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Extreme Precipitation-Temperature Scaling in California: The
Role of Atmospheric Rivers
Nasser Najibi! {2 and Scott Steinschneider!

'Department of Biological and Environmental Engineering, Cornell University, Ithaca, NY, USA

Abstract The sensitivity of atmospheric river (AR)-induced precipitation to climate change is primarily
driven by increases in atmospheric water vapor with warming. However, the rate at which AR-based
precipitation intensifies with warming and whether this rate differs from non-AR events remains uncertain.
This work uses multiple statistical models to estimate regional, extreme precipitation-temperature scaling
rates in California for AR and non-AR events. Scaling rates are determined using cold-season daily and
hourly precipitation, along with multiple temperature variables to assess robustness of the results. We find
that regional scaling rates for ARs are consistently larger than non-ARs, especially for hourly event maxima
(posterior median scale rates of 5.7% and 2.4% per °C for ARs and non-ARs, respectively). ARs remain near
saturated (i.e., high relative humidity) and exhibit more lift and a stronger increase in specific humidity aloft
with warming as compared to non-ARs, helping to explain the difference in precipitation-temperature scaling
rates.

Plain Language Summary Atmospheric rivers are long and narrow conveyor belts of water vapor
in the sky that transport moisture in the lower atmosphere. They often cause extreme precipitation that can
cause flooding along the west coast of the United States. The rate of intensification of atmospheric river-based
precipitation with warming is a fundamental scientific question with important implications for adapting civil
infrastructure to climate change. This study aims to quantify the relationship between atmospheric river-based
extreme precipitation and temperature, and to determine how it differs from other precipitation events. To do so,
we utilize multiple statistical methods to quantify cold-season precipitation-temperature scaling rates at weather
stations across California. In our analysis, we consider different temperature variables, timescales of data, and
ways of accumulating precipitation during events to determine the robustness of our results. Overall, we find
that extreme precipitation increases faster with warming during atmospheric rivers compared to other types of
events. This difference is linked to the fact that atmospheric rivers exhibit a more direct increase in moisture
content and lift with warming. These results suggest that extreme precipitation during atmospheric rivers will
increase faster than other events as temperatures rise in the future, which could accelerate damage linked to
future flooding events.

1. Introduction

The intensification of extreme precipitation is a major consequence of climate change (Hennessy et al., 1997;
Wau et al., 2013), and it is largely due to the increased moisture-holding capacity of the atmosphere with warming
(Allan & Soden, 2008; Trenberth et al., 2003). This capacity increases following the Clausius-Clapeyron (C-C)
rate of ~6%—7% per °C (Alduchov & Eskridge, 1996), and early work has argued that extreme precipitation
would intensify at a similar rate, all else equal (Allen & Ingram, 2002). However, dynamic (circulation-driven)
processes can modulate the rate of extreme precipitation intensification (Masson-Delmotte et al., 2021), compli-
cating extreme precipitation—temperature (P-T) scaling rate estimates. Such estimates are critical, as they form
the basis for many adaptation frameworks meant to prepare and design natural and built systems for the future
impacts of climate change (Donat et al., 2016; Easterling et al., 2000; Held & Soden, 2006; Seager et al., 2010).

There is a rich literature exploring the nuances in apparent P-T scaling relationships, using both observations and
model simulations to evaluate the sensitivity of scaling rate estimates to the choice of precipitation quantiles,
season, timescale (daily, sub-daily), temperature type (dew point, dry bulb) and timing (concurrent, anteced-
ent), weather patterns, rainfall type (convective, stratiform), and statistical modeling approach (Lenderink &
Van Meijgaard, 2008; O'Gorman & Schneider, 2009a,2009b; Lenderink et al., 2011; Shaw et al., 2011; Panthou
et al., 2014; Loriaux et al., 2013; Zhang et al., 2017; Zhang et al., 2019; Magan et al., 2020; Martinkova &
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Kysely, 2020; Lenderink et al., 2021; Bello et al., 2021; Fowler et al., 2021; Hosseini-Moghari et al., 2022;
Steinschneider & Najibi, 2022). Almost all these studies investigate if and why the derived P-T scaling rates
follow, exceed, or fall below the C-C rate. For instance, Ali et al. (2018, 2021) showed that daily P-T scaling
rates approximately follow the C-C rate in most locations globally. However, sub-daily rates exceed the C-C rate
in some locations (Ali & Mishra, 2017; Ban et al., 2015; Barbero et al., 2018; Drobinski et al., 2018), possibly
due to dynamical feedbacks with additional latent heat release from wetter storms (e.g., Lenderink et al., 2021;
Lenderink & Van Meijgaard, 2008). More generally, there is a substantial degree of uncertainty in estimated scal-
ing rates (Ali et al., 2022; Najibi et al., 2022; Sun & Wang, 2022; Visser et al., 2020, 2021), which is not always
quantified. Consequently, P-T scaling rates remain heavily debated (Fowler et al., 2021; Pendergrass, 2018).

