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Key Points:

e Global precipitation trends from the ERA5 reanalysis aligns with established
understandings of precipitation dynamics.

e We find altitudinal stratification of precipitation phase shifts across the Himalayan
region.

e Another novel finding is that extreme precipitation trends are not highest during the
warmest season, contrary to trends observed in the warmest regions.
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Abstract

The largest impact of future climate changes on societies and ecosystems will likely come from
precipitation variability and change. In a warming climate, changes in precipitation are governed
by complex feedback as the global hydrological cycle intensifies. However, land and water
surfaces partition energy and mass differently due to their unique characteristics, making
changes over the terrestrial hydrological cycle less straightforward compared to the oceanic
phase of the water cycle. Using the ERAS dataset, this global study examines precipitation trends
using eighteen different precipitation parameters across five main components: precipitation
total, precipitation frequency, precipitation type, wet and dry spells, and precipitation extreme.
Global trends are summarized by land and ocean areas, by climate region, and then zonally
averaged to identify broader precipitation patterns and interactions that may not be apparent in
local and regional scale studies, especially with a reanalysis dataset. We find that the ERA5
dataset was able to reproduce key features of precipitation change. This study also adds to the
growing consensus around other features for which some uncertainty exists. Two surprising
findings are that (1) spatial intensification of extreme precipitation around the warmest locations
(equatorial region) is not matched by temporal intensification around the warmest time of year
(summer months) in the northern hemisphere, and (2) The Himalayas show altitudinal
stratification of precipitation phase changes. Finally, with other studies, we find that synoptic
weather types may influence the scaling of extreme precipitation with temperature and should
be explored in future research.

Plain Language Summary

This study uses the ERA5 dataset to look at how precipitation patterns are changing globally. It
looks at 18 different precipitation parameters from five main components, like total
precipitation, precipitation frequency, precipitation type, wet and dry spell, and extreme
precipitation. The study compares these changes over land and sea, in different climate zones,
and globally to understand bigger patterns of change. The main findings are that the ERA5
dataset can capture well-known patterns of precipitation change. Two lesser known findings are
that extreme precipitation are increasing in hotter areas near the equator but not during the
hottest months in the Northern Hemisphere, and that in the Himalayas, shifts in precipitation
type is dependent on altitude. The study also suggests that future research should look at how
different weather patterns affect the interaction between extreme precipitation and
temperature.
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1 Introduction

Precipitation variability and trends are important to climate scientists because of the high-impact
nature of precipitation and the potential for that to change in unpredictable and unpleasant ways
with climate change (Dai, 2006; Trenberth, 2011 & 2014). Historical changes in precipitation over
present and future observations are realized by sub-daily, daily, monthly, seasonal, and
interannual variability. The most consistent premise for global precipitation changes over
historical observations is that global warming will intensify the global hydrological cycle (Allan et
al., 2014; Held & Soden, 2006; Huntington, 2006; IPCC, 2014; Masson-Delmotte et al., 2021;
Trenberth, 2014). This theory is due to the strong relationship between water vapor and
temperature, based on the Clausius-Clapeyron (C-C) equation, which stipulates a 7% increase in
the water holding capacity of the atmosphere for every 1K of warming (Allan et al., 2014;
Trenberth, 2011; Vergara-Temprado et al., 2021). Water vapor plays a key role in the regional
differences in global precipitation change. Hence, Stephens and Hu (2010) and Trenberth (2011)
have noted that total global precipitation changes are predictable to the extent that increases in

water vapor are predictable.

Globally-averaged precipitation total is also expected to increase with warming, but at a much-
more constrained rate of 2% K (Allen & Ingram, 2002; Roderick et al., 2014) because of other
dynamic and thermodynamic factors that influence precipitation regardless of the increased
moisture-holding capacity of warm air (Westra et al., 2013). However, at the local and regional
scale where impacts are felt, this global precipitation sensitivity to warming does not necessarily
apply (Roderick et al., 2014). This disparity in precipitation change due to scale is because the
intensification of the global hydrological cycle is dominated by the exchanges over the ocean,
which is 73% of the Earth's surface. Due to their unique surface characteristics, land and water
surfaces respond differently to greenhouse gas forcing and energy and mass partitioning (Byrne
& O’Gorman, 2015). Over the ocean, evaporation (E) exceeds precipitation (P), but the surface is
still regarded as wet because water is always available for evaporation. Land surfaces, on the
other hand, are much more complex. Except in the humid tropics, most land areas are dry (E >
P), but precipitation still exceeds evaporation (the bulk of which is generated in the tropics) on

average for all land areas as evaporation is constrained by the availability of water (Oke, 2002).
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The theory that dry areas will become dryer and wet areas will become wetter, as described by
Held and Soden (2006), was based on zonally averaged changes in wetness, which does not hold
at the local scale, and especially over land. At most latitudes, P and E are dominated by energy
and mass exchanges over the ocean, so their zonal averages (which combined land and ocean
surfaces) were determined mainly by oceanic trends (Lim & Roderick, 2009; Oki & Kanae, 2006;
Roderick et al., 2014). More recent studies (H. Feng & Zhang, 2015; Greve et al., 2014; Sun et al.,
2012) have used empirical studies to dispute this claim, particularly over land areas. So, while
regional and local changes are important, precisely what part of the Earth will experience an

increase or decrease in precipitation has been the subject of much uncertainty.

