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Framing Extreme Precipitation Events in the Context of Cumulative Emissions
Abstract

Travis R.Moore, Ph.D.
Concordia University, 202

Heavy to extreme precipitation events are offestructive forms of weather that, despite
their infrequency, can lead to significant losses of human life and infrastructural damage. Such
events are expected to increase in a warmer world as cumulatioe egmiissions continue to
rise. However, the extent to which this increase occurs varies considerably across scenarios and
spatial scales, especiaflyr the most extreme precipitation. The Transient Response to
CumulativeCO; Emissions (TCRE) has provenlte a powerful metridiatcharacterizethe
linear response of global mean temperature to cumulative carbon emissions, and previous
research has shown its potential applicability to other climate indicators, such as regional
temperature and precipitaticand heat extremeBYy using simulations from nine Coupled
Model Intercomparison Project Phase 5 (CMIP5) modatéend toquantify extreme
precipitation indices of orday maximum (Rxlday) and fivelay maximum (Rx5day) events
againstcumulative CQ emissions. | show that the TCRE framework can be applied to represent
changes in these precipitation extrenveiffy validationof this approach at suglobal scales
across emissions scenarios. In Chapter 3, | determine whether precipitation extremes respond
linearly to cumulativeCO, emissions, at global to local scales, using simple linear regression
modelling. In Chapter 4, | conduct a Generalized Extreme Value (GEV) analysis to model the
behavior of the most extreme values of Rx1day and Rx5day and evaluate whether trends in
locationparameter estimates and specified return levels can be approximdtedibga)

TCRE values. For Chapter 5, | extend this analysis to estimate remaining carbon {(RG8sis
associated with avoiding particular extreme precipitation levels. Overalesuoits suggest that
extreme precipitation work well within a TCRE framework, and that global andlsbhl

changes can be well approximated by linear respaosgumulativeCO, emissions, though with
less robustly linear trends at local scales. My teduftherhighlightthat location parameter
estimates and return levels of Rx1day and Rx5day scale approximately linearly to increasing
cumulative carbon emissions. My findings also showR@Bsare generally small to avoid
specified presenday 20yearand 100year return levelsThis suggestthat such events are
becoming commonplaagith global warming.
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Chapter 1 : General Introduction

Weather and climate extremes are expected to increase in both frequency and
intensity as global cumulative emissionsand correspondingly global temperatures,
continue torise. This has prompted moreglobal and regional concernsas such events often
yield significant negative impacts to human health andafety, as well as present major
environmental stressesindeed, according to the World Meteorological Organization,
extreme weather events have accounted for more than two million deaths over a §2ar
period, from 1970 to 2021, 90% of which occurred in developing nations (World
Meteorological Organization, 2022)Mortality due to extreme weatherand extreme climate
eventshas, nevertheless, shown a decrease atlglobal scaledespite anincrease in
extremes(Franzke & Torello, 2020. Thissuggess an overall better adaptation tosuch
events, including in developing nationg(Franzke & Torello, 2020, such asn India (Ray et
al., 202]). That said, certain exteme events havéeen linked tomarked increasein the
number of fatalities; for example,deaths associated withheat extremeshave shown an
increasein regions of Europe(e.g.Franzke & Torello, 2020 and globally (e.gClarke et al.,
2022).

However,while there is strong consensus that these events are likely to increase in
frequency and/or intensity in a warmer climate,the extent to which they will do so
remains uncertain, including with respect toresponses to thevarious specified global
warming targets and related amounts of warmingnentioned in international agreements
A large portion of this uncertainty originates with the relatively coarse model resolutions

often used to examine many of these extremesd their environmental conditions,



especally since several forms of extreme weather realistically cover mudiner scales,
such asseverethunderstorms and other related local to mesoscale systems

Weather and climate extremes are broad terms that make reference to rare events
that occur outside of agiverOA CET T 1 Qlimatbldgy @pdaringminin th e tails of a
normal distribution of their frequencies. What constitutes a weather (or climate) extreme
is typically presented under a wealth of definitions across the climate impactgerature.
The Intergovernmental Panel on Climate Change Sixth Assessment RepoRGIC AR} for
example,defines such events differently based on time scale; \ather extremes carbe
events that take place over some place and time, while a climate extrewsn lag for
extended periods(IPCC, 2021)In consideration of this and relateddefinitions, weather
extremes maybe described as shomr-term events.Theseevents can, thus, be manifested
as a relatively sudden eventsuch asa tornado outbreak derechoor aflashflood event
associatedwith afamily of severe thunderstorms inCanada orthe United Statesand
elsewhere Conversely, a climate extreme can b#or instance,in the form of an ongoing dry
regime that may contribute to abnormally ubiquitous wildfires in someregion or collection
of regions, such as the Canadian wildfires aghe summer of 2023, or an ongoing wet
pattern that may aulminate in significant flooding.

A precipitation extreme alsomay not always necessarilynanifest as an extreme
precipitation amount over various time scales, but rathecanalsobe a form of
precipitation that is not typically observed in a given location or region in question, even if
this precipitation comes in lighter amounts and appears only briefly. Weather extremes
that occupy longer periods of time, such as over multiple days in succession, may involve

ongoing lighter precipitation amounts that may lead to gradual flooding events. Such



flooding situations maybe exacerbated by already (neajy saturated ground, rapid
snowmelt, and/or rivers having water levels that are above normal coming out of a winter
season. Precipitation events that form in this manner often take place in the wake of a
prominent atmospheric block (e.g.Rex, 1950;Woollings et al., 2018). Such blocking
patterns often cause a particular weather pattern to persist for significant periods of time
before the block can break down to allow for the moréransient atmospheric flow to be
restored. These situations frequentlycause a midlatitude cyclone, for instance, to remain
almost stationary over the same regions for several days before it can evacuatgmally.
Atmospheric blocks also facilitate the extent of flooding that occurs with atmospheric
rivers, such as the Pineaple Express, which can constantly direct and energize families of
mid-latitude cyclones towards the same areas for as long as weeks, causing substantial
flooding events over the West coast of North Americge.g.Newell et al., 1992) For this
reason, atmapheric blocks have gained more attention in relation to warmer global
temperatures, though projected trends are not well understood because of such patterns
being underrepresented by models (e.g. Kennedy et al., 2016; Woollings et al, 2018;
Steinfeld et d., 2022).

At the same time, extreme weather and/or climate events are made further
complicated because of their ability to trigger other extremesThis is often present as
successve and compounding extremes, which arenuch more significant than a single
extreme event because of their ability texacerbate the impacts tied to the original
extreme event(e.g. Bevacqua et al., 2023; Riboldi, 2028uch events, for example, may
begin as an extreme rainfall event whose imgcts are enhanced by a mudslide or landslide.

Similarly, the flooding that may originate from a severe thunderstorm may be enhanced by



the destructive wind fields associated with either powerful straightline winds or a
(violent) tornado.

The impact of a veather or climate extreme will further vary with the location or
region that the eventin question is affecting. For example, a flasflooding event
originating with a severe thunderstorm may be handled and managed better in a North
America city than it would be in a city located in a thirdworld nation.

Collectively, weather and climate extremesre commonly referred to as 9@
percentile events and are typically analyzedh the climate impacts literature based onthe
changesin either their frequency or intensity (or both) in response to some prescribed
warming threshold(s) (IPCC, 2021). However, despite their rarity, these events can
frequently induce catastrophic damages, with effects that can last for years to even decades
(Franks & Moore, 2021) Such extremes have the ability to further change the shape of
landscapes permanently and can lead to significant losses of human life. Furthermore, in
light of continued global warming, there is more concern that current and recent éneme
events are no longer necessarily classified as so rare and, as such, may become part of a
new normal (e.g.Mallakpour et al., 2018 Stillman, 2019). To that end, because of their
sensitivity to even small amounts of warming, weather extremes are likgto become more
frequent and intense at warming thresholds much lower than those specified in current
global climate warming targets relative to the preindustrial period.

Among weather and climate extremes, heavy to extremegxipitation events in
particular, have notably received considerable attention acrosthe scientific community
and climate impacts literature. Precipitation extremes can be incredibly destructive, as

(flash-) flooding often drives substantial socieeconomic damage and can lead ttumerous



human deaths (GimeneSotelo & Gimeno, 2023). In the United States, flooding accounts for
some of the largest numbers of human fatalities among natural disastersost deathsare
attributed to flash-flooding events,with approximately 5,000 deaths worldwide annually,

as flashflooding is responsiblefor about 85% of all global floods (World Meteorological
Organization, 2022). To that end, the flooding events tied to precipitation extremes rank
among the deadliest events each year globally and so are of growing importance with the
expectation that they will intensify and become more frequent in response to warmer
global (and regional) temperature. The most recent flooding event in Libya, for instance,
which originated from a series of torrential rainfalls associated with a tropicalike cyclone
over the Mediterranean, led to tens of thousands of fatalities alone in what was one of the
most disastrous global flooding event§Oduoye et al., 202).

Extreme precipitation events arespecifically expected to decrease in frequency but
increase in intensity (IPCC AR 2021), much like trends simulated for tropical cyclones
under warmer global temperatures (e.g. Knutson et al., 2010; Sugi et al., 2012; Moore et al.,
2015). Yet coverage for the response of the most intense precipitation to warmer global
and notably regional temperaturesin terms of both frequency and intensity remains quite
sparse in the literature, despite the significant impacts that such events can have on society
(e.g. Myhre et al., 2019). Warmer global temperatures notably have the atyilto hold more
atmospheric moisture, which guides larger precipitation rates that are especially important
in deep convective systems (Donat et al., 2013; Allen, 2018; Neelin et al., 2022). Such events
are capable of producing substantial amounts of prggitation in a very limited period of
time, which can induce large amounts of water accumulation that subsequently often leads

to flash-flooding. In light of the significant impacts linked to extreme precipitation, it



becomes furthercrucial to better understand how these events may respond to currently
specifiedOAAT CAOT 006 Al Ei AOA xAOIi ET ¢ OEOAOEI T AOh
of interest.

Much like other extremes, extreme precipitation events are expected to increase in
frequency and/or intensity as cumulative emissions continue to rise. A precipitation
extreme similarly is presented under a variety of definitions, but the choice of definition
impacts how that precipitation event will respond to warming and ultimately impacts
expected trends (eg. Pendergrass, 2018). For example, depending on the precipitation
metric in question for tropical cyclones, the extent of scaling in the response of tropical
cyclone precipitation to warming can differ, and sometimes greatly (Stansfield & Reed,
2023). Ascompared with the temperature response to emissions, the weather systems that
guide (extreme) precipitation events are realistically much more intricateTherefore, it is
not as clear how such precipitationbearing events will respond to warmer temperatures
directly as global emissions riseincludingin response toany internationally-agreed global
warming threshold.4 EA OAOI OPOAAEDEOAOKImeanttdb® OAT £ EO
collective in representing all forms of condensed water precipitating to the surface. We
may, as such, infer that a precipitation extreme operates in similar ways, in which all forms
of condensed water fall at rates that (well) exceed son@imatological norm. To that end,
extreme precipitation events can often coincide with multiple forms of extremes. For
example, large amounts rainfall may occur in a very small timespan during severe
thunderstorms or tropical cyclones, while heavy to extrene snowfall associated with the
cool sector of a coldseason midlatitude cyclone (or asintense snowsquallsat other

sectorsof the cyclone depending on thermodynamic circulationssuch as aheadr behind a
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cold front) might also constitute anextreme precipitation event. A single dynamical mie
latitude cyclone itself could be responsible for multiple types of precipitation extremes,
especially duringthe colder months. As a result, because extreme precipitation events
encompass such a large rage of extreme weather, along with other hazards that may
accompany them during the same events, they are undoubtedly of scientific interest in
climate impacts and other fields.

The climate impacts literature presents such extremes often as ortay and five-day
i AGET Ah 1T OA Al OITATTU ETTxT AO O02@pAAUS6 AT A O
2013; Valverde & Marengo, 2014; Mondal & Mujumdar, 2015; Mukjubee et al., 2018).
Rx1day events may refer to the maximum amount of precipitation that falls over theurse
of a 24hour period or less over some space, while an Rx5day event can be interpreted as
the maximum cumulative amount of precipitation that is observed during a period of five
successive days. Such precipitation indicators are frequently used ing literature to
evaluate changes in their character (i.e. their intensity and/or frequency globally to
regionally) in relation to warmer temperatures. However, these precipitation indicators
are sparsely framed in the context of cumulative emissions dirélg and are much more
poorly understood at subglobal spatial scales. This is further compounded by the scale at
which many of these events occur, making it difficult to provide more meaningful
evaluations of such systems into the future (e.g. Edwards dt,&2018).

The Transient ClimateResponse to Carbon DioxidEmissions (TCREJescribes the
proportionality between global mean temperature and carbon dioxide emissions (e.g.
Friedlingstein et al., 2014; Tokarska et al., 2019). It is a widely adopted framevk for

quantifying trends of climate indicators in relationto cumulative carbon emissions and



better understanding impacts at various global warming targets. It has further showed
potential for applications for other important climate indicators outside of global mean
temperature (e.g. Zickfield et al., 2012; Partanen et al., 2017he TCRE has been
documented extensively in the body of climate impacts literature as a means for framing
the linear response of globameantemperature to cumulative CQ emissions. It has more
widely gained recognitionin light of its ability to directly relate temperature, and
potentially even other climate indicators, to emissions. Thisnakes the TCRE a useful
metric for estimating the extent to which a ceain climate indicator may respond per unit
increase in carbon emissionsTherefore, estimates derived from theTCRE can be of value
in the climate policy and adaptationsectors for being able to more practicallyletermine
critical carbon emissions concetrations that are linked to notably dangerous warming
thresholds increasing the likelihood of certain weather/climate extremes. Previous studies
have tested the TCRE in global contexts as a means for evaluating the response of global
temperature to emissims, finding that temperature responds approximately linearly to
carbon emissions (e.g. Matthews et al., 2009; Gillett et al., 2013). More recent research has
extended the TCRE framework to regional temperature patterns, similarly showing a
regional linear response to carbon emissions (e.g. Leduc et al., 2016). In light of the linear
relationship that characterizes theregional TCRERTCRE in the context of temperature, it
is further shown to be a promising tool for estimating trends for indicators of pregitation
(e.g. Partanen et al., 2017). The TCRE has also shown to have useful applications in other
sectors, such as in infrastructure and energy management (Priore et al., 2023).

As an extension of the TCREaibon budgets are used irclimate policy-making for

setting emission reduction targetsRemaining carbon budgets may be defined as the total



allowable carbon dioxide emissions that can be emitted into the future in order to reach a
specified global warming target (Matthews et al., 2020)The remaining carbon budget is
thus, a useful quantity in that it has the ability to flexibly communicate climate impacts in
relation to cumulative emissions concentrations. To that end, carbon budgets spgcally
inform the extent to which global emissiors need to be reducedn order to avert a certain
climate impact, such ashresholds of global temperature that may be linked talangerous
heat wave eventsor a catastrophic precipitation eventFurthermore, the ability to link
emissions directly to temperdure and other climate impacts can provide a meaningful
estimate of the amount of carbon emissions needed to reach some stipulated emissions
threshold associated with a given climate impact. Such carbon budgets are often calculated
by using the presentday or near-present-day emissions value relative to an emissions level
of interest into the future across a range of scenarios (e.g. §&i et al., 2016). Previous
studies, for example, have applied the TCRE to estimate the remaining carbon budget to
reach cetain global warming thresholds of interest, such as the 1.5 C threshold mentioned
as part of the range of warming targets in the Paris Climate Agreement. These remaining
carbon budgets, as they are known, represent the amount of remaining (g@missions
needed to reach a certain climate impacts threshold. However, the concept of the remaining
carbon budget considers C&emissions only, and so notCQ forcing contributions together
with carbon emissions are likely to reduce the extent of emissions budgetecessary for
achieving certain warming thresholds in question (Mengis & Matthews, 2020).

Because the TCRE has shown promise in the evaluation of precipitation relative to
CQ emissions (e.g. Partanen et al., 2017; Myhre et al., 2019), it has great poiarfor

estimating carbon budgets for climate indicators beyond merely global temperature. Such



estimates could similarly be of value for regional to even localcale climate impacts as a
means for framing impacts with emissions.

Extreme Value Theory (EVThas also frequently been used to statistically model
extreme values across a wide range of fields. EVT is formulated around a statistical
methodological framework that makes inferences about the extremes of a probability
distribution (Coles, 2001). It isespecially applied across several scientific fields and has
useful applications in forecasting and management, but its framework has been extended
to many other fields outside of the natural sciences (Jacob et al. 2019). In hydrology, it is
commonly used b forecast precipitation extremes for flood risk management and other
applications by modeling extreme values of precipitation (e.g. Goldstein et al., 2003;
Mondal & Mujumdar, 2017). Such analyses have proven useful in estimating the probability
that an exreme event of specified magnitude would occur over some given time period.
Such return levels, thus, can be of use to policy makers and scientists alike in determining
the average period of time that would be expected for a specific magnitude of extrenwe t
return.

Numerous studies have shown previously the success of EVT in its ability to
effectively model precipitation extremes (Feng et al., 2007; Triphonia et al., 2016; Johnson
& Smithers, 2019; Innocenti et al., 2019; Lhamo et al., 2023). Much likedtbng events and
other extremes, extreme weather events have also been frequently placed in the context of
EVT. As a branch to EVT, the Generalized Extreme Va(BEV)theory specifically uses a set
of continuous probability distributions to model extremesby applying a block maxima
approach.This approach employs a series of blocks, with each containing a sample of

extreme values that can be used to statistically model the behavior of extremes through
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time by using derived parameter estimates of locatiorscale and shapelhe continuous
probability distributions that comprise the GEV include Gumbel, Frechet, and Weibull,
representing Type 1,Type Il and Type Il distributions, respectively (Coles, 2001) Each
probability distribution focuses on the rate of decay or the heaviness othe tails of a
probability density function (PDF). The Frechet distribution, for example, describes higher
probabilities of extreme eventsthrough heavier-tailed behavior, as compared with the
lower probabilities linked with the lighter -tailed tendency thatfollows the Gumbeland
Weibull distribution s (Carney, 2016). Theseprobability distributions are, thus,used to
assess the heaviness of the tails of the extreme probability distributions based on changes
in shape parameter estimategalculated from block maxima Location parameter estimates
further provide usefulinformation as to how themeanof the distribution of extremes is
shifting, and estimates of scal@rovide insight of how much more or less compressed the
distribution becomes over time

In the present work, | propose a variety of approaches for examining trends in
indicators of precipitation extremes, specifically for Rxlday and Rx5dayAs an extension of
the TCRE frameworkand in an attempt to address the gaps in the literature for the most
intense extreme precipitation,| first endeavor to determine whether precipitation
extremes a the global, regional and local scalean beapproximated by the TCRE using
simulations from a consistent set of nine global climate model§&CMs)from the Coupled
Model Intercomparison Project Phase 5 (CMIP5). | specifically investigate trends in ene
day maxima (Rx1lday) and fiveday maxima (Rx5day)as representativeindicators of
extreme precipitation. In doing so, | estimate the extent to which @cipitation extremes

change per unit ofcarbon emissions among a set of emissions scenarios, as well as with
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respect to historical simulations. In the next stage of this work, Ipply a GEVanalysis to
determine trends in precipitation extremes using estinates of location, scale and shape. |
further use the GEV analysis to determinhistorical and future trends for certain return
levels at specified return periods. In thdinal stage of this research, then extend the GEV
analysisby using the block maximaapproachto derive remaining carbon budgets Using
this method, it was possibleo estimate these budgets by calculating the difference in
cumulative CQ emissionsbetweenthe time 20-year return levelsin the future becomeor
exceedl0-year levels and similarly for when 100-year return levels of extreme
precipitation become20-year levelsin future. Using these estimates can help to better
understand the extent ofemissions concentrations that areequired to avoid specified
thresholds of precipitation extremes at various spatial scales. This is especially true for
precipitation extremes that can cause particularlysignificant damage through flooding and
other related hazards, especially in nations/regions that are already prone to such events
altogether. Therefore,framing selected indicators of precipitation extremes in the context
of cumulative CQ emissions can provide ptentially useful information for emission levels
that are linked to particularly dangerous precipitation thresholds.As such, the three
overlapping principal objectives surrounding the TCRE in relation to precipitation
extremes in this dissertation are as follows:

1) | assess the extent to which indicators of extreme precipitation (Rxlay and Rx5day)
can beapproximated by the TCRE framework at various spatial scales across different
emissions thresholds and historical simulations. | then evaluate regional and local
responses to determine whether selected precipitation indicators foller a linear response

to cumulative CQ emissionsat these spatial scales.
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2) Using the GEV analysis, | endeavor to examine the response of location parameter
estimates and specified return levels to determine whether the most extreme Rx1day and
Rx5day maxina can beapproximated by a linear response to cumulative C&emissions
from the global to local scales, as a means for addressing the gaps in the literature
concerning trends in the most intense precipitation extremes.

3) Expanding on his GEVanalysis | attempt to use the TCRE framework to derive
remaining carbon budgetsassociated with changes iflRx1day and Rx5dayeturn levels at

various spatial scales.
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Chapter 2: Literature Review

An overview of tends in weather extremes

Extreme weather events are shown to increase either in frequency or intensity, or a
combination of these two, as global to regional temperatures rise. Such trends in weather
extremes range from an increased severity in thunderstorms (e.g. Trapp et al., ZQ0 rapp
et al., 2009; Brooks, 2013; Moore et al., 2015) to extreme heat waves and drought (e.qg.
Chavaillaz et al., 2019; Ullah et al., 2022). It is these extreme events that are globally
responsible for widespread economic and infrastructural damages, chging ecosystems
and human society in such profound ways that impacts can resonate for a lifetime. This is
especially true with respect to human health, where psychological and physical stresses
can endure for years at a time in notably vulnerable groupsuch as children and the
elderly (e.g. Franks & Moore, 2021; Butsch et al, 2023). Among most significantly
influenced sectors is agriculture, taking about 26% of the impact from weather extremes
(Monteleone et al., 2023).

As global temperatures increase in tandem with growing populations, more people
are also expected to be touched by extreme events morebstantially. For example,
impacts from more intense and enduring daytime and nighttime heat waves are likely to
increase as exposure to these extremesses globally (Chavaillaz et al., 2019), particularly
impactful in the (densely) populated zones of South Asia (dh et al., 203), Africa (Igun et
al., 2022; Birch et al., 2022) and North America (e.g. Thompson et al., 2022). At the same
time, more frequent and intense heat waves are expected to increase the likelihood for

flash droughts at a global scale; since ¢11950s, a 74% jump in these dry events has been
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observed (Yuan et al., 2023). Increased drought intensity under warmer temperatures is
also likely to increase soil erosion rates (e.g. Kronnas et al., 2022; Tripathy et al., 2023).
Especially at midlatitud es, hie impact ofincreasedheatis typically felt more with warmer
minimum temperatures, which decreases the diurnal temperature range

Atmospheric blocking patterns further play a crucial role in the intensity and
duration of heat waves and drought; such weather patterns can bring very hot
temperatures and dry conditions that can last for more than a week, anth some caseson
the order of months before the block breaks down. Extended drought and heat wave events
have additionally been linked previously to more intense and longelasting wildfires (e.g.
Lyons et al., 2023) and worsening health costs associated with wildfire smoke (Clarkeag.,
2023), such as during the widespread Canadian and European wildfires that emerged
during the summer of 2023.Combined with dry lightning/thunderstorms, such fires have
been associated with the persistently dry atmospheric conditions plaguing the regions

which is attributable to warmer global and regional temperatures.

The impact of ENSO on extremes

The extent to which weather extremes occur is also heavily dependent on important
global climate modulators of climate variability, such as the El Nino Southern Oscillation
(ENSO). ENSO is the ipcipal mode of natural variability, which can profoundly dictate
how frequent and intense certain modes of weather extremes can become (Lieber et al.,
2022). For example, ENS@arm phases (El Nino) often create conditions suitable for
flooding in South Anerica because of warmer than normal seaurface temperatures

frequently present at the Eastern portion of the tropical Pacific. This becomes conducive to
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enhanced convection there, which contributed to the Peru flooding event that had
materialized during the super EI Nino of 19971998 (e.g. Bas, 2023). ENS€»ol phases (La
Nina) have also been linked to more frequent extreme heat events at rrigtitudes (Luo &
Lau, 2020).

That said, warmer global temperatures have been previously shown to potentially
affed the character of ENSO in terms of its variability and period (e.g. Moore et al., 2015;
Cai et al., 2023), as well as other oscillations that are integral for guiding the formation of
certain weather events that are, in turn, responsible for specific extmes. However,
climate change can often work in the same direction as natural variabilities, enhancing the
impacts associated with various weather extremes, such as flooding, drought, extreme heat,
and wildfire (Zhai et al., 2016). This is especially truduring moderate to strong El Nino
events, when the warmest annual global temperatures are often expected, and there is
growing concern that the extreme convective precipitation tied to potentially stronger El
Nino events in a warmer climate may increase (g. Zhai et al., 2016; Pathirana et al., 2023,
Cai et al., 2023). Correspondingly, these changes can culminate in, for example, more
frequently strong and longerlasting tropical cyclones, especially in those basins that favor
a combination of warmer seasurface temperatures, and where wind shear can be

suppressed (Knutson et al., 2010).

