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Abstract This paper evaluates the biases, defined as deviations from ERAS, in extreme precipitation linked
to tropical cyclones (TCs), extratropical cyclones (ETCs), and atmospheric rivers (ARs) in Coupled Model
Intercomparison Project Phase 6 (CMIP6) models during 1985-2014. Overall, the multi-model ensemble
significantly overestimates the intensity of storm-associated extreme precipitation, with global average biases of
19.1% for TCs, 11.4% for ETCs, and 12.2% for ARs. This corresponds to at least a 57% higher risk of storm-
associated extreme precipitation above the 99.9th percentile in the models. The skill score of the CMIP6 multi-
model ensemble mean ranks in the mid-range among the models, while high-resolution models typically
achieve higher scores. Composite rainfall structure analysis indicates that, although CMIP6 models roughly
reproduce the overall structure of extreme precipitation associated with the three storm types, they display
significant wet biases with pronounced regional features. These regional differences are primarily influenced by
flawed dynamical processes, while moisture conditions play a secondary role.

Plain Language Summary Events such as tropical cyclones (TCs), extratropical cyclones (ETCs),
and atmospheric rivers (ARs) often lead to extreme precipitation, resulting in significant socio-economic
damage. Therefore, understanding their potential future changes is crucial. However, climate models, which
serve as the primary tools for studying these phenomena, continue to exhibit pronounced biases in reproducing
storm-associated extreme precipitation. This study aims to quantify the characteristics of biases in extreme
precipitation associated with TCs, ETCs, and ARs in the latest climate models participating in the Coupled
Model Intercomparison Project Phase 6 (CMIP6). Overall, CMIP6 models tend to overestimate the average
intensity of all three types of extreme precipitation, particularly for TCs. Additionally, these models only
partially capture the spatial patterns and composite structures of these extremes. These inaccuracies, often
referred to as “wet biases,” are primarily driven by incorrect dynamic processes.

1. Introduction

Global warming is expected to change the magnitude and spatio-temporal patterns of precipitation (Papalexiou &
Montanari, 2019; Wentz et al., 2007), with such changes projected to have long-term consequences for eco-
systems, human societies, and the stability of the global hydrological cycle (Nissen & Ulbrich, 2017; Pall
et al., 2011). Climate models are widely considered the most reliable tools for simulating current and future
climate change in precipitation and have supported the conclusions of several Intergovernmental Panel on
Climate Change Assessment Reports (Masson-Delmotte et al., 2021; Solomon, 2007; Stocker et al., 2014).
However, despite considerable efforts to improve model performance, pronounced biases in extreme precipitation
still persist among state-of-the-art climate models in the Coupled Model Intercomparison Project Phase 6
(CMIP6, Eyring et al., 2016; S. Kim et al., 2020; Seneviratne et al., 2021; Wehner et al., 2020). Previous studies
reveal general wet biases in extreme precipitation, with regional discrepancies over Northeast Brazil, Southeast
Asia, and China exceeding 15%, 40%, and 85%, respectively (de Medeiros et al., 2022; Seneviratne et al., 2021;
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H. Zhu et al., 2020). These biases pose a critical challenge to the accuracy of future climate change projections for
societal needs.

Many heavy rainfall events are associated with weather phenomena, including tropical cyclones (TCs), extra-
tropical cyclones (ETCs), and atmospheric rivers (ARs). For example, from 25 August to 1 September 2017,
Hurricane Harvey brought over 1,200 mm of rainfall, triggering catastrophic flooding and causing estimated
losses of $128.8 billion (Smith, 2020). Previous studies have shown that these storms contribute a significant
portion of the extreme precipitation totals (e.g., Prein et al., 2023; Reed et al., 2023; W. Wu et al., 2024).
Zhao (2022) identified storms in a high-resolution climate model and found that ARs, tropical storms, and
mesoscale convective systems contributed 39.08%, 7.13%, and 28.12%, respectively, to the top 1% of daily
precipitation. However, as highlighted in previous studies using individual models (Reed et al., 2023; W. Wu
et al., 2024), substantial biases persist in storm-associated precipitation extremes. Therefore, understanding these
biases is critical for improving model simulations.