Changes in precipitation primarily emphasize precipitation totals, but other components of
precipitation are expected to differ in sign and magnitude (Donat et al., 2016; Obarein & Lee,
2022). For example, although global climate models simulate increases in global mean
precipitation (IPCC, 2014; Masson-Delmotte et al., 2021; Salzmann, 2016), these increases are
not as robust as in extreme precipitation events (Adler et al., 2017; Emori & Brown, 2005; Sun et
al., 2012). The scaling relationship between extreme precipitation and warming suggests a higher
sensitivity to increased greenhouse gas forcing than mean precipitation totals (Allen & Ingram,
2002; Chinita et al., 2021; Lehmann et al., 2018). Relative to mean global precipitation totals,
extreme daily precipitation consistently shows significant increases in historical observations and
has become a near-universal feature of climate model simulations of the planet's response to
increasing atmospheric greenhouse concentrations (Bao et al., 2017; Donat et al., 2016). It is
expected that extreme precipitation will intensify spatially (over the humid tropics) (Utsumi et
al., 2011; Visser et al., 2020), but whether it intensifies at the same rate temporally (over the
summer season) remains unclear. Moreover, it is not known whether zonally averaged changes

will be dominated by the ocean at the same rate as with precipitation totals.

Furthermore, changes to precipitation frequency, precipitation type, and wet and dry spells are
expected to accompany a warming climate and may likely carry a different signal of change than
precipitation totals. With respect to precipitation type, decreases in the proportion of

precipitation falling as snow have been reported in almost every part of the mid-and high
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latitudes (Matiu et al., 2021; Screen & Simmonds, 2012; Shi & Liu, 2021). Over the Arctic, there
is growing consensus that precipitation is increasing, consistent with an amplified warming
climate (Bintanja & Selten, 2014; McCrystall et al., 2021; Serreze & Barry, 2011), but most of
these studies involve precipitation totals. Little is known about the changes in the frequency of
snow and rain days (since frequency and totals can differ in magnitude and sign). If precipitation
frequency decreases as total increases, extreme precipitation may increase in the region, a trend

more associated with warmer climates.

This study evaluates how well the ERAS reanalysis precipitation dataset reproduces some well-
known features of global precipitation change described above. The aim here is to add to the
growing consensus around specific signals of change and to draw attention to other features of
global precipitation change that are still unclear or have not received enough focus, some of
which have been highlighted above. While previous analyses of global precipitation focus on a
mean pattern of precipitation totals, this study goes further to fully characterize precipitation by

examining eighteen precipitation parameters.

Finally, for all the benefits of local or regional studies, a comprehensive global overview of
precipitation change can help identify patterns and anomalies that may not be apparent at the
local and regional scales. Global trends are zonally averaged, subdivided by land and ocean areas,
and summarized by climate region to identify links with broader climate dynamics and
teleconnections. This study also serves as a valuable evaluation of the ERA5 reanalysis
precipitation dataset at the global level. Regional and local evaluations are more common but
appear skewed towards areas with a dense network of observation stations, mainly in Europe

and Asia.

2 Materials and Methods

2.1 ERA5 Reanalysis precipitation dataset

This study uses global hourly precipitation total and precipitation type data (1979 to 2022) from
the ERAS reanalysis, the most recent in the line of European Center for Medium-Range Weather
Forecasts (ECMWF) reanalysis products (Hersbach et al., 2020). The dataset has a spatial

resolution of 0.25° x 0.25° and covers the globe from 1940 to the present. ERA5 combines vast
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historical observations from many sources (station data, satellite data, etc.) into global estimates
using advanced modeling and data assimilation systems. The ERA5 is a considerable
improvement over the ERA-Interim and other previous ECMWF reanalysis because it assimilates
observations from more recent sophisticated weather satellite instruments (Hoffmann et al.,

2019; Olauson, 2018; Urraca et al., 2018)

Over the ocean and in many tropical and polar regions, in-situ observations are sparse or
unavailable to meet the needs of global studies (Kidd et al., 2010; Thackeray et al., 2022). Most
satellite products also tend to have coarse resolution, making them inadequate to capture
precipitation variation over short distances, such as in regions of complex topography. Reanalysis
datasets can mitigate these problems by providing homogenous and consistent long-term data
on regularly spaced temporal and spatial intervals. Most evaluations of ERA5 reanalysis
precipitation dataset show high performance in outperforming other reanalysis and satellite-
based products (Centella-Artola et al., 2020; Gleixner et al., 2020; Jiao et al., 2021; Malayeri et
al., 2021; Nogueira, 2020; Obarein & Lee, 2022; Randriatsara et al., 2022; Wang & Zhao, 2022,
and others). This high performance has led to the growing use of the ERA5 dataset in precipitation

trend analysis (e.g., Boisvert et al., 2023; Box et al., 2019; Chinita et al., 2021; Yu & Zhong, 2021).

2.2 Precipitation Components

This study utilizes five precipitation components, subdivided into eighteen parameters (Table 1),
to exhaustively examine global precipitation change. To derive annual precipitation totals, hourly
precipitation is summed for each year of the study area. Summer, winter, fall, and spring totals

were derived from seasonal accumulations of hourly precipitation.

