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Abstract

How global precipitation might have changed on the interdecadal-to-trend time scales during the satellite
(post-1979) era is examined by means of the satellite-based GPCP V2.3 monthly precipitation analysis.
Comparisons with the results from CMIP6 and AMIP6 are further made in terms of global mean
precipitation change and regional features of precipitation change, aiming to provide not only an
improved understanding of the effects of major physical mechanisms on precipitation change, but also
an assessment of the skills of current climate models and likely some clues for diagnosing possible
limitations in observed precipitation.

Long-term change/trend in global mean precipitation is generally weak in GPCP. Although the GPCP trend
is statistically significant at the 90% confidence level over global land + ocean during 1979-2020, it is not
significant over either global land or ocean separately. For the shorter, overlap period with the CMIP6
historical experiments (1979-2014), GPCP positive trends can’t reach the 90% confidence level, while
significant and more intense precipitation trends appear in CMIP6 ensemble-means. However, a roughly
similar global sensitivity to surface temperature change can be derived in GPCP, CMIP6, and AMIP6,
providing confidence in both observed and simulated global mean precipitation change. Large regional
trends with positive and negative values can readily be seen across the world in GPCP. AMIP6 can
generally reproduce these large-scale spatial features. Comparisons with CMIP6 confirm the combined
effects from anthropogenic greenhouse-gases (GHG) forcing and internal modes of climate variability
such as the Pacific Decadal Oscillation (PDO) and Atlantic Multidecadal Oscillation (AMO). Limiting the
PDO/AMO effect makes the trend patterns in GPCP residuals more similar to those in CMIP6, implying
that the GHG effect would become more readily detectable in observed precipitation in the near future
with regards to both global mean and regional precipitation changes. Furthermore, similar changes in
precipitation seasonal range, especially over global lands, occur in GPCP, CMIP6, and AMIP6, suggesting
that the GHG effect might already be discernible in certain aspects of precipitation change.

1. Introduction

During the satellite (post-1979) era, surface temperature has been increasing on the global scale due to
the increase of anthropogenic greenhouse-gases (GHG). However, this warming trend was not always
steady, but often deviated substantially by various natural and anthropogenic factors (e.g., Hegerl et al.
2019). The two volcanic eruptions (El Chichon, March 1982 and Pinatubo, June 1991) significantly
cooled the global temperature, decelerated the hydrological cycle by suppressing surface evaporation and
precipitation, and also modulated spatial distribution of precipitation (e.g., Gu et al. 2007; Trenberth and
Dai 2007). Decadal-scale (internal) modes of climate variability including the Pacific Decadal Oscillation
(PDO) or the Interdecadal Pacific Oscillation (IPO) and Atlantic Multidecadal Oscillation (AMO) had
exerted impact on the global climate and hydrological cycle as well during the period (e.g., Gu and Adler
2013; Dong and Dai 2015; Gu et al. 2016), so did a variety of anthropogenic aerosols especially over the
Northern Hemisphere (e.g., Polson et al. 2014).
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Efforts have been made to explore how the global hydrological cycle including precipitation would have
responded to various external/internal forcings and mechanisms and furthermore whether the
anthropogenic GHG effect could be identified globally and/or regionally during the satellite era in which
the precipitation analyses with global (land + ocean) coverage are available (e.g., Gu et al. 2007, 2016; Gu
and Adler 2013; John et al. 2009; Liu and Allan 2013). Global mean precipitation has been increasing
based on the satellite-based product from the Global Precipitation Climatology Project (GPCP; e.g., Gu et
al. 2007; John et al. 2009). General consistency can be found with the results from climate model outputs
including CMIP historical and AMIP runs, especially in terms of the signs of long-term changes/trends in
global mean precipitation over land + ocean and over land and ocean separately (e.g., Liu and Allan 2013;
Allan et al. 2019). However, the increase in global mean precipitation is generally weak (~ 1-2%/K) under
surface warming because of the atmospheric and surface energy constraints, unlike a more intense
tropospheric water vapor increase (~ 6—7%/K) (e.g., Held and Soden 2006; Liu and Allan 2013; Adler et al.
2018; Allan et al. 2019). Compared to climate model (ensemble-mean) results, the global mean
precipitation trend in GPCP is even smaller (e.g., Liu and Allan 2013; Adler et al. 2018). Because GPCP
can be considered just as one realization with various internal modes on the interannual-interdecadal
time scales, discrepancies are generally expected against model ensemble-means. However, these
discrepancies might also be related to model deficiencies and possible observational data quality issues
especially associated with temporal inhomogeneity (e.g., Liu and Allan 2013; Adler et al. 2018). Hence
there is no doubt that we need a more detailed exploration and understanding of these discrepancies,
which is highly relevant to quantifying the long-term changes/trends in global mean precipitation during
the satellite era and furthermore to assessing the possible contributions of anthropogenic-related global
warming signals.

Although the global mean trend in GPCP and climate model outputs is weak during the satellite era, large
regional trends with rich spatial structures do appear across the world especially in the tropical region
(e.g., Gu et al. 2016). Exploring the possible reasons for these spatial features and more specifically
regional precipitation changes/trends has great scientific and societal significance. Past studies suggest
that under global surface warming, precipitation varies roughly following “wet-get-wetter, dry-get-drier”,
especially over tropical ocean (e.g., Held and Soden 2006). Observational studies are qualitatively in
agreement with this notion (e.g., Zhou et al. 2011). Based on the stratification of distinct tropical zones,
long-term precipitation increase (reduction) can be found in tropical wet (dry) zone and/or ascending
(descending) region (e.g., Allan and Soden 2007; Polson et al. 2013; Liu and Allan 2013; Gu and Adler
2018; Schurer et al. 2020). However, this simple thermodynamic notion does not certainly hold over
global land areas (e.g., Greve et al. 2014; Byrne and O’Gorman 2015), and also does not exactly hold even
over ocean (e.g., Chadwick et al. 2013). The likely circulation changes and related changes or shifts in
location of distinct (tropical) wet and dry zones following surface warming were claimed to be the major
reason (e.g. Chadwick et al. 2013; Byrne and O'Gorman 2015), though limited soil moisture holding
capacity over land is important too. Internal modes of climate variability including the PDO and AMO can
induce large-scale circulation changes as well, specifically on the interannual-interdecadal time scales
(e.g., Gu et al. 2016), so that the observed patterns of GPCP precipitation trends tend to be sensitive to the
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length of data record (e.g., Gu and Adler 2013; Gu et al. 2016). The effects of the PDO and AMO have
been emphasized in past studies (e.g., Gu and Adler 2013; Gu et al. 2016), including their possible role in
the occurrence of the so-called “hiatus” period during the period of 1998-2014 (e.g., Trenberth and
Fasullo 2013). However, how these internal modes would have influenced or shaped the global
precipitation trend patterns during the satellite era and how they can be accounted for are far from clear.

Precipitation changes may have also manifested in another important aspect: changes in seasonal cycle.
Relevant evidence has been reported for many regions (e.g., Chou et al. 2013; Marvel et al. 2017),
including changes in seasonal precipitation range, starting date and duration of wet season, etc. These
changes have tremendous impact on local ecological system, agriculture, and economy, even if annual
total precipitation does not change much. Seasonality changes in other hydrological-cycle components
during the past decades have also been investigated (e.g., Liang et al. 2020; Chandanpurkar et al. 2020).
Nevertheless, a detailed global survey of changes in precipitation seasonal cycle based on both
observations and models is still lacking. Obviously, this survey should be focused on whether any
consistency could be derived from current satellite-based precipitation analyses and climate model
outputs given issues likely existing in both of them.

Therefore, by harnessing the satellite-based precipitation analysis with global coverage, specifically the
GPCP and the precipitation outputs from the CMIP6 archives, this study has four primary objectives: (i)
exploring whether any significant long-term changes in precipitation both globally and regionally could be
identified in current satellite/ground based precipitation; (ii) investigating whether and how various
(anthropogenic and natural) physical factors would have affected global precipitation given that the
observational data record is still relatively short; (iii) exploring whether the anthropogenic-related global
warming signals could be identified in the current satellite-based precipitation or to what extent these
signals had contributed to the observed global precipitation changes during the satellite era; and finally
(iv) assessing the skills of current climate models in reproducing observed precipitation changes, and
also diagnosing limitations, if possible, in the satellite-based precipitation analysis.

The data sets used in this study are described in section 2, including the GPCP monthly precipitation
analysis, the NASA GISS surface temperature anomaly analysis, and several distinct precipitation outputs
from the CMIP6 archives. Section 3 focuses on the global mean precipitation changes/trends during the
satellite era including both global mean precipitation trends and precipitation sensitivities to surface
temperature changes. Regional features of precipitation changes are primarily discussed in section 4,
which also covers an exploration of the PDO and AMO effect on precipitation change, and an
examination of changes in precipitation annual cycle during the satellite era. Summary and concluding
remarks are given in section 5.

