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Abstract. Sub-daily to daily extreme precipitation intensities are expected to increase in a warming climate, consistent with
the Clausius-Clapeyron (€€C-C) relationship, which predicts a ~7% increase in atmospheric moisture-holding capacity per
°C of warming. Many studies have benchmarked observed extreme precipitation—temperature (P-T) scaling rates against this
theoretical value, finding that global averages align closely with €€C-C, while regional and seasonal estimates often diverge
substantially. Significant challenges remain, however, in accurately estimating and interpreting P-T scaling rates, particularly
at point scales. In this study, we use observational station-based data from the Upper Colorado River Basin to explore-illustrate
these challenges and propose methodological improvements. Specifically, we compare multiple approaches, including those
using raw (non-normalized) and normalized data, to estimate P-T scaling for hourly and daily extreme precipitation. Model
performance is assessed using a cross-validation framework. Our results demonstrate that rermalizing-data——independently
months, it is essential to account for spatial and temporal climatological variability. Witheutnormalization;-estimated-scaling
ratesean-be-inaccurate-and-misteadingWe find that using normalized data allows us to more effectively leverage pooled data,
and thus improve our estimates of P-T scaling rates.

1 Introduction

Climate change is expected to increase the intensity of extreme precipitation events lasting from sub-daily to daily timescales

Lenderink and van Meijgaard, 2008; Lenderink et al., 2011; Ban et al., 2022; Ali et al.,
. This increase can primarily be attributed to the increased moisture-holding capacity of a warmer atmosphere (Alduchov
and Eskridge, 1996; Allen and Ingram, 2002; Lenderink and van Meijgaard, 2010; Huang and Swain, 2022; Gu et al.,

2023; Trenberth et al., 2003; Rahat et al., 2024). The Clausius-Clapeyron (C-C) relationship defines the theoretical rate at

2015; Tabari, 2020; Abatzoglou et al.,

which the moisture-holding capacity of the atmosphere scales with temperature. It states that there is approximately a 7%
increase in moisture-holding capacity of the atmosphere for every +:01°C increase in temperature. Extremepreecipitation
events—depend-on—the-Due to the C-C relationship, as available moisture in the air column ;-and-henee;—the-intensities—of
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these—extremes-increases with warmer temperatures, intensities of extreme precipitation rates are also expected to increase

Over the last couple of decades, a growing body of research has emerged concerning the estimation and application of
precipitation-temperature (P-T) scaling rates (Lenderink and van Meijgaard, 2008; Berg et al., 2009; Lenderink and van
Meijgaard, 2010; Lenderink et al., 2011; Ban et al., 2015; Prein et al., 2017; Fowler et al., 2021; Ali et al., 2022; Dollan
et al., 2022; Marra et al., 2024). Many studies have used observations in an effort to better quantify P-T scaling rates (Jones
et al., 2010; Lenderink et al., 2011; Utsumi et al., 2011; Ali et al., 2018; Wasko et al., 2018; Ali et al., 2021; Najibi and
Steinschneider, 2023), while others have investigated P-T scaling rates using climate model data (Ban et al., 2015; Drobin-
ski et al., 2018; Meresa et al., 2022; Donat et al., 2023; Jong et al., 2023; Martinez-Villalobos and Neelin, 2023; Chiappa
et al., 2024; Estermann et al., 2025; Higgins et al., 2025). Past efforts to better quantify and/or estimate P-T scaling rates can
be further separated by the choices of temporal and spatial extents. Some research has concentrated on daily extreme pre-

cipitation (Utsumi et al., 2011; Ali et al., 2018; Yin et al., 2021), while others have focused on hourly extreme precipitation

. Likewise, the spatial extent of some prior work has been at the global scale (Ali et al., 2018; Tabari, 2020; Tian et al., 2023),
while others have investigated scaling rates at the point or regional scale (Jones et al., 2010; Drobinski et al., 2018; Najibi et al.,
2022; Martinez-Villalobos and Neelin, 2023).

Estimates of P-T scaling rates have primarily been obtained by conditioning extreme precipitation on either 2-meter air
temperature (i.e., dry-bulb temperature) (Jones et al., 2010; Utsumi et al., 2011; Panthou et al., 2014; Wasko et al., 2015;
Prein et al., 2017; Li et al., 2023; Marra et al., 2024) or 2-meter dew point temperature (Lenderink and van Meijgaard, 2010;
Zhang et al., 2017; Wasko et al., 2018; Najibi and Steinschneider, 2023). For the most part, studies which have used dew point
temperature have found greater consistency and more robust relationships than when using air temperature (Lenderink and van
Meijgaard, 2010; Lenderink et al., 2011; Ali and Mishra, 2017; Wasko et al., 2018; Barbero et al., 2018). This can be attributed
to the fact that dew point temperature also contains information concerning the available moisture in the atmosphere.

In addition to decisions concerning which data to use, prior reseach has also proposed a variety of methods to estimate P-T

scaling rates. ©ne- Two of the most widely used approaches is-are the binning method

and quantile regression (Wasko and Sharma, 2014; Ali et al., 2018, 2021; Gu et al., 2023; Marra et al., 2024). Visser et al. (2021

P

effectively pointed out the adverse impact that sample size can play in the binning method, whereby there are many more
samples in the central and often-recorded temperature (or dew point temperaturefAdi :
the-binning—method—is—used—with-) bins and many fewer samples in the bins for the tails of the temperature distribution.

Given this issue of varying sample sizes across temperature bins, a number of prior studies have advocated for using quantile
regression (Wasko and Sharma, 2014; Molnar et al., 2015; Ali et al., 2018), which fits a function to data in a specified quantile

Lenderink et al., 2011; Prein et al., 2017; Ali et al., 2021; Haslinger et al., 202!

Lenderink et al., 2011; Prein et al., 2017; Ali et al., 2018; Drobinski et al., 2018; Fowler et al., 2021; Gu et al., 2023; Tian et al., 2023
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such as the top 1% of precipiation. Implementation of either of these methods often relies on data pooled from mere-than-one
station—in—thesame—region—multiple stations and across different times of the year (Utsumi et al., 2011; Drobinski et al.,

2018). Pooling data in this manner can leverage an increased sample size in an effort to improve the robustness of the estimates

%Wmmmmmwggmmm(m&
When using pooled data with either the binning method or quantile regression, it is important to reeognize, however-also
recognize that climatological differences in both time and space can be present in the data acress-both-time-and-space(e.g.,
California has more extreme daily precipitation in the winter, at lower dew point temperatures, than it does in the summer).
Due-to-Molnar et al. (2015) clearly showed this impact, by fitting a regression model to larger sample of pooled data, and then

comparing to regression fits which separate the same data by whether there was lightning or not. Using pooled data, then
without accounting for these climatological differences, one runs the risk of inaccurately estimating the apparentsealingratesif

havea-farge impacton-the-estimated seating rates—effective scaling rates. In light of this problem, some have advised using

normalized or standardized data (Zhang et al, 2017; Visser et al., 2021). An additional control for seasonality was proposed

by Zhang et al. (2017), where they used normalized data over the summer season.
Ammeﬁepieﬂaa%haﬁeaa@éﬁgmﬁe&m%eﬂﬂwggwwgwmswmmhe %e—eaﬂed—heel%eﬁpeale%tfuewfe

Ouraims-in-foundation of prior work (Zhang et al., 2017; Wasko and Sharma, 2014; Molnar et al., 2015; Visser et al., 2021)
. The aims of this paper are twofold. First, we use-the-binning-method-to-iHustrate-and-describe some common challenges or
problems that exist-when-estimating-and-interpreting_must be addressed in order to effectively estimate and interpret P-T
scaling rates. Second, we suggest a methodology to resolve many of those problemswhich-is-an-extension-of-the-work-by

Zhang-et-al-2017). Lastly, we use uantile regression to estimate P-T scaling
rates —and-under different modeling assumptions. Furthermore, we use these estimates to generate predictions of extreme

hourly and daily precipitation through a cross-validated framework. The skill of these predictions are subsequently evaluated
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changes-in-dew-peinttemperatureto determine which methods and/or assumptions provide the best performance.