Following the recommendation of the WMO (2017), a wet day is defined as one with any daily
precipitation totals 2 1 mm. Annual wet and dry days are yearly sums of all days 2 1 mm and <
1mm, respectively. The annual count of summer and winter wet and dry days are the subset of

annual wet and dry days in each year's summer and winter seasons.
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Table 1: Precipitation components and parameters used in the study.

S/N | Precipitation components Parameters (Annual time steps) Unit72
1 Precipitation total mm
2 Summer precipitation total mm
3 | Total Precipitation Winter precipitation total mm
4 Spring precipitation total mm
5 Fall precipitation total mm
3 Precipitation Type Er?:)ndeZ?/s ::zz
8 Wet days days
9 Dry days days
10 Precipitation Frequency Summer wet days days
11 Summer dry days days
12 Winter wet days days
13 Winter dry days days
14 | Wet Spell Wet Spell events
15 Maxima precipitation mm
16 95% percentile precipitation mm
17 Extreme Precipitation Cour.1t .Of 2 95" percentile days
precipitation
18 Mean of > 95" percentile mm
precipitation

"Precipitation Type" was derived from the ERA5 hourly precipitation type dataset, from which
only rain and snow are considered in this study. The modal precipitation type that is rain or
snow—over any twenty-four-hour period—was regarded as that day's precipitation type, and
this was used to generate a categorical time series of precipitation types, from which annual
counts of rain and snow days are created. These annual counts of precipitation types only
considered days where precipitation was> 1mm. ERA5 snowfall is measured in meters of water
equivalent. We define a wet spell as an event with two or more wet days following Huang et al.

(2017), Chaudhary et al. (2017), Vaittinada Ayar and Mailhot (2021), and others.

Extreme precipitation is assessed using four parameters. Annual maxima precipitation is the
yearly time series of the highest daily precipitation in a year. An annual wet day 95 percentile
index, where percentiles are only expressed relative to wet days (e.g., Kendon et al., 2014; Turco
& Llasat, 2011), was used to characterize extreme precipitation. Further, a single wet day 95"

percentile precipitation value for the study period was generated and compared to each yearly
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distribution to derive a count of all days where the daily precipitation exceeds this 95" percentile
value. The fourth extreme precipitation parameter is the mean of all the daily precipitation each
year that exceeds the 95 percentile value. Single annual values can have high variability, so the
means are calculated as a more robust measure of extreme precipitation. The global climatology

of all eighteen precipitation parameters is shown in Figure Al.

23 Trend Analysis

Precipitation does not follow a normal distribution, and daily precipitation tends to be negatively
skewed due to many non-precipitation days (about 50% and as much as 95% in dry areas) (Burt
et al., 2009; Contractor et al., 2021; Pendergrass & Knutti, 2018). As precipitation accumulates
over longer timescales, these statistical tendencies tend to diminish due to more non-zero
accumulations, but they are still far from a normal distribution. The considerable spatial
variability and range of precipitation on a global scale also present challenges for trend analysis.
A small change in a dry area may be more significant—especially if variability is low—than a large
change in a wet area if variability is high. The large trend value in the latter tends to overshadow
the small magnitudes of change in the former, making them incomparable across grid points. To
solve this problem, all precipitation parameters are first rendered to a common annual time scale
so that the number of observations is equal in each case and comparability across parameters is
boosted. Secondly, all the precipitation parameters are standardized using the standardized
anomalies or z-scores. Trends performed using the standardized anomalies have units of
standard deviation and are comparable across space regardless of the amount and distribution

of precipitation.

The magnitude and sign of precipitation change for each parameter were calculated using the
Theil-Sen slope estimator—the most widely used nonparametric method for estimating the
magnitude of a linear trend (Chervenkov & Slavov, 2019; El-Shaarawi & Piegorsch, 2002). This
method is more robust, efficient, and unbiased by outliers than the ordinary least squares
method (Dang et al., 2008; Ohlson & Kim, 2015). The Theil-Sen slope method fits a line to a set
of points that chooses the median slope among all lines connecting all possible pairs of two-

dimensional sample points.
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The statistical significance of each trend value from the Theil-Sen slope estimator was calculated
using the nonparametric Modified Mann-Kendall (MK) trend test. This test is distribution-
independent but is equally robust and less sensitive to outliers and missing values comparatively
to other trend tests (Ali et al., 2019; Liu et al., 2016; Sen, 2017). It is routinely used in hydro-
climatological datasets and is recommended by the WMO (Liu et al., 2015, 2016). More
importantly, the modified MK test builds upon the original Mann-Kendall by accounting for serial
autocorrelations that climatic datasets may exhibit (Hamed & Ramachandra Rao, 1998). Unlike
the original Mann-Kendall trend test, the modified MK test only calculates statistical significance

using the standard normal test statistic Z, and p-values for each grid point. The Z statistic is

denoted as.
( S-1 ifS >0
\/n(n 1) (2n +5)
18
z= 4 0ifS=0
S+1 ifS <0
[n(n— 1) (2n +5)
\V 18

(1)

Where | Z| 2 Z1_4,, the null hypothesis is rejected at the 95% confidence level, and a significant
trend exists in the dataset. Theil-Sen slope estimator and the Mann-Kendall trend test are
calculated for all precipitation parameters in Table 1, separately for all grid points, using

MATLAB.

