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Abstract

Over the tropics, a robust statistical relationship between outgoing longwave radiation (R) and
precipitation (P) is observed, linked to the cloud-radiative effect (CRE). To quantify this R—P rela-
tion, we define the CRE parameter, which exhibits significant disparities across global climate
models (GCMs), with most overestimating it relative to the observation. Given the strong correl-
ation between the CRE parameter and both historical and future extreme precipitation, an emer-
gent constraint on the hydrological cycle projection is constructed. It lowers the fractional increase
in the 99.9th percentile of tropical precipitation by the end of the 21st century from 29% to 24%
under the high-emission warming scenario, with a 58% reduction in uncertainty. Overall, GCMs
tend to underestimate the intensity of tropical extreme precipitation while overestimating its frac-
tional increase. These findings provide valuable insights for model evaluation, improvement, and

climate adaptation strategies.

1. Introduction

The hydrological cycle is undergoing significant
changes due to global warming, with profound
implications on both global and regional scales [1—
3]. Among these, intensifying extreme rainfall events
pose a growing threat [4, 5], causing severe dam-
age to infrastructure and loss of life [6]. Despite
widespread recognition of these impacts, projecting
future changes in mean and extreme precipitation
remains highly uncertain across global climate mod-
els (GCMs) [7, 8], particularly over the tropics [2, 9].
For instance, under the high-emission warming scen-
ario, the projected fractional change in the extreme
precipitation by the end of the 21st century relat-
ive to the current climate state varies widely across
GCMs, ranging from 17.6% to 44.9% [10]. These
uncertainties stem from multiple factors, including
differences in physical parameterizations and internal
variabilities [2, 7]. Consequently, more reliable and
accurate projections are vital for stakeholders to assess
risks and implement effective adaptation strategies.

© 2026 The Author(s). Published by IOP Publishing Ltd

The emergent constraint is a popular method
to constrain future projections based on known
observations, which has been increasingly applied
to various climatic quantities or their relative changes
(i.e. fractional change and sensitivity to global
warming), such as precipitation [8, 11-13], surface
temperature [14-16], snow albedo feedback [17],
and jet shift [18]. For the extreme precipitation-
related constraints, most studies rely on temperature
[8], the extreme precipitation variability [11, 19], or
other hydrological sensitivity [20] as key predictors.
For example, one study [11] revealed the significant
emergent relationship between extreme precipitation
sensitivities for interannual variability and climate
change, although his constraints did not comprehens-
ively address the uncertainty issues. The other study
[19] used present-day precipitation variability to con-
strain the quantity associated with the occurrence
probability of extreme events, though the reliability
of this constraint varied across precipitation events.
Recently, the radiative effect has been introduced
as a potential constraint on precipitation-related
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projections [13, 21], highlighting the strong connec-
tion between the radiative effect and precipitation.

In the tropical atmosphere, radiation changes and
precipitation generation are likely to have a close con-
nection, especially within a specific period without
greenhouse gas-induced climate change. Previous
studies have noticed the radiation—precipitation rela-
tion (hereafter referred to as the R—P relation). It
can be expressed in a simplified form when encap-
sulating the cloud-radiative effect (CRE) to solve the
analytical models of tropical waves or circulations
[22-24]. Other studies also discussed the R—P rela-
tion from different perspectives and for different
purposes, such as different temporal scales, datasets
(observational or numerical), and applications [25—
28]. For instance, the R—P relation was expressed as a
‘greenhouse enhancement factor’ in a Madden—Julian
oscillation (MJO) study [25], where the correct rep-
resentation of the R—P relation in GCMs was sug-
gested to be crucial in the MJO simulations. Besides,
the observed R-P relation could also be used to
classify the local departures from the tropics-wide
radiative-convective equilibrium [26]. Despite those
efforts, no unified expression for the R—P relation cur-
rently exists, and the past observational data are lim-
ited. These make the R—P relation still worth further
investigation. Considering the demonstrated import-
ance and availability of the R—P relation in the trop-
ics, the R—P relation seems to hold great potential for
constraining tropical precipitation projections.