In California, a growing body of work underscores the substantial increase in climate risk due to intensifying
extreme precipitation (Cayan et al., 2008; Dettinger et al., 2011; Swain et al., 2018). These events are primarily
caused by atmospheric rivers (ARs), which have become more frequent, wetter, and larger in recent decades, and
are projected to continue this trend under further warming (Dettinger, 2011; Espinoza et al., 2018; Gao et al., 2015;
Gershunov et al., 2019; Groisman et al., 2005; Hagos et al., 2016; Huang et al., 2020; Mahoney et al., 2018;
Michaelis et al., 2022; Polade et al., 2017; Rhoades et al., 2020; Shields & Kiehl, 2016; Zhang et al., 2021). Given
their importance to present and future flood risk and water supply (Corringham et al., 2019; Dettinger, 2011;
Hanak & Lund, 2012; Ralph et al., 2019; Rutz et al., 2014), it is critical to understand the processes that under-
score P-T scaling associated with AR-induced heavy precipitation events (Payne et al., 2020).

Several studies have explored these processes using climate models. For instance, Warner et al. (2015) found that
GCMs project that the mean AR-related winter precipitation and precipitation on extreme vertically integrated
horizontal vapor transport (IVT) days along the U.S. west coast increase respectively by 4%—6% and 5%—19% per
°C by the end of the 21st century. Chen and Leung (2020) identified a 3% per °C increase in AR-related precip-
itation in two regional climate simulations, while Michaelis et al. (2022) showed that total event precipitation
associated with two ARs during the Oroville Dam crisis of 2017 would increase between 11% and 17% per °C
under late 21st century warming, with a ~9% per °C increase in precipitable water and additional intensification
due to higher IVT linked to stronger winds.

However, surprisingly little work has directly investigated observed (i.e., gauge-based) P-T scaling rates asso-
ciated with ARs and how they may differ from non-AR events. Several studies have explored apparent scaling
rates in observations over California (Prein et al., 2017; Utsumi et al., 2011), but to our knowledge, none have
separately estimated scaling rates based on whether precipitation is AR- or non-AR-driven. If such differences in
scaling rate exist, they would have important implications for climate change adaptation strategies in regions like
California, where ARs have an outsized influence on flood risk. Accurate P-T scaling rate estimates for AR events
in particular will be important for adapting flood risk reduction infrastructure to the effects of warming. As others
have shown (Berg & Haerter, 2013; Haerter & Berg, 2009), P-T scaling rates can differ across weather systems,
and inaccurate rate estimates can result if the data are not first separated by storm type.

We hypothesize that P-T scaling rates will be larger for AR versus non-AR storms, primarily because ARs are near
saturated and additional atmospheric moisture with warming will precipitate out with orographic lift (Algarra
et al., 2020; Lundquist et al., 2010; B. L. Smith et al., 2010). The processes driving non-AR precipitation are
more dynamic and complex, which could lower apparent P-T scaling rates by weakening the relationship between
temperature, additional atmospheric moisture, saturation level, and extreme precipitation. To test this hypothesis,
this work uses daily and hourly records of precipitation and temperature to compare regional P-T scaling rates
associated with AR and non-AR precipitation events in California. We utilize multiple statistical modeling frame-
works, including a novel, Bayesian regression model, to quantify regional P-T scaling rates with uncertainty, and
evaluate the sensitivity of our inferred scaling rates to different modeling choices to assess the robustness of our
results. We also examine differences in the response of humidity and lift to warming for AR and non-AR events
to identify the key factors that explain scaling rate differences that emerge between the two storm types.