2. Data Sets

The monthly precipitation analysis from Global Precipitation Climatology Project (GPCP) (Version 2.3),
archived on a global 2.5° x 2.5° grid, is applied. The product is merged from a variety of input data
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sources: passive microwave rainfall estimates from the Special Sensor Microwave/Imager (SSM/I) and
the Special Sensor Microwave Imager Sounder (SSMIS), infrared (IR) rainfall estimates from
geostationary and polar-orbiting satellites, and surface rain gauges over land. Certain procedures have
been applied to reduce data bias by taking advantage of particular strengths of the individual input data
(Adler et al. 2003, 2018; Huffman et al. 2009). The monthly product lasts from January 1979 to the
present. GPCP has been widely applied in various fields of global precipitation change and variations
(e.g., Adler et al. 2018), despite its still relatively short record and likely, remaining quality issues. To apply
it to investigate global precipitation changes and trends, the challenge is how to disentangle and assess
the impact of various factors including anthropogenic-related global surface warming in precipitation
changes. For comparing with and assessing the performance of current climate model outputs,
constructing any useful metrics from the GPCP is also a challenge, partly due to the relative short
model/observation overlap.

The NASA-GISS surface temperature anomaly analysis (GISTEMP V4) is used to estimate global

temperature trends for its global coverage (Hansen et al. 1999). Archived on a global 2° x 2° grid, the data
with the 1200-km smoothing level are applied.

The climate model outputs, specifically monthly precipitation and surface temperature used in this study,
include (1) the historical full radiative forcing runs (CMIP6-hist) from 28 CMIP6 models driven by natural
(solar variation, volcanic eruptions, etc.) and anthropogenic (GHG and aerosols) radiative forcings, and
(2) the atmosphere-only (AMIP6) simulations from 28 CMIP6 models forced by observed SST and sea ice
extent, in addition to the radiative forcings used in the CMIP6 historical full forcing experiments (Table 1;
Eyring et al. 2016). One realization from each model is chosen for both types of simulations. The monthly
precipitation and surface temperature outputs from the CMIP6 historical GHG-only simulations (CMIP6-
histGHG) are applied as well and one or two realizations from each model totaling 17 ensemble members
are used to compute the ensemble means (Table 1).
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Table 1

CMIP6 models and ensemble variants including the historical full
radiative forcing (CMIP6-hist; 1979-2014), GHG-only (CMIP6-histGHG;
1979-2020), and atmosphere-only (AMIP6; 1979-2014) runs.

Model Name CMIP6-hist AMIP6 CMIP6-histGHG
ACCESS-CM2 rlilp1f1 rlitp1f1
ACCESS-ESM1-5 rlilp1f1 rlilp1f1

BCC-CSM2-MR rlilp1f1 rlilp1f1  ri1p1f1, r2i1p1f1
BCC-ESM1 rlilp1f1 rlilp1f1

CAMS-CSM1-0 ri1p1f1

CAMS-ESM1-0 rlilp1f1

CanESM5 r1ilp1f1 r1iltp1f1  r1i1p1f1, r2i1p1f1
CESM2 rlilp1f1 rlilp1f1

CESM2-WACCM rlitp1f1 rlilp1f1

CNRM-CM6-1 rlilp1f2 ritp1f2  rilp1f2, r2ilp1f2
CNRM-ESM2-1 rlilp1f2 rlilp1f2

E3SM-1-0 rlilp1f1 rlilp1f1

EC-Earth3 rlilp1f1

FGOALS-f3-L rlilp1f1

GFDL-ESM4 r1i1p1f1 rMilp1f1  r1ilp1f1
GISS-E2-1-G rlilp1f1 rlilp1f1

GISS-E2-1-H rlilp1f1

HadGEM3-GC31-LL rlitp1f3  r1i1p1f3, r2i1p1f3
INM-CM4-8 r1itp1f1 r1itp1f1

INM-CM5-0 rlilp1f1 rlilp1f1

IPSL-CM6A-LR rlilp1f1 rlilp1f1  r1i1p1f1, r2i1p1f1
KACE-1-0-G rlilp1f1 rlilp1f1

MCM-UA-1-0 rlilp1f1

MIROC6 rlitp1f1 ritp1f1  r1ilp1f1, r2i1p1f1

MPI-ESM-1-2-HAM rlilp1f1
MPI-ESM1-2-HR rlilp1f1 rlilp1f1
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Model Name CMIP6-hist AMIP6 CMIP6-histGHG
MRI-ESM2-0 rlilp1f1 rlitp1f1  r1ilp1f1, r3i1p1f1
NESM3 r1iTp1f1

NorCPM1 r1ilp1f1 r1ilp1f1

NorESM2-LM rlilp1f1 rlilp1f1  ri1p1f1, r2i1p1f1
SAMO-UNICON rlitp1f1 rlilp1f1

TaiESM1 rlilp1f1

UKESM1-0-LL rlilp1f1 rlilp1f2

Two types of pacemaker simulations from the CMIP6 archive are also applied (Zhou et al. 2016), i.e., hist-
resIPO and hist-resAMO, to estimate the possible impact of the PDO and AMO, respectively, on global
precipitation during the satellite era, though the PDO is more localized compared to the IPO (Folland et al.
2002). In addition to the full radiative forcings used in the CMIP6 historical full forcing experiments, the
hist-resIPO runs are forced by observed SST over the tropical Pacific Ocean domain of 20°S-20°N, 175°E-
75°W, while the hist-resAMO runs are driven by observed SST over the Atlantic Ocean domain of 0-70°N,
0-70°W (Zhou et al. 2016). Eight ensemble members from 4 models are applied for hist-resIPO: BCC-
CSM2-MR (r1i1p1f1), FGOALS-f3-L (r1i1p1f1, r2i1p1f1, r5i1p1f1), FIO-ESM-2-0 (r1i1p1f1), and MRI-ESM2-
0 (r1i1p1f1, r2i1p1f1, r3i1p1f1); and 5 ensembles from 3 models for hist-resAMO: BCC-CSM2-MR
(r1i1p1f1), FIO-ESM-2-0 (r1i1p1f1), and MRI-ESM2-0 (r1i1p1f1, r2i1p1f1, r3i1p1f1).

Finally, for fair comparisons, all model outputs have been interpolated to the GPCP 2.5° x 2.5°grid.

3. Global Mean Precipitation Variability And Trends

Long-term changes in global mean precipitation during the post-1979 period are the focus of this section.
Precipitation trends and precipitation sensitivities to global surface temperature change or specifically the
apparent hydrological sensitivity (7,; e.g., Flaschner et al. 2016) are primarily examined. In particular, we
intend to investigate whether any consistency can be found with regards to global mean precipitation
changes between GPCP and climate model outputs given various anthropogenic and natural physical
factors having played a role during the period (e.g., Gu et al. 2007, 2016; Trenberth and Dai 2007;
Trenberth and Fasullo 2013; Polson et al. 2014; Hegerl et al. 2019; Allan et al. 2020).

3.1 Trends in global mean annual precipitation and during
two contrasting seasons

Annual-mean anomalies of global precipitation are depicted in Fig. 1. The trend magnitudes and
corresponding 95% confidence intervals are estimated for GPCP and model outputs, and so are the model

ensemble spreads in parentheses for AMIP6 and CMIP6-hist represented by one standard deviation of
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multi-model results (Table 2). Positive trends appear in GPCP precipitation over global land + ocean, and
also over global land and ocean separately. However, because of intense interannual fluctuations, even
though the global (land + ocean) mean trend can reach the 90% confidence level for the longer GPCP
period (1979-2020), the observed precipitation trend is not significant over either land or ocean. The
larger relative inter-annual variations over land and ocean separately, as compared to the global total, is
due to ENSO and its affect in shifting major precipitation features from ocean to land and back again.
These variations indicate the difficulties and possible uncertainties with regards to quantifying a global
mean precipitation trend for the satellite era using the observations in that the signal-to-noise ratios are
still very low. The GPCP results are roughly confirmed by the AMIP6 simulations, though the AMIP6 global
trend (land + ocean) can reach the 95% confidence level likely because of reduced interannual variations
in the multi-model ensemble means. In contrast, CMIP6-hist and GHG-only show more intense global
mean trends than either GPCP or AMIP, and these trends are statistically significant. It is noted that model
outputs generally have larger global mean precipitation values than GPCP. The global mean (land +
ocean) precipitation numbers are 2.69, 2.94, and 2.97 mm day~ ' for GPCP, CMIP6-hist, and AMIPS,
respectively. However, these climatological differences seem not the primary reason for the differences in
precipitation trends given the almost same global mean precipitation in CMIP6-hist and AMIP6.
Therefore, internal modes of climate variability (e.g., the PDO phase shift during the period in about 1998)
are the major factor that can significantly influence the precipitation trend magnitudes or even help
obscure the precipitation trend in GPCP and AMIP6 during the period. This factor could be sensitive to the
length of the data record as evidenced by the differences in GPCP trends between the two periods: 1979-
2014 and 1979-2020. It appears that in both the GPCP and AMIP, the effect of the inter-decadal
variations is to reduce the observed or calculated trends therein. However, both the GPCP and AMIP plots
also show greater inter-annual variations as expected since the real and AMIP atmospheres are driven
primarily by the surface temperature variations.