Some challenges facing the study of weather extremes
In light of the high degree of uncertainty surrounding weather and climate
extremes, modelling such eventsonsequently comes with a plethora of challenges.

Notably, there are several forms of extreme weather that occur at rather fine spatial scales.
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This often creates barriers to examining extremes when using largescale models, such as
GCMs, to properly resolve the smbkcale features that are important to the formation of
such systems (Brooks, 2016). Notably, the extreme precipitation rates theggularly
originate with strong to severe thunderstorms are difficult to meaningfully evaluaten
terms of future trends because such events occur at scales on the order of just a few
kilometers or less, especially if the thunderstorms producing them are in the form of
single-cells, or pulse thunderstormsThe dynamic and thermodynamic elements that are
important contributors to the development oforganizedthunderstorms are, thus,
underrepresentedin coarser model resolutions This makes it challenging to determine
how these factors will respond to warmingand, ultimately, the trend that extreme
precipitation will foll ow over time.

For this reason, there exists a disparity in coverage for extremes in the literature,
where the extentof research varies depending on the extreme in question. For example,
there is a wealth of studies aimed at tropical cyclones and extreme heat but comparatively
little focus on events such as severe thunderstorms and tornadoes, and other hazards
associated with thunderstorms collectively, including with very little attention givento
suchmeso- to microscale eentsin the reports provided by the IPCC (Brooks, 2013). Much
of this void in research dedicated to finerscale extremes comes from the challenges,tas
mentioned, adequately simulate these weather events encompassing only a few kilometers,
as well as the availability ofdata for such events altogether (Edwards, 2018). To that end,
for sub-synoptic scale events, such as at the mesoscale, significant inhomogenieties in the
observational record exist, owing largely to changes in the manner that such events are

documentedand detected. For example, increasing trends shown for tornadoes in the
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historical record are likely mostly artificially -driven, since they are an artifact of enhanced
detection in the wake of more sophisticated tracking systems that increase the chance of
such events being coverednd deected through time and space (Brooks, 2013; Allen,
2018; Edwards, 2018) As such, his makestheseevents more challenging to properly
diagnose in GCMs. At the same time, changes in the methods degigthe location of the
observation stations for gudying the same events over time in some region or locatigran

further introduce spurious trends in the historical records (Allen, 2018).

Extreme precipitation trends

Extreme precipitation events are among the most impactful forms of weather
extreme.In light of their often destructive nature, these events are of particular importance
to the scientific community and across other fields. Such extremes have significant
environmental impacts that can be very harmful to human society. These events are, as
such, comprehensively documented in the literature in the context of warmer global and
regional temperatures since notably the 1980s in an effort to makes sense of future trends
(Neelin et al., 2022) However, although the response of global megprecipitation is of
value, precipitation extremes specitally carry notably much more importance because of
their potentially much larger responsive magnitude at the regional scale, making such
regional signals increasingly crucial to study (Sun & Ao, 2@}, such as in the tropics (e.g.
Neelin et al., 2022)Glohally, extreme precipitation hasbeen shown to increase sharply
since thelndustrial Revolution at particularly low and high latitudes, and at the highest
rates of increase into the future at low latudes (e.g.Sun et al., 2023). At the regional scale,

similar observed and future trends are documented. For example, Potter et al. (2023)
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showed that extreme precipitation in a highemissions scenario in the glaierized regions

on the Andean Rver Basinincreased byl14% by the end of the 2%t century, when
temperaturesrise by 3.6 C to 4.1 C. Similarly, in central Asia over the last 60 years, a model
ensemble from the Coupled Intercomparison Project Phase 6 (CMIP6) showed an over
100% increase and 20% irease in the intensity and frequencyrespectively,of

precipitation extremes due to anthropogenic forcing (Fallah et al., 2023). Similar results
were also shown in Reddy & Saravanan (2023) for India, with a predicted increase of 52%
and 46% in Rx1day andRx5day, respectively, in a CMIP6 ensemble. Precipitation extremes
have similarly increased in the midAtlantic to Northeast United States over the 1972019
period, owing to enhancement of atmospheric rivers in winter and spring, and in light of
increasedevent frequency in summer and fall (Henny et al., 2023Myhre et al. (2019) also
showed that the most intense precipitation extremes globally increase in frequency
historically, though with weak trends in terms of the intensification of such events. Solt
Asia is also shown to have significant increases in heavy precipitation, with China showing
an increase in such events by about 6.5% per degree of warming in a CMIP5 mmoitdel

ensemble (Zhang & Zhou, 2020).

Trends in precipitation extremes with trop&l cyclones and severe thunderstorms

Extreme precipitation events also occur in conjunction with different forms of
weather and climate extremes, including tropical cyclones, strong to severe thunderstorms,
and those heavy precipitation events thabriginate with mid -latitude cyclones, in general.
Notably, tropical cyclones are a major source of precipitation extremes. These events are

shown to increase in intensity(e.g.higher meanrainfall rates, storm surge and sustained

19



wind speeds over their lifetime because warmer global temperatures are expected to
favor environments suitable for enhanced tropical cyclone intensification (Knutson et al.,
2010). This includes warmer seasurface temperatures affecting tropical cyclone longevity
and intensity (Knutson et al., 2010; Sobel et al., 2016; Bhatia et al., 2018), though there is
general consensus in the decreasing number of such events to climate warming (e.g. Moore
et al., 2015; Walsh et al., 2019; van Westen et al., 2023jher studies have fiown a trend
towards aslowing in hurricane movement,such as Hurricane Harvey of 2016r Hurricane
Dorian in 2019, suggesting that affected locations would be morexposed to the extreme
rainfall rates characteristic of these tropical systemgor prolonged periods(e.g.Hall &
Kossin, 2019) The slower movement of such systems further suggests more time to
strengthen over warmer source regiongrior to making landfall (Li & Chakraborty, 2020,
suchas in the case oHurricane Dorian.

The link between warmer global temperatures and tropical cyclone intensification
has further been extensively examined, with exhaustive discussions placed on changes in
tropical cyclone hazards, such as more extreme rainfall rates (Bhatia et al., 2018; tal.,
2022; Utsumi & Kim, 2022) and increased storm surge (Xi et al., 2023), with impacts
expected to be exacerbated with sea level rise. Regionally, the tropical cyclone precipitation
extremes have similarly been shown to increase. For example, the mestreme
precipitation events with tropical cyclones increased over the last 300 years over the
United States East coast (Maxwell et al., 2021). Tropical cyclone Rx1day precipitation
amounts are also enhanced across cyclones globally when temperatures all®wed to
increase by 4 Celsius relative to the prindustrial period, including an increase in 9@ to

99t percentile Rx1day values in a zone stretching from Hawaii to Japan (Kitoh et al., 2019).
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Largely because of the lack of representation of finescale deep convective systems,
such as severe thunderstorms, the literature dedicated to such events is currently very
sparse (Brooks, 2013), though it is a rapidly growing area of research due to severe
thunderstorms being an important source of precipitaion extremes and other hazards
(Allen, 2018). Despite limited observational records, researchers have turned more
towards understanding the environments of severe thunderstorms, and how those
specifically would change in response to a warmer climate. Fokample, trends of severe
thunderstorms, as well as other forms of deep convection have been quantified through
environmental indicators like convective available potential energy (CAPE). Increasing
trends in the amount of CAPE have been documented in a waer climate, mostly because
of an increase in atmospheric moisture under warmer temperatures (Trapp et al., 2009;
Brooks, 2013). This suggests that strong to severe thunderstorms would more likely yield
enhanced precipitation rates as temperatures warm, icreasing the risk for flashflooding,
as well as even more damaging hail eventksat could potentially induce costlier damage
associated with such events (Allen, 2018) and compounding extremes (e.g. Beyua et al.,
2023). Conversely, other studies show that, desje enhanced instability in a warmer
climate, thunderstorm environments, in general, may become less favorable in light of
increased convective inhibition, dry air entrainment and lower relative humidity, leading to
less precipitation extremes attributed © thunderstorms (Taszarek et al., 2021). However,
these modelled decreasing thunderstorm trends are shown to be regionallyependent

(e.g. Trapp et al., 2009; Brooks et al., 2016).
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Precipitation extremes and atmospheric moisture

A warmer global climate is expected to increase the severity of precipitation
extremes because of principally the extent to which warmer global (and regional)
temperatures enhance atmospheric water vapor (Allan et al., 2022; Neelin et al., 2022;
Zhou et al, 2023). This temperaturemoisture relationship is shown to follow an
exponential trend, with global atmospheric water vapor rising by &out 7% for every
degree Kelvin of global warming under constant atmospheric pressure, as described by the
ClausiusClgpeyron relation (Donat et al., 2013). Such increases in moistening suggest that
any precipitation event can potentially yield approximately 7% more total precipitation for
every degree Kelvin/Celsius of global warming. Correspondingly, this would enhandeet
likelihood for intensified flooding events due to the more substantial precipitation rates
that would occur with humidification, such as in South and East Asia during the wet
monsoonal period (e.g. Lee et al., 2018), or over the course of tropical cyws (Stansfield
& Reed, 2023). In tandem with this increase, studies have similarly shown that global
precipitation extremes scale approximately linearly with temperature, increasing
appreciably for every degree Celsius of warming (Aleshina et al., 2021)pugh other
studies have argued that such a relationship may be too rudimentary for the realistically
complex nature of the events that give rise to precipitation extremes (e.g. Pendergrass et
al., 2019). While global mean precipitation can be described g@roportionally increasing
with temperature, extreme precipitation specifically may respond in nodinear ways,
especially in the tropics (Pendergrass et al., 2019). However, the extent of nlmearity in

extreme precipitation varies with the climate mocel used and is more apparent in the
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tropics, though the most distinct nonlinear response in Rx1day precipitation was shown in
the CESM1 model among CMIP5 models (Pendergrass et al., 2019).

Although the extent of research is restricted for the most interes precipitation
extremes, some studies have shown that such events may increase by as much as 95% per
degree Kelvin of global warming, which well exceeds the 7% per degree Kelvin increase
described in the ClausiusClapeyron relation (Liu et al., 2009; Utsmi et al., 2011). Such
super ClausiusClapeyron relations were similarly shown in India for dewpoint
temperature historically over the 1979-2015 period (Mukherjee et al., 2018), as well as
with respect to extreme precipitation in the contiguous United Stas over 19562009
(Mishra et al., 2012). Super Clausid€lapeyron relations have also been documented for
stratiform precipitation extremes, which scaled strongly linear with surface air
temperature in Russia over the 19662017 period, though globally, lirear scaling similar to
the ClausiusClapeyron relationship was found for precipitation extremes (Aleshina et al.,
2021). The role that humidity in the atmosphere plays is instrumental for the successful
formation of multiple forms of weather extremes; thisincludes severe thunderstorms,
tropical cyclones, wet monsoonal rainfall, and the midatitude cyclones that give birth to
other types of extremes, such as snowstorms and ice storms, making humidification central

in the study of future trends of such evets collectively.

The TCRE framework
The TCRE has been widely adopted faxamining the response of temperature to
cumulative carbon emissionsand is regarded as highly effective framework in climate

science and policy in terms of explaining trends in climate impacts (Frolicher & Paynter,
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2015). The TCRE is a quantity that describes principaltie linear increase ofglobal mean
temperature to cumulative CQ emissions (Matthews etal., 2009; Gillett et al., 2013Jones
& Friedlingstein, 2020). It may also le described as the rate of chamgin globally average
surface temperature per unit of C@emissions (de Mora et al., 2023)The collective
response of (global) temperature ighe combination of the TCRENnd non-CQ greenhouse
gas emissionswhich is represented in future climate scenariosuch as the Representative
Concentration Pathways (RCPs)As a result, the TCRE represents the response t0.CO
emissions only.

The TCRHEhas significant potential to effectively communicate climatémpacts
expected at a variety of warming targetdecause of its ability to relate the response of
these impacts to cumulative C@emissions directly, which can be useful isectors such as
climate adaptation and mitigation In light of its effectiveness to showthe linear response
of temperature in relation to CQ emissions, the applications of the TCRE have further
proved useful in estimating the response of other climate indicators. For examplie
TCRE as mentioned previouslyhas been applied to assess the future response of winter
sea ice tocumulative carbon emissions(e.g., Zickfield et al., 2012 The TCRE has further
been shown to be useful for estimating patterns of temperature change at the regional scale
with emissions, as well as seasonally (Leduc et al., 2016; Partanen et al., 20Ed).
instance, Partanen et al. (2017) showed regional TCREstimatesof precipitation at 5.5
Celsius and 2.0 Celsius warming in the Arctic during Northerdemisphere winter and
summer, respectively. Other studies have previously used the TCRE to examine the
response of temperatureextremesand regional precipitation changesto cumulative

emissions. Partaen et al. (2017)used the TCRE to quantify precipitation trend across
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several regions;in Northeastern Africa, for example,they found that precipitation

increased by 40% per teraton of carbon (TtC)emitted. Chavaillaz et al. (2019) showed
regional TCRE estimates of extreme heat exposuneith heat exposure over land increasing
linearly with cumulative carbon emissions which includes an 1819 K-day increase per TtC

above the deadly heat exposure threshold

GEV applications to precipitation extremes

The applications ofGEVanalysisin the climate change impacts literature are quite
extensive. GEV is further widely used across a plethora of fields to evaluate extremes and
predict changes in their behavior ovetime. As an extension to EVT,ane studies have
previously employed GEV analyses to examine the extent to which extreme rainfall may
change over time at the regional scale. For example, Gentilucci et al. (2023) used a GEV
framework to identify pattern changes in precipitation extremes over time in Eastern Italy.
Other studies have fitted a GEV to identify trends in specific return levels of precipitation
thresholds in South America and Africa (e.g., Fullhart et al., 2023), as well as using a GEV to
model winter precipitation extremes in relation to ENSQ(Mahajan et al., 2023) and their
impacts on atmospheric rivers (e.g. Singh et al., 2028 EV analyses also showed that the
5- to 500-year return periods corresponding to * to 5-day maxima increase by 10% to as
much as 35% with anthropogenic warming (e.g. Mukherjee et al., 2018). In a historical
analysis, Van den Besselaar et al. (201&)rther found that European 28year Rx1dayand
Rx5day maxima become more frequent towards the end of the 19524010 period relative
to the first 20 years of that period.Outside of precipitation extremes, heat waves or

extreme temperatures have received considerable attention in EVT. The GEV franoeky
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for instance, has been used to examine changes in heat wave probability in certain regions,
such as in the Yangtze Basin (Yuan, 2023) or Western North America (e.g., Bjarke et al.,
2023). The impacts of such heat extremes are likely to be most ampdidi in population-

dense centers, such as in China, India and Pakistan (e.g., Ullah et al., 2023), as well as in

other major populated areas globally.

Framing extremes with the remaining carbon budget

The global carbon budget has become a central conceptdalimate science that has
helped developed better understanding of the global carbon cycle, as well as being
instrumental in shaping climate policies and offering a dimension for predicting future
climate impacts (Le Quére et al., 2018)

Carbon budgets hae become more widely recognized since the IPCC Fifth
Assessment Repor{AR5) and are more heavily integrated in the climate policymaking
framework (Lahn, 2020). A useful variant of the broader concept of carbon budgéng,
calledthe remaining carbon budgetjs based on the assessment tifie allowable additional
carbon emissionsthat can be emitted into the future while limiting global warmingbelow
specified temperature argets (Matthews et al., 2020Matthews et al., 202

A remaining carbon budget may be calculated based on the TCRE of a given climate
indicator, in addition to the response of these indicators to greenhouse gas emissiortber
than CQ (Tokarskaet al., 2020).These budyets, thus, can serve as a useful tdolr
determining the extent of cumulative carbon emissions that can be emitted to avodaitical

thresholds (of warming) relative to the pre-industrial period (or other baseline periods of
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interest) which are subsequentlyneeded to avoid specifiectlimate impactsand meet
climate targets(e.g.van der Ploeg, 2018; Rogeli et al., 2019)

Similarly, the remaining carbon budget can have useful applicatithsespect to
specifiedclimate indicators of interest, such as precipitation @agirigues et al., 2021). Bauer
et al. (2023), for example examined climate impacts, including heat exposure and marine
ecosystem degradationywhen overshooting those carbon emissions associatetith the 1.5
C temperature thresholdrelative to the pre-industrial period . Baker et al. (2018) foundthat
the increase in atmosphericCQ emissions directly impacts climate extremes in the
Northern Hemisphere, such as heat stress, tropical precipitatiomna temperature
extremes, even with a low climate responsé&.his suggests that weather extremes
collectively can be sensitive to even small amounts of additional carbon emissions and,
thus, relatively small remaining carbon budgets to reach certain threshds of extremesTo
another end, studies have used carbon budgets to determine when the transition to
widespread renewable energy use needs to be made in order to avoid specified warming
targets (e.g. Howard et al., 2018).

However, caution should be exersied when using the (remaining) carbon budgeting
concept, since the degree of uncertainty is large, much of which comes from
biogeochemical Earth systenuncertainty (Jones & Friedlingstein, 2020), as well as internal
variability (Tokarska et al., 2020) andthe uncertainties that stem fromthe choice of
methodological framework and assumptions used to calculate therte.g. Matthews et al.,
2020). How much remaining carbon budgets increase or decrease further heavily depends
upon the choices humans makwith respect to reducing the extent of norCQ forcings

(Matthews et al., 2021).
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Chapter 3: Linking historical and projected trends in extreme precipitation with

cumulative carbon dioxide emissions

This chapter was published as:

Moore, T. R.Matthews, HD., & Chavaillaz, Y. (2023). Linking Historical and Projected
Trends in Extreme Precipitation with Cumulative Carbon Dioxide

EmissionsAtmospherélcean 1-18. https://doi.org/10.1080/07055900.2023.2259328
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Abstract

Extremeweather events are expected to increase in frequency and intensity in response to
higher global temperatures, augmenting societal exposure to these events. While the magnitude
of projected changes in extremes varies considerably among future emissisioscararge
part of this uncertainty is driven by the choice of scenario, rather than by the climate response to
a particular emission scenario. A growing body of research has identified robust linear
relationships between climate changes and cumulediseon emissions; for global average
temperature change, this relationship is known as the transient climate response to cumulative
carbon emissions (TCRE). Extensions of the TCRE framework to other variables, such as
regional and seasonal temperature pmatipitation changes, have also shown to be effective,
raising the possibility that changes in weather extremes could be linked to cumulative carbon
dioxide (CQ) emissions. Here, we estimate changes in historical and projected trendslayone
(Rxlday)and fiveday maximum precipitation (Rx5day) events as a function of cumulative
carbon emissions across a range of future emission scenarios and global climate models. Our
results show that median Rx1day and Rx5day generally increases linearly with ngcreasi
cumulative emissions, consistent with studies that have previously employed the TCRE
framework to estimate changes in precipitation extremes, as well as other climate indicators.
Overall, we show that a linear response to cumulativeedissions is a@pd approximation for

both historical and future trends in precipitation extremes.

Keywords: Extreme weather; climate change; global warming; extreme precipitation; climate

crisis; greenhouse gasdlood; severe thunderstorms
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Introduction

Although rargphenomena relative to a given climatology, weather extremes frequently
yield significant shortand longterm impacts in the regions that they affect. Impacts from such
events are often manifested economically, environmentally, culturally, and evenlpgicity;
many of which that can last for years to even decades (Bergquist et al., 2019; Franks & Moore,
2021). However, such events are expected to become less exceptional as global/regional

temperature continues to warm (IPCC, 2021; Estrada et al.).2021

Extreme precipitation is a form of weather extreme that has received considerable
attention in climate science in recent decades (Khandakar, 2013), since they are among some of
the most impaetelevant consequences of climate change (Pfahl et al.; E®K, 2017. There
exists a variety of definitions that express what constitutes extreme precipitation across the body
of climate impacts literature, causing a range of differences in the response of these extremes to
warming (Pendergrass, 2018). Furthermore, whabnsidered as extreme varies geographically
in relation to a given | ocationds or regionbs
does not receive snowfall may consider a light snowfall as an extreme event. Extreme
precipitation may further baivided into separate categories of events. For instance, an event
may exhibit abnormally high precipitation rates that lead to significant amounts of surface water
accumulation over a short period of time. For these readenftergovernmental Panei o
Climate Change Sixth Assessment Report (IPCC ARG6) defines a weather extreme as some event
that is rare relative to a specified time of the year and location/region in question (Seneviratne et

al., 2021).
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Precipitation extremes frequently create condgisuitable for flastilooding, as well as
in situations of previously saturated ground, high water levels and unseasonably wet conditions
that may be in place prior to these events. In other cases, precipitation may occur at lighter rates
but persist ovean extended period of time, such as over a succession of days because of
atmospheric blocking. This may similarly induce conditions suitable for significant water

accumulation and, thus, may be classified as an extreme event.

Assessing the response ofghesvents to a changing climate is, therefore, critical due to
the significant impacts that can result from heavy to extreme precipitation, ranging from coastal
and inland flooding and landslides (Ban et al., 2017) to enhanced soil water stress iraterrestr
ecosystems (Knapp et al., 2008) and waterborne diseases (Curriero et al., 2001). Tropical
cyclones are also commonly a source of extreme precipitation that may lead to extensive coastal
and inland flooding. Globally, these tropical systems could iiffeimsa warmer climate, in part

by producing more significant rainfall rates (e.g. Knutson et al. 2010; Moore et al., 2015).

Several studies have previously documented trends in precipitation extremes in recent
decades, as well as in the context of featwmarming. The northeastern United States, for
example, observed an increase in extreme precipitation over the last 15 years, mostly associated
with frontal boundaries of mithtitude cyclones, as opposed to precipitation related to tropical
cyclones (Colbw et al., 2017). Similarly, extreme daily precipitation events and rainy days were
shown to increase over a 70+ year period in Sao Paulo (Zilli et al., 2017), as well as in Indonesia,
from 1983 to 2012 (Tangang and Aldrian, 2017). Bush et al. (2048)nentioned that
Canadabdbs precipitation extremes are expected
do show more inconsistencies throughout the country with respect to the changes in short

duration extreme precipitation events. The IP@&hagng the Risks of Extreme Events and
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Disasters to Advance Climate Change Adaptat®REX) further stated high confidence in a

likely increase in heavy precipitation events across North America since 1950 (Seneviratne et al.,
2012; KirchmeierYoung & Zhang2020). The return periods of extreme precipitation were
additionally shown to be reduced over th& 2@ntury, with a global increase in extreme
precipitation of about 6% per degree in@@led Model Intercomparison Project Phase 5

(CMIP5) model ensemble (Kharin et al., 2013), consistent with thesiaClapeyron

relationship (e.g. Pall et al., 2007). Pfahl et al. (2017) showed that, by itself, thermodynamics in a
warmer climate would cause a uniform fractional increase in heavy to extreme precipitation
events, though more regional variations werenfbin dynamicallyconstrained scenarios. The
increase in the most extreme precipitation events among several Australian cities also scaled
more significantly than neaurface water vapor in a warmer future climate (Bao et al., 2017).
Using indices pertaing to extreme weather in CMIP5 muftiodel datasets, the most intense
precipitation extremes were documented to substantially increase in Australia by the end of the
century relative to preseday (Alexander and Arblaster, 2017). However, for validattimegskill

of CMIP5 models simulating extreme precipitation at regional scales, natural variability and
observed seasonality are paramount. For example, Janssen et al. (2016) showed that climate
change model experiments from CMIP5 models tended to ovestetand underestimate

observed spring and summer extreme precipitation across the United States, causing a

magnification in errors with projections.

The transient climate response to cumulative carbon dioxide) @@ssions (TCRE)
has recently receivadore recognition as a useful tool to assess the response of global mean
surface temperature to global cumulative.@@issions. The TCRE may be defined as the ratio

of global mean surface air temperature to cumulative €dssions, taking into account
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physical climate processes, and land and ocean carbon sinks (Matthews et al., 2009; Gillett et al.,
2013; Simmons and Matthews, 2016; Leduc et al., 2016). It was previously shown that the
TCRE could have a useful methodological framework because of ity abidirectly relate

global warming to emissions. It can, therefore, be a means to more flexibly communicate climate
changes for mitigation policy purposes and be used as a metric for comparative analyses of
carbonclimate models (Gillett et al., 2013). @7 CRE has been extensively mentioned in the
IPCCFifth Assessment Rept (AR5) and AR6as distinctly outlining the proportionality

between temperature and cumulative.@@issions across several climate models

(Friedlingstein et al., 2014; Reli et al., 2018; Canadell et al., 202For this reason, it has been

a useful metric to estimate carbon budgets and identify critical levels of cumulative emissions
that correspond to dangerous global warming thresholds relative-itodpisrial levels

(Matthews et al., 2020; Matthews et, &021).

The response of higher global temperatures has been extensively shown to be virtually
independent of emission pathways and approximately linear to cumulativen@€ions across
a range of emission scenarios in carbon climate model simul§Gaiest et al., 2013). This
robust proportionality between surface air temperature change and cumulagieenS€lons
was confirmed by other studies (e.g. Krasting et al., 2014) and was shown to be similarly robust
at regional scales, both over land aogan (Leduc et al., 2016). Applications of the TCRE

framework have also been used in the assessment of extreme heat (e.g. Chavaillaz et al., 2019).

