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Key Points:

e Two convective parameters and three cloud ice parameters are identified as crucial for
simulating tropical Pacific precipitation in CAM6

e Nonlinear effects of parameters are critical for mean precipitation simulation and an
interpretation of underlying processes is provided

e Some biases in simulating precipitation in PPE experiments align with that in AMIP
simulations, offering implications for advancing AGCMs
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Abstract

In this study, we examined the key parameters within deep convection scheme and cloud
physics scheme of the CAM6 model to ascertain their significance and influence on simulating
mean precipitation in the tropical Pacific. Through simultaneously perturbing twelve selected
parameters from deep convection and cloud physics schemes, we conducted perturbed
parameter ensemble (PPE) experiments with 128 members. Our analysis uncovered that the
parameters showing the most influential effects on tropical Pacific precipitation simulations can
be separated into two distinct categories: those primarily governed by the convection scheme,
which reflects the competition between convective and large-scale precipitation, and those
predominantly influenced by cloud ice processes. Furthermore, we revealed the importance of
nonlinear effects of these perturbed parameters on the simulation of mean precipitation and
interpreted the underlying mechanisms. Some biases in simulating precipitation revealed by our
PPE experiments align with those in AMIP simulations, offering valuable insights for the

AGCM’s advancement.

Plain Language Summary

Tropical precipitation is a critical component of the Earth’s climate system, influencing energy
redistribution, radiative forcing, atmospheric circulation, water cycle, and various
biogeochemical processes. However, the state-of-the-art atmospheric models still exhibit
persistent errors in simulating tropical precipitation. Utilizing the Community Atmosphere
Model version 6 (CAMO6) as an experimental platform, we implemented a perturbed parameter
ensemble (PPE) approach to identify key factors affecting the simulation skill of tropical
precipitation. Through the PPE experiments and statistical analyses, we pinpointed several key
parameters within the model’s atmospheric parameterization schemes that are pivotal and
potentially tunable to reduce the bias in precipitation simulations. This research offers valuable

insights that are informative for the development of the atmospheric general circulation models.



56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

manuscript submitted to Geophysical Research Letters

1. Introduction

Tropical precipitation is a critical component of the Earth climate system, affecting energy
redistribution, radiative forcing, atmospheric circulation, water cycle, and various
biogeochemical processes, with far-reaching effects on global and regional climate (Meehl et
al., 2007; Allan et al., 2010; Stephens et al., 2010; Trenberth et al., 2011; Fldschner et al., 2016;
Wang et al., 2021).

General circulation models (GCMs) are vital for climate research but still shows some
distortions regarding accurately simulating the tropical mean precipitation and sea surface
temperature (SST) (e.g., Lin, 2007; Li and Xie, 2014; Wang et al., 2014; Chen et al., 2019; Ge
and Chen, 2020; He et al., 2023; Ma and Yang, 2020; Ma and Jiang, 2020). A major issue is the
long-standing Double Intertropical Convergence Zone (ITCZ) bias (Lin, 2007; Stouffer et al.,
2017). This bias manifests as an overestimation of precipitation in the South Pacific
Convergence Zone (SPCZ) by most coupled GCMs, resulting in erroneous parallel rain belts
straddling the equator (Mechoso et al., 1995; Kirtman et al., 2002; Dai, 2006; Zhang & Song,
2010; Tian, 2015). Both CMIP5 and CMIP6 show an overall positive bias in tropical Pacific
precipitation (Song & Zhang, 2009; Liu &Kevin, 2023; Zhou et al., 2020). Another remarkable
bias in the coupled GCMs is the excessive cold tongue bias (Mechoso et al., 1995; Chen el al.
2013). It is well accepted that the double-ITCZ bias is closely associated to the cold bias in SST
(Lin, 2007; Li and Xie, 2012, 2014), and both the atmospheric precipitation bias and the oceanic
SST bias can deteriorate each other via air-sea coupling, posing the challenging to identify the
causal relationship between these two major biases in coupled GCMs (Chen et al., 2013).