Given the aforementioned scientific significance
and existing research gaps, this study examines the
R-P relation over the tropics using the observa-
tional data and simulation data from Coupled Model
Intercomparison Project Phase 6 (CMIP6). We also
apply this relationship to constrain the projections
of current and future tropical extreme precipita-
tion intensity and their fractional change relative to
the current climate. This study extends beyond the-
oretical exploration, offering practical insights into
improving future climate predictions and informing
strategies for climate adaptation.

2. Data and methods

The daily observational precipitation data are sourced
from the NASA Integrated Multi-satellitE Retrievals
for Global Precipitation Measurement mission ver-
sion 07. Additionally, daily blended outgoing long-
wave radiation (OLR) data from the National Oceanic
and Atmospheric Administration Climate Prediction
Center are used in this study. Further details on other
observational datasets used for comparison can be
found in text S1. For model-based calculations, we
selected historical data along with two warming scen-
arios (SSP2-4.5 and SSP5-8.5) from 21 CMIP6 mod-
els (table S1). All data are regridded to a common
2.5° x 2.5° grid using the areal conservative method.
The period from 2001 to 2014 (14 years) is selected
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for the calculations of observation and historical data
to represent the current climate state. The period of
2081-2100 (20 years) is selected as the future state.
All the calculations are considered within the tropics
(20°S-20°N). Additional details on the datasets can
be found in text S1.

The emergent constraint method adopted in this
study is according to [18], which comprehensively
considers the uncertainty issues, showing more con-
vincing constraint results compared to some pre-
vious studies. Based on the ordinary least squares
regression, the distribution of the projected quant-
ity y is estimated by the predictor x. The uncer-
tainties of y incorporate (i) the uncertainty on the
linear relationship (i.e. emergent constraint itself),
(ii) the uncertainties on the internal variability of
x and y, and (iii) the uncertainty associated with
inter-model differences, aside from those explained
by emergent constraint. Besides, we also consider the
regression uncertainty of x (x is a ratio in this study).
More details of the emergent constraint method are
described in text S3.

3. Radiation—precipitation relationship

To address the R—P relation over the tropics (20°S—
20°N), we first show the joint probability distribu-
tion function (PDF) of OLR and precipitation anom-
alies in the current climate state using the observa-
tional data (figure 1(a)). The removed linear trend
and seasonal cycle result in a stable statistical estim-
ation without considering the seasonal cycle and cli-
mate change within a selected period. Thus, the OLR
changes in a climate state mainly come from the
CRE while neglecting the influences of anthropogenic
warming.

Opverall, the observed tropical R—P relation exhib-
its non-linearity, showing an averaged curve with a
reverse-S’ shape. The OLR decreases with increas-
ing precipitation, indicating that generating convec-
tion is associated with the absorbed longwave (LW)
radiation in the atmosphere due to clouds, leading
to atmospheric radiative heating. Note that in the
regime with strong precipitation anomalies, the OLR
decreases more slowly than in the other regimes. This
nonlinear relationship is primarily due to the prin-
ciple of radiative transfer in the atmosphere. As pre-
cipitation intensifies, the amount of cloud droplets
and ice particles increases in convective storms, which
determines the optical depth of atmospheric layers
and, in turn, determines the fraction of radiative flux
absorbed by a layer. Thus, as precipitation intensifies,
the amount of absorbed radiative flux saturates.

