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Abstract 9 

Fewer perfect prognosis (PP) based statistical downscaling were applied to future 10 

projections produced by global circulation models (GCM), when compared with the method 11 

of model output statistics (MOS). This study is a trial to use a multiple variable based PP 12 

downscaling for summer daily precipitation at many sites in China and to compare with the 13 

MOS. For the PP method (denoted as ‘OGB-PP’), predictors for each site are screened from 14 

surface-level variables in ERA-Interim reanalysis by an optimal grid-box method, then the 15 

biases in predictors are corrected and fitted to generalized linear models to downscale daily 16 

precipitation. The historical and the future simulations under the medium emission scenario 17 

(often represented as ‘RCP4.5’), produced by three GCMs (CanESM2, HadGEM2-ES and 18 

GFDL-ESM2G) in the coupled model intercomparison project phase five (CMIP5) were 19 

used as the downscaling bases. The bias correction based MOS downscaling (denoted as 20 

‘BC-MOS’) were used to compare with the OGB-PP. The OGB-PP generally produced the 21 

climatological mean of summer precipitation across China, based on both ERAI and CMIP5 22 

historical simulations. The downscaled spatial patterns of long-term changes are diverse, 23 

depending on the different GCMs, different predictor-bias corrections, and the choices on 24 

selecting PP and MOS. The annual variations downscaled by OGB-PP have small 25 

differences among the choices of different predictor-bias corrections, but have large 26 

difference to that downscaled by BC-MOS. The future changes downscaled from each 27 

GCM are sensitive to the bias corrections on predictors. The overall change patterns in 28 

some OGB-PP results on future projections produced similar trends as those projected by 29 

other multiple-model downscaling in CMIP5, while the result of the BC-MOS on the same 30 

GCMs did not, implying that PP methods may be promising. OGB-PP produced more 31 

significant increasing/decreasing trends and larger spatial variability of trends than the 32 

BC-MOS methods did. The reason maybe that in OGB-PP the independent precipitation 33 

modeling mechanism and the freely selected grid-box predictors can give rise to more 34 

diverse outputs over different sites than that from BC-MOS, which can contribute 35 

additional local variability. 36 

 37 

Key word: perfect prognosis; statistical downscaling; optimal grid box; bias corrections; 38 

generalized linear models; quantile mapping 39 
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 42 

1. Introduction 43 

To predict future climate changes, the World Climate Research Project (WCRP) Working 44 

Group on Coupled Modelling (simulation work group) has organized the Coupled Model 45 

Intercomparison Project (CMIP) (Zhou et al., 2014; Zhou et al., 2020) to share, compare and 46 

analyze the outcomes of GCMs. So far, CMIP provides a huge amount of global climate model 47 

(GCM) simulations for the past and future climate, and has provided sufficient researches for 48 

several IPCC Assessment Reports. However, GCMs adopt coarse resolutions (about 1-2 degrees, 49 

equivalent to about 100km-200 km) for long-term climate simulation, and cannot properly 50 

describe the complex local surface conditions and some physical processes, resulting in large 51 

deviations at regional scales(Maraun et al., 2010a). Downscaling is a technique to infer the 52 

climate information on the basin / regional scale from the large-scale variables (LSVs) of coarse 53 

resolution (Wilby et al., 2002). Statistical downscaling is such a technique, which is constructed 54 

by establishing linear or nonlinear relationship between LSVs and regional-scale variables in an 55 

empirical/statistical way (Wilby et al., 2002). The corresponding regional scale variable is 56 

derived by applying the empirical relation to the output of a GCM or RCM, which is 57 

computationally economical, therefore, is more feasible than other methods (such as the 58 

dynamical downscaling) for assessing the impacts of the global climate change on local areas 59 

based on the huge-amount multi-model CMIP simulations. 60 

Maraun et al. (2010b) classified the statistical downscaling methods into three categories 61 

according to the predictors and the model structures: perfect prognosis (PP), model output 62 

statistics (MOS) and weather generators. A PP method establishes an empirical model between 63 

an observational large-scale data and local observations, and then apply the model to the GCM 64 

simulated large-scale predictors. The large-scale observational data is usually played by the 65 

reanalysis datasets which are derived by assimilating other multi-source observational data. A 66 

MOS method is a direct empirical model between a GCM output and local observational 67 

variables. GCM long-term climate predictions are unsynchronized with historical observations, 68 

making it difficult for a MOS to use a variety of large-scale predictors as that does by a PP 69 

method. In practical applications, the most commonly used MOS is actually the bias corrections 70 

on the GCM results, such as quantile mappings (Li et al., 2010; Maraun, 2013a). For PP, the 71 

precipitation in reanalysis dataset is scarcely used in the downscaling of precipitation because 72 

the GCM simulated precipitation is unable to express large-scale circulations (Maraun et al., 73 

2010b). However, in MOS, the GCM simulated precipitation is directly used as a large-scale 74 

predictor, therefore, MOS are equivalent to bias corrections. Due to the simplicity, bias 75 

corrections (the mostly used method is quantile mapping) have been widely used in 76 

downscaling massive multi-model climate projections under future emission scenarios (Ahmed 77 

et al., 2019; Navarro-Racines et al., 2020; Su et al., 2016; Yang et al., 2019a; Zhang et al., 78 

