
Response to Reviewer 1

General Comments

The authors present a novel framework for selecting physical parameterization schemes

within the Weather Research and Forecasting (WRF) model. The study proposes a ”dy-

namic weighting” approach that assigns importance to output variables based on two

statistical criteria: simulation accuracy (Mean Relative Error) and sensitivity to phys-

ical processes (Coefficient of Variation of the absolute error). This method is applied

to two climatically distinct regions in China and compared against a traditional equal-

weighting strategy. The authors further validate their approach using an independent ex-

treme weather year.

The manuscript is generally well-structured and addresses a relevant issue in regional cli-

mate modeling: the subjectivity involved in evaluating multivariate model performance.

The proposed tool offers a potential pathway toward more reliable, data-driven parame-

terization selection and uncertainty reduction. However, the methodology requires further

justification regarding the mathematical formulation of the weights, the sequential selec-

tion methodology, and the physical interpretation of the results. I recommend a moderate

revision before possible publication in GMD, addressing these points detailed below.

Response to General Comments:

We sincerely thank the reviewer for the positive and constructive overall assessment of our

manuscript. We appreciate the reviewer’s recognition that the study addresses an important

issue in WRF parameterization-scheme selection and multivariable model evaluation. We also

thank the reviewer for clearly identifying the main aspects that required further justification,

especially the mathematical formulation of the weights, the ordered scheme-selection strategy,

and the physical interpretation of the selected configurations.

In response to these comments, we revised the manuscript substantially. We clarified the

role of the proposed MRE × CV weighting framework and avoided overstating it as a fully

objective or simulation-online dynamic method. We strengthened the mathematical description

of the weighting procedure, including the Softmax normalization, the final normalization of the

combinedweights, and the rationale for themultiplicative formulation. We also added sensitivity

analyses to test the effects of normalization choices and alternative component-combination

rules.

We further clarified the representative-year selection procedure, the use of the independent

2010 validation year, and the limitations of single-year optimization. In addition, we expanded

the explanation of the ordered screening strategy, explicitly discussed its path dependence, and

clarified that the selected configuration should be interpreted as the best-performing combination

under the prescribed conditional screening framework rather than as a mathematically guaran-
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teed global optimum. Finally, we added a more detailed physical interpretation of the selected

parameterization schemes in relation to the contrasting climatic characteristics of Northwest

and Southeast China, and we revised the Discussion and Conclusions to define the scope and

limitations of the proposed framework more carefully.

The above summarizes our overall response to the reviewer’s general comments. Our detailed

point-by-point responses to the reviewer’s specific comments are provided below.

In the point-by-point responses below, our responses are shown in regular black font, whereas

the corresponding revisions made in the manuscript are shown in blue regular font.

Comment 1.1

The authors employ the Softmax function to normalize statistical metrics into weights, a

mathematical choice that inherently tends to polarize values. While the authors state this

is to ”amplify the impact of key limiting variables,” this exponential scaling risks exces-

sively penalizing variables with only marginally higher errors or sensitivities, potentially

reducing a multivariate evaluation to a quasi-univariate one dominated by a single variable

like precipitation. To establish the scientific robustness of this approach, it is essential to

provide a justification for selecting Softmax over linear normalization techniques and to

include a sensitivity analysis to ensure themethod does not artificially skew the evaluation.

Response 1.1:

We thank the reviewer for raising this important issue. In the revised manuscript, we clarified

the rationale for using Softmax and added an explicit sensitivity analysis to quantify whether

the resulting weights were overly concentrated or dominated by a single variable.

The proposed evaluation framework was designed to prevent variables with large simulation

errors or strong scheme-dependent responses from being diluted in a multivariable average. To

test the robustness of this choice, we compared the original Softmax setting with linear nor-

malization and temperature-scaled Softmax formulations. The original method corresponds to

τ = 1; smaller τ values produce more concentrated weights, whereas larger τ values produce

smoother weights. The results show that the original Softmax setting provides an intermediate

and balanced weighting behavior. Under τ = 1, the mean maximum variable weight across the

two regions and five physical processes was 0.394, and the effective number of variables was

3.85. This indicates that multiple variables still contributed substantially to the evaluation.

By contrast, linear normalization did not reduce the concentration of weights in this dataset.

It produced a larger mean maximum weight of 0.538, with the maximum reaching 0.870 in

some process-level cases, and the effective number of variables decreased to as low as 1.31.

This result occurs because linear normalization directly transfers the magnitude contrast in the

original statistical scores into the final weights; when precipitation has a much larger score than
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the other variables, it can receive a very high weight. A more concentrated Softmax setting

(τ = 0.5) also reduced the effective number of variables, whereas smoother settings (τ = 2

and τ = 5) distributed weights more evenly but weakened the intended emphasis on limiting

variables.

These results support the original Softmax setting as a balanced choice between emphasizing

limiting variables and preserving the multivariable nature of the evaluation. We revised Section

2.3.3 to clarify the mathematical role of Softmax and the final normalization of the combined

weights, and added the normalization sensitivity analysis to the Supporting Information as Fig.

S5.

Corresponding revisions:

Section 2.3.3 Performance-based multivariable weighting framework (page 12, lines 252-254):

The use of Softmax is therefore a methodological choice for balancing two requirements: pre-

serving the multivariable nature of the evaluation while giving greater influence to limiting vari-

ables. In the equation, ωm1 andωm2 represent the component weights of variablem derived from

the mean relative error and the coefficient of variation of the absolute error, respectively. The

final variable weightωm is obtained bymultiplying the two component weights and then normal-

izing the product across all variables. This second normalization ensures that
∑M

m=1 ωm = 1,

as required by the multivariable evaluation metrics.

Supporting Information, Fig. S5:

Sensitivity of the proposed variable weights to the normalization function. (a) Mean variable

weights under linear normalization and temperature-scaled Softmax transformations. The orig-

inal Softmax setting corresponds to τ = 1. (b) Weight-concentration diagnostics, including the

maximum variable weight and the effective number of variables. Error bars indicate the range

across the two study regions and five physical processes.

Supporting material cited in this response: Figs. S5
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Figure S5. Sensitivity of the proposed variable weights to the normalization function. (a) Mean

variable weights under linear normalization and temperature-scaled Softmax transformations.

