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ABSTRACT

wStAFOfS NBIA2YIE NIAYTFLIEE LINRP2SOGA2YyaE | NB
where the combination of complex topography and highly variable climate presents significant
challenges for modeling efforts.y f A1 S GKS O2yiAySydalt ! yAGSR {1
large-scale downscaling efforts, resulting in limited and inconsistent downscaled climate
information. This dissertation addresses this gap by evaluatingamgbaring multiple
downscaling approaches to better understand how methodological choices influence future
rainfall projections. In doing so, it aims to both improve future downscaling practices and
contribute new highresolution precipitation datasets tthe growing suite of climate resources
available for the Hawaiian Islands.

Chapter 2 uses a sadfganizing maps (SOM) framework to classify-sesson
circulation patterns and examine how their frequencies may shift under CMIP6 projections. This
method Inks largescale atmospheric variability to local rainfall and generates a new set ef end
of-century precipitation projections (20€¢@100). Chapter 3 develops two additional projection
sets using multiple linear regression (MLR) and generalized additivelsn@AM) with CMIP5
RCP4.5 data, highlighting how differences in statistical techniques affect spatial and seasonal
rainfall outcomes. Chapter 4 evaluates the Intermediate Complexity Atmospheric Research
(ICAR) model as a simplified dynamical downscé#boly testing its performance using wind
inputs from ERA5, WRF, and SOaéed reconstructions.

Together, these studies demonstrate the critical role of method selection in shaping
downscaled projections and emphasize the need for transparency and ealuatiegional
climate modeling. By contributing new rainfall projections and comparative insights, this work
supports more robust and regionally appropriate climate information for resilience planning in
I gl A~ A®
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CHAPTER 1:INTRODUCTION
wSIA2Yy Il E t NBOALMAGEFGAZ2Y [ KFEy3aS Ay | FgkA~AY

1.1 Introduction andBackground
1.1.1 Precipitation Change: From Global to Regional

As the climate continues to warm, precipitation changes are expected to impact humans
and ecosystems across the globe. Changing patterasraialprecipitation as well as changes
in precipitation extremegan lead to flood, droughts, threats to fresh wat accessstress to
sensitive ecosystems, reduced agricultural yields,lassesof property, infrastructure, and life
(Kundzewicz et gl2008; Seneviratneet al., 202). In most cases, thmitial resource for
assessing climate change impacts are Galn€irculation Model (GCM) projections of future
temperatures and precipitation. GCMs are used to investigate the physical processes driving
the global climate including its natural variability, study the role of different forcing factors
(e.g., solar ra@ition, greenhouse gas emissions) on the climate, and better understand how the
climate system may respond to future changes of forcing. On a global scale, the reliability of
GCM outputs increases with every new generatiothef Coupled Model Intercompans
Project (CMIR)as the representation of larggcale processes and biases in models are steadily
improved upon(IPCC, 2021As such, GCMs continue to be a critical tool for understanding
future climate(IPCC, 2023)

The precipitation response to warngrcan be broadly attributed to thermodynamic and
dynamic mechanismduller & h Q D 2 N2011\Worris et al., 2021Seager et al2010;Sun et
al., 2024 Vecchi& Soden 2007). Thermodynamic changes are associated with the warming of
the troposphere, which increases the atmospheric capacity to hold moisture (e.g.&Allen
Ingram 2002; Dai2006; Held& Soden 2006). Based on the Clausi@apeyron (CC) equation,
a 1°C iorease in temperature is expected to result in roughly a 7% increase in atmospheric
moisture (e.g.Fischer & KnuttiH n mo T h Q D 22DI0¢ TrghbeRhiet dl.20@Y;).
Importantly, it has been shown in several studies that global mean precipitation an
evaporation does not directly scale with this increase in atmospheric moisilien@ Ingram

2002 Trenberth 1998), and the sensitivity @nnual mearprecipitation to the increase in
11

¢ NB



temperature is significantly lower. Models show that precipitatextremes will likely increase

at a faster rate than global mean precipitation, as the global mean precipitation is constrained
by the global energy budget (All&lingram 2002). Some regional studies have shown

different rates of increase between extrenagents and mean precipitation (Will&Wigley,

2002). Moreover, some studies show that the rate of increase in extreme precipitation events
may not be uniformly distributed around the globe due to dynamic changes also brought on by
climate changée.g., Let al., 2019) A number of models show a rate of increase exceeding the
ClausiusClapeyron rate, termed super ClausiDgpeyron, in the tropic(lan& Soden 2008
Bergetal.2013h QD2 NXY I, 0096 (0 | f @

Dynamic changes refer to changes in atmaaphcirculation that influence
precipitation patterns (e.gCai et al.2012 Vecchi et al.2006). These changes are independent
of atmospheric moisture content and include phenomena such as shifts indaede wind
patterns, storm tracks, and pressusystems. Some global studies show a decrease in Pacific
storm track activity as well as poleward shifts in storm tracks due to future changes in
circulation {ehmann et a)2014;h Q D 2 NJY |, 90105Yin et a§2005). However, these
studies are inconclusive and there is a high level of uncertainty associated with projections of
storm track changes (Catto et,&014).The IPCC (2021) maintains low confidence in
projections of regional storArack shifts particularly in the Northern Hemisphereiting large
internal variability, model structural differences, and resolution limitations as sources of
uncertainty.

Both types of changes have already contributed to observed regional shifts in
precipitation and sevetatudies have sought to partition thermodynamic and dynamic
influences Chadwick et al2013 Seager et al2010). While thermodynamic effectgenerally
agree across modelglynamic changes remain a source of uncertaintyath future mean and
extremeprecipitation changavith large intermodal differencefai et al., 2024Held & Soden
2006).

Regional climate change describes changes in thetknng climate of smaller
geographical areas and is a result of the interactions between global climateeshand the
specific characteristics of a place, such as latitude, elevation, proximity to oceans, and other
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geographical features (Gutiérrez et,&021). Because GCMs are meant to represent the
complete climate system, they provide some relevant inforiorafor regional climate change
(Christensen et g12007). However, at the local scale, the climate change signal may not be
fully represented, as GCMs are too coarse to include the interactions betweenrskaitge
circulation and local scale features.ig s especially true for areas within or close to major
landscape features, such as mountainous regions, or areas that contain a sharp boundary, such
as coastal regions. These types of features are known to influence local climate, especially
precipitation, and are too small scale to be accounted for in GCM output (Ekstrém 2055%).
Consequently, the global and regional climate response is consistent in some areas, but can
vary dramatically in others (Christensen et 2007). Because of this, impred projections and
evaluation of climate information at a regional scale is nhecessary to understand local impacts
and risks of climate change.

Thestandardhorizontal resolution of GCM outpin the Sixth Coupled Model
Intercomparison ProjedCMIP§is albut 100kilometers Eyring et al., 2021 which greatly
limits the ability of GCMs to represent details at local scales. While efforts were made in CMIP6
to address these limitations by providing the Highsolution Model Intercomparison Project
(HighResM®) with horizontal resolutions of about 50 km, some lestalle phenomena can only
be realistically represented by simulations at resolutions of 10 km or finer. As an alternative to
increasing the resolution of GCMs across the globe, regional climatecponie can be
developed for areas of interest using a process knowtoascaling

1.1.2 Climate Model Downscaling

Climate model downscaling is a technique used to increase the coarse spatial resolution
of GCM output and improve thepresentation of local climates. While existing techniques
have known limitations, performing downscaling can add considerable value to global
projections of future climate for end users (e.g., impact modelers) that require more detailed
information to asess local impacts (Maraun et,&010). There are two main methods of
downscaling known agynamicaland statisticaldownscaling.

Dynamical downscaling employs a limited area model known as a Regional Climate

Model (RCM) that is based in atmospheric gihgg much like a GCM, but at a higher resolution
13



and for a smaller domain (Maraun et,&010). At higher resolutions, RCMs can incorporate
finer spatial details, such as topography and hydrology, that GCMs cannot, and they are often
able to represent &roader range of Earth system processes than their giebale
counterparts. However, many processes remain poorly understood or occur at scales too small
to be accurately represented, even in higher resolution RCMs, such-seaatoupling or the
chemstry of aerosokloud interaction. RCMs are nested inside a driving GCM or reanalysis
dataset, which feeds information into the RCM at the boundaries of the domain. RCMs are
typically oneway nested, meaning they receive information from the driving datasé do not
feed information back into it. The RCM simulates weather inside the domain that is consistent
with the topography, dynamical core of the RCM, resolution, and parameterizations, and is able
to create its own internal variability depending oretsize of the domain (Maraun & Widmann
2018). Because the RCM depends on the driving data, it is susceptible to inheriting all of the
biases present in the driving dataseBoGio et al.2015;Hong& Kanamitsii2014; Takayabu et
al., 2016). While a typad horizontal resolution i$0 km to50 kmfor continentatwide domains
a much higher resolution is needed in order to represent some ssoale processes such as
convection, meaning many RCMs must employ parameterizations, or simplifications, rather
than explicitly resolving convection. In the last decade, RCMs have emerged that use
convectionpermitting scales of just a few kilometers in which deep convection is explicitly
resolved by the model. While dynamical downscaling can provide a wealth of etiormat
local scales, its most significant limitation is its high computational cost (Rummukasies).
Additionally, dynamical downscaling can require resources that are not always readily available,
including processing power, expertise, and time.

A submethod of dynamical downscaling called psetglobal warming (PGWyas
developed in 200TKimura & Kitoh2007;Rasmussen et aR011; Sato et al.2007). PGW is a
downscaling method that sets boundary conditions based on a global warming increment
(GWI), calculated by adding reanalysis data to the difference in temperature between present
and future projections from a GCM or GCM ensemble (Kimura &,KRi@l7). The main

drawback of the PGW method is the assumption that precipitation change resujtéroni a
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change in the thermodynamic component of precipitation, as the dynamic component is not
incorporated into the GWI.

On the other hand, statistical downscaling methods aim to establish a statistical
relationship between largscale atmospheric contibns and locakcale weather, ranging from
simple to complex (Maraun et a010). There are some advantages to using statistical
methods over dynamical methods, including low computational costs and high efficiency.
Statistical methods can often be gnoed into Perfect Prognosis (PP) or Model Output Statistics
(MOS) methods.

PP methods link large scale predictors to local scale predictands and are calibrated using
observational data. The statistical model (e.g., linear regression) is then applieediotprs
simulated by climate models to produce downscaled climate projections. Relying on GCM
output as training data, PP methods make the assumptions that the pragntlimate is
accurately represented in models, the selected climate variables exhibgponse to climate
forcing, and the relationship between the predictors and predictands applies beyond the
observed climate. This last assumption is known as the stationarity assumption and is often
cited as the primary weakness of statistical downscainethods (Gutiérrez et aR013). PP
methods include regression models (e.qg., linear, nonlinear, general linear models (GLMSs)),
weather typing models, and analog methods. Regression models fit linear or nonlinear
relationships between large scale atnpberic variables and a local predictand (e.g., rainfall,
temperature). The model is then applied to GCM simulations of future climate to project the
local predictand. Weather typing models rely on the assumption that local weather is strongly
controlled bysynoptic scale weather. Largeale weather types are categorized into distinct
groups on which local weather is conditioned. Future weather states simulated by a GCM are
then matched with the closest fitting weather state and the resulting predictanzbka &
Schnarr2014). Analog methods define a number of analog days that best describe the full
range of local weather. For days during which local observationatatavailable, an analog of
the corresponding largscale circulation can be identifie@orresponding local observation
data can then be used for future analog days where observations are not available (Zorita & von
Storch 1999).TheMultivariate Adaptive Constructed Analo@dACAAbatzoglou & Brown
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2012 andLocalized Constructed Analo@<$CA; Pierce et f22014)datasets are produced for
the CONUS region using analog methods.

MOS methods, often used for bias correction, establish a statistical relationship
between historical model output and observed data. This transfer function s dpglied to
the model output to correct systematic errors. The simplest MOS method is known as the
change factor method, or the delta method. This method calculates the climate change signal
0SU6SSYy (GUKS LINBaSyid I yR 7T dziamNBen geftukb¥lbcalSa s 2 NJ
observation data by this value to attain future regional climate conditions (Maraun & Widmann
2018; Wilby et a).2004). MOS methods can also include additive or variance scaling, in which
the difference between preserday modeloutput and preserniday observations is calculated
and applied to biagorrect the simulated future projectioe.g., Kim et al., 2025)

Weather generators are sometimes considered a third category of statistical
downscaling methods. These tools wstechastic models, often based on historical climate
statistics, to simulate daily weather sequences. Typically, weather generators are conditioned
on simulated monthly or seasonal means from GCMs and then used to produce a range of
plausible daily valuethat are consistent with those means (Trzaska & Schgad4).

Regardless of the technique used, the primary goal of downscaling is to produce local
scale climate information at temporal and spatial resolutions suitable for impact assessment.
These refied projections can serve as critical input to a wide range of applications that require
realistic representations of locakale climate variability and change. For example, downscaled
projections can serve as input for hydrological models, which infortemwasource system
models and ultimately feed into climate impact assessments (Brown, &0412).

The Coordinated Regional Climate Downscaling Experiment (CORDEX) initiative (Giorgi
et al, 2009; Giorg& Gutowskj 2015; Gutowski et al., 2016) is the st@xtensive example of a
cooperative international initiative to provide regional future projections at resolutions
between 10 and 50 km, though in many cases these resolutions are still too coarse to
realistically represent local precipitation. CORDEXel in dynamical projections of future
climate, provides a framework established by the World Climate Research Programme (WCRP)
aimed at making improvements to regional climate projections. Globally, there are 14 domains
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that participate in CORDEX expeeimts, including a domain for North America (S®RDEX)
(Figure 11, Giorgi et al.2009).

Figurel.1 The North American domain (NAORDEX) used for CORDEX experiments.

Several organized, nationatale satistical downscaling frameworks have been
developed for the contiguous United States to support climate impacts research. Two widely
used products are th®IACA(Abatzoglou & Browy2012) and LOC@ierce et al.2014), both
of which use analogpased appraches to generate higresolution daily projections of
temperature and precipitation. While MACA emphasizes maintaining multivariate and spatial
consistency across variables, LOCA focuses on capturing localized extremes and spatial detalil,
making it espeailly useful for hydrologic modeling.

Another major national statistical product is the NASA NEX Downscaled Climate
Projections at 30 arsecond resolution (NERCP30), which applies the Bi@srrection/Spatial
Disaggregation (BCSD) method3G@Mdata. NEXDCP30 provides daily temperature and
precipitation at approximately 8Gfheter resolution, making it accessible for localized climate
impact assessments (Thrasher et 2013 Thrasher et al., in prép
113 ¢KS /EAYLFGS 2F 11 6FA1A
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The Hawaiian Islands an@me to some of the most unique patterns of rainfall in the

world. Complex topography ranging in elevation from sea level to 4205 meters coupled with

persistent northeasterly trade winds create distinct patterns of lifting air across the islands. This

leads to steep gradients of rainfall from place to place an@ a@isi SY 2F YAONROf A Y

az2zyYySiAavysSa
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range from ~200 millimeters near the peak of Mauna Kea, the higiegation on the islands,

to over 10,000 millimeters near Big Bogne of the wettest places on earth (Giambelluca et

al., 2013 Figure 1.2
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Figurel.2. A map of the Hawaiian Islands showing the mean annual rainfall from 1978 to 2007.

Adapted from Giambelluca et al. (2013).

The Hawaiian Islands are located betweEh 90N - 22.24°N and 160.28{ - 154.80°W

in a region of descending air from the Hadley Circulafidme Hadley Circulation is the deep
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meridional overturning circulation in the tropics that is driven by mesoscale convection near
the equator with compensating subsidence around30 latitude creating a sempermanent
subtropical higkpressure zone to the northeast of the islantlsiigman et a2021;
Sandersonl1993. As the descending air makes its way back to the equator, the Coriolis force

directs it towards the islands, producing the Nortkearade Winds (Garza et,&012).
114 wlAYyTFlLEt AY 1 Fagl AMA

Despite drastic variations in rainfall across the islands, rainfall in A@aswvelharacterized by a
wet (Novemberg April) and dry (May, October) seasofGiambelluca et 312013). During the
dry season, the dominant influence of precipitation is lesahle orographic lifting, while wet
season rainfallparticularly on Kaueand Oahu,is heavily influenced by laregeale

atmospheric disturbances

Orographic liftingoccursas the trade winds comiato contact with the mountainous
windward side of the islands and moist air is pushed upslope (Giambellucaz&ld). Under
typical trade wind conditions, rain occurs on the windward sides of slopes. Rainfall diminishes
rapidly as air descends dowhe leeward sides of slopes, leading to wetter windward and drier
leeward conditionsHsiao et al., 2021Scholl et a].2007). On | ¢ lislkaidAa phenomenon
known as topographic blockiragcurs, inwvhich wind is channeled around the sides of slopes
rather than up and ovepeaksleadngto precipitation on the leeward side, especially during
the summer seasor¥@ng & Chen, 2003ang et a).2008). Rain is also produced through
thermally driven convective processes, most notably on the leeward sides of islands (Esteban &
Chen 2008). The trade winds are presenty@ dzy R Ay | | 61 A~ A X o6dzi SELIS
interruptions during the wetaason. During the dry season, trade winds blowd8%6 of the
time, compared to 5@80% of the time during the wet seasd@drza et aJ.2012 Sanderson
1993). These persistent winds are responsible for the most prevalent rainfall pattern across the
islands(Lyons1982).

The trade wind inversion (TWY)a thin layer of air around 2000 meters where the

temperature increases with heiglgtadds further complexity to the spatial patterns of rainfall
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of the islandsThe TWI is caused by the interaction betweka subsiding air of the Hadley
circulation and the rising air of convective processes at the surface. As the subsiding air is
warmer than the rising and cooling air, convective processes from the surface are capped,
limiting the vertical development of adlmls and making the height and occurrence of the TWI a
ONAGAOFE RSGSNNXAYIlIYG 2F &SILADKPINENthe RWIGE A Y 0SS A
present, elevations above the TWI are devoid of any rainfall. Additionally, when mountain

peaks extend beyondhe TWI, rainfall is limited to the windward side of mountains, leaving the
leeward side without rain in what is known asain shadow(Longman et al2015; Sandersgn

1993). The TWI is present over the islands about 82% of the time at an average h&2bd o
meters,though this varies annually and seasonally between 2100 and 2400 nf€mo<et al.