The TCRE further has the potential to assess trends in precipitation. Previous studies
have examined the #nt to which precipitation extremes scale with global warming (e.g.
Seneviratne et al., 2016; Wartenburger et al., 2017; Partanen et al; 2017; Kharin et al., 2018;

Tebaldi & Knutti, 2018). In their study, for instance, Partanen et al. (2017) demonstited
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precipitation scaled similarly with global cumulative carbon emissions, includingl@%0
increase per teraton of carbon (TtC) in northeastern Africa in a regional TCRE analysis across a
suite of CMIP5 models. Donat et al. (2016) also found thabgeeextreme precipitation scaled

approximately linearly with modedpecific global temperature change in dry regions.

In this study, we present an analysis of extreme precipitation that is framed in the context
of cumulative emissions in order to determwhether global extreme precipitation may be
scaled linearly with increasing cumulative emissions. Part of the motivation of this work comes
from the conceptual framework between cumulative emissions and precipitation extremes that
can be inferred from th existing literature. However, the primary goal of our study is to
estimate extreme precipitation with cumulative (carbon) emissions from a consistent set of
models. This work could, therefore, be a useful contribution for understanding to what extent th

TCRE could be applied to indicators of precipitation extremes at a variety of spatial scales.

Methodology

In this section, we describe in detail the methods used in this study. We begin with a
description of the extreme precipitation data considereldywet by some discussion pertaining
to the global climate models (GCMs) considered here, as well as model interpolation procedures.

We then discuss the statistical tests selected to analyse the data.

Data and scenarios

Daily precipitation data relevant to this study was available in nine GCMs that were a
part of a CMIP5 ensemble. While we acknowledge @aipked Model Intercompason Project
Phase §CMIP6) Earth System Models represent an improvement in the representation of the
carbon cycle, as well as for simutats of precipitation extremes where notably significant
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variations in topography exist (Seneviratne et al., 2021), the selection of GCMs here was based
on Gillett et al. (2013) and Chavaillaz et al. (2019). Therefore, this involved selecting models
whose aitput included both daily precipitation and the carbon cycle variables required to
diagnose cumulative G@missions. We also used CMIP5 data due to its availability at the time
this project started, and to be consistent with the related work of Chaeiia2019).

However, the mediumesolution version of the MPI model (VIRIMPI-ESM-MR) was the

only model that had precipitation data available for the 1pg&€@énario, and so we excluded

this model from our analysis to ensure the use of the samermsetlel simulations across

scenarios. As such, the nine GCMs for which data were extracted are as follows: CanESM2,
IPSL-CM5A-LR, IPSL-CM5A-MR, IPSL-CM5B-LR, MPI-MMPI-ESM-LR, MOHC-

HadGEM2, MIROCGESM, NOAA-GFDL-ESM2G, and NOAAGFDL-ESM2M.

Cumulative emissins are calculated from the changes in oceanic, land and atmospheric
pools and do represent fossil fuel emissions origse three principal pools represeatbon
stocks that are contained in the ocean, land and atmosphese carbon stockifow between
the ocean, land and atmosphasefluxeshrough complex biophysical and geochemical
processess part of the global carbon cy¢eeg.Rackley, 2017)There were three scenarios
considered f or 20t hifig cptdlbdy : amdp san€@ré&dt eSO Thi s r
Representative Concentration Pathways 4.5 (RCP 4.5) and Representative Concentration
Pathways 8.5 (RCP 8.5), respectively. The 1pet&s@nario (140 years) denotes a scenario
where the atmospheric GOoncentration increases by one percent per year uniipG&druples
relative to the préndustrial period. The two RCP scenarios (90 years, from 2006 to 2095) are
defined based on greentsgugas concentrations and represent two different future climates by

the year 2100. The greenhouse gas trajectory depends upon the extent to which greenhouse gases
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are released into the atmosphere over time. RCP 4.5 is a scenario that is defined dpgtabili

and then declining emissions, such that radiative forcing is limited to 4.5 watts per meter squared
(W/m”2) by the year 2100. This pathway is characterized by emissions increasing until
approximately the year 2040 prior to declining thereafter. Icéise of the RCP 8.5 scenario,
emissions will continue to increase throughout théc&htury, leading to a radiative forcing of

8.5 W/m”"2 by the year 2100. In light of these scenario differences, 1pE@® emission

scenario that represents the climats y st e mé s r e s p oaoslyewhtledhe REPmo s p her
scenarios reflect a more collective response to botha@® other greenhouse gases and

aerosols, as well as those emissions originating from land use changes. As a result, the TCRE
represents thelimate response in 1pctGQwhereas in the RCP scenarios, the response is a
combination of the TCRE and other contributions. Finally, the historical period used in this study

spans 145 years (18@D05), following the beginning of the piedustrial perial.

Climate indicators and model interpolation

We isolated the largest value among daily maximum values for each year, effectively
extracting the 6émost extremed annual maxi ma (¢
obtained fiveday maximum values usj the original daily data available. These newly created
indicators are hereafter known as ARxldayo an

constitutes precipitation extremes, which includes all types of precipitation.

We regridded Rx1day and Ro&y data to a common grid that correspaidbat of the
CanESM2 model, which was the coarsest grid amongst the available nine (9) CMIP5 models.
Once converted, all Rxlday and Rx5day values were interpolated onto a resolution defined by

grid cells that wee each the size of 2.8 degrees longitude by 2.8 degrees lafitudecount for
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gridding inconsistencies in surface area extent between the equator and the poles, we calculated
weights for Rxlday and Rx5day across each raster layer by using the cdatitaedd.We then

derived the maximum values across each grid cell for each year and then averaged across those
to derive annual estimates of global, regional and local precipitation, as nésderth, we

computed annual means for Rxlday and Rx5daysasro e ach gri d cell on the
each year, similar to the procedure employed by Seneviratne et al. (2016) for heavy precipitation.
This was repeated for each of the GCMs considered for this study. We follow the same
procedure for each emissoacenario, as well as for the historical peridf. then calculated the
difference between the 3f@ar mean at the beginning of the historical and thge20® mean

centered around 1 TtC of cumulative emissions (Figure 1). The spread of trends across model
represents our range of uncertainty, and we present the model range of percent changes at 1 TtC

(Tables 13).

Statistical tests

All statistical analyses were performed using R software. For this study, we used simple
linear regression modelling. Linear regression was used herein to assess the effect of cumulative
emissions on extreme precipitation by deriving rates of change @ppation extreme
indicators per TtC of cumulative emissions and associated standard errors that are based on
model medians. We, therefore, infer trends thatanteredn the regression line corresponding
to the model medians in our study. Since the nespof extreme precipitation could be assumed
to follow linearity, it was, thus, relevant to also use Pearson correlation analysis. Following
Chavaillaz et al. (2019), we assumed that the response of extreme precipitation was linear if the
correlation codfcients ando-values were sufficiently strong. Though we acknowledge that a

Pearson correlation coefficient of less than one (1) could be attributed to noise, or a functional
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nortlinear relationship, we consider in this study that high correlation creefisc
reaching/exceeding 0.75 are inferred as a linear relationship, jpavdlifies were at or below

0.01 with respect to the linear regression model.

National and local selection

In the next stage, we selected specific regions to specific locations of interest to assess
similarities and/or differences in the response of extreme precipitation at those larger scales
relative to global trends. First, we isolated land and ocean ospettally average extreme
precipitation values over either land or water. While somewhat arbitrary, our selection of nations
(and specific locations) was on the basis of appreciably large percent change increases in
extreme precipitation at one TtC amatgnarios, relative to the beginning of the historical
period (Figure 1). Our choice was also partly based on locations with larger population density,
recent significant to catastrophic precipitation events, lower elevation relative to sea level, and/or
their proximity to large bodies of water that could all contribute to exacerbating impacts
associated with intensified precipitation extremes in the future. This selection is, therefore, meant
to be illustrative of changes in precipitation extremes thabeasxpected at certain regions and
locations as a function of cumulative emissions. This could also be potentially useful for
policymakers who are interested in planning for adaptation needs in relation to future
precipitation extremes, given some exptaotaof future global emissions trends. Further, there
is scientific interest to explore to what extent the linearity of the relationship that we find at the
global scale could extend to specific regions, and at the grid cell. As such, the following 12
naions/regions were chosen for this study: Canada, United States, Japan, Brazil, India, South

Africa, Australia, Sweden, Russia, China, Indonesia, and the {dentnal tropical Pacific.
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As mentioned, we then extended the analysis to more localized adedsrimine trends
at those spatial scales. These locations typically occupied spaces at the grid cell, or a small
grouping of cells. This meant that loeadale selections could be a combination of small
countries occupying only a few grid cells, or a singgll. These were aggregated by spatially
averaging across only those grid cells. The selected 10 locations were as follows: New York
City, Philippines, Guyana, Montreal, Florida, Paris, Madagascar, Hong Kong, St. Louis, and
Melbourne. For situations whekve select cities for our analysis of lesahle trends, we note
here that our focus is on the grid cell that surrounds those cities, as opposed to the cities
themselves. Further, while we acknowledge that other locations and/or small countries euld fac
increased vulnerability to precipitation extremes, we use this selection as a representation of
potential impacts elsewhere at more localized sc#éde we did not consider specific
thresholds for population density, elevations relative to sea kvelthe sizes of water bodies,
we selected representative areas that could potentially experience increased negative impacts
linked to precipitation extremes. For example, the New York City region is very densely
populated, is only slightly above sea leantl is located in close proximity to the Atlantic
Ocean. Guyana is a nation that is conversely not so densely populated, but most of its population
resides near the Atlantic Ocean, and the capital of Georgetown lies modestly below sea level.
The Montrearegion is generally well above sea level, but it is a densely populated area that is
surrounded by two rivers, with Rivier®esPrairies flooding many areas twice in a very small
period of time, both in 2017 and shortly again in 2019, as a result of pnificant amounts of
precipitation. Therefore, though we did not consider flooding risk directly in our analysis, we
included these selected locations and regions as representative areas with particular vulnerability

to extreme precipitation that mag bompounded by their low elevation relative toleeal.
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All statistical results for global, regional and local trends are summarized in Takjles 1

with extreme precipitation trends shown graphically as line plots in the results section.

Results

Global TCRE patterns of extreme precipitation

Figure 1 shows global patterns of percent changes in Rx1day and Rx5day, highlighting a
general global increase in precipitation at around 1 TtC relative to thea@80nean at the
beginning of the historical periotnder the RCP scenarios, we found up to-4@W% increase
in Rx1lday at 1 TtC in the central equatorial Pacific, and up to 60% with respect to 1pttCO
this region. Thus, the central equatorial Pacific represents the greatest rates of increase for
Rx1day, but we also found other significant increases in Neetitral Africa, South Asia,
portions of Indonesia, as well as central Antarctica and North of the Arctic Circle among the
RCP scenarios. In the case of Rx5day, overall much lower rates of inareasewn, with most
areas displaying up to a 10% increase across scenarios. However, we found similarities in the
global to regional patterns that are highlighted for Rx1day. For example, the largest rates of
increase consistently occur in the centralatgrial Pacific across scenarios, as well as in North
central Africa, where up to a 8D% increase at 1 TtC is shown. Elsewhere, we consistently
found decreases of up t0-80% at 1 TtC, with the largest rates shown in the Northern)(sub
tropical Atlantc, as well as portions of the Middle East and extreme Northern Africa for both
Rx1day and Rx5day. Similar decreases are uniformly shown across the Southern Hemisphere
subtropical high pressure belt in oceanic regions for both precipitation indices. \Wdtabl

greatest decreases were in the Southern portion of thg (saybcal Eastern Pacific and

40



Atlantic. We also found decreases in the oceanic region West of Australia though with generally

larger decreases Rx5day(up to 20%)}han for Rx1day (up t&0%).

The broad area in the central equatorial Pacific displaying the sharpest increases for both
Rx1day and Rx5day among scenarios may be the result of increased moisture availability and
evaporation across most regions under the higher global tempsrexpected at 1 TtC of
cumulative emissions, likely contributing to intensified (deep) convection. For this reason, the
robust increasing signal over the Eeshtral equatorial Pacific may further be related to higher
seasurface temperatures at higheckground emissions, possibly in response to more El Nino
events that comprise the El Nino Southern Oscillation (ENSO) (e.g. Moore et al.,015).
change in the size and stgth of the Intertropical Convergence ZqiECZ) may also
contribute to the enhaament in extrem@recipitation consistently fouratross scenarios this
region €.g.Byrne & Schneider, 20)6Conversely, the consistent decrease in our precipitation
indices in oceanic sutvopical regions may be attributed to intensified and expansive sub
tropical high pressure over oceanic regions as global temperatures warm at higher emissions (e.g.

Schmidt &Grise, 207).
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Figure 1. Percent change in global Rxldaycleand Rx5day (d) under thelpctCQ, RCP 4.5
and RCP 8.5 scenarios based on the difference betweenyeai3todel mean precipitation at
around 1 TtC of cumulative emissions relative tohistorical first 3Gyear model mean

precipitation.

Statistical results for median global extreme precipitation are summarized in Table 1.
Global extreme precipitation increases linearly (Figure 2) in response to cumulative carbon
emissions for all emissns scenarios for Rxlday and Rx5day across most of the global climate
model simulations considered in this study. Global median extreme precipitation trends exhibit
robust linearity for Rx1day and Rx5day for all of the scenarios (Figure 2, Table 1) dngrdye
statistically significant, as well as for the historical peripet 0.01, Table 1). Indeed, we found

correlation coefficients greater than 0.75 across all emissions scenarios for both our extreme
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precipitation indicators (Table 1). Linearity igesially strong for the 1pctG@nd RCP 8.5
scenarios (r >= 0.90T.he more enhanced linearity that we found under the 1p@GORCP

8.5 scenarios is a reflection of the larger extents of warming and highertsignuase ratio.

Indeed global median Rx1day, under the 1pctG@d RCP 8.5 scenarios, increases by an
average of 7.11% and 14.78% per TtC, respectively. Similadpagjmedian Rx5day increases

by 4.18% per TtC for 1pctCQand an 8.36% per TtC increase under the RCP 8.5 scenario.

With respect to the historical period, the results show a significant linear increase for median
Rx1day (r = 0.80, Table 1), where pretijpion increases by an average rate of about 12% per
TtC. This is larger than the increase shown by 1petiiDless than RCP 8.5, and similar to

RCP 4.5. Further, this reflects a mean increase that is approximately 5% less per TtC in the RCP
4.5 scenarigelative to the historical period, and a ~3% increase per TtC in median Rx1lday in
the RCP 8.5 scenario. This is similarly shown for global Rx5day, where the mean increase per
TtC in the historical period is larger than in the 1pci@@d RCP 4.5 scenaridsor both median
Rx1day and Rx5day, the mean increase per TtC was highest for the RCP 8.5 scenario, with an

increase of 14.78% and 8.36%, respectively.

Regional TCRE patterns in extreme precipitation: Land and oceanic regions

The results show that both dian Rx1day and Rx5day increase linearly per TtC across
all emissions scenarios for land and ocean (Figure 2, Table 1). For all scenarios, this increase is
significant within the 1% significance level, and linearity is shown to be large (Figure 2, r >
0.75), with the exception of ocean median Rx5day under RCP 4.5. In particular, the increase was
substantial for land for the RCP 4.5 dR@P8.5 scenarios for median Rx1day, where
precipitation increased by 12.08% and 13.58% per TtC, respectively (Table 1)ekor the

increase was notably high for median Rx1day under RCP 4.5 (12.79%) and RCP 8.5 (15.16%).
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For the RCP 8.5 scenario, we found a strong linear increase (r > 0.79) for Rx1day, where

precipitation increased by 12.69% per Tp3<(0.01, Table 1).

Table 1. Trends for global, land and ocean median Rx1day and Rx5day for the kpBCP

4.5 and RCP 8.5 emissions scenarios, and for the historical period. Findings are given as mean
percent changes per TtC based on linear regression analyses, and Peastioc@oefficients

are provided. The model range at 1 TtC is also reported. *, ** and *** indicesellts that are
statistically significant at or within the 10%, 5% and 1% significance levels, respectively.

Emissions Change % change | Standard Pear s { Model range
scenario per TtC error correlation atl TtC
coefficient r
Global extreme precipitation

Rx1lday

1pctCQ Increase*** | 7.11 0.11 0.98 0.3310 12.50
RCP 4.5 Increase*** | 12.62 0.58 0.92 5.92 10 23.44
RCP 8.5 Increase*** | 14.78 0.27 0.99 4.60 to 27.59
Historical | Increase** | 12.02 0.75 0.80 -1.20to 13.12
Rx5day

1pctCQ Increase*** | 4.18 0.16 0.92 -1.17t0 9.97
RCP 4.5 Increase*** | 7.17 0.68 0.75 4.77 t0 16.35
RCP 8.5 Increase*** | 8.36 0.35 0.93 3.57 1029.89
Historical | Increase** | 7.45 1.01 0.53 0.62t014.71

Land extreme precipitation

Rx1lday

1pctCQ Increase** | 6.75 0.12 0.98 -1.49 to 16.09
RCP 4.5 | Increase*** | 12.08 0.51 0.94 4.69 to 20.99
RCP 8.5 | Increase*** | 13.58 0.26 0.99 8.00 to 26.23
Historical | Increase*** | 9.92 0.88 0.69 -0.37t0 11.59
Rx5day

1pctCQ Increase*** | 4.47 0.14 0.94 -0.65 to 15.17
RCP 4.5 | Increase*** | 8.58 0.58 0.85 6.99 to 12.58
RCP 8.5 | Increase*** | 8.08 0.32 0.94 1.88 to 37.52
Historical | Increase*** | 7.99 0.96 0.57 1.48 to 14.43

Ocean extreme precipitation

Rx1day

1pctCQ Increase*** | 7.23 0.13 0.98 0.78t0 12.78
RCP 4.5 Increase*** | 12.79 0.67 0.90 5.76 to 24.27
RCP 8.5 | Increase** | 15.16 0.32 0.98 3.351t0 28.05
Historical | Increase*** | 12.69 0.84 0.79 -1.41 t013.63
Rx5day

1pctCQ Increase*** | 4.07 0.19 0.88 -1.63 to 10.76
RCP 4.5 Increase** | 6.61 0.84 0.64 3.431018.31
RCP 8.5 | Increase*** | 8.47 0.42 0.91 3.80t033.11
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| Historical | Increase*** | 7.24 [ 1.17 | 0.46 -0.89 to 17.82
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Figure 2. Global, land and ocean median trends for the historical period (black), and the
1pctCQ (green), RCP4.5 (blue) and RCP8.5 (red) scenarios for Rx1dagyata Rx5day (d).
Annual percent changes for the RCP scenarios, and the historical period ar@egreent
changes for 1pctC£are relative to Year 1 of that scenario. Trends for other individual model
simulations are shown in the background for each scenario and represent the range of

uncertainty.

Regional TCRE patterns of extreme precipitation: Nal&regional trends

To determine if robust linear trends exist at the regional scale, we examine trends for our

selected 12 nations/regions.
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Our results generally highlight statistically significant increases in median Rx1day and
Rx5day across the seledteations/regions studied for all emissions scenarios, and for the
historical period§ < 0.01, Table 2). The largest increases in precipitation mostly occur in the
case of the RCP 4.5 and RCP 8.5 scenarios. For instance, Canadian Rx1day increased by an
average rate of approximately 14%6% per TtC for the RCP 4.5 and RCP 8.5 scenarios, which
represents a-8% per TtC increase above what is shown in the historical period. We also found

similar increases for median Rx5day for the RCP scenarios (Table 2).

The rate of increase was notably large for Rx1day. Among the nations/regions studied,
Indonesia exhibited the largest value for Rx1day, with an increase of about 15%, 29% and 41%
per TtC for the 1pctC& RCP 4.5 and RCP 8.5 scenarios, respectively, all afhwkere highly
statistically significantfg < 0.01). Historically, Rx1day in Indonesia increased by about 26% per
TtC (p < 0.01). This signifies a rise of 3% and 15% per TtC under the RCP 4.5 to RCP 8.5
scenarios, respectively, reflecting a substamiagase under higher global cumulative
emissions for this nation. India also showed large increases for its Rx1day under the RCP
scenarios, with a rise of 27% per TtC. Japan similarly showcased substantial increases across
the RCP scenarios for Rx1dayith rises of approximately 18% per Tt@< 0.01). This
represents a 10% increase per TtC relative to
China, and the Northentral tropical Pacific further had large increases in Rx1day 8% per
TtC acoss these regions), with all being significant within the 1% significance level. Sweden
notably had the largest increase in Rx5day among the regions studied, rising @ pér TtC
in RCP 4.5 and RCP 8.p € 0.01). China additionally showed an averageease of 12% per
TtC for Rx5day under the RCP 4.5 scenario, as did Russia;1#%JIper TtC for the RCP

scenariosf{ < 0.01).
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Among extreme precipitation indicators, linear trends were largely found across most

regions/nations investigated in the cas&x1day (Figure 3, Table 2l lowever, we found that

linear tendencies were notably stronger for certain countries and scenarios. With the exception of

Austr al

0.75 Pr 1pctCQ and RCP 8.5 for median Rx1day were shown (Figure 3, Table 2). Among

ia and

South

Afri

c a,

a tsendywoedffitients of > |

n

t

he

these, Canada, the United States, China, and Russia showed the most pronounced linear trends (r

>= 0.90), with Russia exhibiting especially robust linearity for Rx1day for @R &5 scenario

(r = 0.98), all of which were strongly statistically significant. We similarly found coefficients of

> 0.75 for median Rx5day for Canada (RCP 8.5), the United States (pca@@®Russia (all

scenarios), with Russia showcasing the highestficients.

Table 2.National trends for median Rx1day and Rx5day for the 1pgtROP 4.5 and RCP 8.5

emissions scenarios, and for the historical period. Findings are given as mean percent changes

per TtC based on linear regression analyses, and Peanselation coefficients are provided.

The model range at 1 TtC is also reported. *, ** and *** indisaésults that are statistically
significant at or within the 10%, 5% and 1% significance levels, respectively.