To understand and reduce the simulation biases regarding the tropical precipitation and
SST in coupled GCMs, one strategy is to improve the simulation skill of tropical precipitation
from the perspective of atmosphere-only GCMs (AGCMs). Indeed, the representation of the
convection and cloud physical processes is one of the significant sources of tropical climate
simulation biases (Zhang and McFarlane, 1995; Morrison and Gettelman, 2008; Li et al., 2014;
Zhang et al., 2024). Most models apply the physical parameterization schemes to simulate these
sub-grid processes based on assumptions or approximations (Manabe et al., 1965; Donner et
al., 2001; Arakawa, 2004). After decades of efforts, the physical parameterization schemes have

made significant progress. Nonetheless, the scarcity of observational data and the intricacy of
3
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the underlying physical processes introduce considerable uncertainty into the values of the
empirical parameters within the schemes, contaminating the tropical precipitation simulations
(Murphy et al., 2004; Her et al., 2019). Currently, tuning the uncertain parameters within the
physical parameterization scheme stands out as one of the most promising ways to further refine
the physical parameterization scheme.

While previous studies have examined the effects of physical parameters on precipitation
simulation, further study is needed. For instance, the significance of nonlinear effect in the
process of parameter adjustment remains debated. Some studies suggest that nonlinear effect
such as the interaction between parameters is important (Fowler et al., 1996; Zhang et al., 2023),
while others argue that the nonlinear effect seems to be not important (Qian et al., 2015, Yang
et al., 2023). Therefore, it is worthwhile to further investigate whether the nonlinear interaction
between parameters has a substantial impact on the simulation of tropical precipitation. This
could provide scientific evidence to clarify whether the nonlinear interaction between
parameters should be considered when optimizing parameters.

Perturbed parameter ensemble (PPE) is an approach used to study the sensitivity of model
parameters by systematically altering parameters and conducting experiments to assess the
model simulations’ responses. The most straightforward form of this method, single-parameter
perturbation, involves perturbing one parameter in a set of experiments (Li et al., 2013; Schiro
etal., 2019), but this lacks the capacity to examine the parameter interactions. To overcome this
limitation, some studies adopt the multi-parameter perturbation strategy to delve into the
impacts of physical parameters on simulations. This strategy entails simultaneously perturbing
multiple parameters and then pinpointing the simulation sensitivity through assessing the
reduction in the residual sum of squares attributable to each parameter. This method is capable
of quantifying the parameter interactions, including higher-order effects. For instance, Hou et
al. (2012) conducted experiments by simultaneously perturbing ten selected parameters,
revealing the significance of hydrologic parameters on surface flux simulations to hydrologic
parameters in CLM4. Zhao et al. (2013) perturbed sixteen uncertain parameters in CAMS and
found that the autoconversion size threshold for ice to snow (dcs) emerges as the most

influential parameter affecting the net radiation fluxes. Guo et al. (2014) conducted an analysis
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of cloud simulations by simultaneously perturbing sixteen parametersin the single-column
version of CAMS, uncovering that only a few tunable parameters account for the majority of
variance in cloud properties. Xie et al. (2023) perturbed nine moist physical parameters to
quantify the parametric uncertainty on the simulation of tropical cloud fraction. Zhang et al.
(2023) evaluated the impact of the perturbed parameters on the Asian summer monsoon in the
HadGEM3-GC3.05 model, and identified four cloud physics and aerosols parameters showing
the most influential effects on the precipitation simulation.

Recently, the latest version of the Community Atmosphere Model—CAM6 has been
released. CAMG is a sophisticated AGCM, serving as the atmospheric component of the widely-
used Community Earth System Model (CESM, Danabasoglu et al., 2020). In CAM6, the latest
cloud microphysics scheme—Morrison-Gettelman (MG2, Gettelman and Morrison, 2015) is
applied, and the Zhang-McFarlane deep convection scheme (Zhang and McFarlane, 1995) has
also undergone structural adjustments and algorithm optimization. Although a PPE method was
applied to CAMG6 to explore climate sensitivity to atmospheric physics parameters (Eidhammer
et al., 2024; Gettelman et al., 2024; Dufty et al., 2024), so far only few studies have focused on
the influence of the updated parameterization schemes in CAM6 on the tropical precipitation
simulation. Furthermore, most of the previous studies paid more attention to the adjustment of
parameters, without elucidating the underlying physical mechanisms behind the key parameters.
Therefore, this study aims to examine the impacts of the parameter uncertainty in the convective
and cloud microphysics schemes on tropical precipitation simulation, through employing
CAMG6 as an experimental platform. The goal is to identify critical parameters that have the
most influential effects on tropical precipitation and to provide the interpretation of their

impacts, thereby yielding the implications for the advancements of other CGCMs.
2. Datasets and methodology

