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ABSTRACT 

wŜƭƛŀōƭŜ ǊŜƎƛƻƴŀƭ ǊŀƛƴŦŀƭƭ ǇǊƻƧŜŎǘƛƻƴǎ ŀǊŜ ŎǊƛǘƛŎŀƭ ŦƻǊ ŜŦŦŜŎǘƛǾŜ ŎƭƛƳŀǘŜ ǇƭŀƴƴƛƴƎ ƛƴ Iŀǿŀƛ ƛΣ 

where the combination of complex topography and highly variable climate presents significant 

challenges for modeling efforts. ¦ƴƭƛƪŜ ǘƘŜ ŎƻƴǘƛƴŜƴǘŀƭ ¦ƴƛǘŜŘ {ǘŀǘŜǎΣ Iŀǿŀƛ ƛ ƭŀŎƪǎ ŎƻƻǊŘƛƴŀǘŜŘΣ 

large-scale downscaling efforts, resulting in limited and inconsistent downscaled climate 

information. This dissertation addresses this gap by evaluating and comparing 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 high-resolution precipitation datasets to the growing suite of climate resources 

available for the Hawaiian Islands. 

Chapter 2 uses a self-organizing maps (SOM) framework to classify wet-season 

circulation patterns and examine how their frequencies may shift under CMIP6 projections. This 

method links large-scale atmospheric variability to local rainfall and generates a new set of end-

of-century precipitation projections (2070ς2100). Chapter 3 develops two additional projection 

sets using multiple linear regression (MLR) and generalized additive models (GAM) 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 downscaling tool, testing its performance using wind 

inputs from ERA5, WRF, and SOM-based reconstructions.  

Together, these studies demonstrate the critical role of method selection in shaping 

downscaled projections and emphasize the need for transparency and evaluation in regional 

climate modeling. By contributing new rainfall projections and comparative insights, this work 

supports more robust and regionally appropriate climate information for resilience planning in 

Iŀǿŀƛ ƛΦ 
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CHAPTER 1: INTRODUCTION  

wŜƎƛƻƴŀƭ tǊŜŎƛǇƛǘŀǘƛƻƴ /ƘŀƴƎŜ ƛƴ Iŀǿŀƛ ƛΥ ¢ǊŜƴŘǎΣ 9ȄǘǊŜƳŜǎΣ ŀƴŘ CǳǘǳǊŜ tǊƻƧŜŎǘƛƻƴǎ 
 
1.1 Introduction and Background 

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 patterns of annual precipitation as well as changes 

in precipitation extremes can lead to floods, droughts, threats to fresh water access, stress to 

sensitive ecosystems, reduced agricultural yields, and losses of property, infrastructure, and life 

(Kundzewicz et al., 2008; Seneviratne et al., 2021). In most cases, the initial resource for 

assessing climate change impacts are General Circulation 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 radiation, 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 generation of the Coupled Model Intercomparison 

Project (CMIP), as the representation of large-scale processes and biases in models are steadily 

improved upon (IPCC, 2021). As such, GCMs continue to be a critical tool for understanding 

future climate (IPCC, 2023). 

The precipitation response to warming can be broadly attributed to thermodynamic and 

dynamic mechanisms (Muller & hΩDƻǊƳŀƴ, 2011; Norris et al., 2021; Seager et al., 2010; 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; Dai, 2006; Held & Soden, 2006). Based on the ClausiusςClapeyron (CC) equation, 

a 1°C increase in temperature is expected to result in roughly a 7% increase in atmospheric 

moisture (e.g., Fischer & Knutti, нлмоΤ hΩDƻǊƳŀƴ Ŝǘ ŀƭΦ, 2009; Trenberth et al., 2007;). 

Importantly, it has been shown in several studies that global mean precipitation and 

evaporation does not directly scale with this increase in atmospheric moisture (Allen & Ingram, 

2002; Trenberth, 1998), and the sensitivity of annual mean precipitation to the increase in 
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temperature is significantly lower. Models show that precipitation extremes will likely increase 

at a faster rate than global mean precipitation, as the global mean precipitation is constrained 

by the global energy budget (Allen & Ingram, 2002). Some regional studies have shown 

different rates of increase between extreme events and mean precipitation (Wilby & 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 change (e.g., Li et al., 2019). A number of models show a rate of increase exceeding the 

Clausius-Clapeyron rate, termed super Clausius-Clapeyron, in the tropics (Allan & Soden, 2008; 

Berg et al., 2013; hΩDƻǊƳŀƴ Ŝǘ ŀƭΦ, 2009).  

Dynamic changes refer to changes in atmospheric circulation that influence 

precipitation patterns (e.g., Cai et al., 2012; Vecchi et al., 2006). These changes are independent 

of atmospheric moisture content and include phenomena such as shifts in large-scale wind 

patterns, storm tracks, and pressure systems. 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 (Lehmann et al., 2014; hΩDƻǊƳŀƴ Ŝǘ ŀƭΦ, 2010; Yin et al., 2005). However, these 

studies are inconclusive and there is a high level of uncertainty associated with projections of 

storm track changes (Catto et al., 2014). The IPCC (2021) maintains low confidence in 

projections of regional storm-track shifts, particularly in the Northern Hemisphere, citing 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 several studies have sought to partition thermodynamic and dynamic 

influences (Chadwick et al., 2013; Seager et al., 2010). While thermodynamic effects generally 

agree across models, dynamic changes remain a source of uncertainty in both future mean and 

extreme precipitation change with large intermodal differences (Dai et al., 2024; Held & Soden, 

2006). 

Regional climate change describes changes in the long-term climate of smaller 

geographical areas and is a result of the interactions between global climate changes and the 

specific characteristics of a place, such as latitude, elevation, proximity to oceans, and other 
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geographical features (Gutiérrez et al., 2021). Because GCMs are meant to represent the 

complete climate system, they provide some relevant information for regional climate change 

(Christensen et al., 2007). However, at the local scale, the climate change signal may not be 

fully represented, as GCMs are too coarse to include the interactions between large-scale 

circulation and local scale features. This is 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 (Ekström et al., 2015). 

Consequently, the global and regional climate response is consistent in some areas, but can 

vary dramatically in others (Christensen et al., 2007). Because of this, improved projections and 

evaluation of climate information at a regional scale is necessary to understand local impacts 

and risks of climate change. 

The standard horizontal resolution of GCM output in the Sixth Coupled Model 

Intercomparison Project (CMIP6) is about 100 kilometers (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 High-Resolution Model Intercomparison Project 

(HighResMIP) with horizontal resolutions of about 50 km, some local-scale 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 climate projections can be 

developed for areas of interest using a process known as downscaling. 

1.1.2  Climate Model Downscaling 

Climate model downscaling is a technique used to increase the coarse spatial resolution 

of GCM output and improve the representation 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 assess local impacts (Maraun et al., 2010). There are two main methods of 

downscaling known as dynamical and statistical downscaling.  

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

Model (RCM) that is based in atmospheric physics ς much like a GCM, but at a higher resolution 
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and for a smaller domain (Maraun et al., 2010). At higher resolutions, RCMs can incorporate 

finer spatial details, such as topography and hydrology, that GCMs cannot, and they are often 

able to represent a broader range of Earth system processes than their global-scale 

counterparts. However, many processes remain poorly understood or occur at scales too small 

to be accurately represented, even in higher resolution RCMs, such as air-sea coupling or the 

chemistry of aerosol-cloud 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 one-way nested, meaning they receive information from the driving dataset but 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 on the size 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 datasets (Dosio et al., 2015; Hong & Kanamitsu, 2014; Takayabu et 

al., 2016). While a typical horizontal resolution is 10 km to 50 km for continental-wide domains, 

a much higher resolution is needed in order to represent some small-scale 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 

convection-permitting scales of just a few kilometers in which deep convection is explicitly 

resolved by the model. While dynamical downscaling can provide a wealth of information at 

local scales, its most significant limitation is its high computational cost (Rummukainen, 2010).  

Additionally, dynamical downscaling can require resources that are not always readily available, 

including processing power, expertise, and time. 

A sub-method of dynamical downscaling called pseudo-global warming (PGW) was 

developed in 2007 (Kimura & Kitoh, 2007; Rasmussen et al., 2011; 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 & Kitoh, 2007). The main 

drawback of the PGW method is the assumption that precipitation change results only from 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 large-scale atmospheric conditions and local-scale weather, ranging from 

simple to complex (Maraun et al., 2010).  There are some advantages to using statistical 

methods over dynamical methods, including low computational costs and high efficiency. 

Statistical methods can often be grouped 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 applied to predictors 

simulated by climate models to produce downscaled climate projections. Relying on GCM 

output as training data, PP methods make the assumptions that the present-day climate is 

accurately represented in models, the selected climate variables exhibit a response 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 downscaling methods (Gutiérrez et al., 2013). PP 

methods include regression models (e.g., linear, nonlinear, general linear models (GLMs)), 

weather typing models, and analog methods. Regression models fit linear or nonlinear 

relationships between large scale atmospheric 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 by synoptic scale weather. Large-scale 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 predictand (Trzaska & 

Schnarr, 2014).  Analog methods define a number of analog days that best describe the full 

range of local weather. For days during which local observation data are available, an analog of 

the corresponding large-scale circulation can be identified. Corresponding local observation 

data can then be used for future analog days where observations are not available (Zorita & von 

Storch, 1999). The Multivariate Adaptive Constructed Analogs (MACA; Abatzoglou & Brown, 
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2012) and Localized Constructed Analogs (LOCA; Pierce et al., 2014) 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 is then applied 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 

ōŜǘǿŜŜƴ ǘƘŜ ǇǊŜǎŜƴǘ ŀƴŘ ŦǳǘǳǊŜ ŎƭƛƳŀǘŜǎΣ ƻǊ ǘƘŜ άŎƘŀƴƎŜ ŦŀŎǘƻǊέΣ and then perturbs local 

observation data by this value to attain future regional climate conditions (Maraun & Widmann, 

2018; Wilby et al., 2004). MOS methods can also include additive or variance scaling, in which 

the difference between present-day model output and present-day observations is calculated 

and applied to bias-correct the simulated future projection (e.g., Kim et al., 2025). 

Weather generators are sometimes considered a third category of statistical 

downscaling methods. These tools use stochastic 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 values that are consistent with those means (Trzaska & Schnarr, 2014). 

 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 refined projections can serve as critical input to a wide range of applications that require 

realistic representations of local-scale climate variability and change. For example, downscaled 

projections can serve as input for hydrological models, which inform water resource system 

models and ultimately feed into climate impact assessments (Brown et al., 2012). 

The Coordinated Regional Climate Downscaling Experiment (CORDEX) initiative (Giorgi 

et al., 2009; Giorgi & Gutowski, 2015; Gutowski et al., 2016) is the most extensive 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. CORDEX, based 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 experiments, including a domain for North America (NA-CORDEX) 

(Figure 1.1; Giorgi et al., 2009). 

 

 

Figure 1.1 The North American domain (NA-CORDEX) used for CORDEX experiments. 

 Several organized, national-scale statistical downscaling frameworks have been 

developed for the contiguous United States to support climate impacts research. Two widely 

used products are the MACA (Abatzoglou & Brown, 2012) and LOCA (Pierce et al., 2014), both 

of which use analog-based approaches to generate high-resolution daily projections of 

temperature and precipitation. While MACA emphasizes maintaining multivariate and spatial 

consistency across variables, LOCA focuses on capturing localized extremes and spatial detail, 

making it especially useful for hydrologic modeling. 

Another major national statistical product is the NASA NEX Downscaled Climate 

Projections at 30 arc-second resolution (NEX-DCP30), which applies the Bias-Correction/Spatial 

Disaggregation (BCSD) method to GCM data. NEX-DCP30 provides daily temperature and 

precipitation at approximately 800-meter resolution, making it accessible for localized climate 

impact assessments (Thrasher et al., 2013, Thrasher et al., in prep). 

1.1.3 ¢ƘŜ /ƭƛƳŀǘŜ ƻŦ Iŀǿŀƛ ƛ 
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The Hawaiian Islands are home 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 and a sȅǎǘŜƳ ƻŦ ƳƛŎǊƻŎƭƛƳŀǘŜǎ ƛƴ Iŀǿŀƛ ƛ 

ǎƻƳŜǘƛƳŜǎ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ άŎƭƛƳŀǘŜ ōȅ ǘƘŜ ƳƛƭŜέ ό{ŀƴŘŜǊǎƻƴ, 1993). Mean annual rainfall totals 

range from ~200 millimeters near the peak of Mauna Kea, the highest elevation on the islands, 

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

al., 2013; Figure 1.2).  

 

Figure 1.2.  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 between 18.90°N - 22.24°N and 160.25°W - 154.80°W 

in a region of descending air from the Hadley Circulation. The 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 around 20-30° latitude, creating a semi-permanent 

subtropical high-pressure zone to the northeast of the islands (Longman et al., 2021; 

Sanderson, 1993). As the descending air makes its way back to the equator, the Coriolis force 

directs it towards the islands, producing the Northeast Trade Winds (Garza et al., 2012).  

1.1.4 wŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ 

Despite drastic variations in rainfall across the islands, rainfall in Hawaii is characterized by a 

wet (November ς April) and dry (May ς October) season (Giambelluca et al., 2013). During the 

dry season, the dominant influence of precipitation is local-scale orographic lifting, while wet 

season rainfall, particularly on Kauai and Oahu, is heavily influenced by large-scale 

atmospheric disturbances. 

Orographic lifting occurs as the trade winds come into contact with the mountainous 

windward side of the islands and moist air is pushed upslope (Giambelluca et al., 2013). Under 

typical trade wind conditions, rain occurs on the windward sides of slopes. Rainfall diminishes 

rapidly as air descends down the leeward sides of slopes, leading to wetter windward and drier 

leeward conditions (Hsiao et al., 2021; Scholl et al., 2007). On Iŀǿŀƛ ƛ Island, a phenomenon 

known as topographic blocking occurs, in which wind is channeled around the sides of slopes 

rather than up and over peaks, leading to precipitation on the leeward side, especially during 

the summer season (Yang & Chen, 2003; Yang et al., 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 present year-ǊƻǳƴŘ ƛƴ Iŀǿŀƛ ƛΣ ōǳǘ ŜȄǇŜǊƛŜƴŎŜ ƳƻǊŜ ŦǊŜǉǳŜƴǘ 

interruptions during the wet season. During the dry season, trade winds blow 85-95% of the 

time, compared to 50-80% of the time during the wet season (Garza et al., 2012; Sanderson, 

1993). These persistent winds are responsible for the most prevalent rainfall pattern across the 

islands (Lyons, 1982). 

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

temperature increases with height ς adds further complexity to the spatial patterns of rainfall 
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of the islands. The TWI is caused by the interaction between the 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 clouds and making the height and occurrence of the TWI a 

ŎǊƛǘƛŎŀƭ ŘŜǘŜǊƳƛƴŀƴǘ ƻŦ ǿŜŀǘƘŜǊ ŀƴŘ ŎƭƛƳŀǘŜ ƛƴ Iŀǿŀƛ ƛ ό/ŀƻ Ŝǘ ŀƭΦ, 2007). When the TWI is 

present, elevations above the TWI are devoid of any rainfall. Additionally, when mountain 

peaks extend beyond the TWI, rainfall is limited to the windward side of mountains, leaving the 

leeward side without rain in what is known as a rain shadow (Longman et al., 2015; Sanderson, 

1993). The TWI is present over the islands about 82% of the time at an average height of 2200 

meters, though this varies annually and seasonally between 2100 and 2400 meters (Cao et al., 

2007; Diaz & Giambelluca, 2012). Studies show that the frequency of occurrence of the TWI has 

increased over time (Cao et al., 2007; Longman et al., 2015). 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 (Cao et al., 2007). Longman et al. 

(2015) found that both the frequency and strength of the TWI has increased 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 the cause of other climate changes 

ǎŜŜƴ ƛƴ Iŀǿŀƛ ƛΦ !ƴ ƻōǎŜǊǾŀǘƛƻƴŀƭ ǎǘǳŘȅ ƻŦ ǎƻƭŀǊ ǊŀŘƛŀǘƛƻƴ ŀǘ ƘƛƎƘ ŜƭŜǾŀǘƛƻƴ ŦƻǳƴŘ ŀ о-6% 

increase in incoming shortwave radiation, coinciding with a 5-11% decrease in cloud cover seen 

in GOES satellite imagery, likely due to increased TWI frequency limiting cloud development 

(Longman et al., нлмпύΦ Iŀǿŀƛ ƛ Ƙŀǎ ŜȄǇŜǊƛŜƴŎŜŘ ŀ ŘǊȅƛƴƎ ǘǊŜƴŘ ƻǾŜǊ фл҈ ƻŦ ǘƘŜ ŀǊŜŀ ƻŦ ǘƘŜ 

islands between 1920 and 2012 of about 0.78% per decade (Frazier & Giambelluca, 2017). This 

drying is enhanced at high elevations, likely due to the increased persistence of the TWI 

(Giambelluca et al., 2008). Increasing trends in the strength and occurrence of the TWI can lead 

to severe hydrological and ecological impacts. For example, an endemic species that inhabits 

high elevation areas on Mount Haleakalņ, the Haleakalņ Silversword, has declined rapidly due 

to reduced water availability at high elevations (Krushelnycky et al., 2013). 
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During the wet season, synoptic disturbances interrupt the trade wind regime and bring 

heavy rainfall to the islands, particularly to the otherwise dry leeward sides. The main 

ŘƛǎǘǳǊōŀƴŎŜ ǘȅǇŜǎ ŀŦŦŜŎǘƛƴƎ Iŀǿŀƛ ƛ ŀǊŜ ŎƻƭŘ ŦǊƻƴǘǎΣ Kona lows, upper-level low pressure 

systems, and tropical cyclones (Caruso & Businger, 2006; Longman et al., 2021; Lyons, 1982). 

Some research has been conducted on the changing frequency of these disturbance types. Over 

the past few decades, it appears the frequency of upper-level low pressure systems and Kona 

lows has not changed (Kaiser, 2014). Large-scale 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. Mid-latitude fronts extend from large regions of low 

ǇǊŜǎǎǳǊŜ ǘƻ ǘƘŜ bƻǊǘƘŜŀǎǘ ƻŦ ǘƘŜ ƛǎƭŀƴŘǎΦ LŦ ǘƘŜǎŜ ŦǊƻƴǘǎ ŎƻƳŜ ŎƭƻǎŜ ŜƴƻǳƎƘ ǘƻ Iŀǿŀƛ ƛΣ ǘƘŜȅ Ŏŀƴ 

bring moderate rains and south-westerly winds to the leeward side (Sanderson, 1993). The 

Ƴƻǎǘ ƴƻǊǘƘŜǊƴ ƛǎƭŀƴŘǎΣ Yŀǳŀ ƛ ŀƴŘ hahu, tend to be most affected by these frontal systems, as 

they are closest to the region of origin (Chu et al., 2009). However, if the front does not cross 

over the islands in what is known as a non-crossing front, this often leads to less rain than 

would be experienced on a non-disturbance day, as the front is close enough to disrupt the 

trade wind regime but not close enough to bring rain to the islands (Longman et al., 2021). 