2. Data and Methods
2.1. Precipitation, Dry-Bulb Temperature, and Dew Point Temperature

We obtained daily and hourly observations of precipitation (P, mm), dry-bulb temperature (Ta, °C), and dew
point temperature (Td, °C) at the near-surface (2 m) from the Global Summary of the Day and Global Hourly
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Figure 1. (a) Definition of total and maximum precipitation events with a 3-day and 24-hr interevent interval at daily (top) and hourly (bottom) timescales, along

with associated temperature variables. Average precipitation is also defined as the mean of total precipitation only during the rainy days or hours. (b) Location of

112 co-located daily and hourly weather stations with their elevation above sea level (a.s.l). (c) Daily relative humidity (RH, in %) at 850 hPa for precipitation events
associated and not associated with atmospheric rivers (ARs). Points represent the median RH for different weather stations across the entire set of events under each AR
category, and the whiskers indicate the 25th and 75th percentiles of RH across all events.

datasets within the Integrated Surface Database (ISD; A. Smith et al., 2011). We identified all daily sites across
California with a minimum of 330 days of non-missing data for P, Ta, and Td in each year and at least 10 years of
record between 01 January 1948, and 31 December 2021. We also compiled hourly sites that are co-located with
the daily sites, requiring a yearly minimum of 30 days and at least 5 years of data. This resulted in 112 sites with
daily and hourly records that had over 25 and 18 years of data on average per site, respectively (Figure 1b). We
only retained daily and hourly observations during the cold-season (November-April) that passed quality control
checks in the ISD (i.e., code “1”) for all three variables (P, Ta, and Td), and all trace precipitation records were
discarded (Lott et al., 2001).

We also obtained hourly 850 hPa Ta, relative humidity (RH, %), specific humidity (SH, kg/kg), and vertical veloc-
ity (Omega, Pa/s) from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERAS reanalysis
(0.25° resolution) from 1979 to 2021 (Hersbach et al., 2020). These data are used to help estimate temperature,
humidity, and lifting mechanisms in the lower atmospheric column where most of the AR moisture is present
(Ralph et al., 2004, 2005; B. L. Smith et al., 2010). Hourly values were averaged to the daily timestep, and Td was
calculated using Ta and RH following Anderson et al. (2016). The reanalysis data was associated with each ISD
station by averaging data from the four grid cells nearest to each station.

2.2. Archives of AR-Induced Precipitation in California

We used the Scripps Institution of Oceanography (SIO)-generated catalog of ARs landfalls (SIO-R1 catalog)
along the west coast of North America (20-60°N) during 1948-2015 (Gershunov et al., 2017) to separate AR and
non-AR precipitation events across California. Gershunov et al. (2017) produced a 0.0625° (~6 km) daily gridded
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precipitation product based on the precipitation data in Livneh et al. (2013) that flags each precipitation value as
associated or not associated with ARs. For each of our meteorological stations from Section 2.1, we tagged the
daily or hourly data in each site as AR-related if at least one of the eight closest grid cells in the gridded precipi-
tation product from Gershunov et al. (2017) was tagged as being AR driven.

2.3. Precipitation Events

We define a precipitation event as a block of time during which one or more precipitation bursts greater than trace
precipitation occur in close succession, possibly with a short intermediate period of zero or trace precipitation
(e.g., Bello et al., 2022; Visser et al., 2021; Wasko et al., 2015). We clustered daily and hourly P into events by
requiring a 3-day and 24-hr minimum interval of dry conditions (i.e., trace precipitation or less) between separate
events, respectively (Figure 1a). For each event, we then defined maximum event P as the peak value of daily or
hourly precipitation within the event, and average event P as the mean of daily or hourly non-zero precipitation
values during the event duration. We select average event P instead of total event P because we found that longer
duration events generally had greater total P and were warmer, which could artificially inflate scaling rate esti-
mates. This effect of event duration is removed by using average event P.