Emissions Change % change | Standard P e ar s | Model range
scenario per TtC error correlation at1 TtC
coefficient r
Canada extreme precipitation
Rx1lday
1pctCQO Increase*** 7.94 0.20 0.96 2.7010 22.07
RCP 4.5 Increase*** 13.99 0.94 0.85 -4.64 10 13.97
RCP 8.5 Increase*** 15.14 0.40 0.97 0.62 to 38.43
Historical Increase*** 10.55 1.23 0.59 -14.03 to 18.61
Rx5day
1pctCQO Increase*** 4.96 0.44 0.69 -11.56 t0 16.44
RCP 4.5 Increase*** 13.21 2.28 0.53 -6.4310 29.78
RCP 8.5 Increase*** 11.15 0.85 0.81 -55.12t0 35.61
Historical Increase** 7.55 3.22 0.19 -25.23 10 41.32
United States extreme precipitation

Rx1lday
1pctCQ Increase*** 6.36 0.23 0.93 -9.7810 15.24
RCP 4.5 Increase*** 11.19 1.16 0.72 -0.40t0 27.36
RCP 8.5 Increase*** 11.09 0.57 0.90 -0.04 to 24.36
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Historical | Increase*** [ 10.12 [ 1.43 1 0.43 -13.22 10 10.87

Rx5day

1pctCQ Increase*** 4.40 0.33 0.76 -39.79 10 30.39

RCP 4.5 Increase*** 8.71 1.89 0.44 -9.27 10 45.70

RCP 8.5 Increase*** 8.68 0.87 0.73 -0.36t0 67.13

Historical Increase*** 8.50 2.60 0.24 -17.03 to 80.24
Japan extreme precipitation

Rx1lday

1pctCO Increase*** 9.40 0.6 0.80 -5.2810 86.22

RCP 4.5 Increase*** 17.53 2.66 0.58 -4.68 to 33.86

RCP 8.5 Increase*** 17.82 1.49 0.79 -9.2110 76.84

Historical Increase*** 7.87 3.74 0.17 -20.62 t0 21.99

Rx5day

1pctCQ Increase** 5.27 0.67 0.56 -18.86 to 42.55

RCP 4.5 Increase*** 8.50 3.21 0.27 -15.27 t0 55.86

RCP 8.5 Increase*** 10.49 1.56 0.58 -18.91 to 95.86

Historical Increase*** 14.60 4.43 0.27 -18.78 10 63.73
Brazil extreme precipitation

Rxlday

1pctCQ Increase*** 7.08 0.42 0.82 -12.87 10 8.10

RCP 4.5 Increase*** 11.69 2.03 0.52 -15.85 to 24.06

RCP 8.5 Increase*** 14.30 0.89 0.86 -28.24 10 62.21

Historical Increase*** 6.06 2.25 0.22 -21.751t0 43.83

Rx5day

1pctCQ Increase*** 4.15 0.55 0.55 -8.24 10 43.24

RCP 4.5 Increase** 5.09 2.14 0.25 -25.3810 22.61

RCP 8.5 Increase*** 6.06 1.13 0.50 -30.57 to 39.60

Historical Increase** 6.31 3.17 0.17 -13.54 t0 53.69

Australia extreme precipitation

Rx1lday

1pctCQO Increase*** 3.27 0.57 0.44 -17.861t0 77.13

RCP 4.5 Increase*** 10.45 2.86 0.36 -27.79 t0 65.47

RCP 8.5 Increase*** 4.99 1.30 0.38 -8.78t0 76.89

Historical Increase*** 9.38 3.44 0.22 -10.45 to 43.80

Rx5day

1pctCQO Increase*** 1.86 0.50 0.31 -0.861t041.31

RCP 4.5 Increase* 4.26 2.43 0.18 -19.93 t0 39.72

RCP 8.5 Increase** 2.38 1.13 0.22 -43.19 t0 36.22

Historical No change 3.55 3.10 0.10 -8.44 10 25.47
India extreme precipitation

Rx1day

1pctCQ Increase*** 16.03 0.89 0.84 -19.30 to 80.24

RCP 4.5 Increase*** 23.72 3.04 0.64 -12.46 to 102.62

RCP 8.5 Increase*** 26.79 1.58 0.84 -2.85 10 95.55

Historical Increase*** 12.96 3.92 0.27 -19.01t0 31.95
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Rx5day

1pctCQO Increase*** 6.15 0.55 0.69 -9.97 10 80.66
RCP 4.5 Increase*** 10.40 2.39 0.44 -19.39 10 62.73
RCP 8.5 Increase*** 8.08 1.20 0.58 -42.47 10 53.04
Historical No change 6.33 4.17 0.13 -20.88 t0 44.26
South Africa extreme precipitation
Rxlday
1pctCQ Increase*** 3.14 0.60 0.41 -14.84 t0 31.30
RCP 4.5 Increase*** 6.86 2.71 0.26 -19.82 10 49.20
RCP 8.5 Increase** 3.25 1.39 0.24 0.84t0 72.08
Historical No change 4.69 3.83 0.10 -22.06 to 31.67
Rx5day
1pctCQ Increase*** 2.28 0.52 0.35 -24.28 t0 30.09
RCP 4.5 No change 4.66 2.85 0.17 -26.79 t031.89
RCP 8.5 Increase* 2.50 1.30 0.40 -42.28 10 42.33
Historical No change 5.86 3.77 0.13 -29.72 10 50.82
Sweden extreme precipitation
Rx1lday
1pctCQ Increase*** 5.68 0.50 0.70 -18.89 to 75.85
RCP 4.5 Increase*** 13.55 2.72 0.47 0.48 t0 101.21
RCP 8.5 Increase*** 16.79 1.14 0.81 -6.39 10 36.75
Historical Increase*** 11.41 3.55 0.24 -12.07 t0 41.32
Rx5day
1pctCQ Increase*** 9.50 0.93 0.66 -28.57 t0 62.39
RCP 4.5 Increase*** 13.65 3.16 0.42 -55.65 t0 47.86
RCP 8.5 Increase*** 15.96 1.33 0.75 -14.27 t0 67.43
Historical Increase** 11.06 4.98 0.20/0.02 -23.06 to 32.14
Russia extreme precipitation
Rxlday
1pctCQ Increase*** 7.88 0.18 0.97 -2.3210 18.44
RCP 4.5 Increase*** 15.29 0.69 0.92 7.31t035.93
RCP 8.5 Increase*** 15.20 0.33 0.98 5.74 10 32.86
Historical Increase*** 6.62 1.14 0.24/0.01 0.70 to 16.81
Rx5day
1pctCQ Increase*** 6.40 0.20 0.94 -1.311t0 11.75
RCP 4.5 Increase*** 11.13 0.93 0.79 -0.75t0 15.51
RCP 8.5 Increase*** 11.60 0.47 0.94 5.331021.97
Historical Increase*** 6.93 1.28 0.30 -2.3410 14.78
China extreme precipitation
Rxlday
1pctCQ Increase*** 8.72 0.27 0.94 1.491t0 16.90
RCP 4.5 Increase*** 16.19 1.28 0.80 8.57 10 39.34
RCP 8.5 Increase*** 18.19 0.60 0.92 7.04 t0 36.33
Historical Increase*** 9.57 1.65 0.44 -12.18 to0 22.87
Rx5day
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1pctCQ Increase*** 4.66 0.38 0.73 0.25 10 33.90
RCP 4.5 Increase*** 12.65 1.81 0.60 -4.91 10 20.69
RCP 8.5 Increase*** 8.02 0.92 0.70 -27.79 t0 34.87
Historical Increase*** 13.63 3.35 0.32 -9.6710 21.84
Indonesia extreme precipitation
Rx1lday
1pctCO Increase*** 14.73 0.68 0.88 -10.07 t0 26.31
RCP 4.5 Increase*** 28.63 3.60 0.65 -0.40 t0 46.31
RCP 8.5 Increase*** 41.03 2.24 0.85 -11.26 to0 46.87
Historical Increase*** 25.97 4.42 0.44 -2.6710 37.93
Median fiveday maximum precipitation
1pctCQ No change 0.26 0.58 0.04 -10.1710 19.73
RCP 4.5 No change 0.61 2.65 0.03 -42.02 to 23.67
RCP 8.5 No change 1.84 1.39 0.11 -39.74 10 31.36
Historical No change -4.46 3.89 -0.10 -22.3810 28.76
East to central tropical Pacific extreme precipitation
Rx1lday
1pctCQ Increase*** 7.50 0.44 0.83 -1.8210 25.51
RCP 4.5 Increase*** 17.63 2.04 0.68 -15.34 10 40.72
RCP 8.5 Increase*** 16.91 1.22 0.83 -18.60 to 64.61
Historical Increase*** 10.87 2.81 0.29 -21.54 t0 10.57
Rx5day
1pctCQ Increase*** 5.19 1.89 0.23 -26.09 to 58.87
RCP 4.5 No change 12.92 9.52 0.14 -40.27 10 252.79
RCP 8.5 Increase*** 13.91 4.61 0.31 -12.53 10 291.47
Historical No change 13.69 12.81 0.09 -62.53 10 60.35
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Figure 3. Median trends for selected countries/regions for the historical period (black), and the
1pctCQ (green), RCP4.5 (blue) and RCP8.5 (red) scenarios for Rx1day (a) and Rx5day (b).
Annual percent changes for the RCP scenarios, and the historical period, are given. Percent
changes for 1pctCgare relative to Year 1 of that scenario. Trends for othevichail model
simulations are shown in the background for each scenario and represent the range of
uncertainty.

TCREpatterns of extreme precipitation: Local scale

In this section, we examine precipitation trends at a more localized scale. These were
consicered as areas that represented the spatial domain of a single grid cell, or a small grouping

of cells. Results are summarized in Table 3.
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Unlike at the global to regional/national scale, we did not find particularly high
correlation coefficients for all tations considered here (Figure 4, Table 3). It is worth
mentioning that some of these selected locations did exhibit relatively high coeffitheunigh
these would not be sufficient to attribute linearity according to our stated criteria. That said, the
correlation coefficients were reasonably high, and in combination with leaugs, we feel
confident that there remains a functional linear relationship in these localized median trends. For
example, in the case of thectCQ and RCP 8.5 scenarios for Rx1day, the New York City
region showed appreciably high coefficients under these scenarios (r = 0.56 and r = 0.64 for the
1pctCQ and RCP 8.5 scenarios, respectively). The Montreal region also showed a reasonably
large coefficiat for its Rx1day (r = 0.63), as did the Philippines for both the 1pct@@ RCP
4.5 scenarios (r = 0.60 and r = 0.72, respectivelgyever, to be consistent, we acknowledge

againthat these trends do not meet our strict criteria for linearity.

Though ve found lower coefficients, these locations generally showed highly statistically
significant increases in Rx1day and Rx5day, which was similar to trends shown globally and
regionally/nationally (Table 3). For instance, for the New York City region, Wwelekception
of Rx5day over the historical period, an increase per TtC was found across all scenarios, as well
as for Rx1day for the historical perigal€ 0.01 to 0.02). In particular, we found a 45% increase
per TtC in Rx1day for the Philippineg € 0.01) over its historical period, and a 22% increase
per TtC under the RCP 8.5 scenario. Guyana also had a 19% increase per TtC in median Rx1day
for the RCP 8.5 scenarip € 0.01), and Florida showed about a 24% increase over its historical
period p < 0.01) Historical Rx5day was additionally increasing significantly for the St. Louis
(19% per TtC) and Paris (27% per TtC) regions, both of which were statistically significant

within the 1% significance level.
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Table 3.Localized trends for median Rx1day a@Rd5day for the 1pctCORCP 4.5 and RCP
8.5 emissions scenarios, and for the historical period. Findings are given as mean percent
changes per TtC based on linear regression analyses, and Pearson correlation coefficients are

provided. The model range affiC is also reported. *, ** and *** indicasxesults that are
statistically significant at or within the 10%, 5% and 1% significance levels, respectively.

Emissions Change % change | Standard Pear s | Model mnge
scenario per TtC error correlation at1 TtC
coefficient r
New York City region extreme precipitation
Rx1lday
1pctCQ Increase*** 6.76 0.87 0.56 -32.02 to 20.32
RCP 4.5 Increase*** 17.48 5.01 0.35 -16.29 to 83.80
RCP 8.5 Increase*** 20.93 2.66 0.64 -24.94 10 58.51
Historical Increase*** 22.86 7.38 0.25 -49.84 to 128.34
Rx5day
1pctCQO Increase*** 6.85 1.17 0.45 -54.60 t0 114.19
RCP 4.5 Increase** 14.47 6.27 0.24 -42.32 10 125.20
RCP 8.5 Increase*** 9.03 3.18 0.29 -64.16 to 404.88
Historical No change 11.13 8.29 0.11 -49.77 t0 80.69
Philippines extreme precipitation
Rxlday
1pctCQ Increase*** 17.98 2.05 0.60 -27.96 to 372.48
RCP 4.5 Increase* 14.35 7.38 0.72 -53.97 t0 86.57
RCP 8.5 Increase*** 21.88 3.18 0.59 -11.70 to 100.14
Historical Increase*** 45.73 9.36 0.38 -49.59 to 28.87
Rx5day
1pctCQ No change 1.94 1.25 0.13 -53.67 t0 306.13
RCP 4.5 No change 3.30 5.88 0.06 -75.70 to 64.50
RCP 8.5 No change 2.18 3.57 0.07 -45.50 to 68.09
Historical No change 6.01 8.03 0.06 -44.65 t0 75.45
Guyana extremeprecipitation
Rx1lday
1pctCQO Increase*** 7.61 1.05 0.53 -62.56 to 325.86
RCP 4.5 No change 9.18 5.73 0.17 -22.83 10 121.22
RCP 8.5 Increase*** 18.79 2.66 0.60 -15.67 t0 118.48
Historical No change 9.08 6.16 0.12 -18.93 to 52.40
Rx5day
1pctCQ Increase*** 5.28 1.00 0.41 -11.89t0 81.43
RCP 4.5 No change 2.33 3.81 0.07 -35.30 to 55.27
RCP 8.5 Increase*** 8.26 1.76 0.45 -39.25 10 52.53
Historical No change 2.70 5.65 0.04 -44.15 to 42.31
Montreal region extreme precipitation
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Rx1lday

1pctCQO Increase*** 8.33 0.89 0.63 -10.59 to 38.12
RCP 4.5 Increase*** 15.59 3.73 0.41 -18.90 to 38.53
RCP 8.5 Increase*** 8.15 2.03 0.39 -14.09 to 65.25
Historical No change -4.39 5.30 -0.07 -26.40 to 48.37
Rx5day

1pctCO Increase*** 4.54 1.05 0.35 -56.01 t0 38.71
RCP 4.5 No change 11.33 7.20 0.17 -25.43 10 52.25
RCP 8.5 Increase*** 11.21 3.01 0.37 -9.8410 65.04
Historical Increase** 22.20 9.74 0.19 -24.77 10 161.80

Florida extreme precipitation

Rxlday

1pctCQ Increase*** 4.05 0.88 0.37 -27.57 10 52.25
RCP 4.5 No change 5.18 5.68 0.10 -33.40 to 52.94
RCP 8.5 Increase*** 9.11 2.65 0.34 -37.28 t0 156.86
Historical Increase*** 23.62 7.74 0.25 -33.02 10 65.93
Rx5day

1pctCQ Increase*** 4.20 1.05 0.32 -48.78 10 179.34
RCP 4.5 Increase** 7.83 3.91 0.21 -23.30t0 134.95
RCP 8.5 Increase*** 6.15 2.11 0.30 -18.04 to 163.06
Historical No change 5.44 7.15 0.06 -76.65 to 143.41

Paris region extreme precipitation

Rx1lday

1pctCQ Increase*** 4.45 0.84 0.42 -35.35 10 101.55
RCP4.5 Increase*** 11.23 4.33 0.27 -25.76 t0 38.14
RCP 8.5 Increase*** 12.41 1.76 0.60 -12.58 t0 122.11
Historical No change 5.62 5.85 0.08 -38.80 to 58.00
Rx5day

1pctCQO Increase*** 9.24 1.35 0.51 -22.21 10 125.44
RCP 4.5 No change 7.78 6.16 0.13 -55.23 t0 169.01
RCP 8.5 Increase*** 13.65 2.98 0.44 -8.55 t0 144.98
Historical Increase*** 27.13 10.32 0.22 -79.24 10 128.14

Madagascar extreme precipitation

Rx1lday

1pctCQ Increase*** 7.23 1.30 0.42 -35.30 to 128.62
RCP 4.5 Increase** 16.31 7.25 0.23 -39.48 to 153.16
RCP 8.5 Increase*** 16.53 3.33 0.47 -43.19 t0 92.45
Historical Increase* 16.15 9.09 0.15 -57.52 t0 56.67
Rx5day

1lpctCQ No change 1.44 1.01 0.12 -33.51 t0 63.06
RCP 4.5 No change 0.81 4.48 0.02 -41.83 10 61.62
RCP 8.5 No change 2.86 1.86 0.16 -17.11 t0 107.81
Historical No change -1.04 6.83 -0.01 -23.3510 22.78

Hong Kong region extreme precipitation
Rxlday
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1pctCQ Increase*** 6.60 2.06 0.27 -25.66 to 86.30
RCP 4.5 No change 17.40 11.03 0.17 -39.34 10 93.24
RCP8.5 Increase** 11.25 5.41 0.22 -37.24t0 47.47
Historical No change 3.21 15.82 0.02 -50.11 t0 79.89
Rx5day

1pctCQ Increase*** 3.83 1.46 0.22 -34.57 t0 212.08
RCP 4.5 No change 5.01 6.42 0.08 -52.01 to 212.54
RCP 8.5 No change -0.44 3.07 -0.02 -65.30 to 138.72
Historical No change 8.36 10.21 0.07 -36.09 t0 66.04

St. Louis region extreme precipitation

Rx1lday

1pctCQO Increase*** 6.17 0.85 0.53 -29.8910 57.13
RCP 4.5 Increase*** 13.06 4.89 0.27 -25.82 t0 40.52
RCP 8.5 Increase*** 12.80 2.38 0.50 -5.381t0 75.51
Historical Increase** 13.46 6.50 0.17 -59.50 to 51.37
Rx5day

1pctCO Increase*** 7.02 1.06 0.51 -32.11 to 237.88
RCP 4.5 Increase** 12.67 5.43 0.24 -39.29 to 82.82
RCP 8.5 Increase*** 10.18 2.80 0.36 -37.14 t0 233.16
Historical Increase*** 18.55 6.84 0.22 -65.80 to 87.89

Melbourne region extreme precipitation

Rx1lday

1pctCQ Increase*** 4,73 1.30 0.30 -77.46 10 162.15
RCP 4.5 No change 3.97 6.42 0.07 -41.85 10 129.79
RCP 8.5 Increase*** 8.56 2.51 0.34 -19.69 t035.12
Historical No change 6.77 8.69 0.07 -49.08 t0 95.28
Rx5day

1pctCQO No change 1.15 1.02 0.10 -10.39t0 92.34
RCP 4.5 No change 4.86 6.22 0.08 -43.07 to 277.11
RCP 8.5 No change 3.12 2.70 0.12 -25.75t0 166.70
Historical No change 3.97 8.94 0.04 -48.66 t0 95.28
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Figure 4. Median trends for selected localized areas for the historical period (black), and the
1pctCQ (green), RCP4.5 (blue) and RCP8.5 (red) scenarios for Rx1day (a) and Rx5day (b).
Annual percent changes for the RCP scenarios, and the historical period, are given. Percent
changes for 1pctC{are relative to Year 1 of that scenario. Trends for otheviohail model
simulations are shown in the background for each scenario and represent the range of
uncertainty.

Discussion

Our results show that the TCRE framework, representing ainear response of
climate variables to cumulative G@missions, may bapplied to extreme precipitation,
extending analyses previously conducted in other studies, such as Leduc et al. (2016), Partanen

et al. (2017) and Chavaillaz et al. (2019). These findings are also consistent with previous works
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that have investigated tlextent that precipitation extremes scale with global warming (e.g.
Seneviratne et al., 2016; Wartenburger et al., 2017; Tebaldi & Knutti, 2018). Indeed, using a
suite of nine CMIP5 models for the purposes of this work, we found strong positive linear
scalng for indicators of extreme precipitation against global cumulative emissions, as well as
statistically significant increases per TtC. These trends are shown to generally apply in both a
TCRE-only context (1pctCeg), as well as with respect to a combipatof CQ and other

greenhouse gas forcings (i.e. TCRE +4@ forcings in RCP 4.5 and RCP 8.5). However, the
extent to which this linearity occurs is dependent on the spatial scale and/or the emission
scenario in question. The greatest linearity (r ##5Pwas uniformly found at the global scale,
where both median Rx1day and Rx5day increase significantly for all scenarios, as well as for the
historical period in terms of Rx1day. Landly and oceaionly analyses similarly revealed a
strongly linear sigal for both the median Rx1day and Rx5day. In the case of land, precipitation
exhibited similar linear trends across all scenarios but was weaker historically. This held true for

oceanic areas, as well, where the response was strongly linear acrossaslhscen

The strong positive linear trends of extreme precipitation found here were further
consistent with the ClausitSlapeyron relationship. With increased greenhouse gas forcing,
global temperatures correspondingly rise, allowing the moisture holdpagity to increase.

The ClausiusClapeyron relation describes tegponentiaincrease irwatervaporpressuravith
warmer temperatures, where water vapor increases by approximately 7% per degree Kelvin
under constant relative humidity. Indeed, we shoav &xtreme precipitation scales strongly
linearly with higher cumulative emissions globally to locally at rates similar to or exceeding that
of the ClausiugClapeyron relationship (i.e. a super ClatSiapeyron relationship). This was

especially true fotrends in Rx1day under the RCP runs, where the rates of increase per TtC
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were frequently at or exceeding 11% per TtC. Similar rates of change also occur undep 1pctCO
at the upper end of our spread of model trends (Figure 2); for instance, at 1 TtC, we find a similar
increase (310%) globally under 1pctCOSimilar results were also shown in Pall et al., (2007),

for example, where they found that increases in extrenugpiegion under C@forcing agreed

with the ClausiugClapeyron relation, especially at mig hightlatitudes. Our findings also
consistently show that the rate of increase is greater in the RCP 8.5 scenario than it is for
1pctCQ (often approximately aalibling in RCP 8.5 relative to 1pctGOwhich we would

expect as a result of the RCP scenarios accounting fe€E@aiforcings and landise change
emissions. This is consistent with other studies (e.g. Pendergrass & Hartmann (2014) and
Seneviratne et al(2021)).In Pendergrass & Hartmann (2014), for instance, they found that
99.99percentile rain rate responses are sometimes shown to be 75% to more than 100% larger in
RCP 8.5 than in 1pctCO2 for selected CMIP5 models, with relatively small uncertéengies

the IPSI:CM5A-LR, MIROC5 or NorESMiM models).However, we also stress thrates of

increase for individual models would differ across model simulations, ranging from larger to
much smaller disparities between 1pct&@d RCP 8.5 relative to whae show for the median

trends.

These patterns would further suggest intensifications of annual Rx1day and Rx5day
events due to more moisture availability in a warmer atmosphere. For instance, particularly
strong deep convective systems have a tendenfoyroing in environments that are and/or
become moisturabundant. With enhancement, this moisture would create thermodynamic
environments suitable for strong to severe thunderstorms and other mesoscale convective
complexes in light of an increase in theaamt of convective available potential energy. More

moisture availability would also favorably augment the amount of atmospheric precipitable
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water. Consequently, more water could be condensed out of the air during a given heavy
precipitation event at higin background temperatures that would, therefore, increase the
frequency and severity of these events through enhanced precipitation rates. Our results show
strongly linear intensification rates in median Rx1day and Rx5day (increasd$%8 per TtC
globdly), suggesting more substantial precipitation rates under higher global emission

concentrations.

These tendencies were further implied in Figure 1, showing general increases at lower
latitudes for the most extreme Rx1day and Rx5day at mean 1 TtC ofativ@@missions
among scenarios, relative to the beginning of the historical period. This was especially true in
tropical oceanic regions. The increase in precipitation among scenarios may be the result of
increased atmospheric moisture availability angjp@ration in lowatitude oceanic regions
under higher global temperatures expected at 1 TtC of cumulative emissions. This would likely
contribute to intensified convection in more favorable thermodynamic environments, which, for
example, may intensify nafall rates in tropical cyclones over their oceanic source regions (e.g.
Knutson et al. 2010). In particular, the overall increase across scenarios in the most extreme
Rx1day and Rx5day over a narrow latitudinal band in the Nzetitral tropical Pacific
(approximately 916 degrees North of the equator) is large (Figure 1). For this region, we found
that precipitation extremes increase generally by as much-BH3086 at 1 TtC in the RCP
scenarios for Rx1day relative to the beginning of the historicalge€Fiwe results show that the
most intense Rx1day and Rx5day events increase significantly across all emissions scenarios
(Table 2), and this increase is strongly linear for Rx1day for the 1p@@@®ORCP 8.5 scenarios.
As mentioned previously, this couldggest tropical convective enhancement due to potentially

stronger and more frequent ENS@rm phases (El Nino events) at higher cumulative
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emissions, favoring intensification in the most extreme precipitation under the higher (sea
surface) temperatures. ift towards stronger El Nino events with greenhouse forcing would be
consistent with enhanced ENSO variability (e.g. Moore et al., 2015). Using fossilized coral
oxygen isotope records in the central Pacific, ENSO variance was also shown to be
approximagly 25% stronger over the past five decades relative to-3000 years ago (Grothe

et al., 2019)As mentioned previously, the increase shown for extreme precipitation indicators in

this region may also be attributed to changes in the size and stretigghTaEZ.

When regionally constraining our analysis, we found a wider range of correlation
coefficients.In general, larger nations, such as Canada, the United States, Russia and China, had
a stronger linear signal for both Rx1day and Rx5day. Howeerptiustness of this linearity
was most pronounced for Rx1day under the 1pet@@ RCP 8.5 scenarios across most of the
nations considered. This was also true for India, Brazil, and as described previously, the North
central tropical Pacific. In the cas€&India, this may imply intensification in the warm season
South Asian monsoon through more intense rainfall rates from deep convection/thunderstorms in
a warmer climate (e.g. Moore et al., 2015; Lui et al., 2019). One exception to this pattern was
Austrdia, where consistently weaker linear trends were found across scenarios, and historically.
This could be that much of the central portion of Australia climatologically spends few days
annually with measurable precipitation in light of the influence oftepyfical high pressure in
this region. It is principally these high pressure systems that restrict precipitation development
due to the sinking air motior{se. sub&lencg that are endemic to much of Australia. Therefore,
much of the nati on 0 dedorcoastal apeast natably the Eastand Mastls t | y

coasts. Nevertheless, we found highly statistically significant increases per TtC in Australian
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Rx1day and Rx5day for all scenarios. This finding is consistent with Bao et al. (2017), who

showed an increase the most extreme precipitation in Australia.

Although linearity was generally weaker at the local scale, this study similarly showed
statistically significant increases in Rx1day intensification at specific locations across North
America, including thé/lontreal, St. Louis and New York City regions, as well as the state of
Florida. These findings generally agree with Li et al. (2019), showing increases in local extreme
precipitation across North America with climate warming, as well as in Canada histdeaa
Bush et al., 2019), although Kunkel (2003) found no changes in the most extreme precipitation
historically in Canada. The increases per TtC found in the United States was further in agreement
with the significant increases in daily extreme priatpn events in southeastern Virginia over

the 2% century, as documented in Sridhar et al. (2019).

Comparatively smaller nations exhibited similar results for Rx1day under the IpctCO
and RCP 8.5 scenarios, notably Japan, Sweden and Indonesia. Elgna¢the local scale,
while linear trends may well exist based on our results, we consistently found no robust trends.
Intuitively, this would make sense, as there are likely to be lmgme influences that affect
extreme precipitation locally, thdyg increasing the extent of noise. Locally to regionally, for
instance, natural variability can more significantly affect the frequency and/or severity of
extreme precipitation events over annual to ruditadal time scales. Such natural variabilities
canreduce the signdb-noise ratio and, thus, can mask linearity at these localized scales, as
compared to the stronger linear signal shown globally. Also, the scale at which these
precipitation events occur is rather small, making them difficult to captaemingfully in
coarser model resolutions. For example, extreme precipitation events are often the result of deep

convective systems, such as (severe) training thunderstorms (e.g. Maddox et al., 1977), that can
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yield considerable amounts of rainfall oxevery short time. Due to the mesoscale processes
involved in the formation of such events, it becomes increasingly difficult to sufficiently resolve
these dynamics at coarser resolutions and, therefore, outside of conpectiotiing models.

