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Abstract Trends in hourly and daily precipitation statistics are studied using the CONUS‐404 hydroclimate
reanalysis at 4‐km spatial resolution over the 1991–2022 period. Only a small fraction of CONUS shows
statistically significant trends in the annual precipitation volume, number of wet days and mean wet‐day
intensity. Significant increasing trends are however found in the mean wet‐hour precipitation intensity, with the
trends being particularly pronounced in the Midwest. Fourier spectral analysis also attests for changes in the
multiscale spatial and temporal organization of precipitation, and reveals that small‐scale short‐lived
precipitation features have intensified at a higher rate than large‐scale long‐lived features. These results show
that, even when no robust trend can be established from low‐resolution data, clear trends may emerge at a higher
resolution, demonstrating the need for high‐resolution precipitation records for climate trend analysis.

Plain Language Summary This study analyzes trends in high‐resolution (4‐km and 1‐hr)
precipitation records from 1991 to 2022 over the Contiguous United States (CONUS). Over most of CONUS,
the natural year‐to‐year variability dominates, and no robust trends emerge in the annual precipitation amount,
number of wet days or mean intensity of wet days. When focusing however on the mean intensity of
precipitation during wet hours, a clear intensification trend emerges over a large fraction of CONUS, and in the
Midwest in particular. Further analyses reveal that the average amplitude of short‐lived small‐sized precipitation
features has increased at a higher rate than that of large long‐lived features.

1. Introduction
Increased atmospheric temperatures under global warming are expected to lead to increased atmospheric water
content on average, as the Clausius‐Clapeyron relationship establishes that the water‐holding capacity of the
atmosphere increases by 7% for every 1‐K increase in temperature (North & Erukhimova, 2009). Increased at-
mospheric water content is ultimately expected to translate into increased precipitation volume on average. The
response of precipitation characteristics to temperature changes is however strongly nonlinear. Precipitation also
responds to changes in synoptic circulation controlling moisture transport, and changes in the thermodynamics of
precipitating clouds involving moist convection processes. For these reasons, historical precipitation trends show
contrasting patterns across different regions of the globe (Zaitchik et al., 2023). Moreover, global climate models
often fail to accurately reproduce historical precipitation trends (Gu & Adler, 2023), and are often inconsistent
with each other regarding future projected precipitation trends (John et al., 2022; Li et al., 2021). A consensus
however seems to have emerged regarding high precipitation extremes, whose frequency and magnitude appear to
increase consistently with temperature in both observations and models, across different regions of the globe,
different observational data sets, and different climate models (e.g., O’Gorman, 2015; Papalexiou & Mon-
tanari, 2019; Thackeray et al., 2022). This increase in extremes is generally attributed to a shift toward a higher
convective fraction and higher convective intensity in precipitating clouds in warmer climates. It has been
sometimes labeled as “super‐Clausius–Clapeyron” scaling, as its magnitude can exceed the 7%‐per‐K rate of the
Clausius‐Clapeyron relationship (Berg et al., 2013; Da Silva & Haerter, 2025; Fowler et al., 2021; Haerter &
Berg, 2009; Panthou et al., 2014). Yet, when it comes to the identification of precipitation trends in historical data
sets, several challenges arise. First, long‐term continuous and homogeneous observational data sets are rare,
because they require observation networks to be operated and maintained over several decades, and also because
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technologies and measurement practices have been evolving over the years. Second, in many regions, precipi-
tation statistics exhibit a high level of year‐to‐year variability, making it hard to separate trends from internal
variability and produce statistically significant results, particularly when it comes to rare extreme events. For
these reasons, historical precipitation trends reported in the literature are sometimes inconsistent across different
data sets (e.g., Wang et al., 2023; Polasky et al., 2025), or between different studies (e.g., Emmanouil et al., 2022;
Williams et al., 2024). Some studies have reported borderline levels of statistical significance (e.g., Nguyen
et al., 2018; Nerantzaki et al., 2025). Finally, trends derived from inhomogeneous measurements over time (e.g.,
Zhang & Wang, 2023; Mascaro et al., 2025) are always equivocal.

