases in annual rainfall can also
be detected over drier inland regions of the South
Island, particularly ‘rain shadow’ regions on the lee-
ward side of the SouthernAlps, like SouthCanterbury
and Central Otago. Both patterns of change are con-
sistent with a strengthening of rain-bearing weather
systems arriving from the west of the country, while

Figure 1. Ensemble-mean projected change in annual mean
rainfall for the 3 KWeather@Home experiment, presented
as a percentage change relative to the current climate
experiment (or ‘today’). The red box denotes the case study
Northland region examined in .sections 3.2 and 4.2

no clear changes in annual rainfall can be seen across
most of the North Island.

3.2. Interrogating projected changes in rainfall on
the driest and wettest days of the year
Next, we sort daily rainfall in each modelled year in
descending order, examine this ordered wet-to-dry
distribution of daily rainfall across each model year,
and consider projected changes in daily rainfall for an
individual location, focusing on theNorthland region
as a case study example (see red box in figure 1).

As illustrated in figure 2(a), we choose to focus
on two periods of rainfall accumulation at the dry
and wet end of the distribution, such that they each
combine to result in the same amount of cumulat-
ive rainfall on an average year in the Current Climate
experiment. Specifically, we focus on the most and
fewest days needed to reach 25% of annual mean
rainfall: for the case of Northland and considering
the ensemble median of the Current Climate exper-
iment, a quarter of annual rainfall can be reached
by either combining the five wettest days of the year
together (blue shading) or equally when consider-
ing total rainfall across the 326 driest days of the
year (brown shading). Thus, we fix our subsequent
analysis for this case study location to focus on the
total rain which falls on the wettest five days (here-
after ‘wet quartile rainfall’) and on the driest 326 d
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Figure 2. Schematic illustration of the framework to assess projected future changes in wet and dry quartile rainfall at an
individual location. The top panel shows ranked daily rainfall (in descending order) for an example location (Northland). Panel
(b) shows ensemble median projections of how more or less rain will fall on each individual day of the year under the warmer 3 K
model experiment, relative to the corresponding ranked calendar day in the current climate model ensemble. Panels (c) and (d)
show ensemble variability in these projected changes when considering rainfall from all days in the wet and dry quartile of the
ranked rainfall distributions. Risk-averse projections of future change have been calculated by assessing the 90th (10th) percentile
of projected changes in wet-quartile (dry-quartile) total rainfall.

of the year (hereafter ‘dry quartile rainfall’) for each
individual ensemble member of both the Current
Climate and 3 K experiments, as well as changes
to rainfall for each ranked calendar day individually
(note that days 151–360 have been excluded from

figure 2 as they are almost all days with zero rain-
fall). This framework enables the calculation and
partitioning of how the proportion of annual rain-
fall coming from the wettest days will intensify in
the warmer model experiment, relative to how total
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rainfall coming from the driest days of the year will
change.

Figure 2(b) shows the percent change in rainfall
for each day of the year when comparing the median
ensemble member of the 3 K experiment against
the corresponding ensemble median output from the
Current Climate experiment (see figure 2(a)). Again,
this day-by-day comparison is made after first sorting
daily rainfall in each model year in descending order.
It is clear to see that the wettest days of the year are
becoming wetter on average in the 3 K experiment,
while the driest days of the year have less rainfall asso-
ciated with them. When consolidating these changes
for cumulative rainfall over both the five wettest and
326 driest days separately, we find wet quartile rain-
fall has increased by 9%, while total rainfall from the
dry quartile reaches only 88% of that in the Current
Climate experiment (a reduction of 12%).

Of course, the vast ensemble size of the multi-
thousand member Weather@Home experiments
allows the calculation of not just projected changes in
daily rainfall for an ‘average’ year, but also changes in
these daily rainfall distributions during unusually wet
or dry years. Equally, we can view this exploration of
the full model ensemble to produce a conservative (or
‘risk-averse’) assessment of projected changes for an
average year in the 3 K experiments.