Kona lows are cold-core low-pressure systems that become cut off from the upper-level 

westerly jets. This closed system can extend towards the ground and eventually appear at the 

surface as a surface level low-pressure system, where it can persist for days to weeks and bring 

torrential rains to the leeward side of the islands (Sanderson, 1993). The occurrence of Kona 

ƭƻǿǎ Ŏŀƴ ŘŜǘŜǊƳƛƴŜ ǿƘŜǘƘŜǊ ǘƘŜǊŜ ƛǎ ŀƴ ŀƴƻƳŀƭƻǳǎƭȅ ǿŜǘ ƻǊ ŀƴƻƳŀƭƻǳǎƭȅ ŘǊȅ ȅŜŀǊ ƛƴ Iŀǿŀƛ ƛ 

(Longman et al., 2021), as 1-25% of wet season rainfall can come from these disturbances 

(Kaiser, 2014). The increased frequency of the TWI over the past few decades has coincided 

with a decrease in the occurrence of Kona lows, though Kona lows show significant interannual 

variability and may be modulated by the El Niño-Southern Oscillation (ENSO) (Caruso & 

Businger, 2006; Otkin & Martin, 2004). Upper-level low-pressure systems are upper-level 

troughs that have the ability to lift or eliminate the TWI, allowing for greater vertical cloud 

development and increased rainfall (Sanderson, 1993). 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 et al., 2021). 

Effects from tropical cyclones can disrupt TWI. Tropical cyclones are more compact and intense 

than Kona lows or mid-ƭŀǘƛǘǳŘŜ ŦǊƻƴǘǎΦ IƻǿŜǾŜǊΣ ƛǘ ƛǎ ǊŀǊŜ ǘƘŀǘ ǘƘŜǎŜ ǎǘƻǊƳǎ ǊŜŀŎƘ Iŀǿŀƛ ƛΣ ƻƴƭȅ 

coming within 300 km of the state once every two years (Longman et al., 2021).  

In the past decade, there has been a long-term decrease in rainfall (Frazier & 

Giambelluca, 2017), streamflow, baseflow (Clilverd et al., 2019), and dry season cloud cover, 

ŀƴŘ ŀƴ ƛƴŎǊŜŀǎŜ ƛƴ ŀǘƳƻǎǇƘŜǊƛŎ ǎǳōǎƛŘŜƴŎŜ ƛƴ Iŀǿŀƛ ƛ ό[ƻƴƎƳŀƴ Ŝǘ ŀƭΦ, 2015). This long-term 

drying trend has been identified by a number of studies over the past decade (Chen & Chu, 

2014; Diaz & Giambelluca, 2012; Frazier & Giambelluca, 2017; Longman et al., 2015). However, 

ŘŜǘŜŎǘƛƴƎ ǊŀƛƴŦŀƭƭ ǘǊŜƴŘǎ ƛƴ Iŀǿŀƛ ƛ ƛǎ ŎƘŀƭƭŜƴƎƛƴƎΣ ŀǎ ǘƘŜȅ ŀǊŜ ƻŦǘŜƴ ƳŀǎƪŜŘ ōȅ ǘƘŜ ŜŦŦŜŎǘǎ ƻŦ 

interannual modes of variability (Frazier et al., 2018). Due to its location in the Pacific Ocean, 

Iŀǿŀƛ ƛΩǎ ŎƭƛƳŀǘŜ ƛǎ ƎǊŜŀǘƭȅ ƛƴŦƭǳŜƴŎŜŘ ōȅ 9b{hΣ the Pacific-North American (PNA) pattern, the 

Pacific Decadal Oscillation (PDO) and the North Pacific Oscillation (NPO). PNA has the greatest 

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

season rainfall (Frazier et al., 2018). PNA is associated with variations in 500 hPa geopotential 

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

2011; Lyons, 1982). The warm phase of ENSO, termed El Niño, can greatly suppress winter 

ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ and is often associated with drought years (Chu et al., 1995). A 

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

coincided with El Niño events (Frazier et al., 2022). This is likely associated with a shift in the 

location of the Hadley Cell closer to the equator during an El Niño year (Sanderson, 1993) 

ƭŜŀŘƛƴƎ ǘƻ ƛƴŎǊŜŀǎŜŘ ǎǳōǎƛŘŜƴŎŜ ƳƻǊŜ ŘƛǊŜŎǘƭȅ ƻǾŜǊ Iŀǿŀƛ ƛ ό/Ƙǳ Ŝǘ ŀƭΦ, 1995; Frazier et al., 

2022). Increased subsidence can lead to a lower, stronger, and more persistent TWI that is not 

conducive to winter storms such as Kona lows and mid-latitude frontal storms. PDO is 

ƴŜƎŀǘƛǾŜƭȅ ŎƻǊǊŜƭŀǘŜŘ ǿƛǘƘ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ŀƴŘ ƻŎŎǳǊǎ ƻƴ ŀ ŘŜŎŀŘŀƭ ǘƛƳŜǎŎŀƭŜΦ ¢ƘŜ 

covariability between these modes of natural variability complicates the rainfall 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 (Frazier et al., 2018; Longman et al., 2021).  
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Lƴ Iŀǿŀƛ ƛΣ ǘƘŜǊŜ ƛǎ ǊŜƭŀǘƛǾŜƭȅ ƭƛǘǘƭŜ ǊŜǎŜŀǊŎƘ ǘƘŀǘ ŦƻŎǳǎŜǎ ƻƴ ǘƘŜ ŎƘŀƴƎŜ ƛƴ ŜȄǘǊŜƳŜ 

events. In existing studies for the state, there is no consensus on even the trend (increasing or 

decreasing) of rainfall extremes and associated flooding events. Chu et al. (2010) performed an 

ŀƴŀƭȅǎƛǎ ǿŀǎ ǇŜǊŦƻǊƳŜŘ ƻƴ Ǉŀǎǘ ŜȄǘǊŜƳŜ ŜǾŜƴǘǎ ƛƴ Iŀǿŀƛ ƛ and found that precipitation 

intensity has shifted since the 1980s towards more frequent light precipitation and less 

frequent moderate and heavy precipitation. Results also suggested fewer days with intense 

precipitation, smaller precipitation amounts, and island-wide upward trends in drought 

conditions (Chu et al., 2010).  When the future 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 predictors, results indicated PNA and ENSO account for 

18-44% of the variability in heavy precipitation events, but showed only small changes in the 

number of heavy rainfall events in the future (Elison Timm et al., 2011). A Pacific basin-wide 

trend analysis of extreme events from 1961 to 2011 found that there has been a general 

decrease in the frequency but the amount of extreme precipitation contributing to annual 

rainfall totals has increased. Additionally, the number of consecutive dry days in the region has 

increased (Kruk et al., 2015). When modeled using an Artificial Neural Network (ANN), heavy 

rainfall events for the island of Oahu showed increased frequency but decreased intensity in 

near-term future projections (Norton et al., 2011).  

1.2  Statement of the Problem 

1.2.1 Gaps in Downscaling Research 

Climate model downscaling is often undertaken as a national, coordinated effort, allowing for 

ŎƻƭƭŜŎǘƛǾŜ ŜǾŀƭǳŀǘƛƻƴΣ ŎƻƴǎƛǎǘŜƴŎȅΣ ŀƴŘ ƳŜǘƘƻŘƻƭƻƎƛŎŀƭ ǊŜŦƛƴŜƳŜƴǘΦ IƻǿŜǾŜǊΣ Iŀǿŀƛ ƛΩǎ 

geographic isolation and complex microclimates have contributed to a persistent lack of 

national investment in producing regional climate projections for the state. For instance, the 

NA-CORDEX domain (Figure 1.1) and statistical downscaling products such as MACA and LOCA 

have excluded the Hawaiian Islands region. Global downscaled datasets such as CHELSA and 

WorldClim2 have shown limiteŘ ǎƪƛƭƭ ƛƴ ǊŜǇǊŜǎŜƴǘƛƴƎ ŎƭƛƳŀǘŜ ŎƻƴŘƛǘƛƻƴǎ ƛƴ Iŀǿŀƛ ƛΣ ǿƛǘƘ ƴƻǘŀōƭŜ 

differences compared to locally downscaled products (e.g., Fortini & Kaiser, 2022). As a result of 
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ǘƘƛǎΣ Iŀǿŀƛ ƛ ƛǎ ŦƻǊŎŜŘ ǘƻ ŘŜǇŜƴŘ ƻƴ ŀ ǇŀǘŎƘǿƻǊƪ ƻŦ ƛƴŘŜǇŜƴŘŜƴǘ ǊŜƎƛƻƴŀƭ ǎǘǳŘƛŜǎ ǘƘŀǘ ƻŦǘen 

yield inconsistent results. This inconsistency has created confusion for users (e.g., impact 

modelers, planners, resource managers, policymakers) who rely on climate information for 

decision-making (Helweg & Keener, 2017). Because the coarse resolution of GCM output makes 

it unsuitable for local-scale assessments, users are forced to depend on downscaled data, 

despite its limitations, often without adequate guidance and understanding. 

Most downscaled products for the state have been developed through separate 

projects, each with its own funding, data, methods, and results. There have been a limited 

ƴǳƳōŜǊ ƻŦ ŘƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ǇŜǊŦƻǊƳŜŘ ŦƻǊ Iŀǿŀƛ ƛ όYŜŜƴŜǊ Ŝǘ ŀƭΦ, 2018) over the last decade 

and downscaling remains an active and ongoing area of research for the state. Tables 1.1-1.3 

ŘŜǎŎǊƛōŜ ǘƘŜ ŘƛŦŦŜǊŜƴǘ ŎƘƻƛŎŜǎ ƳŀŘŜ ōȅ ŎƭƛƳŀǘŜ ƳƻŘŜƭŜǊǎ ƛƴ Iŀǿŀƛ ƛ ǊŜƎŀǊŘƛƴƎ ƘƛƎƘƭȅ ƛƴŦƭǳŜƴǘƛŀƭ 

aspects of model development, including technique, input datasets, projection time periods, 

and resolutions. These models show significant 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 

Iŀǿŀƛ ƛ can be 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. 

Table 1.1 Downscaling method, temporal resolution, spatial resolution, projected variables, and 

domain ƻŦ ŘƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ǇŜǊŦƻǊƳŜŘ ƛƴ Iŀǿŀƛ ƛΦ 

Citation Method Temporal Resolution Spatial 
Resolution 

Projected Variables Domain 

Timm & 
Diaz, 2009 

Statistical, 
Linear 
Regression 

Wet Season (Nov.-Apr.), 
Dry Season (May-Oct.) 

Station based, 
134 stations 

rainfall 10°Sς40°N, 
120°Wς180°E 

Elison 
Timm et 
al., 2011 

Statistical Wet Season (Oct.-Apr.) Station based, 12 
stations 

Frequency of daily 
extreme rain events 
(95th percentile) 
 

 

Norton et 
al., 2011 

Statistical, 
Artificial Neural 
Network (ANN) 

Daily  Station based, 5 
Oahu stations 

Frequency and intensity 
of daily rainfall extremes 
(90th percentile) 

Not specified, 
Oahu only 

Elison 
Timm et 
al., 2013 

Statistical Wet Season (Nov.-April) Station based, 12 
rainfall stations 

Temperature  

Lauer et 
al., 2013 

Dynamical  -
PGW 

6-hourly 15 km 2-m temperatures, 10-m 
wind speed, rainfall, 
water 

178° ς141° W, 3° 
Sς39° N 
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vapor path, and trade 
wind inversion 

Elison 
Timm et 
al., 2015 

Statistical ς MLR Wet Season (Nov.-Apr.), 
Dry Season (May-Oct.) 

 Rainfall  

Zhang et 
al., 2016 

Dynamical  -
PGW 

hourly Triply nested: 15 
km, 3 km, 1 km 

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

18°ς23°N, 161°ς
154°W 
 

 

Elison 
Timm 
2017 

Statistical ς 
nonlinear 
scaling function 

Annual 100 m temperature 17.5° ς23.5°N, 
198° ς208°E 

Xue et al., 
2020 

Dynamical  -
PGW 

6-hourly Doubly nested: 
4.5 km & 1.5 km 

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

 

Fandrich 
et al., 
2022 

Dynamical -
Direct 

6-hourly Doubly nested: 
6-m & 2-km 

Surface air temperature, 
rainfall 

15.2°ς26.6°N, 
147.8°ς166.2°W; 
18.6° to 22.9°N , 
160.7°ς153.8°W  

Mizukami 
et al., 
2022 

Statistical ς Bias 
Corrected 
Spatial 
Disaggregation 

daily 1-km Temperature, 
precipitation, ET, runoff, 
moisture flux,  

Extent 
unspecified, 
18,008 grid 
boxes over 
16,640km2 
domain 

Berio 
Fortini et 
al. 2023 

Statistical ς 
Delta Method 
Bias Correction 

annual 250 m Mean annual 
precipitation, mean 
annual temperature 

 

      

 

Table 1.2. Projection time periods, reference time periods, scenarios, and GCM subsets of 

ŘƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ǇŜǊŦƻǊƳŜŘ ƛƴ Iŀǿŀƛ ƛΦ 

Citation Projected Time Period Reference 
Time Period 

Scenarios GCMs 

Timm & 
Diaz, 2009 

2070-2099 1970-1999 CMIP3, 
SRES A1B 

6- member ensemble 

Elison 
Timm et 
al., 2011 

Mid-Century (2046-2065) 
Late Century (2081-
2099) 

1958-2005 CMIP3, 
SRES A1B & 
A2 

6-member ensemble 

Norton et 
al., 2011 

Early 21st Century (2011-
2040) 

1979-2008 CMIP3, 
SRES A2 

ECHAM5 

Elison 
Timm et 
al., 2013 

2080-2099 1990-2009 CMIP5, 
RCP4.5 a& 
RCP8.5 

 

Lauer et al., 
2013 

2090-2099 2000-2002 CMIP5, RCP 
4.5 & 
RCP8.5 

10-member ensemble 

Elison 
Timm et 
al., 2015 

Mid-Century (2040-2069) 
Late Century (2070-
2099) 

1978-2007 CMIP5, RCP 
4.5, RCP 8.5 

32-member multi- model ensemble 

Zhang et 
al., 2016 

Late Century (2080-2099 1990-2009 CMIP3, 
SRES A1B 

GWI based on multi-model ensemble mean of 20 GCMs 

Elison 
Timm 2017 

Mid-century (2040-2069) 
and late century (2070-
2099) 

1976-2005 CMIP5, 
RCP4.5 & 
RCP8.5 

32-member multi-model ensemble 

Xue et al., 
2020 

2071-2100 1971-2000 CMIP5 
RCP8.5 

19-member ensemble 



26 

 

Fandrich et 
al., 2022 

Near-term (2026-2035) 1996-2005 CMIP5-RCP 10 members of CESM-LE 

Mizukami 
et al., 2022 

2040-2069 & 2070-2099 1970-1999 CMIP5, 
RCP4.5 & 
RCP8.5 

10 member ensemble 

Berio 
Fortini et 
al. 2023 

Mid- (2040-2059) and 
late-century (2060-2079) 

1983-2012 CMIP5, 
RCPs 2.6, 
4.5, 6.0, & 
8.5 

 

 

Table 1.3. Datasets used for training and boundary conditions, training time periods, and 

predictors ƻŦ ŘƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ǇŜǊŦƻǊƳŜŘ ƛƴ Iŀǿŀƛ ƛΦ 

Citation Training Datasets/  
Boundary Datasets 

Training Time Period Predictors 

Timm & 
Diaz, 2009 

NCDC rainfall, ECMWF ERA-40 
circulation 

1958-2000 Near surface meridional wind 

Elison 
Timm et 
al., 2011 

   

Norton et 
al., 2011 

NCDC rainfall, NCEP reanalysis 
II atmospheric variables 

1979-2008 relative humidity at 
850 hPa, zonal wind component at 850 hPa, 
meridional wind 
component at 1000 hPa, and sea level pressure 

Elison 
Timm et 
al., 2013 

   

Lauer et al., 
2013 

MERRS reanalysis   

Elison 
Timm et 
al., 2015 

   

Zhang et 
al., 2016 

ERA-Interim   

Elison 
Timm 2017 

HRCM 3km simulations  Regional temperature pattern, elevation 

Xue et al., 
2020 

ERA-Interim Reanalysis   

Fandrich et 
al., 2022 

   

Mizukami 
et al., 2022 

250-m gridded rainfall 
(Longman et al. 2019) 

1990-2013  

Berio 
Fortini et 
al. 2023 

  CHELSA & WorldClim2 

 

1.2.2 Existing Downscaling Work 

1.2.2.1 5ȅƴŀƳƛŎŀƭ 5ƻǿƴǎŎŀƭƛƴƎ ƛƴ Iŀǿŀƛ ƛ 

PGW Experiments 

aƻǎǘ ƻŦ ǘƘŜ ŘȅƴŀƳƛŎŀƭ ŘƻǿƴǎŎŀƭƛƴƎ ŜȄǇŜǊƛƳŜƴǘǎ ƛƴ Iŀǿŀƛ ƛ ǳǎŜ tD² ƳŜǘƘƻŘǎΦ Lƴ ǘƘŜ tD² 

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 climate. The extent 

ǘƻ ǿƘƛŎƘ ǘƘƛǎ ǎƛƳǇƭƛŦƛŎŀǘƛƻƴ ƛƴŦƭǳŜƴŎŜǎ ŦǳǘǳǊŜ ǎƛƳǳƭŀǘƛƻƴǎ ƻŦ ǇǊŜŎƛǇƛǘŀǘƛƻƴ ƛƴ Iŀǿŀƛ ƛ ƛǎ ǳƴƪƴƻǿƴΦ  

Lauer et al., 2013 

[ŀǳŜǊ Ŝǘ ŀƭΦ όнлмоύ ǿŜǊŜ ǘƘŜ ŦƛǊǎǘ ŀǳǘƘƻǊǎ ǘƻ ŜƳǇƭƻȅ ǘƘŜ tD² ǘŜŎƘƴƛǉǳŜ ŦƻǊ Iŀǿŀƛ ƛ ǳǎƛƴƎ 

ǘƘŜ ²ŜŀǘƘŜǊ wŜǎŜŀǊŎƘ ŀƴŘ CƻǊŜŎŀǎǘƛƴƎ ό²wCύ ǊŜƎƛƻƴŀƭ ŎƭƛƳŀǘŜ ƳƻŘŜƭ ŎƻƴŦƛƎǳǊŜŘ ŦƻǊ Iŀǿŀƛ ƛ 

ƪƴƻǿƴ ŀǎ ǘƘŜ Iŀǿŀƛ ƛ wŜƎƛƻƴŀƭ /ƭƛƳŀǘŜ aƻŘŜƭ όIw/aύ ό½ƘŀƴƎ Ŝǘ ŀƭΦ, 2012). 10 CMIP5 GCMs 

were used to simulate regional climate at a 15-km horizontal resolution for IPCC scenarios 

RCP4.5 and RCP8.5. MERRA reanalysis data were used as atmospheric boundary conditions to 

simulate a present-day experiment (1999-2002) and then added to a perturbation 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 attributed to 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 multi-model mean of 20 CMIP3 GCMs for the future simulations and 

the reanalysis data. This experiment utilized a triply-nested mesh, where a 1-km resolution over 

Maui was nested inside a 3-km resolution over the islands, nested inside of an outermost 15-km 

mesh over the full domain. 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 present-day simulation was for the period 

1990-2009 and the future simulation includes 2080-2099 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 well as increases in extreme 

precipitation. 