Figure 1(b) shows the multi-model mean
(MMM) joint PDF of tropical OLR and precipitation
anomalies from CMIP6 historical simulations. A sim-
ilar R—P relation with a reverse-‘S’ shape is well sim-
ulated. However, the varying fidelity in reproducing
the tropical R-P relation across GCMs is evidenced
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Figure 1. (a) Joint PDF of observed tropical (20°S-20°N) OLR anomaly and precipitation anomaly at individual grid cells during
2001-2014. The linear trend and seasonal cycle are removed from the OLR and precipitation data. The black curve is calculated as
the averaged OLR anomaly at each precipitation anomaly. The dashed red line is the linear fit of precipitation anomaly and OLR
anomaly through ordinary least squares regression, weighted by the joint PDE. (b) Same as in (a), but for the multi-model mean
(MMM) the joint PDF of 21 CMIP6 models. (c) Averaged curves, as the curves in (a) and (b), of the observation (black solid
curve), the individual CMIP6 models (blue curves), and the MMM of CMIP6 models (black dashed curve). (d) The observed
CRE parameter (red bar) and the CRE parameters across CMIP6 models (blue bars). (e) The boxplot of the CRE parameters
across the CMIP6 models. The horizontal line in the box indicates the median. The top and bottom edges of a box indicate the
25th and 75th percentiles, respectively. The extending whiskers indicate the maximum and minimum. The red dot represents the
observed CRE parameter.

by varying mean slopes of the averaged curves and (denoted by «y in equations):
upper limits of OLR anomaly (figure S1). Figure 1(c)
further compares the expectations of OLR anomaly OLR' = —P’, (1)
as a function of precipitation anomaly for observa-
tion, individual CMIP6 models, and MMM. Around
the median, the MMM exhibits a steeper slope of the ~ where the prime (’) represents the anomaly of a
averaged curve compared to the observation, indicat-  quantity. The dimension sizes of OLR’ and P’ are
ing that most GCMs are inclined to trap more radi- ntim X nlat x nlon, where the ntim, nlat, and nlon
ative flux by clouds and lead to stronger radiative are the dimension sizes of time, latitude, and longit-
heating relative to the observation when generating ude, respectively. Before applying the ordinary least
the same amount of precipitation. In other words, squares regression, the precipitation data is scaled by
most GCMs generate less precipitation in response the latent heat of evaporation L, to convert the unit
to similar radiative forcing, meaning that their con-  from mm d~! to W m~2; the OLR and precipitation
vective clusters have a lower precipitation efficiency data are removed the linear trend and seasonal cycle,
associated with the CRE. since we expect the CRE parameter to be a stable stat-
Despite the non-linearity of the R—P relation, istic without considering the seasonal variation and
the high probability density concentrates around the effect of climate change with a selected period. All
the median precipitation to strong precipitation (0— the temporal and spatial points without any average
40 mm d "), which should dominantly influence the ~ or smoothing are used in the calculation. A higher
slope of the regression line. Thus, a linear estima- CRE parameter suggests that for the same latent heat-
tion is still a rational simplification to measure the R—  ing, more cloud radiative heating is produced; altern-
P relation semi-quantitatively, aligning with previous  atively, for the same cloud radiative heating, less lat-
studies that have similarly emphasized the estimated ent heating (precipitation) is generated (figure 2).
linear relationship [23, 25]. Our study defines a lin- It indicates a relatively low precipitation efficiency
ear estimation for the R—P relation as the ratio of OLR  associated with CRE in convective storms. Similarly,
and precipitation anomalies over the tropics obtained a lower CRE parameter indicates a relatively high
through linear regression, named the CRE parameter  precipitation efficiency associated with CRE.
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Figures 1(d) and (e) compare the present-day
CRE parameters across GCMs with the observed
CRE parameter (0.075). The results show signific-
ant variance in model performance, with most GCMs
overestimating the CRE parameter. If comparing to
other sets of observation data, the CRE parameters
across GCMs still show a quantitative consistency—
overestimating relative to the observations (table S3).