2007, Diaz& Giambelluca2012. Studies show that the frequency of occurrence of the TWI has
increased over time (Cao et,@&007; Longman et al015).In an observational study at Hilo

and Lihue, it was found that the frequency of occurrence of the TWI increased at both

locations, though the change in base heights was inconclusive (Cap2&0al). Longman et al
(2015) found that both the frequency drstrength of the TWI teincreased in observations

since the 1990s, possibly explaining a 6% decrease in precipitation at high elevations during the

dry season and 32% decrease in the wet season.

The increasing trend in TWI frequency may also be theecatisther climate changes
aSSY AY I FgFrA"AD 'y 20aSNBIFGA2Y I &HdzZRe 2F &2
increase in incoming shortwave radiation, coinciding withI% decrease in cloud cover seen
in GOES satellite imagery, likely due to@ased TWI frequency limiting cloud development
(LongmanetalHnMn0® |61 A~ A KIF& SELSNASYOSR || RNEBAY:
islands between 1920 and 2012 of ab®ui8% per decade (Frazier & Giambell®&@l7). This
drying is enhanced at high elevations, likely due to the increased persistence of the TWI
(Giambelluca et al2008). Increasing trends in the strength and occurrence of the TWI can lead
to severe hydrological and ecological impacts. For exanam endemic species that inhabits
high elevation areas on Mount Haleakathe Haleakah Silverswordhas declined rapidly due

to reduced water availability at high elevation&gshelnycket al., 2013.
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During the wet season, synoptic disturbance®inipt the trade wind regime and bring
heavy rainfall to the islands, particularly to the otherwise dry leeward sifl@s.main
RAAGOdzND I yOS GeLlSa | T ¥ Kodafows/ dpeilevebldwipiedsurd NE 02t R
systems, and tropical cyclones (CardsBusinger2006;Longman et al., 2021yons 1982).
Some research has been conducted on the changing frequency of these disturbance types. Over
the past few decades, it appears the frequency of ugpgel low pressure systems akena
lows has not charegl (Kaiser2014). Largescale disturbances can have effects on the TWI by
either lifting it in elevation or eliminating it altogether, often leading to heavy precipitation
affecting less typical parts of the islands. Naditude frontsextend from largeaegions of low
LINBaads2NBE G2 GKS b2NIKSIFad 2F GKS AaftlyRao LT
bring moderate rains and soutlesterly winds to the leeward side (Sanders®©93). The
Y2aild y2NIKSNY Aahd, teytl RodE mosakedted by thebeyfrBntahsystems, as
they are closest to the region of origin (Chu et 2009). However, if the front does not cross
over the islands in what is known as a Fssing front, this often leads to less rain than
would be experienced oa nondisturbance day, as the front is close enough to disrupt the
trade wind regime but not close enough to bring rain to the islands (Longman 2021).
Konalows are colecore lowpressure systems that become cut off from the upjerel
westerly jes. This closed system can extend towards the ground and eventually appear at the
surface as a surface level lgwessure system, where it can persist for days to weeks and bring
torrential rains to the leeward side of the islands (Sanderd®93). The orurrence ofKona
f2ga OFy RSUSNNYAYS 6KSGKSNI GKSNB A& |y ly2Ylf
(Longman et al2021), as 25% of wet season rainfall can come from these disturbances
(Kaiser2014). The increased frequency of the TWI overgast few decades has coincided
with a decrease in the occurrencekbnalows, thoughKonalows show significant interannual
variability and may be modulated by the EfidHSouthern Oscillation (ENSO) (Car&so
Busingey2006 Otkin& Martin, 2009. Upperlevel lowpressuresystems are uppelevel
troughs that have the ability to lift or eliminate the TWI, allowing for greater vertical cloud
development and increased rainfall (Sanderst®93). Unlike the other disturbance types,
tropical cyclones tend to occur during the dry season months, originating over the warm waters
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of the equatorial Pacific and moving northeast towards the islands (Longman 202il).
Hfects from tropical cyclones can disrupt TWI. Tropical cyclones are comnpact and intense
thanKonalowsormidf I G A G dzZRS FTNRByYyGad | 26SOSNE AG Aa NI NB

coming within 300 km of the state once every two years (Longman, 021).

In the past decade, there has been a ldegn decreasen rainfall(Frazier &
Giambelluca, 2017 streamflow, baseflowClilverd et al., 2019and dry season cloud cover,
FYR Fy AYONBFasS Ay I {Y23aLKSNARA015ATHS langedsy OS Ay
drying trend has been identified by a numberstididies over the past decade (Ch&rChuy
2014; Dia& Giambelluca2012;Frazier& Giambelluca2017 Longman et aJ2015). However,
RSGSOGAY3A NIAYyTFLEE GNBYRa Ay | Fgl A~ A Aa OKIff
interannual modes of vaability (Frazier et al., 2018Pue to its location in the Pacific Ocean,
Il g A~ AQ& Of AYIl GS A dheBadifieNditti Americah TPNAzPattédf tRe
Pacific Decadal Oscillation (PDO) and the North Pacific Oscillation (NPO). PNAyrestdise

9D

o
D¢

influence on variability in wet season rainfall, while ENSO has the greatest influence on dry

season rainfalfFrazier et al., 2018PNA is associated with variations in 500 hPa geopotential

heights, which in turn influence rainfalCku et al.1993; Chu& Chen 2005; Elison Timm et al.

2017, Lyons 1982). The warm phase of ENSO, termed iid,Nian greatly suppress winter

NJ Ay T I f fandAsybfteh dssitiated with drought years (Chu etl@R5). A

comprehensive analysis of drought found that most droughts between 1920 and 2019

coincided with ENifio events (Frazier et al., 2022)his is likely associated with a shift in the

locationof the Hadley Cell closer to the equator during an BbNear (Sandersqri993)

f SFRAY3 (2 AYyONBI&aSR &dzoaARS Yy FvAeNBal.RA NBOGf @
2022. Increased subsidence can lead to a lower, stronger, and more persi$ténhat is not

conducive to winter storms such &®nalows and midatitude frontal storms. PDO is

ySaAIF GA@GSt e O2NNBfFGSR gAGK NIAYTFELEEE Ay gk A~
covariability between these modes of natural variability complicalesrainfall response in the

Hawaiian Islands. While it has been challenging to identify an anthropogenic signal in rainfall

trends due to natural variability, there are concerns that increased warming could lead to

further drying across the islands (Fraz¢ al, 2018; Longman et aR021).
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events. In existing studies for the state, there is no consensus on even the trend (increasing or
decreasing) of rainfall extremesd associated flooding eventShu et al. (2010) performesh
Fylrfeara ol & LISNF2NYSR 2ahdftwhdihat p@dipilaidd YS SOSy i a
intensity has shifted since the 1980s towards more frequent light precipitation and less
frequent moderateand heavy precipitation. Results also suggested fewer days with intense
precipitation, smaller precipitation amounts, and islawdle upwardtrends in drought
conditions (Chu et g12010). When thefuture change in the frequency of heavy rain was
modeled with statistical downscaling, using the Pacific North American Pattern Index (PNAI)
and Southern Oscillation Index (SOI) as predictesailts indicated PNA and ENSO account for
18-44% of the variability in heavy precipitation events, but showed onBllsthanges in the
number of heavy rainfall events in the future (Elison Timm eR@ll1).A Pacific baskwide
trend analysi®f extreme events from 1961 to 20Tdundthat there has been a general
decrease in the frequeydut the amount of extreme precipitation contributing to annual
rainfall totals has increaseddditionally, the number of consecutive dry days in the region has
increasedKruk et al., 2015When modeled using aArtificial Neural Network (ANNheavy
rainfall eventsfor the island of Oahshowedincreased frequency but decreased intensity in

nearterm future projections (Norton et 3l2011).
1.2 Statement of the Problem
1.2.1 Gaps in Downscaling Research

Climate model downscaling is often undertaken as a nafiazoordinated effort, allowing for
O2ftt SOUAQS SOl fdd GA2ys O2yaAraiasSyoOes IyR YSiK?2
geographic isolation and complex microclimates have contributed to a persistent lack of
national investment in producing regionalnohte projections for the state. For instance, the
NACORDEX domain (Figuré&)land statistical downscaling products such as MACA and LOCA
haveexcludel the Hawaiian Islandsgion Global downscaled datasets such as CHELSA and
WorldClim2 have shown limiie a1 At f Ay NBLINBaSydiaAy3d OtAYFGS C
differences compared to locally downscaled products (e.g., Fortini & Kaiser, 2822)esult of
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yield inconsistent results. This inconsistency has created confusion for users (e.g., impact

modelers, planners, resource managers, policymakers) who rely on climate information for
decisionmaking(Helweg & Keener, 2017Because the coarse resolutiohGCM output makes

it unsuitable for locakcale assessments, users are forced to depend on downscaled data,

despite its limitationspften without adequate guidance and understanding.

Most downscaled products for the state have been developed throughratp
projects, each with its own funding, data, methods, and results. There have been a limited
YdzYo SN 2F R2eyaOl fAy3 &aidzRA S 2018)J8/adhe IaskdedadeT 2 NJ |
and downscaling remains an active and ongoing area of researthef state. Tables.1-1.3
RS&AONAOGS GKS RAFTFSNBYy:d OK2AO0Sa YIRS o0& OfAYIL
aspects of model development, including technique, input datasets, projection time periods,
and resolutionsThese models show siditant differences in projections of future temperature
and precipitation. Elucidating these differences is important, as end users may misinterpret
conflicting projections as a lack of reliability in downscaling methods. The datasets available in
| I & lcanbe\grouped into one of two categories: dynamical downscaling, which includes
PGW and direct dynamical downscaling, and statistical downscaling, which includes a range of

simple to complex statistical methods.

Tablel.1 Downscaling method, temporal resolution, spatial resolution, projected variables, and

domainz2¥ R2gyaOl t{tAy3 audzRASa LISNFZ2NXYSR AY 1 gl A~
Citation Method Temporal Resolution Spatial Projected Variables Domain
Resolution

Timm & Statistical, Wet Season (NoVApr.), Station based, rainfall 10°Sc40°N,

Diaz; 2009 N[ cETg Dry Season (Madct.) 134 stations 120°Wq18C°E
Regression

Elison Statistical Wet Season (Oeipr.) Station based, 12 Frequency of daily

Timm et stations extreme rain events

al., 2011 (95th percentile)

\[ojgielgl=le - Statistical, Daily Station based, 5 Frequency and intensity Not specified,

al., 2011 Artificial Neural Oahu stations of daily rainfall extremes Oahu only
Network (ANN) (90th percentile)

Elison Statistical Wet Season (NovApril) Station based, 12 Temperature

Timm et rainfall stations

al., 2013

Lauer et Dynamical- 6-hourly 15 km 2-m temperatures, 1én 178 ¢141°W, 3

al., 2013 PGW wind speed, rainfall, 39°N

water
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Elison
Timm et
al., 2015
Zhang et
al., 2016

Elison
Timm
2017

Xue et al.,
2020

Fandrich
etal.,
2022

Mizukami
etal.,
2022

Berio
Fortini et
al. 2023

Statisticalf MLR
Dry Season (Mafdct.)

Dynamical-
PGW

hourly

Statisticalg Annual
nonlinear
scaling function
Dynamical-

PGW

6-hourly

Dynamicat
Direct

6-hourly

Statistical Bias
Corrected
Spatial
Disaggregation

daily

Statisticalg annual
Delta Method

Bias Correction

Wet Season (NoVApr.),

Triply nested: 15

km, 3 km, 1 km

100 m

Doubly nested:
4.5km & 1.5 km

Doubly nested:

6-m & 2km

1-km

250 m

vapor path, and trade
wind inversion
Rainfall

Rainfall, 2m
Temperatures, Surface
Wind Speed, Cloudiness
and Surface
temperature

Air temperature at 2m,
relative humidity at 2 m ,
cloud frequency, mean
precipitation,
heavy/extreme rainfall
Surface air temperature,
rainfall

Temperature,
precipitation, ET, runoff,
moisture flux,

Mean annual
precipitation, mean
annual temperature

18°¢23°N, 16F¢
154W

17.5° 235N,
198° C208°E

15.2%26.6°N,
147.8%166.2°W;
18.6° to 22.9°N ,
160.7%¢153.8°W
Extent
unspecified,
18,008 grid
boxes over
16,640k
domain

Tablel.2. Projection time periods, reference time periogsenarios, and GCM subsefs

R2oyalltAy3

Citation

Timm &
Diaz, 2009
Elison
Timm et
al., 2011
Norton et
al., 2011
Elison
Timm et
al., 2013

Lauer et al.,
2013

Elison
Timm et
al., 2015
Zhang et
al., 2016
Elison
Timm 2017

Xue et al.,
2020

Projected Time Period  Reference
Time Period
20702099 19701999

Mid-Century (20462065) 19582005
Late Century (2081

2099)
Early 21st Century (2011 19792008
2040)
20802099 19902009
20902099 20002002

Mid-Century (2042069) 19782007
Late Century (2070
2099)

Late Century (2082099 19902009
Mid-century (204€2069) 19762005
and late century (2070

2099)

2071-2100 1971-2000

addzRASaA

Scenarios

CMIP3,
SRES Al1B
CMIPS,
SRES A1B ¢
A2

CMIPS,
SRES A2
CMIP5,
RCP4.5 a&
RCP8.5

LISNF2NYSR Ay ||
GCMs
6- member ensemble

6-member ensemble

ECHAM5

CMIP5, RCF 10-member ensemble

45 &
RCP8.5

CMIP5, RCF 32-membermulti- model ensemble

4.5, RCP 8.t

CMIPS,
SRES Al1B
CMIP5,
RCP4.5 &
RCP8.5
CMIP5
RCP8.5

25

19-member ensemble

GW!I based omulti-modelensemble mean of 20 GCMs

32-membermulti-model ensemble
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Nearterm (20262035) 19962005 CMIP5RCP 10 members of CESME
al., 2022

Mizukami 20402069 & 20762099 19701999 CMIP5, 10 memberensemble
et al., 2022 RCP4.5 &

RCP8.5
Berio Mid- (20402059) and 19832012 CMIP5,
Fortini et late-century (20662079) RCPs 2.6,
al. 2023 45,6.0, &
8.5

Tablel.3. Datasets used for training and boundary conditions, training feeeods, and

predictors2 ¥ R2 ¢y aOl ft Ay3ad audzRASE& LISNF2NXYSR AYy | gl A
Citation Training Datasets Training Time Period Predictors
Boundary Datasets

Timm & NCDC rainfall, ECMWF E40A 19582000 Near surface meridional wind

Diaz; 2009 " [el(1|Elife)y}

Elison

Timm et

al., 2011

Norton et NCDC rainfall, NCEP reanalys 19792008 relative humidity at

al., 2011 Il atmospheric variables 850 hPa, zonal wind component at 850 hPa,

meridional wind

component at 1000 hPa, and sea level presst
Elison
Timm et
al., 2013

ElERcc ] MERRS reanalysis
2013

Elison
Timm et
al., 2015

Zhang et ERAInterim

al., 2016

Elison HRCM 3km simulations Regional temperature pattern, elevation
Timm 2017

wisicicll s ERAInterim Reanalysis

2020

Fandrich et

al. 2

250-m gridded rainfall 19902013
clicl Aopi - (Longman et al. 2019)
Berio CHELSA & WorldClim2
Fortini et
al. 2023

1.2.2 Existing Downscaling Work
122158yl YAOlIfT 52¢gyalOltAy3a Ay 1 IglFA1A
PGW Experiments

az2zal 2F GKS ReylrYAOIt R2éyalOltAay3d SELSNAYSyGa

method, the atmospheric dynamics remain unchanged between the present and future in the
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forcing data, and only thermodynamic changes are used to simulate future clintetexient
02 6KAOK UKAA AAYLIEAFAOFNGAZ2Y AYyTFEdzSyOSa 7T dzidzN.

Lauer et al.2013

[ FdzSNJ SG Ff® ovnmo0 HSNB GKS FANRG | dzi K2 N&
0KS 2SIFG0KSN) wSaSINOK FyR C2NBOFadAy3a 62wC0 NB
1y26y +ta GKS 1 FglFA~ A wS3AA2yLLA012). I0OCMEG&Msa2 RSt 6
were used to simulate regional climate at aldrd horizontal resolution for IPCC scenarios
RCP4.5 and RCP8.5. MERRA reanalysis data were used as atmospheric boundary conditions to
simulate a presentlay experiment (1992002) and then added to aepturbation calculated
from the GCMs for the two future scenarios to simulate future climate in 2100. The results of
the study showed large differences in projections between GCMs, suggesting that much of the

variation in downscaled results may be attribdtto the choice of GCM.
Zhang et al.2016

Zhang et al(2016)used the HRCM to simulate future climate using PGW. The boundary
conditions in this experiment were the NASA MERRA data perturbed by the thermodynamic
difference between the mukmodel mean 620 CMIP3 GCMs for the future simulations and
the reanalysis data. This experiment utilized a trApdsted mesh, where a-Bm resolution over
Maui was nested inside al3n resolution over the islands, nested inside of an outermoskrh5
mesh over the fuldomain. The outermost mesh was driven by the boundary conditions set by
the GCMs and the inner meshes were in turn driven by the boundary conditions that are
simulated within the mesh in which it is nested. The presg#ay simulation was for the period
1990-2009 and the future simulation includes 208099 using the SRES CMIP3 A1B scenario.
Results show increases in temperature with amplified increases at high elevations. Precipitation
changes show wetter windward and drier leeward conditions as weticisases in extreme

precipitation.

Xue et al.2020
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Xue et al. (2020) performddy 2 i KSNJ t D2 SELISNAYSYy G F2NIJ I gl A~ A
using ERAnterim reanalysis data as forcing data for the historical simulation (2002) with

a double nested gdi spacing of 4&m and 1.5km. The perturbation for the future was

calculated from 19 CMIP5 GCMs and added to the forcing data to simulate the future period
(20902100) with the RCP 8.5 scenario. Results showed rainfall increases of 2.2% for the dry

seasm and 12.5% for the wet season. Extreme precipitation rates showed increases of 20%

during the dry season and 20% during the wet season.
Direct Dynamical Downscaling
Fandrich et a] 2022

Fandrich et al. (2022) is the only direct dynamical downscalinghdmbeen performed for

gl A"A (G2 RIGS® ¢KAA YSGK2R RAFFSNRA FTNBY GKS
the forcing dataset used to drive the model is the GCM itself, rather than reanalysis data with
the thermodynamic perturbation calculatddom the GCM. Due to the increase in complexity

of direct dynamical downscaling, this experiment was limited to using a single GCM rather than
a multrmodel ensemble. CESME is used to simulate the present day (1:2965) and near

term future (20262035)climate at a Zm resolution for the CMIP5 RCP8.5 scenario.-A 10
member initial condition ensemble of the GCM is used for each period to observe a greater
signatto-noise ratio and allow for further understanding of changes due to natural variability.
Resits show that temperatures increase across the islands. Rainfall increases in some areas,
especially windward areas. However, natural variability continues to mask the extent of

anthropogenic influences during the netarm.
1.2.2.2 Statistical Downscaling

There lave been relatively few independent statistical downscaling studies performed for
| L gFA~"ADd {GFGAAGAOLIE YSiK2Ra OFly @FNE INBI G &
strengths and weaknesses. For a comprehensive overview of statistical downseelingjties,

refer to Maraun & Widmann (2018).