Xue et al., 2020 
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Xue et al. (2020) performed ŀƴƻǘƘŜǊ tD² ŜȄǇŜǊƛƳŜƴǘ ŦƻǊ Iŀǿŀƛ ƛ ǿƛǘƘ ǘƘŜ Iw/aΣ ǘƘƛǎ ǘƛƳŜ 

using ERA-Interim reanalysis data as forcing data for the historical simulation (2002-2012) with 

a double nested grid spacing of 4.5-km and 1.5-km. The perturbation for the future was 

calculated from 19 CMIP5 GCMs and added to the forcing data to simulate the future period 

(2090-2100) with the RCP 8.5 scenario. Results showed rainfall increases of 2.2% for the dry 

season 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 al., 2022 

Fandrich et al. (2022) is the only direct dynamical downscaling that has been performed for 

Iŀǿŀƛ ƛ ǘƻ ŘŀǘŜΦ ¢Ƙƛǎ ƳŜǘƘƻŘ ŘƛŦŦŜǊǎ ŦǊƻƳ ǘƘŜ ƻǘƘŜǊ ŘȅƴŀƳƛŎŀƭ ŘƻǿƴǎŎŀƭƛƴƎ ŦƻǊ Iŀǿŀƛ ƛ ōŜŎŀǳǎŜ 

the forcing dataset used to drive the model is the GCM itself, rather than reanalysis data with 

the thermodynamic perturbation calculated from the GCM. Due to the increase in complexity 

of direct dynamical downscaling, this experiment was limited to using a single GCM rather than 

a multi-model ensemble. CESM-LE is used to simulate the present day (1996-2005) and near-

term future (2026-2035) climate at a 2-km 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 

signal-to-noise ratio and allow for further understanding of changes due to natural variability. 

Results 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 near-term. 

1.2.2.2 Statistical Downscaling 

There have been relatively few independent statistical downscaling studies performed for 

Iŀǿŀƛ ƛΦ {ǘŀǘƛǎǘƛŎŀƭ ƳŜǘƘƻŘǎ Ŏŀƴ ǾŀǊȅ ƎǊŜŀǘƭȅ ƛƴ ŎƻƳǇƭŜȄƛǘȅ ŀƴŘ ŜŀŎƘ ǘŜŎƘƴƛǉǳŜ Ƙŀǎ ƛǘǎ ƻǿƴ 

strengths and weaknesses. For a comprehensive overview of statistical downscaling techniques, 

refer to Maraun & Widmann (2018). 

Timm & Diaz, 2009 
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hƴŜ ƻŦ ǘƘŜ ŜŀǊƭƛŜǎǘ ǎǘŀǘƛǎǘƛŎŀƭ ŘƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ƛƴ Iŀǿŀƛ ƛ ό¢ƛƳƳ ϧ 5ƛŀȊ, 2009) used six 

/aLtо D/aǎ ǘƻ ŘƻǿƴǎŎŀƭŜ ǎŜŀǎƻƴŀƭ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ǳǎƛƴƎ ŀ ƭƛƴŜŀǊ ƳƻŘŜƭΦ Lƴ ǘƘƛǎ ǎǘǳŘȅΣ ǘƘŜ 

linear regression between seasonal rainfall data aggregated from monthly National Climatic 

Data Center gridded precipitation data and the large-scale circulation (low level meridional 

wind field) taken from the European Centre for Medium-Range Weather Forecast (ECMWF) 

Reanalysis products was estimated for the 1958-1988 time period. The model was validated 

using a 21-year moving window between 1980-2000, using the years within the window for 

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

simulate the CMIP3 A1B future scenario for the years 2070-2099 and the average precipitation 

change was calculated with respect to the 1970-1999 average. Results showed large variations 

between models, with both increases and decreases in rainfall depending on the model. 

Authors determine the most likely scenario to be a 5-10% 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 in the frequency of heavy rain events over 

Iŀǿŀƛ ƛ ǳǎƛƴƎ ƳǳƭǘƛǇƭŜ ƭƛƴŜŀǊ ǊŜƎǊŜǎǎƛƻƴ όa[wύΦ ¢ƘŜ a[w ƳƻŘŜƭ ǿŀǎ ōǳƛƭǘ ǳǎƛƴƎ ƘŜŀǾȅ ǊŀƛƴŦŀƭƭ 

Řŀǘŀ όƴǳƳōŜǊ ƻŦ ŜǾŜƴǘǎ ƛƴ ǘƘŜ фр҈ ǉǳŀƴǘƛƭŜύ ǘŀƪŜƴ ŦǊƻƳ мн ǊŀƛƴŦŀƭƭ ǎǘŀǘƛƻƴǎ ƛƴ Iŀǿŀƛ ƛ ŀƴŘ ǘƘŜ 

PNA index (PNAI) and Southern Oscillation 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 for the A1B and A2 scenarios to simulate near-term (2046-2065) and end of 

century (2081-2100) 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 uncertainty 

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 that extreme events may not respond linearly to atmospheric changes. 

Precipitation extremes were downscaled for the current-day (1979-2008) and near-term 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 for Atmospheric Research (NCEP-NCAR) reanalysis data and 

precipitation data for seven rainfall 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 rainfall intensity in the near 

terms for the southern region of Oahu. 

Elison Timm et al., 2013 

A 2013 study focused on projecting shifts in the frequency of heavy rainfall events. NCEP/NCAR 

reanalysis data was uased to construct a statistical relationship between upper level cyclonic 

circulation anomalies, south-to-north water vapor transport in the middle troposphere, and 

local rainfall at 12 rainfall stations. Future projections for CMIP3 model scenarios showed a 

reduction in heavy rain events for 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 

model was trained for the 1978-2007 period by estimating the regression between NCEP-NCAR 

reanalysis data representing 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. The MLR was 

applied to circulation data from 32 GCMs to simulate the future (2006-2100) precipitation for 

CMIP5 scenarios RCP4.5 and RCP8.5. The model was cross-validated using a Monte-Carlo 

technique in which 15 random years were selected to calibrate the model and validate for the 

remaining years 200 times. Another stricter validation technique was also used in which the 

early years outside of the training data (1958-1976) were used as a validation time period. 
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Results indicated increases in rainfall for climatically 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 Timm, 2017 

A 2017 study focused on the future of elevation dependent warming rates for Hawaii. A 

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 temperature change 

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 +/- 0.2. Authors noted that GCM uncertainty is 

substantial and the scaling profiles differed between GCMs. 

Berio Fortini et al., 2023 

A recent study provided a new dataset for Hawaii by making use of the global downscaled 

datasets CHELSA and WorldClim2. This work made comparisons of the global downscaled 

datasets to observation datasets and regional downscaled datasets in 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 mid- (2040-2059) 

and late-century (2060-2079) climate using 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 datasets had substantial differences from each other and did not 

show similarities to other existing regional downscaling efforts, suggesting careful 

consideration before using these global datasets (Berio Fortini et al., 2023). 

Mizukami et al., 2022 

A 2022 study produced statistically 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. The results ƛƴŘƛŎŀǘŜ ǇǊƻƧŜŎǘŜŘ ǘŜƳǇŜǊŀǘǳǊŜ ƛƴŎǊŜŀǎŜǎ ƻŦ Ϥн ϲ/ ŦƻǊ w/tпΦр ŀƴŘ Ϥо ϲ/ 

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 manuscript in preparation presents downscaled daily future projections (1950-2100) using 

BCSD methods for five CMIP6 scenarios (SSP1.2-6, SSP2.4-5, SSP3.7-0, and SSP5.8-5) for thirty 

GCMs. This project was the first effort to explicitly incorporate IŀǿŀƛΨƛ ƛƴǘƻ ŀ /hNUS-

compatible framework and adding downscaled results to an existing national product (NEX-

HIDCP-CMIP6) (Thrasher et al., 2022). Results for this work are forthcoming. 

1.2.3 Uncertainty in Current Downscaling Research 

5ƻǿƴǎŎŀƭƛƴƎ ǎǘǳŘƛŜǎ ƛƴ Iŀǿŀƛ ƛ ƘŀǾŜ ƴƻǘ ŀŘƘered to a consistent modeling framework, making 

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 heterogeneity 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 structural differences among GCMs alone can lead to large 

variations in regional projections (e.g., Elison Timm et al., 2015; Lauer et al., 2013; Mizukami et 

al., 2022). Because studies often differ in their selection of GCMs, ensemble members, 

historical/future periods, and baseline reference years, it is challenging to disentangle the 

uncertainty introduced by different 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 al., 2022), which aim to capture uncertainty stemming from natural 

variability but fail to account for model uncertainty.  

!ŘŘƛǘƛƻƴŀƭƭȅΣ Iŀǿŀƛ ƛ ōŀǎŜŘ ǎǘǳŘƛŜǎ ƘŀǾŜ ǊŜƭƛŜŘ ƻƴ ŘƛŦŦŜǊŜƴǘ ƎŜƴŜǊŀǘƛƻƴǎ ƻŦ D/aǎΣ 

including CMIP3, CMIP5, and CMIP6. Each generation differs in terms 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 hinders the development of clear guidance for stakeholders seeking 

credible, decision-relevant climate projections. 

Lƴ нлмтΣ ŀ ǿƻǊƪǎƘƻǇ ƛƴ Iŀǿŀƛ ƛ ōǊƻǳƎƘǘ ǘƻƎŜǘƘŜǊ ŎƭƛƳŀǘŜ ƳƻŘŜƭŜǊǎ ŀƴŘ ƛƳǇŀŎǘ ƳƻŘŜƭŜǊǎ 

with a goal of establishing a more standardized approach to regional downscaling (Helweg & 

Keener, 2017). 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 for ŘƻǿƴǎŎŀƭƛƴƎ ƛƴ Iŀǿŀƛ ƛ Ƙŀǎ ȅŜǘ ǘƻ ōŜ ǊŜŀƭƛȊŜŘΦ 

1.3 Purpose of the Study 

Downscaled climate projections are essential for local and regional decision-making, especially 

ƛƴ ǇƭŀŎŜǎ ƭƛƪŜ Iŀǿŀƛ ƛ ǿƘŜǊŜ ŎƭƛƳŀǘŜ ǾŀǊƛŀōƛƭƛǘȅ ƛǎ ƘƛƎƘƭȅ ƛƴŦƭǳŜƴŎŜŘ ōȅ ŎƻƳǇƭŜȄ ǘƻǇƻƎǊŀǇƘȅ and 

ƛǎƭŀƴŘ ŜŦŦŜŎǘǎΦ ¦ƴƭƛƪŜ ǘƘŜ ŎƻƴǘƛƎǳƻǳǎ ¦ƴƛǘŜŘ {ǘŀǘŜǎΣ Iŀǿŀƛ ƛ ƭŀŎƪǎ ŀŎŎŜǎǎ ǘƻ ŎƻƻǊŘƛƴŀǘŜŘΣ 

national-scale downscaling efforts (Basile et al., 2024; USGCRP, 2017). As a result, the state has 

relied on a patchwork of individual studies that differ in methods, 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 & 

Keener, 2017). 

Improving and diversifying downscaling methods is not only a scientific priority, but a 

critical step toward enabling effective climate adaptation and resilience planning in Hawaii. 

High-resolution projections can inform water resource management, agriculture, conservation, 

infrastructure design, and hazard mitigation (Dodman et al., 2022). For 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 infrastructure. Yet the 

lack of methodological transparency and consensus leaves downscaled data at risk of being 

underutilized or misinterpreted (Trzaska & Schnarr, 2014). 
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²ƘƛƭŜ ǘƘƛǎ ǎǘǳŘȅ ŘƻŜǎ ƴƻǘ ǇǊƻǇƻǎŜ ŀ ǎǘŀƴŘŀǊŘƛȊŜŘ ŦǊŀƳŜǿƻǊƪ ŦƻǊ ŘƻǿƴǎŎŀƭƛƴƎ ƛƴ Iŀǿŀƛ ƛΣ 

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 understanding the strengths 

and limitations of emerging techniques. Unlike many previous efforts, this study uses 

timescales that capture both short-term synoptic variability and longer-term seasonal means, 

offering a more process-based perspective on rainfall change. 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 and advances the tools available for climate resilience 

ǇƭŀƴƴƛƴƎ ƛƴ Iŀǿŀƛ ƛΦ 

1.4 Structure of the Dissertation 

This dissertation is structured around three complementary efforts to advance climate 

ŘƻǿƴǎŎŀƭƛƴƎ ǘŜŎƘƴƛǉǳŜǎ ŦƻǊ Iŀǿŀƛ ƛΦ 9ŀŎƘ ŎƘŀǇǘŜǊ ŜȄǇƭƻǊŜǎ ŀ ŘƛŦŦŜǊent method or modeling 

framework, reflecting both the diversity of available tools and the need to assess their 

applicability in a complex island setting. 

Chapter 2 introduces a Self-Organizing Maps (SOMs) based approach to project future 

wet season rainfall for the islands. This chapter examines historical and projected changes in 

wet-season circulation patterns and associated rainfall, aiming to characterize how large-scale 

atmospheric patterns may shift under warming scenarios.  

Research Objective: To evaluate the ability of SOMs to capture historical wet-season 

ǊŀƛƴŦŀƭƭ ǾŀǊƛŀōƛƭƛǘȅ ŀƴŘ ǇǊƻƧŜŎǘ ǇƭŀǳǎƛōƭŜ ŦǳǘǳǊŜ ŎƘŀƴƎŜǎ ƛƴ Iŀǿŀƛ ƛϥǎ ǇǊŜŎƛǇƛǘŀǘƛƻƴ ǇŀǘǘŜǊƴǎ, 

including the development of a new set of end-of-century (2070ς2100) precipitation 

projections using CMIP6 data. 

Chapter 3 compares two statistical downscaling techniques for projecting 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 flexible, nonlinear methods like GAMs offer 

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

Research Objective: To develop two new sets of end-of-century (2070ς2100) 

ǇǊŜŎƛǇƛǘŀǘƛƻƴ ǇǊƻƧŜŎǘƛƻƴǎ ŦƻǊ Iŀǿŀƛ ƛ ǳƴŘŜǊ /aLtр w/tпΦр ǳǎƛƴƎ DŜƴŜǊŀƭƛȊŜŘ !ŘŘƛǘƛǾŜ aƻŘŜƭǎ 

(GAMs) and Multiple Linear Regression (MLR), and to examine how differences in statistical 

approach influence the resulting rainfall projections. 

Chapter 4 presents a proof-of-concept test of a novel implementation of the ICAR 

(Intermediate Complexity Atmospheric Research) model to evaluate its potential as a simplified 

numerical downscaling tool. While not intended as a full operational application, this chapter 

ŜȄǇƭƻǊŜǎ ǘƘŜ ƳƻŘŜƭΩǎ ǎǳƛǘŀōƛƭƛǘȅ ŀƴŘ ƭƛƳƛǘŀǘƛƻƴǎ ƛƴ ŀ Iŀǿŀƛ ƛ-specific context. 

Research Objective: To investigate whether a simplified physically based model like ICAR 

can simulate spatial rainfall patternǎ ƛƴ Iŀǿŀƛ ƛ ŀƴŘ ǎŜǊǾŜ ŀǎ ŀ ǇǊŀŎǘƛŎŀƭ ŘƻǿƴǎŎŀƭƛƴƎ ŀƭǘŜǊƴŀǘƛǾŜΦ 

Chapter 5 synthesizes the key findings from each of the three projects and offers a 

ōǊƻŀŘŜǊ ǊŜŦƭŜŎǘƛƻƴ ƻƴ ǘƘŜƛǊ ƛƳǇƭƛŎŀǘƛƻƴǎ ŦƻǊ ŦǳǘǳǊŜ ŘƻǿƴǎŎŀƭƛƴƎ ŜŦŦƻǊǘǎ ƛƴ Iŀǿŀƛ ƛΦ ¢Ƙƛǎ Ŧƛƴŀƭ 

chapter highlights 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 

emerging downscaling approaches and assess their potential strengths and limitations in 

Iŀǿŀƛ ƛΦ .ȅ ǘŜǎǘƛƴƎ ŀƴŘ ŎƻƳǇŀǊƛƴƎ ƳŜǘƘƻŘǎ ŀŎǊƻǎǎ ŀ ǊŀƴƎŜ ƻŦ ŀǇǇǊƻŀŎƘŜǎ, this dissertation 

contributes to a broader understanding of how to generate regionally relevant climate 

pǊƻƧŜŎǘƛƻƴǎ ǘƘŀǘ Ŏŀƴ ǎǳǇǇƻǊǘ ǊŜǎƛƭƛŜƴŎŜ ǇƭŀƴƴƛƴƎ ƛƴ Iŀǿŀƛ ƛΦ 
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CHAPTER 2: ASSESSING FUTURE (2070-нлффύ ²9¢ {9!{hb w!LbC![[ /I!bD9 Lb I!²!L L 

USING SELF-ORGANIZING MAPS 

2.0 Abstract 

Future changes in seasonal rainfall patterns are expected to vary significantly across regions. 

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 

ōŜǘǿŜŜƴ ƭƻŎŀƭ ŀƴŘ Ǝƭƻōŀƭ ŎƭƛƳŀǘŜ ǇǊƻŎŜǎǎŜǎΦ Lƴ Iŀǿŀƛ ƛΣ ǘƘƛǎ uncertainty is compounded by a 

lack of regional studies and inconsistent findings amongsmodeling studies. While General 

Circulation Models (GCM) struggle to accurately capture rainfall at a local scale, projected 

changes in large-scale circulation patterns may offer valuable insights into future rainfall trends. 