Despite its simplicity, the CRE parameter remains
a valuable metric that measures different radiation-
convection interactions in both real world and GCMs.
The variation in the CRE parameters across differ-
ent GCMs is likely attributed to the different repres-
entations of cumulus convection, cloud microphys-
ics, turbulence, radiation, and their interaction in the
physical parameterization schemes, which affect pre-
cipitation efficiency and organization of convective
storms in GCMs [29, 30]. For example, a previous
study suggested that the shallow-to-deep transition
and the vertical wind shear in parameterizations are
crucial for simulating mesoscale organization of con-
vective systems, and, thereby, the R—P relation [25].
Another study suggested that conventional micro-
physics schemes have inconsistent formulations for
ice phase processes, and innovative scheme design is
needed to improve GCM microphysics [31].

4. Constraining the extreme precipitation
projection

Extreme precipitation in this study is defined using
a specified percentile of temporally and spatially
aggregated daily precipitation. All data points over
the tropics (20°S-20°N) during 2001-2014 are used
as analysis samples, representing the stable statistical
characteristics of tropical extreme precipitation under
a given climate state. The 99.9th percentile of pre-
cipitation is referred to as the extreme precipitation
intensity Pe 99.9, which is considered for main calcu-
lations. The scatter plots in figure 3 show the inter-
model correlations between the CRE parameters and
historical extreme precipitation as well as the future
extreme precipitation by the end of the 21st century
over the tropics. Strong negative correlations are evid-
ent in historical data and two warming scenarios. The
correlation coefficient reaches —0.94 for the historical
extreme precipitation and —0.85 (—0.76) under the
SSP2-4.5 (SSP5-8.5) warming scenario. The correla-
tions of other percentiles (98th, 99th, 99.5th, 99.8th,
and 99.95th) of precipitation and their correlation
uncertainties estimated via bootstrapping are shown
in figure S2. The robust negative correlations high-
light an emergent relationship, suggesting that the
CRE parameter can serve as a predictor to con-
strain the tropical extreme precipitation and may help
to reduce the inter-model uncertainties. Note that
the correlations for the 98th percentile of precip-
itation (Peog) are relatively weak (figure S2), thus,
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we exclude this case from subsequent emergent con-
straint calculations.

Regardless of the evolution of the CRE parameter
under climate change, the present-day CRE para-
meter calculated by historical simulations could be a
measure of the background state for convective storm
generation in a given GCM. When the CRE para-
meter is higher, although generating extreme precip-
itation requires stronger cloud-radiative heating, it is
constrained by the clouds’ limited capacity of radi-
ation absorption, thereby preventing extreme event
generation. Conversely, a lower CRE parameter sig-
nifies more efficient convection formation, facilitat-
ing extreme precipitation generation with reduced
reliance on extreme cloud radiative heating, thereby
increasing the likelihood of extreme event occur-
rence. Therefore, the present-day CRE parameters
can serve as an effective factor for constraining the
future extreme precipitation projections over the
tropics, with statistical (high correlations) and phys-
ical soundness. This constraint idea does not require
knowing the values of the future CRE parameter,
thereby avoiding the estimation bias associated with
the future CRE values.

Figure 3(a) illustrates the uncertainty on the
present-day CRE parameter, including the regression
uncertainty of the CRE parameter and the internal
variability estimated by the large ensemble members
in CMIP6 (text S3). The variance of the CRE para-
meter (0ot = 0.0002) is quite small. It is reasonable
since the CRE parameter is a relatively stable statistical
quantity due to the regression of a large sample and
does not vary much between the different simulation
realizations. Thus, the uncertainty of the CRE para-
meter does not mainly contribute to the total uncer-
tainty of the future projections.