The original Softmax setting corresponds to τ=1. (b) Weight-concentration diagnostics, includ-

ing the maximum variable weight and the effective number of variables. Error bars indicate the

range across the two study regions and five physical processes.

Comment 1.2

The study selects specific individual years to represent the climatological mean based

on 30-year averages. However, relying on a single year for parameterization optimization

may inadvertently overfit the model to specific synoptic patterns unique to that year, rather

than capturing the region’s broader climatological variability.The authors need to provide

detailed assessment methods and quantitative analysis to prove that the selected year is

statistically representative across all assessment variables, rather than merely representing

the average state. Furthermore, a discussion regarding the potential biases introduced

by single-year optimization versus multi-year validation is necessary to contextualize the

universality of the selected schemes.

Response 1.2:

We thank the reviewer for highlighting the need to clarify how the screening years were se-

lected and how the possible dependence on a single year should be interpreted. In the revised

manuscript, we further clarified that the selected years are not interpreted as covering all synoptic

conditions within a 30-year period, but as screening years closest to the 30-year climatological

state under a long-term observation-based procedure. We also used an independent extreme year

to evaluate the out-of-sample performance of the selected configurations.

In the revised manuscript, we expanded the description of the representative-year selection

method in Section 2.2. Each candidate year from 1991 to 2020 was compared with the cor-
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responding 30-year climatological reference using centered multivariable integrated evaluation

(MVIE) statistics, including the centered root-mean-square vector difference, vector similarity

coefficient, standard deviation ratio, and cMIEI. We also clarified that the lowest cMIEI alone

does not prove that a year is representative for everyWRF evaluation variable. Therefore, the se-

lection was interpreted together with the variable-level metrics: the selected years did not show

pronounced outlying deviations among the seven variables evaluated in the WRF assessment

and, overall, ranked among the candidate years closest to the long-term climatological state.

We also added Figs. S1-S2 to the Supplementary Information to show the full multivariable

assessment for all candidate years from 1991 to 2020. These results support the selection of

2007 for the arid region of Northwest China and 2009 for the coastal region of Southeast China

because these years had the lowest cMIEI values in their respective regions and did not show

strong variable-level anomalies. These figures complement Tables S2-S3 by showing both the

integrated metrics and the variable-level metrics used in the selection procedure.

We further revised theDiscussion to clarify the potential bias and scope of the single-year opti-

mization design. We now state that a single representative year cannot fully cover all interannual

variability or synoptic-scale circulation patterns. A strict multi-year optimization or leave-one-

year-out cross-validation design would provide a more complete test of cross-year stability. The

present study uses a representative-year optimization plus independent extreme-year validation

design; therefore, the selected configurations should be interpreted as better-performing param-

eterization combinations within the current screening and validation framework, rather than as

globally optimal configurations for all possible years.

Corresponding revisions:

Section 2.2 Model configuration and datasets (page 5, lines 119-123):

The selection of simulation years for the two study regions was based on long-termmeteorologi-

cal station observations from 1991 to 2020. For each candidate year, the observed multivariable

meteorological conditions were compared with the corresponding 30-year climatological refer-

ence using centeredmultivariable integrated evaluation (MVIE) statistics, including the centered

root-mean-square vector difference, vector similarity coefficient, standard deviation ratio, and

cMIEI. The cMIEI provides an integrated measure of the overall distance between each candi-

date year and the climatological reference, while the variable-level metrics were used to check

whether the selected years were dominated by anomalous deviations in individual variables. The

analysis showed that 2007 and 2009 had the lowest cMIEI values in their respective regions and

did not show pronounced outlying deviations among the seven variables evaluated in the WRF

assessment. Overall, these two years ranked among the candidate years closest to the long-term

climatological state across the multivariable and variable-level metrics (see Tables S2-S3 and

Figs. S1-S2 in Supporting Information).
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Section 4.3 Robustness and uncertainty boundaries of the screening framework (page 32, lines

728-735):

The representative-year screening and single independent extreme-year validation design used

in this study was intended to balance statistical representativeness, computational feasibility, and

the need for an out-of-sample test. The screening years were not chosen subjectively or only

because their annual mean values were close to the climatological means. Instead, all candidate

years from 1991 to 2020 were evaluated against the 30-year climatological reference using cen-

tered multivariable metrics. The years with the lowest cMIEI were selected for the two regions,

and their variable-level metrics did not show pronounced anomalous deviations among the seven

variables evaluated in the WRF assessment (Tables S2-S3 and Figs. S1-S2). Therefore, the se-

lection was based on both the integrated cMIEI ranking and the absence of strong variable-level

outliers, which reduces the risk that the parameterization screening is driven by an anomalous

year. The 2010 experiment further provides a single independent extreme-year test of the se-

lected schemes outside the screening period. The representative-year screening and independent

2010 validation therefore provide two complementary tests: one under multivariable climato-

logical representativeness and one under an extreme climate background outside the screening

year. Broader multi-year optimization, leave-one-year-out cross-validation, or validation across

additional climate-background years would further quantify the range of this robustness under

different circulation regimes. In the presentWRF physics-ensemble framework, such extensions

would require rerunning the full parameterization screening across multiple years and regions.

The present design therefore provides a reproducible and computationally tractable evaluation

of the proposed weighting framework, while leaving broader multi-year generalization as a clear

direction for future applications.

Supporting Information, Figs. S1-S2:

Figure S1. Multivariable assessment of each candidate year from 1991 to 2020 against the 30-

year climatological mean in the arid region of Northwest China using centered MVIE statistics.

Lower cMIEI indicates closer agreement with the 30-year climatological reference. The year

2007 had the lowest cMIEI and did not show strong anomalous deviations in the variable-level

metrics; it was therefore selected as the representative screening year for this region. Figure

S2. Multivariable assessment of each candidate year from 1991 to 2020 against the 30-year

climatological mean in the coastal region of Southeast China using centered MVIE statistics.

Lower cMIEI indicates closer agreement with the 30-year climatological reference. The year

2009 had the lowest cMIEI and did not show strong anomalous deviations in the variable-level

metrics; it was therefore selected as the representative screening year for this region.

Supporting material cited in this response: Figs. S1–S2 and Tables S2–S3
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Figure S1. Multivariable assessment of each candidate year from 1991 to 2020 against the 30-

year climatological mean in the arid region of Northwest China using centered MVIE statistics.