2.1 Observational datasets and CMIP6 Data
The observational datasets used in this study include (1) SST data from HadISST (Rayner

etal., 2003), which has a horizontal resolution of 1°x1° and covers 1979-2014; (2) precipitation
data from Global Precipitation Climatology Project (GPCP) (Adler et al., 2003), which has a

horizontal resolution of 2.5°%2.5° and covers 1979-2014; (3) convective and large-scale

5
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precipitation from the TRMM-3A25 dataset, which has a horizontal resolution of 0.5°
resolution and covers 1998-2014 (Kozu et al., 2001; for more details about the convective
versus large-scale precipitation in TRMM, see Text S1).

The Atmospheric Model Intercomparison Project (AMIP) simulations covering 1979—
2014 from thirty Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016)

models are also utilized. For more details about these CMIP6 models, please refer to Table S1.

2.2 CAM6 Model
The Community Atmosphere Model version 6 (CAMS6) is the latest atmospheric

component of Community Earth System Model version 2 (CESM2). CAM6 incorporates an
advanced two-moment bulk microphysics scheme by Morrison and Gettelman (MG2,
Gettelman and Morrison, 2015). In CAMS6, the cloud microphysics scheme has been improved
from MG1 to MG2. Compared to MGI, the improvements in MG2 include changing the
diagnostic precipitation to prognostic precipitation, thereby reducing numerical instability and
enabling the simulation of the continuous dynamic evolution of precipitation (Gettelman and
Morrison, 2015). The deep convection scheme adopted in CAMS6 is the Zhang-McFarlane
convection scheme (Zhang and McFarlane, 1995), which is a parameterization scheme that
considers the impact of entrainment on the vertical variation of Convective Available Potential
Energy (CAPE) (Neale et al., 2008), as well as momentum transport (Richter and Rasch, 2008).
In CAM6, Zhang-McFarlane scheme has also undergone structural adjustments and algorithm
optimizations, including a transition from employing the Newton method to utilizing the Brent

method for solving equations.

2.3 Methodology

2.3.1 Perturbed Parameter Ensemble

Following Qian et al. (2015) and Schiro et al. (2019), we selected twelve deep convection
and cloud physics parameters (refer to Table S2) to conduct the PPE experiments. These twelve
parameters were perturbed within the prescribed ranges based on the observation and/or the
expert judgment from model developers who possess experience in running the model at a range
of parameter values.

Using quasi-Monte Carlo (QMC) sampling, we systematically perturbed twelve
6
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parameters related to deep convective and cloud physics, yielding 128 distinct parameter
configurations for the PPE experiments. Such approach facilitates a more efficient traversal of
the high-dimensional parameter space (see Text S2 for details). For comparison with AMIP

simulation, each member in the PPE experiments was integrated for the period of 1979-2014.
2.3.2 Generalized Linear Model (GLM)

The GLM approach is employed to examine the sensitivity of the precipitation simulation

to the perturbed parameters. This analysis includes assessing the linear effects of the parameters,

represented by ( Z;-lzl Bj*pj ) and the nonlinear interactions, encapsulated by

(Xi=1 k=1 Bjx *Pj * Px). The model structure of GLM is as follows:

Y=B0+2X0, Bj*p;+ X721 Xk=1 Bjx*pj*px + &€ ~N(0,07) (D),
where Y represents the response variable; p; is the jth parameter, 5; and S« are the coefficients
of the linear and second-order nonlinear interaction terms, respectively; ¢ denotes the residual
term. The relative contributions of each parameter and the nonlinear term are quantified by

assessing the reduction in the residual sum of squares caused by each term (Guo et al., 2014;

Qian et al., 2015).