2 Data

Hourly measurements of precipitation and dew point temperature for the Upper Colorado River Basin (UCRB) are obtained

from the G

a—gda 5 o

temperature;-and-dew-point-temperature-derived-from-the-Global Historical Climatology Network - hourly (GHCN-hourly or
GHCNH) dataset (Smith et al., 2011). Hourly data is used beginning at 00:00, January 1, 1951 and ending at 23:00, December

31, 20232024, The dataset is relatively sparse until around the year 1999, when the density of the stations increases. The
spatial distribution of these stations can be observed in Fig. la.

Daily measurements of precipitation are taken from the Global Historical Climatology Network - daily (GHCN-daily or
GHCND) dataset (Menne et al., 2012). Many-Most of these stations do not measure dew point temperature in-situ. Therefore,
the ERAS Reanalysis dataset (Hersbach et al., 2023) is used along-with-GHEN-datly-to provide dew point temperatures at the
GHEN-datty- GHCND stations. For each GHEN-daity-GHCND station, the nearest ERAS grid cell is found, and the corre-
sponding time series of dew point temperatures are used for that station. This procedure is repeated for all of the GHEN-daily
GHCND stations in the UCRB. We use a common period of record for the hourly and daily data between January 1, 1951
through December 31, 2023-2024. The distribution of the daily stations can be observed in Fig. 1b.

and time (i.e., temporal outliers). In Appendix A, we provide a comparison of the two quality-controlled datasets.

Throughout the paper, we use different data and/or indices. We begin by exploring the relationship between the raw
(non-normalized) dew point temperature and raw precipitation data at the hourly resolution. Later in the paper, we rely on
data at the station/month resolution, with one data point per station per month. For the hourly dataset, we find the maximum
hourly precipitation amount at each station and for each month. For the duration of the paper, we refer to this value as Rx1hr.
Also for the hourly dataset, we find for each station/month the concurrent dew point temperature which corresponds to the same
time step as a given Rx1hr value. Additionally, we compute average monthly dew point temperature for each station/month.
Likewise, for the daily dataset, we find the maximum daily precipitation amount at each station/month, referred to as Rx1day.
for the duration of the paper. Average monthly dew point temperatures are obtained from ERAS.

We additionally make use of normalized dew point temperature and precipitation data, Normalized anomalies of dew point
temperature are computed as,

D,\P\:;[‘::7m,t :DPTw,mJ:DPTLm , (D)

N~~~

where DPT is the average monthly dew point temperature (or concurrent dew point temperature) at station, x, month
m, and year, t, and DPT,, ,, is the mean dew point temperature over the calibration time period at station, x, and month, m.
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Figure 1. The hourly (a) and daily (b) distribution of stations across the Upper Colorado River Basin which are used in this study. The
location of the study region is shown s-aleng-with-as the inset of the subplots alongside other large-scale hydrological basins r-across the
contiguous United Statesin-the-inset-subplots-in-the-upperright. The color of the stations corresponds to the station elevation.

Similarly, normalized anomalies of precipitation are computed as
P
R e =5 100, )

x,m

where P is either Rx 1hr or Rx 1day at station, z, month, m, and year, ¢, and P. is the mean of the respective precipitation
either Rx1hr or Rxlday) time series over the calibration time period at station, x, and month, m. We additionally onl

computed the normalized Rx1hr or Rx1day if the mean at station, x, and month, m, is greater than 1.0 mm. This helps us
to avoid infinite or unrealistic values in the normalized data.

2.1 Evaluation Metrics Used for Validation

We evaluate model performance aeross-a+range-of different-eases-using the root mean squared error skill score (SSgassk). The
skill score, SSrarsE, is a function of the model and reference RMSE errors (RMSE ;o0p and RMSExzz+RMSE s



respectively). The RMSE ;o p is defined as,

n

1
135 RMSE = |- mod.i — Yobs.i)? - 3
MOD n;(y d,i — Yobs,i) 3)

where y,p5s and y,,,,4 are the observed and the modeled precipitation values, respectively. Likewise, RMSExz-~RMSE R
reflects the error associated with a reference-or-baseline-model—

n

1
RMSE = —E refi — Yobs.i)?
REF " (y fii ljb,,)

i=1

140 Whefheﬁhe—&mdel—pfedte&eﬂs—afﬁnefe—sk&}ful—fhaﬁbasehne model which always assumes climatology (i.e., always assuming

100% of normal, or equal to the climatological mean).

n

1
RMSE = — clim.i — osi2- 4
CLIM ng (Yetim,i — Yobs,i) “4)

i=1

where v.:,,, contains the benchmark climatological precipitation values. The skill score can then be obtained as,

RMSE,op RMSE0p
145 SS =1- . 5
SR RMSErpr RMSEcriy v

Skill scores of SS rssE above zero indicate that the model predictions are more skillful than thereference-predietionsclimatology,
while scores below zero indicate that the model is performing worse than the-refereneeclimatology.

3 Methods

3.1 Common Methedolegieal-Challenges Pertaining-to-the Interpretation-of-in Estimating P-T Scaling Rates

150 Ultimately,-our-goal-Our goal in this paper is to have a methodological approach that can more accurately estimate P-T scaling
rates, and furthermore to use those estimates to make skillful predictions of extreme precipitation. We want to be able to
estimate scaling rates with sufficient enough spatial and temporal resolution in order to say, for example, that a particular
region (or station) in a given month-or-season-time of year (or month) can expect some specified-average percentage increase
in extreme precipitation —en—average;—provided that the region experiences, for example, +1°C of warming in dew point

155 temperature. The percentage increase per °C is our scaling rate and it will vary as a function of space (e.g., some-chosenregion
or-basinbetween stations or between grid cells) and time (e.g., monthbetween months of the year).

Without carefully managing the underlying data, one can incorrectly estimate and interpret P-T scaling rates. There are three

two primary concerns that must be addressed prior to using the data to estimate scaling rates:
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1. Using-raw—-or-Pooling raw (non-normalized;—values-) data of dew point temperatures and precipitation rates-across
multiple stations and/or months can lead to an inaccurate estimate of a scaling rate due to climatological differences that

exist in both space (from station to station) and time (from month to month).