Identifying the weather features of storms and further tracking their movement is an established method for
studying storms in climate models. Such feature-tracking algorithms can capture the spatial distribution of storms
and related precipitation. However, differences in storm frequencies identified by various algorithms can be
substantial (Roberts et al., 2020). Therefore, to minimize the influence introduced by these differences, this study
mainly focuses on evaluating precipitation intensity rather than the amount of precipitation. In this study, we aim
to reveal storm-related extreme precipitation biases and investigate the mechanisms involved in these biases
through a comprehensive multi-model and multi-system analysis. This paper is arranged as follows: Section 2
briefly introduces the data sets and methods used in this study. In Section 3, we assess the mean state charac-
teristics, examine structural features of the heavy rainfall biases, and explore the physical mechanisms behind
these biases. The conclusions and discussion are presented in Section 4.

2. Data and Methods
2.1. Reanalysis Data Set and Models Output

In this study, the 6-hr and daily output for the period 1985-2014 from 14 CMIP6 models (Table S1 in Supporting
Information S1) is used, with only one realization of the historical experiment from each model included. Details
on the selection of models are in Text S1 of Supporting Information S1. Model performances were evaluated
against ERAS, with a horizontal resolution of 0.25° (Hersbach et al., 2020). The variables used include two-
dimensional fields like precipitation and sea-level pressure, and three-dimensional fields such as geopotential
height, zonal and meridional winds, vertical velocity, and specific humidity.

To minimize errors introduced from interpolating processes, ERAS data was first interpolated using an areal-
weighted (conservative) method to match the resolution of each CMIP6 model. The indices of storm precipita-
tion extremes were calculated at the resolution of each model. Subsequently, these results were interpolated to a
uniform 2° X 2° grid for calculating the multi-model ensemble mean (MME). With its long-term, high-resolution
global coverage, ERAS has been commonly used to evaluate model performance in storm and extreme precip-
itation, including in IPCC-AR6 (Masson-Delmotte et al., 2021) and in numerous other studies (e.g., Dong &
Dong, 2021; Y.-H. Kim et al., 2020; Tian et al., 2024). Throughout this study, unless otherwise noted, all biases
are with respect to ERAS. To gauge the uncertainty of using ERAS as a reference, five additional gridded data sets
are analyzed, as detailed in Text S2 of Supporting Information S1.

2.2. Tracking Methods

The TCs, ETCs, and ARs are diagnosed from models and reanalysis using the feature-tracking algorithms
embedded in TempestExtremes (P. A. Ullrich & Zarzycki, 2017; P. A. Ullrich et al., 2021). TC centers are
identified as local sea-level pressure minima with a vertical warm core, determined by a minimum threshold of
geopotential thickness between 250 and 500 hPa. ETC centers follow a similar approach but exclude the warm-
core criterion. As described in McClenny et al. (2020) and W. Wu et al. (2024), ARs are detected as ridges in the
Integrated Vapor Transport (IVT) field, where the Laplacian of IVT meets the specified threshold. Further details
on storm detection and the passage frequency of each storm type, as well as the related discussion are provided in
Text S3 in Supporting Information S1.
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2.3. Attribution of Precipitation to Weather Systems

Following Hawcroft et al. (2012) and Utsumi et al. (2016), daily precipitation within a grid box was attributed to
weather systems within a given distance during any 6-hr period over one day. The search distances were 500 km
for the TC center and a static 12° radius of great circle distance for the ETC center (Hawcroft et al., 2012; Jiang &
Zipser, 2010; Utsumi & Kim, 2022; Zarzycki, 2018). Because model output lacks the variables needed for a
dynamic radius, we adopted fixed (hard coded) radii, while recognizing that this approach lead to precipitation
overestimation in some cases (Stansfield et al., 2020). The AR precipitation was defined based on the IVT-
detected region. Furthermore, to avoid double counting, following Zhao (2022) and W. Wu et al. (2024), pre-
cipitation at grid points associated with multiple weather systems is prioritized as follows: TC first, followed by
ETC, and finally AR. Note that the classification of AR-related extreme precipitation may be influenced by the
strong coupling between AR and ETC. To minimize the influence of ETC when classifying AR-related pre-
cipitation, we applied a larger radius of 12°. Therefore, strictly speaking, the identified AR-related extreme
precipitation represents only part of the extreme precipitation associated with AR.