3. Results

3.1 Overall simulation performance of 128 PPE members

A suite of PPE experiments, comprising 128 members, were conducted using the QMC
sampling method. Here we first examine the mean precipitation over the tropical Pacific as
simulated by the ensemble mean of the 128 PPE members (hereinafter referred to as PPE-mean).
Figures 1a and le illustrate that the observed mean precipitation over the tropical Pacific is
concentrated in the Northern Hemisphere ITCZ, the Southern Hemisphere South Pacific
convergence zone (SPCZ) and the eastern Pacific warm pool region. The PPE-mean reproduces
the general spatial pattern of the mean precipitation well, such as the southeastward tilting of
the SPCZ as observed in the PPE-mean (Figure 1b). However, it tends to overestimate the
precipitation intensity across most of the tropical regions characterized by abundant rainfall

(Figure 1c). Furthermore, the spread of the difference in the mean precipitation simulations
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among the 128 members (Figure 1d) resembles the spatial pattern of mean precipitation,
suggesting that the uncertain parameters of interest in this study may be pivotal in determining
the mean precipitation simulation over the tropical Pacific. Additionally, a Taylor diagram
(Taylor, 2001) is provided in Figure S3a to show the spread of the mean precipitation
simulations among 128 PPE members. As indicated by the pattern correlation coefficient (PCC)
and the ratio of spatial standard deviations of the simulations against the observation (hereafter
SDR), all the PPE members can yield reasonable spatial pattern and intensity to some extent,
although there is spread in both PCC and SDR among the 128 PPE members (for more details,

refer to supplementary Text S3).
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Figure 1. Observed annual mean precipitation from (a) GPCP and (¢) TRMM. (b) Annual mean precipitation
from PPE multi-member ensemble mean and (c) the bias (PPE-mean minus GPCP). (d) Spread of the PPE
members, which is indicated by one standard deviation among PPE multi-members. (f-h) are same as (b-d)
but for the AMIP simulations from thirty CMIP6 models. Unit: mm day~'.
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We also assessed the performance of the AMIP simulations from thirty CMIP6 models.
Figures 1f-h show the multi-model ensemble mean of these AMIP simulations (hereafter AMIP-
Mean) (Figure 1f), the biases from AMIP-Mean (Figure 1g), and the spread among these thirty
models as quantified by calculating the standard deviation of their simulation biases (Figure
1h). It is found that the spatial pattern of mean precipitation simulation biases from AMIP-mean
resemble that from PPE-mean (compare Figure 1¢ with Figure 1g), with both exhibiting an
overestimation of mean precipitation over most of the tropical Pacific. Likewise, the spread of
AMIP simulation biases among the 30 CMIP models is analogous to the spread among the 128
PPE members (compare Figure 1d with Figure 1h). These findings suggest that the insights
gained from the CAM6 model may offer clues applicable to other AGCMs, as they seem to

exhibit similar biases in simulating mean precipitation over the tropical Pacific.

3.2 Sensitivity of Tropical Pacific Precipitation Simulation to the Perturbed Parameters

In each PPE member, all 12 parameters are simultaneously perturbed, hence the
differences among the 128 members result from the linear effect and the nonlinear effect due to
the interaction among the perturbed parameters. To extract the most significant spatial
characteristic of the mean precipitation bias in response to the perturbed parameters, an
empirical orthogonal function (EOF) analysis was performed on the 128 members of PPE mean
precipitation biases, in which each member is treated as a sample. Figures 2a and 2e show the
inter-member EOF modes of PPE mean precipitation biases. The EOF1 mode, which explains
40.2% of the variance, reflects the major difference of mean precipitation biases among these
members. It is characterized by a large area of positive anomaly over Maritime Continent, the
SPCZ, and the central eastern Pacific, with negative anomaly centered over the waters north of
New Guinea and the eastern Pacific warm pool. The EOF2, which explains 16.5% of the
variance, is characterized by mean precipitation biases mainly loading over the northern

hemisphere ITCZ region and the SPCZ region.
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Figure 2. (a, ¢) The first two EOF modes (shading) of the simulation biases of mean precipitation derived
from 128 PPE members, along with the mean precipitation from the PPE multi-member ensemble mean
(contours, unit: mm day"!, interval is 2 mm day!, with bold curve indicating 8 mm day™'). The percentages
in the upper right corner represent the explained variances, and these two EOF models are well separated
from each other and from other modes based on North criterion (North et al., 1982). (b-d) The regression
pattern of mean precipitation simulation biases onto the normalized series of (b) dmpdz, (¢) dmpdz*dmpdz,
and (d) fau from the 128 PPE members. Dots indicate regions where the regression results exceed the 95%
confidence level. Unit: mm day™'. (f-h) same as (b-d) but for the responses to normalized series of dcs, ai,

and as *dcs.