To demonstrate this, figures 2(c) and (d) show the
spread of projected changes in wet and dry-quartile
rainfall for all Weather@Home ensemble members,
sorted along the x-axis on a quantile-quantile basis
with respect to the total rain fallingwithin eachmodel
year. For example, the Q90 point in figure 2(c) com-
pares the percent intensification rate for the model
year in the 3 K ensemble for which total rainfall
across the five wettest days ranked in the 90th per-
centile of that ensemble, relative to the correspond-
ing model year from the Current Climate experi-
ment which also ranked in the 90th percentile in
terms of total wet quartile rainfall. Equally, this can
be thought of as comparing a 1-in-10-year wet year
in the 3 K experiment against a 1-in-10-year wet year
from the Current Climate experiment. After repeat-
ing this process for the dry end of the distribution—
comparing model years drawn from the 10th per-
centile of each model ensemble based on total dry
quartile rainfall—we then yield two alternative estim-
ates of future changes in rainfall during the wettest
and driest days of the year. Specifically, we find the
wettest days on unusually wet years are becoming
15% more intense in the 3 K experiment relative to
the Current Climate experiment (as opposed to 9%
for the ensemble median), while dry quartile rain-
fall during unusually dry years in the 3 K experi-
ment contributes only 85% of the total rainfall seen
in the Current Climate experiment (as opposed to
88% for the ensemble median). We hereafter refer
to these latter results as the risk-averse projections

of future change, while the ensemble-median projec-
tions presented in figure 2(b) are hereafter described
as the best-estimate projections.

3.3. Decomposing nationwide projections of future
rainfall on the wettest and driest days of the year
Extending the framework introduced in section 3.2
for each individual grid cell across New Zealand, we
can extract changes in locally specific definitions of
the wettest and driest days of the year, and their
projected changes in corresponding total rainfall in
response to additional global warming.

This first requires quantifying local variations in
the least and the greatest number of calendar days
required for cumulative rainfall to reach a quarter of
annual mean rainfall in the Current Climate experi-
ment. We hereafter refer to these values as wet quart-
ile length (WQL) and dry quartile length (DQL),
respectively: in the Northland case study example
presented earlier in section 3.2, WQL was 5 d while
DQL was 326 d. These local adjustments of what
time periods are relevant to consider when contextu-
alising changes to the wettest and driest days of the
year allows a more meaningful comparison of future
projections between regions with otherwisemarkedly
different rainfall regimes.

3.3.1. Spatial patterns of the least and greatest number
of days needed to produce a quarter of annual mean
rainfall
Figure 3 presents these spatial variations in WQL and
DQL across New Zealand, revealing robust regional
differences, particularly when comparing the clima-
tologically dry eastern and wet western coastlines of
the South Island. Indeed, many regions along the
drier eastern coastlines of both islands reach a quarter
of their annual rainfall from as little as two extremely
wet days occurring. Most regions in the northern
half of the North Island, including those regularly
exposed to atmospheric rivers and extratropical cyc-
lones impacting north-facing coastlines in the austral
summertime (Rosier et al 2015, Stone et al 2024), see
WQL values of between four and six days.Meanwhile,
climatologically very wet regions in the south-west of
country require the cumulative rain falling from their
16 wettest days before a quarter of annual rainfall is
reached. Similar spatial patterns exist when consider-
ingDQL in figure 3(b), withDQL values varying from
more than 330 d along the east coast of the North
Island, between 320 and 330 d in the upper North
Island, down to less than 280 d in the south-west of
the country. As is clear from figure 3, the spatial pat-
terns of WQL and DWL are themselves strongly neg-
atively correlated (r = −0.94), and consistent with
corresponding regional patterns found in observa-
tions (see figures S1 and 2).

5



Environ. Res. Lett. 19 (2024) 074057 L J Harrington et al

Figure 3.Maps showing (a) wet-quartile length (WQL) and (b) dry-quartile length (DQL), as defined in the main text, for an
average year in the current climate model experiment.