2.4. Calculation of Relative Skill Scores for Individual Models in Extreme Precipitation Simulation

Relative skill scores are used to assess the performance of individual models in simulating extreme precipitation
intensity on global and regional scales. These scores are determined by calculating the mean absolute bias for each
model (m;), which is globally or regionally averaged over only those grid points where both the model and ERAS
have valid values. For each model i, we calculate the relative skill score by the following formula,

Myax — M;
s = ———

(1

Myax — Mhnin

Here, my,,, and my;, refer to the maximum and minimum mean absolute bias among all models. Thus, a higher
score indicates a better performance of the model.

3. Results
3.1. The Mean Storm-Associated Extreme Precipitation Biases in CMIP6

The spatial distribution of the MME intensity of the top 5% daily precipitation (R95p) over wet days (>0.1 mm/
day) for all (referred to as Total), TC, ETC, and AR days is shown in Figures 1a—1d. As can be seen, the spatial
patterns of extreme precipitation intensity by CMIP6 closely resemble those in ERAS (Figure S3 in Supporting
Information S1). It is not surprising to observe that TC-related extreme precipitation exhibits the highest intensity,
while the intensity distribution for ETC and AR days is comparable to that for Total extreme precipitation, likely
due to the higher fraction of ETC and AR days contributing to the Total (Figure S4 in Supporting Information S1).
Although the extreme precipitation intensity of TCs is stronger over the Indian continent, their contribution to the
Total is very low. The biases in extreme precipitation intensity (CMIP6 minus ERAS) for Total and the three
storm types are shown in Figures 1e—1h. Globally, CMIP6 models generally overestimate the Total-, TC-, ETC-,
and AR-associated R95p, showing global wet biases of 18.4% (2.72 = 3.43 mm/day), 19.1% (5.96 £+ 7.01 mm/
day), 11.4% (1.99 + 2.15 mm/day), and 12.2% (2.65 *+ 3.38 mm/day), respectively. Significant wet percentage
biases in Total precipitation are primarily found in tropical regions, including the tropical Pacific and South
Atlantic, while dry percentage biases are mainly limited to the equatorial Pacific and equatorial Atlantic. For TCs,
wet biases are observed in most regions, especially in the Southwest Indian Ocean (SWIO), where wet biases
reach 29.8% (10.3 = 6.03 mm/day). Meanwhile, the spatial distribution of biases associated with ETCs and ARs
exhibits a similar pattern, consistent with the frequent connection between ETCs and ARs reported in existing
studies (Zhang et al., 2019; Y. Zhu & Newell, 1998), as ARs are often linked to ETC cold fronts.

The overestimation or wet bias in extreme precipitation is further highlighted in the zonal mean of the R95p biases
(Figures 1i—11), with the multi-model mean biases remaining positive across all latitudes. However, the diverse
gray lines indicate the biases exhibit considerable intermodel spread. It is evident that the zonal mean biases are
generally larger in the tropics compared to the middle and high latitudes. In particular, the zonal mean of Total
R95p percentage biases shows a peak positive bias between 0° and 30°S (maximum: 80.11%), a pattern also
observed in previous studies (Y.-H. Kim et al., 2020; Seneviratne et al., 2021). Compared to ETCs and ARs, the
zonal mean of R95p biases in TCs exhibits a relatively higher magnitude and greater uncertainty (Figure 1j). The
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Figure 1. Spatial distribution of extreme precipitation intensity (R95p) by Coupled Model Intercomparison Project Phase 6 (CMIP6) multi-model ensemble mean
(MME) for (a) Total, (b) tropical cyclone (TC), (c) extratropical cyclone and (d) atmospheric river wet days, respectively, during the period 1985-2014. (e-h) As in
(a—d), but for the fractional biases between CMIP6 MME and ERAS, with their zonal mean shown in (i-1). (m) Regional averaged R95p bias across the eight regions
outlined by blue boxes in (e-h). Dots in (e-h) indicate regions with 95% statistical significance, determined by a Student's #-test. Regions with low occurrence of extreme
precipitation (bottom 25%; an additional 1-day threshold for TCs) are filtered out. High-elevation regions (>1,500 m) and dry regions with daily precipitation intensity
below 0.5 mm d™" are masked in gray. Numbers in the upper right represent their global averages.