2' I)iffefeﬁeef‘ iﬂ Famp e {‘iZEE‘.

3. Data at hourly or daily resolutions cannot be assumed to be temporally-independentstatistically independent in time.
In Flgure 2, we p}ef%eﬂfﬂp}e—e#ﬂlustrate the first of the aforementioned challenges This—challenge-relates—to—the

any-normalizationsWhile we primarily implement a quantile regression methodology throughout our paper, here we appl
a binning method in order to more clearly show the problems of pooling raw (non-normalized) data from across space (e.g.
different stations) and time (e.g., months). In Fig. 1 § § ipitati

2aplots-, we use all of the

o—hourly data from all of the stations thatfal-within

the UCRB o look at pairs of dew point temperature and precipitation which are concurrent or collocated in time. The top
+0%-and-top-0-1%-of precipitation-events-are-shown—for-1% of precipitation intensities are shown in blue for each dew
point temperature bins;-where-the-bins-are-iterated-for-every1>C-with-bin (using a bin size of 2°C (e-g-—centering-at16°C
and-using-values-between-9°C-and Hi mm%°&%eﬂeppmg%ﬁ4ie)%websewedﬂea}mgﬁ{e&¥eﬁmﬁep

roblem that can arise when finding the extreme precipitation values (e.g., the top 1%), is that there can be certain months
W’W dew p01nt temperatures —Whefe—fhe—sea}mgfa{&%fmﬁ&eﬂ%ﬂmﬁpeﬂﬂve—teﬂegaﬂve

espectally-at-these-higher-than other months. Similarly, there can be some stations that are more extreme at the same time of
ear, and at the same dew p01nt temperatures—t+

z-seores by implementing the binning approach at the station/month level. So, for each station we can use all of the hourly time
we find the top 1% of precipitation for each station/month at different dew point temperature are-comptted-as;-
DPT, ,,, —DPT, ,,

DPT?

Imf*

ODPT, .,
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where-DP T is-the-bins. This gives us extreme precipitation amounts that are specific to every station, every month of

glmmdew point temperature :

data-points-in-the-array, DP T for the-month-of July-is-54bin. We can then plot the influence of climatological differences
across time as seen in Fig. 2b. Using these top 1% of precipitation values that are derived at each station for each month, 342

WMMMMMWMMWMW
of July. Within the same dew point temperature and-precipitation—rates-using-al-of-the-stations—that-fall-within-the UCRB-
The-same-datais-used-to-produce Figs-2a-and-2b—However-bin, for example, which is centered at 5°C (between 4°C and
MMNW dﬂf&ﬂfﬁg—%has

Neote;-average precipitation that falls in the top 1% of this bin is 3.60 mm/hr (with 171 samples). In contrast, the z-secores-of
preeipitation-inFig2b-are-quite targe—Thisis-due-to-fact-that Eg—average precipitation in the top 1% of the same bin is 0.36
mm/hr for the month of July (with 252 samples). The average extreme precipitation in May at a dew point temperature of 5is

°C is 10 times that of July (the distributions are statistically significantly different with a p<0.01). Next, let us focus on the

influence of climatological differences across space. In Fig. 2¢, the top 1% of precipitation values are plotted for the month of

July, but the stations are split by elevation as being either below or above 1800 meters. Again, we can use a bin, such as the
one centered at 11°C, to observe that even at the highest-same dew point temperature anomalies—
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reside-in-the bineentered-about-t6and at the same time of year, certain stations exhibit more extreme precipitation than others.
For stations above 1800 meters, the average precipitation that falls in the top 1% of this bin is 5.83 mm/hr (with 163 samples).
In contrast, the average precipitation in the top 1% of the same bin is 1.49 mm/hr for the stations below 1800 meters (with
118 samples). For the month of July, the average extreme precipitation for stations above 1800 meters and with a dew point
temperature of 11°C is m : ipitati ithi ’
0°C-There-areroughly-50-times-the- number-of events-at-3°C-than-at 16>C-or-17>C4 times that of stations below 1800 meters
<0.01). These climatological differences in both time and space adversely influence the sampling frequencies, when applyin,
a binning method or quantile regression using pooled raw (non-normalized) data, Some months will be sampled at higher rates,
such as May as opposed to July. Similarly, some stations will be sampled at higher rates, such as stations above 1800 meters
in elevation as opposed to stations below 1800 meters. This influence leads to inconsistent sampling, where some stations, at
some times of year, might never be sampled from, while others are sampled at greater than our specified quantile (e.g., 1%).

As aresult,

swe would estimate a scaling rate using data that more heavily weights certain
stations at certain times of year. By sampling the top 1% more heavily from stations above 1800 meters in May versus stations
below 1800 meters in July, for example, we end up overfitting or underfitting the scaling rate to data at certain locations and at

Moving to
the next issue, the data used in Figure 2 cannot be considered to be statistically independent in time. The data from one
time step at a given station is not independent of the data at the next time step at the same station. Due to this lack of data
independence, the effective sample sizes are actually much less than what is suggested in Fig. 3-Foeusing-on-the-precipitation

D

independence in two different ways using the hourly dataset—Fer-each-—stationprecipitation data. First, we can take-a-subset

the temporal autocorrelation of the data for each station. We do this using two different lagged time steps, where we compute
lagged-1 autocorretation—Fhe-hour and lagged-4 hour autocorrelations. The lagged autocorrelations for all of the stations in
the UCRB, which have been sorted, are are plotted as empirical cumulative distribution function(CDF)-of-all-of-the-different
i functions (CDFs) in Figure 3a as the thicker blacktine-in-Fig—4b-To-determine

test whether these distributions are statistically significantly greater (or shifted to the right) from what we would expect by
chance. We generate 1000 randomly generated time series for all stations. At each station, bootstrapping is used to randomly.
create a time series of data points drawing from the empirical distribution of preeipitation-at-thatstation,and-computed-the
correspondingattocorrelationdata points from that station. The CDFs of these-100-simulations-the stations from these randomly
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Fig. 3a. Precipitation data which is separated by less than 4 hours cannot be considered to be statistically significantly-greater
than-this-null-hypethesis-independent of one another (p<0.01). Figures—4e-de-morespeeifically-investigate-the-eonditional
probabilities-of-the-In Fig, 3a, all of the hourly precipitation data is used, including zeros, and as a result it does not provide
WMMextreme precipitation events%hemseh*es—Uﬁﬂgfheﬁetm}yLdata%eﬂe
nt, Therefore, we can next compute
conditional probabilities for extreme precipitation values. Let us first focus on precipitation events which fall in the top 1%. For
MWMMWWM in the top 6-4%forseme-speeified-1%, then what was
the probability that hour, t+1, 5 W, was also an-extreme-eventin the top 6-11%. The spatial

a-se WlnFlg 4e—Th&GBF<ref—flﬁxe—pfelaabﬂfﬁe%—ffem

we-wonld-expeet-by-chanee-3b show the CDFs of these two conditional probabilities across the stations. Again, we find the
conditional probabilities of the extreme precipitation data to be greater than randomly generated data (p<0.01);-as-seen-by-the

One can note that the lagged-1 conditional probability of the data is approximately 40 times what we would expect by chance
compare 0.4 as the approximate average of the thick blue line versus 0.01 as expected by chance). Fig. 3¢ shows the results
using the top 0. 1% eis . . . . -

mam%wwmmwmemmwwwm
be considered independent of one another over time periods of less than 4 hours. As one continues to increase the duration
of time between extreme precipitation events, beyond 4 hours for example, then those events begin to exhibit more statistical
independence from one another.