Applying the emergent constraint, the total
uncertainties for the projected historical and future
Pe 99.9 are shown by the PDF in figures 3(c), (e) and
(g). These calculations encompass the uncertainty
on the internal variability and regression of present-
day CRE parameter (figure 3(a)), the uncertainty on
emergent constraint itself (gray areas in figures 3(b),
(d) and (f), the uncertainty on the internal variab-
ility of historical and future P. 99,9, and the uncer-
tainty associated with the inter-model differences
which is not explained by the emergent constraint
(the latter two not shown). For historical Pe 9.9,
the constrained PDF is centered at 81.92 mm d—},
with a 5%-95% confidence interval (CI) of 73.04—
90.32 mm d~'. Compared to the MMM P, 49 9 before
constraint (66.05 mm d~!), the constrained value
is closer to the observation (87.84 mm d~!). Under
the SSP2-4.5 scenario, the constrained projection
of future P, 99 9 reaches 92.74 mm d ', with a 5%-—
95% CI of 76.18-109.32 mm d~!. For the SSP5-
8.5 scenario, the constrained future P, g9 ¢ reaches
101.36 mm d~', with a 5%-95% CI of 79.22—
123.49mmd~".
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Figure 2. Schematic diagram of the physical meaning of the CRE parameter. On the left, it illustrates four scenarios. The first
column compares the cloud amounts under different CRE parameters when the precipitation (P) anomaly is the same. The
second column compares the precipitation amounts under different CRE parameters when the OLR anomaly is the same
(approximately equivalent to the same cloud amount or the same cloud radiative heating). On the right, the precipitation gener-
ation induced by the interaction between cloud microphysics and radiative flux is depicted. This process reflects the precipitation
efficiency associated with CRE.

Cloud microphysics

‘}IJ Radiative flux

Lower precipitation
efficiency

Precipitation
generation

Higher precipitation
efficiency

Precipitation

a
3e3
—— pdf
z |= = O0BS I
223 0 =229%-4
=)
g 1
£1e3
S |
[
o
0
0.073 0.074 0.075
CRE Parameter
b c
110 110
r=-0.94"*
100 y =-504.15x + 119.58
B B
s 9% 3 90.32
1 E
£ > £ 81.92
80
@ o
2 ! 2 73.04
s 70 | o
T ) T
2 g L
5 60 '3 S
2 '3 2
T 18 T pdf
1 R
50 T cipe: . 50 Inferred Pe
HIST | Cl:5-95%
40 ! 40
0.05 0.1 0 0.045 0.09
CRE Parameter Probability Density
e
130 130
120 r=-0.85""" 120
y = -546.28x + 133.82
110 110 N === == =] 109.32
3100 2 100 B
2 2 RS
£ £ = 2 2 = =09274 g
£ 9 - E 9 3
o 80 ’ & 80 @
B . £ el il 76.18 g
o 70 1 g o® 70 e
° | o o
5 60 '8 * A ERCY 2
5 ' 5 5
[ 2 [ o
50 1 | | P 50 | === pdf
! = = Inferred Pe
40 FCMIPG: ! 40
SSP2-4.5 ! Cl:5-95%
30 L 30
0.05 0.1 0.15 0 0.03 0.06

Figure 3. (a) The probability distribution of the possible values of the present-day CRE parameter (blue solid line), representing
the uncertainty of the CRE parameter. The observed value is at the center of the PDF (blue dashed line). The gray area repres-

ents the standard deviation range (£owoe = £4 /07 + 0%,) (text $3). (b) The scatter of present-day CRE parameters and the

99.9th percentile of precipitation (Pe,99.9) using historical data. The red line represents the ordinary least squares regression. The
gray area represents the fitting uncertainty, which is filled within the envelope of 1000 regression lines relative to 1000 resampled
regression coefficients. The gray dashed line indicates the value of the observed CRE parameter. (c) The probability distribution
of the possible historical Pe 99.9 after constraint (red solid line), representing the uncertainty of historical Pe,99.9 projection. The
mean value is shown by the red dashed line. The 5%-95% confidence intervals are shown in the light red area between the gray
dashed lines. (d) and (f) The same as in (b), but for the future Pe 99.9 under the SSP2-4.5 scenario and SSP5-8.5 scenario, respect-
ively. (e) and (g) The same as in (c), but for the future Pe 99.9 under the SSP2-4.5 scenario and SSP5-8.5 scenario, respectively. All

CRE Parameter

Probability Density

the calculations are considered within the tropics (20°S-20°N).