This study uses self-organizing maps (SOM) to identify dominant circulation patterns influencing 

ǿŜǘ ǎŜŀǎƻƴ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ŀƴŘ ŜȄŀƳƛƴŜǎ Ƙƻǿ ǘƘŜ ŦǊŜǉǳŜƴŎƛŜǎ ƻŦ ǘƘŜǎŜ ǇŀǘǘŜǊƴǎ Ƴŀȅ ŎƘŀƴƎŜ 

under end-of-century Coupled Model Intercomparison Project Phase 6 (CMIP6) projections 

from seven GCMs. Results indicate potential increases in patterns associated with light rainfall 

and decreases in those linked to an above-average number of cold fronts. However, substantial 

inter-model spread introduces high uncertainty. By 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 Hawaƛ ƛΦ 

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. 

Global precipitation changes result from the combined influence of thermodynamic and 

dynamic components (Lee et al., 2021). The thermodynamic influence is related to the 7% 

increase in atmospheric water vapor with every 1°C of warming following the Clausiusς

Clapeyron equation. The expectation is that this effect will intensify precipitation extremes by 

providing increased water vapor for precipitation events. The thermodynamic component of 
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atmospheric change is well understood and is supported through observations and model 

ǎƛƳǳƭŀǘƛƻƴǎ ŀƭƛƪŜ όhΩDƻǊƳŀƴ, 2015). While thermodynamics controls the amount of water 

vapor present in the atmosphere, the dynamic component affects the spatial patterns of 

precipitation. General aspects of the changes in the atmospheric circulation in the tropical 

Walker circulation, Hadley Circulation, and mid-latitude storm tracks are fairly well understood, 

but the impacts on the Hawaiian Islands are less certain (Douville 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 the poles (Allan et al., 2020). However, atmospheric circulation may respond to other 

factors including land use changes, internal variability, and volcanic eruptions (Douville et al., 

2021). Due to these compound mechanisms, the circulation response to warming is uncertain, 

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 that extreme rainfall might have higher sensitivity to thermodynamic changes in the 

tropics, owing to an estimated 6-14% increase in water vapor per 1ϲ/ ƻŦ ǿŀǊƳƛƴƎ όhΩDƻǊƳŀƴ, 

2012). 

Due to the thermodynamic response to warming, heavy precipitation is expected to 

intensify, but dynamical changes may dampen of amplify the thermodynamic response locally, 

or shift large-scale patterns of rainfall. With the expansion of the tropics, storm tracks would be 

expected to shift farther away from the equator. There is low confidence in the storm track 

response in the Northern Hemisphere, but higher confidence in a poleward shift of storm tracks 

in the Southern Hemisphere (Lee 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 dependent on the season and region. 

Storm track changes may be especially complicated, as several aspects of the atmosphere may 

drive different or even opposite responses (Lee et al., 2021). For example, while an increase in 

atmospheric stratification could shift storm 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 land-sea warming contrast, melting sea 
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ice, and changes 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 variability and 

long-standing biases remain in the representation of storm tracks. The Intergovernmental Panel 

on Climate Change (IPCC) Sixth Assessment Report reports high confidence that regional 

precipitation extremes will increase in frequency and intensity in almost 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 events is expected to be non-linear, with the most extreme 

events experiencing the greatest rate of increase. In regards to regional-scale extreme 

precipitation, changes in intensity are dependent on regional warming, changes to circulation, 

and storm dynamics (Seneviratne et al., 2021).  

2.1.2 The Self-Organizing Map 

Synoptic climatology, which directly links atmospheric circulation to environmental 

responses (Yarnal, 1993), often involves classifying 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 common limitation of these approaches is that the resulting clusters are not 

organized along a continuum of atmospheric states. Self-organizing maps (SOMs) (Kohonen 

1995) address this limitation by arranging atmospheric patterns in a continuous two-

dimensional array, facilitating a deeper understanding of patterns and their transitions. Over 

the past two decades, SOMs have gained popularity in synoptic climatology for their ability to 

improve data visualization and pattern recognition. They produce clusters that can be used for 

multiple applications, including validating General Circulation Model (GCM) outputs, diagnosing 

model weaknesses, projecting future climate (Hope et al., 2006; Skific et al., 2009), and 

examining the relationship between atmospheric circulation and precipitation (Alexander et al., 

2015; Cavazos, 1999, 2000; Hope et al., 2006; Tymvios et al., 2010). 
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Many studies have used SOMs to characterize local scale precipitation associated with 

different large-scale weather patterns (Hewitson & Crane, 2006; Hope et al., 2006; Lennard et 

al., 2014; Nishiyama et al., 2005). Hewitson & Crane (2002) applied the SOM as a pattern 

recognition tool with the ability to identify complex relationships between meteorological 

factors and provide a way to visualize the distribution of synoptic patterns over a region. SOMs 

can be used to better understand the occurrence of rainfall events (Hong et al., 2005; Uotila et 

al., 2007; Zhang et al., 2006) and can be used in combination with GCM output to project future 

frequency changes in local scale precipitation (Hope et al., 2016; Li et al., 2020; Ning et al., 

2010; Sinha et al., 2018).   

In brief, the SOM reduces the dimensionality of datasets by organizing patterns into a 

two-ŘƛƳŜƴǎƛƻƴŀƭ ƎǊƛŘ ƻŦ ŎƭǳǎǘŜǊǎ ƻǊ ΨƴƻŘŜǎΩ ǘƘŀǘ ŀǊŜ ŀǊǊŀƴƎŜŘ ǿƛǘƘ ƳƻǊŜ ǎƛƳƛƭŀǊ ǇŀǘǘŜǊƴǎ ŎƭƻǎŜǊ 

together in space. The number of nodes in the SOM is an arbitrary choice made 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 process, the Euclidean distance between the data 

sample and each node is calculated. The node with the shortest distance is considered the 

άǿƛƴƴƛƴƎ ƴƻŘŜέ ŀƴŘ ƛǎ ǳǇŘŀǘŜŘ ǳǎƛƴƎ ǘƘŜ ƛƴŦƻǊƳŀǘƛƻƴ ŦǊƻƳ ǘƘŜ ǎŀƳǇƭŜΦ {ǳǊǊƻǳƴŘƛƴƎ ƴƻŘŜǎ ŀǊŜ 

updated based on the training radius that is set by the user (Zhang et al., 2022). The training 

radius, training rate, and the number of iterations are user-defined parameters that control the 

training of the SOM. More details of SOM methods can be found in previous studies (Kim et al., 

2021; Kohonen, 2013; Liu et al., 2006; Thompson et al., 2020).  

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 to relate large-scale 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. 2006; Horton et al., 2015; Li et al., 2020; Loikith et al., 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 precipitation. Li et al. (2020), authors organized ERA-40 
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reanalysis variables into a 20-node SOM representative of the spectrum of large-scale 

circulation variability in Eastern China and linked these patterns to local-scale rainfall. The SOM 

was then use to project rainfall changes, finding overall increases in precipitation means and 

extremes by the end of the century (Li et al., 2020). 

Studies have also used SOMs to assess changes in heavy precipitation events (Nishiyama 

et al., 2005; Tan et al., 2019; Vuillaume et al., 2018; Zhang et al., 2022 ). Ohba et al. (2014) used 

SOMs to categorize synoptic weather patterns in Japan, as heavy Baiu season precipitation is 

linked to large-scale climatic phenomena such as the Asian Monsoon, El Niño Southern 

Oscillation, and the Arctic Oscillation. In their study, they linked seven different patterns of 

large-scale circulation and moisture are linked to frequent occurrences of anomalously heavy 

rainfall and investigated the changing frequency of these patterns over time. Zhang et al. (2022) 

used SOMs to investigate circulation patterns related to extreme rainfall events in Northern 

China.  Authors organized patterns of 500 hPa geopotential height anomalies and column-

integrated moisture flux into a 9-node SOM and investigate the occurrence frequency of heavy 

rainfall events under each node pattern. One pattern stood out as being most conducive to 

precipitation extremes (Zhang et al., 2022). 

2.1.3 wŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ 

{ƻƳŜǘƛƳŜǎ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ άŎƭƛƳŀǘŜ ōȅ ǘƘŜ ƳƛƭŜέ ό{ŀƴŘŜǊǎƻƴ, 1993), the climate of Hawaii is 

extremely unique and characterized by steep spatial rainfall gradients across the islands 

(Giambelluca et al., нлмоύΦ ! ƳŀƧƻǊ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎ ƻŦ ŀƴƴǳŀƭ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ƛǎ ŀ ŎƭŜŀǊ ŘƛǇƻƭŜ 

structure in which the windward side (northeastern coast) of the islands receive signicantly 

more rainfall than the leeward side (western coast). This structure is due to the trade-wind-

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 the windward sides of slopes. As the trade 

winds are present 85%-95% of the time in the dry season (May ς October) and 50%-80% of the 

time during the wet season (November ς April), this trade-wind-induced orographic rainfall 

makes up the most prevalent pattern of ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ (Longman et al., 2021; Lyons, 1982; 

Sanderson, 1993)Φ IƻǿŜǾŜǊΣ ǎƻǳǊŎŜǎ ƻŦ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ǘŜƴŘ ǘƻ ŘƛŦŦŜǊ ōȅ ǎŜŀǎƻƴΣ ǿƛǘƘ Ƴƻǎǘ ƻŦ 
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the rainfall during the dry season coming from orographic processes and much of the rainfall 

during the wet season coming from large scale atmospheric disturbances, such as cold fronts, 

Kona lows, and upper-tropospheric disturbances (Caruso & Businger, 2006; Longman et al., 

2021). 

wŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ƛǎ ŎƘŀǊŀŎǘŜǊƛȊŜŘ ōȅ a dry season (MayςOctober) and a wet season 

(NovemberςApril). During the dry season, northeasterly trade winds are more prevalent and 

orographic lift is the dominant rainfall-producing mechanism over the islands (Giambelluca et 

al., 2013). This results in a distinct pattern of wetter windward and a drier leeward slopes, as 

orographic rain predominantly falls on the windward sides of the mountainous islands 

(Sanderson, 1993). ! ƪŜȅ ŦŀŎǘƻǊ ƛƴŦƭǳŜƴŎƛƴƎ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ƛǎ ǘƘŜ ǘǊŀŘŜ ǿƛƴŘ ƛƴǾŜǊǎƛƻƴ ό¢²LύΣ 

a shallow atmospheric layer at around 2,000 meters above sea level (Cao et al., 2007; 

Giambelluca et al., 2013). The 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 increases 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 mainly to windward slopes below the TWI (Riehl, 1979). 

Large-scale climate variability, including the El Niño-Southern Oscillation (ENSO), the 

Pacific Decadal Oscillation (PDO), and the Pacific North American (PNA) pattern, also 

ǎƛƎƴƛŦƛŎŀƴǘƭȅ ŀŦŦŜŎǘ Iŀǿŀƛ ƛΩǎ ǊŀƛƴŦŀƭƭΦ wŜǎŜŀǊŎƘ ǎƘƻǿǎ ǘƘŀǘ ǇƻǎƛǘƛǾŜ tb!Σ 9ƭ bƛƷƻΣ ŀƴŘ ǇƻǎƛǘƛǾŜ 

PDO phases are associated with drier winters, while negative PNA, La Niña, and negative PDO 

phases bring wetter winters (Chu & Chen, 2005; Frazier et al., 2018; Longman et al., 2021). 

However, recent studies suggest a shift in these relationships, with La Niña years showing a 

drying trend during the wet season since 1983 όhΩ/ƻƴƴƻǊ Ŝǘ ŀƭΦ, 2015). 

¢ƘŜ ¢²L ƛƴǘŜǊŀŎǘǎ ǿƛǘƘ ǘƘŜǎŜ ƳƻŘŜǎ ƻŦ ǾŀǊƛŀōƛƭƛǘȅΦ 5ǳǊƛƴƎ 9ƭ bƛƷƻ ȅŜŀǊǎΣ ǘƘŜ IŀŘƭŜȅ ŎŜƭƭΩǎ 

descending air shifts more directly over the Hawaiian Islands, strengthening the TWI and 

limiting rainfall-producing disturbances (Sanderson, 1993), such as Kona lows. For example, the 

1997ς98 El Niño year, which had no Kona low events, resulted in the driest wet season on 

record (Longman et al., 2021). 

2.1.4 Disturbance Driven Rainfall iƴ Iŀǿŀƛ ƛ 
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Much of the rain that falls during the wet season in Hawaii comes from synoptic disturbances 

(Chu et al., 1993; Longman et al., 2021; Ramage, 1962; Simpson, 1952). These disturbances can 

interrupt the typical trade wind regime, suppressing trade wind driven orographic rainfall and 

lift or eliminate the TWI, often leading to heavy rainfall events that affect different parts of the 

islands (Schroeder et al., 1977). In a 20-year analysis of rŀƛƴŦŀƭƭ ƻƴ h ŀƘǳΣ ƛǘ ǿŀǎ ŦƻǳƴŘ ǘƘŀǘ 

almost half of wet season rainfall could be attributed to atmospheric disturbances (Longman et 

al., 2021). 

IŜŀǾȅ ǊŀƛƴŦŀƭƭ ŜǾŜƴǘǎ ƛƴ Iŀǿŀƛ ƛ Ŏŀƴ ŀǊƛǎŜ ŦǊƻƳ ŀ ƴǳƳōŜǊ ƻŦ ŀǘƳƻǎǇƘŜǊƛŎ situations. 

During wet seasons, event often occur in connection with crossing fronts, non-crossing fronts 

(approaching cold fronts that stall before crossing the islands), upper-level low-pressure 

systems, and Kona lows. Unlike the other disturbance types, tropical cyclones tend to occur 

during the dry season and are relatively rare in the region during the winter. While tropical 

cyclones come within 300 km of the islands about once every two years, it is extremely rare 

that thet make landfall (Kodama & Barnes, 1997). This is in part due to unfavorable vertical 

wind shear over the islands, and in part due to the lack of monsoon-trough conditions in the 

central tropical North Pacific (Businger et al., 2018). Nevertheless, hurricanes during the dry 

season can bring heavy rainfall to the Hawaiian Islands if they come sufficiently close (e.g., 

Nugent et al., 2020). 

Kona lows are subtropical cyclones that occur most often during the wet season in 

Hawaii. In the Hawaiian language, kona means leeward, used to describe the atypical wind 

direction during this type of event. A Kona low is characterized by a deep, slow-moving low-

pressure system with a closed surface circulation without a surface front, and an upper 

atmospheric circulation that is cut off from the westerlies.. They often lead to prolonged 

periods of extremely heavy rainfall and have historically led to a variety of weather-related 

hazards (Morrison & Businger, 2001). A disturbance type analysis showed that the occurrence 

of Kona low events was the primary factor determining whether a year is anomalously wet or 

anomalously dry (Longman et al., 2021). While they are infrequent, Kona lows can be very 

intense, with the potential to generate up to 32% of the seasonal rainfall in a year. On average, 

Kona lows enhance rainfall by 300% of the amount of rainfall that could be expected on a non-
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disturbance day (Longman et al., 2021). Rainfall enhancements by Kona lows tend to favor the 

leeward sides of the islands (Kaiser, 2014). 

Cold fronts approaching the Hawaiian Islands can often lead to heavy rainfall ahead of 

and along the front. Fronts are the most common disturbance type in Hawaii winters, with 

about 14 fronts occurring per year, making up to 73% of disturbances and accounting for 19% 

of total wet season rainfall between 1990 and 2010 (Longman et al., 2021). Of the fronts that 

approach Hawaƛ ƛ during those years, 57% moved across the islands, referred to as crossing 

fronts, while the remaining fronts were non-crossing fronts. Non-crossing 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 orographically driven rain that would 

typically occur on a non-disturbance day. On average, crossing fronts between 1990 and 2010 

ǿŜǊŜ ŦƻǳƴŘ ǘƻ ƭŜŀŘ ǘƻ ŀƴ уу҈ ŜƴƘŀƴŎŜƳŜƴǘ ƛƴ ǊŀƛƴŦŀƭƭΦ hƴ h ŀƘǳΣ ŎǊƻǎǎƛƴƎ ŦǊƻƴǘǎ ǎŜŜƳŜŘ ǘƻ 

affect similar regions of the island as Kona lows, with the largest enhancements in the 

northwest and southeast and more modest enhancements in the southwest. Non-crossing 

fronts during the 1990-2010 time period were found to lead to significantly less rainfall than 

that of non-disturbance days about 76% of the time because of the interruption to the trade-

wind induced rainfall, especially along the windward coasts of the islands (Longman et al., 

2021). 

Upper-level low pressure systems are large low-pressure systems that form in the 

upper-troposphere in the subtropics without surface development. These disturbances create 

unstable conditions that can lead to heavy rainfall (Longman et al., 2021). 

2.1.5 Trends in Seasonal Rainfall 

As all areas of the Hawaiian Islands depend on rainfall for freshwater resources, including for 

drinking water and irrigation, understanding trends in precipitation is crucial. Spatial analysis of 

rainfall from 1920 to 2012 found a drying trend across 90% of the area in Hawaii, with 

persistent long-term drying in the Kona region of Hawaii Island (Frazier & Giambelluca, 2017). 

These findings are supported by earlier work that highlighted decreasing trends in rainfall (Chu 

& Chen, 2005; Chu et al., 2010; Diaz & Giambelluca 2012; Kruk & Levinson, 2008; Longman et al. 

2015), particularly at high elevations, and declines in both streamflow and baseflow (Bassiouni 
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& Oki, 2013; Clilverd et al., 2019). Studies show that drying increases with elevation, consistent 

with increases in solar radiation and decreases in cloud cover (Longman et al., 2015). However, 

ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ is heavily influenced by natural variability, making it challenging to assess 

whether the apparent drying trends will persist as the climate warms. Attribution studies in 

Iŀǿŀƛ ƛ ƘŀǾŜ ŦƻǳƴŘ ǘƘŀǘ ƴŀǘǳǊŀƭ ǾŀǊƛŀbility continues to obscure the effects of anthropogenic 

forcing (Fandrich et al., 2022; Frazier et al., 2018). Additional rainfall projections are essential to 

better understand future trends and prepare for potential impacts. 

2.1.6 Heavy and Extreme Rainfall iƴ Iŀǿŀƛ ƛ 

Heavy rainfall events in Hawaii tend to be associated with large scale disturbances in the 

atmosphere such as upper-level low pressure systems and frontal activity. Kaiser (2014) has 

shown that the frequency of these rainfall events has changed over time. The changing 

frequency of these types of events has the capacity to change the nature of seasonal rainfall. 