Table 2

Trends (mm day™ ! per decade) in global annual-mean precipitation from GPCP, CMIP6-hist, and AMIP6.
Also included are the 95% confidence interval. Statistically significant values at the 95% confidence
level are marked bold. Statistically significant values at the 90% confidence level are underlined and
marked italics. Values in parentheses are the spreads of multi-model ensembles represented by one

standard deviation.

GPCP GPCP CMIP6-hist (1979-2014)  AMIP6
(1979-2020) (1979-2014) (1979-2014)
Land+ocean  0.0074+0.0060 0.0062+0.0075 0.0106 +0.0021 0.0049 + 0.0034
(0.0046) (0.0022)
Land 0.0060+0.0116  0.0082+0.0143  0.0149 +0.0036 0.0086 + 0.0147
(0.0083) (0.0102)
Ocean 0.0080+0.0096 0.0053+0.0114  0.0086 + 0.0026 0.0032+0.0076
(0.0063) (0.0038)
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Possible differences in precipitation trends during distinct seasons are important as well and have been
shown in past studies (e.g., Noake et al. 2012; Polson et al. 2013). Here, two contrasting seasons (June-
July-August (JJA) and December-January-February (DJF)) are examined. GPCP has significant positive
global (land + ocean) trend in DJF despite intense interannual variability, while the trend in JJA is very
weak (Fig. 2 and Table 3). Seasonal differences in precipitation trend can also be found over global
ocean and land separately (not shown). This seasonal difference is generally in agreement with past
studies based on gauge-based land precipitation which showed that external forcing signals could not
generally be detected during boreal summer (Noake et al. 2012; Polson et al. 2013). In contrast, global
precipitation trends in AMIP6 and CMIP6 (both CMIP6-hist and CMIP6-histGHG) do not show any
significant seasonal difference, though the AMIP6 trend in DJF can only reach the 90% confidence level.
For mean precipitation over global land and ocean separately, models do not have any seasonal
difference in trends too (not shown). The discrepancy between satellite-based GPCP and model outputs
might be due to possible observational data issues or model deficiencies or both. Further comparisons
between GPCP and models with regards to spatial patterns of seasonal precipitation trends will be made
in the next section.

Table 3

Trends (mm day~ " per decade) in global (land + ocean) mean precipitation anomalies from
GPCPR, CMIP6-hist, and AMIP6 during JJA and DJF. Also included are the 95% confidence
interval. Statistically significant values at the 95% confidence level are marked bold.
Statistically significant values at the 90% confidence level are underlined and marked italics.

GPCP GPCP CMIP6-hist (1979-2014) AMIP6

(1979-2020) (1979-2014) (1979-2014)
JJA 0.0026+0.0067 0.0007+0.0084 0.0108+0.0022 0.0057 +0.0041
DJF 0.0139%+0.0101 0.0156+0.0115 0.0116+0.0025 0.0052 + 0.0052

3.2 Sensitivities of global mean precipitation to surface
temperature change

To further examine and compare global mean precipitation changes in GPCP and model outputs,
corresponding sensitivities to surface temperature changes are estimated (Table 4). The hydrological
sensitivity (1) has been found to be ~2-3%/C, generally consistent among different forcing agents
based on climate model simulations (e.g., Flaschner et al. 2016; Samset et al. 2018). However, 17 can't be
estimated directly from observations and historical transient simulations (e.g., Flaschner et al. 2016).
Hence, the apparent hydrological sensitivity (7,) is the focus here, though it is sensitive to various forcing
mechanisms and generally less than 7, primarily due to rapid atmospheric adjustment in response to
various forcings including anthropogenic GHG and aerosols (e.g., Flaschner et al. 2016; Kramer and
Soden 2016; Samset et al. 2018; Allan et al. 2020; Yeh et al. 2021). Here, 7, is estimated by calculating
the ratios between global mean precipitation trend and surface temperature trend during the same time
period (Table 4). For GPCP, GISS ts is applied to estimate global mean surface temperature trend, while
for CMIP6-hist and AMIP6, temperature trends are estimated from respective (ensemble-mean) surface
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temperature outputs. The observed global mean temperature trend and that used in AMIP6 are roughly
the same during 1979-2014 (0.16°C per decade for GISS ts vs 0.15°C per decade for AMIP6), while a
much stronger ensemble-mean temperature trend (0.23°C per decade) is found in CMIP6-hist. The more
intense warming trend in CMIP6-hist could provide further evidence for the impact of internal modes,
specifically the PDO phase shift, despite possible model deficiencies.

Table 4

Percentage changes with surface temperature (%/C) in global annual-mean precipitation from
GPCP, CMIP6-hist, and AMIP6. One standard deviation is used to represent the ensemble spread
for model outputs.

GPCP GPCP CMIP6-hist (1979-2014) AMIP6

(1979-2020) (1979-2014) (1979-2014)
Land+ocean 1.42 1.41 1.52 (0.55) 1.10 (0.50)
Land 1.39 2.23 2.87 (1.65) 2.50 (2.88)
Ocean 1.43 1.12 1.08 (0.78) 0.63 (0.78)

Hence, even though CMIP6-hist shows larger trend in global mean precipitation (Fig. 1 and Table 2), it has
a similar 1), as GPCP because of both a larger global mean precipitation value and a stronger
temperature trend. Thus, for global mean precipitation (land + ocean), GPCP, CMIP6-hist, and AMIP6 have
a similar 7, ranging from 1.1 to 1.52 %/C(Table 4), roughly consistent with past studies (e.g., Flaschner
et al. 2016; Kramer and Soden 2016). This similarity and consistency provide confidence in current
understanding of global precipitation change based on both observation and model simulations, despite
the short data record (1979-2014) in use here, likely resulting in low signal-to-noise ratios especially in
GPCP and AMIP6. Differences in 7, between over land and ocean can also be seen in GPCP, AMIP6, and
CMIP6-hist for their overlap period (1979-2014). i), is generally larger over land than over ocean (Yeh et
al. 2021), as is its ensemble spread for model outputs. However, for a longer period (1979-2020), ), for
GPCP is comparable between over land and ocean, suggesting the necessity of a further examination in
the future, when observed and modeled precipitation with a longer common data record are available.

Because of the impact of volcanic eruptions and internal modes of climate variability during the satellite
era (e.g., Gu and Adler 2013; Gu et al. 2016; Allan et al. 2020), 77, can be sensitive to the length of data
record and thus vary with time. It is hence interesting to further examine whether any consistency in 7,
can be reached between GPCP and model outputs given the impact from these factors. 7, is then
estimated and compared by varying the starting/ending years of the data record (Figs. 3 and 4).

Figure 3 depicts 7, for GPCP and model outputs during the time periods from 1979 to various ending
years since 2002. For GPCP, large variations are seen when the ending year is roughly prior to 2011,
probably due to the impact from two volcanic eruptions and decadal-scale internal modes. However, it is
noted that 7, gradually stabilizes and approaches a value of around 1.5%/C. As shown in Table 4, GPCP
7, is 1.4 and 1.33%/C for 1979-2014 and 1979-2020, respectively. CMIP6-hist 7, approaches and
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stabilizes around 1.5%/C when the ending year is roughly later than 2006, much earlier than GPCP. AMIP6
7, is approximately within the same range as those for GPCP and CMIP6-hist, however it tends to
become smaller as the ending year becomes more recent. AMIP6 1), is 1.1%/C for the period of 1979-
2014. As indicated in Table 4, this smaller value might be due to weaker precipitation responses in AMIP6
over global land compared to both GPCP and CMIP6-hist. It is also noted that for CMIP6-histGHG, 7), has
already approached a roughly constant number when the ending year is 2002, and it is around 1.7-
1.8%/C. This higher 7, tends to confirm the effect of radiative forcings other than anthropogenic GHG
lowering the response in GPCP, CMIP6-hist, and AMIP6 during the period.

Figure 4 illustrates the estimated 77, with the same ending year (2014) but varying starting years from
1997 back to 1979. Large fluctuations appear again in GPCP 1), for different starting years, showing the
effect of various internal and external factors. GPCP 1), is even negative with 1997 as the starting year,
but sharply increases to about 2.5 %/C wth 1989, 1990, and 1991 being the starting year, and then
decreases to be less than 1.5%/C as the starting year extends back to 1979. AMIP6 7, roughly follows a
similar changing tendency but with less variations as the starting year extends back, from negative to
positive 17, and finally approaching 1.1%/C for the entire overlap period (1979-2014). It is noted that
AMIPG6 1), is always smaller than GPCP 7, with only one exception with 1981 being the starting the year.
For CMIP6-hist and histGHG, a relatively smaller change in 17, can be found approximately after the
starting year is earlier than 1993, though they tend to separate as the starting year approaches 1979. It is
also worth mentioning that CMIP6-hist and histGHG 7), values tend to be larger than GPCP and AMIP6 1),
if the starting year is earlier than 1985.