3.3.2. Spatially homogeneous patterns of projected
rainfall change for local wettest and driest days of the
year
Alongside projected changes in annual mean rainfall
(as previously shown in figure 1), figure 4 presents
maps of best-estimate and risk-averse projections of
change in wet quartile and dry quartile total rainfall
across New Zealand, with results from the 3 K experi-
ment presented as a percentage of corresponding res-
ults from the Current Climate experiment.

When examining the best-estimate projections of
wet-quartile and dry-quartile rainfall change, clear
spatial patterns emerge. Of note, the additional rain
falling during the wettest days of the year is uni-
formly increasing across nearly all locations in the
3 K ensemble, with most inland regions of the North
Island showing 6%–10% additional rainfall, includ-
ing many locations which have negligible projected
change in total annual rainfall. Similarly homogen-
ous features are clear when assessing inland changes
to total rainfall resulting from the driest days of the
year: only about 80%–90% of total dry-quartile rain-
fall seen on average in the Current Climate experi-
ment occurs in the 3 K world.

While these spatial characteristics of change are
preserved, the magnitude of projected changes in
wet-quartile and dry-quartile rainfall are otherwise
exacerbated when comparing the risk-averse projec-
tions with the corresponding best-estimate projec-
tions. For example, those same inland regions of the
North Island exhibit increases in wet-quartile rainfall
of more than 10%, with values in excess of 15% along
the western and northern coastlines of the North
Island. Further, some regions of inland Marlborough

and Central Otago experience only 80% of the dry-
quartile rainfall experienced in the Current Climate
experiment under warmer conditions.

4. Discussion

4.1. Inferring future changes to the wettest and
driest days of the year based on information about
annual rainfall changes only
The ability to resolve robust changes in future rain-
fall for individual days of the year, as shown in
sections 2 and 3, is enabled only by having excep-
tionally large model ensemble sizes, a beneficial fea-
ture of the distributed computing framework under-
pinning theWeather@Home regional climate model-
ling project. Indeed, computational cost is often the
primary barrier to future climate projections credibly
quantifying changes in weather extremes over centen-
nial timescales: in essence, the number of ensemble
members required tomeaningfully resolve changes in
the tails of rainfall and temperature distributions is
too large to achieve while simultaneously providing
projections of the evolution of twenty-first century
climate under multiple different emissions scenarios.
Thus, it is unrealistic to expect other regional climate
modelling experiments which seek to project future
changes inNewZealand climate at the local scale to be
able to reproduce such specific insights about changes
in daily rainfall characteristics.

To overcome the drawbacks of having smaller
ensemble sizes, existing dynamically downscaled pro-
jections of future New Zealand climate coarsen the
temporal scales on which they present information:
for precipitation, this means a focus on season- or
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Figure 4. Nationwide projected changes in rainfall, presented as a percentage change in the 3 K experiment relative to the
corresponding value in the current climate experiment, for (a) annual-mean rainfall; (b) best-estimate change in wet quartile
rainfall; (c) best-estimate change in dry quartile rainfall; (d) risk-averse projection of change in wet quartile rainfall; and (e)
risk-averse projection of change in dry quartile rainfall.

annual-mean changes is commonplace. The results
provided from this analysis offer a useful pathway
to reconcile those annual-scale projections of rainfall
change with meaningful information about what is
happening on the wettest and driest days of the year.
This is presented in figure 5 using scatter plots based
on the location-specific results of figure 4, with each
circle coloured according to the projected annual-
mean rainfall change for that corresponding grid
cell.

As figure 5 shows, we can produce an a priori
estimate of how the statistics of daily rainfall are
changing when only having information about how

annual-mean rainfall is changing at an individual
location. In effect, a good first-order approximation
when comparing an average year in a 3 degree world,
relative to the current climate, is that locations which
exhibit no change in annual-mean rainfall are likely
to have their wettest days of the year producing 10%
more rainfall when they occur, while the driest days of
the year (dry-quartile total rainfall) will produce 10%
less rain than in the current climate.