Conducting multiple hypothesis tests (like above) often leads to misinterpretation of statistical
significance, as it increases the rate at which a true null hypothesis is erroneously rejected [called
the False Discovery Rate (FDR)]. The procedure that Wilks (2016) described to control for the FDR
uses the "field significance" approach that requires a higher standard (smaller p-values) to reject
the null hypothesis at each individual grid point in order to maintain the stated a-level
considering the multiple tests being conducted. Herein, Wilks' FDR is calculated in MATLAB for

every trend analysis.
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Trends are averaged by latitude and subdivided into land and ocean grid points. Also, trends are
summarized based on the six Koppen-Geiger global climate classification system to identify any

important regional differences in results.

When dealing with global gridded climatic datasets, especially on square grids, the physical area
represented by each grid varies. Near the equator, a square degree of latitude and longitude
represents a larger area than it does at the poles. When aggregating data over grids, this area
disparity gives undue weight to high-latitude regions. To solve this issue, we use a resampling
technique that selects representative equal-sized/spaced grid points at coarser resolutions. This

resampling is done in MATLAB.

3 Results

This study's findings are discussed under four subsections, each underscoring salient aspects of
global precipitation change. Notably, these results align with established understandings of
precipitation dynamics, yet their replication using the ERA5 reanalysis dataset adds a layer of
significance. Within these sections, the study delves into more intricate and previously
unexplored phenomena. These include the nuanced altitudinal stratification of precipitation
phase shifts across the Himalayan region, as well as the temporal variation in extreme
precipitation events. Such insights offer a novel contribution to the existing body of literature in

this field.

3.1 Near total increase in extreme precipitation, but highest in the deep tropics.

Among all precipitation parameters, extreme precipitation (annual maxima, 95™ percentile
precipitation, count of > 95" percentile precipitation, and mean of > 95" percentile precipitation)
distinctly shows near-total increasing trends, with only small pockets of decreasing trend (Figure

loto 1r).
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Figure 1: Global trends (1979 - 2022) in (a) Annual precipitation totals; (b) Annual JJA
precipitation totals; (c) Annual DJF precipitation totals; (d) Annual MAM precipitation totals; (e)
Annual SON precipitation totals; (f) Annual rain days; (g) Annual Snow days; (h) Annual wet days;
(i) Annual dry days; (j) Annual summer wet days; (k) Annual summer dry days; (I) Annual winter
wet days; (m) Annual winter dry days; (n) Annual wet spell; (0) Annual Maxima precipitation; (p)
Annual 95" percentile precipitation; (q) Annual count of > 95" percentile precipitation; and (r)
Annual mean precipitation > 95 percentile precipitation. Black stippling indicates statistically
significant grid points. All trends are decadal and in standard deviation (z-scores) units.
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The narrow band of strong and significant trends near the equator is consistent with sharp zonally

averaged increases around the equatorial region (Figure 2).

The equatorial region is experiencing the largest increases in extreme precipitation over the last
four decades. Near the equator, the positive trend in the 95" percentile precipitation and the
mean of all precipitation > 95" percentile precipitation are nearly four times the trend in the
subtropics (Figures 2a and 2d). This four-fold difference amounts to a 0.45 o/decade increase
from the mean 95" percentile precipitation and the mean number of precipitation days > 95"

percentile precipitation.
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Figure 2: Global trends averaged by latitude, and sub-divided into global, ocean, land grid points,
for (a) annual maxima precipitation; (b) annual 95t percentile precipitation; (c) annual count of
precipitation event > 95" percentile precipitation; and (d) annual mean precipitation > 95t
percentile precipitation. The red line represents the absence of land grid-points. Decadal trends
are in standard deviation (z-score) units.

The decreases in extreme precipitation in the subtropics—centered around 30° North and

South—set up a sharp latitudinal gradient with the equatorial region that is observable when
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trends are summarized by climate region. Table 2 shows the 25 percentile trend value in annual
maximum precipitation and annual mean precipitation > 95" percentile precipitation. This trend
value is positive only in the tropics, indicating that the top 75 percentile of extreme precipitation
are all positive for the region. Other climate regions do not show this positive skewness in
extreme precipitation trends

Table 2: 25" percentile extreme precipitation trend value in each climate region

Climate Region | Ann max | Mean 95
Dry -0.0466 | -0.0466
Mesothermal -0.046 -0.046
Microthermal -0.0486 -0.0486
Polar -0.029 -0.029
Highland -0.0807 | -0.0807

Within this broad zonal gradient, variation by land and ocean surfaces is apparent everywhere:
Figure 1 and 2 show lower magnitudes of change in extreme precipitation over zonally-averaged
land areas compared to ocean surfaces across all four extreme precipitation parameters. The
prominent increasing trends over the deep tropics are dominated by trends over the ocean,
which can be twice as much as those over land. This land-ocean contrast is seen across all
extreme precipitation parameters, except annual maxima precipitation in the Northern
Hemisphere mid-latitudes. And while oceanic trends in the subtropics are small (but still positive),
the land trends show a decreasing trend. Zonally-averaged trends in all eighteen components are

shown in Supplementary Figure A3.