Figures 3 and 4 show the consistencies/inconsistencies in 7), and its dependency on the length of data
record between GPCP and climate model outputs. It can be concluded that 7, is sensitive to the length of
data record due to the involvement of various internal and external physical mechanisms. Furthermore,
by comparing with CMIP6-hist and histGHG ensemble-mean results, fluctuations in 7, in GPCP and
AMIP6 may be primarily due to internal modes of climate variability including the PDO and AMO, and also
possibly ENSO, though volcanic eruptions may have played a role as well. Nevertheless, it is interesting to
note that GPCP, AMIP6, CMIP6-hist, and CMIP6-histGHG would approach each other within a narrow 7,
range between about 1.1 and 1.9 %/C whe the time period considered extends to the full overlap period
(1979-2014). This consistency suggests that 17, might be dominated by the anthropogenic GHG effect. It
can further be argued that even though the global mean trend in GPCP is still small and obscured likely
by intense (interannual) background noises, the GHG-related effect may already be discernible in GPCP.
Furthermore, even though 7), is sensitive differently to various forcing agents as shown in past studies
(e.g. e.g., Flaschner et al. 2016; Samset et al. 2018), it can still be applied as an important metric for
(ensemble-mean and individual) model evaluations and/or comparisons with observed precipitation
likely because of the dominance of the GHG effect.

4. Regional Precipitation Variability And Trends
4.1 Trends in annual mean precipitation
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Although the global mean precipitation trends derived from GPCP are weak (Fig. 1 and Table 2), regional
trends with large positive/negative values can readily be seen over global ocean and land (Fig. 5a, b; Gu
et al. 2016; Adler et al. 2017, 2020). Precipitation increases approximately along the Pacific ITCZ, even
more prominent during the longer period (1979-2020), while precipitation reduction hovers south and
north of the ITCZ in the central-eastern Pacific. Positive trends also appear in the tropical western Pacific
extending northeastward and southeastward along the SPCZ in a horseshoe shape, across the tropical
Indian Ocean and tropical southwestern Atlantic, and over northern South America and west Africa.
Subtropical drying can generally be observed in the Pacific and Atlantic Ocean basins, and over lands
including the southwest US and part of South America roughly between 20-40°S. These rich spatial
features of precipitation change during the GPCP period seem to agree with the notion of “wet-get-wetter,
dry-get-drier” derived from coupled model simulations (e.g., Held and Soden 2006), especially over deep
tropical oceans for the longer GPCP period (1979-2020).

AMIP6 can reproduce most of these spatial patterns of precipitation change (Fig. 5¢) relatively well,
though detailed differences exist in many regions especially along the central-eastern Pacific ITCZ where
a band of precipitation increase in GPCP is generally replaced by weak negative AMIP trends. The spatial
correlation of precipitation trends between AMIP6 and GPCP is 0.53 between 40°N-40°S during 1979-
2014 (Table 5). In contrast, precipitation trends in CMIP6-hist tend to manifest different spatial
distributions from those in GPCP (Fig. 5d). Spatial correlation between the two within 40°N-40°S is only
0.17, and it is even weaker (0.04) between CMIP6-hist and AMIP6 (Table 5), roughly consistent with past
studies (e.g., Hoerling et al. 2010). However, regional similarities between CMIP6-hist and either GPCP or
AMIP6 can readily be seen in the deep tropics and over the mid-high latitudes. They all have positive
trends along the Pacific ITCZ and SPCZ, in the Indian ocean, and along the Atlantic ITCZ extending
across part of the West African continent, etc.; and subtropical drying and high-latitude wetting are
generally seen as well in all three. These broad similarities strongly imply the anthropogenic-GHG impact
on precipitation change on these regional scales. Also, the GPCP trends with longer record (1979-2020)
have a stronger spatial correlation (0.17 to 0.32) with CMIP6-hist (1979-2014) trends, but a weaker
spatial correlation (0.53 to 0.33) with AMIP6 (1979-2014) trends (Table 5). This further suggests that
with the lengthening of the GPCP record, the anthropogenic-GHG effect will become more prominent
along with weakened impact from decadal-scale internal modes.
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Table 5
Spatial correlations between trends in annual-mean precipitation from GPCP, CMIP6-hist, AMIPS, hist-
resIPO, and hist-resAMO within 40°N-40°S.

GPCP CMIP6-hist 1979- AMIP6 hist- hist-
2014 resiPO resAMO
1979- 1979-
2014 2014 1979- 1979-
2014 2014
1979-
020)
CMIP6-hist (1979- 0.17 (0.32) 0.04 0.31 0.56
2014)
AMIP6 0.53 (0.33) 0.04 0.63 0.02
(1979-2014)
hist-resIPO 0.50 (0.39) 0.31 0.63 0.22
(1979-2014)
hist-resAMO 0.06 (0.22) 0.56 0.02 0.22
(1979-2014)

It is also noted that the magnitudes of regional trends in CMIP6-hist are generally smaller than those in
either GPCP or AMIP6, whereas CMIP6-hist has larger global mean trends than the other two (Fig. 1 and
Table 2). To further quantify how different the trend magnitudes in models might be on the regional scale
compared to GPCP's, percentile matchings of trends at grids within 40°N-40°S between model (AMIP6
and CMIP6-hist) and GPCP trends are estimated over land + ocean, land, and ocean, respectively (Fig. 6).
High correspondences appear between AMIP6 and GPCP especially over ocean, confirming that AMIP6
can generally simulate regional precipitation trends with similar amplitudes as GPCP. The same
conclusion can be made over land + ocean because of the oceanic dominance. However, AMIP6 tends to
underestimate trends at both positive and negative ends over land. For CMIP6-hist, much weaker trends
are seen over either land or ocean compare to GPCP as depicted in Fig. 5 (CMIP6-hist panel has smaller
range in scale), further confirming that on regional scales, the anthropogenic GHG effect could still be
overwhelmed by the impact of internal modes of climate variability, even though certain similarities in
spatial patterns of precipitation change exist between CMIP6-hist and GPCP/AMP6 (Fig. 5). For a further
exploration, temperature trends are estimated at grids for both the observation (GISS ts) and model
outputs (Fig. 7). Similar spatial patterns of temperature trends, dominated by the PDO/IPO effect
particularly in the Pacific basin, appear in AMIP6 and GISS ts as anticipated (Figs. 7a and 7c), though
minor subtle differences exist in many regions. Differences over oceans should be ascribed to the
different SST forcing data than GISS ts, while over land areas the differences might imply deficiencies in
model responses. However, as mentioned above, the global mean temperature trend in AMIP6 is basically
the same as the observed. For CMIP6-hist, spatial features of temperature trends are different from those
for both GISS ts and AMIP6 (Figs. 7a, 7c, and 7d), especially in the deep tropics. It is apparent that the
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differences in temperature trend patterns between the observations (GISS ts)/AMIP6 and CMIP6-hist are
the major reason for the differences in the spatial distributions of precipitation trends (Figs. 5 and 7), and
the impact of modes of interdecadal variability specifically the PDO/IPO is the primary player. Also,
compared to GISS ts and AMIP6, CMIP6-hist shows much weaker horizonal gradients in temperature
trends especially in the tropics-subtropics. This weaker gradient generally implies weaker circulation
changes and hence might be the primary reason for relatively weaker regional precipitation trends as
shown in Fig. 5. It is further noted that the GISS ts trends for the longer record (1979-2020) are less
impacted by the decadal-scale internal modes specifically the PDO/IPO than those for the shorter record
(1979-2014; Figs. 7a and 7b), and have a stronger spatial correlation with CMIP6-hist temperature trends
between 40°N-40°S (0.52 to 0.66 over land + ocean, and 0.29 to 0.52 over ocean). This confirms that with
the lengthening of the observational data record, the effect of decadal-scale internal modes will become
weaker and both temperature and precipitation trends will become dominated by the anthropogenic-GHG
effect.

Comparisons between GPCP and model outputs are further made in terms of zonal profiles of trends in
zonal mean precipitation (Fig. 8). We focus on the latitudinal band of 60°N-60°S because of possible
data issues in the high latitudes in GPCP (e.g., Adler et al. 2003, 2018). Similar zonal features can be
found over ocean and land + ocean between GPCP and AMIP6 especially in the deep tropics. Over ocean,
GPCP illustrates a band of intense precipitation increase roughly along the ITCZ, while the band in AMIP6
is weaker with reduction along 10°N and increase north of it, roughly peaking around 20°N. The failure of
the AMIP simulations to accurately simulate this very distinctive, and very narrow, feature in the
observations may be due to the relatively coarse resolution in the models unable to accurately represent
the dynamics in this narrow belt. This poor result for the narrow rainfall feature at this latitude may shift
the AMIP trend pattern poleward with compensating, incorrect dynamics resulting in the mismatched
pattern with an incorrect AMIP peak at 20°N. South of the Equator with larger scale features, possibly
easier to simulate, reductions between the equator and 10°S and a band of increase between 10°S-25°S
appear in both GPCP and AMIP6. However, the zonal structures of the trends tend to be different south of
about 30°S. Discrepancies can also be seen north of about 20°N. Over land, differences between GPCP
and AMIP6 can readily be found in the deep tropics and south of the equator with GPCP manifesting
more meridional structures. However, there are still certain similarities between the two, for instance,
precipitation increase can be seen in the tropics except right north of the equator where a band of
reduction appears in GPCP. Nevertheless, general consistencies between the two can be seen north of
about T10°N.