We also defined several temperature values for each precipitation event. Concurrent Ta and Td were defined as
the temperatures occurring at the time of maximum daily or hourly precipitation, while preceding temperatures
(preTa, preTd) were defined as the Ta and Td occurring 1 day prior to the maximum daily or hourly precipita-
tion. Note that average hourly temperatures for the entire day prior to maximum P were used to define preTa and
preTd for hourly events. This procedure was applied to both Ta and Td at the surface (station-based) and 850 hPa
(reanalysis based). Ultimately, for both daily and hourly events, we defined two precipitation variables (average
precipitation, maximum precipitation) at the surface, and eight temperature variables (Ta, Td, preTa, and preTd
at the surface and 850 hPa).

2.4. Models to Estimate Precipitation-Temperature Scaling Relationships

We utilize multiple models to estimate P-T scaling rates in order to assess the sensitivity of our results to the
choice of statistical method and temperature variable.

2.4.1. Hierarchical Bayesian Quantile Regression

Our primary model follows the approach of Najibi et al. (2022), which uses a hierarchical Bayesian quantile
regression model to quantify both at-site and regional P-T scaling rates for a high precipitation quantile (g = 0.99),
conditioned on AR and non-AR precipitation events. Two layers are embedded within the hierarchical model,
whereby log-transformed P is regressed on temperature in the first layer, while regression coefficients vary based
on the occurrence of ARs or non-ARs in the second layer. The model for site i, event ¢, and non-AR/AR occur-
rence k € {0, 1} is formulated as follows:

Layer I. Precipitation—Temperature Scaling

In(Pi;) ~ Normal(u,,,.,’,ag,_,/>

!/

Hpiy =

1-2¢q +
wi, Hpiy
gl—q) "

Up,, = Ciky + PixyTis

214},‘J
viq(l —q) (D
v; ~ Uniform(0, 100); w;, ~ Exponential(v;)

2/ _
Opis =

Layer II. Scaling Rate by AR State

aixn ~ Normal(0, 100)

Pikwy ~ Normal(yk, az)
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ur ~ Normal(0, 1); ox ~ InverseGamma(l, 10) 2)

The model is a Bayesian version (Yu & Moyeed, 2001) of the quantile regression approach used in Wasko and
Sharma (2014), with a likelihood function modeled using a scale mixture of normal distributions, an exponential
random deviate w;, with rate v, that varies by site i, and a skewness parameter corresponding to the precipitation
quantile (g). Readers are directed to Najibi et al. (2022) for additional detail on the model structure.

The coefficients a;,, and f3;,,, in Layer I vary in time depending on whether the precipitation event ¢ is associated
with an AR (k(#) = 1) or non-AR (k(r) = 0). In Layer II, the intercepts «a,,,,, are given vague priors independently
for each site and AR state. The coefficients 3, that determine how precipitation scales with temperature are
partially pooled across sites via a normal distribution. This distribution has hyperparameters y, and o, that define
a regional average and standard deviation of P-T scaling based on AR and non-AR occurrence. Not only does
the partial pooling help to stabilize parameter estimation across sites, but inference on the posterior distribution
of u, for k = 0 and k = 1 provides a direct measure of whether P-T scaling rates at a regional scale differ based
on whether or not precipitation events are associated with ARs. The coefficient y, can be expressed as a percent
change per °C warming using (e#* — 1) X 100%.

2.4.2. Other Scaling Rate Estimation Models

To assess the sensitivity of our results to the choice of statistical method, we also evaluated scaling rates estimated
on a site-by-site basis using non-parametric binning, quantile regression, and trend scaling models (e.g., Ali
etal., 2018; Lenderink & Van Meijgaard, 2010; Loriaux et al., 2013; Wasko & Sharma, 2014; Zhang et al., 2017).
We note that these approaches, while more common in the literature, tend to be noisier due to a lack of spatial
information pooling and provide less rigorous uncertainty quantification. Finally, we also employ a hierarchical
Bayesian version of trend scaling regression (Zhang et al., 2017) that differs from the quantile regression in
Section 2.4.1 by focusing specifically on the most extreme precipitation events. This approach is described in
more detail in Text S1 in Supporting Information S1.