The lower orrelation coefficients found #éhe local scale may further be related to shifts in the
overall storm trackas a result of changes in atmospheric circulationis,noay be related to
changes in the frequency of high and low pressystems that preferentially impact some of

these locations.

As such, while the TCRE is shown here to be a good approximation for extreme
precipitation at all spatial scales, it is more distinct at larger scales as opposed to smaller ones.
However, strondinear relationships also appear in regionalnstrained analyses, mostly for
the largest nations/regions (i.e. Canada, Russia, the United States, China, and thertiaith
tropical Pacific). This may be due to the potentially more prevalent inkuehithe Clausius
Clapeyron relation at mido hightlatitudes (in which many of the selected nations are located),
as described by Pall et al. (2007). The stronger linearity shown for these regions could also be
partly an artifact of spatially aggregatioger a larger number of grid cells over larger areas,
increasing data sampling size. The differences in linearity from one location or region to another
could also be at least partly explained by differences in the atmospheric circulation response to
higher cumulative emissions (and, thus, warmer temperatures). For example, a strengthening of
the monsoon circulation in India (e.g. Li et al., 2019) under warmer global/regional temperatures
could foster conditions suitable for substantial increases in RxdmthirRx5day rates. Indeed, as
reported here, precipitation rates in India are shown to be much larger than all other
nations/regions considered, especially for Rx1day (which are statistically significant across

scenarios).
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While we would have expected bd@xlday and Rx5day to increase at all spatial scales
considered herein, it is interesting to note that our results point to larger rates of increase in
Rx1day than in Rx5day. This is especially true globally, and for land and ocean. However, the
extent towhich this occurs is somewhat more varied at the national/regional to local scale than
what we report globally or for land/ocean. For example, in Japan and China, historically, Rx5day
exhibits a larger increase than for Rx1day events. This pattern shalsm for Sweden, and
locally we see this appear in the Montreal and St. Louis regions, for Florida, and especially in the
case of the Paris region. These regional to local patterns could suggest (substantial) changes in
the properties of convective systenas well as the broader, synoptic circulation features that are
important for their development and evolution, depending upon the extent of regional warming
(e.g. Seneviratne et al., 2021). The larger increases in the intensity of Rx5day regionally to
locally shown here may be the result of an atmospheric configuration that favors more
(consecutive) days spent with precipitation as cumulative emissions rise. In turn, this could more
likely allow for precipitation to be observed over mudéy time periodshat would effectively
enhance fivalay precipitation events. It could also be that increases in Rx1day events
significantly contribute to increases in the magnitude of Rx5day events, which could partially be
why increases in Rx5day events are generaibheeted. These regional to local variations are
consistent with other studies. Valverde & Marengo (2014), for instance, showed some
regionally-different trends between Rx1day and Rx5day in Brazilian basins, where Rx5day
events exhibited a decrease in tipper Tocantins, while Rx1day events increased. Similarly,
KirchmeierYoung & Zhang (2020) found a larger scaling factor for Rx1day than for Rx5day

over much of North America historically.
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We also generally found that the rate of increase in 1pct@® lagely much lesser than
that of RCP 8.5. In particulaxss mentionedwe would expect such a consistently larger response
of precipitation extremes to the RCP 8.5 emissions scenario as compared to that of ipetCO
to the RCP scenarios including not only G@rcing, kut also norCO, forcings, in addition to
the emission contributions from lanuge changes. To that end, Seneviratne et al. (2021) show
that the increase is about 40% larger in RCP 8.5 than it is in 1pcAC@e same time, this
larger disparity becomesmmewnhat less distinct nationally/regionally to locally, though the
reported changes across median trends still reflect fairly high differences between the two

scenarios.

Summary & Conclusion

Using a suite of nine CMIP5 climate model simulations, thisyspudsented TCRE
based estimates of extreme precipitation changes by examining trends in the most intense
Rx1day and Rx5day events as a function of global cumulative emissions. The results show that
the TCRE frameworkan bea good approximation for predigtion extremes and, therefore,
expands on the research that had previously applied the TCRE to evaluate trends in global to
regional temperature and precipitation in the context of global cumulative emissions (e.g. Leduc
et al., 2016, Partanen et al. 120 Chavaillaz et al., 2019). As such, the TCRE framework is
shown here to similarly be a useful quantity in the assessment of extreme precipitation,
especially at larger spatial scales, and further casts insight in the extent to which extreme
precipitation may respond to higher cumulative emission concentrations. Indeed, the results
presented in this study typically showed that extreme precipitation is likely to intensify
significantly per TtC globally to locally in response to higher emissions, includnege

linearity is generally not robust and/or could not be inferred. While we recognize that there are
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many regions and specific locations not covered in this work that face equally, if not more
vulnerability to precipitation extremes, the results shoene fior the selected locations/regions
may be extrapolated to other (gpdint) locations/regions. These patterns suggest significant
impacts within a warmer climate that may be linked to more frequent and intense flooding, for
example, such as those extre precipitation events that contributed to the California flooding of
January 2023, the British Columbia flooding of Novembecember 2021, the Australian flood

of March 2021, the United States flooding associated with tropical cyclone Harvey in 2017, a
well as the Southern Quebec floods of spring 2017 and spring 2019, to name just a few. This
study highlighted that the most significant linear increase occurred with median Rx1day under
the 1pctC@and RCP 8.5 scenarios, not only globally, but for natiooated principally at the

mid- to hightlatitudes. This was further shown at singular grid cells that contain major
metropolitan areas, where impacts could be particularly significant in response to more
substantial water accumulation and runoff in gitues of intense onday precipitation events

(e.g. the Indonesian flagtood of April 2021 or the Montreal flasthood of July 1987). In light

of efforts to maintain global warming below the 1.5 C to 2.0 C levels of the Paris Agreement,
this study provids some perspective as to what extent extreme precipitation could increase at
global cumulative emission levels associated with such magnitudes of warming or even less. The
findings presented here and other works that previously reported similar residistiverefore,

be of value for localized policy makers where notably growing concerns of more extreme
precipitation become increasingly favorable in a warmer global to local climate. To that end,
although local policy makers do not have control over dlebassions, these results can provide
a framework for better adapting to a world that would likely feature more intense and frequent

extreme precipitation events. However, using cumulative emissions to explain past and future
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trends offers only a broadame for examining precipitation extremes. For this reason, this study
also indirectly stresses that further research could potentially derive-baste estimates of the
synoptic to mesoscale systems and their environments that often generate thetpmecipita
extremities investigated here, or for the forms of natural variability that may affect their
frequency and/or intensity (e.g. ENS®)closer inspection of important feedbacis

accountedor in this analysissuch as the water vapieedback could also be usefutuch
approackscould offer an additional dimension for further understanding future trends in the

dynamics of precipitation extremes as cumulative emissions rise.
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Chapter 4: Using CMIP5 data to model trends in global, regional and local precipitation

extremes with a GEV distribution

This Chapteiis in preparation fosubmssionfor publication
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Abstract

Precipitation extremes are rare events that often signdicant negative societal,
environmental and economic impacts. For this reason, such events are of increasing importance
to society in terms of how they may change in frequency and/or intensity in light of continued
warmer global and regional tempernasias emissions rise. Theansient Climat&kesponse to
Cumulative EmissionfTCRE) has been a significant contribution for better understanding the
response of global to regional temperature to cumulativee@@ssions, showing linear scaling
of temperatur@nd other climate indicatorgith CO; emissionsAt the same time, the
Generalized Extreme Valy&EV) distributionhas previously been widely adopted in the
analysis of extreme events across a varietyetdd, particularly in the assessment of trends for
climate extremesncluding formodeling extreme precipitatioblsing Coupled Model
Intercomparison Project Phase@\IP5) model data, &pply a GEV distribution to quantify
trends in historical and pregted annual Rx1day ak5day at various spatial scal&esults
indicate that annual maxima shift towards larger values and exhibit higher variability
Furthermorelocation parameter estimates for Rx1day and Rx5day events scale approximately
linearly with higher cumulativ€€O, emissiors at all spatial scales considered, consistent with
the TCREframework Correspondingly, this contributes to largely linear increases-yeadfo
and 100year return levelsith increasing cumulative G@missionsMy findings also show
that the probability of the highest annual maxima quarislgenerallylower due todecreasing
shape parameter estimatesscumulative emissions risgthough this response is shown to be
spatiallydependent. These results implyiaorease in the frequency and intensity of annual
maxima over time, which may contribute significantly to a higher frequency of flooding events

and other hazards globally to locally
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Introduction

Extreme precipitation events frequently induce significeagiative impacts to human
society, including substantial property damages and loss of life. The degree to which these events
may change in response to warmer global temperatures, by extension of rising greenhouse gas
concentrations, is of primary interestthe climate change sector (Pfahl et al., 2017). However,
guantification of these events is often challenging because of their rarity. The lack of meaningful
representation of such eveimscoarser model resolutions.¢. Raupach et al., 202%)furthe
compounded by other inhomogeneity issues in the observational records, such as the incomplete
reporting of these events, sparse observation networks, inadequate monitoring systems, and
relatively short historical period3 &szarek et al., 202ITaszarelet al., 2019 Tippett et al.,
2016;Stott et al., 2016Edwards et al., 2018). Other data inhomogeneities are also often related
to the joining of observations from closely neighboring observation stations to create a longer

time series (Vincent & Mekis,aD6; Edwards et al., 2018).

Although there exisseveral definitions, igcipitation extremes may be broadly defined
as precipitation quantities per unit time that exceed the climatology of a specified region or
location (EPA, 2017). According to ttetergovenmental Panel on Climate Change Managing
the Risks of Extreme Events and Disasters to Advance Climate Change Adg(tieation
SREX), changes in heavy to extreme precipitation events are based-af'latentury 96'
percentile or greater values, such a%-99" percentile events (e.g. Herring et al., 2014). Flash
flooding commonly occurs in situations of unusually high rainfall rates occurring over short time
durations, such asvera single day or over suibaily temporal scales. Most conducive to
generating such rainfall is (deep) convective events, typically manifested as strong to severe

thunderstorms, where, in some cases, rainfall may exceed average monthly amounts in just a
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matter of hours or less. One sucBeavas during the Montreal flooding event of Julf},1¥987,
where almost precisely 100 millimeters (mm) (approximately 4 inches) of rainfall occurred in
association with a severe mutll thunderstornfiamily that lasted for about two houssnother
situationwherelittle to no convective available potential energy (CAPE) imaslved,was a

low pressure system that yieldigb all-time largest 24our rainfall (20 mn) for the Montreal
area onNovember 8-November ¥, 1996(149.2 mm total between the two days at the
McTavish station, and 134 mm at YUISuch flooding may be exacerbated by anomalously
high water levels, higher than normal soil moisture and previously wetter than normal
conditions. There may further be sitioats where flooding materializes out of conditions that
feature consecutive days spent with precipitation, even if this precipitation occurs in lighter

amounts.

Extreme value theory (EVT) is a sector of statistics designed to make inferences about
the prdability of extreme events or outliers hias been widely adopted in the area of risk
assessment statistics and applied for a broad range of purposes across many fields of study,
particularly in climatology and hydrology. A branch of EVT, called the Gdizexd Extreme
Value (GEV) distribution, is comprised of a family of continuous probability distributions that
can be used to model extremes. The individual probability distributions that make up the GEV
are the Gumbel, Frechet and Weibull distributioepresenting Type |, Type Il and Type Il
distributions, respectively. Each type is used to describe the overall rate of decay exhibited by
the upper tail of these distributiorBatistaet al., 2019) and is determined by a range of values
given by shape pameter estimates. Typically, the extremes of a normal distribution lie in the
tail regions of those distributions. Within these tails exists a separate distribution (i.e. a sub

distribution that appears rigkewed) that is often of interest to researsland policymakers,
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as it is here that the most extreme values are found. The GEV distribution could be used to
derive parameter estimates of location, scale and shape and model how these may each be

changing through time.

A large body of climate impagtand hydrology literature has previously employed EVT
related analyses to explore return periods of anomalously significant rainfall or rare flooding
events by fitting a GEV. For example, several studies have considered fitting a GEV regionally
to exploreprecipitation extremes, such as Northeastern North America (Innocenti et al., 2019),
the Brazilian Amazon (Santos et al., 2015; Assis et al., 2Bdi8staet al., 2019), the United
States (Fix et al., 2016), the Mediterranean (Blanchet et al., 2016 bOnited Kingdom
(Brown, 2018). Other studies have used the GEV to assess trends in a variety of climate indices,
such as testing the effect of the El Nino Southern Oscillation (ENSO) and North Atlantic
Oscillation on seasonal precipitation extremes anthlAmerica (Whan & Zwiers, 2017), or the
United Kingdom (Brown, 2018). Return periods may be defined as a given event of some
magnitude (i.e. return level) being reached or exceeded once every specified interval of time, on
average. It is this informatmthat can be useful in poligpaking and risk management to better
understand how given events may change in time with prescribed levels of global warming under
specified cumulative emissions concentrations. As such, return levels are often of interest in
climate adaptation, poliesnaking, urban, road and highway drainage planning, as well as

hydrological structure risk assessment, such as for levees and dams.

The TCRE is a useful framework as a means for highlighting the linear relationship
between globainean temperature and emissions (e.g. Tokarska et al., 2019), demonstrating that
temperature responds approximately proportionally to global cumulative@issions. It

specifically represents a constant value that describes the increase in global temperature
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responseo cumulativeCO, emissiongMatthews et al., 2009; Gillett et al., 2013; Matthews et

al., 2023) and, as such, has the ability to linkaotp directly to carbon emissions. The TCRE

has further shown more promise for applications atgdobal scales (e.g. Leduc et al., 2016), as
well as with respect to other climate indicators, such as precipitation (Partanen et al., 2017)
extreme precipétion (Moore et al., 2023)r even sea ice (Zickfield et al., 2012). Therefore, the
TCRE can also more broadly be thought of as the physical climate response to cumulative CO
emissions (Herrington & Zickfield, 2014), which includes the response of clinditators

other than the most used climate index (i.e. global mean temperature) (MacDougall &

Friedlingstein, 2015).

As such, this framework can be of value in climate mitigation as a means of
communicating climate impacts flexibly as cumulative carmissions rise. For example, the
TCRE enables policy makers to better determine expected impacts linked to specified warming
targets that may be associated with certain weather extremes (Tachiri et al.|tZ0iR)d be
noted, however, tha&xtreme weditereventsatglobal to localscales have very different
stakeholderg-urther, global saletrendstend to be more believable, while sglobal scales,

where trendsire oftemoisier, are of more interest to stakeholders.

The TCRE also holds potential for framing precipitation extremes by modelling them
using EVT. This could, therefore, be a useful to@valuatehe response of the most extreme
precipitation events to imeasing global cumulative emissions and, at the same time, address the

gaps in the literature concerning such events.

In the current study, using a suite of CMIP5 model data, | endeavor to quantify trends in

oneday and fiveday maxina (previouslyreferral to as Rx1day and Rx5day, respectively) and
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20-year and 104ear return levels of precipitation extremes with increasing concentrations of
cumulative greenhouse gas emissions by using a GEV distribution to model extremes. |
specifically use a GEV analydis examine observed and projected trends in the most extreme
Rx1day and Rx5day events at different spatial scales, including globally, regionally and locally,
as a function of cumulative emissions, and determining whether location parameter and return
level estimatesan beapproximatd bythe TCRE framework at each of these scales. | discuss

first the type of data used, and the formulation of the GEV to model this data accordingly. | focus
on analyzing trends in various distribution parameters derivedtlie GEV and assess return

level patterns of specified return periods under different cumulative emission scenarios

established by the IPCC.

Methodology

In this section, | describe in detail the methods used for this study. | begin with a
description of the extreme precipitation data considered. | then discuss the procedure of fitting a

GEV, and the statistical test used to analyse the data.

Data and Scearios

Daily precipitation data was extracted from nine (9) global climate models (GCMs) as
part of a CMIP5 ensemble. The GCMs for which annual maximurrdapend fiveday

maximum precipitation data were available are the following:
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Table 1 Selected® CMIP5 models and model descriptions.

Model name Description

CanESM2 Canadian Center faZlimate Modeling and
Analysis (2.8 X2.8)

IPSL-CM5A-LR Institut Pierre 8non Laplace, France (3.75 »
1.8)

IPSL-CM5A-MR Institut Pierre Simon Laplace, France (2.5 »
1.25

IPSL-CM5B-LR Institut Pierre Simon Laplace, France (2.75

1.8)

MPI-MMPI-ESM-LR

Max-PlanckInstitute for Meteorology (low
resolution)

MOHC-HadGEM2

Met Office Hadley Center, UK (1.88 x 1.25)

MIROC-ESM

JaparAgency for MarineEarth Science and
Technology, Atmsephere and OcedResearcl
Institute (The University of Tokyo), and
Nationallnstitutefor Environmental Studies
(2.8 x2.8)

NOAA-GFDL-ESM2G

National Oceanographic and Atmospheric
Administration Geophysicatluid Dynamics
Laboratory, USA (2.5 x 2.0)

NOAA-GFDL-ESM2M

National Oceaographic and Atmospheric
Administration Geophysical Fluid Dynamicg

Laboratory, USA (2.5 x 2.0)

As discussed ilfChapter 3 of this dissertation, | used here three greenhouse gas emissions

scenari os,

wh i

eoh,

afrrec pp4i 5t d,e da nmdl pficrtcCpB 5 0 ,

referr

Representative Concentration Pathways 4.5 (RCP 4.5) and Representative Concentration

Patlways 8.5 (RCP 8.5), respectively. The cumulative emissions data used here are derived from

changes in oceanic, atmospheric and land pools, as described in Chapter 3. Furthermore,

cumulative emissions represent fossil fuel emissions only. The 1pst@@aio (140 years)

denotes a situation where the atmospherig €@centration increases by one percent per year

until COr quadruples relative to the pradustrial period. The two RCP scenarios (90 years) are

defined based on greenhouse gas concentrationepraent two different future climates by

the year 2100. The RCP scenarios span a period covering 2006 to 2095. The historical period
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spans 145 years following the beginning of theipdeustrial period to approximately present

day(2005)

Variable cred@ion and model interpolation

Extreme precipitation data was converted into units of millimeters per day (mm/day).
Daily precipitation derived referred to the maximum amount of precipitation achieved for a
given day for a givenrgl cell, model and scenaribisolated the largest value among these daily
maxi mum values for each year, which effective
globally for each model and scenarial$so obtained fiv@lay maximum values using the
original daily data available These newly created variabl es we
ARx5dayo and are used herein to define what ¢
all types of precipitation. As previously described in Chapteti&riconverted individual
model resolutions to a common grid systeéhat carried the coarsest resolut{based on

CanESMZ2, consisting of grid celigth sizes ofabout 2.8 x 2.8 degrees)

Region and location selection

| analyzeland areas by applying a mask trsmtiatedthose grid point centers located only
over land. This procedure was repeatedfagan grid cellenly. Therefore, it was possible to
consider annual maxima over either lan@doean or for anyspecific natiorof interest. limited
this study to a selection of five nations where precipitation extremes may be particularly
impactful in light of significant population density, the extent of urbanized areas, sea level rise,
as well as proximity to large water bosti@&Jnited StatesAustralia India, Brazil, andSouth

Africa.
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Because impacts of extreme precipitation are likely to be most significant in densely
populated zones, | then extended the analysis to localized areas to determine trends at those
spatialscales, and whether these trends beapproximate bythe TCRE in terms of location
parameter estimates and specified return levels derived from the GEV. These locations typically
occupied spaces that were at the grid cell, or a small grouping of adjatenSmall groupings
of cells could comprise small nationshar conparable to the size attates in the United States.

The selected five locations are as follows: Hong Kétulippines St. Louis Florida, and

Montreal.

Fitting a GEV

For this study, used a GEV analysis to &ss trends in the most extreme Rx1day and
Rx5day values at different spatial scales. In order to fit a GEV to annual maximum extreme
precipitation, it was necessary to first crea
data. Fittinga GEVinthimanner i s referred to as the Abl ocl
individual block would contain an equal number of fomerlapping years, with each year
consisting of an annual maximum val@ansistent with Innocenti et al. (2019%hose a seven
yeartimesp@ f or t he bl ocks ( kperra afdtodr fIoedteiR@Rsd stta d
scenarios and historical period havmaximum number of years that do not work out evenly
with the selected sevegrear allocation for each block, | applied a truncapoocedure by
removing the last five years for the historical period lastsix years for the RCP scenarios to
ensure that each block carried an even number of yWike thisprocedurecreates a-year
gap between the historical period and the beginning dR@i@ periods, the presetidy was
adjusted to the first block of the RCP periodW ending in 2012asopposed to 208). This

allows for the preserday to be more reasonably close to the actual prelsgnEor each
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block/subperiod, the cumulative emissions corresponding taé&méralyear was used (e.g.

emissions at Year 4 in the first block/spériod which spans Yedtto Year 7.

| then applied a data pooling procedure to gather annual maxima for tpersods. |
first pooled théhighest annual Rx1day and Rx5day values for eacipstibd. To accomplish
this, | selected the largest value for each yeaall available yearsThus, the grid cell
containing the highest value was selected for each specific year for all availasle yea
effectively creating vectors consisting of seven annual maxima values for each blgukisab

Figures1 & 2 show this procedure:

st el
- o
e Layer 3
Layer 4

L R Ay

Figure 1. Representation of thédzk maxima approach for a given model selecting the largest
maxima for Rx1day and Rx5dalfach layer represents andividualyear Bl ack A X0 mar k
the grid cell containing the largest values across all grid foglsach layer/year
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Figure 2. As with Figure 1, but with a representation of the procedure applied for all 9 models.

This was applied for the historical period and each cumulative emissions scenario.
However, GEV parameter estimates tend to exhibit higher degrees of uncertaintgroaliier
sample sizes (e.g. Koutsoyiannis, 2004a). Therefore, in order to maximize sampling size for each
subperiod, | selected the highest values across each model for each year. For instance, for the
first year, under the RCP 4.5 scenario, the highasies for each of the nine GCMs would be
selected for that year. This would then be applied for the next six years in that blqudvisa
creating a sample size of 63 observations (i.e. 63 annual maxima) gesrsadh For each sub
period, QuantileQuantile diagnostic plots were then used to assess how well fitted the data were
for validating the use of the GEV. The Maximum Likelihood Method was then used when fitting
a GEV.This method isised to estimate the parameters of probability density fundtiomsa
GEV distributionand is considered as one of the best methodsing so (RaynaVillasenor,

2012, notably for shorter lengths of data (l4am et al., 2021)

78



The GEV distribution is based on the three individual extreme valngnuous
probability distributionsnentioned previously. As such the three principal probability
distributions are termed Gumbel (liglatiled), Frechet (heaviailed) and Weibull (bounded
tail), representing Type 1, Type Il and Type llI, respetyivThe Weibull distribution is a
variety of lighttailed distribution (Girard)ln light of its heavieitailed distributionthe Frechet
distribution is representative of higher probabilities of given extreme events, while lower
probabilities are found with faster rates of decaytypical of the Gumbel and Weibull
distributions ( Ferreira, 2011;Carney, 2016).These probabilities may be illustrated as

shown in Figure 3

0.6- Frechet - Shape Parameter > 0
Weibull - Shape Parameter < 0
Gumbel - Shape Parameter = 0

0.4-

0.2-

Probability Density of X

0.0-
4 -2 0 2 4 6
Maximum of X

Figure 3. Probability density functions corresponding to Frechet (M@pull (blue) and
Gumbel (greendlistributions Adapted from fiThe application of extreme value theory to
pharmacometrics, PblLyBonate(2021).Journal of Pharmacokinetics and
Pharmacodynamic¢gl8(1), 8397.
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Each of these families represents a different asymptotic distribution of extreme values
(Coles, 2001). The GEV distribution combines these families of probability distributions in the

following form:

Fi(x) = cxp{— ll +§, (x:‘)] h } 1)

Wh e re@® ,00 i a 3 @preSents the location, scale and shape parameters, respectively. Both
andi must be greater than negative infinity and less than infinity, while sigma must be greater
than 0 and less than infinity. Using this equation, it was possible to cergtirnates of

location, scale and shape for each-paliod.This is done byitting a GEV to eactblock/isub

period to solve for thseparametersSince location estimates are offpaular interest, focus on
plotting these as a fution of cumulative emissionas well as with the calculated standard

errors derived from these estimatefirther use probability density function§ GEV

distributions fitted with location, scale and shape parameter estimates centemhed

teratons of carbon (TtC), and thesing those parametestimates at every 0.5 TtBereafter
(Figures5, 8 & 11). Similar to Innocenti et al. (2019pcationestimates derived for the

historical period were merged with those estimates of the two RCP scenarios (referred to herein
as AHistorical + RCP 4. ®Raingatintke sdriesicangistng of82a | +

subperiods, while for the 1pctCcenario, 20 superiods were created.