Timm & Diaz2009
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hyS 2F GKS SIENIASad adrdradaol f200aseysixOF t Ay3 &
/] aLto D/aa (2 R2gyaolftS aSrazylt NIAYFIEif Ay
linearregression between seasonal rainfall data aggregated from monthly National Climatic

Data Center gridded precipitation data and the laggale circulation (low level meridional

wind field) taken from the European Centre for MediWiRange Weather ForecastGEWF)

Reanalysis products was estimated for the 19888 time period. The model was validated

using a 2iyear moving window between 198000, using the years within the window for

calibration and the years outside the window for validation. The fittextleh was then used to

simulate the CMIP3 A1B future scenario for the years 208D and the average precipitation

change was calculated with respect to the 1918D9 average. Results showed large variations
between models, with both increases and decreaserainfall depending on the model.

Authors determine the most likely scenario to be-a®% decrease in rainfall during the wet

season and a 5% increase during the dry season.
Elison Timm et al., 2011

In 2011, a new study focused on future changes enftequency of heavy rain events over

| FégFA~ A dzZAAYy3 YdzZ GALIX S fAYSIENI NSINBaaazy oda[w
RFEGF oydzYoSNI 2F S@Syda Ay GKS opz ljdzZd yaat So
PNA index (PNAI) and Southéacillation Index (SOI). The model was trained using the-1958

2005 period and validated with 1000 randomly divided even subsamples of 24 years for

calibration and validation periods. The MLR model was applied to the PNAI and SOI indices of

six AR4 GCMs ftine A1B and A2 scenarios to simulate ntsam (20462065) and end of

century (20812100) precipitation. Results show small changes to both PNAI and SOI, leading to
small changes in the number of heavy rainfall days. However, authors note large ungertaint

due to GCM choice.
Norton et al., 2011

Another study in 2011 focused on future changes in heavy rainfall events for the island of Oahu

using a nonlinear statistical downscaling technique known as an artificial neural network (ANN),
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as authors suggest thaxtreme events may not respond linearly to atmospheric changes.
Precipitation extremes were downscaled for the currelaty (19792008) and neaterm future
(2011:-2040) periods. The ANN was used to determine the statistical relationship between the
large-scale circulation (relative humidity at 850 hPa, zonal wind at 850 hPa, meridional wind at
1000 hPa, and sea level pressure) taken from National Centers for Environmental Prediction
and the National Center foktmospheric ReseardNCERMCARreanalysis d&a and

precipitation data forsevenrainfall stations. Future circulation data from the AR4 ECHAM
model for scenario A2 was used in the model to simulate the future climate. Results show
increased frequency of heavy rainfall events but a decrease in Haimensity in the near

terms for the southern region of @hu.
Elison Timm et gl2013

A 2013 study focused on projecting shifts in the frequency of heavy rainfall events. NCEP/NCAR
reanalysis data was uased to construct a statistiekationship between upper level cyclonic
circulation anomaliessouthto-north water vapor transport in the middle troposphernd

local rainfall at 12 rainfall station§uture projections for CMIP3 model scenarios showed a

reduction in heavy rain evestfor the mid and late century.
Elison Timm et al., 2015

Elison Timm et al. (2015) used MLR to model future seasonal precipitation changes. The MLR
modelwas trained for the 1972007 period by estimating the regression between NGIEERR
reanalysis data q@resenting large scale circulation (moisture transport in the middle
atmosphere, vertical temperature gradients, and geopotential height fields of the 1000 and 500
hPa layers) and seasonally aggregated station rainfall data at 948 rainfall stations. Riveas1L
applied to circulation data from 32 GCMs to simulate the future (2DD®&0) precipitation for
CMIP5 scenarios RCP4.5 and RCP8.5. The model wagatisest®d using a Mont€arlo

technique in which 15 random years were selected to calibrate the manttkhalidate for the
remaining years 200 times. Another stricter validation technique was also used in which the

early years outside of the training data (195876) were used as a validation time period.

30



Results indicated increases in rainfall for climalty wet windward areas and decreases in drier
leeward areas, leading to a more prominent contrast between wet and dry regions by the end

of the century.
Elison Timm2017

A 2017 study focused on the future of elevation dependent warming rates for Hagvai
nonlinear function was used to relate land elevation to temperature change signal. CMIP5
scenarios RCP4.5 and RCP8.5 were used to project elevation dependent tempehnange

for 32 GCMs for the mid and late century. Results showed that the highest elevations showed
amplified warming, with scaling factors up to 1.5 8/2. Authors noted that GCM uncertainty is

substantial and the scaling profiles differed between GCMs.
BerioFortini et al., 2023

A recent study provided a new dataget Hawalii by making use of the global downscaled

datasets CHELSA and WorldClim2. This work made comparisons of the global downscaled
datasets to observation datase#md regional downscatedatasetsn order to bias correct the
projections and then created ensembles to combine the most reliable information from the
datasets. The annual mean and temperature projections were provided for(20402059)

and latecentury (20662079) climate sing CHELSA, WorldClim2, and the ensemble and are
available for several GCMs and CMIP5 scenarios RCP2.6, 4.5, 6.0, and 8.5. Results showed that
the CHELSA and WorldClim2 datasetssdistantialdifferences from each other and did not

show similarities to other existing regional downscaling efforts, suggesting careful

consideration before using these global datas&sr{oFortini et al, 2023).
Mizukami et &, 2022

A 2022 study produced statistlly downscaled projections of hydrologic scenarios from 1950
to 2099 using ten CMIP5 GCMs for scenarios RCP4.5 and RCP8.5 Bias correction spatial
disaggregation (BCSD) was used to downscale precipitation and temperature to a 1 km

resolution. Theresults Y RA OF G S LINRP2SOGSR GSYLISNI (§dzNBE Ay ONEB

for RCP8.5 scenarios. Projections show an ensemble mean increase in precipitation by the end
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of the century, with the largest increases on the windward sides of islands. However, mid
century projections show precipitation decreases, suggesting an inconsistent trend in
precipitation changes. Authors note substantial variation between GCMs, with the GCM

ensemble variation exceeding the ensemble mean.
Thrasher et al(in prep)

A manuscriptn preparation presents downscaleilyfuture projections (195€2100) using

BCSD methods for five CMIP6 scenarios (SSP$3P2:8, SSP3:0, and SSP5%) for thirty

GCMs. This project was the first effort to explicitly incorpotate 6 I A WA NWSy G2 |/ h
compatible frameworkand adding downscaled results to an existing national product{NEX

HIDCRCMIP6)Thrasher et al., 2022Results for this work are forthcoming.
1.2.3 Uncertainty in Current Downscaling Research

52gyall fAy3 aiadzRA S aredkoya cdnsistent mddalingdrang@Borkyngaking I R K
their results difficult to compare and synthesize. Each study is shaped by the unique decisions
of the modelers (e.g., method, predictors, time period), leading to wide variability across
experiments. This herogeneity limits the ability to draw general conclusions or build a

cohesive understanding of future climate conditions in the region.

A major source of uncertainty stems from the reliance on different GCMs. Several
studies have highlighted how structumifferences among GCMs alone can lead to large
variations in regional projections (e.g., Elison Timm eR@all5; Lauer et 312013; Mizukami et
al., 2022).Because studies often differ in their selection of GCMs, ensemble members,
historical/future peiods, and baseline reference yeaitds challengingo disentangle the
uncertainty introduced bylifferent modeling decisions. Moreover, some downscaling studies
for the state have relied on a single GCM or Single Model Initial Condition Large Ensemble
(SMILE) (e.g., Fandrich et 2D22), which aim to capture uncertainty stemming from natural
variability but fail to account for model uncertainty.

| RRAGAZ2y L ffex I gl A~A oFaSR aitdzRASa KIF @S
including CMIP3, CMIP5, and CMIP6. Each generatiensdiffterms of emissions scenarios,
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resolution, and model physics, which further complicates direct comparison. This lack of
temporal and methodological alignment across studies contributes to the fragmented nature of
the existing literature and hinderfi¢ development of clear guidance for stakeholders seeking

credible, decisiofrelevant climate projections.

LY HAMTYE | ¢g2NJ]aAK2LI AY 1l gFA~A ONRBdAAK(G (23
with a goal of establishing a more standardized approach t@nagidownscaling (Helweg &
Keener2017). While this effort laid important groundwork, downscaling studies since then
have continued to vary in methodology, model selection, and implementation. As a result, a

fully coordinated and consistent framework @2 gy A OF t Ay3 Ay |+ gt A~ A KI &
1.3 Purpose of the Study

Downscaled climate projections are essential for local and regional decis&mg, especially

Ay LXIFOSa tA1S IFglFA~" A gKSNB Ot AYIGS and NAI oA f
AatlryR SFFSOGaod ! ytAlS GKS O2ydA3ddz2dza ! yAildSR
nationatscale downscaling effortBasile et al., 2024)SGCRRO017). As a result, the state has

relied on a patchwork of individual studies that differ in medls, assumptions, and models

used. This inconsistency creates challenges for decision makers, who are left without clear
guidance on which projections are most appropriate for their planning needs (Helweg &

Keener2017).

Improving and diversifying downdaag methods is not only a scientifaciority, buta
critical step toward enabling effective climate adaptation and resilience planning in Hawai
Highresolution projections can inform water resource management, agriculture, conservation,
infrastructuredesign, and hazard mitigatidibodman et al., 2022}-or example, reliable
projections of future rainfall patterns can help utilities plan for drought, while projections of
extreme heat or flooding can inform the siting and retrofitting of critical irthiature. Yet the
lack of methodological transparency and consensus leaves downscaled data at risk of being

underutilized or misinterpreteTrzaska& Schnarr, 2014
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it contributes meaningfully to that broader goal through the development and evaluation of
novel statistical methods. By directly comparing alternative approaches, this work highlights the
importance of method intercomparison as a critical step toward un@eding the strengths
and limitations of emerging techniques. Unlike many previous efforts, this study uses
timescales that capture both shetérm synoptic variability and longgerm seasonal means,
offering a more procesbased perspective on rainfalhange. This bridging of scales allows for
more robust and independent assessments of precipitation dynamics, grounded in the
underlying meteorological processes. In doing so, the study helps lay a reproducible and
transparent foundation for future work anadvances the tools available for climate resilience
LX FYYAY3I AY 1l gl A"AOD

1.4 Structure of the Dissertation

This dissertation is structured around three complementary efforts to advance climate
R2oyaoOlfAy3d G§SOKyYyAIldzSa T2 NJ éenktngethddorimbdetng OK OK I LJ
framework, reflecting both the diversity of available tools and the need to assess their

applicability in a complex island setting.

Chapter dntroduces a SelOrganizing Maps (SOMs) based approach to project future
wet season rainfihfor the islands. This chapter examines historical and projected changes in
wet-season circulation patterns and associated rainfall, aiming to characterize howskzalge

atmospheric patterns may shift under warming scenarios.

Research Objectiv@p evaluate the ability of SOMs to capture historical-sedason
NFAYFLEEE OFENARIFOATAGE YR LINRP2SOG LI FdzaAof S ¥Fdz
including the development of a new set of enticentury (207@2100) precipitation

projectionsusing CMIP6 data.

Chapter ompares two statistical downscaling technigdesprojecting future rainfall

in the region (1) Generalized Additive Models (GAMs) and (2) conventional Multiple Linear
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Regression (MLR). The goal is to evaluate whether flexibidinear methods like GAMs offer

improvements over more traditional linear approaches in a topographically complex region.

Research Objectiv@o develop two new sets of eraf-century (207@2100)
LINSOALI G GA2Y LINRP2SOGA2YA F2NJ I gl A~ A dzy RSNJ /
(GAMs) and Multiple Linear Regression (MLR), and to examine how differences in statistical

approach influencehe resulting rainfall projections.

Chapter 4oresents a proobf-concept test of a novel implementation of the ICAR
(Intermediate Complexity Atmospheric Research) model to evaluate its potentiaiagpbfied
numericaldownscaling tool. While not intendkas a full operational application, this chapter

SELX 2NBa (KS Y2RSt Q& & dzA épedfis dortakte Yy R f AYAGE GA

Research Objectiv&p investigate whether a simplified physically based model like ICAR
can simulate spatial rainfall patteéin Ay | ¢ A~ A | yR aSNBS | a I LN

Chapter Ssynthesizes the key findings from each of the three projects and offers a
ONBI RSN NBFtSO0A2Yy 2y GKSANI AYLIX AOFGA2ya F2NJ
chapter highljhts the strengths and weaknesses of each method, emphasizes common

limitations, and identifies opportunities for methodological improvements.

Together, these chapters represent distinct but interconnected efforts to explore
emergingdownscaling approaches and assess their potential strengths and limitations in
| FgFA"AD . & GSadAy3a | yR O2 YL NJnhidisseft&ionk 2 R4 I ON.
contributes to a broader understanding of how to generate regionally relevant climate
PNE2SOiA2ya GKIFIG OFy adzZJd}2 NI NBAATASYOS LX I yyA
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CHAPTER 2:ASSESSING FUTURE (2070pch0 2 9¢ { 9! { hb w! LbC! []
USING SEKBPRGANIZING MAPS

2.0 Abstract

Future changes in seasonal rainfall patterns are expected to vary significantly actoss.reg

While some areas may experience intensified precipitation, others may face prolonged drought,
but the precise nature of these shifts remains highly uncertain due to the complex interactions
0SGsSSy 20t FyR 3Af 20!l f utdéraintisic@npaihdedbgas a Sa ¢
lack of regional studies and inconsistent findiagsongsnodeling studiesWhileGeneral

Circulation Models@GCM struggle to accurately capture rainfall at a local scale, projected
changes in largscale circulation pattens may offer valuable insights into future raintaénds

This study uses satirganizing maps (SOM) to identify dominant circulation patterns influencing
gSi asSlrazy NIAYFLEt Ay 1 Fé6FA"A yR SEFYAySa
underend-of-century Coupled Model Intercomparison Projgehase CMIP§ projections

from seven GCMs. Results indicate potential increases in patterns associated with light rainfall
and decreases in those linked to an ab@axerage number of cold fronts. Hower, substantial
inter-model spread introduces high uncertainBy generating new downscaled projections

rooted in circulation pattern analysis, this work provides locally relevant insights to inform long
term water planning and climate adaptation in Hawa A @

2.1 Introduction

2.1.1 Global Change in Extreme Rainfall

While the global water cycle is expected to change with warming, the anticipated
changes in storms and heavy rainfall events are regarded with a fair amount of uncertainty.
Globalprecipitation changeresult from the combined influence of thermodynamic and
dynamic componentd_ge et al., 2021 The termodynamidnfluence is related to th&%
increase in atmospheric water vapor with evdAC of warming following the Clausqus
Clapgron equation. The expectationtisat this effectwill intensify precipitation extremes by

providing increased water vapor for precipitation everfthe thermodynamicomponent of
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atmospheric change is well understood and is supported through observatmmhaodel
aAYdz I GA2Yy A ,ROLS).WVible tkehmadyrgaMidsIcofitrols the amount of water
vapor present in the atmosphere, the dynamic componaiffécts thespatial patterns of
precipitation.General aspects of the changes in the aspheric circulation in tle tropical
Walkercirculation Hadley Circulation, and mithtitude storm tracks are fdiy well understood
but the impactson the Hawaiian lands are less certaifpouville et al., 2021 The leading
expectation is a weakening and broadening of tropical circulation driven by uneven surface
warming and subsequent changes in the surface temperature gradient between the equator
and thepoles (Allan et al2020). However, atmospheric circulation may respond to other
factors includindand use changesternal variability, and volcanic eruptions (Douville et al.,
2021) Due to these compound mechanisms, the circulation response to wgrsiuncertain,
leading to uncertainty surrounding future spatial patterns of global precipitation. Moreover, the
thermodynamic and dynamic responses may not be uniform across the globe. Some studies
show thatextreme rainfall might have highsensitivily to thermodynamic changes the
tropics, owing to an estimate®14% increase in watervaporpkr / 2 F gl NYAy 3 ohQD
2012).

Due to the thermodynamic response to warming, heavy precipitation is expected to
intensify, but dynamical changes magmpen of amplify thehermodynamiaesponse locally,
or shift large-scalepatterns of rainfall. With the expansion of the tropics, storm tracks would be
expected to shift farther away from the equatdihereislow confidence in the storm track
response in the Northern Hemisphere, but higher confidence in a poleward shiftraf stacks
in the Southern Hemisphergee et al., 2021 Global models tend to show a strengthening and
lifting of the subtropical jet stream in both hemispheres, but they also show that the
anticipated changes in the circulation anomaly are highly depetde the season and region.
Storm track changes may be especially complicated, as several aspects of the atmosphere may
drive different or even opposite responsds¢ et al., 2021 For example, while an increase in
atmospheric stratification could shiftorm tracks poleward, the decrease in the meridional
temperature gradient resulting from amplified warming at the poles could have the opposite
effect. Moreover, variations in sea surface warming, the faed warming contrast, melting sea
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ice, and changs to the stratospheric polar vortex could have an influence on future storm
tracks.

It is likely that there are shortcomings in global model representation of dynamical
changes in a warmer climate, as climate models often underestimate climate variabdity
long-standing biases remain in the representation of storm tracks.liiteegovernmental Panel
on Climate Chang@PCCSixth Assessment Repoéports high confidence that regional
precipitation extremes will increase in frequency and intensity mcat all regions, largely
attributed to thermodynamic increases. The IPCC also reports that precipitation extremes in the
tropics and extratropics are expected to increase at a faster rate than average precipitation.
Moreover, increases in frequency of exs is expected to be nelinear, with the most extreme
events experiencing the greatest rate of increase. In regards to regsoafd extreme
precipitation, changes in intensity are dependent on regional warming, changes to circulation,
and storm dynamie Seneviratneet al., 202).