2.4.3. Application and Estimation

All models above are estimated separately using (a) daily and hourly datasets; (b) average and maximum event
precipitation; and (c) eight temperature variables (Ta, Td, preTa, and preTd at the surface and 850 hPa). Over-
all, 32 different models are estimated for each statistical method, enabling a thorough sensitivity analysis of the
inferred scaling rates to modeling choices. However, we focus our attention on a subset of results that use the
most physically consistent set of variables based on past literature, namely: concurrent gauge-based dew point
temperatures for daily events (dew point temperatures to better represent moisture availability; Ali et al., 2018),
and antecedent gauge-based dew point temperatures for hourly events (antecedent temperatures to address the
effects of short-term atmospheric cooling; Visser et al., 2020). Since P-T scaling rate estimates are sensitive to
small sample sizes, a minimum of 150 and 30 events per site were required for a site to be included in the quantile
regression and trend scaling models, respectively. Figure S1 in Supporting Information S1 shows the distribution
of events per site under each combination of variables from different datasets.

Parameters for all Bayesian models were estimated using JAGS (Denwood, 2016; Plummer, 2003), using 8,000
iterations across four chains with the last 1,000 iterations kept for inference. We checked for convergence using
the Gelman and Rubin criterion (Gelman & Rubin, 1992). To evaluate the statistical significance of scaling rate
differences between levels of a factor (e.g., differences in scaling rates between ARs and non-ARs), we calculate
the percentage of posterior samples for which scaling rate differences across levels of that factor are greater than
or less than zero. We require 95% of posterior differences to be all above or below zero for the differences to be
considered significant.

3. Results
3.1. Scaling Rate Estimates

Figure 2a shows the regional P-T scaling rates computed based on the hierarchical Bayesian quantile regression
method of Section 2.4.1. We present the posterior distribution of regional scaling rates (u,) for the 99th percentile
of precipitation with Td (daily) and preTd (hourly) at the surface. Statistical significance across the full suite
of 32 different model formulations is shown in Figure S2 in Supporting Information S1, while results for other
temperature variables are shown in Figure S3 in Supporting Information S1.
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Figure 2. (a) Posterior distribution of regional P-T scaling rates (u) based on the hierarchical Bayesian quantile regression,
separated for AR- and non-AR events. Results shown for average event precipitation (left) and maximum event precipitation
(right) at hourly and daily timescales and for the 99th percentile, based on dew point temperature (Td) and preceding Td
(preTd) at the surface. (b) Number (and %) of model formulations where median P-T scaling rates for AR events exceed
non-AR events, shown for different methods including hierarchical Bayesian quantile regression (HBQR), hierarchical
Bayesian trend scaling (HBTS), at-site binning method (BM), at-site quantile regression (QR), and at-site trend scaling
(TS). Regional estimates are shown for HBQR and HBTS, while the median of at-site estimates are shown for BM, QR,
and TS. There are 16 model permutations for average precipitation (left) and maximum precipitation (right), including four
temperatures (Ta, Td, preTa, preTd), two levels (surface, 850 hPa), and two timescales (daily, hourly).

Figure 2a shows that scaling rates for ARs are larger than non-ARs for both average and maximum event precip-
itation at both daily and hourly timescales. These differences are statistically significant at the 95% level. The
largest median scaling rate for non-ARs in Figure 2a is 2.9% per °C (hourly maximum precipitation with Td),
while the largest median scaling rate for ARs is 5.7% per °C (hourly maximum precipitation with preTd). Figure
S2 in Supporting Information S1 shows that in total, 21 (23) of the 32 different models show posterior scaling
rates that are significantly larger under ARs versus non-ARs at the 95% (90%) level. In only 6 instances are poste-
rior scaling rates significantly larger under non-AR events at the 95% level, and in all these cases temperatures
are based on Ta or preTa rather than Td or preTd. In 3 instances, the distributions of regional scaling rates are not
statistically distinguishable between storm type. It is important to note that despite the significant differences in
regional scaling rates between ARs and non-ARs, the uncertainty in scaling rates for any one formulation remains
large. For example, while the median regional scaling rate for ARs is 5.7% per °C when using hourly maximum
precipitation and preTd, the interquartile range spans from 3.1% to 8.4% per °C.
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(a) (b) non-ARs Two other notable results also arise from the full suite of 32 different model
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Figure 3. Changes in relative humidity (RH) (a, b), specific humidity (SH)