There are two other notable points to discuss
here. First, when applying a binning method, one must additionally take care with respect to the various sample sizes across
different bins. For this reason, we implement a type of quantile regression methodology for the duration of the paper. Second

10
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there is the issue of whether or not to use dew point temperature data which is concurrent in time with the Rx1hr or Rx1da

recipitation value. Our primary goal in this paper is to devise metheds-offinding"historical™an effective method of estimatin
scaling rates where we-can-then-they can be used to predict expected changes in extreme precipitation given changes in our

dew point temperatures.

dependsex%eendﬁ&m&ed—eﬁehaﬂgemESUmatm concurrent relationships between dew pomt temperature —Given-some

recipitation for a region in a given season is often done with knowledge of when exactly the extreme precipitation events
have already taken place. In that case, the dew point temperature from-July1996-is-substantially-warmer-than-the-distribution

%Mﬂeeaﬂﬂ}s&eempafe—th&is found corresponding to the same hour of the extreme precipitation amount that fell in the
specified quantile, such as 1%. However, if we have a projected change in our hourly dew p01nt temperature distribu-

knowledge of when the most extreme precipitation event happened, we cannot know-say ahead of time at which heurly-hour,
or dew pomt temperaturefheﬂmseex&emepfeapﬁa&eﬁfate%ﬂ%eeetﬂ;Mefeeﬁaffhaﬁﬂe{ the most extreme precipitation

temperature
to-the-most-extreme-precipitation——the-predictor-can—more-easity_values within_the distribution from_that station/month.
Considering a distribution of 744 hourly values of dew point temperature at a given station in July, which of these hourly
dew point temperatures do we use as our predictor of extreme precipitation? We cannot know exactly which hourly dew point

temperature value corresponds with the extreme precipitation amount, and therefore our predictor can ultimately be thought
ighta shift in the

of as

mean of the distribution over the month. In fact,

11
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the-menth-of July—There-is-a-strongerstatistical-relationship-between-the-using monthly averages of dew point temperatures
instead of concurrent dew point temperatures can _even enhance the statistical relationship, or predictive power, between
our predictor and our predictand. Both Zhang et al. (2017) and Marra et al. (2024) have previously explored using predictor
data which is not concurrent. Zhang et al. (2017) used only wet-days to compute an average seasonal dew point temperature,
while Marra et al. (2024) used average daily temperatures. Figure 4a plots the normalized concurrent dew point temperature
anomalies along with normalized Rx1hr precipitation. Figure 4b plots the normalized monthly average dew point temperature

summer months-anomalies along with normalized Rx1hr precipitation. One can observe in the case of the UCRB, that there is
a stronger statistical relationship between-the-average-menthly-(indicated by the difference in correlation coefficients between
Fig. 4a and 4b) between the monthly average dew point temperature and the-maximum-hourly-preeipitation-than-when-using
%hefeﬂeeafeérls)glvgrtwhvavnvtv@cvgggcvg/rvrggg hourly dew point temperatures—While-in-the-winter—we-find-the-correlation-strength
-temperature.
For these reasons, we use the monthly average dew point temperatures as our predictor of maximum-hourly-and-maximum
daily preeipitationrates-Rx 1hr and Rx1day precipitation.

12
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Figure 2. () All of the pairings of measured hourly precipitation along with the corresponding dew point temperature for the stations in
the UCRB are plotted in the background as the black scatter points. The top 1% of precipitation rates are plotted as the blue scatter points.
The average of the top 1% can be seen as the blue line. (b) and (c) use the top 1% of precipitation, but where the top 1% was found for
(yellow points and line), using all of the stations in the UCRB. The average of the top 1% from May and July can be contrasted to the blue

using stations in the UCRB that are

Dew Point Temperature [°C]

line from (a). (c) shows the difference between extreme precipitation in the month of July (i.e., top 1%

located below (green points and line) and above (magenta points and line) 1800 meters in elevation.
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) Empirical cumulative distribution functions (CDFs) of the lagged-1 and lagged-4 hour autocorrelations from the stations in the
enerated time series are seen as the thin

Figure 3. (a
UCRB are plotted as the blue solid and light blue dashed lines, respectively. CDFs from randoml

lines on the left. (b) Empirical CDFs of the lagged-1 and lagged-4 hour conditional probabilities are shown for extreme precipitation. For

each station, the probability of an extreme precipitation (in this subplot, this is the top 1%) event is followed by another extreme precipitation
¢) same as (b) except using the top 0.1% instead

event 1 or 4 hours later are plotted as the blue solid and light blue dashed lines, respectively.

of top 1% of precipitation.
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Figure 4. (a) The-distributions-ef-normalized concurrent dew point temperature anomalies are plotted for-the-same-station;-but-for-three

y-along with normalized Rx 1hr precipitationrate-occured-is-enclosed-by
. (b) N . .
the-coHocated-normalized monthly average dew point temperature &
correlation coefficients between the standardized-vatues-of-data points in each subplot are seen in the average monthly-dewpointtemperatares
and-maximum-hourty-preeipitationfor-the-month-of Jatyupper-right corners.

3.2 UsingNermalized DataProposed Approach for Estimating P-T Scaling Rates

In the previous-prior section, we documented-three-common-challenges-orpointed out a number of problems that can arise-when

estimating-and-interpretating-adversely influence our estimation of P-T scaling rates. However;-all-three-of these-problems-—can

month-at-each-station—Compute-monthly averages-of For our modeling approach, we use data at the station/month resolution
(one value per station per month). This gives us data that exhibits a greater degree of statistical independence than data at
the hourly or daily resolution. Next, as we illustrated in Figure 2, raw or non-normalized can lead to over- or undersampling.
certain stations and/or months. This is due to the fact that there are climatological differences in time and space, and some

stations in some months will on average have more extreme precipitation events than other station/months, even at the same
dew point temperature
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homogeneous framework for dealing with different types of precipitation (Berg and Haerter, 2013; Molnar et al,, 2015). Itis
365  therefore advisable to normalize the data, following Eqs. 1 and 2, prior to estimating any P-T scaling rates.
Our modeling approach uses a type of quantile regression, but not as it has traditionally been applied with respect to P-T
scaling rates. Often, quantile regression is applied by using a chosen quantile which is found with respect to different dew point
temperature anemalies-can-now-be-computed-as;-