Relatively few studies have focused on changes in heavy and extreme rainfall events in 

Iŀǿŀƛ ƛΦ /Ƙǳ Ŝǘ ŀƭΦ όнлмлύ ǇŜǊŦƻǊƳŜŘ ŀ ǘǊŜƴŘ ŀƴŀƭȅǎƛǎ ƻƴ Iŀǿŀƛƛŀƴ ǊŀƛƴŦŀƭƭ ŜǾŜƴǘǎ ōŜǘǿŜŜƴ ǘƘŜ 

1950s and 2007, showing changes in precipitation intensity over time as well as significant 

decreases in multiple intensity related indices. The authors of that study found that 

precipitation intensity has shifted since the 1980s towards more frequent light precipitation 

and less frequent moderate and heavy precipitation (Chu et al., 2010). Results also suggested 

fewer days with intense precipitation and smaller precipitation amounts in later years. Upward 

trends in drought conditions were seen throughout the period as well, a finding that has been 

confirmed by subsequent studies (e.g., Frazier et al., 2022). There was some spatial variation in 

the trends, with OŀƘǳ ŀƴŘ Yŀǳŀ ƛ ŜȄǇŜǊƛŜƴŎƛƴg downward trends in the intensity frequency, 

ŀƴŘ ƳŀƎƴƛǘǳŘŜ ƻŦ ŜȄǘǊŜƳŜ ǇǊŜŎƛǇƛǘŀǘƛƻƴ ŀƴŘ Iŀǿŀƛ ƛ ƛǎƭŀƴŘ ŜȄǇŜǊƛŜƴŎƛƴƎ ǳǇǿŀǊŘ ǘǊŜƴŘǎΦ 

However, increased drought conditions were island-wide (Chu et al., 2010).  Additionally, 

results showed a strong association between ENSO and rainfall.  

Timm et al. (2011) investigated projected changes in the frequency of heavy rainfall in 

Iŀǿŀƛ ƛ ǳǎƛƴƎ ǘƘŜ tb! LƴŘŜȄ ŀƴŘ ǘƘŜ {ƻǳǘƘŜǊƴ hǎŎƛƭƭŀǘƛƻƴ LƴŘŜȄ ό{hL). With only small changes 

expected in the PNAI and SOI during the 21st century, correspondingly small changes in the 

frequency of heavy rainfall events were projected. Norton et al. (2011) focused on changes in 



45 

 

ƘŜŀǾȅ ǊŀƛƴŦŀƭƭ ŦƻǊ ǘƘŜ ƛǎƭŀƴŘ ƻŦ h ŀƘǳ ǳǎƛƴƎ ŀƴ !ǊǘƛŦƛŎƛŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪ ό!bbύΦ wŜǎǳƭǘǎ ǎƘƻǿŜŘ ŀ 

tendency towards an increased frequency of extreme events, 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 Rainfall-5ǊƛǾƛƴƎ /ƛǊŎǳƭŀǘƛƻƴ tŀǘǘŜǊƴǎ ƛƴ Iŀǿŀƛ ƛ 

With the uncertainty surrounding how climate change will impact heavy rainfall events in 

Iŀǿŀƛ ƛΣ ǘƘŜǊŜ ƛǎ ƎǊƻǿƛƴƎ ŎƻƴŎŜǊƴ ŀōƻǳǘ ŘƛǎŀǎǘŜǊ ǇǊŜǇŀǊŜŘƴŜǎǎΣ ǿŀǘŜǊ ǊŜǎƻǳǊŎŜ ƳŀƴŀƎŜƳŜnt, 

and conservation efforts. Since wet season rainfall is largely shaped by large-scale circulation-

driven events, changes in their frequency could significantly alter precipitation patterns. 

Understanding these circulation patterns and their links to local rainfall is therefore essential. 

 This study aims to identify and classify the large-scale circulation patterns that drive wet 

ǎŜŀǎƻƴ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ǳǎƛƴƎ SOMs. These patterns represent the spectrum of synoptic 

atmospheric conditions responsible for rainfall variability across the islands. By analyzing the 

spatial rainfall distributions and types of weather disturbances linked to each circulation 

pattern, we establish connections between large-scale atmospheric dynamics and local rainfall 

events. 

We then apply the SOM framework to an ensemble of CMIP6 GCM projections 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 in Hawaƛ ƛΩǎ ǿŜǘ 

season rainfall regime, which is critical for planners and decision makers aiming to prepare for 

evolving rainfall impacts under climate change. 

 

2.2 Data and Methods 

2.2.1 Large-Scale Circulation Data 

The atmospheric data used to analyze ǘƘŜ ƳŀƧƻǊ ǎȅƴƻǇǘƛŎ ǇŀǘǘŜǊƴǎ ƻǾŜǊ Iŀǿŀƛ ƛ ŦƻǊ ǘƘŜ ǇŜǊƛƻŘ 

1990-2010 were obtained from the 0.25°-resolution fifth generation of the European Centre for 

Medium-Range Weather Forecasts (ECMWF) reanalysis data (ERA5) (Hersbach et al., 2020). The 

specific humidity 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 stability. The 1990-2010 time 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 to 40°N and were used to 

produce daily values. The domain selection was made large enough to encompass components 

of circulation features such as cold fronts that move towards the islands from the mid-latitudes. 

The data were divided chronologically into an 80-20 split, 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 

ōŜǘǘŜǊ ǊŜŦƭŜŎǘ ǘƘŜ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ to generalize to future conditions. 

2.2.2 Rainfall Observations 

Gridded daily rainfall data between 1990 and 2010 (Longman et al., 2019) were associated with 

the large-scale atmospheric patterns produced by the SOM. This dataset was produced through 

Inverse Distance Weighting (IDW) interpolation methods applied to rainfall data from 142 

observation stations (Longman et al., 2019). The gridded dataset was produced only over land 

areas in Hawaii at a horizontal resolution of 250 meters.  

In addition to the gridded rainfall dataset, a disturbance type classification dataset was 

used to help identify the large-scale patterns associated with local rainfall (Longman et al., 

2018, 2019; 2021). This dataset was produced through earlier work (Longman et al., 2021) to 

analyze disturbance-ŘǊƛǾŜƴ ǊŀƛƴŦŀƭƭ ƻƴ hΨŀƘǳΦ ¢ƘŜ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴǎ ŜǎǘŀōƭƛǎƘŜŘ ƛƴ ǘƘŀǘ ǎǘǳŘȅ ǿŜǊŜ 

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 obtained from the 

CMIP6 archive (Eyring et al., 2016; 2019). Seven GCMs were selected based on data access and 

variable availability (Table 2.1). Data were obtained for the historical (1990-2010) and future 

(2071-2099) periods. The Shared Socioeconomic Pathway (SSP5-8.5) scenario was chosen to 

represent the future simulation, representing the upper bound of emissions scenarios 

ŘŜǎŎǊƛōŜŘ ƛƴ ǘƘŜ ƭƛǘŜǊŀǘǳǊŜ όhΩbŜƛƭƭ Ŝǘ ŀƭΦ, 2016). A single ensemble member was selected for 
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each model (r1i1p1f1)1. Data were regridded 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 the domain consistent with that used for the ERA5 data (180°E to 120°W and 10°S to 

40°N) were used to train a SOM with parameters consistent with those used for the ERA5 SOM. 

This step aimed to verify that the node frequencies and spatial patterns produced by the SOM 

trained on CMIP6 historical data were consistent with those generated by the ERA5-trained 

SOM. To further assess this consistency, a chi-squared goodness of fit test (Wilks, 2011) was 

applied to compare node frequency distributions from the reference period model data and the 

ERA5-trained SOM, evaluating whether observed differences were statistically significant. 

Additionally, the SOM quality was assessed using Quantization Error (QE) and Topographic Error 

(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 node frequencies for the future period (2070-2099) were determined and the 

change in node frequency was calculated by finding the difference in node frequencies 

between the future (2070-2099) and present day (1990-2005) periods. 

Table 2.1 The modeling centers and shorthand model name of the GCMs used in this study. 

Modeling Center Model 

Research Center for Environmental Changes, 

Academia Sinica (AS-RCEC) 

TaiESM1 

Norwegian Climate Centre (NCC) NorESM2-MM 

Centre for Climate Change Research, Indian 

Institute of Tropical Meteorology (CCCR-

IITM) 

IITM-ESM 

Meteorological Research Institute (MRI) MRI-ESM2-0 

 
1 r1i1p1f1 indicates the realization (r1), 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, and forcing 
inputs, commonly referred to as the "primary" or "default" simulation. 
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Fondazione Centro Euro-Mediterraneo sui 

Cambiamenti Climatici (CMCC) 

CMCC-CM2-SR5 

Max Planck Institute for Meteorology 

(MPI-M) 

MPI-ESM1-2-LR 

Canadian Centre for Climate Modelling and 

Analysis (CCCma) 

CanESM5 

 

2.2.4 Pre-processing data 

The SOM input data (ERA5 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 

most large-ǎŎŀƭŜ ǊŀƛƴŦŀƭƭ ŘƛǎǘǳǊōŀƴŎŜǎ ƛƴ IŀǿŀƛΩƛ ƻŎŎǳǊ ŘǳǊƛƴƎ ǘƘŜ ǿŜǘ ǎŜŀǎƻƴ ό[ƻƴƎƳŀƴ Ŝǘ ŀƭ., 

2021). The SOM analysis was conducted using wet season rather than whole year data to avoid 

masking patterns with dominant seasonal trends and to reduce the 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 produce an anomaly dataset. The variables 

were then transformed into z-scores to normalize the differing units of the data. To account for 

varying surface area by latitude, the cosine of latitude was used to compute an area-weighted 

mean, which was then subtracted from the z-scores. These data were 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 a 20-node network (5 x 4) where each node represents a 

unique pattern of circulation variability. The sigma value was set to 2 and the learning rate was 

set to 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 reserved for 

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 4 SOM was 

chosen based on low average quantization error (QE) and topographic error (TE). QE is a 

measure of how well the SOM is able to approximate the input data and is calculated as the 
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average Euclidean distance between the input vectors and their corresponding BMU, as shown 

in Equation 2.1: 

ὗὉ
В   

         [2.1] 

where N is the number of data samples, Xi is a data sample, and mc 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 points to their BMU with relatively low error 

(Skific & Francis, 2013). The mean-interpoint 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 error (TE) is a measure of how well the SOM preserves the topological 

structure of the input data (Kohonen, 2001). A low topographic error indicates the SOM has 

preserved the data structure well. Conversely, a high topographic error suggests the SOM fails 

to capture these relationships. The TE is the proportion of input samples for which the first and 

second BMUs are not adjacent on the SOM grid. Equation 2.2 shows the formal definition: 

ὝὉ В ὄὓὟȟὄὓὟ‏        [2.2] 

where N is the total number of samples, ὄὓὟ is the BMU for the i-th sample, and ὄὓὟ  is 

the second-best BMU for the same sample. The indicator function ‏ὄὓὟȟὄὓὟ  is shown 

in Equation 2.3: 

ὄὓὟȟὄὓὟ‏  
ρ ὭὪ ὄὓὟ ὥὲὨ ὄὓὟ  ὥὶὩ ὲέὸ ὥὨὮὥὧὩὲὸ έὲ ὸὬὩ Ὓὕὓ ὫὶὭὨ

π ὭὪ ὄὓὟ ὥὲὨ ὄὓὟ ὥὶὩ ὥὨὮὥὧὩὲὸ έὲ ὸὬὩ Ὓὕὓ ὫὶὭὨ
 [2.3] 

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 type classifications. 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 calculated per node.  
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2.2.7 Validating the SOM 

The reserved 20% of the ERA5 data were used to validate the SOM output by identifying the 

BMU for each day of the left-out data. The QE and TE of the validation data set were calculated. 

The correlation was calculated between 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 matched 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 identify any 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 winter-time disturbance types described in 

(Longman et al., 2021) the average 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 climatology Ὂȟ as sown in Equation 2.4: 

Ὂȟ ὔȟȾὔ ὔȟ Ⱦὔ ρππ      [2.4] 

where ὔȟ is the number of days of disturbance type d in node i, ὔ is the number of days in 

node i, ὔȟ  is the number of disturbance type d occurrences during the climatological 

reference period (1990ς2005), and ὔ  is the total number of days in the reference period. Ὂȟ 

gives the frequency of occurrence of a particular disturbance type in a node relative to the 

climatology of that disturbance type.  

Monte Carlo significance 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 levels (Kendon et al., 2014; Kim, 2014; 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 

ŦƛƴŘƛƴƎǎΦ Lƴ ƻǊŘŜǊ ǘƻ ŎƻƴŦƛǊƳ ǘƘŜ {haΩǎ ŀōƛƭƛǘȅ ǘƻ ǊŜǇresent long-term rainfall with the selected 
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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 and compared 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 frequencies 

of each pattern per year.  First, yearly total wet season rainfall was calculated as shown in 

Equation 2.5: 

ὖ ȟ В ὖ ȟ ὪὨ ɴ ρȟςȟȣȟςπ     [2.5] 

where ὖ ȟ is the total wet season rainfall for year s, Ὀ is the number of wet season days in 

wet season year s, and ὪὨ is a mapping function that assigns each day d to one of 20 rainfall 

patterns. Each pattern contributes to the cumulative precipitation weighed by the number of 

days classified under it.     

The average rainfall for the full time period was then calculated as shown in Equation 2.6: 

ὖ  В ὖ         [2.6] 

Where ὖ  is the average wet season precipitation over the time period, ὖ is the total 

seasonal precipitation for season s, and Y is the number of years in the period. ὖ  provides 

a measure of typical seasonal rainfall across the time period. 

 The average wet season rainfall was reconstructed for the reference period to validate 

the method, using the mean node rainfall patterns and the reference period node frequencies 

derived from the ERA5-trained SOM. The results were compared to the rainfall observation to 

ensure that the reconstructed values closely matched the observed spatial and temporal 

ǇŀǘǘŜǊƴǎΣ ǘƘŜǊŜōȅ ŎƻƴŦƛǊƳƛƴƎ ǘƘŜ ƳŜǘƘƻŘΩǎ ŀōƛƭƛǘȅ ǘƻ ŎŀǇǘǳǊŜ ǘƘŜ dominant rainfall variability 

and magnitude during the baseline period. 

2.2.11 Node Frequency Change 

 

After identifying the BMU for the reference period 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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(2070-2099). The change in node frequency was calculated as the difference between future 

and reference period frequencies, normalized by dividing by the reference period frequencies 

following Equation 2.7: 

ЎὊ ȟ ȟ

ȟ
        [2.7] 

Where ЎὊ is the change in node frequency for node i,  Ὂ ȟ is the node frequency of the 

future period (2070-2099), and Ὂ ȟ is the frequency during the reference period. This 

analysis was conducted for each individual model as well as for the multi-model mean. 

 For each GCM, a chi-squared goodness of fit test (Wilks, 2011) was performed t 

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 each node, dividing by 

the number of years in the period to obtain a wet season average value for the future period 

(2070-2099), and finally subtracting the wet season average for the reference period (1990-

2005). This process was repeated for each GCM and averaged to produce a multi-model mean. 

2.3 Results 

2.3.1 SOM Analysis 

After training the 20-node 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 clustering. Additionally, the TE was 0.05, meaning that 5% of data points 

had their first and second BMU positioned non-adjacently on the grid, suggesting that the SOM 

maintains good topological preservation of the input data. 

Figure 2.1 shows the mean anomaly patterns 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 two-dimensional grid, with nearly opposite patterns occupying 

opposite corners. The nodes in column 0 show a low-pressure zone to the WNW of the 

Hawaiian Islands, while column 4 shows a low-pressure 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 Hawaii. 

Nodes [0,0], [0,2], and [0,3] resemble upper-level low and Kona low patterns as described by 

Longman et al. (2021). Kona low events are often associated with reversed wind patterns from 

Iŀǿŀƛ ƛ ǎ ǘȅǇƛŎŀƭ ƴƻǊǘƘ-easterly winds, bringing instead winds from the southwest or west, as 

can be seen in these patterns. High specific humidity values are concentrated over the Hawaiian 

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). Cold fronts bring cold dry air from the mid-latitudes 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 the input 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, indicating that the mean node patterns are reasonably representative 

of the daily anomalies that are assigned to it. Figure 2.2 shows the mean spatial correlations 

between the input data and their BMU per node. Overall, there were moderate correlations 

with most values ranging from 0.40 to 0.68, suggesting that the SOM was reasonably successful 

at grouping similar patterns. 

Node frequencies are shown in Figure 2.3. A high number of occurrences indicates more 

commonly occurring circulation patterns, while lower occurrences 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 in Figure 2.1. Conversely, nodes that show patterns resembling 

atmospheric disturbances occur less frequently. 
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Figure 2.1 Average ERA5 node patterns of daily meridional wind (850 hPa), zonal wind (850 

hPa), and specific humidity (925 hPa) anomalies for the reference period (1990ς2005). Arrows 

indicate wind direction, with their size representing wind speed. The color scale represents 

specific humidity anomaly z-scores, ranging from negative (blue) to positive (red), highlighting 

moisture deviations. The node names represent the node location on the two-dimensional grid, 

with the two numbers indicating the column and row, respectively, with node [0,0] occupying 

the bottom left corner. 
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Figure 2.2 The average correlation between the input samples and their corresponding best 

matching units (BMUs), representing how well the SOM nodes capture the features of the input 

data. 
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Figure 2.3 Node frequency of the ERA5 reference period data, with lighter colors indicating less 

frequent nodes and darker colors representing more frequent ones. 

2.3.2 SOM Validation 

20% of the ERA5 reanalysis data was excluded from the training dataset to use for validation 

purposes. The BMUs of each day of the test dataset were identified and the 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 dataset. Node correlation values can be seen in Figure 2.4. 

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 data and is able to represent new, unseen data. 

 

Figure 2.4 Same as Figure 2.2, but for the test dataset (2006-2010). 

 

2.3.3 Disturbance Type 

The frequency of each disturbance type was analyzed for each node of the SOM using the daily 

disturbance type classification dataset (Longman et al., 2021). Anomalous disturbance type 
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occurrences were calculated relative to the climatological disturbance type frequency (Equation 

2.4). The anomalous frequencies (%) are shown in Figure 2.5. The results of the disturbance 

type analysis support the previous interpretations of the mean atmospheric anomaly patterns. 