(c, d), and vertical velocity (Omega) (e, f) with dry-bulb temperature (Ta) and

SH with Omega (g, h) at 850 hPa for hourly precipitation events conditioned

on ARs (left) and non-ARs (right). A locally weighted scatterplot smoothing is

drawn as a black long-dashed line in Ta plots.

formulations (Figures S2 and S3 in Supporting Information S1). First, the
choice of dew point temperature or dry bulb temperature explains the most
variation (15% and 5% for ARs and non-ARs, respectively) across scaling
rate estimates, based on an ANOVA applied to all posterior samples pooled
across temperature factors (dry bulb vs. dew point, surface vs. 850 hPa,
antecedent vs. concurrent). With only a few exceptions, the scaling rates are
greater for Td versus Ta and preTd versus preTa, consistent with previous
work finding that dew point temperature provides a better measure of mois-
ture availability for scaling rate estimation (e.g., Ali et al., 2018; Barbero
et al., 2018; Wasko et al., 2018). Second, for hourly data preTd consistently
leads to higher scaling rates than concurrent Td for both event averages and
event maxima, at both atmospheric temperature levels, and for both storm
types. This is consistent with previous work showing that antecedent temper-
atures can better address the effects of short-term atmospheric cooling on
scaling rate estimation (Visser et al., 2020). This effect is not seen consist-
ently for daily data, where the signal is more mixed across storm types and
event averages versus maxima.

To further evaluate the sensitivity of our results to modeling choice, we also
estimate P-T scaling rates for all 32 formulations via the binning method
(Figure S4 in Supporting Information S1), standard quantile regression
(Figure S5 in Supporting Information S1), trend scaling (Figure S6 in
Supporting Information S1), and a hierarchical Bayesian version of the
trend scaling model (Figures S7 and S8 in Supporting Information S1) (see
Section 2.4.2). The non-Bayesian models are applied site-by-site, the median
scaling rate is taken across all 112 sites, and then these medians are compared
for AR and non-AR events. Posterior median regional scaling rates between
ARs and non-ARs are compared directly for the hierarchical Bayesian trend
scaling model (Text S1 in Supporting Information S1). We synthesize results
from all models in Figure 2b, counting the number of formulations in which
median scaling rates for ARs are larger than non-ARs. We separate the results
for event averages and event maxima. There is a clear pattern by which ARs
exhibit higher P-T scaling rates than non-ARs for both event averages and
maxima. The only exception is the binning method, for which neither storm
type exhibits consistently higher scaling rates. We should note though that
the binning approach can result in bias in scaling rate estimates due to uneven
sample sizes across temperature bins, particularly for bins associated with the
warmest or coldest temperatures (Wasko & Sharma, 2014).

3.2. Physical Mechanisms Behind Scaling Rate Differences Between
ARs and Non-ARs

To better understand the reason why P-T scaling rates differ between ARs
and non-ARs, we examine the changes in atmospheric moisture content and

lift with warming under each storm type. We use a 2D density plot (Figure 3) to show how RH, SH, and Omega
vary with Ta, and how SH varies with Omega, all based on ERAS at 850 hPa. Results are shown for all hourly
precipitation events associated with ARs (Figures 3a, 3c, 3e, and 3g) and non-ARs (Figures 3b, 3d and 3f, 3h)
across all sites. We note that results also hold true when only applied to more extreme hourly events, that is, only
events with maximum precipitation greater than the site-specific 90th percentile of non-zero precipitation (Figure

S9 in Supporting Information S1).