The increase in precipitation extremes with global warming is currently the biggest signal of
precipitation change, consistent with theory (Allen & Ingram, 2002; Trenberth et al., 2003),
observational studies (Ribes et al., 2019; Westra et al., 2013), and climate model simulations
(O’Gorman & Schneider, 2009; Pendergrass & Hartmann, 2014). Of all precipitation components,
extreme precipitation scales the most with temperature, almost approaching the (C-C) scaling

rate of atmospheric moisture with temperature (7% per °C?) (Chinita et al., 2021; Lehmann et
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al., 2018), the highest possible rate of increase in precipitation with global warming in theory, all
other factors being equal. This scaling relationship is confirmed in Figure 3, where the timeseries
of globally-averaged standard deviations of annual 95™ percentile (extreme) precipitation
increased fastest with temperature trends relative to other precipitation components. Studies
have however shown that hourly precipitation extremes can exceed this maximum rate (Prein et

al., 2017; Visser et al., 2020; Westra et al., 2014).

0-8 T T T T T T
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Figure 3: Globally-averaged standard deviations of mean annual temperature, annual total
precipitation, annual wet days, annual wet spell, and extreme (95 percentile) precipitation (1979
—-2022).

Scaling rate strongly depends on heat and moisture availability, two quantities abundantly
available in the equatorial oceans, which explains statistically significant increases in the region.
Over tropical land areas where temperatures are equally high, the limitation of moisture and the
complication of a heterogeneous surface constrains increases in extreme precipitation below

those over the ocean, where water is always available.

Like the ocean-land contrast, the latitudinal variation in extreme precipitation changes also aligns
with findings in previous studies (Fischer et al., 2014; Kharin et al., 2013) and is very well

explained by latitudinal variations in the scaling of extreme precipitation with temperature. For
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instance, Pfahl et al. (2017) showed that the spatial pattern of scaling is highly correlated with
the spatial distribution of changes in precipitation extremes, including over the subtropics where
decreasing trends in precipitation were simulated.

Fewer studies have explicitly explored seasonal variation in scaling rates and potential
implications for precipitation extremes. Schroeer and Kirchengast (2018) found that extreme
precipitation had a lower scaling rate during the summer than in the spring and fall seasons. Their
result seemed counterintuitive because precipitation extremes intensify with warmth over the
deep tropics which would intuitively lead one to think that scaling would be greatest in the
summer months, the warmest season in the Northern Hemisphere (Figure A2). To test this
hypothesis, trends in the seasonal count of days exceeding the 95% percentile of precipitation
are calculated over all four seasons and averaged across all Northern Hemisphere grids (Figure
4). Consistent with Schroeer and Kirchengast's (2018) result, we found that while extreme
precipitation is increasing across all seasons, the summer months surprisingly showed the joint
lowest rate of increase. Schroeer and Kirchengast (2018) explained that certain dynamic factors,
such as moisture advection and other atmospheric circulation patterns, modulate the scaling of
extreme precipitation with temperature, especially in the warmest months. Other studies have
noted that departures from the C-C scaling often result from changes in circulation patterns and
synoptic weather systems (Allan et al., 2014; Martinkova & Kysely, 2020), but these have not
been fully explored. Therefore, further research on how the temperature sensitivities look in
different weather types is needed to provide valuable insight into the dynamic controls of the

temperature-precipitation scaling on a regional to local-scale.
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Figure 4: Mean annual number of days with precipitation > the seasonal 95 Percentile
precipitation in (a) Winter (DJF), (b) Spring (MAM), (c) Summer (JJA), and (d) Fall (SON) for the
Northern Hemisphere

3.2 Precipitation is increasing in the Arctic region

To reveal changes in precipitation over the Arctic region, Figure 5 visualizes trends in selected
precipitation parameters with a polar projection centered around the Arctic. The results show
increasing trends in annual totals, wet days, snow days, and wet spells. The decreasing trend in
dry days is also consistent with a general uptick in precipitation amount and frequency in the

region.
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Figure 5: Azimuthal projection centered around the Arctic showing trends in (a) annual
precipitation total; (b) annual count of wet days; (c) annual count of dry days; (d) annual snow
days; and (e) annual count of wet spell. Black stippling indicates statistically significant grid
points. All trends are decadal and in standard deviation (z-scores) units.

These trends are most prominent over the central and Eastern Arctic region and over the Barents
Sea. When trends in these parameters are subdivided by regions, results over the Arctic are
consistent with the positive trends found in polar climates (Figure 6). It is shown that, except for
annual snow days, the top 75 percentile of trends in polar climates—dominated by trends over
the Arctic since Antarctica has little to no trends—are positive. Increasing trends in annual snow
days are limited to the Central Arctic and Greenland because of the massive, statistically
significant decreasing trend over the Norwegian, Barents, and Greenland Seas—the bodies of
water separating Greenland from Europe and Asia. Supplementary Figure A4 shows trends

subdivide by regions for all eighteen precipitation parameters.



370

371
372
373
374

375
376
377
378
379
380

381

manuscript submitted to replace this text with name of AGU journal

08 (a) (b)

0.4

0.2

0.0

Decadeal Trend

-0.2

-0.4 °

-0.6

-0.8

087 (o) (d)
0.6 . .