Similarities can also be found between CMIP6-hist and GPCP, despite that CMIP6-hist shows much
smoother zonal profiles of trends and the profiles tend to be similar between land and ocean. Specifically,
both CMIP6-hist and GPCP have positive trends in the tropics with a maximum north of the equator and
drying or weak positive trends in the subtropics, though GPCP shows more complicated meridional
structure. Precipitation increase also appears in CMIP6-hist and GPCP in the mid-high latitudes except
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over the northern hemispheric ocean where larger uncertainties may exist in GPCP (e.g., Adler et al. 2003,
2018).

As mentioned before, spatial patterns of precipitation trends in GPCP and model outputs (AMIP6 and
CMIP6-hist) seem to agree with “wet-get-wetter, dry-get-drier” (e.g., Held and Soden 2006; Zhou et al.
2011). However, previous studies have argued that this notion does not hold over land (e.g., Greve et al.
2014; Byrne and O'Gorman 2015) and does not even exactly hold over tropical ocean (e.g., Chadwick et
al. 2013). To further investigate this, spatial correlations between precipitation trends and climatological
mean precipitation at grids between 40°N-40°S are estimated for GPCP and the ensemble means of
CMIP6-hist and AMIP6 (Table 6). Consistent with Chadwick et al. (2013), correlations are generally weak
especially over land in GPCP. Correlation in AMIP6 is also weak over both land and ocean, though it is
relatively stronger over land. For CMIP6-hist, correlations over both land and ocean are weak as well,
though they are relatively stronger than the respective ones for GPCP, suggesting that the impact of
internal modes of climate variability could not be the dominant reason for the weak correlations. Spatial
correlations between precipitation trends and mean precipitation within 40°N-40°S are further estimated
for all individual model runs in CMIP6-hist and AMIP6. It is noted that the mean spatial correlations for
CMIP6-hist and AMIP6 are much weaker than the ones corresponding to their respective ensemble means
and those for GPCP (Table 6). There are also large spreads in the spatial correlations from individual
model runs for both AMIP6 and CMIP6-hist. For AMIP6, the spatial correlation coefficient can be from 0 to
0.56 over land and from 0.07 to 0.33 over ocean among 28 individual model members. For CMIP6-hist,
the spread is even larger with the correlation being from - 0.20 to 0.36 over land and from - 0.31 to 0.39
over ocean; and negative spatial correlations appear for several individual models over land (8 of 28) and
ocean (3 of 28). These results generally confirm that circulation changes/shifts related to both
anthropogenic GHG forcing and internal modes of climate variability would be the factors controlling the
patterns of precipitation change (e.g., Chadwick et al. 2013; Byrne and O’'Gorman 2015), a critical source
of uncertainty in model outputs (e.g., Shepherd 2014).

Table 6
Spatial correlations between trends in annual-mean precipitation from GPCP,
CMIP6-hist, and AMIP6 and corresponding mean precipitation within 40°N-

40°S. Numbers in parentheses for CMIP6-hist and AMIP6 are the averages of
their respective individual model runs.

Trend vs mean precipitation = GPCP CMIP6-hist AMIP6
1979-2014 1979-2014 1979-2014
(1979-2020)

Land + ocean 0.23(0.27) 0.28 (0.12) 0.19 (0.16)
Land 0.10 (0.02) 0.17(0.09) 0.30(0.19)
Ocean 0.28 (0.37) 0.33(0.12) 0.18(0.16)
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Seasonal difference in global mean precipitation trends is evident based on GPCP, but generally weak in
AMIP6 and CMIP6-hist (Fig. 2 and Table 3). It is hence interesting to further explore whether and how
spatial patterns of precipitation change would vary with season in GPCP and model outputs. Also, since
AMIP6 can generally reproduce the major spatial features of annual mean precipitation trends observed
in GPCP (Fig. 5), it is necessary to make further comparisons with GPCP with regards to regional
precipitation trends during different seasons. Figure 9 illustrates precipitation trends at grids in GPCR,
AMIP6, and CMIP6-hist in four standard seasons during 1979-2014. GPCP trends have many similar
spatial features between the four distinct seasons (left panel in Fig. 9), which can also be found in GPCP
annual mean precipitation trends (Fig. 5a). For instance, precipitation increase appears in all seasons
along the Pacific ITCZ, SPCZ, western Pacific, and part of Indian Ocean and tropical Atlantic; and
precipitation reduction just north and south of the equator in the Pacific and in the subtropics can be
observed in all seasons. However, large seasonal differences exist in many regions. Detailed patterns of
precipitation trends vary with season especially in the tropical Pacific where the magnitudes and spatial
distributions of precipitation trend in JJA tend to be different than during three other seasons; positive
trend occurs over the Amazon region of South America in DJF and MAM, while a weak negative trend is
generally seen in JJA and SON; and also a large seasonal contrast (DJF and MAM vs JJA and SON) is
observed in the Southern Hemisphere mid-high latitudes roughly along the 60°S, though the uncertainty
of GPCP precipitation might be large in this region (e.g., Adler et al. 2003, 2018). Spatial features of
AMIP6 trends also resemble each other between seasons (middle panel in Fig. 9), although seasonal
differences do exist especially in the tropics. And similarities between AMIP6 and GPCP can also be
found during the four seasons, confirmed by relatively high spatial correlations between 40°N-40°S
except for JJA (Table 7). In JJA, unlike GPCP, AMIP6 generally has similar amplitudes of
positive/negative trends as in the other three seasons. For CMIP6-hist, the similarities between seasons
can generally be found globally (right panel in Fig. 9). However, positive trends in the deep tropics tend to
be stronger in JJA and SON, for instance, along the Pacific ITCZ, over western Indian Ocean-West Africa,
etc. It is also noted that precipitation trends over the Amazon region of South America vary with season
with positive trends in DJF and MAM while weak negative trends in JJA and SON, roughly consistent with
the GPCP results. Nevertheless, the spatial correlations between CMIP6-hist and either GPCP or AMIP6
during the four seasons tend to be low (Table 7), further confirming the dominance of internal modes of
climate variability during the GPCP era.
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Table 7
Spatial correlations between trends in seasonal mean precipitation from
GPCP. AMIP6, and CMIP6-hist within 40°N-40°S during 1979-2014.

GPCP vs AMIP6  GPCP vs CMIP6-hist CMIP6-hist vs AMIP6
DJF 0.44 0.26 0.05
MAM  0.56 0.11 0.05
JJA 0.27 0.09 0.12
SON 0.51 0.12 0.10

4.2 Impact of the PDO and AMO

The impact of internal modes of climate variability, specifically the PDO and AMO, on precipitation trends
during the satellite era is further examined by means of two types of CMIP6 historical pacemaker
simulations (Zhou et al. 2016). The hist-resIPO and hist-resAMO experiments are driven by the historical
radiative forcings used in the CMIP6 historical full forcing runs and the observed SSTs over the main IPO
region: 20°S-20°N, 175°E-75°W and over the AMO region: 0-70°N, 0-70°W, respectively. Figure 10 depicts
the simulated precipitation trends related to the PDO (hist-resIPO) and AMO (hist-resAMO), respectively,
during 1979-2014. Even though only eight ensemble members are available, hist-resIPO manifests very
similar spatial patterns of precipitation trends as GPCP and AMIP6 (Figs. 5a, 5c, and 10a). Spatial
correlation of precipitation trends between 40°N-40°S is 0.50 between hist-resIPO and GPCP, and even
higher (0.63) between hist-resIPO and AMIP6 (Table 5). However, the correlation is weaker between hist-
reslPO and GPCP with the longer-record (1979-2020); and it becomes even weaker between hist-resIPO
and CMIP6-hist, despite that the historical radiative forcings used in CMIP6-hist had also been applied in
hist-resIPO. The results further confirm the dominant role of the PDO in shaping the spatial patterns of
precipitation change during the satellite era.

For hist-resAMO, the simulated precipitation trends manifest different spatial structures than those for
GPCP (Figs. 5a and 10b) with a very weak spatial correlation (0.06) between the two fields within 40°N-
40°S, though certain similarities can still be found in some regions. Its spatial correlation with AMIP6 is
even weaker (0.02). However, there are broad similarities in spatial patterns of precipitation change
between hist-resAMO and CMIP6-hist (Figs. 5d and 10b) with a relatively high spatial correlation (0.56), in
spite of very few model ensemble members (5) available for hist-resAMO. Thus, the AMO effect may
actually enhance the spatial patterns of precipitation change related to anthropogenic radiative forcings
specifically GHG during the period.

The effects of the PDO and AMO on GPCP precipitation trends are further examined by means of a
procedure of multiple linear regression applied in Gu et al. (2016). By regressing against the PDO (Zhang
et al. 1997; Mantua and Hare 2002) and AMO indices (Enfield et al. 2001), precipitation anomalies during
1979-2014 are decomposed; and trends associated with either the PDO or the AMO are then estimated
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(Fig. 11). With the PDO and AMO effect removed or reduced, the GPCP trends have more similarities to
the CMIP6-hist simulated trends (Figs. 5a, 5d, and 11d). Spatial correlations within 40°N-40°S have also
increased (Table 8), especially over ocean; however, spatial correlations over land become weaker and
even negative, suggesting the limitations of the linear regression method used here. It is also noted that
there are high similarities between the trends associated with the PDO and the hist-resIPO simulated
trends (Figs. 10a and 11a), confirming the effectiveness of the method in identifying the PDO impact;
nevertheless, obvious discrepancies exist between the trends associated with the AMO and the hist-
resAMO simulated trends (Figs. 10b and 11b), implying that either the regression method applied here
might not be effective in identifying the AMO impact or the AMO effect on precipitation during the period
might be weak as suggested in Gu et al. (2016) and can't be identified correctly through linear regression
method.