Using the same procedutdurther show trends in 2@ear and 10§ear return levels as
a function of cumulative emissionsglading the histacal period and RCP scenarios, as well as

for the 1pctCQ@scenario.
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Statistical test

All statistical tests were performed usingafrogramming software utilized for
statistical computing. For the purposes of this study, | used trend analyses to evaluate the
statistical significance of trends in location, scale and shape parameter estimates. Trends were
assessed using the MaKendallstatistical testThe MannKendall test is specifically designed
to assesand detectrends in time series daémd has been widely used in trend detection for
hydrometeorological time seriéatasets (e.g. Wang et al., 20Zl)is statistichtest was,
therefore usefulfor analyang patterns for the three distribution parametensiprising the GEV
distribution However, due to seriabrrelation(autocorrelation)a prewhitened version of the
Mann-Kendall test was often useditaprove trend accuracsaerial correlation refers to
similarities that occur between valuegloé same variables over successive intervals of,time
implying that the data is correlated with its@ffoutsoyiannis, 2004). Prewhitening is,
therefore, applied to redufeequent trend detectioriBayazit & Onoz, 2007)As such for each
of the distribution parameters, | used an autocorrelation detection function as a diagnostic tool.
Specifically, | used the Autocaation Functio(ACF), which is a function designed to
calculate estimates aluitocorrelation that may exist a time seriesThe threshold used in this
study to determine whether sufficient autocorrelation exists was 0.40. Therefore, if the data
showed an autocorrelation value of 0.40 or greater,-abitened version of the Markendall
test would beapplied to correct for aacorrelation. The ManKendall test additionally provides
an estimate of t-wki tSeméd Seéwmpe,sloopa ipmesituat
autocorrelation. The S ami®acus stiempdean slope odak si gned
slopesamong data points in a time seri#ss alsorecommended by the World Meteorological

Organization tha e nsdopebeused as a part of the trend detection of hydrometegioall
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datg partly because it is not affected by the number of outliers and any errors in thadata
compared with linear regressi@iditya et al., 2021 . S e nidrepresehted pnathematically

as follows:

Q=0Tx)/jTi , i = 1, 2, 3 en

Wheren refers to the number of paired valuBsp a nod efpox esent data values

A iwben j >i (Aditya et al., 2021).

The statistical significance tiesetrends was then estimated with calculategijues.
Results are summarized Tiables2-4 for parameters of both Rx1day and Rx5&ayeach of the

emissions scenarios.

Results
Globaltrends

Globally, the results generally show highly statistically significant trepgs0(01) in
location, scale and shape estimates for both Rx1day and Rx5day as cumulative emissions
increase (Tabl@, Figure4). For locatiorparameter estimates, the responses scaled
approximately linearly with cumulative emissions (Figdyenotably forRxlday p < 0.01) The
global PDFsf GEV distributiondor both Rx1day and Rx5day also correspondingly show a
shift towards higheextreme precipitation values in response to significant increases in both
locationand scalevalues with higher aaulative CO, emissions (Figur8). This pattern is
further representative of the rightward shift and stretched and reduced peaks in the GEV
distributions at higher emissions (Figi)e The shape parameter also largely decreased
significantly @ < 0.01) at higherraissions, corresponding to a median rate of chang@ @57

(Table2). This suggests a shiftwards dighter-tailed distributionat higher emissions for
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Rx1ldayand Rx5dayas shape valuatecreaseConsistent with the robust increases in location
and sale parameter estimates shown for both global Rx1day and Rx5day, the results further
display a significant increase in-3@ar and 10§ear return levels with larger cumulative
emissions (Figuré). This is particularly notable for global Rx1day, wherenti@year and
100-year return levels also trend approximately linearly. Similar trends are also shown for

Rx5day precipitation, especially for 3@ar return levels.

Land andoceantrends

| found significant increasing (linear) trends across scenarios for lanocaadannual
maxima (Table, Figures4 & 5). With the exception of the Historical + RCP 8.5 case, my
resultslargely show robustly increasing linear trends in locapanameteestimates for both
Rx1lday and Rx5day as cumulative emissions pse=(0.02) Among these increasing trends, |
found that the median slope was noteworthy for the 1pg&C€nario, where a rate of change of
7.19 mm/day was shown. Conversely, for the Histdbr+ RCP 8.%ceantrends, | found a
significantdecreasingrend ¢ = 0.07). The results further showed significant increasing linear
trends p <= 0.01) in scale parameter estimates for annual maxima for larmtaadTable?2).
The significant increasing trends in both location and scale parameter estimates are reflective of
the rightward and more stretched tendencies in the GEV distributimasds larger extreme
precipitation values, from the beginning of the historical period towards the end of the RCP and
1pctCQ scenarios (Figurb). Correspondingly, much like at the global scale, higher
probabilities are shown for the largestmdustral extreme precipitation events as £O
emissions rise; for example, a 400 mm/day event at 0 TtC is shown to increase in probability at
higher emissions for both land and oc@aigure5). The shape parameter estimate trends for

land and ocean generally et significant linear decreaseg €= 0.10) forRx1day and Rx5day,
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with a median rate of decrease ranging typically frori1 to-0.03 (Table2). Also similar to

global trends, shape parameter estimates fofdardnRx1dayand Rx5daymostly shift froma
heaviertailed to a lightettailed distributionas shape parameter values reach negative vialues
Table2. This decreasing trend is especially notable for Rx1day Historical + RCP 4.5 and
Historical +RCP 8.5 cases, and for the Rx5day under 1pg({@©= 0.02). Corrspondingly,l

found a robust increase in the intensity of return levels with higher cumulative emissions. Figure
6 displays the generally increasing linear trends in bothe20 and 10§ear return levels at

larger emission levels. For example, fand Rx1day, owing to the robust increases in location

and scale parameter estimates, an approximately 300 mm/dggdOfeturn level at the

beginning of the historical period increaseabout450 mm/day at two TtC of cumulative

emissions under the RGF5 scenario.

Table 2. Trends for global, land ameteanRx1day and Rx5day precipitation for the location,

scale and shape parameters under Historical + RCP 4.5 and Historical + RCP 8.5, and for

gi v en inpaametére as dell mdtie distribatipne
tendency based on the shape parameters over the time series. *, ** and *** indicate trends that
are statistically significant at or within the 10%, 5% and 1% significance levels, respectively.

1pctCQ.

Results ar e

Global

Rx1daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.8560 <0.01
Scale Increasing*** 0.6924 Lighter-tail <0.01
Shape Decreasing** | -0.0057 <0.01
Rxldaytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location No trend -0.1066 0.61
Scale Increasing** 0.3163 Lighter-tail 0.05
Shape Decreasing** | -0.0030 <0.01
Rx1daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 5.0241 <0.01
Scale Increasing*** 1.7933 Lighter-tail <0.01
Shape Decreasing** | -0.020 <0.01

Rx5daytrends (Historical + RCP 4.5)
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Trend Sends Distribution p-value
Location Increasing*** 0.7532 <0.01
Scale Increasing*** 0.9670 Lighter-tail <0.01
Shape No trend -0.0015 0.30
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing** 0.6033 0.03
Scale Increasing*** 1.4364 Lighter-tail <0.01
Shape Decreasing* -0.0045 0.09
Rx5daytrends(1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.9591 <0.01
Scale Increasing*** 2.0900 Lighter-tail <0.01
Shape Decreasing** | -0.0091 <0.01

Land

Rx1daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 1.3131 <0.01
Scale Increasing*** 0.8078 Lighter-tail <0.01
Shape Decreasing*** | -0.0100 <0.01
Rxldaytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location Decreasing* -0.1702 0.07
Scale No trend 0.0963 Lighter-tail 0.29
Shape Decreasing** | -0.0113 <0.01
Rx1ldaytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing*** 4.2292 <0.01
Scale Increasing*** 1.5771 No trend <0.01
Shape No trend -0.0036 0.60
Rx5daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.4022 <0.01
Scale Increasing*** 0.9050 No trend <0.01
Shape No trend -0.0032 0.12
Rx5daytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location Increasing** 0.5504 0.02
Scale Increasing*** 0.1251 Lighter-tail <0.01
Shape Decreasing* -0.0043 0.07
Rx5daytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing*** 7.1915 <0.01
Scale Increasing*** 2.9754 Lighter-tail <0.01
Shape Decreasing* -0.0067 0.10
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Ocean

Rxldaytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.8299 <0.01
Scale Increasing*** 0.7401 Lighter-tail <0.01
Shape Decreasing** | -0.0050 <0.01
Rxldaytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location No trend -0.0076 0.99
Scale Increasing*** 0.3799 Lighter-tail 0.01
Shape Decreasing** -0.0042 0.02
Rx1ldaytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 2.9137 <0.01
Scale Increasing*** 1.8671 Lighter-tail <0.01
Shape Decreasing** | -0.0263 <0.01
Rx5daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.4281 <0.01
Scale Increasing*** 0.8450 No trend <0.01
Shape No trend -0.0004 0.73
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing* 0.5554 0.06
Scale Increasing*** 1.4716 No trend <0.01
Shape No trend -0.0038 0.11
Rx5daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 4.0396 <0.01
Scale Increasing*** 2.7663 Lighter-tail <0.01
Shape Decreasing** | -0.0097 <0.01
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Figure 4. Global, land and water trends for location parameter estimates for (a) annual Rx1day
and (b) Rx5day maximum precipitation as a function of cumulative emissions. The black curve
represents thkistorical period, while the green, blue and red curves represent the 2pRIC®

4.5 and RCP 8.5 scenarios, respectivelgnsparent curves highlight the range of uncertainty
that is reportethased orthe standarderror.
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Figure 5. Global, land an@ceanprobability density functionef GEV distributiongdisplaying
trends inextreme precipitation indicatar€urves represent estimates at 0 & then

estimates centered on increments of 0.5 TtC thereafter. Estimates are shdaipaiptand and
oceanfor (a) Rxlday and (b) Rx5day for the historical period (black), RCP 4.5 (blue), RCP 8.5
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Figure 6. 20-year and 10§ear return level trends for global, land awtanfor (a) Rx1day and
(b) Rx5day.

National trends

In this section, | analyze trends in Rx1day and Rx3dathe five selected nations.

Results are summarized in TaBland Figure§-9.

For all nations studied, my results largely show statistically significant increasing trends
in Rx1day and Rx5day for both location and scale estimates as cumulative emissions ipcrease (
<= 0.10). Much like global, water and land trends, national location parameter estimated respon
mostly linearly (Figures). | also found significant rates of chanfpr some countries. For
example,asshowninTal3e t he United States yields a Send:

mm/day p < 0.01) and 0.06 to 0.48 mm/dgy<=0.05) for location and scale, respectively.
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Table3 shows patrticularly significant lotan estimate increases for annual maxima for
Australia and India, with a median rate of increase of 0.17 to 1.39 mm/day and 0.49 to 1.53
mm/day p < 0.01), respectively. Figucorrespondingly reflects this tendenawich like what
was previously showfor global, land and ocean trenasth all nations showing significant
shifts towards higher location parameter estimates in especially 1pat@dRCP 8.5 for both
extreme precipitation indicatqras well as with flattening peaks and more stretchedldisbns
at higher emissions in response to increased scale parameter eshiaadeslly, higher
probabilities for the most extreme precipitation events at 0 TtGearerallyshown to increase

at higher cumulative C£emissions (Figur8).

Brazil notably exhibitedstatistically significant trends for all parameters for Rx1day and
Rx5day(p<= 0.10). Results also show that the Senbo
particularly high for India (1.56 mm/dag,< 0.01, Table 2), under the 1pct&szenario for
Rx1day, while for Brazil, the location estimate increases by 1.71 mm/day for 1pE&€®.01,

Table3).

By contrast, shape estimates more frequently showed no significant trend with increasing
cumulative emissions (Tab8, as compared tihe more significant declining trend captured
globally, and for lanadcean However, some notable significant trends should be acknowledged.
Brazil, for instance, consistently showed significant but opposing tfen&x1day and Rx5day;
Rx1ldaydecreased significantlyp &= 0.10), while Rx5day significantly increasgu<= 0.06)
towardsaheavier ai | ed di stri buti on. -00043ts0.0L forRkldaye d a S
and 0.022 to 0.005r Rx5day. In other nations fdéund significant dereasing trends

becoming lightetailed though this was more prevalent for Rx1dpayx= 0.05, Table).
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Much like for global and landteartrends, the consistent significant linear increases in
scale and location estimates across nations are typstedlycasedh the upward linear trend
featured by the national 2@ar and 10§ear return levels (Figu®. In Brazil, for example,
Rx1day 20year return levels at the beginning of the historical period inctsasearly 100
mm/day (from approximately 200 mm/day to nearly 300 mm/day) at about three TtC of
cumulative emissions in the 1pctG@ase The results also show a nearly 150 mm/dayeiase

in 20-year return level over the same time period and scenario forRxdiday

Table 3. National trends for Rx1day and Rx5day precipitation for the location, scale and shape
parameters under Historical + RCP 4.5 and Historical + RCP 8.5, and for kp&€xlts are

given as the Sends sl ope f or omrtendedcybasedonp ar ame
the shape parameters over the time series. *, ** and *** indicate trends that are statistically

significant at or within the 10%, 5% and 1% significance levels, respectively.

United States

Rxldaytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.2259 <0.01
Scale Increasing** 0.0588 No trend 0.04
Shape No trend -0.0021 0.33
Rxldaytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location No trend 0.0781 0.11
Scale Increasing** 0.0697 Lighter-tail 0.02
Shape Decreasing** -0.0038 0.05
Rx1ldaytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing*** 0.6473 <0.01
Scale Increasing*** 0.3798 Lighter-tail <0.01
Shape Decreasing*™* | -0.0161 <0.01
Rx5daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.3344 <0.01
Scale No trend 0.1095 No trend 0.15
Shape No trend 0.0005 0.80
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.3806 <0.01
Scale Increasing** 0.1641 No trend 0.05
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Shape | No trend | 0.0032 [ 0.12
Rx5daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 1.2828 <0.01
Scale Increasing*** 0.4836 No trend 0.01
Shape No trend 0.0008 0.90

Australia

Rx1daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.6755 <0.01
Scale Increasing*** 0.4171 Lighter-tail <0.01
Shape Decreasing* -0.0040 0.08
Rx1daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.4387 <0.01
Scale Increasing*** 0.3879 Lighter-tail <0.01
Shape Decreasing*™* | -0.0053 0.01
Rx1daytrends(1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 1.3903 <0.01
Scale Increasing*** 0.5118 No trend <0.01
Shape No trend 0.0013 0.63
Rx5daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing** 0.1680 0.03
Scale No trend 0.1027 No trend 0.11
Shape No trend 0.0025 0.20
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.2735 0.01
Scale Increasing* 0.1290 No trend 0.08
Shape No trend -0.1429 0.12
Rx5daytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing** 0.6047 0.03
Scale Increasing*** 0.5863 No trend <0.01
Shape No trend -0.0019 0.63

India

Rx1daytrends(Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.7067 <0.01
Scale Increasing*** 0.2075 No trend <0.01
Shape No trend -0.0024 0.17
Rx1daytrends (Historical + RCP 8.5)

\ Trend | Senobs Distribution |  p-value
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Location No trend 0.1447 0.41
Scale Increasing** 0.1742 Lighter-tail 0.05
Shape Decreasing** -0.0036 0.03
Rx1daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 1.5339 <0.01
Scale Increasing*** 0.6501 Heaviertalil <0.01
Shape Increasing* 0.0052 0.10
Rx5daytrends (Historical + RCP 4.5)

Trend Senods Distribution p-value
Location Increasing*** 0.4908 <0.01
Scale Increasing** 0.2753 No trend 0.05
Shape No trend 0.0025 0.36
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.5600 <0.01
Scale Increasing*** 0.5129 No trend 0.01
Shape No trend 0.0029 0.20
Rx5daytrends (1pctCQ)

Trend Senbs Distribution p-value
Location No trend 0.2680 0.33
Scale Increasing*** 1.5615 No trend <0.01
Shape No trend 0.0017 0.74

Brazil

Rx1daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.5656 <0.01
Scale Increasing*** 0.2082 Lighter-tail <0.01
Shape Decreasing** -0.0043 0.03
Rx1daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location No trend 0.0668 0.30
Scale Increasing*** 0.2362 Lighter-tail <0.01
Shape Decreasing** | -0.0091 <0.01
Rx1ldaytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 1.7119 <0.01
Scale Increasing*** 0.6501 Lighter-tail <0.01
Shape Decreasing* -0.0100 0.10
Rx5daytrends(Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing** 0.1899 0.05
Scale Increasing* 0.0927 Heaviertail 0.10
Shape Increasing* 0.0022 0.06

Rx5daytrends (Historical + RCP 8.5)
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Trend Sends Distribution p-value
Location Increasing*** 0.4122 <0.01
Scale Increasing*** 0.2175 Heaviertail 0.01
Shape Increasing*** 0.0056 <0.01
Rx5daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 1.1776 <0.01
Scale Increasing*** 1.1472 Heaviertail <0.01
Shape Increasing** 0.0050 0.04

South Africa

Rx1daytrends (Historical + RCP 4.5)

Trend Senods Distribution p-value
Location Increasing*** 0.2980 <0.01
Scale Increasing*** 0.1233 Lighter-tail <0.01
Shape Decreasing** -0.0036 0.04
Rx1daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.2159 <0.01
Scale Increasing*** 0.2053 No trend <0.01
Shape No trend 0.0000 0.90
Rxldaytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing*** 0.6023 <0.01
Scale Increasing*** 0.6501 No trend <0.01
Shape No trend -0.0106 0.14
Rx5daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.3722 <0.01
Scale Increasing** 0.1280 No trend 0.03
Shape No trend -0.0011 0.74
Rx5daytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.3872 <0.01
Scale Increasing*** 0.1464 No trend 0.03
Shape No trend 0.0013 0.56
Rx5daytrends (1pctCQ)

Trend Senbs Distribution p-value
Location Increasing*** 0.8770 <0.01
Scale Increasing*** 0.3316 No trend <0.01
Shape No trend 0.0006 0.90

94




a) Rx1day

United States

80
70
60 M:J" v

Cumulatlve emissions (TtC)

Location (mm/day)

South Africa

WM

Cumulatlve emissions (TtC)
b) Rx5day

United States

~l
o

f2
o

Location (mm/day)

(<)
o
o

-
B
o

§

Location (mm/day)
]
o

©
o

2
Cumulative emissions (TtC)

. South Africa
goo

E

E80 A

5 AV
F70

o

-

2
Cumulative emissions (TtC)

Australia

L/

—
N
o

o
o

Location (mm/day)
g

o

1 2
Cumulative emissions (TtC)

India

<] —
=100 e

Cumulative emissions (TtC)

Australia

2
Cumulative emissions (TtC)

Cumulative emissions (TtC)
ottt ivtivitiivvtiiiiieg)

2
Cumulative emissions (TtC)

—~ Historical
—~- onepctCO2
RCP4.5
RCP8.5

Ml

Figure 7. National trends for location parameter estimates as a function of cumulative emissions
for (a) Rxlday and (b) Rx5day. The black curve represents the historical period, while the green,
blue and red curves represent the 1pet@GLP 4.5 and RCPBscenarios, respectively.

Transparent curves highlight the range of uncertdhmyis reported based time standarderror.

95



a) Rxlday

Australia United States

South Africa
25

mm/day

-— 0 TtC
ammm 0.5 TtC RCP 4.5

= = 1.0 TtC RCP 4.5
e=m= 0.5 TtC RCP 8.5

e = 1.0 TtC RCP 8.5
«ums 1.5 TtC RCP 8.5

b) Rx5day

Australia iy 2Sl:lulh Africa United States

0.0100
200078
£0.0050
DD 0025

0.0000
0 200
mm/day

South Africa

100 200

mm/day

300 400

mmi/day

= ) TtC 1pctCO2

= == 0.5 TtC 1pctCO2
«ums 1.0 TtC 1pctCO2
«am=s 1.5 TtC 1pctCO2
- == 2.0 TtC 1pctCO2
ammw 2.5 TtC 1pctCO2

mmiday

x

e
200 0!
mmiday

B
i —

Brazil

0008
0.006
£
0.004
a
0.002

== 0.000
500 0

0.0075
Z
'$0.0050
c

g
©0.0025

T .
300 400

0.0000 -

400 500 0

200
mm/day

Figure 8. Nationalprobability density functionef GEV distributiondisplaying trends in
extreme precipitation indicatar€urves represent estimates at 0 B@J therestimates centered
on increments of 0.5 TtC thereafter. Estimates are shown for global, landeardor (a)

Rx1day and (b) Rx5day for the historicalipéd (black), RCP 4.5 (blue), RCP 8.5 (red), and

1pctCQ (green).

96



a) Rx1day

> United States
1]

: |

E 200 T
=175 ,", ANAT) WUINS
£ 150 ,If\\'(,'v \/ \" :

2
Cumulative emissions (TtC)

= India

]

21600 , _,_\
N |

E 1200 T /i \ r"\‘, ,’ A\

T &Iu\ -

2 I Ny

& 800 1A %

= _ ,«-—,\/\

5 400 ﬂrm

& 0 1 2
Cumulative emissions (TtC)

Australia

/!
300 ¢t

L 'l'l y 1 N /h

Return level (mm/day)

1 2
Cumulative emissions (TtC)

South Africa

Return level (mm/day)

1 2
Cumulative emissions (TtC)

Australia

Return level (mm/day)
=)
=]
=}
—E
b}
=

Cumulative emissions (TtC)
South Africa

I
o
)

\/
b 7\
hi i A e s

N
o
o

Return level (mm/day)

o
-k

2
Cumulative emissions (TtC)

A .
300 ';I{Iw,*,’ e

=

[}

kel

E

E

T

>

K

=

3

4 1 2
Cumulative emissions (TtC)

% Brazil

o1 A

E A

E1200 N PR

79 J/I ~ L

& 800 “'LJ'"/ f\)

E — N —

5 400 st RS

& 0 1

2
Cumulative emissions (TtC)

Historical 20-year = = Historical 100-year

onepctCO2 20-year - ~ onepctCO2 100-year
RCP4.5 20-year = = RCP4.5 100-year

RCP8.5 20-year = = RCP8.5 100-year

Figure 9. National 20year and 10§ear return level trends for (a) Rx1day and (b) Rx5day.

Locd trends

In this section, | discuss results for the five locations used fostilndly. Results are

summarized in Tablé, as well as in Figures-12.

Much like national trendsny findings show that location parameter estimates scale

linearly with cumulative emissions across the five areas (Fit@revith trends that are largely

significant (p <= 0.07, Tablet). Also like globally to nationally, location parameter estimates for

theselected locaks trend toward higher values. As shown in Tablacross the five areas for

Rxlday and

Rx5day,
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trends mostly showed statistically significant increapes=0.07) across all areas for both
extreme precipitation indicators. | found a median rate of increase ranging from 0.08 to 0.84
mm/day, with the greatest increasinteréd.84 mm/day) shown for Philippines Rx1day, under

1pctCQ (p< 0.01).

Following closely with nationgbatterns, my results generally showed no significant
trends for shape estimates at the local scale as cumulative emissions increaset).(Table
Howeve, some notable trends exist. For Hong Kong, for instance, | found a significant
decreasing trend under Historical + RCP 4.5 for Rx1gay{.02) and 1pctC&Rx5day p =
0.03). For the Philippines, results showed highly significant decrgase3.01) fo Rx1day
shape parameter estimates for all scenarios. Indeed, among the five areas, the results highlight
the most significant decrease in shape parameter estimates with increasing cumulative emissions
for Rx1day in the Philippines (Tabfp. Conversely,le results showed a significant increasing
trend o = 0.04) for Rx5day undehe 1pctCQ scenario, as well as for Hong Kong= 0.02),
suggesting a shift towardshaaviertaileddistribution(Tale 4). Finally, for Montreal,
significant increases weggmilarly found for Historical + RCP 4.5 ardistorical +RCP 8.5
= 0.07), and a significant decrease in Rx5day under the 1psit&Dario |f = 0.04). Across
these locations, the significant trends showed a anedite of change e0.01 to 0.01, with most
transitioning fromheaviertailed to ligher-tailedbehavor (Table4). While | found no significant
trends for Floridathere wasa significant decrease € 0.02) for Rx1day under historical + RCP
4.5.Similar to the national, global and land/ocean scale, consistently significant increasing
location and scale estimates translate in rightwhifis andstretchedflatter peaksn the GEV
distribution as cumulative G@missions increase (Figut&). While the probabilities of the

highest values at 0 TtC also increase at higher emissions, as shown at other spatial scales, the
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increase in probabilities is shownlie more subtle across locabesthe tails of the distriltions
approach zero faster, similar to tbnerall patterns at theational scal¢Figures8 & 11).
Conversely, Hong Kong showed a more gradual decline in its tails at highem@s3ions

(Figurella).

My results also show significant increases iry2@r ad 100year return levels, which
like global, land, water and national trends, scale approximately linearly with cumulative
emissions (Figuré&?), notably in the case &tx1day. This linearity is most distinct for St. Louis,
Florida and Montredior Rx1day,as well as for Rlippines Rx5day. These increasing trends are
consistent with the increases in location and scale estimates shown, which are related to

progressively larger return levels in response to rising cumulative emissions.

Table 4. Local trends dr Rx1day and Rx5day precipitation for the location, scale and shape
parameters under Historical + RCP 4.5 and Historical + RCP 8.5, and for kp&€&xdlts are

given as the Sendés sl ope for t rtendedcgbasedionpar ame
the shape parameters over the time series. *, ** and *** indicate trends that are statistically

significant at or within the 10%, 5% and 1% significance levels, respectively.