0.4+

o _
0.0+ - —a _— -
-0.2

Decadeal Trend

D H Mc Ms P T D H Mc Ms P T

Climate Region Climate Region

Figure 6: Global trends by climate region in (a) annual precipitation, (b) annual count of wet days,
(c) annual snow days, and (d) annual count of wet spell. All trends are decadal and in standard
deviation (z-scores) units. Climate Region: T = Tropical; D = Dry Climate; Mc = Microthermal
Climate; Mesothermal Climate; P = Polar Climate; H = Highland Climate)

Our results are consistent with the general scientific consensus that Arctic amplification is driving
the observed increasing trend in precipitation over the Arctic (Boisvert et al., 2023; Box et al.,
2019; Yu & Zhong, 2021). Climate modeling studies also predict that these increases will persist
at least until the end of the 21° century (Parker et al., 2022; Webster et al., 2021). It well known
that precipitation increases with warmer temperatures but at different rates, depending on
regional and local temperature and moisture availability, as well as the modulating dynamic and

thermodynamic controls (Gu et al., 2023; Tan et al., 2023).
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The Arctic is warming nearly four times the global average (Jacobs et al., 2021; Rantanen et al.,
2022). Two main arguments have been proposed to explain the physical processes driving this
warming-induced precipitation over the Arctic. The first is related to ice-albedo/insulating
feedback, where higher temperatures lead to decreases in sea ice concentration and thickness,
increasing evaporation from an exposed ocean surface, ultimately leading to precipitation
increases from greater atmospheric moisture. This mechanism has been shown in observational
evidence (Kopec et al., 2016) and modeling studies (Cai et al., 2021; Landrum & Holland, 2020).
The second explanation for warming-induced precipitation increases over the Arctic is enhanced
moisture transport from lower latitudes, primarily due to a waiver jet stream that permits moist
air intrusion, leading to sea-ice retreat (Francis & Vavrus, 2015; Woods & Caballero, 2016).
Bintanja (2018) estimates that these two mechanisms will account for 50 — 60% of the increase

in Arctic precipitation over the 215 century.

The Arctic is one of the most challenging places to collect in-situ observations because of its
remote location, harsh weather conditions, and extreme cold, leaving reanalysis datasets as the
only viable data source for observational precipitation studies. Remarkably, there has been
agreement between observational studies and model simulations of precipitation change in the
Arctic.

3.3 More precipitation falls as rain than as snow (in mid-and high-latitudes) except in the
Arctic

Most of the mid- and high-latitude regions of the Northern Hemisphere, particularly over the vast
Eurasian land mass, are experiencing decreasing trends in the annual number of snow days, some
of which are statistically significant (Figure 7a). Consistent with the density of statistically
significant grids, the strongest decreasing trends are found in the Norwegian and Greenland
Seas—the intervening body of water between Greenland and Europe, just outside the Arctic
Circle. Over the major mountain ranges on Earth (the Himalayas, the Alps, the Andes), decreasing
snow days prevail. There is a broad region of statistically significant decreasing trends in snow

days encompassing the Rockies and Great Plains of the US.
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Over the Arctic, the increasing trends in snow days are consistent with the general increasing
trend in precipitation in the region discussed in the preceding section. Other noteworthy

locations of increasing trend are western and southwestern Canada and the Southern Ocean.

To further analyze these snow day trends, Figure 7b displays the locations where the median
precipitation type over the first half of the study (1979 - 2000) changed to another median
precipitation type during the second half of the study (2001 — 2022). The result indicates that
most locations with statistically significant decreasing trends have shifted from median snow
days to median rain days. These locations represent about 3% of mid- and high-latitude surface
area. By contrast, locations with a median shift from rain to snow account for only 1% of mid-
and high-latitude surface. Surprisingly, this shift to a snowfall regime co-occurs with decreasing
snow days over the Gobi Desert—a cold desert in Mongolia and China (Figure 7b). A shift from
rainfall to snowfall without a corresponding increase in snow days is possible if the intensity or
amount of snowfall increases in fewer days of precipitation. It should be noted that these shifts

are based on the frequency of precipitation types and not totals.

Another surprising result is that over the Himalayas, the shift from snowfall to a rainfall regime
occurs over lower elevations, but the peaks show no change. This scenario suggests a
microclimate effect where the highest elevations still receive consistent snowfall while

transitional zones see more rainfall as mean temperatures rise.

Decreases in the proportion of precipitation falling as snow have been reported in almost every
part of the mid-and high latitudes: the Arctic (Screen & Simmonds, 2012), western and
contiguous US (Feng & Hu, 2007; Huntington et al., 2004; Knowles et al., 2006; Shi & Liu, 2021);
Canada (Han et al., 2018); Tibetan Plateau (Wang et al., 2016); Europe (Bloschl et al., 2019; Matiu
et al.,, 2021; Rixen & Rolando, 2013); and the whole world (Shi & Liu, 2021). Although not
examined in this study, a seasonality in precipitation type shift has been reported by Wrzesien et
al. (2022). Even with warming, winter temperatures are still cold enough the high-latitudes that
precipitation will fall mainly as snow, so changes in precipitation type are expected to be more
pronounced in fall and spring, explaining why we show increases in both snow days and rain days.

It is still likely that the proportion of precipitation falling as snow has decreased annually.
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Figure 7: (a) Annual trends in snowfall days (1979 - 2022) (Black stippling indicates statistically
significant grid points). All trends are decadal and in standard deviation (z-scores) units. (b)
Locations where median precipitation type shifted from snow to rain and from rain to snow
between the first half (1979 -2000) and the second half (2000 — 2022) of the study period.