2.1.2 The SefOrganizing Map

Synoptic climatology, which directly links atmospheric circulation to environmental
responses (Yarnal, 1993), oftarvolvesclassifying distinct atmospheric states (Sheridan & Lee,
2011). Various techniques have been employed for this purpose, including Empirical Orthogonal
Function (EOF), artificial neural networks, and other clustering methods (Yarnal, 1993).
However, a commn limitation of these approaches is that the resulting clusters are not
organized along a continuum of atmospheric states.-&g&nizing maps (SOM&ohonen
1995 address this limitation by arranging atmospheric patterns in a continuous two
dimensional array, facilting a deeper understanding of patterns and their transitions. Over
the past two decades, SOMs have gained popularity in synoptic climatology for their ability to
improvedata visualization and pattern recognition. They produce clusters that can be arsed f
multiple applications, including validating General Circulation Model (GCM) outputs, diagnosing
model weaknesses, projecting future climate (Hope et28l06 Skific et al.2009), and
examining the relationship between atmospheric circulation and ipretion (Alexander et a|.
2015 Cavazos1999, 2000; Hope et akR006; Tymvios et gl2010).
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Many studieshave used SOMs to characterize local scale precipitassociatedvith
different large-scaleweather patterngHewitson & Crang006;Hope etal., 2006;Lennard et
al., 2014 Nishiyama et a]2005. Hewison & Crane (R02) applied the SOM aspattern
recognition toolwith the ability to identify complex relationships between meteorological
factors and provide a way to visualize tthistribution of synoptic patterns over a regiocBOMs
can be used to better understand the occurrence of rainfall ev@dtsg et al.2005 Uotila et
al., 2007, Zhang et aJ.2006)and can be used in combination with GCM outpuptoject future
frequency changes in local scale precipitation (Hope et al., 2016; Li2020; Ning et aJ.

2010; Sinha et 3l12018).

In brief, the SOM reduces the dimensionality of datasets by organizing patterns into a
two-RAYSyaAz2ylf INAR 2F Ot dzadSNE 2NJ WYy2RSaQ GKI |
together in space. The number of nodes in the SOM is an arbitrary amaide by the user and
requires trial and error to resolve. While choosing too few nodes could lead to an
underrepresentation of atmospheric patterns, too many nodes can separate similar patterns
into more than one node. During the training proce$s Eucidean distance between theata
sampleand each nodés calculatedThe node with the shortest distance is considered the
GoAYyYyAy3ad y2RSeé YR Aa dzLJRFGSR dzAAy3 GKS Ay T2N
updated based on the training radius thatset by the user (Zhang et,&022). The training
radius, training rate, and the number of iterations are udefined parameters that control the
training of the SOM. More details of SOM methods can be found in previous studies (Kim et al.
2021; Kohoen, 2013; Liu et a)2006; Thompson et al2020).

When configured carefully, the SOM can be used to group a continuum of circulation
patterns into a finite number of patterns that represent the full distribution over a time period,
making it possible toelate largescale atmospheric patterns to rainfall patterns that occur
locally. Many studies have successfully utilized SOMs to extract patterns that can be used for
weather prediction (Hope et al. 200Horton et al, 2015; Li et a).2020; Loikith et g, 2017).

For example, Hope et al. (2006) used the SOM to link synoptic patterns of sea level pressure to
daily precipitation in southwestern Australia and then assessed future changes in the frequency
of SOM patterns to project future local precipitatidn et al.(2020) authors organized ER®
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reanalysis variables into a 2de SOM representative of the spectrum of laspale
circulation variability in Eastern China and linked these patterns to-suoed¢ rainfall. The SOM
was then use to projectinfall changes, finding overall increases in precipitation means and
extremes by the end of the century (Li et, 2020).
Studies have also used SOMs to assess changes in heavy precipitation eigtyarfha
et al, 2005; Tan et al2019; Vuillaume eal., 2018; Zhang et al2022). Ohba et al. (2014)sed
SOMs to categorize synoptic weather patterns in Japan, as heavgd2aion precipitation is
linked to largescale climatic phenomena such as the Asian Monsoonfigl$duthern
Oscillation, and the Arctic Oscillation.their study,they linkedseven different patterns of
large-scale circulation and moisture are linkealftequent occurrences of anomalously heavy
rainfall andinvestigatedthe changing frequency of these patterns over tirdbang et al. (2022)
usad SOMs to investigate circulation patterns related to extreme rainfall events in Northern
China. Authors orgared patterns of 500 hPa geopotential height anomalies and column
integrated moisture flux into a-Bode SOM and investigate the occurrence frequency of heavy
rainfall events under each node pattern. One pattstaodout as being most conducive to
preciptation extremes (Zhang et aR022).
213 wl Ay FEFEETE AY 1ol A1A
{2YSUAYSAE NBFSNNBR G2 | a,1899) thetlimatsof Badaisi KS YA f S
extremely unique and characterized by steep spatial rainfall gradients across the islands
(Giambellucaetl,H n Mo O ® | Y| 22NJ OKI NI OGSNA&AGAO 2F I yydz
structure in which the windward side (northeastern coast) of the islands receive signicantly
more rainfall than the leeward side (western coast). This structure is dueettrakdewind-
driven orographic lifting that occurs as the northeasterly trade winds push moist air up the
mountainous terrain of the windward coasts. As air cools to its dewpoint temperature, clouds
are formed and rain can occur, most frequently on thedward sides of slopes. As the trade
winds are present 859%5% of the time in the dry season (Maypctober) and 50980% of the
time during the wet season (NovembeRApril), this tradewind-induced orographic rainfall
makes up the most prevalent pattern Bl A Y ¥ | £ f(Lorigiyian ktlal820215 Cydnsl1982
Sanderson1993Yp | 2 6 SOSNE &2dzNOS& 2F NIAYFLHEE Ay 11 gl
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the rainfall during the dry season coming from orographic processesnaicti of the rainfall

during the wet season coming from large scale atmospheric disturbances, such as cold fronts,
Konalows, and uppetropospheric disturbancefCarusa& Businger2006; Longman et al.

2021).

WEAYTFEEE AY | | ¢ ladry sasok(BlaycO&dbalaiimetiddasos R 0 &
(NovembecApril). During the dry season, northeasterly trade winds are more prevalent and
orographic lift is the dominamainfallproducingmechanisnover the island¢Giambelluca et
al., 2013) This results in a distinct pattern of wetter wliward and a drier leewardlopes as
orographic raimpredominantlyfalls on the windwardsidesof the mountainous islands
(Sanderson1993).! 1 S@& FIFOU2NJ AYyFtdzSyOAy3a NIAYyTFLEE Ay
a shallowatmospheric layeat around 2,000 meterabove sea levdlCao et al., 2007;

Giambelluca et al., 2013y he TWI forms where rising, cooling air from the surface meets the
descending, warming air of the Hadley cell. This creates a temperature inversion, where air
temperature increass with elevation, limiting the vertical growth of clouds and controlling the
amount and location of rainfall. In areas where mountain peaks rise above the TWI, rainfall is
limited mainlyto windward slope®elow the TWIRieh] 1979).

Largescale climatevariability, including the El NiASouthern Oscillation (ENSO), the
Pacific Decadal Oscillation (PDO), and the Pacific North American (PNA) pattern, also
AAAYATFAOLYyGEe FTFFSOG IFglA~AQa NIAYyTFLHEfd wSas
PDO pases are associated with drier winters, while negative PNA, La Nifia, and negative PDO
phases bring wetter winters (Chu & Ch&005; Frazier et gl2018; Longman et al2021).

However, recent studies suggest a shift in these relationships, with Lay8giig showing a
drying trend during the wet seas@ince 1983 h Q/ 2 y V;20M). S | £

¢CKS ¢2L AYGSNIOGa oA0K (KSAS Y2RS&a 2F O NR
descending air shifts more directly over the Hawaiian Islands, strengthemengwI and
limiting rainfaltproducing disturbances (Sandersd®93) such as Kona lowBor example,tie
199798 El Nifio year, which had Kmnalow events, resulted in the driest wet season on
record (Longman et al2021).

2.1.4 Disturbance Driven Rainfaffi | | g A 1A
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Much of the rain that falls duringhe wet season in Hawacomes from synoptic disturbances
(Chu et al.1993; Longman et ak021; Ramagel1962;Simpson1952). These disturbances can
interrupt the typical trade wind regime, suppressing trade wind driven orographic rainfall and
lift or eliminate the TWIoften leading to heavy rainfall events that affect different parts of the
islands (Schroeder et al977). In a 2@ear analysisofrA y ¥ £ € 2y h~ F KdzZ AU 4|
almost half of wet season rainfall could be attributed to atmospheric disturbances (Longman et
al,, 2021).

| S @& NIAYTFLEt S@Syida Ay || &l Asituator@Fy | NRAS
Duringwet seasonseventoften occur in connection witbrossingronts, noncrossing fronts
(approaching cold fronts that stall before crossing the islangg)er-level lowpressure
systemsand Konalows. Unlike the other disturbance types, tropical cyclones tend to occur
during thedry season andre relatively rare in the region during the winter. Whilepical
cyclones come within 300 km of the islands about once every two years, it is extremely rare
that thet make landfall (Kodama & Barn&997). This is in part due to unfavorable vertical
wind shearover the islandsand in part due to the lack of monsodrough conditions in the
central tropical North PacifiBusinger et al., 2018Nevertheless, hurricanes during tdey
season can bring heavy rainfall to the Hawaiian Islands if they saffieiently closde.g.,
Nugent et al., 2020).

Konalows are subtropical cyclones that ocenost oftenduring the wet season in
Hawaii. In the Hawaiian languagkona means leeward, used to describe the atypical wind
direction during this type of evenfi Kona lowis characterized by a deep, slemoving low
pressuresystem with a closed surface circulation without a surface front, anapaer
atmospheic circulation hat iscut off from thewesterlies. They often lead to prolonged
periods of extremely heavy rainfall and have historically led to a variety of weetksted
hazards (Morrison & Busing&t001). A disturbance type analysis showed that the occurrence
of Kona low eventsvasthe primary factor determining whether a year is anomalously wet or
anomalously dry (Longman et,&021) Whilethey are infrequentKona lows can beery
intense, with the potential to generate up to 32%tbé seasonatainfallin ayear. On average,
Kona lows enhance rainfall by 300% of the amount of rainfall that could be expected or a non
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disturbance day (Longman et,&021).Rainfall enhancements lionalows tend to favor the
leeward sides of the islands (Kais2014).

Cold fronts approaching the Hawaiian Islands can often lead to heavy rainfall ahead of
and alonghe front. Fronts are the most common disturbance type in Hawanters, with
about 14 fonts occurring per year, making up to 73% of disturbancesaaodunting for 19%
of total wet season rainfall between 1990 and 2010 (Longman ,&£G@21).0f the fronts that
approach Hawa dufing those year$7% moved across the islands, referred socenssing
fronts, while the remaining fronts were nerrossing fronts. Nowrossing fronts occur far
enough away from the islands that they do not cross over and bring rain over the land area, but
they do interrupt the trade winds, suppressing the orodragally driven rain that would
typically occur on a nedisturbance day. On average, crossing fronts between 1990 and 2010
GSNBE F2dzyR G2 tSIR G2 'y yy?r SyKFEYyOSYSyid Ay N
affect similar regions of the island Esna lows, with the largest enhancements in the
northwest and southeast and more modest enhancements in the southwestchkimsing
fronts during the 199€010 time period were found to lead to significantly less rainfall than
that of nondisturbance days aha 76% of the timéecause of the interruption to the trade
wind induced rainfallespeciallyalong the windward coasts of the islands (Longman et al.
2021).

Upperlevel low pressure systems are large {pressure systems that form in the
upper-troposphee in the subtropics without surface development. These disturbances create
unstable conditions that can lead to heavy rainfathhgman et aj2021)

2.1.5 Trends in Seasonal Rainfall

As all areas of the Hawaiian Islands depend on rainfall for freshwedeuices,includingfor
drinking water and irrigation, understanding trends in precipitation is cruSjagdtialanalysis of
rainfall from 1920 to 2012 found a drying trend across 90% of the area in Hamrta
persistent longterm drying in the Kona regiorf élawaii Island(Frazier & Giambelluca, 2017)
These findings are supported by earlier work that highligltedreasingrendsin rainfall (Chu
& Chen, 2005Chu et al., 2010; Dig& Giambelluca 201Zruk& Levinson, 2008;ongman et al.

2015, particularly athigh elevations, and declines in both streamflow and baseflow (Bassiouni
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& Oki, 2013 Clilverd et al., 2009 Studies show that drying increases with elevation, consistent
with increases in solar radiation and decreases in cloud dhwergnan et al, 2015) However,

NJ Ay T It fisheawly inflkedgcedAby ratural variability, making it challenging to assess
whether theapparentdrying trends will persist as the climate warms. Attribution studies in

Il g A~ A KI @S T2 diffyRontinkes ib obgduré iteNeffeicts @ antidogogenic
forcing (Fandrich et gl2022; Frazier et gl2018). Additional rainfall projections are essential to
better understand future trends and prepare for potential impacts.

2.1.6 Heavy and Extreme Rainfafli | | g A 1A

Heavy rainfall events in Hawigiend to be associatedavith large scale disturbances in the
atmospheresuch asipperlevel low pressure systems and frontal activiaiser (2014) has
shown that the frequency of these rainfall events has changed over. fieechanging
frequency of these types of everitas the capacity tahange the nature of seasonal rainfall.

Relatively few studies have focused on changes in heavy and extremd| wefats in
| 6 A~ ADd [/ Kdz SG fd 6nunmnd LISNF2NY¥SR || GNBYR
1950s and 2007, showing changes in precipitation intensity over time as well as significant
decreases in multiple intensity related indic@$ie auhors of that studyfound that
precipitation intensity has shifted since the 1980s towards more frequent light precipitation
and less frequent moderate and heavy precipitat{@hu et al., 2010Results also suggested
fewer days with intense precipitation and smaller precipitation amountater lyears. Upward
trends in drought conditions were seen throughout the period as veelinding that has been
confirmed by subsequent studies (e.g., Frazier et al., 202®re was some spatial variation in
the trends, with @ Kdz | YR Y| dziy downw& EtielBIdiR tBeyinfehsify frequency,
FYR YIF3yAdGdzRS 2F SEGNBYS LINBOALRAGIGAZY FyR |
However, increased drought conditions were islamde (Chu et aJ2010). Additionally,
resultsshoweda strong associatiobetween ENSO and rainfall.

Timm et al (2011) investigated projected changesthe frequency oheavy rainfall in
| 61 A~ A dzaAy3d GKS tb! LyRSE )IWihkonlyi$mall chafgesi K S Ny
expected in the PNAI and SOI during th& @dntury,correspondinglysmall changes in the

frequency of heavy rainfall events wepeojected Norton et al.(2011)focused on changes in
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tendency toward anincreased frequency @xtremeevents, but decreased intensity in near

term future projections. However, as this study relied on a single GCM, results must be

interpreted with caution given the high amount of uncertainty associated with GCM choice

(Norton et al, 2011).

2.1.7 Projecting Rainfatb NA @Ay 3 [/ ANDdzZ F dA2y t I GGSNya Ay | | g

With the uncertainty surrounding how climate change will impact heavy rainfall events in
| FégFA~"AZ GKSNB A& INRBgAy3dI O2yOSNYy Foz2mzi RAALl &
and conservation efforts. Since wet season rainfall is largely shaped bystaigecirculation
driven events, changes in their frequency could significantly alter precipitation patterns.
Understanding these circulation patterns and their links t@laainfall is therefore essential.

This studyaims toidentify and classify the larggcale circulation patterns that drive wet
aSkazy NI AYTLIIOMsThebe datteshs rdpfedent tmd spettEim of synoptic
atmospheric conditions responsiblerfainfall variability across the islands. By analyzing the
spatial rainfall distributions and types of weather disturbances linked to each circulation
pattern, we establish connections between larggale atmospheric dynamics and local rainfall
events.

Wethen apply the SOM framework to an ensembleCdfiiP6 GCMrojections to

evaluate how the frequency of these circulation patterns may change by the end of the century.
Understanding these potential changes provides vital insights into future shifts intHawaQa ¢ S
season rainfall regime, which is critical for planners and decision makers aiming to prepare for

evolving rainfall impacts under climate change.

2.2 Dataand Methods

2.2.1 LargeScale CirculatioData

The atmospheric data used tmalyzell KS YI 22 NJ 48y 2LJGA O LI GGSNya 2¢
1990-2010were obtained from the 0.25%esolution fifth generation of the European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalysis data (ERA5) (Hersba2b2Q)alThe

specific humidy field at 925 hPa was used to represent thermodynamic changes near the
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surface and meridional and zonal wind fields at 850 hPa were used to represent lower
tropospheric wind patterns and atmospheric stabilithe 19962010time period was selected
in order to be consistent with the available gridded rainfall and disturbance type data. The
horizontal resolution of this dataset is 31 km and the temporal resolution is hourly. Hourly data
were extracted for the study region of 180°E to 120°W and 10°S ¢ 40d wereusedto
produce daily values. The domain selection was made large enough to encompass components
of circulation featuresuch asold fronts that move towards the islands from the riaditudes.
The data were divided chronologically into an&Dsplit, with the first 80% (1990 through
2005) used to train the SOM. The remaining 20% (2006 through 2010) was held out for
validation to assess the SOM's performance on unseen data. A chronological split was chosen to
0SiGSNI NBTt SO ito génirlizeYcefiRutetcadditionso A £ A (i &
2.2.2 Rainfall Observations
Gridded daily rainfall data between 1990 and 2010 (Longman,&l9) were associated with
the largescale atmospheric patterns produced by the SOM. This dataset was produced through
Inverse Disaince WeightingIDW)interpolation methods applied to rainfall data from 142
observation stations (Longman et,&019). The gridded dataset was produced only over land
areas in Hawdiat a horizontal resolution of 250 meters.