The contiguous United States (CONUS) has been the focus of several studies seeking to identify trends in his-
torical precipitation data sets (e.g., Feng et al., 2016; Hu et al., 2020). The recently released CONUS‐404
hydroclimate reanalysis (Rasmussen, Chen, et al., 2023; Rasmussen, Liu, et al., 2023) offers new opportu-
nities for analyzing the temporal and spatial variability of precipitation over an extensive 8M km2 area for more
than three decades, at an unprecedented 4‐km and 1‐hr resolution. In the present study we analyze precipitation
trends in CONUS‐404 from 1991 to 2022, focusing on the number of wet days and number of wet hours per year,
the statistical distributions of daily and hourly intensities, and the fraction of wet hours above increasing intensity
thresholds. Changes in the spatial and temporal organization of precipitation features across scales are further
assessed through the Fourier power spectral density (PSD) of the precipitation fields. This study revisits the
intensification of precipitation and the super‐Clausius‐Clapeyron scaling paradigms from a scale‐intensity‐
dependent perspective rather than a solely intensity‐dependent perspective. We choose to focus not only on
the frequency and magnitude of precipitation extremes as most of the existing literature, but on assessing changes
across the whole statistical distribution of hourly and daily precipitation intensities at 4‐km resolution (and also at
a degraded 40‐km resolution) for more robust trend characterization and reduced sensitivity to internal variability.

2. Data and Methods
2.1. The CONUS‐404 Downscaled Hydroclimate Reanalysis

The CONUS‐404 high‐resolution (4‐km, 1‐hr) hydroclimate reanalysis covering the 1980–2022 period has been
released in December 2023 (Rasmussen, Chen, et al., 2023; Rasmussen, Liu, et al., 2023). This data set results
from the dynamical downscaling of the ECMWF ERA‐5 global reanalysis (Hersbach et al., 2020) through the
WRFmodel. At 4‐km resolutionWRF explicitly resolves mesoscale processes and orographic forcing. Compared
to gridded precipitation estimation products derived from observations only (ground stations, precipitation radars,
and satellite measurements), CONUS‐404 has advantages in terms of resolution (Guilloteau et al., 2017; Guil-
loteau & Foufoula‐Georgiou, 2020) and continuity and homogeneity over space and time (Carvalho, 2020;
Eldardiry et al., 2017; Rasmussen, Chen, et al., 2023). When it comes to trend analysis at multi‐decadal scales, the
stability over time of the observation system (gauge network, radar network or constellations of orbiting sensors)
is critical. Technological evolutions of the sensors and the data processing chain, as well as variations over time in
the number, location or orbit of the sensors are prone to introducing time‐dependent artifacts in the records (Ayat
et al., 2021; Doviak et al., 2000; Kidd et al., 2017; Petković et al., 2023; Rajagopal et al., 2021; Yang et al., 1998).
While changes over time in the observation system may have only small effects when it comes to seasonal av-
erages, the effects on high‐order statistics (extreme statistics in particular) at the hourly time scale can be sub-
stantial (Guilloteau & Foufoula‐Georgiou, 2023; Masunaga et al., 2019). Even if CONUS‐404 is constrained by
the observations assimilated in ERA‐5, the distribution of precipitation within the simulation domain and the sub‐
daily variability are essentially the result of the thermodynamics of the WRF model, whose parametrization is
homogeneous over the simulated period. CONUS‐404 therefore inherits the advantages of numerical models in
terms of homogeneity and consistency over time and space, while still relying on observations for its boundary
conditions, allowing for realistic synoptic forcing and sub‐seasonal to decadal variability and mitigating model
biases (Rasmussen, Chen, et al., 2023).

Monthly precipitation statistics in CONUS‐404 have been verified against the gauge‐derived PRISM data set in
Rasmussen, Chen, et al. (2023), and “close to zero” differences between CONUS‐404 and PRISM are reported
over most of CONUS. The largest monthly biases are overestimation in the coastal regions of the Pacific
Northwest during winter months and underestimation over the Southeast during winter months. The local relative
monthly biases always remain within an “acceptable”±30% range. Focusing on mountain hydroclimate, Adhikari
et al. (2024) found that CONUS‐404 has the lowest biases on average among 16 dynamically downscaled climate

Visualization: Clément Guilloteau,
Efi Foufoula‐Georgiou
Writing – original draft:
Clément Guilloteau
Writing – review & editing:
Xiaodong Chen, L. Ruby Leung,
Efi Foufoula‐Georgiou