Lower cMIEI indicates closer agreement with the 30-year climatological reference. The year

2007 had the lowest cMIEI and did not show strong anomalous deviations in the variable-level

metrics; it was therefore selected as the representative screening year for this region. This cli-

matological comparison was used for representative-year selection and was not the temporal

aggregation used for WRF scheme-evaluation metrics.
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Figure S2. Multivariable assessment of each candidate year from 1991 to 2020 against the 30-

year climatological mean in the coastal region of Southeast China using centered MVIE statis-

tics. Lower cMIEI indicates closer agreement with the 30-year climatological reference. The

year 2009 had the lowest cMIEI and did not show strong anomalous deviations in the variable-

level metrics; it was therefore selected as the representative screening year for this region. This

climatological comparison was used for representative-year selection and was not the temporal

aggregation used for WRF scheme-evaluation metrics.

Response Letter for egusphere-2025-5362 8 / 31



Table S2 The comparison results of daily meteorological elements in the arid region of Northwest each year

with the 30-year average climate values

Year cRMSE R Standard Deviation Ratio MIEI

1991 0.50 0.88 1.05 0.58

1992 0.32 0.96 1.12 0.37

1993 0.59 0.85 1.09 0.62

1994 0.42 0.92 1.07 0.44

1995 0.51 0.91 1.22 0.51

1996 0.44 0.91 1.05 0.50

1997 0.34 0.94 1.02 0.37

1998 0.42 0.94 1.17 0.41

1999 0.26 0.98 1.14 0.24

2000 0.40 0.94 1.16 0.40

2001 0.61 0.85 1.17 0.63

2002 0.24 0.97 0.93 0.29

2003 0.49 0.92 1.21 0.54

2004 0.38 0.93 1.06 0.42

2005 0.50 0.90 1.16 0.54

2006 0.37 0.93 0.98 0.39

2007 0.20 0.98 1.08 0.23

2008 0.38 0.93 0.91 0.43

2009 0.46 0.90 1.06 0.50

2010 0.49 0.88 1.00 0.51

2011 0.46 0.92 1.17 0.46

2012 0.30 0.95 0.98 0.35

2013 0.43 0.90 0.97 0.53

2014 0.39 0.92 0.92 0.46

2015 0.54 0.88 1.11 0.59

2016 0.42 0.91 0.95 0.48

2017 0.46 0.91 1.09 0.54

2018 0.45 0.89 0.90 0.54

2019 0.69 0.84 1.29 0.76

2020 0.49 0.88 0.99 0.60
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Table S3 The comparison results of daily meteorological elements in the coastal region of Southeast each

year with the 30-year average climate values

Year cRMSE R Standard Deviation Ratio MIEI

1991 0.42 0.91 0.97 0.77

1992 0.65 0.85 1.24 0.80

1993 0.41 0.94 1.19 0.56

1994 0.59 0.88 1.24 0.86

1995 0.50 0.90 1.17 0.55

1996 0.43 0.92 1.12 0.89

1997 0.54 0.86 1.03 0.65

1998 0.58 0.89 1.23 0.70

1999 0.54 0.87 1.08 0.77

2000 0.60 0.84 1.08 0.76

2001 0.44 0.94 1.20 0.53

2002 0.58 0.83 1.00 0.74

2003 0.43 0.92 1.10 0.62

2004 0.49 0.88 0.98 0.53

2005 0.51 0.94 1.31 0.50

2006 0.43 0.93 1.17 0.61

2007 0.53 0.88 1.12 0.62

2008 0.61 0.89 1.31 0.60

2009 0.38 0.93 0.99 0.49

2010 0.67 0.86 1.30 0.84

2011 0.48 0.89 1.05 0.70

2012 0.48 0.90 1.10 0.57

2013 0.51 0.89 1.10 0.57

2014 0.51 0.92 1.25 0.66

2015 0.75 0.74 1.08 0.78

2016 0.60 0.83 1.05 0.61

2017 0.47 0.92 1.16 0.61

2018 0.56 0.84 0.99 0.68

2019 0.58 0.89 1.26 0.69

2020 0.50 0.87 0.99 0.75
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Comment 1.3

The authors employed an ordered selection strategy. As discussed in the relevant sec-

tion (lines 571-579), this approach inevitably introduces path dependence.The optimal

choice for the initial process inevitably constrains the performance landscape for subse-

quent choices, suggesting that the final combination likely represents a local optimum

dependent on the arbitrary order of evaluation rather than a global optimum. The authors

should critically discuss the theoretical implications of this limitation and, if possible, jus-

tify the specific order chosen.

Response 1.3:

We thank the reviewer for raising this important point. We agree that an ordered selection

strategy can introduce path dependence, because the scheme selected for an earlier physical

process defines the background configuration under which subsequent physical processes are

evaluated. In the original manuscript, we had briefly noted this issue, but we agree that the

theoretical implications of this limitation and the rationale for the prescribed order needed to be

discussed more critically.

In the revised manuscript, we clarified in Section 2.2 that the sequence used in this study,

namely microphysics, planetary boundary layer, cumulus, radiation, and land surface processes,

was adopted as a pre-specified conditional screening strategy to reduce the computational bur-

den associated with the high-dimensional WRF physics-configuration space. This order fol-

lows procedural precedents in previousWRF parameterization sensitivity and physics-ensemble

evaluation studies, including the stepwise decision approach of Stergiou et al. (2017), which be-

gins with microphysics and then evaluates PBL, cumulus, radiation, and land surface scheme

groups, and the WRF physics-ensemble evaluation of Dai et al. (2021). We also added that

the order is consistent with empirical evidence fromWRF ensemble evaluations and the present

results, which show that microphysics, planetary boundary layer, and cumulus schemes often ex-

ert strong influences on summer near-surface meteorological variables, including precipitation,

wind speed, temperature, and humidity.

We further expanded the Discussion to explain the theoretical implication of this strategy.

The stepwise design changes the search target from an exhaustive global optimization over all

feasible WRF physics combinations to a sequence of conditional decisions. Earlier choices

can modify the model state, the simulated error structure, and the performance landscape for

subsequent choices. Therefore, the selected configuration should be interpreted as the best-

performing combination under the prescribed conditional screening framework, rather than as

a mathematically guaranteed global optimum. We also clarified that the proposed weighting

framework improves the multivariable evaluation within each step, but does not remove the path

dependence inherent in sequential screening. Future applications could quantify this source of

uncertainty by comparing alternative process orders, applying multi-start stepwise screening, or
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using global optimization and surrogate-model approaches when computational resources allow.