DPT:‘;,’,,,,,J/ :DPT.'I:,’rrL,f,:DPT.’L‘,HI,J

370

Pm,m,L

100

—zm,t = T
x,m

bins. However, we have shown that this can be problematic when using pooled, non-normalized data which also lacks statistical
375 independence. We propose instead to take the quantile with respect to time. That is essentially what we have with our Rx1hr and
Rx1day values, where Rx Ihr is approximately the top 0.14% (=1/720, with 720 hours in a month) and RxIday is approximately
the top 3.3% (=1/30, with 30 days in a month) for any given month and station. We can now fit a quantile regression model

between monthly average dew point temperatures and Rx1hr (or Rx1day if we are using the daily dataset). The model fit

minimizes the least-squares over the following exponential function:

380 y=ua-b* 6)
where P77 ris-eith Raximn y-or maximumr-daily preeipitation ton-z; month.x contains monthly-averaged

DPT” (or DPT if using non-normalized data), a is a multiplicative offset, b

s interpreted as our scaling rate, and y would be either the normalized (or non-normalized) values from Rxlhr or Rx1day. The
model fit is performed using the optimize function contained in Python’s Scipy package. Consider a synthetic example where
385 we were to fit the model to normalized data from Eqs. | and year+-and Py is-the-mean-of the respeetive preeipitation 2.
Given that the model s fit to the normalized data, the value of @ would approximately equal 100 (which is 100% of normal, this
value ultimately depends on the distribution and the skewness of the data), and consider the value of b is found to be 1.08 (i.e.,

dew point temperature anomalies, from the arra

data-with-Egs—6-the scaling rate is 8% per °C). With this example, and given a +2°C average monthly dew point temperature
390 anomaly, we would predict Rx 1hr (or Rx1day) to be 116.6% of normal.

3.3 Predicting Extreme Precipitation
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from-Eqsdaily dataset, which has sufficient data coverage throughout the period of record, we additionally perform a two-fold
cross validation with the data being split into two equal time periods, with the first period being 19511987 and the second
period being 1988-2024. We have four models that we use to make predictions and evaluate model performance, These are in
increasing complexity, 1) always assuming 100% of normal, 2) fitting the exponential model from Eq_ 6 to the normalized data
and always assuming a C-C scaling rate of 7% per °C (i.e.. this fits Eq. 6 to solve for a when b is fixed to a value of 1.07), 3)
fitting the exponential model from Eq. 6 to the raw (non-normalized) data, and 4) fitting the exponential model from Eq. 6 and
710 the normalized data. Through this procedure of implementing different modeling approaches with different data, we can
determine which approach provides the best performance.

the prior paragraph to briefly outline our procedure to produce leave-one-year-out cross-validated predictions of Rx1hr. For
each year, the average monthly dew point temperatures (DPT" from Eq. 14As—we—h&ve—dlfeadypfesefeeﬁed—fheﬂa&f¥eﬁhe

) and Rx1hr precipitation (P~ from Eg.
2) are computed using only the calibration years which exclude the year for which we are going to make model predictions
of the anomalous Rx1hr. Likewise, the model is fit using Eq. 6 to the data from the calibration years, and model predictions
are produced for the given validation year. For each validation year in turn, we additionally retain the observed precipitation
anomalies computed using mean values of Rx1hr calculated from the current set of calibration years. These observed anomalies
will be used in our model evaluation. Then, we step to the next year until we have covered the entire time period, 1951-2024.
For the two-fold cross validation scenario, the average monthly dew point temperatures (DPT” s-is-a-multiphicative-offset;
and-b-is-interpreted-as-our sealing ratefrom Eqg. 1) and Rxlday precipitation (P” from Eq. 2) are first computed using the
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calibration years 1951-1987. The model is fit using Eq. 6 to the data from these calibration years, and predictions are produced
for the validation period 1988-2024. Then, data from the years 1988-2024 is used for calibration, and the years 1951-1987 are
predicted.

Each of the last three models (models 2-4 listed above), use a

range of diffefex%ease&e#vafymgspanal and temporal extents over which to fit the model and make predictions. This is se

spatial extents. The five-spatial-extents-that-we-use-spatial extents are: 1) using only the data from the station being predicted,

2) using stations within a 50 km radius of the station being predicted, 3) using stations within a 100 km radius of the station
being predicted, and 4) using sta i i using-all of the stations
that fall within the entire JERB-Theregion (in our case, the UCRB). Similarly, we use four temporal extentsthat-we-tuse-, The

temporal extents are: 1) the data solely from the month being predicted 5-(i.e., 1-month window), 2) a 3-month window centered

about the month being predicted, 3) a 5-month window centered about the month being predicted, and 4) using all 12 calendar

months.

In Figure 5, we can observe the process of model fitting to non-normalized versus normalized data.

In-Figure-6;-we-illustrate-the-three-different-methods-using-In these cases from Fig. 5, we use all of the 187-daily-stations
that-fall-within-stations in the UCRB (.e., spatlal extent Syusing-number 4), and a 3-month temporal window (i.e., temporal
i The top row of subplots
@gmmmmwwmmmmdw point temperatures and
MWW@MQM&M%WWW%WWWW

extent number 2).
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seasons. The bottom row shows the model-bins-are-computed-for-one-station-month-using the-data-over-the-calibration-period

19541993 Then—same as the top row, except using daily data (i.e., Rxlday). One can observe substantial differences in
model fitting when we are controlling for climatological differences (using normalized data) and when we are not (usin
non-normalized data). A prime example of this is illustrated by Figs. 5e and 5f. The same data, with the same number of

data points, is used in both of these cases. However, the bi
h h H-ters i values in Fig. 5f have been normalized
using Egs. 1 and 2. Without applying this normalization, we miss the fact that stations at higher elevations climatologically
experience lower dew point temperatures while also experiencing climatologically greater Rx1day precipitation. We find that
the elevation of the daily stations is correlated with the values of average Rx1day over the time period during the winter season
with a correlation coefficient of 0.69, with the average Rx1day for stations centered about 3000 meters in elevation (between
2750-3250) being more than double that of stations centered about 1500 meters (between 1250-1750). Without controlling for
climatological differences in space, which is the case in Fig. Se, we end up conflating these climatological differences with
the scaling rate. After normalization, we observe a positive scaling rate as seen in Fig. 5f. To produce the different sets of
model predictions of Rxlhr and Rx1day, the procedure outlined in Fig. 5 is performed using a cross-validated framework, for
the C-C, non-normalized, and normalized models. In addition, for each model case, we iterate through the four spatial and
temporal extents. Model predictions which rely on the raw, non-normalized data initially provide predictions of maximtum

aatry P pttation ov vartaattoh P Ot —1vIOG yawe onS—a pTroay 10 a §3LV, a acH ation O

method-initially-produces-predietions-as non-normalized values of Rx1hr precipitation (i.e., mm per hr). These modeled values
are subsequently normalized using Eq. 72 prior to model evaluation.
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Figure 5. Comparing the model fit using non-normalized versus normalized data. The data points correspond to all of the stations in the
UCRB and using a 3-month window corresponding to the winter and summer seasons. (a) plots all of non-normalized values of average
monthly dew point temperature plotted against Rx1hr for the Dec-Jan-Feb winter season. The model fit using Eq. 6 is plotted as the black
line. (b) is the same as (a) except using normalized data. (c) and (d) are the same as (a) and (b) except for the Jun-Jul-Aug summer months.
(e-h) are the same as (a-d) except now using Rxlday instead of Rx1hr.