Table 8
Spatial correlations between trends in annual-mean precipitation from GPCP with/without the
effects from PDO and AMO, and from CMIP6-hist within 40°N-40°S.

GPCP GPCP (No PDO or AMO effect)
1979-2020 (1979-2014) 1979-2020 (1979-2014)

CMIP6-hist Land +ocean  0.32 (0.17) 0.35 (0.22)
(1979-2014)  Land 0.16 (0.06) -0.06 (-0.18)
Ocean 0.38 (0.14) 0.50 (0.29)

4.3 Trends in precipitation seasonal range

Possible changes in global precipitation seasonal cycle are investigated in this subsection. We center our
calculations on long-term changes/trends in precipitation seasonal range defined as the difference
between precipitation in the peak month and the lowest month within each year, though other aspects of
seasonal variation are also important. The three-month-running-averages of monthly precipitation are
first computed at grids; the months with maximum and minimum precipitation for each year can then be
identified and so are precipitation seasonal ranges; finally, linear trends in resulting annual time series of
seasonal range are estimated. Trends in precipitation seasonal ranges over land during 1979-2014 are
depicted in Fig. 12 for GPCP and model outputs.

Consistent with past studies (e.g., Chou et al. 2013; Marvel et al. 2017), seasonal ranges have increased
in many regions during the satellite era as shown in GPCP (Fig. 12a), including central South America,
southwest US and Mexico, middle of North America, northern portion of Australia, tropical West Africa
and southern part of Africa, northern Eurasia, etc. Globally, the seasonal range increase can generally be
ascribed to a “wetter” wet month and a “dryer” dry month (not shown). Seasonal range reductions in
GPCP can also be found in some other areas, such as southeastern US, part of South America, regions
scattered across the Eurasian continent, etc. However, the changes in precipitation seasonal range tend to
be dominated by the changes in the wet month over both land and ocean (not shown). Compared to
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GPCP, both AMIP6 and CMIP6-hist produce broad similar spatial features of changes in precipitation
seasonal range, though the amplitudes of changes in GPCP tend to be larger. These common spatial
features of changes may suggest the impact of anthropogenic GHG on regional precipitation change
during the period, which seems more discernible and consistent between GPCP and models than mean
precipitation trends indicate (Figs. 5 and 12). Therefore, trends in precipitation seasonal range might be a
better indicator for regional precipitation change. It should also be mentioned that the discrepancies
between GPCP and model outputs are large over ocean with regards to the trends of precipitation
seasonal range (not shown), likely associated with weaker oceanic seasonal cycle, model deficiencies,
and possible GPCP data issues. Also, widespread and more intense temperature warming over land than
over ocean in both the observation and model outputs (Fig. 7) might be another reason for similar
changes in precipitation seasonal range over land in GPCP and AMIP6/CMIP6-hist.

5. Summary And Concluding Remarks

Global mean precipitation has increased during the satellite era following surface warming based on both
GPCP and climate model simulations (CMIP6-hist and AMIP6). The trends in global mean precipitation
are relatively weak in GPCP, with the global land + ocean number roughly 0.27% per decade for the overlap
period with CMIP6 (1979-2014), compared to the trends in CMIP6-hist (0.36% per decade). Global mean
trends in AMIP6 (0.16% per decade) are weaker than both CMIP6é-hist and GPCP trends, suggesting the
crucial effect of surface temperature variability from internal modes including the PDO and AMO during
the satellite era and also possible model deficiencies. However, a roughly same sensitivity to global mean
surface temperature warming, the apparent hydrological sensitivity, (7,) can be found in GPCP and
models for the overlap period (1979-2014): GPCP (1.41%/C) vs CMIP6 (1.52%/C) vs AMIP (1.1%/C). In
particular, even though various factors can influence 7, (Figs. 3 and 4), GPCP, AMIP6, CMIP6-hist, and
CMIP6-histGHG tend to approach each other eventually within a narrow 7), range, suggesting that 7,
might already be dominated by the anthropogenic GHG effect during 1979-2014. Thus, in spite of
intense (interannual) background noises, the GHG-related effect may already be discernible in GPCP. Also,
even though 7, is dependent upon forcing agents (e.g., Flaschner et al. 2016; Samset et al. 2018), it could
still be a good metric for model evaluations and/or comparisons with observations.

Even though the global mean precipitation trend is still weak in GPCP, prominent spatial patterns of
precipitation trends can readily be seen across the world. Precipitation increases along the Pacific ITCZ
and SPCZ, while decreases south and north of the ITCZ in the central-eastern Pacific. Precipitation
increase also occurs in the other regions including tropical western Pacific, Indian Ocean, southwest of
tropical Atlantic, etc., while drying can generally be observed especially over subtropical oceans. AMIP6
can generally reproduce these features well in terms of the large-scale spatial structures of precipitation
change, while CMIP6-hist doesn’t, confirming the importance of internal modes of climate variability
(PDO, AMO, etc.) during the satellite era. CMIP6 pacemaker runs further confirm that the PDO might have
played a dominant role in spatial patterns of precipitation change during the satellite era, and the AMO
may only played a minor role though it seems to enhance the impact of anthropogenic GHG. GPCP trends

for a relatively longer-period (1979-2020) or with the PDO and AMO effects removed or limited tend to be
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more similar to the CMIP6-hist simulated trends. Hence, the effect of anthropogenic-GHG would become
dominant with the lengthening of observations in the near future, resulting from reduced impact from
internal modes. This is also generally supported by many similar zonal-mean features of precipitation
trends appearing in GPCP, CMIP6-hist, and AMIP6.

Evident changes/trends in precipitation seasonal range are discovered in GPCP across the world,
generally confirmed by AMIP6 and CMIP6-hist specifically over global land areas in terms of spatial
features of changes. These consistencies tend to support that the impact of anthropogenic GHG on
regional scales during the period and might be more discernible in the trends of precipitation seasonal
range than in mean precipitation trends. Hence, precipitation seasonal range might be another good
indicator for regional and global precipitation change, in addition to (monthly) precipitation intensity as
defined in Gu and Adler (2018).

Declarations

Acknowledgements

This research is supported under the NASA Energy and Water-cycle Study (NEWS). The CMIP6 and AMIP
precipitation and temperature data sets were downloaded from the CMIP6 website (https://esgf-
node.lnl.gov/projects/cmip6/). We acknowledge the World Climate Research Programme's Working
Group on Coupled Modelling and the U.S. Department of Energy's Program for Climate Model Diagnosis
and Intercomparison. The NASA-GISS global surface temperature anomaly product was downloaded
from its website at http://data.giss.nasa.gov/. The PDO and AMO indices were downloaded from the
University of Washington (http://jisao.washington.edu/pdo/PDO.latest) and NOAA/ERSL/PSD
(http://www.esrl.noaa.gov/psd/data/timeseries/AMO/), respectively.

Funding: This work is funded by the NASA Energy and Water-cycle Study (NEWS) Program.
Competing Interests: The authors declared no competing interests.

Author Contributions: GG performed the data analysis including drawing the figures and tables. GG and
RA contributed to the interpretation of the results and to the manuscript text.

Data Availability: The GPCP V2.3 monthly precipitation analysis is available from NOAA/NCEI at
https://www.ncei.noaa.gov/data/global-precipitation-climatology-project-gpcp-monthly/access/ and can
also be downloaded from http://eagle1.umd.edu/GPCP_ICDR/GPCP_Monthly.html. The CMIP6 and
AMIP6 data are available at the CMIP6 website (https://esgf-node.linl.gov/projects/cmip6/). The NASA-
GISS global surface temperature anomaly product was downloaded from its website at
http://data.giss.nasa.gov/. The PDO and AMO indices were downloaded from the University of
Washington (http://jisao.washington.edu/pdo/PDO.latest) and NOAA/ERSL/PSD
(http://www.esrl.noaa.gov/psd/data/timeseries/AMO/), respectively.

Page 20/36



References

1.

10.

11.

12.

Adler, R. F,, M. Sapiano, G. J. Huffman, J.-J. Wang, G. Gu, D. Bolvin, L. Chiu, U. Schneider, A. Becker, E.
Nelkin, P. Xie, R. Ferraro, and D.-B. Shin, 2018: The Global Precipitation Climatology Project (GPCP)
Monthly Analysis (New Version 2.3) and a Review of 2017 Global Precipitation. Atmosphere, 9, 138;
doi:10.3390/atmos9040138.

. Adler, R. F,, G. Gu, M. Sapiano, J.-J. Wang, and G. J. Huffman, 2017: Global Precipitation: Means,

Variations and Trends During the Satellite Era (1979-2014). Surv. Geophys., 38, 679-699,
doi:10.1007/s10712-017-9416-4.