biases in all types of extreme precipitation are nearly identical between land and ocean (Figure 1m). However, the
R95p biases for Total and the three storm types vary among regions. Wet biases over SWIO and Southern Asia
(S.As) are significantly greater than in other regions, while Eastern Asia (E.As), North America (N.Amr), and
South America (S.Amr) exhibit biases of a similar magnitude to the global average. Models perform well in
simulating storm-associated extreme precipitation in Northern Europe (N.Euro), the Mediterranean (Medit), and
Australia (Aust), though they show significant biases for TCs in Aust.
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Here, all model biases are derived with respect to ERAS. Considering that previous studies highlight significant
uncertainties among different reference precipitation products (Gehne et al., 2016; Sun et al., 2018), we employ
five observational data sets in addition to ERAS to assess the uncertainty of ERAS-based analyses (details
provided in Text S2 in Supporting Information S1). As shown in Figures S6-10 in Supporting Information S1, the
modeling wet biases based on four of these six data sets (including ERAS) exhibit similar patterns and magni-
tudes, whereas CMORPH- and IMERG-based results manifest as dry biases. Likely due to insufficient data
sources, discrepancies among data sets are much larger over the ocean than on land. The uncertainties in different
precipitation products are further addressed in the Section 4.

We use the relative skill score, as described in Section 2, to evaluate the ability of the 14 individual models and
their MME in simulating extreme precipitation (R95p). The skill scores for Total and the three storm types are
shown in Figure 2. For all four precipitation types, the CMIP6 MME skill scores rank in the middle range among
the models. The model horizontal resolution has a notable influence, with lower-resolution models generally
demonstrating weaker skill in capturing extreme precipitation. Models with a resolution coarser than 1° tend to
rank in the bottom 50% for Total R95p and encounter similar challenges in simulating R95p for TCs, ETCs, and
ARs. Furthermore, for models from the same institution, the high-resolution ones often outperform their low-
resolution counterparts, such as CNRM and HadGEM3-GC31 models. Additionally, models developed by the
same institution often exhibit similar rankings in skill scores for R95p, reflecting shared design features. Models
that excel in simulating Total R95p typically also perform well in capturing R95p related to TCs, ETCs, and ARs.
For instance, top-performing models such as CMCC-CM2-SRS5, CMCC-CM2-HR4, and TaiESM1 demonstrate
high skill across all three storm types.

3.2. Daily Precipitation PDFs and Risk Ratio of Storm-Associated Extreme Precipitation

Biases in precipitation extremes are inherently linked to how well CMIP6 reproduces daily precipitation prob-
ability distributions. Figures 3a—3c display the daily precipitation probability density functions (PDFs) for Total,
TC, ETC, and AR days. Compared to ERA5, CMIP6's PDFs for all four precipitation types show notable upshift
deviations in the extreme right tails, indicating more frequent extreme daily precipitation, consistent with pre-
vious studies (e.g., Na et al., 2020). These deviations are consistent across global, land, and ocean averages,
though the magnitude varies, with the most significant deviation in Total. Meanwhile, CMIP6 exhibits a higher
probability density in precipitation of less than 0.2 mm/day. This finding aligns with the fact that the “drizzling”
bias persists across generations of climate models (Dai, 2006; Hagos et al., 2021).

To quantify the exaggerated risk of storm-associated extreme precipitation, linked to the upshift deviations of the
precipitation PDF, we use the risk ratio, between models and reanalysis, expressed as

[ 1;7 dp’

— Ps . 2
) /ﬁoo P;)/ dp/ ( )

r[’(ﬁs

The term r, (1‘15) is the risk ratio for the probability of the daily precipitation intensity exceeding p,, that is,
precipitation intensity at the S percentile, with 1;’/ and P;/ representing the probability densities in CMIP6 and

ERAS5 (Martinez-Villalobos & Neelin, 2018). If r,(p,) > 1.0 (r,(p,) < 1.0), a higher (lower) fraction of daily
precipitation intensity exceeding p, can be found in CMIP6 compared to ERAS. Figures 3d-3f show the risk
ratios for total daily precipitation, as well as TC-, ETC-, and AR-associated daily precipitation across the same
regimes as Figures 3a—3c. The ratios for the four precipitation types rise exponentially with increasing precipi-
tation intensity across all three regimes, with the Total showing the strongest magnitude. This implies that the
absolute biases tend to be amplified for extremes. For instance, for precipitation exceeding ERAS's 99.9th
percentile (P99.9), the ratios for TCs, ETCs, and ARs show notable increases of 1.57, 1.95, and 1.88, respectively.
Despite the significant increase to 2.79 for Total, this is largely driven by fractional biases in low-latitude dry
regions (see Figure S11 in Supporting Information S1).