Corresponding revisions:

Section 2.2 Model configuration and datasets (page 6, lines 140-147):

To reduce the computational burden associated with the high-dimensional WRF physics-

configuration space, this study adopted a pre-specified conditional screening strategy. The phys-

ical processes were evaluated sequentially in the order of microphysics, planetary boundary

layer, cumulus, radiation, and land surface processes, and the best-performing parameteriza-

tion scheme selected at each step was carried forward as the background configuration for the

subsequent step. This order follows procedural precedents in previous WRF parameterization

sensitivity and physics-ensemble evaluation studies, including the stepwise decision approach

of Stergiou et al. (2017), which begins with microphysics and then evaluates PBL, cumulus,

radiation, and land surface scheme groups, and the WRF physics-ensemble evaluation of Dai

et al. (2021). It is also consistent with empirical evidence from WRF ensemble evaluations

and the present results that microphysics, planetary boundary layer, and cumulus schemes of-

ten exert strong influences on summer near-surface meteorological performance, particularly

for precipitation, wind speed, temperature, and humidity, which are key variables in the present

multivariable evaluation. Therefore, the prescribed sequence is used here as a computationally

feasible stepwise screening heuristic, rather than as a theoretically unique physical hierarchy or

a guarantee of global optimality.

Section 4.3 Robustness and uncertainty boundaries of the screening framework (page 33, lines

763-766):

The theoretical implication of this design is that the search target changes from an exhaustive

global optimization over all feasible WRF physics combinations to a sequence of conditional

decisions. The scheme selected for an earlier process can modify the model state, the simulated

error structure, and the performance landscape under which later processes are evaluated. For

instance, as illustrated in Fig. 3(a), the selection of the YSU planetary boundary layer scheme is

associated with lower evaluated wind-speed errors in subsequent processes, indicating that ear-

lier choices can propagate their influence into later stages. The resulting configuration should

therefore be interpreted as the best-performing combination under the prescribed conditional

screening framework, rather than as a mathematically guaranteed global optimum over all pos-

sible WRF physics combinations. The prescribed order, from microphysics to planetary bound-

ary layer, cumulus, radiation, and land surface processes, was adopted as a practical and pre-

defined screening sequence based on previousWRF sensitivity and physics-ensemble evaluation

studies (Stergiou et al., 2017; Dai et al., 2021). In this sense, the order has both a procedural

precedent and an empirical rationale: it evaluates cloud and precipitation microphysical pro-
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cesses, boundary-layer turbulent exchange, and convective processes before the radiation and

land-surface choices are finalized. These earlier processes commonly exert strong direct or in-

direct controls on precipitation, near-surface wind, temperature, and humidity, and the present

results likewise show substantial multivariable differences associated with microphysics, cumu-

lus, and planetary boundary layer choices. Nevertheless, the order is not theoretically unique.

The proposed weighting framework helps reduce evaluation bias within each step by emphasiz-

ing variables with larger errors or stronger scheme-dependent responses, but it does not eliminate

the path dependence of the stepwise search itself.

Comment 1.4

While the manuscript presents comprehensive statistical evidence, it lacks sufficient anal-

ysis of the underlying physical mechanisms driving these results. The authors are en-

couraged to discuss the physical mechanisms of the optimal parameterization schemes by

linking the method’s characteristics with the regional climatic features. This will enhance

the theoretical depth of the paper.

Response 1.4:

Thank you for this important suggestion. We agree that the original manuscript relied too

heavily on statistical performance metrics and did not sufficiently explain why the selected pa-

rameterization schemes are physically meaningful under the two regional climate backgrounds.

In the revised manuscript, we added a new subsection, Sect. 4.2, “Physical interpretation and

practical meteorological relevance”. This subsection explicitly links the proposed performance-

based weighting framework to regional physical interpretation. Specifically, we now explain

that the proposed weights emphasize variables with large relative errors and strong scheme-

dependent responses, and that these high-weight variables can be interpreted as key constraints

on regional model performance. We then connect these variables and their scheme-dependent

responses to the dominant climate characteristics of the arid Northwest and humid coastal

Southeast domains. To avoid overinterpretation, we also clarify that this discussion provides

mechanism-informed physical consistency, not direct process-attribution evidence.

We supported this revision with technical and regional WRF literature. For example, we

now discuss the physical characteristics of the selected P3, YSU, Tiedtke, GFDL, Noah LSM,

WDM6, Shin-Hong, and Grell 3 schemes, and relate these characteristics to cloud microphysics,

boundary-layer mixing, convective transport, radiative transfer, and land-surface fluxes in the

two regions.

Corresponding revisions:
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Section 4.2 Physical interpretation and practical meteorological relevance (page 30, lines 665-

672):

The regional differences in the selected configurations provide a basis for interpreting how the

weighting method responds to the dominant physical constraints in each climate setting. The

weighting framework itself does not directly diagnose process budgets or alter WRF physical

parameterizations. Because the method gives greater influence to variables with larger relative

errors and stronger scheme-dependent responses within the evaluated physical-process group,

the final scheme combinations are not determined only by the lowest aggregate score; they also

reflect which variables and processes most strongly limit the multivariable simulation in each

region. The selected schemes should therefore be interpreted as statistically preferred config-

urations whose physical characteristics are consistent with the present regional climate back-

grounds, rather than as universally optimal schemes or as proof of a single causal mechanism.