. Adler R.F, G. Gu, G.J. Huffman, M.R.P. Sapiano, and J.-J. Wang, 2020: GPCP and the Global

Characteristics of Precipitation. In: Levizzani V, Kidd C., Kirschbaum D., Kummerow C., Nakamura K,
Turk F. (eds) Satellite Precipitation Measurement. Advances in Global Change Research, vol 69.
Springer, Cham.

. Adler, R. F, G. J. Huffman, A. Chang, R. Ferraro, P. Xie, J. Janowiak, B. Rudolf, U. Schneider, S. Curtis,

D. Bolvin, A. Gruber, J. Susskind, and P. Arkin, 2003: The version 2 Global Precipitation Climatology
Project (GPCP) monthly precipitation analysis (1979-present). J. Hydrometeor, 4, 1147-1167.

. Allan, R.P, M. Barlow, M.P. Byrne, A. Cherchi, H. Douville, H.J. Fowler, T.Y. Gan, A.G. Pendergrass, D.

Rosenfeld, A.L.S. Swann, L.J. Wilcox, and O. Zolina, 2020: Advances in understanding large-scale
responses of the water cycle to climate change. Ann. N. Y. Acad. Sci., 1472, 49-75,
doi:10.1111/nyas.14337.

. Allan, R.P, C. Liu, M. Zahn, D.A. Lavers, E. Koukouvagias, and A. Bodas-Salcedo, 2013: Physically

consistent responses of the global atmospheric hydrological cycle in models and observations. Surv.
Geophys., doi:10.1007/s10712-012-9213-z.

. Allan, R.P, B.J. Soden, 2007: Large discrepancy between observed and simulated precipitation trends

in the ascending and descending branches of the tropical circulation. Geophys. Res. Lett., 34,
L18705, doi:10.1029/2007GL031460.

. Allan, R.P, B.J. Soden, 2008: Atmospheric Warming and the Amplification of Precipitation Extremes.

Science 321, 1481-1484.

. Allen, M. R., and W. J. Ingram, 2002: Constraints on future changes in climate and the hydrologic

cycle. Nature 419, 224-232.

Byrne, M. P, and P. A. 0'Gorman, 2015: The response of precipitation minus evapotranspiration to
climate warming: Why the “Wet-Get-Wetter, Dry-Get-Drier” scaling does not hold over land. J. Climate,
28,8078-8092.

Byrne, M. P, A. G. Pendergrass, A.D. Rapp, and K.R. Wodzicki, 2018: Response of the Intertropical
Convergence Zone to climate change: Location, width, and strength. Current Climate Change Reports,
https://doi.org/10.1007/s40641-018-0110-5.

Chadwick, R., . Boutle, and G. Martin, 2013: Spatial patterns of precipitation in CMIP5: Why the rich
do not get richer in the tropics. J. Climate, 26, 3803-3822.

Page 21/36



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Chandanpurkar, H.A., J.T. Reager, J.S. Famiglietti, R.S. Nerem, D.P. Chambers, M.-H. Lo, B.D.
Hamlington, and T.H. Syed, 2020: The seasonality of global land and ocean mass and the changing
water cycle. Geophys. Res. Lett, 48, €2020GL091248. https://doi.org/10.1029/2020GL091248.

Chou, C., J.C. Chiang, C.-W. Lan, C.-H. Chung, Y.-C. Liao, and C.-J. Lee, 2013: Increase in the range
between wet and dry season precipitation. Nature Geos., 6, 263-267.

Dong, B., and A. Dai, 2015: The influence of the Interdecadal Pacific Oscillation on temperature and
precipitation over the globe. Climate Dynamics, 45, 2667-2681.

Donohoe, A, A.R. Atwood, and M.P. Byrne, 2019: Controls on the width of tropical precipitation and its
contraction under global warming. Geophys. Res. Lett.,, 46, 9958-9967.
https://doi.org/10.1029/2019GL082969.

Eyring, V., S. Bony, G.A. Meehl, C. A. Senior, B. Stevens, R.J. Stouffer, and K.E. Taylor, 2016: Overview
of the Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental design and
organization. Geosci. Model Dev., 9, 1937-1958, https://doi.org/10.5194/gmd-9-1937-2016.

Flaschner, D., T. Mauritsen, and B. Stevens, 2016: Understanding the intermodal spread in global-
mean hydrological sensitivity. J. Climate, 29, 801-817.

Folland, C.K., J.A. Renwick, M.J. Salinger, and A.B. Mullan, 2002: Relative influences of the
Interdecadal Pacific Oscillation and ENSO on the South Pacific Convergence Zone. Geophys. Res.
Lett, 29,1643,10.1029/2001GL014201.

Greve, P, B. Orlowsky, B. Mueller, J. Sheffield, M. Reichstein, and S.I. Seneviratne, 2014: Global
assessment of trends in wetting and drying over land. Nature-Geosci., 7, 716-721,
doi:10.1038/NGE02247.

Gu, G., and R. F. Adler, 2013: Interdecadal variability/long-term changes in global precipitation
patterns during the past three decades: Global warming and/or Pacific Decadal Variability? Clim.
Dyn., 40, 3009-3022. doi: 10.1007/s00382-012-1443-8.

Gu, G., and R. F. Adler, 2018: Precipitation Intensity Changes in the Tropics from Observations and
Models. J. Climate, 31, 4775-4790, doi:10.1175/JCLI-D-17-0550.1.

Gu, G, R. F. Adler,and G. J. Huffman, 2016: Long-Term Changes/Trends in Surface Temperature and
Precipitation during the Satellite Era (1979-2012). Clim. Dyn., 46, 1091-1105. doi:10.1007/s00382-
015-2634-x.

Gu, G., R. F. Adler, G. Huffman, and S. Curtis, 2007: Tropical rainfall variability on interannual-to-
interdecadal/longer-time scales derived from the GPCP monthly product. J. Climate, 20, 4033-4046.

Hansen, J., R. Ruedy, J. Glascoe, and M. Sato, 1999: GISS analysis of surface temperature change. J.
Geophys. Res., 104, 30997-31022.

Held, I. M., and B. J. Soden, 2006: Robust responses of the hydrological cycle to global warming. J.
Climate, 19, 5686-5699.

Hegerl., G.C., S. Bronnimann, T. Cowan, A. R. Friedman, E. Hawkins, C. lles, W. Muller, A. Schurer, and
S. Undorf, 2019: Causes of climate change over the historical record. Environ. Res. Lett., 14, 123006,

https://doi.org/10.1088/1748-9326/ab4557.
Page 22/36



28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Hoerling, M., J. Eischeid, and J. Perlwitz, 2010: Regional precipitation trends: Distinguishing natural
variability from anthropogenic forcing. J. Climate, 23, 2131-2145.

John, V. O, R. P. Allan, and B. J. Soden, 2009: How robust are observed and simulated precipitation
responses to tropical ocean warming? Geophys. Res. Lett., 36, L14702, doi:1029/2009GL038276.

Knutson, T.R., and F. Zeng, 2018: Model assessment of observed precipitation trends over land
regions: Detectable human influences and possible low bias in model trends. J. Climate, 31, 4617-
4637.

Kramer, R.J., and B.J. Soden, 2016: The sensitivity of the hydrological cycle to internal climate
variability versus anthropogenic climate change. J. Climate, 29, 3661-3673.

Lau, K-M., and K.-M. Kim, 2015: Robust Hadley circulation changes and increasing global dryness
due to CO2 warming from CMIP5 model projections. Proc. Natl. Acad. Sci. USA, 112, 3630-3635,
https://dor.org/10.1073/pnas.148682112.

Lau, K-M., and W. Tao, 2020: Precipitation-radiation-circulation feedback processes associated with
structural changes of the ITCZ in a warming climate during 1980-2014: An observational portrayal. J.
Climate, 33, 8737-8749, doi:10.1175/JCLI-D-20-0068.1.

Liang, Y.C., M.-H. Lo, C.-W. Lan, H. Seo, C.C. Ummenhofer, S. Yeager, R.-J. Wu, and J.D. Steffen, 2020:
Amplified seasonal cycle in hydroclimate over Amazon river basin, and its plume region. Nature
Commun., 11, 4390, https://doi.org/10.1038/s41467-020-18187-0.

Liu, C., and R.O. Allan, 2013: Observed and simulated precipitation responses in wet and dry regions
1850-2100. Environ. Res. Lett., 8, doi:10.1088/1748-9326/8/3/034002.

Marvel, K., M. Biasutti, C. Bonfils, K.E. Taylor, Y. Kushnir, and B.l. Cook, 2017: Observed and projected
changes to the precipitation annual cycle. J. Climate, 30, 4983-4995.

Noake, K., D. Polson, G. Hegerl, and X. Zhang, 2012: Changes in seasonal land precipitation during
the latter twentieth-century. Geophys. Res. Lett., 39, L03706, doi:10.1029/2011GL050405.

Polson, D., and G.C. Hegerl, 2016: Strengthening contrast between precipitation in tropical wet and
dry regions. Geophys. Res. Lett., 43, doi:10.1002/2016GL071194.