In addition to the griddedainfall dataset, a disturbance type classification dataset was
used to help identify the largecale patterns associated with local rainfall (Longman et al.
2018, 2019; 2021). This dattwas produced through earlier wofkongman et al., 20219
analze disturbanclRNRA Sy NI Ay FlLff 2y hWlI Kdzd ¢KS Of aaAr¥
used here to support the physical interpretations of the SOM output.
2.2.3 CMIP6 Data
In order to assess the changing frequency of the SOM nodes, data were obtaineithérom
CMIP6 archive (Eyring et,&016 2019). Seven GCMs were selected based on data access and
variable availability (Tab®1). Data were obtained for the historical (192010) and future
(2071:2099) periods. The Shared Socioeconomic Pathwap{&SFscenario was chosen to
represent the future simulation, representing the upper bound of emissions scenarios

RSAONARGSR Ay (KS, 20T6)iAshpldiedssBble inbnber @ds tsdlecteédidor | f &
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each model (rlilp1ft) Data wereegridded to match the horizontal resolution of the ERA5

data. First, historical daily data (specific humidity at 925 hPa, meridional and zonal wind at 850
hPa) for thedomainconsistent withthat used for the ERA5 data (180°E to 120°W and 10°S to
40°N) wee used to train a SOM with parameters consistent with those used for the ERA5 SOM.
This step aimed to verify that the nodleequencies and spatial patterns produced by the SOM
trained on CMIP6 historical data were consistent with those generated by the-tEitAéd

SOM. To further assess this consistency, &gbared goodness of fit test (Wilks, 2011) was
applied to comparaode frequency distributions from the reference period model data and the
ERA&rained SOM, evaluating whether observed differences were statistically significant.
Additionally, the SOM quality was assessed using Quantization Error (QE) and Topographic Err
(TE), which measure the accuracy of the fit and the preservation of topological relationships,
respectively.

Each day of future CMIP6 data was then mapped onto the SOM to identify its best
matching unit (BMU) the node in the SOM that most closely resembles the input pattern for
that day. The no@ frequencies for the future period (Z0-2099) were determined and the
change in node frequency was calculated by finding the difference in node frequencies
between the future (20@-2099) and present day (192D05) periods.

Table2.1 The modeling centers and shorthand model name of the GCMs used in this study.

Modeling Center Model
Research Center for Environmental Chang{ TaiESM1
Academia Sinica (ASCEC)

Norwegian Climat€entre (NCC) NorESM2VIM

Centre for Climate Change Research, Indig ITM-ESM
Institute of Tropical Meteorology (CCCR
1ITM)

Meteorological Research Institute (MRI) MRIESM20

Irlilpifl indicates the realization (rl), initialization (i1), physics (p1), and forcing (f1) configuration of the model
run. This is the first ensemble member using the default initial conditions, physical parameterizations, amgl forci
inputs, commonly referred to as the "primary" or "default" simulation.
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Fondazione Centro Eudediterraneo sui CMCE&CM2Sh
Cambiamenti Climatici (CMCC)
Max Planck Institute for Meteorology MPLESM12-LR
(MPEM)

Canadian Centre for Climate Modelling ang CanESM5
Analysis (CCCma)

2.2.4 Preprocessing data

The SOM input data (ERAS5 specific humidity and winds) were processed prior to use in the SOM
training. First, the data were reduced to only wet season months (November through April) as
mostlargea OF £ S NI Ay TFlLff RAAGdAzZNDIFYyOSa Ay | gl AQA 2
2021). The SOM analysis was conductsithg wet season rather thanhwele year datdo avoid
maskingpatterns with dominant seasonal trends atalreducethe need for a larger number of

SOM nodes to capture patterns beyond seasonal variations. For each variable, the monthly
climatologies were removed from each month to pumé an anomaly dataset. The variables

were then transformed into-scores to normalize the differing units of the dafa account for
varying surface area by latitude, the cosine of latitude was used to compute aiwaighted

mean, which was then subtcted from the zscores These datavere then used to train the

SOM using the Python miniSOM library (Vettigli, 2021).

2.2.5 |Initializing the SOM

The SOM used in this study consists of an@0e network (5 x 4) where each node represents a
unique pattern of ciralation variability. The sigma value was set to 2 and the learning rate was
setto 0.1. The SOM was trained with 10,000 iterations. The SOM was trained using the first
80% of the processed data in chronological order, while the remaining 20% was resarved f
validation purposes. Several combinations of grid size, number of iterations, neighborhood
radius, and learning rate were tested before deciding on these parameters. The 5 x W&0M
chosen based oroWw average quantization error (QE) and topographiore(TE). QE is a

measure of how well the SOM is able to approximate the input data and is calculated as the

48



average Euclidean distance between the input vectors and their correspoBdiiy asshown

in Equatiorn?.1:

- B
600 —— [2.1]

where N is the number of data sampleX,is a data sample, anu.is its BMU out of all of the
reference vectors. A low QE indicates a closer resemblance between the data samples and their
BMU, suggesting that the SOM is able to map data pointsew B8MU with relatively low error
(Skific& Francis2013). The meainterpoint distance of the input dataset, which measures the
average distance between all pairs of points in a dataset, can serve as a reference value for the
QE.

Topographic errorTB is a measure of how well the SOM preserves the topological
structure of the input data (Kohone2001). A low topographic error indicates the SOM has
preserved the data structure well. Conversely, a high topographic error suggests the SOM fails
to capturethese relationships. Th€Eis the proportion of input samples for which the first and

second BMUs are not adjacent on the SOM dgmlation 2.2 shows the formal definition
YO -B 1 60 WOTY [2.2]
where Nis the total number of sample$, O "Ys the BMU for thé-th sample, and 0 "Y is

the secondbest BMU for the same sample. The indicator functio O ¥ 0 Y isshown
in Equation 2.3

POQBD E DY D1 K DOQQOSEEIDYD 0QI "QQ
17 00 WO'Y ) ) o [2.3]
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2.2.6 Analyzing SOM Output
The SOM node frequencies were plotted and analyzed as well as the Euclidean distances
between each node. For each time step of the input data, the BMU was saved in order to relate
the SOM output to the daily gridded rainfall data and disturbance typeititzgtons. To get a
better understanding of the variability within each SOM node, the correlation was calculated
between the mean pattern of all days sorted into a node and each individual pattern in the

node. The average correlation value was then cated per node.
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2.2.7 Validating the SOM

The reserved 20% of the ERAS data were used to validate the SOM output by identifying the
BMU for each day of the letiut data. The QE and TE of the validation data set were calculated.
The correlation was calculated lve¢en each mean node pattern and the daily input patterns

of the validation dataset sorted into that node. The average correlation value of the validation
dataset was then calculated per node. These values represent how well the centroid pattern of
a node natched the patterns of the validation dataset days that identified that node as the
BMU.

2.2.8 Disturbance Type Analysis

After training the SOM, average circulation patterns were produced for each SOM node. These
patterns were first visually analyzed to idegtény meaningful circulation patterns. Then, the
disturbance type classification dataset was used to determine the disturbance type
representation of each node. For each of the four wirtiere disturbance types described in
(Longman et al2021) the avesge climatological frequency of occurrence was determined and
subtracted from the frequency of that disturbance type in each to determine the disturbance
type frequency relative to climatolog®; assown in Equation 2:4

Oy, 0 X0 0 70 pTITT [2.4]
where0 [ is the number of days of disturbance tygén nodei, 0 is the number of days in
nodei, 0 j is the number of disturbance typgtoccurrences during thelimatological
reference period (199€R2005), and) s the total number of days in the reference perit@y
gives the frequency of occurrence of a particular disturbance type in a node relative to the
climatology of that disturbance type.

Monte Carlo signifance testing was employed to determine whether the frequency of
disturbance types significantly differed from the climatological averages across the 20 nodes at
the 90% and 95% significance le&sndon et a].2014; Kim2014 Kunkel et al 2007).

2.2.9 Rainfall Analysis
Average rainfall patterns per node were produced using the gridded rainfall dataset. These
patterns were compared with average circulation and disturbance type patterns to substantiate

FAYRAYI&aD Ly 2NRSNJI {2 reSenatyofgiendfainialkvéth thetsaledtdd | 0 A f A
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number of nodes, the average daily rainfall was reconstructed by multiplying the average
rainfall patterns by the node frequency and taking the sum across nodes. The sum was then
divided by the number of days amdmpared with the actual mean daily rainfall.

2.2.10 Rainfall Reconstruction

To evaluate the SOM's effectiveness in representing rainfall with the selected number of nodes,
the wet season rainfall was reconstructed using the average node patterns and the foeggien

of each pattern per year. First, yearly total wet season rainfall was calculasthas in

Equation 2.5
0 ik B 0 h QQ N pltkB kg T [25]
where0 i IS the total wet season rainfall for yegrO is the number of wet season days in

wet season yeas, and’QQ is a mapping function that assigns each day one of 20 rainfall
patterns. Each pattern contributes to the cumulative precipitation wetyhg the number of
days classified under it.

The average rainfall for the full time period was then calculateshasvn in Equation 2:6

~

0 -B 0 [2.6]
Where0 is the average wet season precipitation over tirag period,0 is the total
seasonal precipitation for season s, and Y is the number of years in the period. provides
a measure of typical seasonal rainfall across the time period.
Theaverage wet sasm rainfall was reconstructecf the reference period to validate
the method, using the mean node rainfall pattexand the reference period nodeequencies
derived from the ERABained SOM.Theresults were compared to theinfall observation to
ensurethat the reconstructed values closely matched the observed spatial and temporal
LI GGSNYyazL GKSNBoe 02y TANYA WanminarkrSinfafl GadiakiyR Qa | 0 A
and magnitude during the baseline period.

2.2.11 Node Frequency Change

After identifying the BMU for theeferenceperiod of each GCM to ensure they adequately

represented the observed data, the BMUs were determined for each day of the future period
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(20702099). The change in node frequency was calculated as the difference between future
and reference period frequenes, normalized by dividing by tmeference periodrequencies

following Equation 2.7

yo h i [2.7]

h

Where Y Ois the change in node frequency for noiléO i Is the nodefrequency of the
future period (20762099), andO i is the frequency during the reference periothis
analysis was conducted for each individual model as well as fonthi&modelmean.

For each GCM, a ebguared godness of fit tes{Wilks, 2011) waperformedt
2.2.12 Future Rainfall Change
Using the average rainfall patterns for each node along with the projected future node
frequencies, the average change in wet season rainfall was calculated. This was achieved by
multiplying the mean rainfall pattern by the number of occurrences for eaxdendividing by
the number of years in the period to obtain a wet season average value for the future period
(20702099), and finally subtracting the wet season average for the reference period-(1990
2005). This process was repeated for each GCM andgaeta produce anulti-modelmean.

2.3 Results

2.3.1 SOM Analysis

After training the 26node SOM, both the QE and TE were computed. The QE was found to be
201.46, which is relatively low when compared to the mean interpoint distance of 335,
indicating effective clusring. Additionally, the TE was 0.05, meaning that 5% of data points
had their first and second BMU positioned radjacently on the grid, suggesting that the SOM
maintains good topological preservation of the input data.

Figure2.1 shows the mean anomapatterns of the specific humidity at 925 hPa and the
zonal and meridional winds at 850 hPa organized by the 5 x 4 SOM. The SOM organizes similar
patterns closer together in the twdimensional grid, with nearly opposite patterns occupying
opposite cornersThe nodes in column 0 show a lpnessure zone to the WNW of the
Hawaiian Islands, while column 4 shows a-foessure zone to the ENE of the islands. Much of

the center of the SOM (columns 1, 2 and 3 excluding row 0) show a north easterly trade wind
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pattern bringing air from the northeast of the islands, which is a typical pattern for Hawai
Nodes [0,0], [0,2], and [0,3] resemble upgevel low andKonalow patterns as describeloly
Longmaret al. (2021) Kona low events are often associated with reversed wind patterns from
| ¢ A~ A~ a -edsterdyivieds, boringirgy Mdteldd winfism the southwest or west, as

can be seen in thegeatterns High specific humidity values are concentrated over the diiaw
Islands, increasing the potetential for heavy rainfall during these types of events. Nodes [0,0],
[1,0], [2,0], [3,0], [4,0], [4,1], [4,2], and [4,3] resemble the cold front patterns described in
Longman et al. (2021¢old fronts bring cold dry airom the midlatitudes towards the islands,
and are associated with shifts in the wind direction and lower specific humidity.

To further assess the quality of the SOM, the normalized Euclidean distance between
nodes and the spatial correlation between timput data and their BMU was calculated. The
average normalized Euclidean distance was relatively large (0.76), indicating the nodes
represent linearly independent patterns. The mean spatial correlation between the input data
and their BMU was 0.56, inditing that the mean node patterns are reasonably representative
of the daily anomalies that are assigned to it. Figu&shows the mean spatial correlations
between the input data and their BMU per nodaveral| there weremoderate correlations
with mogt values rangngfrom 0.40 to 0.68, suggesting that the SOM was reasonably successful
at grouping similar patterns.

Node frequencies are shown in Fig@8. A high number of occurrences indicates more
commonly occurring circulation patterns, while lowearcarrences indicate rarer patterns. The
high node occurrences of nodes [1,3], [2,3], [1,2], [2,2], [1,1], [2,1] correspond with the
prevailing trade wind patterns Hgure2.1. Conversely, nodes that show patterns resembling

atmospheric disturbances occlass frequently.
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Figure2.1 Average ERA5 node patterns of daily meridional wind (850 hPa), zonal wind (850
hPa), and specific humidity (925 hPa) anomalies for the reference period¢2®®H). Arrows

the bottom left corner.
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Figure2.2 The average correlation between the input samples tr&ir correspondindest
matching units BMUS9, representing how well the SOM nodes capture the features of the input

data.
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Node frequencies (radius = 2, LR = 0.1)
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Figure2.3 Node frequency of the ERAS reference period data, with lighter coldrsating less
frequent nodes and darker colors representing more frequent ones.

2.3.2 OM Validation

20% of the ERAS reanalysis data was excluded from the training dataset to use for validation
purposes. The BMUs of each day of the test dataset were idenéifiddhe mean spatial
correlation between the test data points and their BMU, the QE, and the TE were determined
for the test dataset. The mean spatial correlation across nodes for the test dataset of 0.54 was
very similar to that of the training datasétiode correlation values can be seen in Fige

The QE and TE were also very similar to that of the training dataset, 197.36 and 0.05
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respectively. These metrics indicate that the SOM was successful at generalizing the patterns

learned from the training dta and is able to represent new, unseen data.

Mean Correlation with Node Centroid - Test Data

0.65

0.60

0.55

- 0.50

Pearson Correlation Coefficient

- 0.45

Figure2.4 Same as Figure2 but for the test dataset (2068010).

2.3.3 Disturbance Type
The frequency of each disturbance type was analyzed for each ndatde 8OM using the daily

disturbance type classification dataset (Longman ef8R1). Anomalous disturbance type
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occurrences were calculated relative to the climatological disturbance type frequency (Equation

24). The anomalous frequencies (%) are shawigure2.5. The results of the disturbance

type analysis support therevious interpretations of thenean atmospherianomalypatterns.

Results significant at th@5% level show that nedisturbance days occur over 20% more
frequently than expected (K n®np 0 AY Y2RS&4 OMIHIBI WHIHBI ®C
f Sa4 FTNBIldSyidte GKIy SELSOGSR 6L X ndnpo Ay Yy

A ¥ 4 A x

occurlOm p’2 Y2NB FNBIljdzSyidteé GKIy SELISOGSR @) X n o)
Y2NB FNBIljdSyidte GKIy SELSOGSR oLl Khalownpo Ay Yy
structure in Figur@m = |y R | 62dzi wmms: fSada FTNBljdzSSyidte GKIy
[1,2], [2,1], and [2,2]. Crossing fronts occur more than 20% oS |j dzSy i f & G KIy SEL
0.05) in nodes [0,0], [1,0], [2,0], [4,0], and [4,1] and more than 15% less frequently than
SELISOGSR 0L X ndnpuv Ay Y2RS& OMZ083I WMZIHBI OH
(low) frequency nodes of all ralf causing disturbances (crossing fronts, Kona lows, and

upper-level lows) coincide with the anomalously low (high) frequency nodes oflistarbance

days.

ND (n=2643) NC (n=318) CR (n=501)

.......
-------

UL (n=145) CR+KL+UL (n=845)

Fa,i (%)

---------

..........

Figure2.5 Frequency of occurrence for different disturbance types relative to climatological
frequencies for nordisturbance days (ND), namossing fronts (NC), crossing fronts (CR), Kona
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lows (KL), uppetevel lows (UL), and combined rainfatbducing disturbanes (CR+KL+UL). The
total frequency for each disturbance type is shown above each plot. Hatching highlights values
significantly above or below the average disturbance frequency relative to node frequency at
the 99% confidence level, while stippling repnetseresults significant at the 95% confidence
level.
2.3.4 Rainfall Analysis
Figure2.6 shows the average rainfall for each node in the 5 x 4 SOM. The nodes that show a
higherthan-average occurrence of nedisturbance days show a typical patternrainfall in
| I ¢ lcdnSisling ok wetter windward and der leeward side across all of the islands. This
rainfall, unlike the rainfall prodwxl on disturbance days, is produced through the northeasterly
trade winds interacting with the mountain ranges along the eastcoasts of the islands. Air is
orographically lifted up the mountain slopes, producing rain on the windward side. Gn non
disturbance days, the leeward sides of the islands are typically left dry in what is known as a
WNI Ay &KI R2 g Q dre ¢ak beFeemih sewéralloffithe nodld$, MioaDriotdbly in nodes
[3,1], [3,2], [3,3], [3,4], [2,1], [2,2], and [2,3]. Nodes [0,0], [1,0], [2,0], [3,0], [0,1], [0,2], and [0,3]
AK2g NIAYFILEf 200dzNNAYy3I 2y (KS f SSwhardds aAARSA
like Konalows and frontal activity can often produce rainfall in otherwise dry areas of the state,
as these disturbances interrupt the regular trade wind regime of the region. These patterns
support the results of the disturbance type analysisnciding with nodes showing above
average frequencies of disturbances. Kona low events have the potential to lead to extreme
rainfall amounts, as the storms can be intense and last several days. Nodes [0,3] and [0,0],
which have the highest frequencie§Konalow events compared to average frequency, show
the heaviest amounts of rainfall in any one location (Figlé¢. Nodes[2,0] and [3,0] have
significantly less rainfall than what would be received on a-digturbance day despite having
a higherthan-average frequency of frontal activity. This can be attributed to-onmssing
fronts ¢ fronts that do not cross over the island chain. Noonssing fronts have the tendency to
interrupt the trade wind regime and the associated rainfall, but are not cbmsmigh to the
islands to bring rainfall, thus resulting in less rainfall than what would be received on-a non
disturbance day (Longman et,&021)

59



Node [0,3] Node [1,3] Node [2,3] Node [3,3] Node [4,3]

o
o
o
o
o

Node [0,2] Node [1,2] Node [2,2] Node [3,2] Node [4,2]

RS RS A RS AR

o
.
.
8
o

Node [0,1] Node [1,1] Node [2,1] Node [3,1] Node [4,1]

A A gAY RS AR

o
o
o
o
o

Node [0,0] Node [1,0] Node [2,0] Node [3,0] Node [4,0]

T
45 60 75 90
Rainfall in mm

o Oé
s
L
@%
L

T
15

Figure2.6 The average rainfall pattern for each nodepguced by averaging the spatial rainfall
of the days allocated to that nod@ll maps ae shownon the same color sde.