3.3. Composite Biases in Storm-Associated Extreme Precipitation

To further investigate the bias features associated with storm structures for the three storm types, the composite
extreme rain rate based on all detected storm snapshots, reflecting the pattern of the probability map, is examined
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Figure 2. Skill scores of 14 individual Coupled Model Intercomparison Project Phase 6 (CMIP6) models and their multi-
model ensemble mean (CMIP6 MME) in reproducing global and regional mean R95p for (a) Total, (b) tropical cyclone,
(c) extratropical cyclone, and (d) atmospheric river. Models with grid resolution coarser than 1° are indicated with red labels.
The order of models for each type of precipitation is determined based on the ranking of their global skill scores.
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Figure 3. The probability density functions (PDFs) of Total, tropical cyclone (TC), extratropical cyclone (ETC), and atmospheric river (AR) daily precipitation over
(a) global, (b) land, and (c) ocean (Total PDFs X 107, TC PDFs x 10%, ETC PDFs x 10~!, AR PDFs x 107°). The risk ratios of Total, TC, ETC, and AR daily

precipitation over (d) global, (e) land, and

(f) ocean in Coupled Model Intercomparison Project Phase 6 (CMIP6) models. Shading represents the standard deviation of

the risk ratios across the multi-model ensemble. The bottom x-axis represents the positions of different intensity percentiles, and the upper x-axis indicates their

corresponding precipitation intensities.

(Figure 4). As TC precipitation featured asymmetries induced by the vertical wind shear, we thus use the shear
vectors to rotate individual precipitation snapshots before compositing TC extreme precipitation. As such, the
positive y-axis aligns with the direction of the shear vector, and all TC snapshots are unified to maintain a
counterclockwise direction as in the Northern Hemisphere. These vectors are calculated as differences in hori-
zontal winds between 250 and 850 hPa over an annulus between 200 and 800 km (DeMaria et al., 2005; Moon
et al., 2022). Unlike TCs, the composites for ETCs and ARs are generated with TempestExtremes directly by
averaging the spatial patterns around storm centers (centers of AR are defined as the geometric centroid of the
detected areas), with the latitudes from the Southern Hemisphere reversed.

For TC composites, high rainfall intensity is observed in the downshear-left quadrant for both CMIP6 MME and
ERAS (Figure 4a). However, CMIP6 models markedly overestimate the extreme rainfall intensity, particularly
forming a prominent positive R95p bias band in the upshear-left and right-of-shear quadrants, with the maximum
bias (28.6%) located in the upshear-right quadrant (Figure 4b). Note that high-intensity rainfall in ERAS is
positioned closer to the center (Figure S12a in Supporting Information S1), resulting in a dry bias around the core
of TC composites.

For ETCs, the R95p composites for both CMIP6 and ERAS reveal distinct frontal structures between the pole-
ward cold air masses and the equatorward warm air masses (Figure 4¢). As such, lower rain rates are observed in
the west and poleward quadrant, while the other three quadrants exhibit higher rain rates, with the high rain rate
located within about 600 km eastward and poleward of the center, consistent with previous findings (e.g.,
Hawcroft et al., 2017; Kodama et al., 2019; Yettella & Kay, 2017). Compared to ERAS, CMIP6 MME shows a
prominent positive R95p bias in the warm sector to the southeast of the cyclone center (Figure 4f), while the cold
sector exhibits a relatively minor bias.
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Figure 4. Composite precipitation rate (mm/day) of (a) tropical cyclone (TC), (e) extratropical cyclone (ETC), and (i) atmospheric river (AR) extreme precipitation days
for Coupled Model Intercomparison Project Phase 6 (CMIP6) models, with fractional biases shown in (b), (), and (j). The black thick arrows denote the direction of the
shear vector for TCs and point poleward for ETCs and ARs. Composite fractional biases in vertically averaged vertical velocity @ and vertically integrated specific
humidity ¢ conditioned on the occurrence of extreme precipitation related with (c, d) TC, (g, h) ETC, and (k, 1) AR. The composite 850 hPa anomalous winds are also
shown for ETC in (g, h). The prioritization method described in Section 2.3 is not applied in these results. Due to model output limitations, HadGEM3-GC31-MM is
excluded here. Numbers in the top-right of (a, e, i) represent the average snapshot size per year for each CMIP6 multi-model ensemble mean composite. The units of the