To quantitatively analyze the impacts of each parameter on these two leading modes, the
GLM method (see Section 2.3.2) was employed. Specifically, the GLM method was directly
applied to PC1 and PC2 to calculate the relative contributions of each term to the first two
leading modes (for more details, see Text S4). As listed in Table S3, the terms that primarily
contribute to the EOF1 mode include the linear impacts of dmpdz (fractional rate of entrainment)
and tau (convective timescale), as well as nonlinear impact of the quadratic term of dmpdz. On
the other hand, the linear impacts of dcs (autoconverion size threshold for ice to snow) and ai

(fall speed parameter for cloud ice), along with nonlinear term of the interaction between dcs

10
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and as (fall speed parameter for snow), primarily contribute to the EOF2 mode. Our subsequent
analysis will further demonstrate that EOF1 mode is primarily influenced by convective scheme
parameters, leading us to designate it as the Convection-Para mode. Similarly, as EOF2 mode
i1s mainly dominated by parameters associated with cloud ice, hence it is termed the CloudIce-
Para mode. The physical interpretation behind the parameters’ impacts will be explained in

Section 3.3.

3.3 Impacts of Key Terms and Related Physical Interpretation

3.3.1 Key Terms Contributing to Convection-Para Mode

The parameter dmpdz represents the ratio at which the surrounding air mass is entrained
into a convective updraft in a vertical column per km. To further analyze the response of mean
precipitation to the perturbation in dmpdz, the simulation biases of mean precipitation
(simulation minus GPCP) in 128 PPE members were regressed onto the normalized series of
dmpdz (Figure 2b). It is found that the spatial pattern of the response of mean precipitation
biases to the perturbed dmpdz (Figure 2b) closely mirrors the EOF1 pattern (Figure 2a). Along
with the increase of dmpdz, mean precipitation tends to increase across most of the regions
studied, but decreases in the areas north of New Guinea and the Eastern Pacific warm pool.

The physical interpretation of the impact of the change in dmpdz on the mean precipitation
is given below. In deep convection schemes, the initiation of deep convection is contingent
upon the attainment of a critical dilute CAPE threshold. When dmpdz intensifies, the
entrainment becomes strengthened correspondingly. On one hand, enhanced entrainment causes
a greater influx of dry air into the cloud, which increases the evaporation of cloud droplets.
Consequently, it becomes harder for the formation of convection, inhibiting the convective
precipitation (Figure 3a; Emmenegger et al., 2024). On the other hand, the increased strength
of entrainment curtails the deep convection, thereby diminishing the convective depletion of
water vapor. This, in turn, elevates humidity at the grid scale, resulting in a stronger large-scale
precipitation response (Figure 3d; Qian et al., 2015). Given that total precipitation (PrecT) in
the model simulation is the sum of convective precipitation (PrecC) and large-scale
precipitation (PrecL), the mean precipitation response to changes in dmpdz (Figure 2b) is a

consequence of alterations in both mean PrecC (Figure 3a) and mean PrecL (Figure 3d). This

11
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conclusion is further confirmed by the single-parameter perturbation experiments, in which
dmpdz is the sole parameter altered while all other parameters maintained at their default
settings. As depicted in Figure S4, along with the increase of dmpdz, PrecC diminishes while
PrecL intensifies. In this sense, there appears to be a competitive dynamic between PrecC and
PrecL in response to the altered dmpdz, with the overall changes in PrecT hinging on the
comparative magnitude of the changes from each component. As dmpdz increases, the
enhancement in PrecL surpasses the reduction in PrecC across most of the tropical Pacific,
except for two relatively small regions (north of the New Guinea and the eastern Pacific warm
pool). This results in an overall increase in mean PrecT across most of the tropical Pacific but
a decrease in mean PrecT in the area north of the New Guinea and the eastern Pacific warm

pool in response to the altered dmpdz, as illustrated in Figure 2b.
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Figure 3. (a-c) The regression pattern of mean PrecC onto the normalized series of (a) dmpdz, (b)

dmpdz*dmpdz, and (c) tau from the 128 PPE members. Dots indicate regions where the regression results
exceed the 95% confidence level. Unit: mm day'. (d-f) same as (a-c), but for the mean PrecL. (g-i) Mean
PrecC (mm day™) from (g) TRMM, (h) high-skill AMIP models and (i) low-skill AMIP models. In the context,
using TRMM-based PrecC/PrecT ratio as a rough reference, five models with relatively high-skill in
representing the PrecC/PrecT ratio (as denoted by the numbers 29, 7, 15, 17, and 5 in Figure S6) are grouped
into high-skill AMIP models; and another five models with relatively low-skill in representing the
PrecC/PrecT ratio (as indicated by the numbers 31, 24, 3, 28, and 27 in Figure S6) are grouped into low-skill
AMIP models. (j-1) same as (g-i), but for the mean PrecL.