Geophysical Research Letters 10.1029/2025GL117588

GUILLOTEAU ET AL. 2 of 11

 19448007, 2025, 20, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025G

L
117588 by U

niversity O
f C

alifornia - Irvine, W
iley O

nline L
ibrary on [29/10/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



data sets evaluated against PRISM, and reported a 10%–20% overestimation of winter precipitation over
mountains for CONUS‐404. Further evaluation of CONUS‐404 against gauge‐radar data is provided in Sup-
porting Information S1 to the present article, focusing specifically on its ability to capture month to month
variations in the number of wet hours (Figures S5 and S6 in Supporting Information S1). The low biases of
CONUS‐404 in terms of monthly precipitation volume and its ability to accurately capture local month to month
variations in the number of wet hours, combined with its temporal continuity and homogeneity, make it an ideal
data set for the present analysis.

While the CONUS‐404 data set extends back to 1980, the present study only utilizes data from 1991 to 2022.
Limiting the analysis to the post‐90's era allows to limit the potential influence of data artifacts in ERA‐5 in the
early years of the satellite era (Bromwich et al., 2024; Buschow, 2024), as well as data artifacts in the first six
years of the CONUS‐404 record (1980–1985), due to spinup issues with the WRF downscaling model (Ras-
mussen, Chen, et al., 2023).

2.2. Linear Trend Extraction Through Least Squares Regression

Precipitation statistics over the 1991–2022 period in CONUS‐404 are first analyzed in terms of annual number of
wet days (or wet hours) and mean annual wet‐day (or wet‐hour) intensity at the native 4‐km resolution. We set all
precipitation intensities bellow 0.1 mm/hr to zero. Light drizzle, which accounts for around 2% of the total
precipitation volume in CONUS‐404 is therefore excluded from this study. A wet hour is defined as an hour with
at least 0.1 mm of accumulated precipitation. A wet day is defined as a day with at least one wet hour. The mean
annual wet‐day (or wet‐hour) intensity is the mean precipitation intensity over all the wet days (or wet hours) of
the year. We also compute for each year the fraction of wet hours with intensities above three different threshold
values, defined in each pixel as 2 × RD1, 4 × RD1 and 8 × RD1, where RD1 is the average wet‐hour intensity
during the first decade of the analysis (D1, 1991–2001) in the corresponding pixel. While the CONUS simulation
domain comprises more than one million 4‐km pixels, we divided the land areas of the domain into 7,477 surface
elements (“surfels”) of dimensions 40 km by 40 km (10 by 10 pixels), and aggregated the annual statistics within
each surfel before extracting trends. Such spatial aggregation of pixel statistics reduces the effect of the internal
year‐to‐year variability for more robust trend estimation and improved statistical significance. For all statistics
and all surfels, linear trends are extracted by least squares regression of the annual values X( y) against the year y.
The regressed line X̂(y) follows the equation:

X̂(y) = 0.1 α ( y − 1991) + β (1)

The regressed trends are characterized by the slope coefficient α, expressed in mm dec− 1 when X represents
precipitation volume or intensity, or in dec− 1 when X represents the number of wet days (or wet hours). In the
following, the relative slope coefficient αʹ in percent per decade is often used instead of the absolute slope co-
efficient α to characterize the trends:

αʹ = α
XD1

(2)

where XD1 represents the mean value of the variable of interest over the first decade of the analysis period (1991–
2000).

In each surfel and for each variable of interest the p‐value of the trend has been estimated with three different
methods: t‐test, Mann‐Kendall test and Monte Carlo permutations. As the three methods produced highly‐
consistent p‐values (see Figures S1 and S2 in Supporting Information S1) only t‐test‐derived p‐values are re-
ported below. Trends with a p‐value lower than 0.05 are considered statistically significant.

The trend analysis was also performed at a degraded resolution, by spatially aggregating the CONUS‐404 data at a
40 km resolution before performing the analysis. The objective is to demonstrate the effect of data resolution on
the magnitude and statistical significance of the trends. The results of this analysis at a degraded resolution are
provided in Supporting Information S1 (Figure S3 in Supporting Information S1).