Hong Kong

Rx1daytrends (Historical + RCP 4.5)

Trend S e nlope Distribution p-value
Location Increasing*** 0.1319 0.01
Scale Increasing** 0.0749 No trend 0.03
Shape No trend -0.0009 0.33
Rx1daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.0953 0.01
Scale Increasing*** 0.1094 No trend 0.01
Shape No trend 0.0000 0.98
Rx1daytrends (1pctCQ)

Trend Sends Distribution p-value
Location No trend 0.2005 0.16
Scale Increasing** 0.2011 No trend 0.02
Shape No trend 0.0042 0.52
Rx5daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location No trend 0.0710 0.18




Scale Increasing*** 0.1710 Heaviertailed 0.01
Shape Increasing** 0.0040 0.02
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing** 0.1550 0.02
Scale Increasing*** 0.1519 No trend 0.01
Shape No trend 0.0000 0.98
Rx5daytrends (1pctCQ)

Trend Sends Distribution p-value
Location No trend 0.1465 0.41
Scale Increasing** 0.4083 Heaviertailed 0.02
Shape Increasing** 0.0066 0.03

Philippines

Rxldaytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.5115 <0.01
Scale Increasing*** 0.2938 Lighter-tail <0.01
Shape Decreasing** | -0.0127 <0.01
Rxldaytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.3210 <0.01
Scale Increasing*** 0.2417 Lighter-tail <0.01
Shape Decreasing** | -0.0134 <0.01
Rx1daytrends(1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.2098 <0.01
Scale Increasing*** 0.8425 Lighter-tail <0.01
Shape Decreasing** | -0.0180 <0.01
Rx5daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location No trend 0.0608 0.37
Scale Increasing** 0.0926 No trend 0.03
Shape No trend -0.0006 0.49
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location No trend -0.0050 0.95
Scale Increasing*** 0.1097 No trend 0.01
Shape No trend 0.0014 0.25
Rx5daytrends (1pctCeQ)

Trend Sends Distribution p-value
Location No trend 0.0696 0.67
Scale Increasing** 0.3835 Heaviertail 0.04
Shape Increasing** 0.0067 0.04

St. Louis

Rxldaytrends (Historical + RCP 4.5)
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Trend Sends Distribution p-value
Location Increasing*** 0.2013 <0.01
Scale Increasing*** 0.0600 No trend <0.01
Shape No trend -0.0003 0.83
Rxldaytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.2401 <0.01
Scale Increasing*** 0.0701 No trend 0.01
Shape No trend -0.0007 0.74
Rx1ldaytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.3321 <0.01
Scale Increasing*** 0.2202 No trend <0.01
Shape No trend -0.0029 0.40
Rx5daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.3378 <0.01
Scale Increasing*** 0.1850 No trend <0.01
Shape No trend -0.0025 0.13
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.2687 0.01
Scale Increasing*** 0.1786 No trend <0.01
Shape No trend 0.0022 0.38
Rx5daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.7695 <0.01
Scale Increasing*** 0.5139 No trend <0.01
Shape No trend 0.0028 0.43

Florida

Rxl1daytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.1666 <0.01
Scale Increasing*** 0.1200 Lighter-tail <0.01
Shape Decreasing** -0.0040 0.02
Rxldaytrends (Historical + RCP 8.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.1518 <0.01
Scale Increasing*** 0.1156 No trend <0.01
Shape No trend -0.0019 0.31
Rx1daytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.3321 <0.01
Scale Increasing*** 0.2202 No trend <0.01
Shape No trend -0.0029 0.40




Rx5daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.1667 <0.01
Scale Increasing* 0.1182 No trend 0.06
Shape No trend -0.0013 0.52
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.1732 0.01
Scale Increasing* 0.1323 No trend 0.07
Shape No trend 0.0023 0.31
Rx5daytrends (1pctCQ)

Trend Senods Distribution p-value
Location Increasing** 0.3720 0.03
Scale No trend 0.2861 No trend 0.14
Shape No trend 0.0038 0.34

Montreal

Rxldaytrends (Historical + RCP 4.5)

Trend Senbs Distribution p-value
Location Increasing*** 0.1032 <0.01
Scale Increasing** 0.0250 Heaviertail 0.02
Shape Increasing* 0.0038 0.07
Rx1ldaytrends(Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.0643 0.01
Scale Increasing*** 0.0392 Heaviertail 0.01
Shape Increasing* 0.0045 0.07
Rx1ldaytrends (1pctCQ)

Trend Sends Distribution p-value
Location Increasing*** 0.1976 <0.01
Scale Increasing*** 0.0979 No trend <0.01
Shape No trend -0.0022 0.58
Rx5daytrends (Historical + RCP 4.5)

Trend Sends Distribution p-value
Location Increasing*** 0.1569 <0.01
Scale Increasing** 0.0673 No trend 0.02
Shape No trend -0.0012 0.46
Rx5daytrends (Historical + RCP 8.5)

Trend Sends Distribution p-value
Location Increasing*** 0.1376 <0.01
Scale Increasing*** 0.1103 No trend <0.01
Shape No trend -0.0005 0.88
Rx5daytrends (1pctCeQ)

Trend Sends Distribution p-value
Location Increasing*** 0.5477 <0.01
Scale Increasing*** 0.1637 Lighter-tail <0.01
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Figure 10. Local trends for location parameter estimates for (a) Rx1day and (b) Rx5day as a
function of cumulative emissions. The black curve represents the historical period, while the
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Figure 12 Local 20year and 10§ear return level trends for (a) Rx1day and for (b) Rx5day.

Discussion

My results show that a GEV analysis can be a useftisstal tool to quantify trends of
global, regional and local annyaiecipitation maxima as a function of cumulattve,
emissions. Notably, | found that at all spatial scales, the location and scale parameter estimates
increase most consistently and substantially for Rxlday and Rx5day as cumulative emissions
increase amanall scenarios, exhibiting generally the most statistically significant upward linear
trends (Tableg-4). Therefore, my findings indicate that location parameter estimates, at all
spatial scales, can be approximated under the TCRE (Figufesnd10), as well as with respect

to the 20year and 10§ear return levels (Figurds 9 and12). Furthermore, the robustness of
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these increasing linear trends typicallyednot varyconsiderablyglobally to locally and would
suggest that the location of the meanmiwal maxima distributions increase significantly as
cumulative emissions ris# all spatial scalesndeed, the robust increases in the location and

scale parameters are reflected by the progressively larger return levels characteristic of specified
retun periods (26/ear and 10§ear). For instance, a 3@ar Rx1day return levelf about 250

mm/day for langonly during the historical period would become an approximately 350 mm/day
event at two TtC of cumulative emissions, ateéhd of the RCP 8.5 sceima | also found a

similar increase in 10Qear return levels under the same scenario for land Rx1day.

Intuitively, these patterns would make sense, as significantly increasing trends in the
location and scale parameter estimates indicate substarttiaaigl shifts in the means of
annual maxima as cumulative emissions rise (e.g. FiguBand11), increasing return level
intensity and annual maxima variability. Additionally, this tendency would suggest that return
periods decrease at higher cumulatir@ssions, which would increase the frequency of
specifiedextreme precipitatiofevels. For example, a A@ar return level historically would
more likely be reached or exceeded much sooner at higher emissions, while ngear 2durn
levels wouldreachhigherprecipitationthresholds as emissions increase. This pattern is shown
for all spatial scales considered in this study and is consistent with those results presented in
other works; Kirchmeielroung & Zhang (202Q)for exampleshowed that North Anteean
oneday and fiveday annual maximum precipitation extremes intersiigrplyunder the
influence of anthropogenic warming. These results are consistent with the strong intensification
trends shown for Rx1day and Rx5day for the United States istthdy, as well as more locally
in the United States, in Florida and St. Lo#igrthermore, Wang et al. (2020) found significant

five-day maxima increases of8% for China with an additional 0.5 C of warmirgre,| also
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found a similar trend foHong Kong under Historical + RCP 4.5 addtorical +RCP 8.5,
where location estimates increase significantly at higher emissionsistent with Wang et al.

(2020)

My findings also largely reveal significant decreases in the shape parameter estimates at
the globalscale, and when regionally constraining the analysis to laodeamnonly. This
implies distributions having a tendenmybecomdess heawtailed at higher cumulative
emissionsand, thus, approaching zero probability faster for the most extreme fagoipi
events Such a trend would suggest that the variance of the most extreme maxima decreases with
increasing emissionandthe probability of the most extremnagents, includingeturn levels
decreaseover time However, it should be noted that retlevels increase significantly in
magnitude at higher emissions, even if the probability of occurrence for the most intense return
levels decreaseand rightward shifts in the GEV distribution with higher emissions suggest more

extreme values altogetheegpite lower probabilities linked to thosm®st intensevents

Shape parameter estimates are also shown to be spdéptydent and could be more
sensitive to the type of annual maxima in question. For example, when focusing the analysis to
the nationhand, more especially, the local scale, significant trends were largely absent in shape
estimates in this study, and this was largely the case for Rx5day. One notable exception was
Brazil among the selected nations. For that nation, statistically smymifieends were
consistently observed for annual maxima, but the actual trend in estimates varied with the
extreme precipitation indicator. For instance, Brazilian Rx1day showed a decreasing trend across
all scenarios (trending towarddighter-taileddistribution), andfor Rx5day, an increasing trend
was conversely shown (i.eecoming mora heaviertaileddistribution). Therefore, while

extreme precipitation largely increases in frequency/intensity, sayrenes differences occur in
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shapepatterrs, andalso varying with thextreme precipitation irek. Decreasing trends shape
estimatesiave previously been reported in the literature at higher emissions concenttrattons

were linked tanore drying in tle Caribbean and tropical Americas in the RCP 4.5 and RCP 8.5
scenarios in CMIP5 simulations (e.g. Costa et al., 2023). There were similar increases shown for
consecutive dry days in Brazil as emissions rise (ADikz et al., 2020), consistent with the
significant decreasing shape parameter trends shown for Brazil Rx1day across scenarios in this
work. Drying trends were further shown for the NE Amazonian rainforest, the Mediterranean

and South Africa in a mulinodel ensemble in CMIP6 (Vogel et al., 20289 well as in

Ethiopia in CMIP5 RCP 4.5 arRRICP8.5 scenarios via decreases in days spentweithheavy
precipitation (Teshome & Zhang, 2019), further Higjhting regiondly variabke trends reported

for extreme precipitation indices

Nevertheless, the gera lack of trend in shape parameter estimaltesvn herecross
nations and locally implies that the probabilities of occurrence and variance for the highest
annual maxima quantiles do not change as emissions inctieasgh the highest maxima would
bemore intensat higher CQemissions relative to thoskiringthe preindustrial periodTo
that end annual maxima would still largely intensify significantly, owing largelyrobust)
increases in location and scale estimaAassuch, all of the selected nations largely exhibited a
significant rise in 26year and 10§ear return levels. The tendency is most noteworthy for Brazil
due to shape parameter estimates for Rx5dagasmg significantly, suggesting larger variance
and probabilities of occurrence for intensifying values for the largest return levels (eygat00
return levels). India similarly showed statistically significant increases in shape parameter

estimatesdr oneday annual maxima under 1pctgGhiftingtowards a heavidiailedbehavior
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as cumulative emissions increaseudisuggesting that the newer most extreme eretisn

levels at higher emissions would increase in probability

In some situationamy results alsshowapplicability locally, such as for Hong Kong and
Philippines Rx5day, and for Montreal Rx1day, where shape estimates all increase significantly
(exhibiting heavietailed behavior) at higher cumulative emissions. The increase fouadione
Montreal would be consistent with those results presented in Barlow et al. (2019), where they
showed heavietailed tendencies for the most intense North American precipitation extremes for
regions affected by a large diversity of precipitafpyoducing systems. For the Montreal area,
for example, this would suggest that the probability (and intensity) of the highest annual maxima
quantiles historically, such as that of July"14987, would increase as cumulaté,
emissiongise Indeed, fothe Montreal area, my results show thaty2@r and 10§ear return
levels of Rx1day increase approximately linearly with increasing cumulative emissions (Figure
12a). This is consistent witthe heavietailed behavior of precipitation extremes documeirted

previous studies (e.g. SerinalliKilsby, 2014 Cavanaugh et al., 2015).

The more spatiallvariable shape parameter response found in this study may be
explained through several factors. In particular, the greater degree of uncertainty regionally to
locally may be linked to the larger sensitivities to natural variability that more readily occur at
these spatial scales. This uncertainty could also be related to the coarser resolutions used to
represent otherwise realistically finetaled weather evenaind, thus, represented outside of
convectionpermitting models. The patterns found here are, therefore, consistent with those
findings presented in Innocenti et al. (2019), where negligible trends in shape parameter
estimates at the grid cell level acsanost grid boxes over Eastern North America were shown.

In general, however, there is a more consistent shift towards higher annual maxima values at
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specified return periods due to consistent significant increasing trends shown for the
location/scale paraeter(Tables2-4, Figuresb, 8 and 11), and a general increase in annual

maxima variability, owing to the consistent significant increases in the scale parameter estimates.
Therefore, the implication here is that annual maxima quantiles tend to largely baocoene

extreme under higher cumulative emission settings, but the degree to which the probability of

occurrencdor the highest precipitation values change appears to be spdeaindent.

It is also important to notdat even with théack of trend inshape parameter estimates,
or in cases of statistically significant decreaseb@shape parametethe consistent increasing
trends in the location and scale parameter estimates at all spatiakittalesild favor heavier
tailed behavior. As suchhe probabiliy of occurrenceied tomore intense extreme precipitation
events would still be high at higher cumulative emissioagardless of trends in the shape

parameter.

Possiblecauses and implications of patterns

While several mechanisms aregantant for the initiation and development of extreme
precipitation events, there are important base factors that should be considered. The trends
towards more frequent and intense annual maximum precipitation found in this study may firstly
be associatedith an increased availability of atmospheric moisture that becomes more
favorable at warmer temperatures in response to higher cumulative emissions. Several studies
have previously documented thmsportanttemperaturenoisture relationship concretely (e.g.

Held & Soden, 2000; Held & Soden, 2006), where atmospheric moisture increases by
approximately 7% per degree Kelvin of warming, consistent with the ClaG&peyron

relationship. Effectively, for every degree Kelvin of warming, a given precipitation event could
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theoretically yield bout7% more precipitationHeld & Soden, 2006Coumou & Rahmstorf,

2012). Very often, onday maximum precipitation or stdaily events, in particular, occur in
association with (deep) convective systems, such as seveamorgrthunderstorms. Due to

larger moisture availability under warmer background temperatures, CAPE would more
frequently be enhanced on days where the potential for deep convective systems exists (Trapp et
al., 2009), thereby increasing the likelihood ficore intense precipitation over the course of

these events this heightened available energyutd be realized through sufficient dynamical

forcing. It stands to reason, then, tiatlday and Rx5day evenisuld favorably intensify with

more atmospheric moisture available to them, and so despite the uniform deskapmg

paraneter estimateat the global, ocean and land scate probabilityfor obsening more

intensifiedprecipitationextremes wouldtill be high as emissions rise.

Nationally to locally, atmospheric moistening would also be important. In India, for
instance, the trend towards more frequently intensedageand fiveday precipitation events
suggests an enhancement in wa®ason South Asn atmospheric moisture, and summer water
vapor transport enhancement (e.g. Xu & Fan, 2019), that would contribute to inteths#ped
convective system@.e. thunderstormgjuring the wet monsoonal period. This would be
consistent with the results in this study, where robustly linear trends are shown for Rxday 20
year andRx1dayl00-year return levels as cumulative emissions increase (Figyr®loreover
the shape paranertestimates shown for Indian Rx1day and Rx5day typically reveal no
significant trend though increase significantly under the 1pg&Z@nario (Rx1day). This
finding suggests that 2@nd 100year return levels would not only substantially increase at
higher cumulative emissions, but that their probability of occurrence would either increase or

remain identical to historical levels.
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In other instances, the increasing trend towards more intensgagrand fiveday annual
maxima in both Brazil and the Plpipines could be the result of amplified tropical moisture
available to the deep convective systems that often form in these nations. Effectively, this would
increase the intensity of such events and would be consistent with the trend towards larger return
levels shown for Brazil (Figur@a-b), as well as an increase in the probability of occurrence for
particularly intense Rx5day events in response taiti@ficantincreases in shagmrameter
estimates shown there (Talde Enhanced moistening may also be a sicgut contributor to
the intensified return levels shown for the United States and Australia. The trend towards higher
values of extreme precipitation could also be related to changes in the character of natural
variability modes, such as ENSO period anaplitude, at higher cumulative emissions. This
could amplify the frequencyl/intensity of annual maxima as warmer temperatures work in the

same direction as natural variability (Trenberth, 2012).

It should also be noted that, as mentioned previously, tgegbarameter estimate trends
shown here vary considerably across spatial sediiée statistically significanincreasing trends
in location and scalparameters exhibit uniformity across all sphsicals. This further
highlights the greater extent of uncertaiobaracteristic ofhe shape parameténdeed,
previousstudies have stressed this tendeindhe evaluation o$hape parametesstimatesFor
instancethis parameter is difficult to éisnate because die relatively short records that are
inherentlytied to precipitation extreméds.g.Papalexiou & Koutsoyoannis 201Garney,2016),
increasing the extent of sampling bi&srrectingthe sample ofhape parameter estimates
could, thereforeresult in more conservative estimaf€arney, 2016)Themore varied response
of the shape parameter to cumulative emissions at the regional to local scale shown in this work

is furtherconsistent with results in othstudiese.g. Ragulina & Reitan, 201 Bapaéxiou &
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Koutsoyiannis (201B8and Koutsoyiannis (2004b) furthdr@aved that the response of the shape
parameter ultimately may be sensitivehiie geographical locatidmased on thir annual rainfall

data analysis.

In general, the shift towards intensified annual maxima presents an increased likelihood
for various flooding events, such as the gradual flooding that commonly develops under an
accumulation of precipitation over a session of days, or the flaglooding variety that is
commonly a byproduct of intense oréay or sukdaily events. Many onday and fiveday
maximum events are typically capable of producing a substantial amount of precipitation over a
small period of tne. The hazards induced by these events are especially important for areas
characterized by loypermeable surfaces, such as urbanized &raasmportant motivation for
my choices for the nations and loeaidiscussed here. The shorter return periodRxéday
found in this study across all spatial scales does further imply a higher likelihood for longer
duration flooding that is typically manifested by such events, such as the Southern Quebec 2017
and 2019 spring flooding, the British Columbia flooding of 2@21the September 2013
flooding event that struck Colorado (Herring et al., 2014). As shown in this study, there was a
significant shift towards higher Rx5day values for the Montreal area as cumulative emissions
increased. Due to the significant contrilous that these precipitation events bring with them,
this finding would suggest that flooding types not unlike those of spring 201sp&and2019

may occur moreegularlyas cumulative emissions increase.

Conclusion

In this study, | applied EVT by fitting aE3/ to evaluate trends in global, regional and
local extreme precipitation indicators by framing them in the context of global cumulative

emissions. Indeed, using this method, it was possible to better understand how the location, scale
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and shape of probaity distributions used to model Rx1day and Rx5day behavior may change

in response to higheumulativeCO, emissiors. My results firstly show that location parameter
estimates of Rx1day and Rx5day, as well agedr and 10§ear return levelgzan be

appoximated bythe TCRE, with both showing linear responses to cumulativegfissions.

My results further showed a significant increase in frequency and intensity of annual maxima at
all spatial scales, as well as a corresponding reduction in returngértad was largely due to
significant and linear increases in location and scale parameter estimates across all spatial scales,
favoring a trend towards larger annual maxima values, including for the highest annual maxima
guantiles (e.g. 109ear returnévels), with rising cumulative emissions. Although no significant
trendsin shape parameter estimagesmaller spatial scales, some significant increases were
shown locally to nationally in this work, suggesting some increased probability and variance fo
more intense higlend precipitation extremes at those scales. It should be noted that even without
changes in shape parameter estinratedswith higher emissions, the probability of occurrence

of what would behigherorder return levels (e.gnore intensd 00-year return levels) in the

future would remain identical to those probabilifiesthosereturn levels during the historical

period. rurthermore, these future return levels would likelgresent amtensification ofa

given historical ratrn levelin light of increases in the location/scale parameter estimates shown

here.

These results expand on studies that previously used EVT to analyze trends in extreme
precipitation and other chatic extremes (e.g. Barlow et al., 2019; Innocenti et al., 2019) but
also based on a variety of spatial scales using simydatetpitationdatahistorically and across
emissions scenarioft the same time, these findings further suggest that prdagaind

historical precipitation extremes become a new normal in the future as cumulative emissions
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increase, and so return levels of specified return periods historically become more
frequentregularand intense at higher emissions. Therefore, my resutily imends favoring
precipitation extremes that would mdaxorablyyield flooding, notably for those regions and
localities already situated near or along flood plains. In urbanized settingd]dladimg may
increasingly become a hazard as-dag eventgRx1day), for example, intensify and occur

more frequently. Such events may also more often lead to landslides and other related hazards,

especially in tropical regions.

In light of international agreements that limit global warming to thresholds ofdb
Celsius relative to the preindustrial period, the findings presented in my study highlight that the
character of oneay and fiveday annual maxima, at all spatial scales, could respond robustly in
frequency and intensity to even small amounts ofwirgg tied to lower amounts of additional
cumulativeCO, emissiors. As global temperatures rise, it becomes increasingly critical to
develop a management framework that strives to better mitigate impacts associated with
flooding, as well as otheamvironmetal hazards that are common with pigtation extremes. |
further stress that this study focused on annual precipitation maxima directly, rather than
considering a more holistic approach that would incorporate environmental conditions critical for
the gaeration of such extremes. It could, therefore, be of interest for future works to consider
factors that may play a role in the development of precipitation extremes, such as using
dynamical and thermodynamical factors as possible covariates, and hotogetser may

respond to different emissions scenarios.
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Chapter 5: Estimating the remaining carbon budget for global, regional and local extreme

precipitation thresholds

This chapter is also being prepared for publication.
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Abstract

Precipitation extremes asenongthe most impactful forms of weather to human society.
As cumulative CQemissions rise, such extremes are expected to increase in frequency and/or
intensity, with significant intensification regionallyith more magnified warming observed at
those finer patial scalesThere is growing interest in determining the degree to which global
cumulative carbon emissions need to be reduced in order to avoa jaaly
significant/dangerougrecipitation thresholds, with this interest being heightened at thenedgi
to local scaleln the present chapter, | extend TRG&sed analyses of previous chapters to
estimate allowable future cumulative carbon emissions (remaining carbon budgets) consistent
with avoiding future extreme precipitation thresholdata from e Coupled Model
Intercomparison Project Phase@\IP5) model simulations were used to quantify trends in the
most extreme Rx1lday and Rx5day precipitation events by placing them in the context of
cumulative CQemissions. As an extension of the GEV analysis exploredously | found
thatpresentday 20-year return levalof precipitation become 1fear return levelat generally
low amounts ofdditionalcumulativeCO, emissiors. This is also true fothe cumulative
emissions required for the preselaty 100year return levelso become20-year levelsn the
future Collectively, these results suggésttpresentday precipitation extremesill become
more commorin the future if global cumulative G@missions are permitted to rise in even
small additional quantities. | show that more stringent carbon emissions targets than those
specified in recent international agreements are needed tdlsverlanges ireturn levelof

precipitation extremes csideredhere

117



Introduction

Extreme weather events refer to events that occur at the extremes of a specified
climatology. Statistically, these events are typically located within the tails of a normal
distribution. Although there exists a substantial am@i research dedicated to studying
extreme weather events, there also remains no watslgpted definition of what constitutes
either a weather or climate extreme (Stephenson et al., 2008). For precipitation extremes,
however,as mentioned previouslihe IntergovernmentdPanel on Climate Change
Intergovernmental Panel onClimate Changévlanaging the Risks of Extreme Events and
Disasters to Advance Climate Change AdaptatiB€C SREX) defines changes in heavy to
extreme precipitation in relation to |a2€" century 9 percentile or greater values, such a8 95
to 99" percentile events (Herring et al., 201Mphwever the wide range of definitions of what
constitutes aextreme evenpartly accourgfor the trends reported across the body of climate
impacts literature, which fuels uncertainty as to future responses for such events (McGregor et
al., 2005; Stephenson et al., 2008; Zhang et al., 2017; Pendergrass, 20&8jassacet al.,

2019; Moore et al., 2023).

Despite their rare nature, it is these weather events that often bring with them devastating
short and longterm effects to human society, including loss of life and significant property
damages, as well as erimental stresses that can last for decades at a time. While the Paris
Agreement aims to ideally maintain a mean global warming value of 1.5 C or less relative to the
pre-industrial period, it remains unclear as to how the character of weather extrenwed, as
their environmental conditions, will respond to such warming thresholds. This is especially

relevant regionally, since observed and expected warming at those spatial sqpeea@ky
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largerthan the global mean response to continued risingutative emissions (e.g. Dupont &

Pearman, 2006).