It is noteworthy that nonlinear term dmpdz *dmpdz also contributes to the PrecT (Table S3).

In fact, when other parameters are held default and only dmpdz is perturbed (Figure S4), the
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results show that when dmpdz is less than 0.375 km!, the reduction in mean PrecC dominates,
and the PrecT decreases as dmpdz increases; when dmpdz is greater than 0.375 km!, the
increase in PrecL. dominates, and the PrecT increases as dmpdz increasing. The inflection point
within the monotonic trend (Figure S4a) suggests that the overall mean PrecT demonstrates a
pattern of change proportional to the square of dmpdz. This indicates that the nonlinear term
dmpdz*dmpdz also contributes to the mean PrecT.

Tau (convective timescale) represents the characteristic time scale with which CAPE is
depleted at an exponential rate by convection. The response pattern of mean PrecT to fau aligns
with that of EOF1. Specifically, as fau increases, mean PrecT tends to increase across most of
the tropical Pacific but decrease in the region north of New Guinea and the eastern Pacific warm
pool (Figure 2d). Analogous to the effects of dmpdz, changes in tau also yield contrasting trends
in mean PrecC and mean PrecL (Figures 3¢ and 3f). Given a constant level of CAPE, which
signifies the energy available for atmospheric convection (Moncrieff & Miller, 1976), an
increase in fau leads to a deceleration in CAPE consumption. Consequently, the air parcel
acquires kinetic energy at a reduced rate, leading to suppressed deep convection. This results in
an increase in atmospheric humidity and a subsequent intensification of PrecL (Mishra &
Srinivasan, 2010). Hence, variations in PrecT are also contingent on the relative extent of
changes in local PrecC and PrecL characteristics. This conclusion is further confirmed by the
single-parameter perturbation experiments, in which only fau is perturbed (Figure S5). It is
noteworthy that land precipitation is more sensitive to changes in fau compared to the
precipitation over ocean, which may be related to the greater sensitivity of land precipitation
diurnal cycle to fau (Qian et al., 2015).

The above analysis elucidates how the key terms that stem from the convection
parameterization influence the ratio of PrecC to PrecT (hereafter PrecC/PrecT ratio) and
ultimately affect the simulation of mean PrecT in CAM6. We now zoom out to examine the
relationship between the PrecC/PrecT ratio and mean precipitation across the AMIP models.
The TRMM dataset shows that mean PrecC (Figure 3g) and mean PrecL (Figure 3j) are
approximately equal. Although the TRMM-based PrecC/PrecT ratio is used as a rough

reference, all thirty AMIP simulations overestimate the PrecC/PrecT ratio (x-axis in Figure S6)
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to various extent. As denoted by the numbers 29, 7, 15, 17, and 5 in Figure S6, these five models,
which possess the lowest PrecC/PrecT ratios, show the greatest alignment with the reference
point from TRMM observation, and hence they are referred to as the high-skill AMIP models
in terms of accurately replicating the PrecC/PrecT ratio. Besides, another five models with the
highest PrecC/PrecT ratios, as indicated by the numbers 31, 24, 3, 28, and 27, show a
PrecC/PrecT ratio nearly twice the reference value from TRMM, and thus they are grouped into
the low-skill AMIP models. It is noted that a more accurate representation of PrecC/PrecT ratio
tends to correspond to a more realistic simulation of PrecT (Figure S6). The composite results
based on five models with relatively high-skill in depicting the PrecC/PrecT ratio show that
mean PrecC (Figure 3h) is slightly larger than mean PrecL (Figure 3k); while in the models
with relatively low-skill in representing the PrecC/PrecT ratio, mean PrecC (Figure 3i) is much
larger than mean PrecL (Figure 31). As shown in Figure S7, the difference in mean PrecT
between high-skill and low-skill models is characterized by overestimated mean PrecT over
most of the equatorial Pacific, exhibiting a pattern correlation coefficient of 0.43 with EOF1.
This indicates that not only in CAM6 but also in other AGCMs, the convective parameters
likely play a critical role in inducing the bias in the PrecC/PrecT ratio, which in turn affects the

biases in mean PrecT.