Geophysical Research Letters 10.1029/2025GL117588
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2.3. Statistical Distribution of Precipitation Intensities

The statistical distributions of wet‐hour precipitation intensities at 4‐km resolution are represented through
probability of exceedance (PoE) curves. Changes in the distribution between the first decade of the analysis period
(D1, 1991–2000) and the last decade (D3, 2013–2022) are assessed through the ratio of the PoEs PoED3(R)PoED1(R)

as a
function of the intensity R. The ratio of the PoEs at intensity R tells us how many times more frequently (or less
frequently) the R value was exceeded during the D3 decade as compared to the D1 decade.

Changes in the distribution between the D1 and D3 decades are also represented through the QD3(F)QD1(F)
quantile ratio,

where QD1(F) and QD3(F) are the intensity values associated with the F‐rank quantile of the D1 and D2 dis-
tributions respectively.

2.4. Spatial and Temporal Fourier Power Spectral Densities

The space‐time dynamics of the 1‐hr 4‐km precipitation fields are analyzed through their spatial and temporal
Fourier power spectral densities (PSDs). The temporal PSDs of the hourly precipitation time series are computed
in each 4‐km pixel and are then spatially averaged over the region of interest. The spatial PSDs are computed from
the 4‐km precipitation maps in the region of interest, for each hour of the 1991–2022 period, and are then
temporally averaged over specific periods of interest. The two‐dimensional spatial power spectra, defined in polar
coordinates as functions of the spatial wavenumber and the azimuthal direction, are averaged over all azimuthal
directions to produce the omnidirectional spatial PSD as a univariate function of the spatial wavenumber. For
easier interpretation, the spatial and temporal PSDs are shown as functions of temporal period and spatial
wavelength, respectively, instead of frequency and wavenumber. Changes in the spatial and temporal PSDs
between D1 and D3 are represented through the PSDD3PSDD1

ratio.

3. Results
3.1. Trends in Precipitation Occurrence and Intensity at Daily and Hourly Scales Over CONUS

Relative trends in the annual precipitation volume, number of wet days, number of wet hours, mean wet‐day
intensity and mean wet‐hour intensity are reported in Figure 1 for each one of the 7,477 surfels of the study
domain. For the annual precipitation volume, 63% of the surfels show a positive trend and 37% a negative trend.
Negative trends are essentially found in the South‐West; positive trends are found in the North (Southern Canada
and North‐East US). However, when considering solely statistically significant trends (p‐value<0.05), only 0.4%
of the surfels show a significant negative trend and 8.2% a significant positive trend (and 91% of the surfels do not
show statistically significant trends). Notably, the strong negative trends in the South‐West are deemed not
statistically significant in most surfels because of the strong year‐to‐year variability of the precipitation volume in
this region, where a few exceptionally dry or exceptionally wet years can drive the trend.

When breaking down the annual precipitation volume into the number of wet days and mean wet‐day intensity, it
appears that the decreasing trend in precipitation volume in the South‐West essentially reflects a decrease in the
number of wet days. In contrast, the increasing volume trends in the North are associated with an increase of wet‐
day intensity, with little variation in the number of wet days. Most of these trends are however not statistically
significant, only 6.1% of the surfels show a statistically significant trend in the number of wet days (mostly
increasing trends in the Canadian Prairie region and local clusters of decreasing trends in the South‐Western US),
and 7.5% in the mean wet‐day intensity (scattered across the whole study area). These rates of statistically sig-
nificant trends at the 0.05 level are close to the 5% false‐positive rate expected under the null hypothesis.

Now focusing on the hourly statistics, the number of wet hours, similarly to the number of wet days, show
decreasing trends in the South‐West. These trends are however again deemed essentially non‐significant (only
0.8% of the surfels show a significant decreasing trend, which is less than what is expected on average under the
null hypothesis). Most interestingly, at the 1‐hr resolution, 79% of the surfels of CONUS show an increase in the
mean wet‐hour intensity, and 17% (of all surfels) show a statistically significant increase (nearly 7 times more
than what would be expected under the null hypothesis). The fractional area of CONUS showing a statistically
significant increase in the mean wet‐hour intensity is 2.5 times larger than the fractional area showing a statis-
tically significant increase in the mean wet‐day intensity. The increasing wet‐hour intensity trends with the
greatest magnitude are found in the Midwest and Northern Prairie.

Geophysical Research Letters 10.1029/2025GL117588
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The above trend analysis was repeated at a degraded 40‐km resolution. The results are provided as Figure S3 in
Supporting Information S1. The results are consistent in terms of trend patterns, but the relative magnitudes and
statistical significances of the trends are generally lower at the 40‐km resolution than at the 4‐km resolution.