The result over the Tibetan Plateau is supported by Jouberton et al. (2022), who recently reported
warming-induced shifts to a rainfall regime over lower elevations in the southeastern Tibetan
Plateau that gets significant monsoon precipitation. Because snow and ice—especially in
mountainous regions—are sensitive indicators of a warming climate (Hyncica & Huth, 2019) and
vital sources of freshwater, a shift to a predominantly rainfall regime over the Himalayas has

crucial implications for energy budgets, water resources and management, ecology, and many
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other important entities. It is not surprising that the Himalayas have been referred to as the "third
pole" because it holds the largest snow and ice cover outside the polar regions and mimics Arctic
and Antarctic environmental and climatic characteristics and significance (Banerjee et al., 2021;

Pant et al., 2018).

3.4 Tropical Land and ocean contrast in the sign and magnitude of change in precipitation
total and frequency

The left pane of Figure 8 shows the spatial distribution of trends in annual precipitation totals,
annual summer precipitation totals, and annual wet days. The corresponding latitudinal variation
of the land and ocean components of these trends are shown on the right pane. The results show
that most land areas, especially in the tropics, are experiencing a strong statistically significant
decreasing trend. Hence, while precipitation changes over the ocean dominate globe-wide
changes in extreme precipitation, this tendency is more pronounced in precipitation totals and
frequency. The biggest difference is in annual wet days, where, in addition to the difference in
sign of change, the magnitude of the decreasing trend over land is nearly two times the increasing
trend over the ocean. Also, the decreasing trend over land spans a wider latitudinal range for
annual wet days. Over the maritime continent, the increasing trends in precipitation totals and
frequency disappear in wet day trends, explaining the intensification of extreme precipitation in

that region.

A clear disparity in the response of the terrestrial and oceanic water cycle to global warming has
been reported by many scholars (Berg et al., 2016; Fasullo, 2010). However, there has been much
uncertainty about the dynamical processes that explain this disparity and their representation in
climate models (Byrne & O’Gorman, 2015). While thermodynamic processes have been
accounted for in future climate models, mechanisms of dynamical changes are not easily
explained or well represented (Neelin et al., 2022). These dynamical changes (such as those
associated with changes in convergence, atmospheric circulation and the movement of air
masses, eddies and storms, advection, winds, etc.) that modulate the complex land/vegetation-
atmosphere feedbacks which amplify aridity over land have not been well accounted for (Berg et

al., 2016).
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Figure 8: Global trends (Left) averaged by latitude and subdivided into global, ocean, and land
grid points (right) for (1) annual total precipitation, (2) annual total JIA precipitation, (3) annual
total DJF precipitation, and (4) annual wet days. Black stippling indicates statistically significant
grid points. All trends are decadal and in standard deviation (z-scores) units.
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On a global scale, the most popular mechanism put forward to explain the spatial variation of
precipitation change is the "wet-get-wetter, dry-get-drier" mechanism—called the direct
moisture effect—popularized by, Held and Soden (2006), Chou et al. (2009), and Trenberth
(2011). The direct moisture effect — based on the simple scaling of water vapor with temperature
— applies more to extreme precipitation than to totals and frequency, and is robust over the
ocean (Feng & Zhang, 2015; Greve et al., 2014; Sun et al., 2012). The greater robustness of this
mechanism over the ocean compared to land is a consequence of the greater physical basis of
the simple scaling of water vapor with temperature in the former than in the latter (Byrne &
O’Gorman, 2015; Held & Soden, 2006). Overland, dynamical systems, which are more regional
and dependent on land complexities and circulation and advection, are not represented in the
thermodynamic scaling of the atmospheric moisture convergence, which underlies the direct

moisture effect (Byrne & O'Gorman, 2015).

This decreasing trend in precipitation totals and frequency discussed above is primarily driven by
drying trends in the Congo Basin of Central Africa. Figure 8 (and also Figure 1f, 1i — 11) shows
strong statistically significant decreasing trends in the Congo Basin, consistent for all precipitation
totals and frequency parameters. This single region is responsible for disproportionately large
reductions in precipitation over tropical land areas, as no other land area exhibits such a

consistent negative change in precipitation across multiple components.

Decreasing precipitation trends in the Congo Basin have been reported in many studies in the
last two decades (Hua et al., 2016; Jiang et al., 2019; Obarein & Lee, 2022). Other proxies, such
as rainforest greenness (Zhou et al., 2014) and cloud cover (Lee, 2020), have also shown
decreasing trends. Tropical forests play a vital role in modulating local, regional, and global
climate through their impact on energy, water, and carbon cycles (Bonan, 2008; Staal et al.,
2018). The Congo Basin has one of the highest precipitation recycling rates globally, with Baker
and Spracklen (2022) estimating that about 50% of mean precipitation comes from
evapotranspiration in the basin. Deforestation reduces evapotranspiration, which decreases
precipitation (Lawrence & Vandecar, 2015; Leite-Filho et al., 2021; Nogherotto et al., 2013). Since

trees generally have a lower albedo than cleared lands, deforestation alters the surface energy
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balance via changes in latent heat/sensible heat flux. Moreover, removing forests by burning
destroys essential carbon sinks and releases the stored carbon into the atmosphere enabling

more warming.