3.4 Evaluating Model Performance

The underlying empirical-statistical relationship between the normalized average monthly dew point temperature and normalized
Rx1hr is plotted for all station/months in Figure 6a. In Fig. 6b, the individual leave-one-year-out cross-validated predictions
of Rx1hr are plotted versus observed Rx1hr. The predicted Rx1hr in Fig. 6b are produced using the normalized data model

with a spatial extent of 100 km and a 3-month temporal window. While individual predictions of daity-maximum-Rx1hr and
Rx1day precipitation are produced, as depicted in Fig. 6b, the individual values themselves exhibit large fluctuations due to

natural variability. This is due to the fact that we are solely conditioning changes in extreme precipitation on changes in dew
point temperature. Given the large variability of the individual values themselves, we evaluate model performance as the av-
erage change in extreme-Rx1hr or Rx1day precipitation given specified average monthly dew point temperature anomalies
ranging between -3°C below normal to +3°C above normal. At each dew point temperature anomaly, we compute the mean
extreme precipitation anomaly centered about that dew point temperauture anomaly. We use a 21°window-C window, with
1°C increments, and find the modeled and observed extreme precipitation distributions corresponding to dew point tempera-

ture anomalies of:—3°C, -2°C, -1°C, 0°C, +1°C, +2°C, and +3°C. Model performance evaluates how well the predicted mean

shifts in the normalized extreme precipitation align with ebservations-over-the-validationperiod—
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2y—the observed mean shifts. In Fig. 7a;-the-ebserved-monthly-averaged-6c, we can look look more specifically at the Rx1hr

anomalies for each of these dew point temperature anomalies

using the summer months Jun-Jul-Aug. The
orange points show, for example, the Rx 1hr values that fall within the one degree window centered about a +1°C anomaly. The
empirical CDFs corresponding to different dew point temperature anomalies, a’f&p}eﬁedas—theeufve%alon with the means

of those distributions, are shown in Fig.

16d. This provides us
with seven mean observed RxIhr precipitation anomalies (as % of normal) as a function of the seven dew point temperature
anomalies anomalies for the 3-month window centered about July. We can similarly compute the seven mean predicted Rx1hr
precipitation anomalies for this case (not shown). Similarly, we can use-the-modeled-and-observed-mean-shiftsto-compute

he-perform the same procedure for the 12 menths
months of the year. By doing that, we have 84 predicted
versus observed mean Rx1hr anomalies for the different dew point temperatures and for the different months of the year. These
values are plotted in Fig, 7e.is deri . : .

normalized data with 100 km spatial extent and a 3-month temporal window), the RMSE of the model is 6.4. The benchmark
model RMSE, which always assumes climatolo (alwa s 100% of normal) is 21.9 g—see%g&ébﬂﬂ&ée)—hfﬁg—?d—eﬂe
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o s 0.71. The same procedure is
erformed separately for Rx1hr and Rx1day using predictions from the paper-C-C model, the non-normalized model, and the
normalized model, and where in each model case the four different spatial and temporal extents were implemented.

4 Results

4.1 Model Performanceof the Two Binning Models

the RMSE skill-seores-of In Figure 7a, we show the range of model skills, S8 rss . Using leave-one-year-out cross validation
for the 16 possible iterations of spatial-temporal extents using the C-C model, the binning-modetwhich-uses-the raw,-ornon-
normalized ;-data—tn-Fig-Samodel, and the normalized model. Fig. 7a plots the skills of the cross-validated Rx1hr predictions
MIWMM the ﬁeﬂhﬁmef&eﬂee%&elﬂﬂafe}egy%aehﬁdmdﬂa%gﬂd—eeﬂﬂfﬁﬁa

scores obtained from 1000 randomly generated predictions (or simulations), where each individual set of predictions can be
analogously compared or contrasted to the points along the x-axis JPhe—skr}}s—afeuseeiH&ehaﬁge—&s—a—ftmeﬁeﬁef—&ie—spaﬁal—&nd

acein Fig. 6b, for example. These random
predictions follow the same modeling framework used by the other models. especially as it comes to computing anomalous
values through cross-validation, except we do not perform any actual model fitting. Instead, for each year and for one set of
Wmmmmmm

same-stationis-used-andpredicted values. By randomly selecting all of the station/er-datafremJuly-isusedfrom-—stations-within
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Figure 6. (a) plots the relationship between the normalized average monthly dew point temperature (our predictor) and normalized Rx 1hr (our

redictand) for all station/months. (b) plots the individual cross-validated predictions of Rx1hr versus observed Rx1hr using the normalized

data model with a spatial extent of 100 km and a 3-month temporal window. In (a), our predictor corresponds to the x-axis, while in (b) our

cross-validated predictions corresponds to the x-axis. The values along the y-axis of both (a) and (b) are the observed Rx1hr anomalies and
they are the same in each subplot. (¢) Dashed lines show the different dew point temperature anomalies over which the mean predicted versus
observed Rx1hr anomalies are evaluated. This subplot shows the observed data for the 3-month window centered about July. The orange
d) The empirical CDFs,

for the different distributions corresponding to different temperature anomalies, are plotted as the lines. The dashed lines show the mean
shift of the observed distributions. The thicker orange dashed line shows along the x-axis the observed mean shift in Rx1hr (i.e., average of

oints show the distribution of Rx1hr along the y-axis corresponding to a +1°C dew point temperature anomaly.

orange points from (d)) given the example case of a +1°C dew point temperature anomaly. (e) plots all of the seven predicted mean versus
observed mean Rx1hr precipitation anomalies for the 12 months of the year, giving us 84 points. The larger orange diamond corresponds to
the example case illustrated in (d) and (e).
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months in a calibration year, we

successfully preserve the spatio-temporal covariance of the observational data in our randomized simulations. We can then test
how skillfully one can randomly predict Rx1hr (or Rx1da

when the randomized predictions exhibit the same spatio-temporal

covariance structure as the underlying data. The best obtained skill of the exponential-model-for-that-ease-is0-55-and-0-18;

ant-mprovement—1000 randoml

enerated predictions is 0.09. As a result, the best performing skill scores from all three models are found to be statisticall
significantly better than both climatology and what we would expect by chance (p<0.01)with-respeet-to-the-non-parametrie

. If it is not alread

clear, we want to stress at this point, that all of the models, whether a randomized set of predictions, the C-C model, the

non-normalized data

average-8-7model, or the normalized model, all have access to exactly the same data to produce the cross-validated predictions.
The models only differ in how they make use the data (e.g., non-normalized versus normalized) and what assumptions are

made (e.g., C-C always assumes 7% per °C
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is2). In Figs. 7b-d, we observe in what combinations of
spatial and temporal extents each respective model sees its maximum skill score, We observe fairly uniform positive skill for
the C-C model in Fig. 7b, with small variations present due to a changing sample size between different spatial and temporal
extents. For the non-normalized model (Fig. 7¢), its optimal skill is found to correspond to using the 50 km spatial extent along.
with the 1-month temporal window. One can clearly observe the skill decrease for the non-normalized model as the data is
pooled from further away in both space and time. When pooling data from the expenentiat-fit-or the-estimated seating rate-of