Focusing on the region with the most salient trends, we define the Midwest as the region with − 108° to − 80°
longitudes and 38°–49° latitudes (rectangle in Figure 2c) for further analyses of precipitation trends. Figure 2d
shows the 1991–2022 time series of the annual mean wet‐hour intensity at 4‐km resolution in the Midwest. The
wet‐hour intensity increases at an average rate of 0.035 mm h− 1 dec− 1, which corresponds to a 3.3% dec− 1 in-
crease with respect to the 1991–2000 average wet‐hour intensity. This spatially‐averaged trend in the Midwest is
statistically significant with a p‐value of 3 × 10− 4.

To assess changes in the distribution of wet‐hour intensities beyond the mean, we now focus on the fraction of wet
hours with intensities above the 2 × RD1, 4 × RD1 and 8 × RD1 thresholds. The panels a, b and c of Figure 2

Figure 1. Maps of the relative trends in annual precipitation volume (a), number of wet days (b), mean wet‐day intensity (c), number of wet hours (d), and mean wet‐hour
intensity (e), for the 1991–2022 period. White shading is applied in regions where trends are not significant at the 0.05 level. The fractions of increasing and decreasing
trends are indicated for each map, the fractions of statistically significant increasing and decreasing trends are indicated in parentheses. The relative trends are shown in
% per decade, with respect to the average value over the first decade of the analysis period (1991–2000).

Geophysical Research Letters 10.1029/2025GL117588
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show the maps of the 1991–2022 relative trends in the fraction of wet hours with intensities above the three
intensity thresholds. While the spatial patterns of the trends are similar for the different thresholds, and generally
follow the spatial pattern of the mean wet‐hour intensity trends, we note that, the higher the threshold, the greater
the relative magnitude of the increasing trends, with locally up to a +25% per decade increase of the fraction
of wet hours above 8 × RD1. In the Midwest region, the fraction of wet hours above 8 × RD1 is found to
have increased at an average rate of +11% per decade (with respect to the 1991–2000 mean fraction) over the
1991–2022 period (Figure 2‐e).

3.2. Statistical Distribution of 4‐km Hourly Precipitation Intensities in the Midwest: 2013–2022 Decade
Versus 1991–2000 Decade

In this section, we further analyze changes in the statistical distribution of the 4‐km wet‐hour intensities in the
Midwest, by comparing the statistics for the first decade of the analysis period (D1, 1991–2000) with the statistics
for the last decade (D3, 2013–2022). Figure 3a shows a comparison of the respective PoE curves for the two
decades, Figure 3b shows the PoED3(R)PoED1(R)

ratio as a function of intensity R, and Figure 3‐c shows the QD3(F)QD1(F)
ratio as a

function of the QD1(F) quantile value (see Section 2.3). One can see that, the greater the intensity, the greater the
difference between PoED3 and PoED1. Between the 0.1 mm/hr and 1 mm/hr intensities, the PoE ratio remains
relatively close to 1, revealing that the distribution remained relatively stable for low intensities. At intensity
10 mm/hr, the PoED3 is 1.25 times greater than PoED1 (+25% increase). At intensity 50 mm/hr the increase in the
PoE between the two decades is +55%.

Figure 2. (a, b and c), Maps of the relative trends in the fraction of wet hours with intensity above 2 × RD1, 4 × RD1 and 8 × RD1 respectively, for the 1991–2022 period,
where RD1 is, for each surfel, the mean wet‐hour intensity during the first decade of the analysis period. White shading is applied in regions where trends are not
significant at the 0.05 level. (d) Time series of the annual mean wet‐hour intensity in the Midwest region (delineated by the rectangle in panel c), with regressed linear
trend for the 1991–2022 period. (e) Time series of the annual fraction of wet hours with intensity above 8 × RD1 in the Midwest region, with regressed linear trend for the
1991–2022 period. The relative slope coefficient αʹ in panels d and e derives from Equation 2.