The study of precipitation extremes is, thus, of importance because of the ability of such
events to induce potentially catastrophic damage as a result of)(flaskling, particularlyin
growing urbanizedettings where surface permeability is already so low. As a result of
successiver compoundingxtremege.g. Sun et al., 2023%he flooding that emerges from
extreme precipitation events could sometimes trigger, for example, devastatistides and
landslides as surfaces become increasingly unstable in the wake of substantial precipitation
amounts that fall over such short durations. Significantdaryemaximum precipitation events
can further lead to flastiooding (e.g. the recent hiagical New York City flaskflooding event
of September 29 2023, the Libyan flasHooding of earlySeptember 2023®r with respect to
the extreme onalay rainfall event that struck the Fort Lauderdale arefSpoih 121, 2023. At
the same timgexceswe amounts of precipitation that occur over a succession of days to weeks
can result in more gradual flooding as a result of quickly saturating soils and/or anomalously

high water levels within watersheds.

In response to a warmer global (and regionatyale, environments may become more
conducive to heavy to extreme precipitation development, increasing the liketihomae
frequent and intense events. However, there exists a large range of trends across climate model
simulations of precipitation ex@mes. This is likely attributable to regional differences, as well
as to the simulated differences of the broader atmospheric circulation features that enable these
events to develop (Pendergrass et al., 2016). Despite the spread of results in thenghiatase

literature, the general expectation is for global precipitation extremes to increase in both
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magnitude and frequency as temperatures ¢ AR6;Knutson et al., 201Martmann et al.,
2013;Moore et al., 2023). For instance, Myhre et al. (2GI@wed that the most intense
precipitation events significantly increase in occurrence for every degree Celsius of global
warming. Similar results were shown for global heavy precipitation events, including enhanced
South Asian precipitation fueled by arensified warrseason monsoonal circulation into the
future (Moore et al., 2015; Katzenberger et al., 2022), as well as historically over th20Pa01
period (e.g. Falga & Wang, 202Brecipitation extremegregenerallyexpected to become as
much as32-55% more frequent by 2100 (Thackeray et al., 2022). Regiosaltyprecipitation
eventsare similarly shown to increase in both intensity and frequency. For example, in the arid
regions of China, extreme precipitation increased in intensity over the2Dd@&0period (Wang

et al., 2022), as well as in future simulations under 1.5 C to 2.0 C warming in Eastern Africa
across extreme precipitation indices (Ayugi et al., 20@2) in terms of extremely wet days in

Brazil under RCP scenarios (Avildiaz et al, 2020).

Carbon budgets have been shown to have useful applications for exploring trends across
a variety of climate variables, notably for avoiding specified global warming thresholds (e.g. van
der Ploeg, 20L8Rogeljet al., 2019). Inheir broadest fan, carbon budgets may be defined as
the total allowable cumulativ@O, emissions that meet or avoid a specified global warming
threshold, or for some other given climate indicator that may be of interest. The concept of
carbon budgeting has, thus, receizedsiderable attention since its central appearance in the
IPCCFifth Assesment Reprt (AR5) and has since become a widely adopted framework for
guiding climate policy (Lahn, 2020As such, the application of carbon budgets provides a
useful framework by which | can estimatedsinolds of global warming in efforts of reducing

global carbon emissions by some prescribed quantity.
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Carbon budgetsan becalculated based on the weltablished linear relationship that
exists between temperature ananulativeCO, emissions. This linearity is known as the
Transient Climate Response to cumulative. Enissions (TCRE), which proportionally links
anthropogenic global cumulative carbon emissions with global tempechamgegMatthews et
al., 2009; Gillette et al., 2@3; MacDougall, 2016). Such trends may extend to thegklial
scale. Results from a more regionatlynstrained analysis, for example, have shown that
regional temperature similarly scales approximately linearly with cumulativee@@sions, as
well asover land and ocean (e.g. Leduc et al., 2016). However, while this linearity is captured
well, large uncertainties surround estimates of the (regional) TCRE. This, to some extent,
subsequently affects the usefulness of the carbon budget conceptually&(Forezingstein,
2020),partly due to thevarming contributios originating withnon-CO; forcingsthar are not
captured in the TCRE framewofMiillar et al., 2016; Partanen et al., 2020). Uncertainties also
stem from the choice of methodological framekyas well as the assumptions factored into
calculations of the carbon budget (Matthews et al., 2020). The slope of the TCRE further varies
among models in light of the differences in representatidhaxfarbon cycleand climate

feedback (e.g. Bruhwiler etll., 2021, MacDougall et al., 2016).

Other studies have identified linear resporieesarbon emissiorfer climate variables
outside of temperature, extending the scope of the TCRE. For example, Zickfield et al. (2012)
showed approximately linear rediats in September Arctic sea ice in response to rising
cumulative emissions. Regional TCRE estimates of precipitation were also shown in Partanen et
al. (2017), where precipitation exhibits a linear increase with increasing cumulative emissions.
Similar naar-linear relationships were also shown for the response of indicators of extreme

precipitation from global to suflobal scales to cumulative carbon emissions (Moore et al.,
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2023). However, this linearity may be regionallgpendent. For instance, Pendasg et al.
(2019) show that tropical extreme precipitation follows-tinear tendencies as emissions rise,
although this pattern was displayed only in one model among a suite of CMIP5 models used in

their study.

In this Chapter, | aim to further explottee relationship between cumulati€&,
emissions and precipitation extremes by using the carbon budget concept to estimate allowable
cumulativeCO, emissions associated with various extreme precipitation thresiblidsallows
me to defingemaining carbon budgets (RCBs) that are associated with extreme precipitation
thresholds at global, regional and local scales udingate model output from theéMIP5 model
ensembleBy framing precipitation extremes ursing the concept aémaining carbon budgets
endeavor to examine the degree to which emissions would need to be reduced to avoid
particularly significant future extreme precipitation threshatbbally, regionally, as well as

locally using various emissions scenarios.

Methodology

| describe here in detail the methods for this chaptih a focus ora description of the
carbon budgeting desigrsedas an extension of the Generalized Extreme Value (GEV) analysis

articulated previously in Chapter 4.

Model, emissions scenarios and precipitatitatia

Asexplored in Chapters 3 and 4, | use here the same suite of H@Miékels described
previously, withthe CanESM2 model serving tiee host model 2.8 x 2.8 degregyrid cell

system, representir@L92 grid cellswith eachcell coveringan approximately 308quare
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kil ometer ar ea )danthdifeepoldienprodedure. | farther isadcthee same
emissions scenarios as in previous chapters, inclualmgnario descring a 1% increasin

COz emissionger year until @juadupling occurs relativéo the preindustrial period1pctCQ,
which s@nsl40yeary, as well as twirepresentative Concentration PathyREZ P scenarios
(RCP 4.5 and RCP 8.Bachcoveringa 9Gyear periodfrom 2006 to 2096which were joined
with simulations ohistorical emissions (145 yeatbat begin at the prmdustrial period

(defined as 1861Emissions are represented in units of teratons of carbon AigD) following
the work done in the preceding chapters, | use the satremeprecipitation indicators that
characterizevhat is krown asannualoneday maxima (Rx1day) and fiveday maxima (Rx5day)
eventg(in units ofmillimeters per daynim/day) that correspontb each emission scenafir
eachof the CMIP5modek used hereinrhese extreme precipitation events capture all types of
precipitation and effctively are derived frorthe largest annual maxima of precipitation
extremesextracted for each grid cell across models for each emissions scésanith the
analyses conducted in Chapt8rand 4, all data manipulations and plotting were conducted in R

programming software.

Global, land, oceannational and locatioral selection

| begin this analysis with an examination of global patterns of Rx1day and Rx5day to
obtain estimates of RCBs globally. | then constrained the analysis toténty applying a
mask to all land grid cells. This then made it possible to similarly estoadten budgets for
precipitation extremes of interest acrtessd collectively. Assessing RCBassociated with
precipitation extremesver land is desirable, since this is where human populations and
terrestrial lifeforms collectively residelowever, arassessment of RCBs over oceanic regions

their entiretywould also carry some scientific value due to extreme precipitation events often
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forming oversuch region®efore drifting onto land. This is especially true with those extreme
precipitation eventbnked to tropical cyclonedorming over oceanic source regions prior to
drifting over land including landfaling situationsin other cases, (severe) thunderstorms can
form quickly over water before advancing onto land areas and potentially cause substantial
flooding, especially in subropical and tropical regions. Therefpseme examination of oceanic
extreme precipitation events would be of importaaw, as such, pbroceededonducing an
oceanonly analysis by applying a mask over land are#sctivelyserving to isolate
ocean/wategrid cells, as applied in Chapter 3 andrie global analysisonsiders algrid cells,
capturing alland and water cells. Extending this analysis beyond the global ariddead

scale, | selected specific land areas as a representation of my regionas aaatysuch like
previous chapters, this selection was used to compare those trends found globally in terms of

trends of Rx1day and Rx5day.

Regions and locales selected in this chapter represent the same selection from the
previous chaptefChapter 4). Since an extension of the GEV analysis from Chapter 4 is applied
here as a tool fagstimating the remaining carbon budget, | focus on these regional to local
selections as a representation for regions and locations globally. Furthermoesj@sspy
highlighted in Chapter 4, this selection captures regions and log#tatrcary large population
densitieshave coastal areas that lie at or below sea,lev@ulnerable to pecipitation
extremes altogethgand have recently experienceatastrophic flooding linked to recent

extreme precipitation events

As described in Cipters3 and4, regions are chosen as nations, while locales are
represented at the grid cell or as a small grouping of cells. The regional selection, therefore,

correspnds to the United States, Brazil, South Africa, India, and Australia, while the local
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selection uses Montreal, St. Louis, Florida, the Philippines, and Hong Kong. As with Chapter 4,
analyses corresponding to these selections are meant to be represeidditnegions and

locations and so are not meant to be an exhaustive selection.
Fitting a GEV to derive RCBs of precipitation thresholds

In Chapter 4, | previously used Extreme Value Theory (EVT) to examine trends in the
most extreme Rx1lday and Rx5dayents at the global to local scale uniherthree emissions
scenario®utlined aboveas well asvith respect to thaistoricalperiod EVT is a popular tool in
statistics that is used as a means to mi#ebehawr of extreme valuethrough time which are
located within the tadl of a given distribution. GEV distributions, a sector of EVT, are well
known for their ability to model extremes across a wide range of fiéld¥ distributions are
widely adoptedor the modellingof weather extremes, including extreme precipitation and
extreme heat events (e.g. Rypkema & Tuljapurkar, 2081he present chapter, | extend the
GEV analysis by using TCRE estimates of refexel values derived from Chapter 4. These
frameworks are, #refore, combined to determine tREBsglobally to locally across a set of
emissions scenarios basedsaectedoresentdayreturn levelsThe presentiayreturn levels in
this studywere based on the final bloock subperiodcomprising the historicalgsiod (i.e. the

20" block) derived from the block maxima approach detailed in Chapter 4.
Threshold selectiofor remaining carbon budgets

Here, | outline the procedure involved for selecting specific return levels in order to

computeRCBsat various spisal scales.

In this chapter, | utilize the concept of the Remaining Carbon Budget in relation to
specifiedextreme precipitatioreturn levelsThe RCB is defined here as the remaining

125



allowable global cumulative (Cpemissionsassociated witBpecified changes in extreme
precipitation values relative the presentlay period As mentionedn previous chaptershe
historical period runs over 145 years, ending i652Qnder the block maxima approach
previously employed in Chaptertidat made se ofa Generalized Extreme Value (GEV)
distribution these 145 years were grouped iséwenyear blockswith blocks similarly

allocatedfor the time series pertaining to all emissions scenéitmsRCP 4.5, RCP 8.5, and
1pctCQ). Since the final blocks were comprised of less than seven ipeties case of the
historical period anthe RCP scenarigghese were removed to ensure that the number of years
across each blodlor subperiod)wasinherentlythe sameas described in th&evious chapter
However, aslso mentioned i€hapterd, t he -digpyr e speenrti od was adj ust e
block of the RCP scenarig@hich endsn 2012) as this is more representative of the present
day. Also, dthough the 1pctC&scenario considetie response of Rx1day and Rx5day to
cumulative CQ@ emissions only, thiscenario is of interest fahis analysis, as it cashow the
extent ofRCBs needed to meet extreme precipitation thresholdshypotheticabr

counterfactuafuture world withadditionalCO; forcing only.

The selection of extreme precipitation indicators (Rx1day and Rx5day) used in this study
wasbased ometurn level values derived from the GEV analysis conducted previdusdy.
presentday GEV parameteestimates are, therefotggased on therfst block of the RCP periods
andsoreturn levelsvere chosen in this mann&pecifically, the baseline return levels were
selected from the first block that initiates the RCP 4.5 pergmigesenting the preseddy
baseline for both RCP scenaridis return level was selected as the baseline vatuéhe RCP
4.5 emissions chiacterizing the first block are clostrthe actual emissions that occurred during

that period This is used to calculate the cumulative emissions between this block and those
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future blocks that carry the value at which the predagt2Gyear or 106yearreturn level is met

and/or exceeded as eitheryi€ar or 28year return levels in the future.

As suchusing theblock maxima method, | wespecificallyable to compute RCBs by
determining firstvhenin thefuture presentday 2Qyear return levels (95percentiles) become
10-year return levels.ge. 90" percentiles)This procedure was then similarly applied for
determining whe presertday 100-yearreturnlevels (99" percentilespecome the 2§ear return
levelinto the future Finding the90" percentile valueat the presertiayand other periodare
determined byitting a GEV distributiorthat is associated withe presentayblock and other
blocks making it possible toalculatepercentiles of interestsingthese probability distributions
The presentlay 95" (and 99") percentile valugof extreme precipitatioindicatorsarechosen
for this workas baselinesasthese areommonly used as a threshold selectmm(extreme)
precipitation indicesicross thdody ofclimate impacts literature fdlood risk assessment
infrastructural managemeand collectively climate change adaptat{ery.Chang et al., 2022;
Zhou et al., 2024 Furthermore, it ishese evestthatrepresent thbeaviest of precipitation
(IPCC, 2021) It isfurther of interest, since dftensignifiesa significantly higher magnitucds
precipitation eventwhich increases the likelihood fpotentially catastrophienpactsin already
vulnerable locationand regions. As sucthese can baselll quantitiesfor notably regional to
local risk management efforits the context oRCBs, providingurtherinsight as to
approximatelywhen such preseilayreturn levelan be meand/or exceedeid thefuture

under differentumulativeemissions scenari@ subglobal scales

Block maxima that characterize the future period fall into the RCP scenarios,ashich
those blockshatfollow the last block of the historical peridd complete the time seri€Bhe

RCP scenarios comprise a total of 12 blocks, followieg20 blocks characterizirtige
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historical periodHowever, 8 mentioned previouslyhe first of the 12 blocks comprising the
RCP 4.5 scenario is treated as the stgjd ending block of the historical periog (present

day).

| then applieda similar analysisor the 1pctCQ@scenarioThat saidin the case of
1pctCQ, since there is neal reference point thatgnak the end of the historical period, |
insteadused the presefttay emissions value of the historical peripe. 2012 under RCP 4.%)
determine when the preseaay beginsn the 1pctCQ scenarioThis served as a meaningful
presemtday emissions valuen the1pctCQ case and was used to calculate RCBs similarly based
on the point at whickorrespondin@0-year return levevalues at presentlay emissions
reach/exceedO-year return levelg upcomingblocks This was similarly applied for when
preserdday 100-year levels reach or exceed-y€ar levelsUsing this approach for the 1pcteO
case further intuitively makes sensmce thehistoricalvalue would represent a more realistic
preserdday estimate in light dfistorical presentiay enissionsbeing Inked to not only C®
forcing, but also noi€O; forcing. As a resultit was a more reasonable choice to as¢he
preserdday valuefor 1pctCQ. This was applied across all spatial scales, from globally to

locally.

Calculating the remaining carbdoudget

In this section| describe the procedunevolvedfor calculating RCBsln accordance
with the selection procedure described in the previoussation,| firstly calculate RCBs based
onthe difference betweegpresertday cumulative CQ emissionsand those C&emissions
corresponding tthe point at whiclpreseniday 20-year return levebalues reachand/orexceed

thefuture 10-yearreturn leves. Similaly, RCBs were computed based on the difference
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presentday CO, emissionsand those emissiordthe pointpresentday 1®-year return level
values reach and/or excetb presentday 20-year return levelln each casehis was applied
for both extreme precipitation indicatofer Rx1day and Rx5dayand acrosall spatial scas,
from globaly to localy. It is also important to note thttere are some situations wherther
preserdday 20-yearor 100-year return levels never meet and/or surjfisgear or20-year
return levelsn future block maximaln suchcasesl proceed by calculatinBCBs based on the
block containing the nexargestvaluefound inthe futureblocks making up the RCP and
1pctCQ scenariosAs a result RCBscanmathematicallybe representednderthe following

formulations:
RCB?eturn level20— EFuturelO—year IeveIT EPresenQOyear level (1)

RCB?eturn level00 — EFutureZOyear IeveIT EF>resentL00-yearIeveI (2)

whereR CBreturnieveizorepresents the difference betwelka cumulative C@emissions
associated with thiaiture block maximawvhoselO-year return levevalue matchdexceed the
presentday 20year return level valuir extreme precipitation indicatotEruture10-year leve),

and those auulative CQ emissiongied tothe presentlay 20-year return leve{Epresenro-year

level). RCBgeturn levetoosimilarly corresponds to the difference betweendhmulativeCO,

emissions associated with the block maxima containingaire at which20-year return level
in the future reach and/or exceed pineseniday 100year return IevquFuturezo-year leve), and
those cumulative C£emissions associated with the block containingptiesentday 100-year

return level valug¢Epresento-year leve)-
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| then computed the standatorsassociated with these RCBs, as represented by the
standard error bars included in the RCB figurewigled below, as well as numerically in data
tables.RCB standard errors were calculated across scenarios by using the carbon emissions
spanning the blocks from the presealy period to the point at which the"@&nd 99" return

level percentile is met or exceeded.

Results

| present here results for globeEindand oceafRCBsthat ardinked to futurereturn
levelsrelative to presendlay valuesFigures 12 and Table 1 provide a summary of these

findings.

Global, land and ocearpatterns of RCBs

Globally, my results consistently show RCB valoétess thar0.80TtC (+/- 0.06 to 009
TtC) across scenariogith respect tgresertday 20year return levalbecoming 16yearreturn
levelsin the futurefor bothRx1dayand Rx5dayFigure 1 Table ). Thelargest RCBsare
shown for theRx1ldaylpctCQ casefi.e. 167 TtC +/- 0.16 TtC), while thesmallest valueare
shownfor RCP 4.5 and RCP 8.&ndwith RCP 4.5valuesbeing consistentljlargeracross both
extremeprecipitation indicata. When constraining the analysis to land and ocean(&idyre
1, Table )}, these patterns continue tolbegely observedyith the smallest values displayed for
the RCP scenarios (i.largely0.15-0.79 TtC +/- 0.04-0.08TtC) and highesin 1pctCQ (up to
2.08 TtC +/- 0.18TtC). In the case of the RCP scenarios, the size of the RCGBegrallsmaller
for landRx1daythanit is for oceanandatthe global scaléut islargerwith respect to Rx5day

RCBs are further larger for RCP 8.5 than RCPfdr%and, which differs from theesults given
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for theglobal or ocean scalélso, land and oceahudgetsare shown to beonsistentljlarger
across Rx5day than for Rx1day, overall similar to those pat#ths global scale (Table 1,
Figure 1).Globally and for ocean on\RCBs aranostly attheir smallest for RCR.5, though

the lowest RCB coincides wittpctCQ landRx1day (0.2 TtC +/- 0.06 TtC). As suchthese
findingshighlightthat the extent of RCBs lower forthe RCP scenarios amabstly higher in

the case of 1pctC{across global, land and oceémtuitively, this makes sense, since the RCP
scenarios include ne@0O; forcing, causing baseline/threshold values to be matched and/or

exceeded sooner intbe futureunder lower cumulative CGemissions.

For presentday 100-yearvaluesbecoming 26year return levels in the futurey
findings show similar RCB patterns glolyalfor land only, as well as for oceélrigure2, Table
1). However,as compared witpresentday 20-year returrevels (%" percentilespecoming
future 10-year levels (i.e. @" percentilesyplescribed previouslyhe RCB values showmereare
generally largeacross scenarios thefutureacross allspatial scalesAs described previously,
RCBsare generally largest under the 1pctG@enario and mostlyfor Rx5dayoverall To that
end the highestalue occus globally (2.16 TtC +/0.17 TtC) andthenfor land and ocearonly
Rx1day(2.08 TtC +/ 0.18 TtC) With respect tahe oceanscale the RCB value is also larder
Rx1day(1.67 TtC +/- 0.16 TtC).By contrastthe lowest RCBare foundwith the RCP
scenarios, but the lowest values are dependetitemtenarian question For example, for
eitherextreme precipitatiomdicator,the lowest RCBs are found with R@ across global,
land and oceann the RCP 8.5 casfr instancethe RCB value is shown to be as low &ks50.
TtC (+/- 0.4 TtC) for ocearRx1day andRx5day as well as for both global Rx1day and land
Rx5dg. For land Rx1day, howevdhe RCB issimilar across both RCP scenarios, with30.

0.24TtC (+/- 0.06 TtC) of additional emissions being required to match or exttesgoresent
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day269 mm/dayeventin the future(Table 1).Also noteworthy is thatalues of RCB, at least

for the global and ocean case, gemerallylarger in both RCP 4.5 and RCP 8.5 for Rx1day and
Rx5day, butalues are consistently highfer 1pctCQ for Rx5day than for Rxday across all
spatial scales. This suggests that lesdditianal cumulative emissions are generally required to
meet or exceed thresholds inJbay than R&day,including with respect t&xlday carying

smallerbudgets under 1pctGQ@Table 1, Figure 1)

It is further worth noting that baseline/threshold values are larger globally than for either
ocean or land (Figuresd). Thispattern would ban artifact of the block maxima approath,
which only the largest value for each year across each nodgtacted Sincethe maximum
value musbccur over either ocean or land, the annual maxima extracted globallplsaist
either equal to or greater than the maxima over ocean oeéatdyearThis effectively ensures
that the global scal@nnualmaxima will always carry valuesgualto or largerthan ocean or
land.By contrast, in Chapter 3, which involved spatially averaging across grid cells, this yielded
the larger annual values at the ocean/water $sicateglobally since the average comesrir
averaging over the largest values which are often found over the ocean
Table 1.Global, land and ocean remaining carbon budgets (RCBs) for Rx1day and Rx5day
under different emissions scenarios. RCBs are calculated based on the difference in cumulative
carbon emissios betweenvhenthe preseriday 20Qyearreturnlevelsbecome 16/ear return
levels in the futureand those emissions at presday. Similarly, RCBs were calculatbdsed
on the difference in cumulative emissions betwsbenpresentday 100-year return levels

becone 20-year return levels the future, and emissions at preseéay. Standard errors (SE) are
provided for each RCB value. RCBs @#sare given in unitef teratons of carbon (TtC).

Global
Rx1day20-year becomind0-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 375 057 0.07
RCP8.5 375 0.15 0.4
1pctCQ 375 0.50 0.07
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Rx5day20-year becomindO-year return level

Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 929 0.79 0.08
RCP8.5 929 0.15 0.4
1pctCQ 929 167 0.16
Rx1dayl00-year becomin@0-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 463 0.75 0.08
RCP8.5 463 0.15 0.04
1pctCQ 463 0.80 0.11
Rx5dayl100-year becomin@0-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 1633 0.65 0.08
RCP8.5 1633 0.59 0.08
1pctCQ 1633 2.16 0.17
Land
Rx1day20-year becomindO-year return level
Scenario Threshold (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 269 0.23 0.06
RCP8.5 269 0.24 0.06
1pctCQ 269 0.12 0.06
Rx5day20-year becomindO-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 790 0.79 0.08
RCP8.5 790 1.44 0.14
1pctCQ 790 2.08 0.18
Rx1dayl00-year becomin@0-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 291 0.23 0.06
RCP8.5 291 0.24 0.06
1pctCQ 291 0.12 0.06
Rx5dayl00-year becomin@0-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 1217 0.79 0.08
RCP8.5 1217 0.15 0.04
1pctCQ 1217 2.08 0.18
Ocean
Rx1day20-year becomindO-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 361 0.65 0.08
RCP8.5 361 0.15 0.4
1pctCQ 361 0.80 0.1
Rx5day20-year becomindO-year return level
Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 810 0.75 0.08
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RCP8.5 810 0.15 0.4
1pctCQ 810 2.08 0.18
Rx1dayl00-year becomin@0-year return level

Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 425 0.75 0.08
RCP8.5 425 0.15 0.04
1pctCQ 425 2.08 0.18
Rx5dayl100-year becomin@0-year return level

Scenario Baseline (mm/day) | RCB (TtC) SE (TtC)
RCP4.5 1347 041 0.06
RCP8.5 1347 0.15 0.04
1pctCQ 1347 167 0.16

Figure 1. Global, land and ocean remaining carbon budge{RCBSs) fopresent-day 20-year
return levels (95" percentiles) reaching 10-year return levels (90 percentiles) in the future
across emissions scenarios corresponding to a) Rxlday and b) Rx5day. RCBs are calculated
relative to the emissions at thepresent-day, with the present-day 20-year return level being
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