When applying a risk-averse lens to these a pri-
ori estimates of future change, these numbers increase
further: for places where no annual-mean rainfall
change is projected, on-the-ground decision-makers
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Figure 5. Scatter plot comparing percent changes in wet-quartile and dry-quartile total rainfall in the best-estimate (panel (a))
and risk-averse (panel (b)) projections of future change—that is, comparing the 3 K experiment relative to the current climate
model experiment. Results for each grid cell are presented as an individual circle which in turn is coloured based on
corresponding projected changes in annual mean rainfall. The black circle represents the median of all grey circles in each figure:
this is intended to contextualise answers to the question: ‘if projections show no change in annual rainfall where I live, is this just a
cancellation of opposing signals of change? And if so, what should I expect during the wettest and driest days of the year?’.

should prepare for the driest days of the year (includ-
ing modest-rainfall ‘drizzle days’, which are import-
ant in the context of drought) only contributing 85%
of the total rainfall that they used to. Meanwhile, the
wettest days of the year would produce approximately
12%more rainfall than the wettest days of the year in
the current climate.

In lieu of more sophisticated large-ensemble
model datasets, these ‘rules-of-thumb’ can serve as a
powerful tool for on-the-ground decision makers to
plan for what an average yearmight look like, in terms
of wet and dry extremes, in a warmer 3 ◦C world, rel-
ative to the climate of the recent past. While beyond
the scope of this analysis, it is worth noting that previ-
ous research found precipitation changes around the
New Zealand region to scale approximately linearly
with corresponding increases in global mean temper-
ature (Seneviratne and Hauser 2020).

4.2. Examining the implications for future dry year
risk
Rank-ordering days of a calendar year based on total
rainfall before examining projected future changes
specific to each day has limitations in its utility,
particularly when it comes to understanding the
potential risks from real-world extreme events, like
droughts. To further contextualise the interpretation
of our results in a decision-relevant scenario, we
examine the changing frequency of exceptionally dry
years across our case study Northland region sep-
arately for all individual ensemble members (model
years) from each experiment. To disentangle the
relative impact of the wettest and driest days of
the year changing differently in response to future
warming, we compare total annual rainfall against

corresponding total rainfall from all days except the
ten wettest days of the year in figure 6.

Figure 6 reveals these competing signals of change
in the characteristics of daily rainfall manifest them-
selves in multiple different ways within the same
location. First, there are multiple years in the 3 K
experiment where total rainfall from the 350 driest
days of the year contributes only some 40%–60% of
annual mean rainfall, indicating a potentially high
risk of recording exceptionally low cumulative rainfall
for the year. And yet, these ensemble members (teal
circles above the purple diagonal line in figure 6) end
up being exceptionally wet years (20%–40% above
normal): these model years are examples of where the
wettest days of the year, supercharged because of the
additional warming in the 3 K experiment, have pro-
duced more than half the year’s rainfall in only ten
days and avoided any risks of a dry year occurring.

Conversely, there are other ensemble members
within the 3 K experiment where little rain accumu-
lates over the driest 350 d of the year, but this time
accompanied by similarly modest rain falling on the
ten wettest days of the year, resulting in a signific-
antly dry year being recorded as a result. The prob-
ability of such an outcome is substantially elevated in
the 3 K experiment, as evidenced by the large num-
ber of teal circles in the bottom-left corner of the
scatter plot. Indeed, the number of model years with
annual total rainfall reaching less than 60% of the
ensemble mean climatology in this location increases
three-fold in the warmer 3 K experiment, relative to
the Current Climate ensemble. Comparable increases
in the relative frequency of extreme dry years were
also recorded in other regions with near-zero changes
in annual rainfall (see figure S3).
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Figure 6. Scatterplot for an individual case study location (Northland), comparing annual rainfall from each ensemble member
against the corresponding cumulative rainfall from all days except the ten wettest days of that same year. Filled circles denote each
individual model year from the multi-thousand member Current Climate (red circles) and 3 K (teal circles)Weather@Home
experiments—to account for the different ensemble sizes, only 2000 members were selected (at random) from each ensemble.
Diagonal lines show the ratios of what proportion of annual rainfall came from all other days except the ten wettest days of the
year: most filled circles sitting between a ratio of 3:2 and 2:1 indicates the ten wettest days of the year contribute between 33 and
50% of annual rainfall.