2.3.5 Node Frequency Change

The output from the CMIP6 models was projected onto the 5 x 4CBgHinizing Map (SOM) to
evaluate expected changes in circulation patterns assbciated rainfall under future climate
scenarios. Initially, specific humidity and wind anomalies from the reference periodq1990
2005) were projected onto the SOM for the seven CMIP models to ensure close alignment with
the ERASrained SOM. Spatial calation heatmaps, presented Bupplemental FigureS2.1¢
S2.7indicate high correlations (0.88 to 0.98) across all models, confirming that these models
effectively represent ERAS's reference period anomaly variability. The differences in node
frequences between the reference period model data and the ER&Bed SOM are generally
minimal, with most frequencies differing by less than 2%. Asghared goodness of fit test

(Wilks, 2011) indicated that these differences were not statistically signifipardlue > 0.99).
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Additionally, the Quantization Error (QE) and Topographic Error (TE) for each model were
computed, showing values that closely match those of the original ERAS5 dataset (Bable 2
Table2.2 The Quantization Error (QE) and Topographic Error (TE) of the reference period for
each of the GCMs used in this study.

DATASET 0]= TE

ASRCEC.TalESM1 204.49 0.06
CCCma.CanESM5 202.11 0.05
CCCRTM.IITMESM 205.64 0.06
CMCC.CMGCM2SR5 203.04 0.05
ERAS Dataset 201.46 0.05
MPEM.MPLESM12-LR 200.39 0.06
MRI.MRIESM20 202.94 0.05
NCC.NorESME2IM 201.69 0.05

After confirming that the models accurately represented the reference period, the CMIP6
simulated anomalies for the future period (2072D99) were projected onto the ERA®&ined
SOM to identify the BMU for each future day and calculate the correspondidg n
frequenciesTo quantify howfrequeng/ changebetween thereferenceperiod and he future, the
node frequencies from the reference period (1¢2005) were subtracted from the future
frequencies and normalized by dividing by the reference period frequencies following Equation
2.7 to determine changes in node frequendiis normalization expresses the change as a
percentage relative to the baseline, making it easier to compare increases or decreases across
nodes regardless dheir original frequenciedrigure2.7 illustrates themulti-modelmedian
changes relative to reference period frequencieighlighting whictpatterns represented by
SOM nodes are projected to become more or less frequent in the future compared to the
reference periodbaseline.

Significance in node frequency changes was assessed based on model agreement in sign
change. In Figur.7, nodes demonstrating agreement in sign across 90% of modefsaked

with diagonal hatching, while those with 75% agreement are indicated with stippling. Changes
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in individual CMIBmodel node frequencies are detailed in SupplemefRigliresS28 ¢ S214.
Notably, nodes [0,0], [1,0], and [2,2] exhibit decreasesaquency of 12.9%, 8.7%, and 13.2%,
respectively, with strong model consensus. Conversely, nodes [0,3] and [1,3] show increases of
10.1% and 9.2%, respectively, also with high agreement. Some nodes, such as [3,3], display
large percentage changes, yet rééistshow considerable spread among models and a lack of

consensus.

Multimodel Median Node Frequency Change

o
Frequency Change

-12

-16

0 1 2 3 4

Figure2.7 Percent change in node frequency relative to the reference period fonthlki-
modelmean of GCMs. Stippling marks areas where at least 75% of models agree on the sign of

change, while hatching indicates 90% agreement on the sign of change.
FHgure 2.8 illustrates the variation in projected node frequency changes (%) relative to
the reference period across the seven Cohodels. Many nodes exhibit substantial variability

in projected changes, with shifts occurring in both positive and negative direchlmaes with

62



a strong consensus in sign change are highlighted in Fajirendicating agreement among

the models regarding the future frequency change.

Spread in Node Frequency Change (%)
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Figure2.8 The variation in node frequency change) (8étween the seven GCMs used in this
study.Node numbers are shown on theaxis, with "00" referring to coordinates [0,0], and so
on.

2.3.6 Future Rainfall Change

The projected future node frequencies were used to reconstruct yearly wet season rainfall
following Equatior®.5. Figure2.9 shows the discrepancies between the average wet season
rainfall from the gridded daily rainfall dataset (Longman et28121) and those reconstructed
from the mean node patterns. A correlation coefficient of 0.999 demonstrates an exceptionally
high degree of spatial similarity between the datasets while the low root mean square error
(RMSE) of 14.2 suggests the datasets ltaweparable magnitudes. The mean absolute error
(MAE) of 9.99 implies an average difference of only 10 mm in rainfall, highlighting the minimal
discrepancies and confirming the high accuracy and reliability of the reconstruction process.
The similarity ofndividual year wet season anomalies to the mean wet season totals
from both the gridded and reconstructed rainfall datasets were also assessed.ZlaBleows
the correlation coefficient, the RMSE, and the MAE for each year, indicating high correlations

between actual and reconstructed rainfall for most years. However, further investigation is
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needed to understand the reconstruction's lower performance for 2002 to 2004. Potential
factors include anomalous patterns not captured by the SOM, such as-ENS variability,

or issues with data quality in the gridded rainfall or reanalysis datasets.

Table2.3 The correlation coefficient, RMSE, and MAE of the yearly reconstructed rainfall using

the ERAS reanlaysdata.

Corr.

Year Coefficient RMSE  MAE
1990 0.888 752.534 564.989
1991 0.551 187.834 140.903
1992 0.487 319.916 251.303
1993 0.843 282.447 233.789
1994 0.821 320.855 207.871
1995 0.85 272.55 200.805
1996 0.63 351.414 276.45
1997 0.717 192.052 132.904
1998 0.828 239.785 192.694
1999 0.947 269.26 168.52
2000 0.544 174513 121.593
2001 0.605 186.907 137.531
2002 0.121 221.348 161.902
2003 -0.761 381.419 254.713
2004 -0.175 475.065 340.072
2005 0.86 206.765 148.543
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Difference in Average Yearly Wet Season Rainfall
(Actual - Reconstructed)
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Figure2.9 The difference in average wet season rainfall (mm) between the oaservbased
gridded rainfall dataset for theeferenceperiod (199@2010) and the reconstructed rainfall
dataset for the future period (20€2099).

The same rainfall reconstruction process is employed to estimate future mean wet
season rainfall. For each CMIP6 model, the BMU for the projected future daily circulation
anomaly is identified. The wet season rainfall totals are calculated following Bquaénd
averaged following equation 6.

Due to the shifting frequencies of node occurrence during the future period, the total
wet season rainfall diverges from the reference period despite relying on the same mean
patterns derived from the reference ped rainfall data. The change in rainfall is determined by
subtracting the reconstructed reference period average wet season total from the future
average wet season totdfigure 2.10 illustrates projected future changes in wet season rainfall
for each CMIP6 model, with panel (h) showing the nmalbidel mean change. The signals and
magnitudes of change vary considerably among the GCMs. Pagelsiépict predominantly

negaive rainfall changes, whereas panels (e) and (g) show widespread increases. Panels (d) and
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(f) indicate only minor changeBueto the substantial inteimodel variation, these signals
largely offset one another in the muithodel mean (Figure 2.10h), rd8ng in relatively small
overall changed-igure 2.11 shows the average wet season total rainfall for the reference
period, derived from gridded rainfall data, with the locations referenced in Figureg2 112
marked on the map.

Figures2.12 through2.15 present the reconstructed time series tbe reference and
future periods, highlighting thenulti-modelmean alongside individual GCMs for the four
chosen locations identified in FiguBel1l. These locations capture a range of environmental
and climatic conditions: Honolulu Airport (Fig@é2), chaacterized by orographic rainfall in a
densely populated area; Pohaku Pahala (Fi@ut8), one of Maui's wettest regions with
around 4,500 mm of rainfall each wet season; Kona Airport (FRyli#, a dry area on the
f SS6F NR aARS, ek toladryéséagon rainfdll &ndinta yGrambelluca et aR013)
and MaunakKea Observatory (Figul5), located at 13,631 ft, experiences minimal rainfall
due to its elevation above the trade wind inversion. Collectively, these diverse locations reflect
| g A~ Ada OfAYIFIOUAO OFINAIOATAGE D

In Figure2.12 through2.15, the dotted bludine represents observed gridded rainfall
data, while the solid blue line shows reconstructed rainfall derived from the BMUs of the ERA5
reanalysis data following Equation 5. This reconstruction provides the best approximation of
the observed data amondné models, as it applies the same methodology. The yearly
reconstruction systematically underestimates variability compared to the observations at a
local scale. While the locatale signal is weaker in the reconstructions, the average rainfall
over the antire period is well captured. Despite the reduced variability, the reconstructed and
observed datasets remain closely aligned, showing a strong correlation in their patterns across
all four sites. Exceptions arise during 2P@04, a period previously idéfied in Table 2.3or

divergence fronthe observed data.
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Figure2.10 The change in average wet season total rainfall in millimeters for the seven GCMs

used in this study and theaulti-modelmean of the GCMs.

&
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Figure2.11Four locations selected for statiestale analysis, slwn over the average total wet

season (NovembeApril) rainfall during the reference period (193#D05).

68



Rainfall at Honolulu Airport
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Figure2.12 Yearly wet season rainfall totals (in millimeters) at Honolulu Airport for the
referenceperiod (199@2005) and the projected future period (20G2099). The thick gray line
indicates themulti-modelmean of the reconstructed time series from seven GCMs. Individual
GCM time series are represented by thin colored lines. The dotted blue lirsestetine
observationbased gridded rainfall dataset, while the solid blue line illustrates the time series of

the SOMbased reconstruction utilizing ERA5 reanalysis data.
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Figure2.13 Same as Figur212, but for Pohaku Pahala.
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Rainfall at Kona Airport
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Figure2.14 Same as Figur212, but for Kona Airport.
Rainfall at Mauna Kea Observatory
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Figure2.15 Same as Figur212, but for Mauna Kea Obsatory.
2.4 Discussion

While substantial variation remains among GGMgure 2.1Q)some key patterns
emerge in this studyrFrequency change results (Figure 2ndicate a decline in circulation

patterns associated witKona lows and crossing fron{igures 2.5¢c and 2.5djuggesting
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fewer heavy rain events, especially those affecting the leeward sides of the islands. This aligns
with projected decreases in leeward rainfall in six of the seven mdBejsres 2.10a, 2.10b,
2.10c, 2.10d, 2.10f, and 2.10yYith fewer Kona lows and other rainfglfoducing
disturbances, leeward regions may face more frequent and severe water shortages. This shift
could strain local water resources, impact native ecosystems that rely on wet season rainfall,
and reduce agricultural productivity, especially in areas dejeaihon rainfall rather than
irrigation. Proactive planning and adaptive water management strategies will be crucial to
mitigate these potential impacts and ensure sustainable water use in a drier future.
Some previous studies support these trends. Fongda, Timm and Diaz (2009)
projected a 5;10% reduction in wet season rainfall. This is likely tied to fewer iscgke
disturbances, as up to half of wet season rainfall is produced through disturbance events
(Longman et al2021). Chu et al. (2010) alsgported declining extreme rainfall events and
AYONBIFaSR RNRdAKG NAA]X 6AGK aAIYAFTAOFYyd RSOf
findings are consistent with the reduced occurrence of nodes [0,0] and [0,1], which typically
ONAY3I NIRYRGEIl ¢izZF T KO  SSé I NRirivedrirddnfalhk. (0 KNR dzZ3K RA .
However, not all research aligns with these findings. For example, Xue et al. (2020)
projecteda 12.5% increase in wseason rainfall. Another study employing dynamical
downscaling for the n&r-term future predicted rainfall increases across all the islands,
LI NI A Odzf F N @ 2y GKS GAYRGINR aARSa 2F aldzA |y
et al.,2024). While this suggests a general trend of increased rainfall, it is not negessaril
O2yUNI RAOU2Z2NE (2 G(GKS LINBaSyild ailddzReQa FAYRAYy3Ia
frequency of tradewind-driven rainfall days similar to patterns observed in this study.
Additionally, a separate study using comparable SOM methods projectedt@ase in
polewardshifted and retracted jets by the end of the century, suggesting more frequent cold
fronts and Kona lows, which contrasts with the findings of this study (Fanelralh 2024).
adzOK 2F (GKS @GFNAIGAZ2Y Aganbeawiyiedd t Ay 3 NB A& dz
uncertainties related to methodology, GCM selection, and natural variability. Addressing these
uncertainties will require greater collaboration between studies and the development of
standardized downscaling protocols specificto HawaA @ ¢ KS LINBaSy d &G dzRe K
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variability among different GCMs. The GCMs used were selected based on the availability of
required variables and ease of access. However, the differences between GCMs underscore the
persistent model uncertainty thatfeects downscaling results, particularly in Halvaile to the

lack ofcoordination between studies. This variability reflects a common challenge in

downscaling studies, as results may shift significantly with a different GCM ensemble.

Future research codlexplore selecting an optimal subset of GCMs based on their ability
to accurately reproduce the climate of the reference period. However, such preprocessing was
not deemed necessary for the scope of this study. Additionally, this analysis uses onlg a sing
ensemble member for each GCM (rlilp1fl), meaning it does not account for uncertainty
stemming from natural variability within the models. Incorporating multiple ensemble
members from each GCM (e.qg., r2i1plfl, r3ilplfl), perturbed physics ensembles GPPES
large ensemble simulations would allow for a more robust evaluation of internal variability and
allow for the quantification of uncertainty stemming from natural variability.

In this study, the SOM was trained using daily anomalies of three keyplesria
meridional wind at 850 hPa, zonal wind at 850 hPa, and specific humidity at 925 hPa. These
predictors were selected based on prior research in predictor selection for seasonal rainfall
averages (Sanfilippo et al., 2022). Future research could bdrwafitsystematically testing
additional precipitationrelated predictors to identify the most effective combination of
variables. For the purposes of this study, the chosen predictors proved adequate.

While the reconstruction process effectivalgptured the average weteason rainfall
across the historical period, it consistently underestimated the yearly signal at the local scale,
leading to reduced yeato-year variability. This outcome is expected, as the reconstruction
relies on 20 average farns, limiting its ability to capture anomalous rainfall events that
deviate significantly from the means. As such, the process is suitable ferdongverages but
should be applied cautiously for reproducing time series.

There are potential ways tandance the representation of yedén-year variability. One
approach is to increase the number of SOM nodes, allowing more extreme events to be isolated
within separate nodes instead of being averaged into existing ones. However, this improvement
could intoduce additional patterns that may be challenging to interpret physically. Another
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option is to artificially increase variability by using actual daily rainfall patterns instead of node
averages. For example, rather than using the average pattern foreaeeNBatching Unit

(BMU), one could randomly select a specific day from the set of days corresponding to that
node. This method could generate a random ensemble (e.g., 1,000 selections), with 95%
confidence intervals representing the most likely range alydzariability for a given location.

This study demonstrates the connections between changing atmospheric circulation
patterns and local rainfall in Hawaii. The projected decline in disturbance related nodes,
particularlyKonalows, raises significant coarns regarding future water availability in leeward
regions. As research continues to evolve, it is crucial to foster collaboration across studies and
refine downscaling methodologies tailored to the unique climatic conditions of Hawaii.
Ultimately, a corprehensive understanding of these dynamics will be vital for safeguarding the

islands’ water resources and ensuring resilience.

2.5 Summary and Conclusions
In this study, the variability in rainfadissociated circulation patterns defined by anomalous
specifc humidity (950 hPa) and wind (850 hPa) was examined using a 5 x 4 SOM. Resulting
frequency patterns of the ERAfined SOM showed that distinct anomaly patterns occurred
with differing frequencies and the continuum of patterns could be well represenyetthéd 20
nodes. Low QE indicated that the SOM was successful in assigning each input to its BMU and
low TE indicated the SOM was able to preserve the topological structure of the data, with
similar patterns located close to each other on the #imensionagrid. High mean spatial
correlation between input daily patterns and node mean patterns provided further evidence
that the SOM was able to organize patterns well and represent the full continuum of spatial
daily circulation anomalies with the selectedminer of nodes. Validation of the SOM using the
test dataset resulted in similar QE and TE metrics to the training dataset and high spatial
correlations between the test data and the mean node patterns, demonstrating that the SOM
generalizes well to unseatata with error similar to that of the training dataset.

Next, the SOM nodes were connected to disturbance type and gridded rainfall data. An
analysis of the 5 x 4 SOM results showed that high frequency nodes coincided with nodes that
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showed a typical trde-wind circulation pattern, a highehan-average frequency of nen
disturbance days, and a rainfall structure associated with trade amidded orographic rainfall.
Nodes occupying the left side of the SOM had lower frequency of occurrence indicating rare
patterns, were associated with circulation patterns indicative of apoassure system to the
WNW of the island chain, showed a higltean-average frequency dfonalow events, and
resulted in heavy daily rainfall occurring on both the windward and/égd sides of islands.
Nodes occupying much of the bottom row and right column of the SOM showed reversed wind
patterns from the average conditions of the region, with dry air masses moving towards the
islands from the mid latitudes. These nodes displagduigherthan-average frequency of
crossing and nowrossing fronts and rainfall patterns that differed from the typical orographic
rainfall occurring on the northeastern slopes of islands, suggesting significant amounts of
disturbance driven rainfall. Nes displaying a highghan average frequency of netrossing
fronts showed lower average rainfall amounts than that of falisturbance type nodes, which
was expected due to the nature of these types of fronts.

The SOM was then used to analyze chang€MiP projected circulation anomalies.
The CMIP6 circulation anomalies for the reference period (X28U05) were projected onto
the SOM to assess how well each model could represent the ERA5 data. All seven GCMs
showed high spatial correlation in averagede patterns and similar node frequencies. After
confirming that the CMIP6 model data did not significantly differ from the reanalysis dataset,
the SOM was applied to future (20-2099) CMIP6 circulation anomalies to determine future
shifts in node frequecies. Node frequency changes were determined for each GCM by
subtracting the reference period node frequencies from the future period node frequencies.
Themulti-modelnode frequency change was determined by averaging the frequency changes
of the seven GKzs.