{these-are-the-data-peintsfrom-entire UCRB region and using all of the data throughout the year (i.e., the bottom-right grid

cell in Fig.

deereases-so-rapicty-asskill is less than half of what it is in its optimal case, or 0.30 versus 0.66. This is primarily due to the
fact that the spatial-and-tempeoral-extentinereases—

non-normalized model includes pooled data with very different climatologies in time and space. Another reason is that we
are mixing different scaling rates across time and space. where each station can be considered to have a certain scaling rate for
a given time of the year, such as July. For this second reason, we also see a decrease in skill for the normalized model when
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ooling data from the largest spatial and temporal extents (see Fig. 7d). However, the normalized model is able to leverage data
from larger spatial and temporal extents in order to improve the skill with respect to using non-normalized data. The maximum

skill of the normalized model is 0.71 and corresponds to the grid cell bounded by the yellow box (this case was also illustrated

in Figs. 6b and 6e). A t-test between the model errors (as depicted about the one-to-one line, for example, in Fig. 6e) that

are associated with the optimal skill scores between the non-normalized and normalized models show the normalized model
rovides statistically significantly better skill than the non-normalized model (p<0.01).

4.2 Evaluating-the Exponential Model Performanee

found-that Figs. 7e-h show the same as Figs. 7a-d except evaluating the model performance in predicting Rx1day precipitation.
Generally, the binning-method-which-uses-normalized-data-produces-more-skillful-predictions-of- maximum-daily-preeipitation

daily-and-hourly-data;-we-have-a—"sufficient"results follow the same pattern with the optimal model skills for the three models
being 0.63, 0.74, and 0.81, respectively. What is apparent now, is that the skill of the non-normalized model immediately begins

STW

0-42-(pooling is performed. The non-normalized model provides the best results when the calibration data is used from onl

the station and month being predicted. The drop off in skill for the non-normalized model, which uses pooled data, is even
more profound that what we observed for Rx1hr (Fig. 7¢). Using data with a 100 km spatial extent and a 5-month temporal

ives worse skill than climatolo . The maximum

skill of the normalized model is again bounded by the yellow box in Fig. 7h, and this skill is again found to be statisticall
zed skill score (p<0.01)and-035+(p<0-0)-with-respeetto-climatology-in-the

window, for example (see the corresponding light red grid cell in Fig.

significantly better than the optimal non-normali
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Ourresults-show-that-the-skill-of Figure 8 shows the same results as Figure 7, except we now predict Rx1day using two-fold
cross validation. In this case of the medel-predictions-of-maximum-daily-precipitation-are-statistically significantfor beth-o
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Cross.

validation, especially seen in the fact that we can still leverage normalized data to improve the predictions of Rx1day precipitation.
This result provides a better understanding as to how well the methodology can apply in the context of a changing climate.
With the results from Fig. 7 alone, one might misinterpret that the skill we observe is entangled with the trends in the faet
that-the-predicted-mean-of-underlying data. However, the extreme precipitation-eventscan-vary-from-one-calibration-period-te

4.2 Estimated Scaling Rates
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With regards to the models that we evaluated, our model which uses normalized data is found to provide the best cross-validated
skill. For Rx1hr, the best model performance was using a 100 km spatial window and a 3-month temporal window. While for
Rx1day, the best model performance was using a 50 km spatial window and a 3-month temporal window. We then use the
normalized data with these respective model parameters governing the spatial and temporal extents to estimate the scaling
rates for each station and each month of the year. The top row of panels in Figure 9a plots the scaling rates of Rx1hr at each
mw we plot the mede}ed#efsus—ﬂa&ebsefvedﬁﬁeaﬁ%hiﬁﬁﬂ—theﬁa*mmdaﬂy

pfeetpﬁ&&mﬁespeeﬁve%fmﬂaﬂﬁbeﬂ%skﬁkseefes—afe@%%@%scahn rates of Rxlday at each station for each month
of the year. In Figure 9c, a boxplot shows the distribution of scaling rates for both Rx1hr and 8-45<pRx1day for each month
of the year. The median scaling rates for both Rx1hr and Rx1day, in the winter months, exhibit sub C-C (i.e., < 8:0H)-with

that-the-7% per °C). Additionally, the wintertime Rxlday is found to scale more strongly, on average, than Rxlhr. On the
other hand, the median scaling rates in the summer months exhibit super C-C (> 7% per “C). In contrast to the winter, the
summertime Rx1hr scales more strongly, on average, than Rx1day. Some stations in the summer months exhibit scaling rates
WW% scaling ﬁes—af%ﬂ&maea%@&mﬂ%h&%dﬂfmgmsmﬂeeﬂwhﬂ&fhese—%eaﬁﬂef

29



tenmonth, range between 4.6% per °C
for January to 17.0% per °C for June. While for Rx1day, the scaling rates range between 5.2% per °C in December to 12.9%

5 Conclusions

795 Using point-scale station data from the Upper Colorado River Basin, this study begins by illustrating some ef-the-mest-com-
mon challenges in estimating P-T scaling rates. Our aim, herein, has not been to provide a comprehensive overview of every
existing methodology related to P-T scaling rates, but rather to focus on some of the prevailing challenges confronting scaling
rate estimation along with some proposed solutions. We find three-that there are two primary challenges that require careful
consideration prior to implementing any estimation of scaling rates. These are: 1) using pooled data across multiple stations

800 and/or months, without normalization, can lead to inaccurately estimating the scaling rate due to climatological differences

that exist in both space (from station to station) and time (from month to month) and 2) diﬁefeﬁees—m—sdmp}e—ﬁze&—dﬁd—%)ﬁe
fempef&ktbgAsAtNat&tAlgaAlmmdependence of the data -

805  Drawing upon prior research (Wasko and Sharma, 2014; Zhang et al., 2017; Molnar et al., 2015; Visser et al., 2021), we propose
WMMWMWM&WdW point tempera-
tures wh s a predictor of Rx1hr and
Rxlday precipitation. We then implement a regression model which fits an exponential function between these two variables
for a multitude of cases. For each precipitation variable, such as Rx1hr, we make cross-valided predictions using three models

810 and compare the model error with respect to if we had always assumed climatology. The three models are: 1) always assumin
C-C scalin

2) using the data without normalization, and 3) using the data with normalization. Additionally, we make the

cross-validated predictions using a range of spatial and temporal extents. We find that both the non-normalized and normalized

models are capable of providing better predictions of Rx1hr and Rx1day than either relying on climatology or the C-C scalin
rate. Furthermmore, the thi ' '

815
shewed-inthe-normalized data model is able to more effectively leverage pooled data when compared to the non-normalized
data model. As a result, the best model performances are obtained through the normalized model for both Rx1hr and Rx1day.
In the case of : i i 8 i

820
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the UCRB, we find optimal performance