Polson, D., G.C. Hegerl, R.P. Allan, and B. B. Sarojini, 2013: Have greenhouse gases intensified the
contrast between wet and dry regions? Geophys. Res. Lett., 40, 4783-4787, doi:10.1002/grl.50923.
Polson, D., G.C. Hegerl, X. Zhang, and T.J. Osborn, 2013: Causes of robust seasonal land precipitation
changes. J. Climate, 26, 6679-6697.

Polson, D., M. Bollasina, G.C. Hegerl, and L.J. Wilcox, 2014: Decreased monsoon precipitation in the
Northern Hemisphere due to anthropogenic aerosols. Geophys. Res. Lett, 41, 6023-6029,
doi:10.1002/2014GL060811.

Samset, B.H., G. Myhre, PM. Forster, 0. Hodnebrog, T. Andrews, O. Boucher, G. Faluvegi, D. Flaschner,
M. Kasoar, V. Kharin, A. Kirkevag, J.F. Lamarque, D. Olivie, T.B. Richarson, D. Shindell, T. Takemura,
and A. Voulgarakis, 2017: Weak hydrological sensitivity to temperature change over land,
independent of climate forcing. NRJ Climate and Atmos. Sci., 1:3, doi:10.1038/s41612-017-0005-s.

Page 23/36



43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Shepherd, T.G., 2014: Atmospheric circulation as s source of uncertainty of climate change
projections. Nature-Geos., 7, 703-708.

Schneider, T, T. Bischoff, and G.H. Haug, 2014: Migrations and dynamics of the intertropical
convergence zone. Nature, 513, 45-53.

Schurer, A.P, A.P. Ballinger, A.R. Friedman, and G.C. Hergerl, 2020: Human influence strengthens the
contrast between tropical wet and dry regions. Environ. Res. Lett, 15, 104026.
https://doi.org/10.1088/1748-9326/ab83ab.

Su, H., J.H. Jiang, J.D. Neelin, T.J. Shen, C. Zhai, Q. Yue, Z. Wang, L. Huang, Y.-S. Choi, G.L. Stephens,
and Y.L. Yung, 2017: Tightening of tropical ascent and high clouds key to precipitation change in a
warmer climate. Nature-Commun., 8:15771, doi:10.1038/ncomms15771.

Su, H., L. Wu, C. Zhai, J.H. Jiang, J.D. Neelin, and Y.L. Yung, 2020: Observed tightening of tropical

ascent in recent decades and linkage to regional precipitation changes. Geophys. Res. Lett., 47,
€2019GL085809. https://doi.org/10.1029/2019GL085809.

Trenberth, K.E., and A. Dai, 2007: Effects of Mount Pinatubo volcanic eruption on the hydrological
cycle as an analog of geoengineering. Geophys. Res. Lett, 34,1.15702, doi:10.1029/2007GL030524.
Trenberth, K.E., and J.T. Fasullo, 2013: An apparent hiatus in global warming? Earth's Future,
doi:10.1002/2013EF000165.

Yeh, S.-W.,, S.-Y. Song, R.P. Allan, S.-I. An, and J. Shin, 2021: Contrasting response of hydrological
cycle over land and ocean to a changing CO2 pathway. NPJ Climate and Atmos. Sci., 4.53,
https://doi.org/10.1038/s41612-021-00206-6.

Zhou, T., A. Turner, J. Kinter, B. Wang, Y. Qian, X. Chen, B. Wang, B. Liu, B. Wu, and L. Zou, 2016:
Overview of the Global Monsoons Model Inter-comparison Project (GMMIP). Geosci. Model Dev., 9,
3589-3604.

Zhou, Y.P, K-M. Xu, Y.C. Sud, and A K. Betts, 2011: Recent trends of the tropical hydrological cycle
inferred from Global Precipitation Climatology Project and International Satellite Cloud Climatology
Project data. J. Geophys. Res., 116, D09101, doi:10.1029/2010JD015197.

Figures

Page 24/36



(o) Annual—Mean Premputotuon (90°N-90°S; Iond+oceon)

0.08f™7 0.0074 (GPCP19?§ 2020} 0.0122 (cmps histGHG: 1979 — 2020) ' ]
~ 003 0.0062 (GPCP:1979-2014)
B I /N T ; 1
°  0.00H T B DY <l S LAy A Lk,
£ oo3fF
0.06 0.0106 (CMIPG hist) 00049 (AMIF'B}
(b) Annual Mean Prec:pntut:on (90°N -90°s; Iond)
0.1F ' 0.0060 (GPCP:1979-2020) ' o 3
> T N T N AL ‘
E ' _ ]
E ]
0.0128 (CMIP6—histGHG:1979-2020) E
. 0.0082 (GPCP:1979-2014)  , 00149 (GMIP6—hist) , 00086 (AMIPE) | 3
(c) Annual-Mean Precipitation (90°N—-90°S; ocean)
0.1F © 0.0080 (GPCP:1979-2020) " 0.0119 (CMIP6=histGHG: 1979 -2020) : k
0.0053 (GPCP:1979-2014) ]
-Ih
BN g I e A e o e P2 M o O = i = o i T o S o s e T
£
E
-Of ... .,.... ,00086(CMPE-hist) , 00032(4MPE) ., ., . ]
1980 1985 1990 1995 2000 2005 2010 2015 2020
Figure 1

Global annual mean precipitation anomalies in GPCP, AMIP6, CMIP6-hist, and CMIP6-histGHG. For
AMIP6, CMIP6-hist, and CMIP6-histGHG, one standard deviation estimated from 28 model outputs is
applied to represent the model spread (vertical error bar).
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Figure 2

Seasonal-mean times series of global (land+ocean) precipitation in GPCP, AMIP6, CMIP6-hist, and CMIP6-
histGHG. (a) JJA, and (b) DJF.
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Global precipitation change rates with surface temperature
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Figure 3

Global (land+ocean) precipitation change rates (%/C) with corresponding surface temperature change
during the GPCP period as function of the length of varying time periods from 1979 for GPCP, AMIP®6,
CMIP6-hist, and CMIP6-histGHG. The x axis represents the end years of the time periods in which
precipitation change rates are estimated. For instance, 2002 indicates the time period of 1979-2002 (24

Page 27/36



years). Also, one standard deviation estimated from multiple model outputs is applied to represent the
model spread (vertical error bar).
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Figure 4

Global (land+ocean) precipitation change rates (%/C) with corresponding surface temperature change
during the GPCP period as function of the length of varying time periods to 2014 for GPCP, AMIP6,
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CMIP6-hist, and CMIP6-histGHG. The x axis represents the beginning years of the time periods in which
precipitation change rates are estimated. For instance, 1980 indicates the time period of 1980-2014 (35
years). Also, one standard deviation estimated from multiple model outputs is applied to represent the
model spread (vertical error bar).
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Observed GPCP precipitation trend (mm day-1per decade) during (a) 1979-2014 and (b) 1979-2020. (c)
AMIP6 and (d) CMIP6 historical full forcing simulated precipitation trend (mm day-1 per decade) during
1979-2014.
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Percentile matching of precipitation trends (mm day-1 per decade) within 400N-400S between AMIP 6
and GPCP (black) and between CMIP6-hist and GPCP (red) during 1979-2014.
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Figure 7

Observed GISS ts trend (K per decade) during (a) 1979-2014 and (b) 1979-2020. (c) AMIP6 and (d) CMIP6
historical full forcing simulated temperature trend (K per decade) during 1979-2014.
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Figure 8

Zonal profiles of annual-mean precipitation trends (% per decade) in GPCP, AMIP6, and CMIP6-hist. The
model spread (vertical error bar) is represented by one standard deviation estimated from 28 model

outputs
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Figure 9

Linear trends in GPCP (left), AMIP6 (middle), and CMIP6-hist (right) seasonal mean precipitation
anomalies during 1979-2014.
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Figure 10

CMIP6 (a) hist-resIPO and (b) hist-resAMO simulated precipitation trend (mm day-1 per decade) during
1979-2014.
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Figure 11

Estimated contributions from (a) PDO and (b) AMO to observed GPCP precipitation trend (mm day-1 per
decade) during 1979-2014; (c) GPCP trend without the PDO effect; (d) GPCP trend with both the PDO and

AMO effects removed.
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(a) Trend in Precipitation Range (GPCP) (b) Trend in Precipitation Range (AMIPE)

80N § BON 1 -
6ON | F oo SRR T O - SRS
40N 4 40N 1 :
20N § 20N 1
EQ | E0f
2054 2 {2051 :
4054 M40s4 .
605 1 605 -
805 § BOS 1 =
160W 120W BOW 40W 0 40E BOE 120E 160E 160W 120W BOW 40W 0O 40E BOE 120E 160E
(mm/day/decade) ~ b I
(c) Trend in Precipitotion Range (CMIPE—hist)
BON §
60N 1%
40N {
20N 4
EQ
2059
4054
605 1
805 §
160W120W BOW 40W 0 40F BOE 120F 160E
R (mm/doy/decade)
Figure 12

Linear trends in seasonal precipitation range (defined by the difference between precipitation in peak
month and lowest month within each year) over land during 1979-2014. (a) GPCP, (b) AMIP6, and (c)
CMIP6-hist.
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