120

o
S

80

60

40

ACCESS-CM2 u
CMCC-CM2-SR5 X
<

ACCESS-ESM1-5

A CceEsv2-wAccM

CRE Parameter

CMCC-ESM2 WV CanESM5
EC-Earth3-CC EC-Earth3-Veg-LR EC-Earth3
FGOALS-g3 GFDL-CM4 IITM-ESM
INM-CM4-8 WV INM-CM5-0 » IPSL-CM6A-LR
KIOST-ESM ® MIROC6 B MPI-ESM1-2-LR
MRI-ESM2-0 ‘ NESM3 ‘ TaiESM1
fitting uncertainty = fitting
g
140
r=-0.76"""
y=-547.20x+14255 | | N\________ | 123.49
% 120
=
©
b}
Eign = = =) = -
‘ ° *x £ 100 101.36
‘ p 8 5
1 8
> 80Ff------=-=-+
:O ?1; 79.22
o I~
'8 A 2
13 Z
12 ¢ < 60| == pdf
! — = Inferred P,
CMIPE: ! u °
SSP5-8.5 ! Cl:5-95%
L 40
0.1 0.15 0 0.03 0.06

Probability Density




10P Publishing

Environ. Res. Lett. 21 (2026) 044003

Y Huang et al

a

-
[o2]
o

T T T T T

HIST:

-

S

o
L

IMERG  -e- Constraint
120 - T CI5-95% ~e~ MMM 1

— Max - - Min

Percentile of Precipitation

SSP5-8.5 scenario, respectively.

=
©
kel
€
£
5100 | _
s
% 80 I 1
@
o
o 60 1
£
§ | =  ___--
s w0 T/ 000 - -
L -
20 ‘ | ! ! !
99 995™M  g98™  999™ 9995
Percentile of Precipitation
b
160 . . . . .
>
g ol SSP2-4.5: |
E =~ Constraint I Cl:5-95%
5120  —o- MMM — Max 1
IS - - Min
= 100 4
(53
2
o 80 r 4
[0
£
S 60 -
5
w
© 40} 1
s Y & __.
2 .
w 20 ! ! I 1 L
g9 995M  g98™  999™  gg995™
Percentile of Precipitation
d
80 | SSP2-4.5: -
—o- Constraint I Cl:5-95%
<60 - MMM — Max 1
S - - Min
& 40 F 4
o
T
s
220 T | g
o T
v = pa L 1 .
OF =-—c--mmmm === m == === = m J
99! 995M  g98™  999™  g9.95 ™

Figure 4. (a) The CMIP6 projections and the emergent constraint results of historical tropical extreme precipitation at different
percentiles. The gray line represents the observational present-day extreme precipitation. The MMMs of historical extreme pre-
cipitation are shown in the blue line with dots. The other two blue lines show the model maxima and minima. The constrained
historical extreme precipitation is shown in the red line, with red error bars denoting the 5%-95% confidence intervals. (b), (c)
The same as in (a), but for the future extreme precipitation under the SSP2-4.5 scenario and the SSP5-8.5 scenario, respectively.
(), (d) The same as in (a), but for the fractional change of extreme precipitation AP, /P, under the SSP2-4.5 scenario and the

Cc
. 160 T T T T T
>
« -8.5:
S0l SSP5-8.5 |
E =&~ Constraint I Cl:5-95%
£120 1 —o- MMM — Max 1
3 - - Min
5100 1
o
o
a 80f J
[0}
€
S 60 - 1
5 | L1 ___--
Ll
e 40} 1
=} -
2 C-
T 5 . : : : ‘
g9 995™  998™  999™ 9995™
Percentile of Precipitation
e
80 [ SSP5-8.5: .
-o- Constraint I Cl:5-95%
K60 - MMM —M 1
S - - Min
& 40 ]
(&)
©
=
o
F 20+ .
<
w - -
o ~----=-----"7"7°7°7 i