Section 4.2 Physical interpretation and practical meteorological relevance (page 31, lines 673-

676):

In the arid region of Northwest China, limited water-vapor supply, complex terrain, strong land-

atmosphere coupling, and large diurnal temperature variations make precipitation, near-surface

wind, and temperature particularly sensitive to cloud microphysics, boundary-layer mixing, ra-

diation, and surface energy-water exchanges. The selection of the P3 microphysics scheme is

physically plausible because P3 predicts bulk ice particle properties and explicitly represents the

mass and volume of rimed ice, allowing a more flexible treatment of mixed-phase hydrometeors

than schemes with fixed ice categories (Morrison and Milbrandt, 2015). This is relevant for pre-

cipitation simulation over arid and topographically complex regions, where precipitation events

are intermittent and strongly affected by cloud microphysical uncertainty. The selection of the

YSU PBLscheme is also consistent with the importance of near-surface wind and temperature in

this region, becauseYSU uses a non-local K-profile approach with an explicit entrainment layer

to represent turbulent exchange in the unstable mixed layer (Hong et al., 2006). The Tiedtke

cumulus scheme, a mass-flux scheme with shallow convection and momentum transport, pro-

vides a physically meaningful representation of sub-grid convective transport under conditions

where convection is not fully resolved (Tiedtke, 1989; Zhang et al., 2011). Together with the

GFDL radiation scheme, which accounts for radiative transfer with carbon dioxide, ozone, and

cloud microphysical effects (Fels and Schwarzkopf, 1981), and the Noah LSM, which repre-

sents soil temperature, soil moisture, snow, and surface fluxes in the land-atmosphere system

(Chen and Dudhia, 2001), this combination is consistent with the dominant controls on wind,

temperature, and intermittent precipitation in the arid Northwest domain. This interpretation is

also supported by previous WRF studies showing that land surface choices can strongly affect

summer climate simulations in arid Central Asia and that PBL schemes in China differ substan-

tially in their representation of heat andmomentum fields (Lu et al., 2021; Jia et al., 2023). In the
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humid coastal region of Southeast China, the dominant simulation challenges are more closely

related to monsoon moisture transport, moist convection, cloud-precipitation processes, and the

coastal boundary layer. The selection of WDM6 is physically interpretable because this scheme

extends WSM6 by including double-moment treatment of rain and cloud water as well as prog-

nostic cloud condensation nuclei for warm-rain processes, which is relevant for warm and moist

precipitation environments (Lim and Hong, 2010). The selected Shin-Hong PBL scheme in-

cludes scale dependency for vertical transport in the convective boundary layer while retaining

YSU-type treatment for stable boundary-layer and free-atmospheric mixing (Shin and Hong,

2015). This feature is consistent with the need to represent vertical exchange of heat, moisture,

and momentum in coastal regions where sea-land thermal contrast and moist boundary-layer

processes affect near-surface wind and humidity. The Grell 3 cumulus scheme is an improved

Grell-Devenyi type mass-flux approach and can represent sub-grid convective effects through

ensemble-based convective assumptions (Grell, 1993; Grell and Devenyi, 2002). Its selection

in the Southeast domain is therefore consistent with the higher weight assigned to precipitation

in the cumulus evaluation and with previous studies showing that convection and microphysics

parameterizations strongly influence precipitation and cloud properties overAsia and EastAsian

summer monsoon rainfall (Liu et al., 2018; Yang et al., 2015). The common selection of GFDL

radiation and Noah LSM in both regions further suggests that a balanced treatment of radia-

tive heating and land-surface fluxes is important for the multivariable evaluation, although their

specific roles differ between the arid inland and humid coastal climate backgrounds.

Section 4.2 Physical interpretation and practical meteorological relevance (page 32, lines 707-

708):

These physical interpretations should be treated as mechanism-informed explanations of the

statistical selection results, not as direct process-attribution evidence.

Comment 1.5

The discussion suggests that the dynamic weighting method is transferable to multi-model

evaluations. However, weighting distinct models with structural differences presents dif-

ferent challenges compared to selecting parameterization schemes within the unifiedWRF

framework. The authors should expand this section to clarify how the methodology would

be adapted for multi-model ensembles, specifically addressing how it accounts for struc-

tural uncertainties versus parameter perturbations.

Response 1.5:

We thank the reviewer for highlighting this important conceptual distinction. We agree that

extending the performance-based weighting framework from WRF parameterization-scheme
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evaluation to multi-model ensembles requires an explicit adaptation of the interpretation of the

weighting components. In the present study, all ensemble members are generated within a uni-

fied WRF framework, sharing the same dynamical core, model configuration, domain setting,

boundary conditions, and evaluation variables. Under this controlled setting, the coefficient of

variation of absolute errors can be interpreted mainly as the scheme-dependent response of each

variable to alternative physical parameterization choices. In a multi-model ensemble, however,

the same statistic would reflect differences among models that may arise from model structures,

numerical schemes, spatial resolutions, physical process representations, tuning strategies, and

model genealogy. We therefore agree that the distinction between parameter perturbation un-

certainty and structural uncertainty needs to be stated explicitly.

Following the reviewer’s suggestion, we added a new discussion subsection (Sect. 4.4) to ex-

plain how the method could be adapted as a variable-level evaluation component in future multi-

model applications. We now clarify that, in a multi-model context, the coefficient of variation of

absolute errors should be interpreted as variable-level inter-model spread rather than sensitivity

to a specific physical process. With this adapted interpretation, the two weighting components

retain a useful diagnostic role: the mean relative error identifies variables with large systematic

simulation errors, whereas the coefficient of variation identifies variables for which different

models disagree strongly. Combining these two components can help identify variables that are

both difficult to simulate and highly uncertain across models. This is particularly relevant for

multivariable evaluation because variables such as precipitation or near-surface wind may be

masked by more consistently simulated variables when all variables are assigned equal weights.

We further expanded the discussion to define the value and boundary of this possible ex-

tension. The proposed method can help preserve the visibility of high-error and high-spread

variables in a multivariable evaluation, but it is not intended to replace model-level treatment of

structural uncertainty. We now state that future applications to multi-model ensembles should

embed this variable-level weightingmodule within a broader hierarchical evaluation framework,

including harmonization of model outputs and, where appropriate, model-level performance

weighting, model-independence weighting, model-family grouping, or uncertainty decompo-

sition. We have also stated that testing this variable-level weighting module in multi-model

ensembles is an important direction for future work.

Corresponding revisions:

Section 4.4 Potential extension of the performance-based weighting framework to variable-level

evaluation in multi-model (page 34, lines 797-804):

Beyond WRF parameterization-scheme evaluation, the performance-based weighting frame-

work also suggests a possible extension for variable-level assessment in multi-model ensem-

bles. The transferable component is not a direct attribution of structural uncertainty, but the use
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of observation-constrained error statistics to determine which variables should receive greater

attention in a multivariable score. In the present WRF physics ensemble, the members share

the same dynamical core, model configuration, domain setting, boundary conditions, and eval-

uation variables; therefore, the coefficient of variation of absolute errors can be interpreted

mainly as the scheme-dependent response of each variable to alternative physical parameter-

ization choices. In multi-model ensembles, such as CMIP-type ensembles, the same statistic

would instead summarize variable-level inter-model spread, because differences among models

integrate the effects of model structures, numerical schemes, spatial resolutions, physical pro-

cess representations, tuning strategies, and model genealogy. This reinterpretation allows the

performance-based weighting framework to be considered as a variable-level evaluation mod-

ule for multi-model applications, while preserving the conceptual distinction between parame-

ter perturbation within a single modelling framework and structural differences among distinct

models.