Results significant at the 95% level show that non-disturbance days occur over 20% more 

frequently than expected (p Җ лΦлрύ ƛƴ ƴƻŘŜǎ ώмΣнΣϐΣ ώнΣнϐΣ ώоΣнϐΣ ŀƴŘ ώоΣпϐ ŀƴŘ ƳƻǊŜ ǘƘŀƴ ол҈ 

ƭŜǎǎ ŦǊŜǉǳŜƴǘƭȅ ǘƘŀƴ ŜȄǇŜŎǘŜŘ όǇ Җ лΦлрύ ƛƴ ƴƻŘŜǎ ώлΣлϐΣ ώмΣлϐΣ ώнΣлϐΣ ŀƴŘ ώпΣлϐΦ Yƻƴŀ ƭƻǿ ŜǾŜƴǘǎ 

occur 10-мр҈ ƳƻǊŜ ŦǊŜǉǳŜƴǘƭȅ ǘƘŀƴ ŜȄǇŜŎǘŜŘ όǇ Җ лΦлрύ ƛƴ ƴƻŘŜǎ ώлΣлϐ ŀƴŘ ώлΣмϐΣ ƳƻǊŜ ǘƘŀƴ н0% 

ƳƻǊŜ ŦǊŜǉǳŜƴǘƭȅ ǘƘŀƴ ŜȄǇŜŎǘŜŘ όǇ Җ лΦлрύ ƛƴ ƴƻŘŜ ώлΣоϐΣ ŀƭƭ ŎƻǊǊŜǎǇƻƴŘƛƴƎ ǿƛǘƘ ŀ Kona low 

structure in Figure 2.мΣ ŀƴŘ ŀōƻǳǘ мл҈ ƭŜǎǎ ŦǊŜǉǳŜƴǘƭȅ ǘƘŀƴ ŜȄǇŜŎǘŜŘ όǇ Җ лΦлрύ  ƛƴ ƴƻŘŜǎ ώмΣмϐΣ 

[1,2], [2,1], and [2,2]. Crossing fronts occur more than 20% more ŦǊŜǉǳŜƴǘƭȅ ǘƘŀƴ ŜȄǇŜŎǘŜŘ όǇ Җ 

0.05) in nodes [0,0], [1,0], [2,0], [4,0], and [4,1] and more than 15% less frequently than 

ŜȄǇŜŎǘŜŘ όǇ Җ лΦлрύ ƛƴ ƴƻŘŜǎ ώмΣоϐΣ ώмΣнϐΣ ώнΣоϐΣ ώнΣнϐ ŀƴŘ ώнΣмϐΦ Lƴ ƎŜƴŜǊŀƭΣ ǘƘŜ ŀƴƻƳŀƭƻǳǎƭȅ ƘƛƎƘ 

(low) frequency nodes of all rainfall causing disturbances (crossing fronts, Kona lows, and 

upper-level lows) coincide with the anomalously low (high) frequency nodes of non-disturbance 

days. 

 

Figure 2.5 Frequency of occurrence for different disturbance types relative to climatological 

frequencies for non-disturbance days (ND), non-crossing fronts (NC), crossing fronts (CR), Kona 
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lows (KL), upper-level lows (UL), and combined rainfall-producing disturbances (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 represents results significant at the 95% confidence 

level. 

2.3.4 Rainfall Analysis 

Figure 2.6 shows the average rainfall for each node in the 5 x 4 SOM. The nodes that show a 

higher-than-average occurrence of non-disturbance days show a typical pattern of rainfall in 

Iŀǿŀƛ ƛ consisting of a wetter windward and drier leeward side across all of the islands. This 

rainfall, unlike the rainfall produced on disturbance days, is produced through the northeasterly 

trade winds interacting with the mountain ranges along the eastern coasts of the islands. Air is 

orographically lifted up the mountain slopes, producing rain on the windward side. On non-

disturbance days, the leeward sides of the islands are typically left dry in what is known as a 

ΨǊŀƛƴ ǎƘŀŘƻǿΩΦ ¢Ƙƛǎ ǊŀƛƴŦŀƭƭ ǎǘǊǳŎǘǳre can be seen in several of the nodes, most notably 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] 

ǎƘƻǿ ǊŀƛƴŦŀƭƭ ƻŎŎǳǊǊƛƴƎ ƻƴ ǘƘŜ ƭŜŜǿŀǊŘ ǎƛŘŜǎ ƻŦ ƛǎƭŀƴŘǎΣ Ƴƻǎǘ ƴƻǘŀōƭȅ ƻƴ h ŀƘǳΦ 5ƛǎturbances 

like Kona lows 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 analysis, coinciding 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 frequencies of Kona low events compared to average frequency, show 

the heaviest amounts of rainfall in any one location (Figure 2.6). Nodes [2,0] and [3,0] have 

significantly less rainfall than what would be received on a non-disturbance day despite having 

a higher-than-average frequency of frontal activity. This can be attributed to non-crossing 

fronts ς fronts that do not cross over the island chain. Non-crossing fronts have the tendency to 

interrupt the trade wind regime and the associated rainfall, but are not close enough to the 

islands to bring rainfall, thus resulting in less rainfall than what would be received on a non-

disturbance day (Longman et al., 2021) 
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Figure 2.6 The average rainfall pattern for each node, produced by averaging the spatial rainfall 

of the days allocated to that node. All maps are shown on the same color scale. 

2.3.5 Node Frequency Change 

The output from the CMIP6 models was projected onto the 5 x 4 Self-Organizing Map (SOM) to 

evaluate expected changes in circulation patterns and associated rainfall under future climate 

scenarios. Initially, specific humidity and wind anomalies from the reference period (1990ς

2005) were projected onto the SOM for the seven CMIP models to ensure close alignment with 

the ERA5-trained SOM. Spatial correlation heatmaps, presented in Supplemental Figures S2.1 ς 

S2.7, indicate high correlations (0.88 to 0.98) across all models, confirming that these models 

effectively represent ERA5's reference period anomaly variability. The differences in node 

frequencies between the reference period model data and the ERA5-trained SOM are generally 

minimal, with most frequencies differing by less than 2%. A chi-squared goodness of fit test 

(Wilks, 2011) indicated that these differences were not statistically significant (p-value > 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 ERA5 dataset (Table 2.2). 

Table 2.2 The Quantization Error (QE) and Topographic Error (TE) of the reference period for 

each of the GCMs used in this study. 

DATASET QE TE 

AS-RCEC.TaiESM1 204.49 0.06 

CCCma.CanESM5 202.11 0.05 

CCCR-IITM.IITM-ESM 205.64 0.06 

CMCC.CMCC-CM2-SR5 203.04 0.05 

ERA5 Dataset 201.46 0.05 

MPI-M.MPI-ESM1-2-LR 200.39 0.06 

MRI.MRI-ESM2-0 202.94 0.05 

NCC.NorESM2-MM 201.69 0.05 

 

After confirming that the models accurately represented the reference period, the CMIP6 

simulated anomalies for the future period (2070ς2099) were projected onto the ERA5-trained 

SOM to identify the BMU for each future day and calculate the corresponding node 

frequencies. To quantify how frequency change between the reference period and the future, the 

node frequencies from the reference period (1990ς2005) were subtracted from the future 

frequencies and normalized by dividing by the reference period frequencies following Equation 

2.7 to determine changes in node frequency. This normalization expresses the change as a 

percentage relative to the baseline, making it easier to compare increases or decreases across 

nodes regardless of their original frequencies. Figure 2.7 illustrates the multi-model median 

changes relative to reference period frequencies, highlighting which patterns represented by 

SOM nodes are projected to become more or less frequent in the future compared to the 

reference period baseline. 

Significance in node frequency changes was assessed based on model agreement in sign 

change. In Figure 2.7, nodes demonstrating agreement in sign across 90% of models are marked 

with diagonal hatching, while those with 75% agreement are indicated with stippling. Changes 
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in individual CMIP6 model node frequencies are detailed in Supplemental Figures S2.8 ς S2.14. 

Notably, nodes [0,0], [1,0], and [2,2] exhibit decreases in frequency 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 results show considerable spread among models and a lack of 

consensus. 

 

Figure 2.7 Percent change in node frequency relative to the reference period for the multi-

model mean 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. 

 

Figure 2.8 illustrates the variation in projected node frequency changes (%) relative to 

the reference period across the seven CMIP6 models. Many nodes exhibit substantial variability 

in projected changes, with shifts occurring in both positive and negative directions. Nodes with 
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a strong consensus in sign change are highlighted in Figure 2.7, indicating agreement among 

the models regarding the future frequency change. 

 

Figure 2.8 The variation in node frequency change (%) between the seven GCMs used in this 

study. Node numbers are shown on the x-axis, 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 Equation 2.5. Figure 2.9 shows the discrepancies between the average wet season 

rainfall from the gridded daily rainfall dataset (Longman et al., 2021) 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 have comparable 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 of individual year wet season anomalies to the mean wet season totals 

from both the gridded and reconstructed rainfall datasets were also assessed. Table 2.3 shows 

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 ENSO-related variability, 

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

Table 2.3 The correlation coefficient, RMSE, and MAE of the yearly reconstructed rainfall using 

the ERA5 reanlaysis data. 

Year 

Corr. 

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 0.544 174.513 121.593 

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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Figure 2.9 The difference in average wet season rainfall (mm) between the observation-based 

gridded rainfall dataset for the reference period (1990ς2010) and the reconstructed rainfall 

dataset for the future period (2071ς2099). 

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 Equation 5 and 

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 period rainfall data. The change in rainfall is determined by 

subtracting the reconstructed reference period average wet season total from the future 

average wet season total. Figure 2.10 illustrates projected future changes in wet season rainfall 

for each CMIP6 model, with panel (h) showing the multi-model mean change. The signals and 

magnitudes of change vary considerably among the GCMs. Panels (aςc) depict predominantly 

negative rainfall changes, whereas panels (e) and (g) show widespread increases. Panels (d) and 
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(f) indicate only minor changes. Due to the substantial inter-model variation, these signals 

largely offset one another in the multi-model mean (Figure 2.10h), resulting in relatively small 

overall changes. Figure 2.11 shows the average wet season total rainfall for the reference 

period, derived from gridded rainfall data, with the locations referenced in Figures 2.12ς2.15 

marked on the map. 

Figures 2.12 through 2.15 present the reconstructed time series for the reference and 

future periods, highlighting the multi-model mean alongside individual GCMs for the four 

chosen locations identified in Figure 2.11. These locations capture a range of environmental 

and climatic conditions: Honolulu Airport (Figure 2.12), characterized by orographic rainfall in a 

densely populated area; Pohaku Pahala (Figure 2.13), one of Maui's wettest regions with 

around 4,500 mm of rainfall each wet season; Kona Airport (Figure 2.14), a dry area on the 

ƭŜŜǿŀǊŘ ǎƛŘŜ ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘ, close to a dry season rainfall maxima (Giambelluca et al., 2013); 

and Mauna Kea Observatory (Figure 2.15), located at 13,631 ft, experiences minimal rainfall 

due to its elevation above the trade wind inversion. Collectively, these diverse locations reflect 

Iŀǿŀƛ ƛϥǎ ŎƭƛƳŀǘƛŎ ǾŀǊƛŀōƛƭƛǘȅΦ 

In Figures 2.12 through 2.15, the dotted blue line 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 among the models, as it applies the same methodology. The yearly 

reconstruction systematically underestimates variability compared to the observations at a 

local scale. While the local-scale signal is weaker in the reconstructions, the average rainfall 

over the entire 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 2002ς2004, a period previously identified in Table 2.3 for 

divergence from the observed data. 
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Figure 2.10 The change in average wet season total rainfall in millimeters for the seven GCMs 

used in this study and the multi-model mean of the GCMs. 

 

Figure 2.11 Four locations selected for station-scale analysis, shown over the average total wet-

season (NovemberςApril) rainfall during the reference period (1990ς2005). 
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Figure 2.12 Yearly wet season rainfall totals (in millimeters) at Honolulu Airport for the 

reference period (1990ς2005) and the projected future period (2070ς2099). The thick gray line 

indicates the multi-model mean of the reconstructed time series from seven GCMs. Individual 

GCM time series are represented by thin colored lines. The dotted blue line denotes the 

observation-based gridded rainfall dataset, while the solid blue line illustrates the time series of 

the SOM-based reconstruction utilizing ERA5 reanalysis data. 

 

Figure 2.13 Same as Figure 2.12, but for Pohaku Pahala. 
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Figure 2.14 Same as Figure 2.12, but for Kona Airport. 

 

Figure 2.15 Same as Figure 2.12, but for Mauna Kea Observatory. 

2.4 Discussion 

While substantial variation remains among GCMs (Figure 2.10), some key patterns 

emerge in this study. Frequency change results (Figure 2.7) indicate a decline in circulation 

patterns associated with Kona lows and crossing fronts (Figures 2.5c and 2.5d), suggesting 
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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 models (Figures 2.10a, 2.10b, 

2.10c, 2.10d, 2.10f, and 2.10g). With fewer Kona lows and other rainfall-producing 

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 dependent on 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. For example, Timm and Diaz (2009) 

projected a 5ς10% reduction in wet season rainfall. This is likely tied to fewer large-scale 

disturbances, as up to half of wet season rainfall is produced through disturbance events 

(Longman et al., 2021). Chu et al. (2010) also reported declining extreme rainfall events and 

ƛƴŎǊŜŀǎŜŘ ŘǊƻǳƎƘǘ ǊƛǎƪΣ ǿƛǘƘ ǎƛƎƴƛŦƛŎŀƴǘ ŘŜŎƭƛƴƛƴƎ ǊŀƛƴŦŀƭƭ ǘǊŜƴŘǎ ƻƴ h ŀƘǳ ŀƴŘ Yŀǳŀ ƛΦ ¢ƘŜǎŜ 

findings are consistent with the reduced occurrence of nodes [0,0] and [0,1], which typically 

ōǊƛƴƎ Ǌŀƛƴ ǘƻ h ŀƘǳ ŀƴŘ Yŀǳŀ ƛΩǎ ƭŜŜǿŀǊŘ ǎƛŘŜǎ ǘƘǊƻǳƎƘ ŘƛǎǘǳǊōŀƴŎŜ-driven rainfall. 

However, not all research aligns with these findings. For example, Xue et al. (2020) 

projected a 12.5% increase in wet-season rainfall. Another study employing dynamical 

downscaling for the near-term future predicted rainfall increases across all the islands, 

ǇŀǊǘƛŎǳƭŀǊƭȅ ƻƴ ǘƘŜ ǿƛƴŘǿŀǊŘ ǎƛŘŜǎ ƻŦ aŀǳƛ ŀƴŘ Iŀǿŀƛ ƛ LǎƭŀƴŘ ŘǳǊƛƴƎ ǘƘŜ ǿŜǘ ǎŜŀǎƻƴ όCŀƴŘǊƛŎƘ 

et al., 2024). While this suggests a general trend of increased rainfall, it is not necessarily 

ŎƻƴǘǊŀŘƛŎǘƻǊȅ ǘƻ ǘƘŜ ǇǊŜǎŜƴǘ ǎǘǳŘȅΩǎ ŦƛƴŘƛƴƎǎΣ ŀǎ ǘƘŜǎŜ ƛƴŎǊŜŀǎŜǎ Ƴŀȅ ǊŜŦƭŜŎǘ ŀ ǊƛǎŜ ƛƴ ǘƘŜ 

frequency of trade-wind-driven rainfall daysτsimilar to patterns observed in this study. 

Additionally, a separate study using comparable SOM methods projected an increase in 

poleward-shifted 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 (Fandrich et al., 2024). 

aǳŎƘ ƻŦ ǘƘŜ ǾŀǊƛŀǘƛƻƴ ƛƴ ŘƻǿƴǎŎŀƭƛƴƎ ǊŜǎǳƭǘǎ ŦƻǊ Iŀǿŀƛ ƛ can be attributed to 

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 specific to Hawaƛ ƛΦ ¢ƘŜ ǇǊŜǎŜƴǘ ǎǘǳŘȅ ƘƛƎƘƭƛƎƘǘǎ ǘƘŜ 



72 

 

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 that affects downscaling results, particularly in Hawaii due to the 

lack of coordination between studies. This variability reflects a common challenge in 

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

Future research could explore 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 only a single 

ensemble member for each GCM (r1i1p1f1), meaning it does not account for uncertainty 

stemming from natural variability within the models. Incorporating multiple ensemble 

members from each GCM (e.g., r2i1p1f1, r3i1p1f1), perturbed physics ensembles (PPEs), or 

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 key variables: 

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 benefit from systematically testing 

additional precipitation-related predictors to identify the most effective combination of 

variables. For the purposes of this study, the chosen predictors proved adequate. 

While the reconstruction process effectively captured the average wet-season rainfall 

across the historical period, it consistently underestimated the yearly signal at the local scale, 

leading to reduced year-to-year variability. This outcome is expected, as the reconstruction 

relies on 20 average patterns, limiting its ability to capture anomalous rainfall events that 

deviate significantly from the means. As such, the process is suitable for long-term averages but 

should be applied cautiously for reproducing time series. 

There are potential ways to enhance the representation of year-to-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 introduce 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 for the Best Matching 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 of daily variability 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, 

particularly Kona lows, raises significant concerns 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 comprehensive 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 rainfall-associated circulation patterns defined by anomalous 

specific humidity (950 hPa) and wind (850 hPa) was examined using a 5 x 4 SOM. Resulting 

frequency patterns of the ERA5-trained SOM showed that distinct anomaly patterns occurred 

with differing frequencies and the continuum of patterns could be well represented by the 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 two-dimensional grid. 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 selected number 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 unseen data 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 trade-wind circulation pattern, a higher-than-average frequency of non-

disturbance days, and a rainfall structure associated with trade wind-indued orographic rainfall. 

Nodes occupying the left side of the SOM had lower frequency of occurrence indicating rarer 

patterns, were associated with circulation patterns indicative of a low-pressure system to the 

WNW of the island chain, showed a higher-than-average frequency of Kona low events, and 

resulted in heavy daily rainfall occurring on both the windward and leeward 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 displayed a higher-than-average frequency of 

crossing and non-crossing 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. Nodes displaying a higher-than average frequency of non-crossing 

fronts showed lower average rainfall amounts than that of non-disturbance type nodes, which 

was expected due to the nature of these types of fronts.  

The SOM was then used to analyze changes in CMIP projected circulation anomalies. 

The CMIP6 circulation anomalies for the reference period (1990 ς 2005) were projected onto 

the SOM to assess how well each model could represent the ERA5 data. All seven GCMs 

showed high spatial correlation in average node 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 (2070-2099) CMIP6 circulation anomalies to determine future 

shifts in node frequencies. Node frequency changes were determined for each GCM by 

subtracting the reference period node frequencies from the future period node frequencies. 

The multi-model node frequency change was determined by averaging the frequency changes 

of the seven GCMs.  

The multi-model 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 non-disturbance days, producing the heaviest rainfall along the 

windward sides of islands, with minimal to no rainfall in other areas.  Node [3,0] exhibits a 

slightly above-average frequency of non-crossing fronts (12% higher than expected), which 
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typically disrupt trade winds and result in little to no rainfall. The average rainfall maximum for 

the days grouped into this node is 16 mm. These findings suggest a projected 25% increase in 

the frequency of non-disturbance days with rainfall limited to orographic areas on windward 

slopes. A 10% increase in non-crossing front events could result in the islands experiencing 

more frequent days with limited or no rainfall. 