-along.
with a 3-month temporal window and approximately a 50 to 100 km spatial extent. Regarding the non-normalized model, it
is clear that the best performance is achieved when using very narrow windows of spatial and temporal extents, such as using
only data from the station itself for a given month (i.e., which uses all the the years for that station and that month). Given the
relatively sparse hourly dataset, we found the non-normalized model is able to leverage data from multiple stations-and-across

using normalized data

Our-results-elearty show-adjacent stations up to 50 km away, but the performance degrades with attempts to pool data from
further away in space or time. For the daily dataset, which has increased data coverage, the best performance is found without
implementing any data pooling. After normalizing the data, however, we can more effectively pool temporally and spatially.
adjacent data, and as a result we can improve our estimates of our scaling rates and the associated predictions of precipitation
extremes. We should note that our methodology has assumed that the scaling rates are stationary over our period of record,
which appears to be a good assumption if we compare the results of leave-one-year-out and two-fold cross validation cases
for Rx1day. Our focus, here in this paper, has been to illustrate the value of normalizing the-data-priorto-estimating any

data in an effort to more accurately.
estimate P-T scaling rates. However, future research can focus on investigating whether or not scaling rates can be considered
stationary. Another issue worth mentioning is the potential impact of the measurement precision of the precipitation data
Ali et al.,
our precipitation data to the nearest 1.0 mm prior to normalization, and this was not found to noticeably impact our results.

Using our best performing model, which uses normalized data pooled from 50 km away-and/or-when-adjacent months-are

2022). In this study, we used data at a measurement precision of 0.1 mm. However, we did additionally try roundin

and-maximum-daily-preeipttation-extremes, we finally show the scaling rates at each station for each month of the year. The

scaling rates in—this—re
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than-it-is-for-the-maximum-daily-preeipitation—associated with daily extreme precipiation, Rx1day, are found to exhibit less
variability throughout the year than scaling rates associated with hourly extreme precipitation, Rx1hr. The median of the June
scaling rates, for Rx1hr, is more than triple the median of the January scaling rates. Substantial variability is seen in the the
scaling rates across both space and time, and as a result it is advisable that one estimates a unique P-T scaling rate at every.
given station (or grid cell if using gridded data) and for every given time of year (such as a month).

In this study, we have achieved skillful cross-validated predictions of extreme Rx1hr and Rx1day precipitation in the UCRB
by using-rormalized-data—in-aparametric-exponential-model—With-this knewledgeinhandfitting an exponential model to
normalized data. By applying this methodology to other regions of the world, we can eentinte-to-improve-our-gain a more
detailed and comprehensive understanding of how P-T scaling rates vary across different-months-in-otherregions-Hurthermore;
in our efforts to improve our preparedness regarding extreme precipitation.

Data availability. Supporting data can be found at https://doi.org/10.6084/m9.figshare.29858954.v1 (Switanek et al., 2025).

Appendix A: Comparison of the Quality-Controlled Hourly and Daily Datasets

Both the hourly (GHCNH) and daily (GHCND) datasets used in this paper are taken from larger datasets, which contain
lobal coverage. Here, we can provide some comparisons which draws upon data from these larger datasets for the UCRB, in
addition to data from the broader contiguous United States (CONUS). In Figure A1, we show how well the datasets align with

one another given the same period of temporal aggregation. Using the hourly dataset, we compute Rxlday (i.e., maximum
agoregated precipitation over 24 hours, found for each station/month). Then, for each station in the hourly (GHCNH) dataset.

we find the closest daily (GHCND) station. We can then compare the normalized quantities (by applying Eq. 2) over the 74

years and 12 months for all stations in the GHCNH dataset. In Fig. Ala, we plot the relationship between all of the normalized
Rxlday values computed from the hourly dataset, and the Rxlday values from the closest daily stations. This is shown for
CONUS and the UCRB. We can next look at the relationship between the daily data itself: We can plot in Fig, Alb the
relationship between the normalized Rx1day at each GHCND station and its closest neighboring GHCND station. We find
good agreement between the two quality-controlled datasets, with a correlation coefficient between the all of the values in
Fig. Alais 0.86, and a value of 0.78 for Fig. Alb. However, this decrease in correlation can be explained by the fact that the
average distance between the stations is 4 km in Fig. Ala, while it is 8 km in Fig. Alb. Next, we compare in Fig. Alc the
average monthly dew point temperature anomalies from the GHCNH dataset to the nearest grid cell of average monthly dew.
point temperature anomalies from ERAS (which is used as our predictor of Rx1day). Again, we find good agreement between
the two datasets with a correlation coefficient of 0.90.

Another way that we can see whether there are any unrealistic statistical outliers in the datasets is to plot all of the normalized
dew point temperature anomalies versus normalized Rx 1hr or Rx1day. We do this using all of the station-months in the UCRB

32



for the hourly (i.e., average monthly GHCNH dew point temperature anomlies versus Rx 1hr precipitation anomalies) and dail
890 (i.e., average monthly ERAS5 dew point temperature anomlies versus Rx1day precipitation anomalies) datasets. We do not
find the presence of any unrealistic outliers, in either the hourly or daily datasets, when considering the associated covariance

between our two variables.
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Figure 7. (a) plots the skills as empirical CDFs of the leave-one-year-out cross-validated predictions of Rx lhr for the three different models:

C-C, non-normalized, and normalized. The CDFs are comprised of the skills from the different possible iterations of the spatial and temporal

extents. Additionally, the CDF of 1000 randomized simulations is shown as the black dotted line. (b),(c), and (d) show the skill scores as

-axis). The maximum skill achieved is

and temporal extent (y

spatial extent (x-axis

a function of model (corresponding to subplot title

highlighted with the bounded yellow box. (e-h) are the same as (a-d), except showing the skills in predicting Rx1day.
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Figure 9. The top row of (a) plots the scaling rates of Rx1hr at each station for each month of the year. (b) same as (a) except for Rx1day.
¢) uses a boxplot to show the distribution of the scaling rates as a function of Rx1hr or Rxlday along with the month of the year. In (c),
each box, median, and whiskers are constructed using the scaling rates from all of the stations in the UCRB corresponding to that month and

either Rx1hr or Rx1day. The gray boxplot for July, as an example, is constructed using the scaling rates from the stations in the "Jul" panel
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Figure Al. (a) Anomalies of Rx1day values are compared when Rx1day is computed from the hourly dataset (x-axis) or from the daily
dataset (y-axis). This is shown for all station/months across CONUS and the UCRB. For cach station in the hourly dataset, the data from
the nearest station from the daily dataset is found and contrasted. (b) Plots the relationship between the daily data (GHCND) itself. For each
GHCND station, the closest neighboring GHCND station is found and the anomalies of the two are compared. This is shown using all of
the station/months across CONUS and the UCRB. (c) plots the average monthly dew point temperature anomalies from the GHCNH dataset
against the nearest grid cell of average monthly dew point temperature anomalies from ERAS.
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Figure A2. The small points show the normalized anomalies of dew point temperature versus the normalized anomalies of Rx1day using the
UCRB stations from the daily dataset GHCND. The larger blue points show the normalized anomalies of dew point temperature versus the

normalized anomalies of Rx1hr using the UCRB stations from the hourly dataset GHCNH.
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