Section 4.4 Potential extension of the performance-based weighting framework to variable-level

evaluation in multi-model (page 34, lines 809-816):

Nevertheless, the proposed weighting idea can still provide value as a variable-level diagnostic

component in future multi-model evaluation. Under this adapted interpretation, the mean rela-

tive error would identify variables with large systematic simulation errors across the ensemble,

while the coefficient of variation of absolute errors would be interpreted as variable-level inter-

model spread rather than scheme-dependent response. Combining these two components would

highlight variables that are both difficult to simulate and associated with large inter-model dis-

agreement. Such variables, for example precipitation or near-surface wind in many regional

climate applications, may otherwise be masked in an equal-weighted multivariable score by

variables that are simulated more consistently. In this sense, the method could help preserve the

visibility of high-error and high-spread variables during multi-variable model evaluation, while

the final ensemble weighting would still require separate model-level treatment.

Section 4.4 Potential extension of the performance-based weighting framework to variable-level

evaluation in multi-model (page 35, lines 819-826):

This distinction also defines the boundary of the method. The proposed variable weighting

framework does not by itself attribute structural uncertainty to specific model components, nor

does it solve model dependence, shared model genealogy, or redundancy among related model

families. If applied to multi-model ensembles, it should be embedded in a broader hierarchical

evaluation framework in which model outputs are first harmonized to common variables, spa-

tial grids, temporal scales, and observational references, and then combined with model-level

performance weights, model-independence weights, model-family grouping, or uncertainty de-

composition approaches. Future work should therefore test this variable-level weighting mod-

ule in multi-model ensembles and examine how it interacts with model-level weighting and
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structural-uncertainty attribution.

Comment 1.6

P1, L13: ”an objective dynamic weighting method” – I advise caution with the word ”ob-

jective.” The choice of the Softmax function, the choice of the variable set (7 variables),

and the choice of the evaluation order are all subjective decisions made by the researchers.

”Data-driven” or ”Performance-based” might be more accurate terms.

Response 1.6:

We thank the reviewer for this helpful suggestion. We agree that the word ”objective” may

have made the methodological status of the framework appear too strong; therefore, the revised

manuscript now uses the more accurate term ”performance-based”. Although the weights are

calculated from model-observation performance statistics, the choice of evaluated variables,

the Softmax transformation, and the prescribed physical-process screening order are explicit

methodological choices. We therefore revised the manuscript to avoid implying that the method

is free of researcher-defined assumptions.

In response, we changed the title and the core terminology throughout the Abstract, Intro-

duction, Methods, Discussion, Conclusions, and Supplementary Information. The method is

now described as a ”performance-based multivariable weighting framework” or as the proposed

”MRE× CVweighting”, rather than as an ”objective dynamic weighting method.” We adopted

this wording because it more accurately separates two points: the variable weights are derived

from model performance against observations, but the evaluation rule is still defined by trans-

parent and reproducible methodological choices.

We also clarified that this terminology change does not remove the methodological contribu-

tion of the study. Instead, it frames the contribution more precisely. The revised framework adds

a diagnostic weighting layer to the MVIE evaluation: the MRE component identifies variables

that remain difficult to simulate under the current WRF configuration, and the absolute-error

CV component identifies variables whose errors respond strongly to the candidate schemes in

the physical-process group being evaluated. By combining these two components, the method

is designed to retain the influence of variables that are both important sources of simulation

difficulty and informative for parameterization-scheme discrimination. This is why we use the

term ”performance-based” rather than ”subjective” or ”fully objective.”

To make these assumptions and the method’s distinct role clearer to readers, we added ex-

planatory text in Sect. 2.3.3, added benchmark-method descriptions in Sect. 2.3.4, and added

a conceptual comparison in Supplementary Table S1. These revisions show how the proposed

MRE× CVweighting differs from equal weighting, entropy weighting, coefficient-of-variation
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weighting, and CRITIC weighting. Finally, because the reviewer specifically noted the ordered

evaluation workflow, we also revised the Discussion to state that the prescribed order from mi-

crophysics to planetary boundary layer, cumulus, radiation, and land surface processes is a prac-

tical, pre-defined screening sequence based on previous WRF sensitivity and physics-ensemble

evaluation studies, but is not theoretically unique.

Corresponding revisions:

Title (page 1, lines 1-2):

A performance-based multivariable weighting framework for WRF parameterization-scheme

selection.

Abstract (page 1, lines 4-5):

To address this issue, this study proposes a performance-based multivariable weighting frame-

work forWRF parameterization-scheme evaluation. The framework combines two components:

mean relative error, which represents variable-level simulation difficulty quantified by relative

simulation error, and the coefficient of variation of absolute errors, which represents the scheme-

dependent response of each variable within the evaluated physical-process group.

Section 2.3.3 Performance-based multivariable weighting framework (page 11, lines 221-222):

The term performance-based is used because both weighting components are derived from the

simulated performance of candidate WRF parameterization schemes against observations.

Section 2.3.3 (page 13, lines 272-279):

Together, the selection of the MRE and CV components, the Softmax transformation, and the

multiplicative combination define a reproducible evaluation rule under explicit methodologi-

cal choices. The framework is therefore intended to make variable weighting transparent and

testable, rather than to claim a unique objective set of variable weights.

Section 2.3.4 Benchmark weighting methods (page 14, lines 307-331):

The revised manuscript and Supplementary Information compare equal weighting, entropy

weighting, coefficient-of-variation weighting, CRITIC weighting, and the proposed MRE ×
CV weighting in terms of weighting basis, information emphasized, and interpretation in WRF

parameterization screening.