The multtmodel frequency changes show increases in nodes [1,3] (+9.24%), [3,0]
(+10.12%) and [3,3] (16%). Nodes [1,3] and [3,3] represent typical northeasterly trade wind
patterns associated with nedisturbance days, producing the heaviest raindéding the
windward sides of islands, with minimal to no rainfall in other areas. Node [3,0] exhibits a
slightly aboveaverage frequency of nearossing fronts (12% higher than expected), which
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typically disrupt trade winds and result in little to no rih. The average rafall maximum for
the days grouped into thisodeis 16 mm. These findings suggest a projected 25% increase in
the frequency of nordisturbance days withainfall limited toorographicareason windward
slopes. A 10% increase in norssing front events could result in the islands experiencing
more frequent days with limited or no rainfall.

The multtmodel frequency changes reveal decreases in several nodes:-[R® %),
[0,1] (-8.03%), [0,3]-8.71%), [1,0]-8.7%), [2,2]13.17%, [4,1] €5.15%), [4,2]-7.67%), and
[4,3] (11.36%). Nodes [0,0], [0,1], and [0,3] depict{pressure systems to the WNW of the
island chain, corresponding to anomalously high occurrences of kona low events. Notably, Node
[3,3] shows a 28% higher fregucy ofKonalows, with heavy rainfall concentrated on the
northernmostislands h ~ I Kdz I YIRY R I A8 S&F NR NI Ay Frff 2y h~ I K
Nodes [0,0] and [0,1] exhibit unusual rainfall patterns, with precipitation on both the windward
and leeward ®les of all islands. The reduced frequency of these nodes suggests a possible
decline in the frequency dfonalow events, which typically bring heavy rainfall to the leeward
sides of the islands. Sink®nalows are a key driver of precipitation in leewlaareas, a decline
in these events could exacerbate already dry and droyogbte conditions.

Node [1,0] is linked to an unusually high number of frontal passages and leeward
NFAYFEEEZ LI NODAOdzZ NI &8 2y h~™ I Kdzod similaNdpRotzO 0 A 2 Y
as the decline ilKonalows. Node [4,1] is also associated with frequent frontal activity, but its
rainfall patterns align with typical windward precipitation, making the potential impacts of its
decreased frequency less interpretable.

Nodes [2,2], [4,2], and [4,3] are not strongly associated with any specific disturbance
type or atypical rainfall pattern, leaving the implications of their frequency changes unclear.
While Node [2,2] seems to be associated with ftlisturbance days, furtharesearch is needed
to understand how these nedisturbance days differ from those in neighboring nodes and why
[2,2] shows a decline in frequency while other Agisturbance nodes increase.

Despite these findings, there is considerable variability amondeinorojections for several

nodes. However, there is strong agreement (90%) for nodes [0,1] and [0,3], and moderate

agreement (75%) for nodes [0,0], [1,3], and [2,2]. With the exception of nodes [1,3] and [2,2],
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these nodes represent rainfgroducing diturbances, indicating a possible decline in the
frequency of such disturbances by the end of the century.

The node mean rainfall patterns were used to reconstruct wet season rainfall for both
historical and future periods. A comparison between gridded oleenal rainfall and
NEO2YyaiGNHZOGSR NIAYyTFIff F2NJ GKS NBFSNBYyOS LISNR
high spatial correlation (0.999), low RMSE (14.2), and low MAE (9.99). This reconstruction
approach was then applied to each GCM for bothrgference and future periods.

For each period, the average total wet season rainfall was determined by calculating the mean
across the years in the period. The change in future wet season rainfall was computed by
subtracting the reference period mean raatiffrom the future mean rainfall for each GCM.
Finally, themulti-modelmean change in future rainfall was derived by averaging the rainfall
changes across all seven GCMs.

The analysis of future rainfall changes revealed several key insights. Fistogbeted
changes are highly dependent on the choice of GCM, withrthki-modelmean smoothing
out the variability seen across individual models. There is limited consensus among the GCMs
regarding both the direction and magnitude of change. Several models project anvsided
drying trend, while others indicate increased rainfallvindward areas, which already receive
the most precipitation. Notably, six out of seven GCMs project drying in the leeward regions,
aligning with earlier findings that suggest a reductioionalows and other rainfalproducing
disturbances that typilly bring precipitation to these areas. The projected drying of leeward
regions has significant implications for water availability, ecosystems, and agriculture in areas
already prone to dryness and drought.

The rainfall time series for the reference afudure periods were reconstructed at the
four selected locations. No clear trends emerged between the two periods, nor were any
systematic differences observed between windward and leeward locations. The time series
revealed that, some temporal variabylits lost through the reconstruction process.
Additionally, there is significant variation in the reconstructed time series across different

GCMs. As previously noted, the reconstruction performed poorly at all four stations from 2002
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to 2004, highlightinghe need for further research to understand the factors contributing to

these discrepancies.
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CHAPTER 3:EVALUATING REGRESSBBNED STATISTICAL DOWNSCALING METHODS FOR
{9V {hb![ w!LbC![[ twhwWo/ ¢Lhb{ Lb

3.0 Abstract

As technology and modeling approaches grow increasingly sophisticated, the limitations of
these methods must be recognized when applied to specific problems. Traditional rainfall
downscaling techniques have been criticized for oversimplifying factoremding

precipitation However, when datarelimited, overly complex models can actually reduce
predictive skill rather than enhance Tthis study statistically downscaled seasonal rainfall over
the Hawaiian Islands using two regressimased methods multiple linear regression (MLR)

and generalized additive models (GAMInd comparedheir performance. Both methods

were applied to generate lat21stcentury rainfall projections from 12 CMIP5 General
Circulation Models (GCMs). While GAM more effectively captureg@ehgon variability and
localized rainfall patterns, its overall skifiprovement relative to MLR was mode$he

potential advanages of GAM were limited by the short training dataset available for the region.
Results differed significantly across methods and GCMs, with GAM projectitey dist

seasons and more rainfall on windward slopes, while both methods indicated drying on leeward
sides. Som&CMgroduced unrealistic negative precipitation values, requiring post
processing. In these cases, this correction significantly alteredtsebidhlighting the

importance of careful model screening. These findings underscore the need to consider both
methodological and model uncertainty in downscaled climate projections, suggesting that
ensembles of downscaling approaches and carefully ssde@GCMs should be used to better

informdecisiorY' I 1T Ay 3 AY 1| g A WA ®
3.1 Introduction

Downscaling precipitation, especially in regions with complex terrain, is a challenging and often
locationspecific task that has led to the development and fineing of nunerous methods.

Obtaining realisticegionalprojections of precipitations especially critical iplaceslike

| F 6 A AX ¢6KSNB NIAYyFLIEf OKFIy3aSa Oly KI @S &dza
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sensitive ecosystems, amaiportant planning and mangement decisions (Frazier et,&022;
2023 Karnauskas et aR016).Thus, improvinglimatedownscaling for th&&ate of Hawali is

not only a significant scientific challenge, but also a critical need for effective future planning.

While dynamical downsding represents atmospheric physics in detail, its high
computational cost often motivates modelers to seek more efficient statistical alternatives
(Wilby et al, 2004;Xu et al, 2019; Zhang et gl2020).Dynamical downscaling is not without its
own uncertainties, which can arise from errors in the driving G@lvhdary conditions, choices
in physical parameterizations, and the limitations of model resolut&iatistical downscaling
methods are generally guped into weather generators, analog methods, and regression
techniques (Gutiérrez et aR013). Regression methods, ranging from simple bias correction to
advanced models like Artificial Neural Networks (ANNS), establish linear or nonlinear
relationships between largescale predictors (e.g., humidity, wind) and leseéle predictands
(e.g., precipitation, temperatureNilby & Wigley1997).The skill of such approaches depends
heavily on the availability and quality of higisolution observational data for the predictands,
which are essential both for model training and for accurately representing local climate

variability.

These approaches can improve precipitation estimates by relying on carefully selected
predictors rather than th&eneral @culation Model (GCM) -simulated target variable directly,
addressing GCMs' known difficulties in simulating regional precipitation (Flatg 2058).

Several studies have compared the performance of different subsets of statistical downscaling
model types for various regns Burger et al., 2012; Gutmann et al., 2Q0Hé€ssain et al., 2019;
Vandal et al., 2017). However, there is a lack of consensus atinesg studies regarding which
statistical model performs best, suggesting that the performance of downscaling msdels
influenced by numerous factaorssuch as regional characteristics and the availability ofdata

making it difficult to draw generalizable conclusiovdely used statistical downscaling

LINE RdzOG ax adzOK | a [ hDAP30, provide lglabal bryfCRN&tEle { | Q& b 9 -

projections using varying methodologies, yet their performance can differ substantially by

location. For example, Fortini et al. (2017120 compared multiple globally downscaled
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rainfall patterns, further underscoring the need for regispecific evaluation.

w»
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sharp spatial gradients rainfall (Giambelluca et aR013), making the region particularly
difficult to model using coarseesolution GCMs (Lauer et &013). Moreover, dugéo complex
RNAOBSNE 2F NIAYyFLEEE AY 1 F6FA~A | yRculalg SEGNBY
capturing rainfall patterns in downscaling models has remained a significant challenge. These
difficulties are further compounded by the limited coordination among downscaling studies and
the underrepresentation of the Hawaiian Islands in natia@lvnscaling initiativege.g.,

CORDEX, LOCwhich have largely prioritized the contiguous United StéB=sile et a).2024)

While a few dynamical downscaling studies have been conducted (e.g., Lauer et al.
2013 Xu et al., 2020Zhang et aJ.2019, most have relied on the pseudyobal warming
(PGW) approach, with the exception of Fandrich et al. (202@)\assumes changes are purely
thermodynamic and neglects dynamical factors. These-feghlution simulations require
substantial computational resources and technical expertisetihg their application.
Statistical downscaling experiments havés Sy 02 y RdzO( S RmuktigleNihehr - ¢+ A~ A dz
regression LR to project future rainfall (Elison Timm et &2015; Timm & Dig2009).MLR
has been widely used in downscaling hydrological features and has demonstrated strong
performance in various regions (Goyal & Ojha, 2010). While the simplicity of use and
interpretation of MLR is an attractive feature,stalso a source of criticism, as linear models
assume dixedlinear relationship between predictors and predictands, which may not always
be the case. For example, precipitation and temperature do not alwihgsge linearlyvith
elevation changeg(g., Elison Timp2017). Unlike linear models, nonlinear models do not
assume linear relationships between predictors and predictands and have become increasingly
popular in downscaling precipitation due to this capability. One such model, the Generalized
Additive Model (GAM), allows data to be modeled flexibly by incorporating smoothing

parameters for each of the predictors. In other words, GAMs do not assume a fixed functional
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form, but adjust the influence of each predictor based on the data (H&sTidshiranj1987;
Wood, 2017).

l f 6K2dzZ3K R2gyaOl f AaéArogessadSit-stliags behiyid nhtiondlleffoftsh K
highlighting the need for greater attention, targeted research, and locally relevant results.

Many existing studies rely on linear statistical downscaling models, which may not adequately
capture nonlirear relationships between larggcale climate drivers and local precipitation.

Such limitations can lead to reduced predictive skill, particularly in complex topographic
aStdiday3aa tA1S 1IgrA AT YR OFy AyluMBRBIzZOS 20KS
negative precipitation in future scenarios) and inflated uncertainty when combining projections

from multiple GCMs. Additionally, limited higasolution observational data for model training

can further constrain accuracy and robustness.
Objective Statement:

This study explores the use of GAMs as a more flexible statistical downscaling approach to

better capture local clim& Re&y Il YAO&a AY | A~ Ad . dzZAf RAYy3 2V
2015; Sanfilippo et al. 2022his studygenerates new projections of future precipitation in

Hawaii andinvestigates how different regression methods afféet results incuding: (1

whether nonlinear methods improve crosalidation performance relative to linear modelg) (

the extent to which downscaling methods avoid unphysical extrapolation; &nub(v model

choice affects muktimodel GCM downscaled uncertainty
3.2 Data and Methods
3.2.1 Study Area

TheHawaiian Islands (18.€22.24°N, 160.25154.8°W) lie within the northeasterly trade wind

regime and feature a diverse topography, with elevations ranging from sea level to 4,205

meters (Giambelluca et al. 2013). Trade winds, which are present about 86&\afar (Garza

et al. 2012), drive orographic rainfall in Hawhy forcing moist air ugvindward slopes

(Sanderson 1998 ¢ KSaS YSOKIyAavya akKlkLS GKS yydz £ LI

wetter windward and drier leewardides of island6S&K N2 SRS NJ mdppo 0 ® | | 61 A WA Q
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characterized by a wet (Novemlagpril) and dry season (Mg§ctober).While the dry season
is dominated by strong trade winds and orographic lifting (Norton et al., 2011), the wet season
is influenced by largscale diturbances likeKonalows, midlatitude fronts, and upper

atmosphere disturbances (Caruso & Businger, 2006; Giambelluca et al., PRi$3tudy

T20dza8a 2y dldzZh ABMRA LEE H dERS ' PIf 8hdXEl WaeSEdiBg R [ ny | ¢

YIK2W2F [WASKH W RRAEZS, 62 AyadzFFAOASYdG RIEGE®
3.2.2 Data
3.2.2.1 PrecipitationObservations

Rainfall observations from a network of Hawaiian rain gauge stations (Giambelluca et al., 2013;
Longman et al., 2018) were used asaaning andreference dataset. The dataseiciudes gap

filled monthly values from 19&@2007. Thesenonthly datawere aggregated into wet
(NovembecApril) and dry (MagOctober) seasonal means. Stations with five or more missing
monthly values were excluded, resulting in 903 stations for the wet seasdr851for the dry

season
3.2.2.2 Reanalysis Data

Predictor variable¢Table 3)were sourced from the NCEP/NCAR reanalysis dataset (Kalnay et
al., 1996)n order to stay consistdrwith earlier studies (Elison Timm et al., 20 8anfilippo et

al., 2022) which has a 2.5° x 2.5° resolution &&lvertical levels. The study domain was
(180°K240°E, 10°@0°N)to encompass components atmosphericcirculationthat influence

local weather in Hawaibut originate in themid-latitudes.Data were at a monthly resolution,

with derived variables like wind and humidity products calculated accordikigigthly values

were aggregated into seasonal valdes 1980-2007.
3.2.2.3 GeneralCircuation Model Data
Predictor variablegTable 3.2jor the reference (198@007) and future (200@2100) rainfall

simulations were sourced from XBeneral Circulation Models (GCMsble3.1) from the Fifth

Coupled Model Intercomparisddroject CMIPY. GCMs were selected based the availability
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of required predictor variables, simulation type, monthly time step, and time period, with

CMIP5 data used to maintain consistency with earlier work (Elison Timm et al., 2015; Sanfilippo
et al., 2022)Representation Concentration Pathw@dCP) 4.5 was used for the future

simulations a moderate ggenhouse gasraissiondrajectory. Monthly values were aggregated
seasonallyor the wet and dry seasomhe GCM dataere regridded using bilinear

interpolationto match the resolution of the reanalysis data.

Table3.1 List of General Circulation Models (GCMs) used in this studsheimrdriginating

institutions.
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CMIP5 Model

ACCESS&A

CanESM2
CMCE&CM
CMCECMS
GFDLCM3

GFDIESM2G
GFDEESM2M
inmcm4
IPSECM5ALR
IPSECM5AMR

MIROCESM
CHEM

MIROGESM

MIROCS5

MPI-ESMMR
MRICGCM3

NorESMiM

3.2.3 Methods

Modeling Institution
Center
CSIREBOM CSIRO (Commonwealth Scientific and Industrial Research
Organisation, Australia), and BOM (Bureau of Meteorology,
Australia)
CCCMa Canadian Centre for Climate Modelling and Analysis
CMCC Centro EureMediterraneo per | Cambiamenti Climatici
CMCC Centro EureMediterraneo per | Cambiamenti Climatici
NOAA GFDI Geophysical Fluid Dynamics Laboratory
NOAA GFD| Geophysical Fluid Dynamics Laboratory
NOAA GFDI Geophysical Fluid Dynamics Laboratory
INM Institute for Numerical Mathematics
IPSL Institut PierreSimon Laplace
IPSL Institut PierreSimon Laplace

MIROC  Japan Agency favlarine-Earth Science and Technology, Atmosph
and Ocean Research Institute (The University of Tokyo), and Na

Institute for Environmental Studies

MIROC  Japan Agency for Maririearth Science and Technology, Atmosph
and Ocean Researchstitute (The University of Tokyo), and Natior

Institute for Environmental Studies

MIROC  Atmosphere and Ocean Research Institute (The University of To
National Institute for Environmental Studies, and Japan Agency

Marine-Earth Science anflechnology

MPFM Max Planck Institute for Meteorology (MPI)
MRI Meteorological Research Institute
NCC Norwegian Climate Centre

3.2.3.1 Modeling Rainfall with Multiple Linear Regression (MLR)
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Following the approach @anfilippoet al. (2@2), future rainfall projections werstatistically
downscaledr 2 NJ | | ¢ | A (Pbjectiadsiwgra comd[ictedseparatelyrfthe wet and dry
seasons Prindgpal ComponenAnalysis (PCA) was ugededuce the dimensionality of the
rainfall observatios, and éur leading principal componerfPC)Yime serieswvereretainedas

the predidand time seies, representing 8% of thevariabilityin the wet season an@9% ofthe
variability in thedry season Thespatial badingpatterns associatewith the four leading PCs
for the wet season (FigureB}.and dry season (Figure2pwere used to construct the projected

spatial patterns of rainfall change in the future scenarios.

a. wet, PC1 b. wet, PC2
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Figure3.1 The plotted spatial loadings for the Hawaiian Islands for wet (a) PC1, (b) P@Z3 (c) P
and (d) PC4. These maps were made through simple surface spline interpolation of the values

at station coordinates for illustrative purposes only.
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a.dry, PC1 b. dry, PC2
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Figure3.2 The plotted spatial loadings for the Hawaiian Islands for dry seas®&C)(b) PC2,
(c) PC3 and (d) PC4. These maps were made through simple surface spline interpolation of the
values at station coordinates for illustrative purposes only.

For each seasoyfour distinct sets of predictorflable 3.2were used tanodelthe PC
time series of the rainfall. The predicteariables were selected based their high relevance
from previous screening/ork (Sanfilippo et al2022).As eacHPC represersta differentpattern
extractedfrom the rainfdl obsewations Sanfilippo et al(2022)found thatinfluential predctor
variables difered by PC as Was by seson. Althoughmultiple sets d high-skill predictor
variableswere idertified for eatcy PQSanilippo et al., 2022)thisstudyuseda singleset of
predictorvariablesfor each PC in order to isolate the effects of the different regression

methods.