99" 995M  99g™  ggg™h
Percentile of Precipitation

Further comparisons between the CMIP6 projec-
tions and the constraint results across various per-
centiles of precipitation are shown in figures 4(a)—
(c). In historical simulations and two warming scen-
arios, the GCMs in CMIP6, on average, underestim-
ate extreme precipitation. After our emergent con-
straint, the future extreme precipitation increases
to higher intensities and the uncertainty ranges are
significantly reduced, as evident in the comparison
between the 5%-95% ClIs of constraint results (red
error bars) and the inter-model scatters (thin blue
lines) in figures 4(a)—(c). For details, the uncertainty
of historical P 999 is reduced by 64.71%, and the
uncertainty of P 999 under the SSP2-4.5 scenario
(SSP5-8.5 scenario) is reduced by 40.87% (34.84%),

highlighting that our constraint method is effect-
ive. The imperfect model test with the assessment
of root mean square error, correlation, and coverage
ratio also demonstrates the validity of our constraint
method (figure S3).

Because the CRE parameter is a quantity
used to characterize a climate state, it cannot
be directly used to constrain a variable that
includes an increment in the traditional way.
This is also demonstrated by the low inter-model
correlations between the present-day CRE parameter
and fractional change of extreme precipitation by the
end of this century relative to the historical period
(APC/PS = (Pe,future - Pe,present)/Pe,present X 100%)
over the tropics (table S6). Therefore, we calculate
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the constraint of fractional change AP, /P, using the
constrained results of historical and future extreme
precipitation rather than applying full emergent con-
straint processes, which is referred to as an ‘indirect’
constraint.

The constraint results for the fractional change
are shown in figures 4(d) and (e). After applying the
constraint, the fractional increases in tropical extreme
precipitation by the end of the 21st century (relat-
ive to the present) become lower compared to the
MMM before constraint, and the uncertainty ranges
are significantly reduced under both warming scen-
arios. For example, considering the 99.9th percent-
ile of precipitation: the AP, /P, lowers from 14.86%
(MMM) to 13.02% under the SSP2-4.5 scenario, and
its uncertainty is reduced by 62.23% from 2.02%—
44.67% inter-model scatter to a constrained 5%—95%
CI 0f 4.30%-20.40%; the AP, /P, lowers from 28.85%
(MMM) to 23.75% under the SSP5-8.5 scenario and
its uncertainty range narrows from 5.38%-71.37% to
8.46%—-36.01%, with a reduction of 58.25%. Contrary
to the underestimation of future tropical extreme
precipitation intensity, most GCMs in CMIP6 over-
estimate the AP./P.. It indicates that those GCMs
misrepresent how fast extreme precipitation intensity
grows under global warming. Despite the future trop-
ical extreme precipitation will intensify to a higher
degree, it is reassuring that it will grow at a more mod-
erate pace.

In addition, we also roughly estimate the cli-
mate sensitivities of tropical extreme precipitation to
global warming without constraining the temperat-
ure. According to the CMIP6 simulations, the MMM
global temperature rise by the end of the 21st cen-
tury is 1.96 K and 3.73 K for the medium- and high-
emission scenarios, respectively. It implies that, for
example, the corresponding constrained sensitivit-
ies of tropical P, 999 are approximately 6.73 %K™!
and 6.36 %K', lower than the unconstrained sens-
itivities 7.58%K ! and 7.66%K~!. These rates are
slightly lower than the 7%K™! sensitivity sugges-
ted by the Clausius—Clapeyron scaling. The more
moderate sensitivities are plausible, given that the
dynamical processes, such as large-scale circulations,
will exert negative influences under global warm-
ing, partially offsetting the thermodynamic effects
[32].