Geophysical Research Letters 10.1029/2025GL117588
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The fact that theQD3/QD1 ratio is not a constant (Figure 3‐c) indicates that the D3 distribution cannot be obtained
by linearly scaling the D1 intensity values with a constant coefficient. The QD3/QD1 ratio curve is found to
increase with quantile values up to the Q99% quantile at which it reaches a peak value of 1.13, meaning that the
intensity value associated with Q99% is 13% greater for D3 than for D1 (12.2 mm/hr against 10.8 mm/hr). The
median value of the distribution (Q50%), on the other hand, only sees a 3.8% amplification between D1 and D3.
This nonlinear amplification of precipitation intensities, with intensity values being amplified at a higher rate for
higher quantiles is consistent with what has been reported in the literature for CONUS and in other regions of the
globe (Feng et al., 2016; Fowler et al., 2021). We note however that, in our case, the monotonic relationship
between quantile values and amplification rate only holds up to Q99%, and that quantiles above Q99% are
amplified at a decreasing rate with increasing intensity values.

3.3. Spatial and Temporal Spectral Characteristics of Precipitation in the Midwest: 2013–2022 Decade
Versus 1991–2000 Decade

In this section, changes in the space‐time dynamics of precipitation are quantified through temporal and spatial
Fourier spectral analyses of the 1‐hr 4‐km precipitation intensity fields. The spatial and temporal Fourier PSD
functions allow us to non‐parametrically detect and quantify changes in space‐time dynamics of precipitation
(Guilloteau et al., 2025).

Here also, the statistics for the 2013–2022 decade (D3) are compared to those of the 1991–2000 decade (D1), in the
Midwest. From panels d and e of Figure 3, one can see that, at all Fourier periods and wavelengths, the D3 PSD is

Figure 3. Comparison of precipitation statistics at 1‐hr and 4‐km resolution in the Midwest between the 1991–2000 decade (D1) and the 2013–2022 decade (D3).
(a) Probability of exceedance (PoE) as a function of the wet‐hour intensity R, for D1 (black curve) and D3 (blue curve). (b) PoE ratio curve PoED3(R)

PoED1(R)
. (c) Quantile to

quantile ratio QD3(F)
QD1(F)

as a function of QD1(F), where QD1(F) and QD3(F) are the values of the (empirically estimated) F‐rank quantile of the distribution of wet‐hour
intensities, for D1 and D3 respectively (see Section 2.3). The Q50%, Q95% and Q99% quantiles are marked on the curve. (d) Temporal Fourier power spectral density
functions (PSD) of the hourly precipitation time series, for D1 (black curve) and D3 (blue curve). (e) PSD ratio PSDD3( p)

PSDD1( p)
as a function of the temporal period p.

(f) Omnidirectional spatial Fourier power spectral density functions (PSD) of the hourly precipitation maps, for D1 (black curve) and D3 (blue curve). (g) PSD ratio PSDD3(λ)PSDD1(λ)
as a function of the spatial wavelength λ.
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higher than the D1 PSD (the PSDD3PSDD1
ratio is greater than 1), reflecting an overall increase in the variability (variance)

of the 1‐hr 4‐km precipitation intensities between D1 and D3, across all spatial and temporal scales. Interestingly,
the magnitude of the PSD increase between D1 and D3 is greater at shorter periods and shorter wavelengths,
revealing that the average amplitude of short‐lived small‐sized precipitation features has increased at a higher rate
than that of large long‐lived features. Specifically, as the Fourier period gets shorter, the PSDD3PSDD1

ratio gets larger, from
a1.10 value (meaninga+10% increase of the PSDbetweenD1 andD3) at periods longer than 100 hr, down to the 6‐
hr period at which the PSD ratio reaches a plateau around a value of 1.21 (+21% increase of the PSD between D1
andD3). The PSDD3PSDD1

ratio also gets larger with shorter Fourier wavelengths, down to the 50‐kmwavelength, where it
plateaus between 1.27 and 1.28 (+27% to +28% increase of the PSD between D1 and D3).

The spectral analysis demonstrates a scale‐dependence in the magnitude of the change in precipitation statistics;
the changes are more pronounced at finer spatial and temporal scales. The PSD having increased at a higher rate at
shorter periods and shorter wavelengths corresponds to a decrease of the spectral slope (slope of the PSD curves)
between D1 and D3. Lower spectral slopes in precipitation fields are generally interpreted as a signature of
increasing convective activity and atmospheric instability (Harris et al., 2001; Willeit et al., 2015; Wong &
Skamarock, 2016).