Section 4.3 Robustness and uncertainty boundaries of the screening framework (page 34, lines

777-784):

Nevertheless, the order is not theoretically unique. The proposed weighting framework helps

reduce evaluation bias within each step by emphasizing variables with larger errors or stronger

scheme-dependent responses, but it does not eliminate the path dependence of the stepwise
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search itself.

Supporting material cited in this response: Table S1
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Table S1 Conceptual comparison of the variable weighting methods used in this study

Method Weighting basis
Main information

emphasized

Explicit term

for error

magnitude

Response term

reflecting scheme

dependence

Conflict

term

among

variables

Interpretation in WRF

parameterization screening

Equal

weighting

Fixed identical weights for

all variables

No variable

differentiation
No No No

Baseline assumption that all

evaluated variables contribute

equally to the integrated score.

Entropy

weighting

Entropy of normalized

scheme-level error

distributions

Discriminating

information among

candidate schemes

Indirect No No

Variables with stronger error

dispersion among candidate

schemes receive greater influence.

Coefficient-

of-variation

weighting

Ratio of standard deviation

to mean error across

candidate schemes

Relative error

dispersion
Indirect No No

Variables with larger relative

variation among candidate schemes

receive greater influence.

CRITIC

Contrast intensity multiplied

by conflict/non-redundancy

among variables

Contrast and

non-redundant

information

Indirect No Yes

Variables receive higher weights

when they vary strongly among

schemes and are less redundant

with other variables.

Proposed

MRE × CV

weighting

Product of the

Softmax-transformed mean

relative error and the

Softmax-transformed

absolute-error coefficient of

variation, followed by

normalization

Simulation difficulty

and

scheme-dependent

response

Yes Yes No

Variables that are both difficult to

simulate and responsive to

alternative schemes within the

evaluated physical-process group

retain greater influence in the

multivariable score.
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Comment 1.7

P2, L43: ”To evaluate the overall performance of the model (Gleckler et al., 2008), pro-

posed...” should be corrected to ”To evaluate the overall performance of the model, Gleck-

ler et al. (2008) proposed...”.

Response 1.7:

Thank you for the careful observation about the citation syntax. We have corrected the citation

of Gleckler et al. (2008) so that the subject and grammatical structure of the sentence are clear.

Corresponding revisions:

Section 1 Introduction (page 2, lines 23-25):

To evaluate the overall performance of the model, Gleckler et al. (2008) proposed the Model

Climate Performance Index (MCPI), which quantifies the model’s overall bias by calculating

the mean relative error across multiple variables.

Comment 1.8

P2, L64: ”total of over 14.5 million possible combinations”—While mathematically true,

many of these are physically invalid or incompatible. It would be better to cite a realistic

number of feasible combinations if possible, or acknowledge this is a theoretical upper

bound.

Response 1.8:

Thank you for pointing out that the reported number represents a mathematical maximum

rather than the number of feasible WRF configurations. We have revised the Introduction to ex-

plicitly state that the value is a theoretical upper bound before physical compatibility constraints

are considered, and that it should not be interpreted as the number of physically feasible WRF

configurations.

Corresponding revisions:

Section 1 Introduction (page 2, lines 35-42):

The size of the configuration space also creates a practical constraint. In WRF version 4.3, the

available schemes yield a theoretical upper bound of more than 14.5 million possible combina-

tions before physical compatibility constraints are considered (Wang et al., 2021). Exhaustive

evaluation is therefore impractical, and sensitivity analyses that vary schemes process by process
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are commonly used to identify suitable configurations (Li et al., 2014; Yu et al., 2022a).

Section 1 Introduction (page 2, lines 34-36):

This value should therefore be interpreted as an upper bound rather than the number of physically

feasible WRF configurations.

Comment 1.9

P4, L114: ”we will conduct” should be changed to ”we conducted” or ”we conduct” to

align with standard academic tense for methodology.

Response 1.9:

Thank you for the reminder about tense consistency in the methodological description. We

have changed the relevant future-tense expression to the past tense to reflect that the comparative

application had already been conducted.

Corresponding revisions:

Section 1 Introduction (page 2, lines 57-58):

We applied the method in two contrasting regions, the arid region of Northwest China and the

coastal region of Southeast China, and compared it with equal weighting, entropy weighting,

coefficient-of-variation weighting, and CRITIC weighting. We further tested the selected con-

figurations in an independent extreme climate year.

Comment 1.10

P5, L140: ”Northwest of China” should be corrected to ”Northwest China” for consis-

tency.

Response 1.10:

Thank you for pointing out the inconsistency in the regional name. We have corrected “North-

west of China” to “Northwest China” to keep the terminology consistent.

Corresponding revisions:

Section 2.1.1 Arid region of Northwest China (page 3, lines 78-85):

The arid region of Northwest China (73°–106°E, 35°–50°N) lies at the core of the Eurasian
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continent, encompassing the entire Xinjiang region, the Hexi Corridor in Gansu Province, and

parts of Inner Mongolia, as illustrated in Fig. 1(b).

Comment 1.11

P7, L197: ”suffering from severe flooding” should be changed to ”experiencing severe

flooding” or ”affected by severe flooding” to maintain an objective academic tone.

Response 1.11:

Thank you for the suggestion to maintain a more objective academic tone. We have replaced

the subjective phrase “suffering from severe flooding” with “was affected by severe flooding”

and adjusted the parallel clause so that the sentence is grammatically clearer.

Corresponding revisions:

Section 2.2 Model configuration and datasets (page 5, lines 130-134):

The year 2010 is a representative year of extreme climate in China, during which the arid region

of Northwest experienced drought and the coastal region of Southeast was affected by severe

flooding.

Comment 1.12

P13, L324: ”assigned on the basis of” is wordy and should be condensed to ”assigned

based on” to improve flow.

Response 1.12:

Thank you for the suggestion to improve the flow of this sentence. We have shortened “as-

signed on the basis of” to “assigned based on” in the descriptions of both weight components in

Fig. 2.

Corresponding revisions:

Section 3.1 Optimal parameterization scheme combination for the arid region of Northwest

(page 15, lines 336-343):

Figure 2(a) shows the weights ωm1 assigned based on the mean relative error (MREm), where

wind speed and precipitation received average weights of 0.45 and 0.24, respectively, while all

other variables had weights below 0.01 The higher weights for wind speed and precipitation
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indicate that all physical processes in theWRF model have significant errors in simulating these

variables, reflecting the model’s weaker simulation capability for these variables.