The multi-model frequency changes reveal decreases in several nodes: [0,0] (-12.97%), 

[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 low-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 frequency of Kona lows, with heavy rainfall concentrated on the 

northernmost islandsτh ŀƘǳ ŀƴŘ Yŀǳŀ ƛτŀƴŘ ƭŜŜǿŀǊŘ ǊŀƛƴŦŀƭƭ ƻƴ h ŀƘǳΣ Yŀǳŀ ƛΣ ŀƴŘ aŀǳƛΦ 

Nodes [0,0] and [0,1] exhibit unusual rainfall patterns, with precipitation on both the windward 

and leeward sides of all islands. The reduced frequency of these nodes suggests a possible 

decline in the frequency of Kona low events, which typically bring heavy rainfall to the leeward 

sides of the islands. Since Kona lows are a key driver of precipitation in leeward areas, a decline 

in these events could exacerbate already dry and drought-prone conditions. 

Node [1,0] is linked to an unusually high number of frontal passages and leeward 

ǊŀƛƴŦŀƭƭΣ ǇŀǊǘƛŎǳƭŀǊƭȅ ƻƴ h ŀƘǳΦ ! ǊŜŘǳŎǘƛƻƴ ƛƴ ǘƘƛǎ ƴƻŘŜϥǎ ŦǊŜǉǳŜƴŎȅ Ƴŀȅ ƭŜŀŘ ǘƻ similar impacts 

as the decline in Kona lows. 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 non-disturbance days, further research is needed 

to understand how these non-disturbance days differ from those in neighboring nodes and why 

[2,2] shows a decline in frequency while other non-disturbance nodes increase. 

Despite these findings, there is considerable variability among model projections 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 rainfall-producing disturbances, 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 observational rainfall and 

ǊŜŎƻƴǎǘǊǳŎǘŜŘ ǊŀƛƴŦŀƭƭ ŦƻǊ ǘƘŜ ǊŜŦŜǊŜƴŎŜ ǇŜǊƛƻŘ ŘŜƳƻƴǎǘǊŀǘŜŘ ǘƘŜ ƳŜǘƘƻŘΩǎ ŀŎŎǳǊŀŎȅΣ ǿƛǘƘ ŀ 

high spatial correlation (0.999), low RMSE (14.2), and low MAE (9.99). This reconstruction 

approach was then applied to each GCM for both the reference 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 rainfall from the future mean rainfall for each GCM. 

Finally, the multi-model mean 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. First, the projected 

changes are highly dependent on the choice of GCM, with the multi-model mean 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 an island-wide 

drying trend, while others indicate increased rainfall in windward 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 reduction in Kona lows and other rainfall-producing 

disturbances that typically 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 and future 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 variability is 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, highlighting the need for further research to understand the factors contributing to 

these discrepancies. 
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CHAPTER 3: EVALUATING REGRESSION-BASED STATISTICAL DOWNSCALING METHODS FOR 

{9!{hb![ w!LbC![[ twhW9/¢Lhb{ Lb I!²!LΨL 

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 factors influencing 

precipitation. However, when data are limited, overly complex models can actually reduce 

predictive skill rather than enhance it. This study statistically downscaled seasonal rainfall over 

the Hawaiian Islands using two regression-based methodsτmultiple linear regression (MLR) 

and generalized additive models (GAM)τand compared their performance. Both methods 

were applied to generate late-21st-century rainfall projections from 12 CMIP5 General 

Circulation Models (GCMs). While GAM more effectively captured dry-season variability and 

localized rainfall patterns, its overall skill improvement relative to MLR was modest. The 

potential advantages of GAM were limited by the short training dataset available for the region. 

Results differed significantly across methods and GCMs, with GAM projecting wetter dry 

seasons and more rainfall on windward slopes, while both methods indicated drying on leeward 

sides. Some GCMs produced unrealistic negative precipitation values, requiring post-

processing. In these cases, this correction significantly altered results, highlighting 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 selected GCMs should be used to better 

inform decision-ƳŀƪƛƴƎ ƛƴ IŀǿŀƛΨƛΦ 

3.1 Introduction 

Downscaling precipitation, especially in regions with complex terrain, is a challenging and often 

location-specific task that has led to the development and fine-tuning of numerous methods. 

Obtaining realistic regional projections of precipitation is especially critical in places like 

Iŀǿŀƛ ƛΣ ǿƘŜǊŜ ǊŀƛƴŦŀƭƭ ŎƘŀƴƎŜǎ Ŏŀƴ ƘŀǾŜ ǎǳōǎǘŀƴǘƛŀƭ ƛƳǇƭƛŎŀǘƛƻƴǎ ŦƻǊ ŦǊŜǎƘǿŀǘŜǊ ǊŜǎƻǳǊŎŜǎΣ 
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sensitive ecosystems, and important planning and management decisions (Frazier et al., 2022; 

2023; Karnauskas et al., 2016). Thus, improving climate downscaling for the State of Hawaii is 

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

While dynamical downscaling 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 al., 2020). Dynamical downscaling is not without its 

own uncertainties, which can arise from errors in the driving GCM boundary conditions, choices 

in physical parameterizations, and the limitations of model resolution. Statistical downscaling 

methods are generally grouped into weather generators, analog methods, and regression 

techniques (Gutiérrez et al., 2013). Regression methods, ranging from simple bias correction to 

advanced models like Artificial Neural Networks (ANNs), establish linear or nonlinear 

relationships between large-scale predictors (e.g., humidity, wind) and local-scale predictands 

(e.g., precipitation, temperature; Wilby & Wigley, 1997). The skill of such approaches depends 

heavily on the availability and quality of high-resolution 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 the General Circulation Model (GCM) -simulated target variable directly, 

addressing GCMs' known difficulties in simulating regional precipitation (Flato et al., 2013). 

Several studies have compared the performance of different subsets of statistical downscaling 

model types for various regions (Burger et al., 2012; Gutmann et al., 2014; Hossain et al., 2019; 

Vandal et al., 2017). However, there is a lack of consensus among these studies regarding which 

statistical model performs best, suggesting that the performance of downscaling models is 

influenced by numerous factorsτsuch as regional characteristics and the availability of dataτ

making it difficult to draw generalizable conclusions. Widely used statistical downscaling 

ǇǊƻŘǳŎǘǎΣ ǎǳŎƘ ŀǎ [h/!Σ a!/!Σ ŀƴŘ b!{!Ωǎ b9·-DCP30, provide global or CONUS-scale 

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

location. For example, Fortini et al. (2017, 2019) compared multiple globally downscaled 
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ǇǊŜŎƛǇƛǘŀǘƛƻƴ ǇǊƻŘǳŎǘǎ ŦƻǊ Iŀǿŀƛ ƛ ŀƴŘ ƘƛƎƘƭƛƎƘǘŜŘ ǘƘŜ ŎƘŀƭƭŜƴƎŜǎ ƻŦ ŎŀǇǘǳǊƛƴƎ ƛǎƭŀƴŘ-scale 

rainfall patterns, further underscoring the need for region-specific evaluation. 

Lƴ Iŀǿŀƛ ƛΣ ǘƘŜ ƛƴǘŜǊŀŎǘƛƻƴ ōŜǘǿŜŜƴ ǎǘŜŜǇ ǘƻǇƻƎǊŀǇƘȅ ŀƴŘ ǘƘŜ ǘǊŀŘŜ ǿƛƴŘǎ ǇǊƻŘǳŎŜǎ 

sharp spatial gradients in rainfall (Giambelluca et al., 2013), making the region particularly 

difficult to model using coarse-resolution GCMs (Lauer et al., 2013). Moreover, due to complex 

ŘǊƛǾŜǊǎ ƻŦ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ŀƴŘ ǘƘŜ ŜȄǘǊŜƳŜ ǎǇŀǘƛŀƭ ǾŀǊƛŀōƛƭƛǘȅ ŀŎǊƻǎǎ ǘƘŜ ƛǎƭŀƴŘǎΣ ŀŎcurately 

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 national downscaling initiatives (e.g., 

CORDEX, LOCA), which have largely prioritized the contiguous United States (Basile et al., 2024).  

While a few dynamical downscaling studies have been conducted (e.g., Lauer et al., 

2013; Xu et al., 2020;  Zhang et al., 2016), most have relied on the pseudo-global warming 

(PGW) approach, with the exception of Fandrich et al. (2022). PGW assumes changes are purely 

thermodynamic and neglects dynamical factors. These high-resolution simulations require 

substantial computational resources and technical expertise, limiting their application. 

Statistical downscaling experiments have ōŜŜƴ ŎƻƴŘǳŎǘŜŘ ŦƻǊ Iŀǿŀƛ ƛ ǳǎƛƴƎ multiple linear 

regression (MLR) to project future rainfall (Elison Timm et al., 2015; Timm & Diaz, 2009). 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, it is also a source of criticism, as linear models 

assume a fixed linear relationship between predictors and predictands, which may not always 

be the case. For example, precipitation and temperature do not always change linearly with 

elevation change (e.g., Elison Timm, 2017). 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 (Hastie & Tibshirani, 1987; 

Wood, 2017).  

!ƭǘƘƻǳƎƘ ŘƻǿƴǎŎŀƭƛƴƎ ǊŜǎŜŀǊŎƘ ƛƴ Iŀǿŀƛ ƛ Ƙas progressed, it still lags behind national efforts, 

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 nonlinear relationships between large-scale climate drivers and local precipitation. 

Such limitations can lead to reduced predictive skill, particularly in complex topographic 

ǎŜǘǘƛƴƎǎ ƭƛƪŜ Iŀǿŀƛ ƛΣ ŀƴŘ Ŏŀƴ ƛƴǘǊƻŘǳŎŜ ƻǘƘŜǊ ƛǎǎǳŜǎΣ ƛƴŎƭǳŘƛƴƎ ǳƴǇƘȅǎƛŎŀƭ ŜȄǘǊŀǇƻƭŀǘion (e.g., 

negative precipitation in future scenarios) and inflated uncertainty when combining projections 

from multiple GCMs. Additionally, limited high-resolution 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 climatŜ ŘȅƴŀƳƛŎǎ ƛƴ Iŀǿŀƛ ƛΦ .ǳƛƭŘƛƴƎ ƻƴ ǇǊŜǾƛƻǳǎ ǿƻǊƪ ό9ƭƛǎƻƴ ¢ƛƳƳ Ŝǘ ŀƭΦ 

2015; Sanfilippo et al. 2022), this study generates new projections of future precipitation in 

Hawaii and investigates how different regression methods affect the results, incuding: (1) 

whether nonlinear methods improve cross-validation performance relative to linear models; (2) 

the extent to which downscaling methods avoid unphysical extrapolation; and (3) how model 

choice affects multi-model GCM downscaled uncertainty. 

3.2 Data and Methods 

3.2.1 Study Area 

The Hawaiian Islands (18.9°ς22.24°N, 160.25°ς154.8°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 80% of the year (Garza 

et al. 2012), drive orographic rainfall in Hawaii by forcing moist air up windward slopes 

(Sanderson 1993)Φ ¢ƘŜǎŜ ƳŜŎƘŀƴƛǎƳǎ ǎƘŀǇŜ ǘƘŜ ŀƴƴǳŀƭ ǇŀǘǘŜǊƴǎ ƻŦ ǊŀƛƴŦŀƭƭ ƛƴ Iŀǿŀƛ ƛ ŦŜŀǘǳǊƛƴƎ 

wetter windward and drier leeward sides of islands (ScƘǊƻŜŘŜǊ мффоύΦ IŀǿŀƛΨƛΩǎ ǊŀƛƴŦŀƭƭ ƛǎ 
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characterized by a wet (NovemberςApril) and dry season (MayςOctober). While the dry season 

is dominated by strong trade winds and orographic lifting (Norton et al., 2011), the wet season 

is influenced by large-scale disturbances like Kona lows, midlatitude fronts, and upper-

atmosphere disturbances (Caruso & Businger, 2006; Giambelluca et al., 2013). This study 

ŦƻŎǳǎŜǎ ƻƴ IŀǿŀƛΨƛ LǎƭŀƴŘΣ aŀǳƛ bǳƛ όaŀǳƛΣ aƻƭƻƪŀΨƛΣ ŀƴŘ [ņƴŀΨƛύΣ hΨŀƘǳΣ and YŀǳŀΨƛΣ excluding 

YŀƘƻΨƻƭŀǿŜ ŀƴŘ bƛΨƛƘŀǳ ŘǳŜ ǘƻ ƛƴǎǳŦŦƛŎƛŜƴǘ ŘŀǘŀΦ 

3.2.2 Data 

3.2.2.1 Precipitation Observations 

Rainfall observations from a network of Hawaiian rain gauge stations (Giambelluca et al., 2013; 

Longman et al., 2018) were used as a training and reference dataset. The dataset includes gap-

filled monthly values from 1980ς2007. These monthly data were aggregated into wet 

(NovemberςApril) and dry (MayςOctober) seasonal means. Stations with five or more missing 

monthly values were excluded, resulting in 903 stations for the wet season and 851 for the dry 

season. 

3.2.2.2  Reanalysis Data 

Predictor variables (Table 3.2) were sourced from the NCEP/NCAR reanalysis dataset (Kalnay et 

al., 1996) in order to stay consistent with earlier studies (Elison Timm et al., 2015; Sanfilippo et 

al., 2022), which has a 2.5° × 2.5° resolution and 28 vertical levels. The study domain was 

(180°Eς240°E, 10°Sς40°N) to encompass components of atmospheric circulation that influence 

local weather in Hawaii but originate in the mid-latitudes. Data were at a monthly resolution, 

with derived variables like wind and humidity products calculated accordingly. Monthly values 

were aggregated into seasonal values for 1980-2007. 

3.2.2.3 General Circulation Model Data 

Predictor variables (Table 3.2) for the reference (1980-2007) and future (2006-2100) rainfall 

simulations were sourced from 16 General Circulation Models (GCMs; Table 3.1) from the Fifth 

Coupled Model Intercomparison Project (CMIP5). GCMs were selected based on 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 Pathway (RCP) 4.5 was used for the future 

simulations, a moderate greenhouse gas emissions trajectory. Monthly values were aggregated 

seasonally for the wet and dry season. The GCM data were regridded using bilinear 

interpolation to match the resolution of the reanalysis data.  

Table 3.1 List of General Circulation Models (GCMs) used in this study and their originating 

institutions. 
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3.2.3 Methods 

3.2.3.1 Modeling Rainfall with Multiple Linear Regression (MLR) 

CMIP5  Model Modeling 

Center 

Institution 

ACCESS1-3 CSIRO-BOM CSIRO (Commonwealth Scientific and Industrial Research 

Organisation, Australia), and BOM (Bureau of Meteorology, 

Australia) 

CanESM2 CCCMa Canadian Centre for Climate Modelling and Analysis 

CMCC-CM CMCC Centro Euro-Mediterraneo per I Cambiamenti Climatici 

CMCC-CMS CMCC Centro Euro-Mediterraneo per I Cambiamenti Climatici 

GFDL-CM3 NOAA GFDL Geophysical Fluid Dynamics Laboratory 

GFDL-ESM2G NOAA GFDL Geophysical Fluid Dynamics Laboratory 

GFDL-ESM2M NOAA GFDL Geophysical Fluid Dynamics Laboratory 

inmcm4 INM Institute for Numerical Mathematics 

IPSL-CM5A-LR IPSL Institut Pierre-Simon Laplace 

IPSL-CM5A-MR IPSL Institut Pierre-Simon Laplace 

MIROC-ESM-

CHEM 

MIROC Japan Agency for Marine-Earth Science and Technology, Atmosphere 

and Ocean Research Institute (The University of Tokyo), and National 

Institute for Environmental Studies 

MIROC-ESM MIROC Japan Agency for Marine-Earth Science and Technology, Atmosphere 

and Ocean Research Institute (The University of Tokyo), and National 

Institute for Environmental Studies 

MIROC5 MIROC Atmosphere and Ocean Research Institute (The University of Tokyo), 

National Institute for Environmental Studies, and Japan Agency for 

Marine-Earth Science and Technology 

MPI-ESM-MR MPI-M Max Planck Institute for Meteorology (MPI-M) 

MRI-CGCM3 MRI Meteorological Research Institute 

NorESM1-M NCC Norwegian Climate Centre 
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Following the approach of Sanfilippo et al. (2022), future rainfall projections were statistically 

downscaled ŦƻǊ IŀǿŀƛΩƛ ǳǎƛƴƎ a[wΦ Projections were conducted separately for the wet and dry 

seasons.  Principal Component Analysis (PCA) was used to reduce the dimensionality of the 

rainfall observations, and four leading principal component (PC) time series were retained as 

the predictand time series, representing 84% of the variability in the wet season and 69% of the 

variability in the dry season. The spatial loading patterns associated with the four leading PCs 

for the wet season (Figure 3.1) and dry season (Figure 3.2) were used to construct the projected 

spatial patterns of rainfall change in the future scenarios. 

 

Figure 3.1 The plotted spatial loadings for the Hawaiian Islands for wet (a) PC1, (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. 
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Figure 3.2 The plotted spatial loadings for the Hawaiian Islands for dry season (a) PC1, (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 season, four distinct sets of predictors (Table 3.2) were used to model the PC 

time series of the rainfall. The predictor variables were selected based on their high relevance 

from previous screening work (Sanfilippo et al., 2022). As each PC represents a different pattern 

extracted from the rainfall observations, Sanfilippo et al. (2022) found that influential predictor 

variables differed by PC as well as by season. Although multiple sets of high-skill predictor 

variables were identified for each PC (Sanfilippo et al., 2022), this study used a single set of 

predictor variables for each PC in order to isolate the effects of the different regression 

methods.  

 As in Sanfilippo et al. (2022), Euclidean vector projection was used to preprocess the 

predictor variable information into predictor anomaly time series. For each PC, the predictor 

anomaly time series were used in the multiple linear regression (MLR) to project the predictand 
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time series. After projecting the four predictand time series, the full rainfall fields were 

reconstructed by combining the predictand time series with their corresponding eigenvectors  

following Equation 3.1: 

Ὑ  В Ὕ ὒ        [3.1]  

where the rainfall dataset R with dimensions time (i) x space (j) was reconstructed by 

multiplying the principal component time series matrix Ὕand the transpose of the spatial 

loadings matrix ὒ. Each rainfall value at time i and location j is given by the sum over the four 

principal components (k) of the product between the time series values and spatial loadings. 