4. Summary of Findings
The analysis of precipitation statistics in the CONUS‐404 hydroclimate reanalysis at 4‐km and 1‐hr resolution
reveals an increase of mean precipitation intensity during wet hours for the 1991–2022 period, over 79% of the
CONUS domain, with 17% of the domain showing a statistically significant increase at the 0.05 level (against
0.2% statistically significant decreasing trends). The intensification trends are particularly pronounced in
the Midwest where the average rate of increase is +0.035 mm h− 1 dec− 1 (+3.3% dec− 1 with respect to the
1991–2000 mean wet‐hour intensity). This rate of increase is largely above what is predicted by the Clausius‐
Clapeyron relationship, as trends in mean annual air temperature reported in the literature are of the order of
0.1–0.25 K dec− 1 for the recent decades in the Midwest (U.S. Global Change Research Program, 2023). While
the relative magnitudes of the trends in the annual number of wet hours are quite similar to that of the trends in
the wet‐hour intensities, the former show much lower levels of statistical significance. These low significance
levels come from the very high year‐to‐year internal variability of the number of wet hours and the limited
length of the analysis period (32 years).

The comparisons of the distribution of hourly precipitation intensities and of the temporal and spatial Fourier
PSDs between the first decade (1991–2000) and the last decade (2013–2022) revealed that the intensification of
precipitation rates in the Midwest is nonlinear, intensity‐dependent and scale‐dependent. While the median value
of the distribution of hourly precipitation intensities at 4‐km resolution has increased by 3.8% between the first
and the last decade, the value associated with the 99th percentile has increased by 13%. The Fourier PSDs show
that, between the first and last decade, short‐lived small‐sized precipitation features have seen a more pronounced
amplification than larger longer‐lived features, with a maximal increase of spectral power at wavelengths shorter
than 50 km and periods shorter than 6 hr. This last result is consistent with the finding that the magnitude and
statistical significance of the intensity trends drop substantially when performing the statistical analysis at
degraded resolutions (40 km/24 hr).

5. Discussion
The nonlinear scaling of precipitation intensities between the first decade (1991–2000) and the last decade
(2013–2022) of the analysis period in the Midwest, and the changes in the space‐time structure of precipitation
fields revealed by the temporal and spatial Fourier PSDs, indicate a change in precipitation dynamics,
consistent with the hypothesis of a shift toward a higher convective fraction and higher convective intensity
of precipitating clouds. Given the typical size and lifetime of convective cells, it is not surprising that the
signature of this shift is more perceptible at high resolution (e.g., 1 hr and 4 km) than at coarser resolutions
(e.g., 24 hr and 40 km).

At coarse scales, changes related to increased convection may in fact be only perceptible when focusing on
organized mesoscale convective systems (MCSs) or mesoscale convective complexes that can produce
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widespread high‐intensity precipitation over periods exceeding 12 hr (Feng et al., 2016; Hu et al., 2020; Schu-
macher & Rasmussen, 2020). This is likely one reason why studies reporting historical trends in precipitation at
coarse resolutions have often focused on extremes (e.g., Alexander et al., 2020; Harrison et al., 2019; Papalexiou
& Montanari, 2019; Sun et al., 2021; Thackeray et al., 2022; Wang et al., 2023), which, most of the time, are
associated to MCSs (Roca et al., 2014; Roca & Fiolleau, 2020; Zhao, 2022).

It is worth noting that the nature of the changes reported in the present analysis of historical data over CONUS,
that is, an increase of the mean wet‐hour intensity and an amplification of the fine‐scale variability of precipi-
tation, over the Midwest in particular, is consistent with the changes reported in Guilloteau et al. (2025) between
historical (1981–2020) and future (2041–2080) hydroclimate simulations at 6‐km and 1‐hr resolution over the
western half of CONUS under the RCP8.5 scenario, and with other published studies focusing on future
hydroclimate simulations (e.g., Dallan et al., 2024; Westra et al., 2014). The present study tends to indicate that
the hypothesized shift toward higher convective fraction and higher convective intensity in precipitating clouds
under global warming (Haerter & Berg, 2009), which has been confirmed by model simulations (Moseley
et al., 2016; Singleton & Toumi, 2013), is already detectable in high‐resolution historical data sets in certain
regions of the world. Such trends may however be less detectable at the coarse resolutions of global products
(observational products and reanalysis) and global climate models.
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