As inSanfilippo et al. (2022), Euclidean vector progtwas used to preprocess the
predictor vaiable inbrmationinto predictoranomaly time seriesFor eachPC the predit¢or
anomaly timeseries wereused in tke multiple linear regressiofMLR)to project thepredictard
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time series After projecting the four predictandime series, thdull rainfall fields were

reconstructed by combining theredictand time seriesvith their corresponding eigenvectors
following Equation 3.1
Y B Y 0 [3.1]

wherethe rainfall dataseRwith dimensias time(i) x spacejj wasreconstructed by
multiplying the principal component time series matiind the transpose of the spatial
loadings matriX). Each ainfall value at time and locationj is given bythe sum over the four

principal componerg () of the product between the time seriesluas andspatial badings.

Further details on the data processing for the predictor variables, applicafitme
MLR, and rainfall reconstruction methods can be found in Sanfilippo et al. (Z2022).
regression malelshandleprecipitationin millimeters The average rainfall fohie latecentury
period (2070 to 2100yascompared to the reference period (1980 to 20@nd unit of

rainfall were translated to @rcentage unit§Equation3.2).
0 Q1 OE®HD QQ —— wp T [3.2]

In Equatior8.2, Ris the mean rainfall projected for the end of the century anis fhe average

referenceperiod rainfall.

Projections were performed separately for each GCM. Models were considered
unreliable and excluded if they exhibited inconsistencies in predictbaber (e.g., unrealistic
trends or discontinuities) or produced extreme rainfall projections exceedil@§. After

excluding outliers, a muknodel mean change in rainfall was calculated for each station.

Table3.1 The predictor variables used to model each of the four leagmcipal component

(PQ time series of the rainfall for each seag@anfilippo et a).2022)

PC1 PC2 PC3 PC4
Wet Air Omega(500 hPa) | Geopotential Air Temperature (2
season Temperature (2 Height (500) + m)+ Air
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m) + Omega

Omega(500 hPa)

Temperature

hPaj) Potential
Temperature
Difference
(1000 hPa
minus 500 hPa)

Height (1000 hPa
+ Meridional
Moisture
Transport (700
hPa) +
Precipitable
Water + Specific
Humidity (700
hPa) + Specific
Humidity (925
hPa)

Temperature
Difference (1000
hPa minus 850
hPa) +
Precipitable
Water

(500 hPa) + Specific Difference (1000
Zonal Moisture Humidity (925 hPa minus 500 hPa
Transport (700 hPa) + Meridional
hPa) Moisture Transport
(925 hPa) +
Precipitable Water
Dry season| Omega(500 Geopotential Potential Air Temperature

Difference (1000
hPa minus 500 hPa
+ Meridional
Moisture Transport
(700 hPa) +
Potential
Temperature
Difference (1000
hPa minus 850 hPa
+ Specific Humidity
(700 hR) + Specific
Humidity (925 hPa)

3.2.3.2 Projecting Rainfall with Generalized Additive Models (GAM)

To explore the potential benefits of nonlinear regression for rainfall projection in Havn

same downscaling experiment described in Secti@33 was repeatd using Generalized

Additive Models (GAMS) in place of MLR. As before, projections desvascaledseparately

for the wet and dry seasons, using the same predictor varigblaisle 3.2)PC time series, and

reconstruction process.
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Theresponse variabl¥ (PCtime seres) is estimated by th& AMfunction structured as follows

(Fquation 33; Wood, 2017)

® I QO Qo 88oe - [3.3]
whereeach smooth ternof the GAM'Q & is expressed using basis functions:

QO B 6 & ] [34]

where 6  are the bass functions of whicliis composed, are the coefficientso

edimate, andy is the number of basis functions for predicfor

The totd number ofparametersP of the GAMfunction canbe calculated agEquation 35):

0 p B [3.5]
where0 is the number of basis functions (degrees of freedom) for each smooth@rm

To ensure a fair comparison between GAM afidR both experimentsused the same
set ofpredictors and preprocessing steps. However, GAM requires more data to estimate its
additional parameters. Given the limited trainingrpmel (198®2007), the smoothness of each

term was constrained by setting the number of basis functions T to avoid overfitting.

This restrictionin basis function§ A YA G SR (G(KS Y2RSt Qa FfSEAOAf AGE

to fully capture nonlinear relationships between predictors and rainfall.
3.2.3.3 Leaveone-out QossValidation

Leaveone-out crossvalidation (LOOCV) was used to assess énpnance of the modeling
approaches. For each modeling technique, one year of data was withheld, and the model was
trained on the remaining years. The withheld year was then used to predict the corresponding
PC time series value. This procedure was reggefor every year in the dataset and for each of
the four leading PCs. Using the predicted PC values and eigenvector information, the full

temporal and spatial rainfall fields were reconstructed for the reference period. To evaluate
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model performance, theoefficient of determination (R2) was calculated between the observed

and reconstructed rainfall time series at each station.
3.2.3.4 Assessing Intevlodel Variability

The coefficient of variation (CV) was used to assess patterns of disagreement among GCMs for
each seasaoriThe CV is defined as the ratio of the standard devidticimne mean, expressed as

a percentage, and provides a normalized measure of variability that facilitates comparison
across regions with different mean rainfall amounts. CV was selected over the standard
deviation (SD) because SD values are inherentlgidangvetter regions and smaller in drier

regions, which can obscure relative differences in model agreement.

3.2.3.5 Postprocessing Negative Precipitation Values

Due to the nature of regression models, the future projections using both MLRARd G
techniquesproducedsome physically unrealistic negative precipitat{@r unites of the
regressedrecipitationin millimeters). This raised concerns that seasonal rainfall in the future
period may be underestimated, potentially leading to an overestimation of changes in rainfall
when comparedo the reference period. Similar issues have been reported in other studies,
where regression methods performed poorly compared to alternative statistical approaches,
primarily due to their inability to constrain precipitation to physically meaningfulea{Goly et
al., 2014; Zhu & Luo, 2015).

To address this, we s#te negativeprecipitationvalues in nilimetersto zero, a simple
and commonly used correction in pestocessing results (Goly et al., 2014; Zhu & Luo, 2015;
Robertson et al., 2023). To assess the impagostprocessing, we compared the future
percent change in rainfall derived from the adjusted data with that from the raw data,

evaluating how the correction affected the interpretation of overall rainfall changes.
3.2.3.6 Comparison of MLR and GAM Projections

The differences in projections due to the choice of regression method were evaluated using a

KolmogorogSmirnov (KS) test applied to the yearly projected rainfall data at each station
90



(Massey1951; Conoverl999). The KS test is a nparametric method, reaning it does not
assume normality in the rainfall distribution. Because the test is unpaired, it treats the MLR and
GAM projections as independent samples, without requiring a consistent temporal structure
between the two. Unlike other tests that focus differences in the mean or median (e.g. t

test, Wilcoxon signed rank test), the KS test detects broader differences in the shape of the
distribution. The null hypothesis assumes that the two samples come from the same
distribution, while the alternativdaypothesis suggests that the samples originate from different
distributions. A significance thresholdf ' washuseul to determine whether to reject the

null hypothesis. The KS test is performed for each GCM individually to isolate the differences

between regression methods while accounting for irteodel variability.

To evaluate whether the GCM distributionrakanprojected rainfall changes differed
significantly between regression methods at each station, we applfrad Wilcoxon signed
rank test(Hollander et al.2014 Wilcoxon 1945. This nonparametric test is specifically
designed for paired datamaking it appropriate in this context, where each GCM provides two
directly comparable estimates: one using MLR and one using GAM. At each station, the mean
projected change in rainfall (computed as the mean difference betweeroéegntury and
referenceperiod means) was calculated separately for each GCM and each regression method.
These GCMpecific projections were paired by GCM to compare the two methods. A
AAIYATAOLYOS S¢St 2F h ' nonp 61 & Ff&az2 | LILIX A
method tended to produce systematically wetter or drier future projections relative to the

other.
3.3 Results
3.3.1 Performance of MLR

The LOOCV results for the statibased downscaling using the multiple linear regression (MLR)
model indicated moderate predictive dermance. During the wet seasor? Vilues ranged
from O to 0.67, with an average of 0.@8gure 33a). Performance during the dry season was

lower and more variable, with’Ralues between 0 and 0.50 and an average of 0.u(€i
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3.3b). The spatial distribution showed higr R@ I f dzSa 2y GKS f SSgF NR &AARS
l Y R hcdnipétettto the windward sideuring the wetseasot | F 6 A~ A L&fl yR St
Y2RSNI GS G2 Y2RSNIGSte KAIK QI fdSa 2vakedl s ¢
compared to both the other islandBuring the dry season?Ralues were lower across all
AdafllyRAZ LI NIAOdzZ NI & 2y GUKS tSSgFNR aARS 27
zero(Figure 33b).
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Figure3.3 Calculated Rvalues between thenultiple linear regressionLR -basedleaveone-
out cross validatiofLOOCYprojections of rainfall and the observation rainfall dataset for the
wet (a) and dry (b) seasons.

3.3.2 Performance of GAM

The LOOCYV results for the GAM also indicated moderate predictive skill. In the wet,9€aso

values ranged from 0.25 to 0.60, with an average of 0.36. Dry season performance was slightly
higher on average than for MLR, withvalues ranging from 0 to 0.60 and an average of 0.28

(Figire 3.4). Spatially, the highest?Ralues for GAM were genehalfound on the windward side

2F 1 FgFrA~ A LatkryRE Fy FNBF OKIFNIYOGSNAT SR o6& O
GAM model showed fewer neaero values during the dry season, suggesting improved

performance during drier months.
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Hgure 3.4 Same as Figui@3, but forgeneralized aditive models(GAM.

When comparing the Rralues from the GAM and MLR LOOCYV results, the wet season
(Figures 3.5a) shows minimal differences between the two models. In contrast, the dry season
(Fgures 3.5b) reveals that the GAM model consistently outperforms the MLR model across
severalregomsY2aild y2Glo0fée 2y GKS 6AYyRgFINR aiARS 27F |
| g A~ A LAfFYRYI 020K Y2RSf & LISNJF2ppdsiteda A YAT | NI &
pattern: GAM performs better on the leeward side, while differences on the windward side are

minimal.
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Figure3.5 The difference in Rralues between GAM and MLR LOOCYV results for the (agnaet

(b) dry season.

3.3.3 Analysis of Future Projections using MLR

Future change in average rainfall was calculated for the@rzkentury time period (fgures

3.6-3.8). Due to unrealistic extreme projections in rainfall change, tendency to project negative
rainfallvalues, and temporal inconsistencies in predictor variable time series, the following
models were removed from any further analysis: RM5ALR; IPSCM5AMR; MIROESM
CHEM; and MIRGESM.

Projected change in rainfall was calculated for the wetuif€i§.6) and dry seasons
(Figure 3.7) following Equatior8.1. The direction and magnitude of rainfall change differed
between GCMs. During the wet season, some models (e.g., NorEISREDIESM2G, MPI
ESMMR) showed widespread decreases in rainfall, whiteers (e.g., CMGCM, MRICGCN3)
AK26SR AYONBIFrasSa Ay a2YS FNBIFAX LI NIAOdz | NI &
Regional patterns (e.g., windwateeward difference, islan@ide trends) were also GCM
dependent. Despitgeneralwide inter-model varability, projection of drying trends along the

leeward sides of islands during both seaswas reasonably consistent acrosG\G.
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Rainfall Change (2070-2100)
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Figure3.6 MLRbased projections of endf-century percent rainfall change for a) ACCESSL1.3; b)
CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CMS3; f) GFDL.ESM2G; g) GFDL.ESM2M; h)
MIROCS; i) MPL.LESM.MR; j) MRI.CGCMS; k) NorESM1.M; and ) NorESM1.ME for the wet season
(Novemberg April), slowing changes between the future period (2@2099) and the
reference period (198¢2007).

During thedry season (Fige 3.8), nearly all GCMs exhibited a similar dipole structare
the wet season results, with most GCMs showing leeward decreases and windward increases in
rainfall. Therewvasless disagreement among GCMslry seasn resultscomparedwith the wet
season. Mny models (e.g., ACCESSCMCE&M, CanESM2) showed very ladgereases
during dry seasonespecially on the leeward sislef islandsThese high percentage values can
be misleading, partly because these areas already receive very little rainfall during the dry
season. Wan the baseline is so low, even small changes in actual rainfall (in millimeters) can

result in large percentage changes, exaggerating the visual impact. Other GCMs (e.g., GFDL
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ESM2M, MIROCS5) showed little change in rainfall across the state.

Rainfall Change (2070-2100)
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Figure3.7 MLRbased projections of endf-century percent rainfall change for a) ACCESSL1.3; b)
CanESM2; ¢) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M:; h)
MIROCS; i) MPI.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and 1) NorESM1.Méjareidson
(May ¢ October) slowing changes between the future period (2@2099)and the reference
period (198@2007).

FHgure 3.8 shows the multimodel mean percent change in rainfall by the end of the
century for the wet (a) and dry (b) seasons. Although averaging across models smooths out the
extremes of individual GCMs, a clear and consistent pattern emerged for botbnsedoth
seasons show widespread drying across all islands with the exception of the windward side of
| g A~ A LAfFYRYI gKAOK NBYIAya NBflIGA@Ste 6Si
the dry season is a localized area of projected wettifigoil KS f SSgI NR aARS 27

magnitude of this increase is amplified by the low baseline rainfall in that area, the wetting
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pattern appears consistently across several GCMs and is evident in themodkl mean. In

contrast, all other islands sk robust drying across their leeward regions in both seasons.

Multi-Model Mean Rainfall Change (2070-2100) % Multi-Model Mean Rainfall Change (2070-2100)

A : B I

IZC

Figure3.8 Multi-model means of enaf-century MLRbased projected rainfall change for the a)

wet and b) dry seasons, showing differences between the future period (208@) ard the

reference period (198¢2007).
During the wet season, the greatest irterodel disagreement occurs over the high

St 8Pl iArz2y INBILaE 2F I F6FA A LA&EFYR FYR AY

coefficient ofvariation values (Figure9. In the dry season, overallsdigreement is lower;
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however, certaimreassuch as leeward Magxhibit notably higher variability compared to the

wet season.

Figure3.9 Spatial distribution of intemodel variability in MLfRased projected rainfafbr the
wet (a) and dry (b) seasoHligher values indicate greater disagreement among models,
reflectinghigher uncertainty in future rainfall predictions. Note that the veetd dryseason

color scales are not the same.

3.3.4 Analysis of Future Projections using GAM

Projected change in rainfall was also calculated for the weti(€i§10) and dryseasons

(Figure 311) using the GAM. Again, the direction and magnitude of rainfall change differed
significantly between models. During the wet season, some models (e.g., NotdSERADL
ESM2G) showed widespread decreases in rainfall, while others (e.g.;CMOQIRICGCM3)
showed widespread increasésigure3.10). Notably, these are many of the same models that
showed similar trends when using MliRjicatingthat these patterns are related t6CM
dynamics and representation of future chang@sher regional patterns were atsGCM
dependent for the GAM projections. Again, leeward sides of islands during the wet season
tended to show drying trends or no change despite high imtedel variability. Unlike the MLR
projections, the dry season did not show this trend and actualbn®d increases in rainfall in

many leeward regions for several GCffAigyure 3.1).
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Rainfall Change (2070-2100)
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Figure3.10 GAMbased projections of endf-centurypercent rainfall change for a) ACCESSL1.3;
b) CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h)
MIROCS5; i) MPL.LESM.MR; j) MRI.CGCMS3; k) NorESM1.M; and |) NorESM1.MEdbsehson
(Novemberg April), showing changes between the future peri@d70;2099) and the
reference period (198¢2007).

The dry season projections show many areas of increased rainfall, especially in very dry

leeward regionsand many GCMs show little to no change in windwardaas@igure 3.1).
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Rainfall Change (2070-2100)
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Figure3.11 GAMbased projections of endf-century percent rainfall change for a) ACCESSL1.3;

b) CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h)
MIROCS; i) MPL.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and 1) NorESM1.Méjcretson

(May ¢ October) stowing changes between the future period (2@2099) and the reference

period (198@2007).

FHgure3.12 shows the multimodel mean percent change in rainfall by the end of the
century for the wet (a) and dry (b) seasons using the GAM. Inasirtb the MLR mukmodel
mean for the dry season, the GAM projects increased rainfall across the state. For the wet
season, the GAM pattern resembles that of the MLR, with decreases in rainfall over dry leeward
areas and increases over windward regiddswever, unlike the MLR results, the GAM shows
rainfall increases on windward areas of all islands during the wet season, rather than just on

g A~ A LatlyR®
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Figure3.12 Multi-model means of enaf-century GAMbased projected rainfall change for the
a) wet and b) dry seasons, showing differences between the future period 2099 and the
reference period (198¢2007).

The patterns of model disagreement for the GAM (F&R.13) were similar to those of
the MLR projections for the wet season, llifferent during the dry season. The watason
again showed moderate disagreement, with the largest value ofimedel disagreement over
highSt S@F GA2y I NBSFa 2F 1l gLA~A LatlyR IyR
was model disagreement over the leeward side of Maui duringiteeseason. The dry season
showed considerable disagreement between GCMs. While disagreement was highest over
leeward Maui when using MLR, it appears to be lowest over these regions when using the

GAM. In contrast, model disagreementery highover windward regions of all islands.
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Coefficient of Variation Coefficient of Variation

Figure3.13 Spatial distribution of intemodel variability in GAMbased projected rainfafbr
wet (a) and dry (b) seasondigher values indicate greater disagreement among models,
reflecting highemuncertainty in future rainfall predictions. Note that the watd dryseason
color scales are not the same.

3.3.5 Influence of Postprocessing on Future Projections

Figure3.14 shows the difference in projected percent change in wet seaaorall between

the raw MLR output and the pogirocessed MLR resulidter negative values were set to zero
andthe percent change wagcalculated For many GCMs (e.g., CMCKIS, GFDESM2M,
NorESMIME), the differences are negligible, suggesting these models do not produce many
negative rainfall values and yield similar reswitth or without postprocessing. In contrast,
differences are substantial and up to 50% for NESIMMR, indicating that this model

frequently produces negative rainfall values in the raw output. These unrealistic negative values
can skew percent change calations and lead to misleading projectiohsthe dry season

(Figure 3.B), differences between raw and peptocessed projeatins were generally smaller,

and MPIESMMR did not appear to produce negative rainfall.
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Figure3.14 Differencebetween raw and postprocessed future percent change in rainfall data
for each GCM in the wet season when using MLR. Future percent change is calculated by

comparing the future period (207R099) to the historical reference period980-2007).
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