Smith et al. (2023) assessed precipitation responses to deforestation at different spatial scales
and found a 0.21 £ 0.19 mm decrease in precipitation per month for each 1% loss of forest cover.
With future deforestation, they estimate that this drying trend could rise to 16.5 + 6.2 mm per

month by the end of the 21st century.

Like the Arctic, in-situ observations are sparse and unreliable over the Congo Basin due to its
remote location, political and social unrest, and economic constraints. But despite these
challenges, the drying trend appears robust in gridded observations (Hua et al., 2016) and in

other reanalysis datasets (Jiang et al., 2019).

4 Conclusions

In this study, we analyzed multiple parameters of global precipitation change, showing that the
ERAS reanalysis dataset can reproduce some of the well-known signals of change at global and
regional scales. Because precipitation is arguably the most conspicuous climate element, the
largest impact of future climate changes on societies and ecosystems will likely come from
precipitation variability and change. For instance, strong positive changes in precipitation
extremes trigger flash floods, soil erosion, and landslides, especially in mountainous regions. It
can also destroy plant and animal ecosystems, damage human infrastructure, and contaminate

drinking water sources.

The intensification of precipitation extremes with little to no corresponding increase in total
precipitation translates into strong decreases in wet days in most land areas. Decreasing wet days
may lead to drought conditions that may reduce river water levels, deplete reservoirs and
groundwater, and drive scarcity in drinking water supply. Accessibility to clean water is linked to
sanitation and health, a significant challenge in the poorest places on Earth, and that may worsen

if current dry trends persist. Recent shifts from snowfall to a rainfall regime in the mid-to-high-
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latitudes mean less snow accumulation, requiring less energy to thaw, earlier snowmelt, and

more immediate runoff, potentially leading to flooding.

Global precipitation studies are generally less common than local ones because the latter can be
tailored to local concerns where impact is greatest, with finer resolution datasets that may show
unique characteristics in precipitation patterns averaged out in global analyses. Yet global studies
provide a broad overview of precipitation patterns, identify large-scale drivers, and highlight the
interconnectedness of Earth's climate. More importantly, global studies allow comparison among
different regions through the use of common methodologies and consistent data sources,
thereby ensuring uniformity of findings. Possible future directions involve examining how
teleconnective oscillations (e.g., ENSO, AMO, PDO) might play a role in the variability of the

precipitation components examined here.

An important limitation in the use of ERA5 reanalysis datasets is that trends may be susceptible
to time-dependent biases in the reanalysis, particularly those related to the types and quality of

assimilated observations, and to model changes.
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Figure A1: Climatology of global (a) Annual precipitation totals; (b) Annual summer precipitation
totals; (c) Annual winter precipitation totals; (d) Annual spring precipitation totals; (e) Annual fall
precipitation totals; (f) Annual rain days; (g) Annual Snow days; (h) Annual wet days; (i) Annual
dry days; (j) Annual summer wet days; (k) Annual summer dry days; (I) Annual winter wet days;
(m) Annual winter dry days; (n) Annual wet spell; (o) Annual Maxima precipitation; (p) Annual
95™ percentile precipitation; (q) Annual count of > 95" percentile precipitation; and (r) Annual

median of > 95 percentile precipitation, for the 1979 — 2022 period.
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952  Figure A2: Seasonally-averaged mean monthly temperatures for the Northern Hemisphere (ERAS5,
953  1979-2022).
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Figure A3: Global trends by latitude, global, ocean, land grid points (1979 - 2022) in (a) Annual
precipitation totals; (b) Annual summer precipitation totals; (c) Annual winter precipitation totals;
(d) Annual spring precipitation totals; (e) Annual fall precipitation totals; (f) Annual rain days; (g)
Annual Snow days; (h) Annual wet days; (i) Annual dry days; (j) Annual summer wet days; (k)
Annual summer dry days; (I) Annual winter wet days; (m) Annual winter dry days; (n) Annual wet
spell; (o) Annual Maxima precipitation; (p) Annual 95™ percentile precipitation; (q) Annual count
of > 95% percentile precipitation; and (r) Annual median of > 95 percentile precipitation. Black
stippling indicates statistically significant grid points. All trends are decadal and in standard
deviation (z-scores) units.
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Figure A4: Global trends by Climate region (1979 - 2022) in (a) Annual precipitation totals; (b)
Annual summer precipitation totals; (c) Annual winter precipitation totals; (d) Annual spring
precipitation totals; (e) Annual fall precipitation totals; (f) Annual rain days; (g) Annual Snow days;
(h) Annual wet days; (i) Annual dry days; (j) Annual summer wet days; (k) Annual summer dry
days; (I) Annual winter wet days; (m) Annual winter dry days; (n) Annual wet spell; (o) Annual
Maxima precipitation; (p) Annual 95 percentile precipitation; (q) Annual count of > 95
percentile precipitation; and (r) Annual median of > 95 percentile precipitation. Black stippling
indicates statistically significant grid points. All trends are decadal and in standard deviation (z-
scores) units. Climate Region: T = Tropical; D = Dry Climate; Mc = Microthermal Climate;
Mesothermal Climate; P = Polar Climate; H = Highland Climate)
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