axes are km.
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The composite frequency (Figure S13 in Supporting Information S1) indicates that AR extreme precipitation is
concentrated within a southwest-northeast-orientated band surrounding the centroid of the AR area. This pattern
reflects the typical structure of an AR, with an eastward turn as it transports water vapor from low latitudes to mid-
to-high latitudes. Unlike the TC and ETC composites, which exhibit pronounced regional variations with maxima
in specific areas, the AR composite R95p shows relatively subtle spatial differences (Figure 4i). Specifically, AR
extreme precipitation intensity mostly ranges between 24 and 29 mm/day, with a spatial standard deviation of
1.10 mm/day, in sharp contrast to the intensity variations of 8.54 and 2.30 mm/day associated with TC and ETC,
respectively. Intensity biases in AR extreme precipitation all exceed 5%, with the prominent biases over 8% in the
warm sector, that is, the southeast side to the AR area centroid (Figure 4j).

3.4. Circulation and Moisture Effects in Shaping Biases of Storm-Associated Extreme Precipitation

We use vertically integrated specific humidity (g), representing the moisture effect, and vertically averaged
vertical velocity (w), representing the circulation effect, to investigate the possible mechanisms underlying these
biases, following approaches used in previous studies (Muller & Takayabu, 2020; O’Gorman, 2015; Pfahl
etal., 2017). As indicated by the composites, the spatial structure of TCs' extreme precipitation intensity for both
CMIP6 MME and ERAS is primarily determined by w, with pattern correlations of 0.94 and 0.92, respectively
(Figure S14 in Supporting Information S1). For ETCs and ARs, both @ and g contribute to the regional differences
in precipitation extremes (Figures S15-16 in Supporting Information S1), with the peak precipitation of ETCs
resulting from the combined effects of strong ascent and abundant water vapor associated with the warm conveyor
belt (Field & Wood, 2007). Similarly, the maximum precipitation in ARs, located on the southeast side of the AR
area centroid, corresponds to areas with elevated w and ¢ magnitudes.

When considering the biases in storm-associated extreme precipitation, for TCs, the spatial distribution of
composite fractional biases in @ resembles that of R95p (Figure 4c), while fractional biases in g exhibit only a
minor or even negligible contribution (Figure 4d). This indicates that biased circulation dominates biases in TC
extreme precipitation. Additionally, we used the lower-middle level mean relative humidity, a variable commonly
employed in TC studies, to estimate the contribution of the moisture effect. The results show a similar pattern to
that of specific humidity (Figures S17e and 17f in Supporting Information S1). In the case of ETCs, prominent
wet biases in the southeast side of the cyclone center are largely attributed to the @ biases (Figure 4g). Note that
though the R95p bias in the northwest quadrant is not significant, it results from a cancellation between anom-
alously strengthened vertical ascent and drier moisture conditions (Figures 4g and 4h). The overestimated upward
motion is mainly associated with anomalous wind convergence (850 hPa) in the western part, whereas anomalous
northerly wind creates a drier environment in the northwest. When it comes to ARs, both circulation and moisture
effects contribute to wet biases, with biased circulation playing a primary role (Figures 4k and 41).

4. Conclusions and Discussion

Based on historical simulations from 14 CMIP6 models, we assess the biases in storm-associated extreme pre-
cipitation during the period 1985-2014. Note that bias specifically refers to deviations from ERAS5. CMIP6
models exhibit a similar spatial pattern but significantly overestimate the mean intensity of storm-associated
extreme precipitation, with global wet biases of 19.1% (5.96 + 7.01 mm/day), 11.4% (1.99 + 2.15 mm/day),
and 12.2% (2.65 + 3.38 mm/day) for TCs, ETCs, and ARs, respectively. Furthermore, these biases manifest
prominent regional differences, with larger deviations in regions like the Southwest Indian Ocean and South Asia,
while North Europe and the Mediterranean have the smallest biases. The overestimation of extreme precipitation
indicates a higher risk of such events in CMIP6 compared with ERAS, with the likelihood of extreme precipitation
exceeding the 99.9th percentile associated with TCs, ETCs, and ARs being approximately 1.57, 1.95, and 1.88
times larger, respectively.