5. Conclusion and discussion

We explored the statistical relationship between
radiation and precipitation over the tropics at indi-
vidual grid cells, where OLR decreases nonlinearly
with increasing precipitation. To quantify this R—P
relation, we introduce the ‘CRE parameter’, defined
as the ratio of OLR and precipitation anomalies. The
observed present-day CRE parameter is 0.075, while
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most GCMs overestimate it. The metric captures the
critical role of CRE in modulating tropical convec-
tion. The different representations of R—P relations
across GCMs are likely attributed to the differences
in their physical parameterization schemes, such as
cloud microphysical processes. Therefore, the R—P
relation not only encapsulates the balance between
radiative heating and latent heating anomalies in
convective storms, offering valuable insights for bet-
ter comprehending the cloud-radiation-convection
feedback, but also serves as an effective measurement
for model evaluation.

While our results focus on the R—P relation
in tropical regions, whether this relationship can
be extended to other regions remains unclear and
requires further calculations and investigation. In
particular, applications to higher latitudes may need
to account for additional factors such as latitude-
dependent area weighting and the influence of hetero-
geneous lower boundary conditions brought by the
continents.

The projections of historical and future extreme
precipitation, as well as their fractional change,
exhibit significant uncertainties across GCMs. Due to
the emergent relationship with high inter-model cor-
relations between the present-day CRE parameter and
extreme precipitation over the tropics, the R—P rela-
tion provides an alternative possibility to constrain
the extreme precipitation projections. Under the
medium-emission (high-emission) warming scen-
ario, the constrained P 999 reaches 92.74 mm d~!
(101.36 mm d~'), with uncertainty reduced by
40.87% (34.84%). The constrained future P g9.9 is
larger than the unconstrained MMM. Its correspond-
ing fractional increase by the end of the 21st century
is lowered from the unconstrained value of 14.86%
(28.85%) to 13.02% (23.75%) after applying the con-
straint, and the uncertainty is significantly reduced by
62.23% (58.25%). These constraint results highlight
that the CMIP6 models underestimate the intens-
ity of future tropical extreme precipitation while
overestimating its fractional change. It is known that
GCMs underestimate extreme precipitation intens-
ity due to their coarse resolutions. Qur emergent
constraint yields more realistic projections for future
periods, providing both theoretical insight and prac-
tical value. Despite the future tropical extreme precip-
itation will intensify to a higher degree, it is reassuring
that it will grow at a more moderate pace, not as large
as previous studies suggested.

Despite the limited length of the historical precip-
itation and OLR records available for calculating the
observed CRE parameter over the tropics, our study
still offers a novel perspective on understanding the
CRE. The CRE parameter is introduced for the first
time to constrain the precipitation-related quantities,
demonstrating significant effectiveness. In addition
to its novelty, the CRE parameter is a stable metric
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with very small uncertainty (including both internal
variability and regression uncertainty), which helps
reduce the total uncertainty in emergent constraint.
Our emergent constraint also complements previ-
ous studies, which primarily focus on atmospheric
dynamics, interannual variability, and physical para-
meterizations in understanding the tropical extremes.

Note that the calculation of extreme precipita-
tion in this study has limitations, as the temporal
and spatial aggregation of precipitation data may arti-
ficially increase the effective sample size and influ-
ence extreme precipitation estimates due to non-
independence among individual grids. Consequently,
the spatial correlations and regional-scale charac-
teristics of the R—P relation and extreme precipit-
ation warrant further investigation. Previous stud-
ies have demonstrated the feasibility of constrain-
ing future projections at regional scales [8, 19, 20].
In this context, we present an additional, prelimin-
ary analysis of the spatial inter-model correlations
between the CRE parameter and future extreme pre-
cipitation in figure S4. Statistically significant cor-
relations are found over the warm pool region and
the Intertropical Convergence Zone, suggesting that
the emergent relationship is regionally dependent.
Our future work will focus on the regional R—P rela-
tions (or their spatial distribution) and their poten-
tial to constrain future hydrological responses across
the tropics and even higher latitudes, which could
provide valuable insights for improving regional cli-
mate adaptation.
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