Section 3.1 Optimal parameterization scheme combination for the arid region of Northwest

(page 15, lines 340-346):

Figure 2(b) shows the weights ωm2 assigned based on the coefficient of variation (CV|ME|m)

of the absolute error, where the weights for different variables showed considerable variation

during the simulation process, reflecting significant differences in the sensitivity of the variables

to different physical processes.

Comment 1.13

P24, L565: ”simplifies the complex multiplicative combinations... into additive combi-

nations.” This phrasing is technically incorrect. The physical processes are coupled non-

linearly (multiplicative nature). The step-wise selection method treats them sequentially

(additive nature of the process, not the physics). Please rephrase to avoid implying that

the method changes the physical nature of the interactions.

Response 1.13:

Thank you for identifying the potential technical ambiguity in this statement. We have rewrit-

ten the relevant discussion to clarify that the stepwise screening procedure evaluates physical-

process options sequentially, but it does not convert nonlinear interactions amongWRF physical

processes into independent additive effects.

Corresponding revisions:

Section 4.3 Robustness and uncertainty boundaries of the screening framework (page 33, lines

755-762):

The WRF model offers many parameterization schemes that can be freely combined. However,

this high degree of flexibility necessitates substantial computational resources to support the

model’s operation (Li et al., 2014). The stepwise simulation method used in this study reduces

the computational burden by evaluating physical-process options sequentially, while the interac-

tions amongWRF physical processes remain nonlinear and cannot be converted into truly inde-

pendent additive effects. In multivariate evaluations, the intricate interactions between physical

processes and variables therefore continue to introduce uncertainty (Zeng et al., 2016; Jia et

al., 2023). To address the multivariable evaluation component of this problem, the proposed

weighting framework adjusts variable weights during each stage of physical-process evalua-

tion, ensuring that each process emphasizes the variables most affected by simulation error and
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scheme-dependent response.

Comment 1.14

P25, L598: The sentence ”...yields more accurate temperature and wind speed, the dy-

namic weighting scheme provides more accurate results...”The two clauses are tautologi-

cal/redundant, making the sentence logically circular.

Response 1.14:

Thank you for pointing out the redundancy and circular wording in this conclusion sentence.

We have rewritten the sentence to remove the repeated clause and to state the selected configura-

tion in terms of integrated cMIEI, evaluated agreement with observedmeteorological variability,

remaining biases, and the distinction between evaluation improvement and furtherWRF physics

development.

Corresponding revisions:

Section 5 Conclusions (page 35, lines 839-841):

Similarly, in the coastal region of Southeast China, the optimal combination comprisedWDM6,

Shin-Hong-MM5, Grell 3, GFDL-GFDL, and Noah LSM, and it also achieved the lowest inte-

grated cMIEI among the five weighting strategies. Compared with the configuration selected by

equal weighting, the configurations selected by the proposed method showed stronger evaluated

agreement with observed meteorological variability in several metrics. Nevertheless, remaining

biases persisted, particularly for precipitation and wind speed. These remaining biases indicate

that the weighting method improves the evaluation and selection of parameterization schemes,

whereas further refinement ofWRF physical parameterizations remains necessary for represent-

ing complex weather systems and extreme events.

Comment 1.15

Figure 2 and Figure 5: The x-axis represents discrete categories (Microphysics, PBL, etc.),

yet the values are connected by lines. This implies continuity which does not exist. A bar

chart or a scatter plot would be a more appropriate visualization for these weights to avoid

misleading the reader.

Response 1.15:

Thank you for noting that connecting values across discrete physical-process categories could
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imply a continuity that does not exist. We have redrawn Fig. 2 and Fig. 5 as discrete matrix-style

heatmaps, and the revised captions now describe the MRE-based weight, CV-based weight, and

final proposed weight without using connecting lines.

Corresponding revisions:

Figure 2 (page 15, lines 329-330):

Figure 2. Weight distributions of the variables associated with the different physical processes

of the WRF simulation in the arid region of Northwest. (a) MRE-based weight, (b) CV-based

weight, and (c) final proposed weight. Weights are unitless.

Figure 5 (page 20, lines 433-434):

Figure 5. Weight distributions of the variables in the WRF simulations of the different physical

processes in the coastal region of Southeast. (a) MRE-based weight, (b) CV-based weight, and

(c) final proposed weight. Weights are unitless.

Supporting material cited in this response: Figure 2 and Figure 5

Figure 2. Weight distributions of the variables associated with the different physical processes

of the WRF simulation in the arid region of Northwest. (a) MRE-based weight, (b) CV-based

weight, and (c) final proposed weight. Weights are unitless.
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Figure 5. Weight distributions of the variables in the WRF simulations of the different physical

processes in the coastal region of Southeast. (a) MRE-based weight, (b) CV-based weight, and

(c) final proposed weight. Weights are unitless.

Comment 1.16

Figure 3(a) and Figure 6(a): The color scale for MIEI seems to show ”normalized” values.

It would be helpful to clarify in the caption what the normalization base is (e.g., normalized

by the median of the ensemble?).

Response 1.16:

Thank you for reminding us to specify the normalization basis for the MIEI color scale. We

have clarified in the captions of Fig. 3 and Fig. 6 that the normalized MIEI values were nor-

malized by the median MIEI value of the corresponding ensemble.

Corresponding revisions:

Figure 3 (page 17, lines 380-382):

Figure 3. Evaluation results of parameterization schemes in the arid region of Northwest. (a)

Normalized MIEI, with MIEI values normalized by the median MIEI value of the correspond-

ing ensemble, and (b-f) Taylor diagrams of different physical processes. (b) Microphysics, (c)

Planetary boundary layer, (d) Cumulus, (e) Radiation, (f) Land surface, and (g) Taylor diagrams

of a total of 44 combinations of parametric schemes for all physical processes.

Figure 6 (page 22, lines 1-8):

Figure 6. Evaluation results of parameterization schemes in the coastal region of Southeast. (a)

Normalized MIEI, with MIEI values normalized by the median MIEI value of the correspond-
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ing ensemble, and (b-f) Taylor diagrams of different physical processes. (b) Microphysics, (c)

Planetary boundary layer process, (d) Cumulus, (e) Radiation, (f) Land surface, and (g) Taylor

diagrams of a total of 54 combinations of parametric schemes for all physical processes.
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