3.3.2 Key Terms Contributing to CloudIce-Para Mode

In addition to the GLM analysis that demonstrates that two linear terms (dcs and ai) and
one nonlinear term (as *dcs) are responsible for the CloudIce-Para mode (EOF2), Figures 2f-h
further illustrate that the response patterns of the mean precipitation simulation biases to the
linear terms of dcs (autoconversion size threshold for ice to snow) and ai (fall speed parameter
for cloud ice) as well as the nonlinear term as *dcs (interaction term between as and dcs), closely

resemble the pattern of EOF2.
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(a) EOF2(shade) & IWP(contour)
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Figure 4. (a) EOF2 mode (shading) overlaid by mean IWP (contour intervals are 3, 5, 7, 9*10- kg m?)
derived from the PPE experiments. (b) Correlation map between mean precipitation and mean IWP in-situ
among the 128 PPE members, which is obtained by calculating the correlation coefficients between mean
precipitation at a certain grid and the corresponding mean IWP at that grid based on 128 PPE members. (c-
e) The regression pattern of mean IWP onto the normalized series of (c) dcs, (d) ai, and (e) as*dcs from 128
PPE members (10~ kg m?2). The dots in (b-¢) indicating regions where the correlation or regression results
exceed the 95% confidence level. (f) Scatter diagram showing the relationship between mean IWP and mean
precipitation in the main ITCZ region (0—10°N, 180-220°E) from AMIP models. Red line represents the best
linear fit and blue lines denote the 95% confidence range of the linear regression. The correlation coefficient
equals to 0.51, exceeding the 95% confidence level.

It is acknowledged that cloud microphysics parameters, such as dcs and ai, can influence
the ice water path (IWP) (Zhao et al., 2013; Eidhammer et al. 2014; Pathak et al., 2020) and the
associated large-scale precipitation (Sanderson et al., 2008; Qian et al., 2015), thereby affecting
the total precipitation. Figure S8 confirms that the response of the simulated PrecT to the

adjustments of dcs, ai, and as *dcs (left columns in Fig. S8) is primarily attributed to the changes
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in the simulated PrecL to these adjustments (right columns in Fig. S8), while the contributions
of the PrecC changes are relatively minor (middle columns in Fig. S8). Hence, we present only
the results for PrecT in the following analysis.

As shown in Figure 4a, compared to clouds over land, deep convective clouds with ice
tops over the ITCZ region exhibit a substantial amount of mean IWP, aligning with the findings
of Tubul et al. (2017). In the ITCZ region, mean IWP tends to be inversely correlated with mean
precipitation in the PPE results (Figure 4b). Indeed, such a relationship is also observed in the
AMIP models, i.e., mean IWP is negatively correlated with mean precipitation over the main
ITCZ region (Figure 4f). This indicates that mean precipitation over the main ITCZ region is
closely associated with mean IWP, both of which can be traced back to the cloud microphysics
parameters associated with cloud ice.

The influence of des (autoconversion size threshold for ice to snow) on mean IWP (Figure
4c) and the relevant mean precipitation is interpreted firstly. Within the model, cloud ice
suspended in the air must reach a certain size to acquire sufficient gravity to overcome buoyancy
and thereby fall as snow, which eventually melts to contribute to rainfall. Therefore, as the
parameter dcs increases, cloud ice must grow larger to convert to snow, leading to an increase
in the IWP (Figure 4c) but a decrease in both snowfall and rainfall (Figure 2f); and vice versa.
In terms of the influence of ai (fall speed of cloud ice), an increase in ai accelerates the descent
of ice particles and hence enhances the collision and growth of ice nuclei, which speeds up the
formation of precipitation and improves the conversion efficiency of cloud ice into precipitation.
This accounts for the decrease in mean IWP (Figure 4d) and the increase in the mean
precipitation (Figure 2g) in response to the increase of ai.