This illustrative example demonstrates how even
regions where the wettest days of the year are intensi-
fying due to climate change can simultaneously
experience elevated risks of extreme rainfall deficits.
Future research is needed to explore other metrics of
drought beyond annual rainfall, and how these are
exacerbated in the warmer 3 K experiment, but such
questions are beyond the scope of the current analysis.

4.3. Limitations
It is important to acknowledge the limitations which
are unavoidable when examining future climate pro-
jections based on output from only one type of
regional climate model, even with the added bene-
fit of multi-thousand member ensembles at a relat-
ively high spatial resolution. As discussed elsewhere
(Hawkins and Sutton 2009, Bellprat and Doblas-
Reyes 2016, Deser et al 2020, Bevacqua et al 2023),
model uncertainty inevitably contributes an addi-
tional layer of uncertainty in any future climate pro-
jections and this is particularly true when producing
decision-relevant information at the regional scale
(Giorgi 2019). TheWeather@Homemodelling frame-
work partially overcomes this challenge by impos-
ing multiple sea surface temperature boundary con-
ditions from an array of different climate models,
based on their independent projections of attribut-
able change in sea surface temperatures with climate
change (Black et al 2016, Mitchell et al 2017, Sparrow
et al 2018). Similarly, the results presented in this ana-
lysis have been presented in a relative model frame-
work wherever possible, so as to avoid any results
being conditional on perfectly simulating observed

rainfall regimes around New Zealand. Nevertheless,
the analyses in this study would benefit from repeti-
tion with other large ensembles of regional climate
modelling, even though no such options currently
exist which matchWeather@Home for both ensemble
size and model resolution over the New Zealand
region.

5. Summary

By leveraging very large ensembles of regional model
simulations for both the recent climate and in a world
3 ◦C warmer than pre-industrial levels, this ana-
lysis provides the first comprehensive assessment of
changes to the characteristics of daily rainfall over
New Zealand, for both the wettest and driest days
of the year. Our results reveal that many locations
around the country exhibit almost perfectly opposing
signals of drying andwettening for the driest andwet-
test days of the year, resulting in many regions show-
ing no projected change in annual rainfall.

For these regions with projections of no change in
annual rainfall, the wettest days of the year—defined
here as those days which combine to produce a
quarter of annual rainfall in the current climate—will
become at least 10% more intense in the 3 K model
experiments, while corresponding dry-quartile rain-
fall decreases by an equivalent amount. Similarly,
other regions which do show projected increases
(decreases) in annual rainfall exhibit correspondingly
larger signals of change in wet-quartile (dry-quartile)
rainfall.When considering how these changes in daily
rainfall express themselves in the form of dry-year
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risk, we find robust increases in the number of years
with ‘drought-busting’ extreme rainfall events, but
also an approximate three-fold increase in the num-
ber of extreme dry years occurring. These projec-
ted increases in the volatility and unevenness of daily
rainfall across New Zealand provide further evidence
of the challenges which must be confronted if global
temperatures continue to increase rapidly over the
twenty-first century.

Data availability statement

The data cannot be made publicly available upon
publication because the cost of preparing, depositing
and hosting the data would be prohibitive within the
terms of this research project. The data that support
the findings of this study are available upon reason-
able request from the authors.

Acknowledgments

The authors thank Daithi Stone for helpful dis-
cussions related to the manuscript. SMR and LJH
acknowledge funding from theNewZealandMinistry
for Business, Innovation & Employment’s (MBIE) via
their Deep South National Science Challenge (Grant
ID: C01X1412). LJH, DJF, TIM and SMR acknow-
ledge further support from MBIE’s Endeavour Fund
Whakahura programme (Grant ID: RTVU1906). LJH
additionally acknowledges funding fromToka Tū Ake
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