Further details on the data processing for the predictor variables, application of the 

MLR, and rainfall reconstruction methods can be found in Sanfilippo et al. (2022). The 

regression models handle precipitation in millimeters. The average rainfall for the late-century 

period (2070 to 2100) was compared to the reference period (1980 to 2007) and units of 

rainfall were translated to percentage units (Equation 3.2).  

ὖὩὶὧὩὲὸ ὅὬὥὲὫὩ     ὼ ρππ     [3.2] 

In Equation 3.2, Pf is the mean rainfall projected for the end of the century and Pr is the average 

reference-period rainfall. 

 Projections were performed separately for each GCM. Models were considered 

unreliable and excluded if they exhibited inconsistencies in predictor behavior (e.g., unrealistic 

trends or discontinuities) or produced extreme rainfall projections exceeding ±100%. After 

excluding outliers, a multi-model mean change in rainfall was calculated for each station. 

Table 3.1 The predictor variables used to model each of the four leading principal component 

(PC) time series of the rainfall for each season (Sanfilippo et al., 2022). 

 PC1 PC2 PC3 PC4 

Wet 

season 

Air 

Temperature (2 

Omega (500 hPa) Geopotential 

Height (500) + 

Air Temperature (2 

m)+ Air 
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m) + Omega 

(500 hPa) + 

Zonal Moisture 

Transport (700 

hPa) 

Omega (500 hPa) 

+ Specific 

Humidity (925 

hPa) 

Temperature 

Difference (1000 

hPa minus 500 hPa) 

+ Meridional 

Moisture Transport 

(925 hPa) + 

Precipitable Water 

Dry season Omega (500 

hPa)+ Potential 

Temperature 

Difference 

(1000 hPa 

minus 500 hPa) 

Geopotential 

Height (1000 hPa) 

+ Meridional 

Moisture 

Transport (700 

hPa) + 

Precipitable 

Water + Specific 

Humidity (700 

hPa) + Specific 

Humidity (925  

hPa) 

Potential 

Temperature 

Difference (1000 

hPa minus 850 

hPa) + 

Precipitable 

Water 

Air Temperature 

Difference (1000 

hPa minus 500 hPa) 

+ Meridional 

Moisture Transport 

(700 hPa) + 

Potential 

Temperature 

Difference (1000 

hPa minus 850 hPa) 

+ Specific Humidity 

(700 hPa) + 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 Hawaii, the 

same downscaling experiment described in Section 3.2.3.1 was repeated using Generalized 

Additive Models (GAMs) in place of MLR. As before, projections were downscaled separately 

for the wet and dry seasons, using the same predictor variables (Table 3.2), PC time series, and 

reconstruction process. 
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The response variable Y (PC time series) is estimated by the GAM function structured as follows 

(Equation 3.3; Wood, 2017): 

ὣ  ‍   Ὢὢ   Ὢὢ   ȢȢȢὪὢ   ‐      [3.3] 

where each smooth term of the GAM Ὢὢ  is expressed using basis functions:    

Ὢὢ  В ὄ ὢ   ‍        [3.4] 

where  ὄ ὼ  are the basis functions of which f is composed, ‍  are the coefficients to 

estimate, and ὑ is the number of basis functions for predictor j. 

The total number of parameters P of the GAM function can be calculated as (Equation 3.5): 

ὖ ρ  В ὑ           [3.5] 

where ὑ is the number of basis functions (degrees of freedom) for each smooth term Ὦ.  

To ensure a fair comparison between GAM and MLR, both experiments used the same 

set of predictors and preprocessing steps. However, GAM requires more data to estimate its 

additional parameters. Given the limited training period (1980ς2007), the smoothness of each 

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

This restriction in basis functions ƭƛƳƛǘŜŘ ǘƘŜ ƳƻŘŜƭΩǎ ŦƭŜȄƛōƛƭƛǘȅ ŀƴŘ Ƴŀȅ ƘŀǾŜ ŀŦŦŜŎǘŜŘ ƛǘǎ ŀōƛƭƛǘȅ 

to fully capture nonlinear relationships between predictors and rainfall.  

3.2.3.3  Leave-one-out Cross Validation 

Leave-one-out cross-validation (LOOCV) was used to assess the performance 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 repeated for 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, the coefficient of determination (R²) was calculated between the observed 

and reconstructed rainfall time series at each station.  

3.2.3.4 Assessing Inter-Model Variability 

The coefficient of variation (CV) was used to assess patterns of disagreement among GCMs for 

each season. The CV is defined as the ratio of the standard deviation to the 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 inherently larger in wetter 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 MLR and GAM 

techniques produced some physically unrealistic negative precipitation (for unites of the 

regressed precipitation in millimeters). This raised concerns that seasonal rainfall in the future 

period may be underestimated, potentially leading to an overestimation of changes in rainfall 

when compared to 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 meaningful values (Goly et 

al., 2014; Zhu & Luo, 2015). 

To address this, we set the negative precipitation values in millimeters to zero, a simple 

and commonly used correction in post-processing results (Goly et al., 2014; Zhu & Luo, 2015; 

Robertson et al., 2023). To assess the impact of post-processing, 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 

KolmogorovςSmirnov (KS) test applied to the yearly projected rainfall data at each station 
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(Massey, 1951; Conover, 1999). The KS test is a non-parametric method, meaning 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 on 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 alternative hypothesis suggests that the samples originate from different 

distributions. A significance threshold of ʰ Ґ лΦлр was used 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 inter-model variability.  

To evaluate whether the GCM distribution of mean projected rainfall changes differed 

significantly between regression methods at each station, we applied a paired Wilcoxon signed-

rank test (Hollander et al., 2014; Wilcoxon, 1945). This nonparametric test is specifically 

designed for paired dataτmaking 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 between end-of-century and 

reference-period means) was calculated separately for each GCM and each regression method. 

These GCM-specific projections were paired by GCM to compare the two methods. A 

ǎƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭ ƻŦ ʰ Ґ лΦлр ǿŀǎ ŀƭǎƻ ŀǇǇƭƛŜŘ ǘƻ ǘƘƛǎ ǘŜǎǘ ǘƻ ŀǎǎŜǎǎ ǿƘŜǘƘŜǊ ƻƴŜ ǊŜƎǊŜǎǎƛƻƴ 

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 station-based downscaling using the multiple linear regression (MLR) 

model indicated moderate predictive performance. During the wet season, R2 values ranged 

from 0 to 0.67, with an average of 0.38 (Figure 3.3a). Performance during the dry season was 

lower and more variable, with R2 values between 0 and 0.50 and an average of 0.14 (Figure 
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3.3b). The spatial distribution showed higher R2 ǾŀƭǳŜǎ ƻƴ ǘƘŜ ƭŜŜǿŀǊŘ ǎƛŘŜ ƻŦ Iŀǿŀƛ ƛΣ aŀǳƛΣ 

ŀƴŘ h ŀƘǳ compared to the windward side during the wet seasonΦ Iŀǿŀƛ ƛ LǎƭŀƴŘ ŜȄƘƛōƛǘŜŘ 

ƳƻŘŜǊŀǘŜ ǘƻ ƳƻŘŜǊŀǘŜƭȅ ƘƛƎƘ ǾŀƭǳŜǎ ƻǾŜǊŀƭƭΣ ǿƘƛƭŜ Yŀǳŀ ƛ ŎƻƴǎƛǎǘŜƴǘƭȅ ǎƘƻǿŜŘ ƭƻǿŜǊ w2 values 

compared to both the other islands. During the dry season, R2 values were lower across all 

ƛǎƭŀƴŘǎΣ ǇŀǊǘƛŎǳƭŀǊƭȅ ƻƴ ǘƘŜ ƭŜŜǿŀǊŘ ǎƛŘŜ ƻŦ h ŀƘǳ ŀƴŘ Iŀǿŀƛ ƛ LǎƭŀƴŘΣ ǿƘŜǊŜ ǾŀƭǳŜǎ ŀǇǇǊƻŀŎƘŜŘ 

zero (Figure 3.3b).  

Figure 3.3 Calculated R2 values between the multiple linear regression (MLR) -based leave-one-

out cross validation (LOOCV) projections of rainfall and the observation rainfall dataset for the 

wet (a) and dry (b) seasons. 

3.3.2 Performance of GAM  

The LOOCV results for the GAM also indicated moderate predictive skill. In the wet season, R2 

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, with R2 values ranging from 0 to 0.60 and an average of 0.28 

(Figure 3.4). Spatially, the highest R2 values for GAM were generally found on the windward side 

ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘΣ ŀƴ ŀǊŜŀ ŎƘŀǊŀŎǘŜǊƛȊŜŘ ōȅ ŎƻƴǎƛǎǘŜƴǘƭȅ ƘƛƎƘ ǊŀƛƴŦŀƭƭΦ /ƻƳǇŀǊŜŘ ǘƻ a[wΣ ǘƘŜ 

GAM model showed fewer near-zero values during the dry season, suggesting improved 

performance during drier months. 
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Figure 3.4 Same as Figure 3.3, but for generalized additive models (GAM). 

When comparing the R2 values from the GAM and MLR LOOCV results, the wet season 

(Figures 3.5a) shows minimal differences between the two models. In contrast, the dry season 

(Figures 3.5b) reveals that the GAM model consistently outperforms the MLR model across 

several regionsτƳƻǎǘ ƴƻǘŀōƭȅ ƻƴ ǘƘŜ ǿƛƴŘǿŀǊŘ ǎƛŘŜ ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘΦ hƴ ǘƘŜ ƭŜŜǿŀǊŘ ǎƛŘŜ ƻŦ 

Iŀǿŀƛ ƛ LǎƭŀƴŘΣ ōƻǘƘ ƳƻŘŜƭǎ ǇŜǊŦƻǊƳ ǎƛƳƛƭŀǊƭȅΦ LƴǘŜǊŜǎǘƛƴƎƭȅΣ h ŀƘǳ ŘƛǎǇƭŀȅǎ ǘƘŜ ƻpposite 

pattern: GAM performs better on the leeward side, while differences on the windward side are 

minimal. 
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Figure 3.5 The difference in R2 values between GAM and MLR LOOCV results for the (a) wet and 

(b) dry season. 

 

3.3.3 Analysis of Future Projections using MLR 

Future change in average rainfall was calculated for the end-of-century time period (Figures 

3.6-3.8). Due to unrealistic extreme projections in rainfall change, tendency to project negative 

rainfall values, and temporal inconsistencies in predictor variable time series, the following 

models were removed from any further analysis: IPSL-CM5A-LR; IPSL-CM5A-MR; MIROC-ESM-

CHEM; and MIROC-ESM. 

Projected change in rainfall was calculated for the wet (Figure 3.6) and dry seasons 

(Figure 3.7) following Equation 3.1. The direction and magnitude of rainfall change differed 

between GCMs. During the wet season, some models (e.g., NorESM1-M, GFDL-ESM2G, MPI-

ESM-MR) showed widespread decreases in rainfall, while others (e.g., CMCC-CM, MRI-CGCM3) 

ǎƘƻǿŜŘ ƛƴŎǊŜŀǎŜǎ ƛƴ ǎƻƳŜ ŀǊŜŀǎΣ ǇŀǊǘƛŎǳƭŀǊƭȅ ƻƴ h ŀƘǳ ŀƴŘ ǘƘŜ ǿƛƴŘǿŀǊŘ ǎƛŘŜ ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘΦ 

Regional patterns (e.g., windward-leeward difference, island-wide trends) were also GCM 

dependent. Despite general wide inter-model variability, projection of drying trends along the 

leeward sides of islands during both seasons was reasonably consistent across GCMs. 
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Figure 3.6 MLR-based projections of end-of-century percent rainfall change for a) ACCESS1.3; b) 

CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h) 

MIROC5; i) MPI.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and l) NorESM1.ME for the wet season 

(November ς April), showing changes between the future period (2070ς2099) and the 

reference period (1980ς2007). 

During the dry season (Figure 3.8), nearly all GCMs exhibited a similar dipole structure in 

the wet season results, with most GCMs showing leeward decreases and windward increases in 

rainfall. There was less disagreement among GCMs in dry season results compared with the wet 

season. Many models (e.g., ACCESS1-3, CMCC-CM, CanESM2) showed very large decreases 

during dry season, especially on the leeward sides of islands. These high percentage values can 

be misleading, partly because these areas already receive very little rainfall during the dry 

season. When 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, MIROC5) showed little change in rainfall across the state.

 

Figure 3.7 MLR-based projections of end-of-century percent rainfall change for a) ACCESS1.3; b) 

CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h) 

MIROC5; i) MPI.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and l) NorESM1.ME for the dry season 

(May ς October), showing changes between the future period (2070ς2099) and the reference 

period (1980ς2007). 

Figure 3.8 shows the multi-model 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 both seasons. Both 

seasons show widespread drying across all islands with the exception of the windward side of 

Iŀǿŀƛ ƛ LǎƭŀƴŘΣ ǿƘƛŎƘ ǊŜƳŀƛƴǎ ǊŜƭŀǘƛǾŜƭȅ ǿŜǘ ƛƴ ŦǳǘǳǊŜ ǇǊƻƧŜŎǘƛƻƴǎΦ ! ƴƻǘŀōƭŜ ŦŜŀǘǳǊŜ ǳƴƛǉǳŜ ǘƻ 

the dry season is a localized area of projected wetting oƴ ǘƘŜ ƭŜŜǿŀǊŘ ǎƛŘŜ ƻŦ h ŀƘǳΦ ²ƘƛƭŜ ǘƘŜ 

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 the multi-model mean. In 

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

 

Figure 3.8 Multi-model means of end-of-century MLR-based projected rainfall change for the a) 

wet and b) dry seasons, showing differences between the future period (2070ς2099) and the 

reference period (1980ς2007). 

 

During the wet season, the greatest inter-model disagreement occurs over the high-

ŜƭŜǾŀǘƛƻƴ ŀǊŜŀǎ ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘ ŀƴŘ ƛƴ ǎƻƳŜ ƭŜŜǿŀǊŘ ǊŜƎƛƻƴǎ ƻŦ h ŀƘǳΣ ŀǎ ƛƴŘƛŎŀǘŜŘ ōȅ ƘƛƎƘ 

coefficient of variation values (Figure 3.9). In the dry season, overall disagreement is lower; 
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however, certain areas such as leeward Maui exhibit notably higher variability compared to the 

wet season. 

 

 

Figure 3.9 Spatial distribution of inter-model variability in MLR-based projected rainfall for the 

wet (a) and dry (b) season. Higher values indicate greater disagreement among models, 

reflecting higher uncertainty in future rainfall predictions. Note that the wet and dry season 

color scales are not the same. 

 

3.3.4 Analysis of Future Projections using GAM 

Projected change in rainfall was also calculated for the wet (Figure 3.10) and dry seasons 

(Figure 3.11) using the GAM. Again, the direction and magnitude of rainfall change differed 

significantly between models. During the wet season, some models (e.g., NorESM1-M, GFDL-

ESM2G) showed widespread decreases in rainfall, while others (e.g., CMCC-CM, MRI-CGCM3) 

showed widespread increases (Figure 3.10). Notably, these are many of the same models that 

showed similar trends when using MLR, indicating that these patterns are related to GCM 

dynamics and representation of future changes. Other regional patterns were also GCM 

dependent for the GAM projections. Again, leeward sides of islands during the wet season 

tended to show drying trends or no change despite high inter-model variability. Unlike the MLR 

projections, the dry season did not show this trend and actually showed increases in rainfall in 

many leeward regions for several GCMs (Figure 3.11). 
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Figure 3.10 GAM-based projections of end-of-century percent rainfall change for a) ACCESS1.3; 

b) CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h) 

MIROC5; i) MPI.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and l) NorESM1.ME for the wet season 

(November ς April), showing changes between the future period (2070ς2099) and the 

reference period (1980ς2007). 

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

leeward regions, and many GCMs show little to no change in windward areas (Figure 3.11). 
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Figure 3.11 GAM-based projections of end-of-century percent rainfall change for a) ACCESS1.3; 

b) CanESM2; c) CMCC.CM; d) CMCC.CMS; e) GFDL.CM3; f) GFDL.ESM2G; g) GFDL.ESM2M; h) 

MIROC5; i) MPI.ESM.MR; j) MRI.CGCM3; k) NorESM1.M; and l) NorESM1.ME for the dry season 

(May ς October), showing changes between the future period (2070ς2099) and the reference 

period (1980ς2007). 

 

Figure 3.12 shows the multi-model mean percent change in rainfall by the end of the 

century for the wet (a) and dry (b) seasons using the GAM. In contrast to the MLR multi-model 

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 regions. However, unlike the MLR results, the GAM shows 

rainfall increases on windward areas of all islands during the wet season, rather than just on 

Iŀǿŀƛ ƛ LǎƭŀƴŘΦ 
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Figure 3.12 Multi-model means of end-of-century GAM-based projected rainfall change for the 

a) wet and b) dry seasons, showing differences between the future period (2070ς2099) and the 

reference period (1980ς2007). 

The patterns of model disagreement for the GAM (Figure 3.13) were similar to those of 

the MLR projections for the wet season, but different during the dry season. The wet season 

again showed moderate disagreement, with the largest value of inter-model disagreement over 

high-ŜƭŜǾŀǘƛƻƴ ŀǊŜŀǎ ƻŦ Iŀǿŀƛ ƛ LǎƭŀƴŘ ŀƴŘ ǎƻƳŜ ƭŜŜǿŀǊŘ ǊŜƎƛƻƴǎ ƻŦ h ŀƘǳΦ !ŘŘƛǘƛƻƴŀƭƭȅΣ ǘƘŜǊŜ 

was model disagreement over the leeward side of Maui during the wet season. 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 disagreement is very high over windward regions of all islands. 
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Figure 3.13 Spatial distribution of inter-model variability in GAM-based projected rainfall for 

wet (a) and dry (b) seasons. Higher values indicate greater disagreement among models, 

reflecting higher uncertainty in future rainfall predictions. Note that the wet and dry season 

color scales are not the same. 

3.3.5 Influence of Postprocessing on Future Projections 

Figure 3.14 shows the difference in projected percent change in wet season rainfall between 

the raw MLR output and the post-processed MLR results after negative values were set to zero 

and the percent change was recalculated. For many GCMs (e.g., CMCC-CMS, GFDL-ESM2M, 

NorESM1-ME), the differences are negligible, suggesting these models do not produce many 

negative rainfall values and yield similar results with or without post-processing. In contrast, 

differences are substantial and up to 50% for MPI-ESM-MR, indicating that this model 

frequently produces negative rainfall values in the raw output. These unrealistic negative values 

can skew percent change calculations and lead to misleading projections. In the dry season 

(Figure 3.15), differences between raw and post-processed projections were generally smaller, 

and MPI-ESM-MR did not appear to produce negative rainfall. 
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Figure 3.14 Difference between 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 (2070-2099) to the historical reference period (1980-2007).  


























































































