It is intriguing to note that the nonlinear effect of as*dcs (where "as" is the fall speed
parameter for snow) exerts a pronounced effect on mean IWP (Figure 4e) and mean
precipitation (Figure 2h), whereas the linear effect of as on mean IWP and mean precipitation
is insignificant (not shown). As indicated by Loftus and Wordsworth (2021), the drag force

exerted by precipitation particles on the air can be expressed as:
1 2
Fdrag Y CDApairv (2)
where Cp, 1s the drag coefficient, A is the cross-sectional area of the particle, p,;,- 1s the air
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density, and v is the particle's falling speed relative to air. Therefore, when both dcs is large and
as is large (with the former indicating a larger cross-sectional area of the particle, A, and the
latter indicating a greater particle falling speed, v), the drag force is large, leading to powerful
downdraft air current that impedes precipitation; and the opposite effect is observed when both
dcs and as are small. This elucidates the mechanism by which the interplay between dcs and as
influences the precipitation within the simulation.

The above analysis explains how the key terms associated with cloud ice influence mean
IWP and ultimately affect mean precipitation in CAMS6. It is noteworthy that the relationship
between mean IWP and mean precipitation over the main ITCZ region among the AMIP models
is consistent with the PPE results. This indicates that despite the use of varying parameterization
schemes across AGCMs, the influence of the cloud ice-related parameters on mean precipitation

simulations warrants more consideration.

4. Summary

In this study, we conducted a suite of PPE experiments to investigate the influence of the
key parameters within the deep convection scheme and the cloud physics scheme of the CAM6
model on simulating mean precipitation in the tropical Pacific. Firstly, twelve selected
parameters from deep convection and cloud physics schemes were simultaneously perturbed
based on the QMC sampling approach; and then the PPE experiments that have 128 members
and cover the period of 1979-2014 were obtained. Through conducting the EOF analysis and
the GLM analysis, we identified the critical parameters those have the most influential effects
on the tropical Pacific precipitation simulations, and found that the parameters’ effects can be
clearly separated into two distinct categories: those primarily governed by the convection
scheme, which reflect the competition between PrecC and PrecL, and those predominantly
influenced by cloud ice processes. Furthermore, we revealed that the nonlinear effects of these
perturbed parameters on the simulation of mean precipitation are significant and warrant careful
consideration when tuning multi-parameters synchronously. The interpretation for the impacts
of the critical parameters on the mean precipitation simulation is also provided. Besides, some
aspects about the biases in simulating mean precipitation in PPE experiments align with those

revealed by the AMIP simulations, offering implications for the AGCMs’ development.
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Specifically, through performing EOF analysis on the mean precipitation biases derived
from 128 members of PPE, we extracted the first two leading modes of precipitation response
to the adjustment of twelve selected parameters. The GLM analysis reveals that the EOF1 mode
is primarily influenced by convection scheme parameters, including the linear impacts of dmpdz
and tau, as well as nonlinear impact of the quadratic term of dmpdz. Thus EOF1 is called the
Convection-Para mode. Parallelly, the EOF2 mode is largely dominated by parameters
associated with cloud ice, encompassing the linear impacts of dcs and ai, along with nonlinear
interaction between dcs and a. Hence EOF2 is termed the Cloudlce-Para mode.

For the Convection-Para mode, the changes in the key convection parameters can induce
competition between PrecC and PrecL, which ultimately affect mean PrecT. It is noteworthy
that a more accurate representation of PrecC/PrecT ratio tends to correspond to a more realistic
simulation of PrecT in the AMIP simulations, indicating the potential importance of the
PrecC/PrecT ratio on the simulation of mean PrecT when tuning convection parameters. For
the CloudIce-Para mode, the major contributing terms primarily influence mean precipitation
by affecting the cloud ice processes and the associated large-scale precipitation. Additionally,
the relationship between mean IWP and mean precipitation over the main ITCZ region among
the AMIP models is consistent with the PPE results, indicating that despite the use of varying
parameterization schemes across AGCMs, the influence of the cloud ice-related parameters on
mean precipitation simulations merits more consideration.

Our single-parameter perturbation experiments further elucidate why the nonlinear term
of dmpdz*dmpdz plays a role in affecting mean precipitation simulation within the CAM6
model. Also, how the interplay between dcs and as influences the mean precipitation simulation
is interpreted. The identified key parameters associated with the convective and cloud
microphysics parameterization schemes can be informative for the development of the CESM

family and also provide some reference information for the advancement of other AGCMs.
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