For ARs, RH remains consistent and high when Ta rises because of the monotonic increase in SH with warming

(Figure 3a). That is, as ARs warm, they remain saturated and increase in their water vapor content. A similar

pattern is not seen as clearly for non-ARs (Figure 3b). For these storms, SH does not increase with Ta (Figure 3d)
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as consistently as it does for ARs (Figure 3c), and consequently, RH has a tendency to decline with warming
(Figure 3b). In Figures 3e and 3f, a slightly upsloping line and tight scatter for non-ARs indicates that warm
non-ARs never get the large lift, but that is not the case for the ARs, as warm ARs still get significant lift
(Figure 3e). We also find that ARs more frequently exhibit greater uplift than non-ARs, especially at high levels
of specific humidity (see Figures 3g and 3h).

These results are consistent with the higher P-T scaling rates found for AR events compared to non-AR events.
During ARs, warming is linked to a direct increase in atmospheric water content in an already near-saturated
environment. In conjunction with enhanced uplift during these warm events, much of this added moisture leads
to intensifying precipitation as temperatures warm. In non-AR environments, the response to warming is more
subdued. Atmospheric moisture content does increase with warming, but not as consistently as ARs. Therefore,
as the moisture holding capacity of the atmosphere increases with higher temperatures, there is a tendency for RH
to decline during non-AR events. Coupled with weaker uplift, this leads to a slower rate of precipitation increase
with warmer temperatures. Additional analysis suggests that the decrease in RH with warming during non-AR
events is associated with different large-scale circulation patterns during warm and cold non-AR events. Specif-
ically, warm (>10°C) and cold (<10°C) non-AR events are commonly associated with high- and low-pressure
systems over the Western US, while ARs generally exhibit the same large-scale circulation independent of
temperature (Figure S10 in Supporting Information S1). During warm non-AR events, descending air under the
anomalous high warms the air through adiabatic heating, while moisture converge is suppressed. Consequently,
the moisture holding capacity of the air increases without coincident increases in atmospheric moisture, resulting
in relatively flat SH and declining RH with warming.

4. Conclusions

This study contributes a novel comparison of P-T scaling rates estimated across California, with a specific focus
on differences in scaling rates between AR and non-AR events. We employ a hierarchical Bayesian model to
support the estimation of regional scaling rates with uncertainty, and test the sensitivity of our results to choice of
timescale, temperature variable, precipitation event metric, and statistic model using additional 4 models and 32
separate formulations. The two primary conclusions of this study are as follows:

e Extreme precipitation associated with ARs consistently scales with temperature at a higher rate than non-AR
precipitation. These results are robust across multiple models, temperature variables, and for both event-based
precipitation averages and maxima, but are especially apparent when scaling rates are based on dew point
temperature.

e The differences in P-T scaling rates between AR and non-AR events are associated with greater increases in
moisture content with warming, a stronger lifting mechanism, and stable levels of saturation within AR storm
systems. Moisture content in non-AR systems grows more slowly with warming and saturation levels decline,
leading to lower P-T scaling rates.

On average, ARs have higher relative humidity, are warmer, and lead to more precipitation compared to
non-AR storms (see Figure lc; Figures S11-S14 in Supporting Information S1). Therefore, any increases
in atmospheric moisture content due to additional warming will more directly result in greater precipita-
tion, especially for larger events that are already saturated and exhibit substantial uplift (Figure 3). This is
consistent with previous research (Wang & Sun, 2022) and a growing consensus that increases in AR-based
atmospheric moisture with warming will drive more intense precipitation events, especially in regions with
elevated terrain like California (e.g., Payne et al., 2020). Conversely, the environments driving non-AR
extreme precipitation are more complex and less clearly driven by changes in atmospheric moisture content
(Rhoades et al., 2020).

We recognize that the P-T scaling rate estimates in this study are derived from historical meteorology, and it is
possible that future extreme events stemming from ARs with different characteristics (e.g., stronger winds) could
exhibit different scaling behavior (e.g., Gao et al., 2015; Michaelis et al., 2022; Zhang et al., 2021). In addition,
more investigation is needed to isolate the relationship between extreme AR precipitation intensification and
warming of background temperatures on land, along the AR track, and over local and remote ocean waters
(Algarra et al., 2020; Chen & Leung, 2020; Gonzales et al., 2019; Nusbaumer & Noone, 2018).
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