Skill scores reveal that performance in reproducing storm-associated extreme precipitation is closely tied to
horizontal resolution, with lower-resolution models generally performing worse. Models from the same institutes
share similar rankings regardless of resolution, suggesting that model configurations also significantly impact the
simulation of storm-associated extreme precipitation.

We composited storm-associated extreme precipitation centered on storm centers to reveal the biases in rainfall
structures and the possible mechanisms. Composite analysis indicates that CMIP6 models roughly captured the
rainfall structures related to TCs, ETCs, and ARs as ERAS. For instance, models effectively reproduced vertical

LIET AL.

9of 12

858017 SUOWWOD 3AIIR1D 8|t [dde au Ag peuseAob e Sa[o1e YO ‘88N JO S3INJ 0} A%eiq18UIIUO /8|1 UO (SUOHIPLIOD-PUR-SWIRYLIO A8 1M ARIq 1 BU1|UO//:SANL) SUORIPLOD PUe SWe | 83U 89S *[5202/80/70] U A%iqiauljuo A8 (1M ‘G9ESTT 195202/620T 0T/I0p/wiod e Areigijpuluosqndnfe//sdny wouy papeojumoq ‘ST ‘5202 ‘20087v6T



ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2025GL115365

Acknowledgments

This study was supported by the National
Natural Science Foundation of China (No.
42125502), Sichuan Science and
Technology Program (No. 25LHJJ0328),
National Natural Science Foundation of
China (Nos. 42375037, 42005118,
42205008), the Data Observatory
Foundation ANID Technology Center
(No. DO210001), the Proyecto ANID
Fondecyt Iniciacion 11250471, the Key
Grant Project of Science and Technology
Innovation Capacity Improvement
Program of CUIT (KYTZ202501) and the
National Key Scientific and Technological
Infrastructure Project Earth System
Numerical Simulation Facility (EarthLab,
Nos. 2023-EL-PT-000465, 2024-EL-PT-
000781). We sincerely thank the editor, Dr.
Christina Patricola, for her guidance
throughout the review process, and we are
also grateful to the two anonymous
reviewers for their insightful and
constructive comments, which have
greatly improved the quality of this
manuscript.

wind shear-induced rainfall asymmetries in TCs. However, biases have significant structural features. For TC
extreme precipitation, wet biases with a banded structure appear in the upshear-left and right-of-shear quadrants,
while a dry bias is observed at the center. In the composites for ETCs and ARs, wet biases are present in most
areas, with larger biases occurring east and equatorward of the storm center. Analysis of circulation and moisture
effects indicates that wet biases in storm-associated extreme precipitation are dominated by biased vertical ve-
locity (w), as the spatial patterns of composite fractional biases in @ closely align with those of extreme pre-
cipitation. Meanwhile, the moisture effect, represented by fractional biases in column-integrated specific
humidity, is of smaller magnitude, indicating its secondary role. Our results provide useful insights into models'
performance in simulating TC, ETC, and AR-associated extreme precipitation, aiding in identifying CMIP6
models for more constrained future climate projections.

Interpreting model biases was challenging because considerable uncertainties exist for extreme precipitation
across products. As previous studies noted, no single precipitation product can outperform others in representing
extreme precipitation across all regions (Gebrechorkos et al., 2024; Rajulapati et al., 2020; Q. Wu and
Wang, 2019). Therefore, the errors introduced by the choice of reference data sets are unavoidable. Although
three additional data sets coincided with ERAS-based analysis, we must acknowledge that biases from different
data sets may involve considerable uncertainty and some apparent wet biases may also result from the under-
estimation of ERAS in extreme precipitation. We believe that future improvements in precipitation observations,
particularly over oceanic regions, could help enhance the reliability of model evaluations.

Data Availability Statement

The CMIP6 data used is available from https://esgf-node.llnl.gov/search/cmip6/. The ERAS reanalysis data is
available at Hersbach et al. (2023a, 2023b). TempestExtremes software is available at P. Ullrich et al. (2025).
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