2019a). In this respect, MOS is actually the mainstream method in statistical downscaling. 79 

However, Maraun (2013a) found that the quantile mapping(QM) usually produce incredible 80 

result. As pointed out by Maraun (2013b), the PP maybe more applicable, for the add value in 81 

improving the local variability.  82 
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Compared to a simple QM, PP can adopt more large-scale variable predictors, and has a 83 

more complexed model structure and is more difficult to implement (Maraun et al., 2019a). 84 

Most studies on PP models are still in the verification stage, such as Das and Akhter (2019), and 85 

the applications of PP in assessing future impacts based on multi-model GCM simulations are 86 

very limited. Except for a few traditional PP models being widely used (Al-Mukhtar and Qasim, 87 

2019; Gebrechorkos et al., 2019; Tang et al., 2016), most new PP models are only used for 88 

downscaling of a small number of climate projections (Kaspar-Ott et al., 2019). The 89 

performance of a PP downscaling model also relies on how the model is constructed, especially 90 

for how to select predictors. The optimal grid box method is promising for screening predictors, 91 

which need no dimensionality reduction, and the final predictors have a clear physical 92 

explanation to local precipitation. Fu et al. (2018) and Zhang and Yan (2015) applied this 93 

method for downscaling monthly precipitation. For daily precipitation, this predictor-screening 94 

method has been successfully applied to a variety of large-scale variables, and has achieved a 95 

good performance in China (Liu et al., 2019a; Liu et al., 2019b, Liu et al., 2019c). Considering 96 

the predictors extracted from the reanalysis dataset may have systematic errors to that extracted 97 

from the GCM simulations, further bias corrections on the predictors are also needed. 98 

The aim of this paper is to use a certain PP method, which is based on the optimal-grid-box 99 

predictor screening, generalized linear models and bias corrections on predictors, to downscale 100 

daily precipitation from the future projections in CMIP5, and compare the downscaled results 101 

with those downscaled by the common bias corrections (belong to the MOS category). In 102 

following paragraphs, we use the abbreviation ‘OGB-PP’ (here ‘O’ represents the optimal grid 103 

box, ‘G’ represents generalized linear models, ‘B’ represents bias corrections) to represent this 104 

PP method and the abbreviation ‘BC-MOS’ to represent the bias-correction methods. 105 

Some related questions are expected to answer:1) based on the evaluation on historical 106 

samples, how the performance can be attained by OGB-PP through different options? 2) How 107 

large the influence of bias corrections on PP predictors is when compared to the influence of 108 

predictors from different GCMs? 2) for downscaling precipitation across China for the future 109 

climate projections, how future projections can be generated by OGB-PP and BC-MOS? To 110 

answer the questions, the datasets simulated by three GCMs in CMIP5 were used as the base to 111 

downscale precipitation. This study can help us understand the potential of PP models for 112 

practical downscaling on future projections. 113 

2. Data and method 114 

2.1 Data preparation 115 

Dataset of daily precipitation gauged at 173 meteorological stations over China were 116 

collected from the China Meteorological Data Sharing Service System (http://data.cma.gov.cn 117 

for details) and was used to calibrate and validate the downscaling models. These related 118 

meteorological stations belong to the international climate exchange stations. Only the data 119 

observed in boreal summer (June–September) of 1979-2016 was used in this study. Very few 120 

missing values exist for the selected period, and such sporadic missing values were directly 121 

http://data.cma.gov.cn/
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replaced by zeros. These stations cover most of the provinces (except for Guizhou, Tibet and 122 

Taiwan) and main climatic zones in China (Fig. 1). Among them, seven representative sites 123 

(Beijing, Tulihe, Hanzhong, Nanjing, Yangjiang, Urumqi, Maduo) were selected to analyze with 124 

more details than other sites. These seven sites are located in the areas of North China, 125 

Northeast China, Central China, Eastern China, South China, Xinjiang (in far west China) and 126 

the Qinghai-Tibetan Plateau, respectively.  127 

 128 

Fig.1 A sketch map of the stations/sites (in blue dots and red dots) and the referenced major 129 

zones (the different areas in the red rectangles) used in this study. The red dots represent the 130 

seven representative stations which are emphasized in this study. These major zones which are 131 

frequently mentioned in literatures are roughly divided and are in boundary-overlapped 132 

geographical areas.  133 

The ERA-Interim Reanalysis dataset (ERAI) (Dee et al., 2011) from the European Centre 134 

for Medium-Range Weather Forecasts (ECMWF) was used to screen large-scale predictors. The 135 

daily mean variables at surface in ERAI, forecasted at 0 h UTC but for 12 h UTC in each day, 136 

covering a domain of 60°E-150°E and 10°N-65°N, were downloaded from the website of 137 

European Centre for Medium-Range Weather Forecast (ECMWF) 138 

(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim) . Considering the 139 

future climate projections simulated by GCMs are usually in rough resolution, the original 140 

resolution (0.75 degree on average) of ERAI is unnecessary in this study. To facilitate the data 141 

processing, the ERAI dataset was degraded into a 1° × 1° resolution by the data server when 142 

downloading. Such a grid still has a finer resolution than those in GCM products. However, this 143 

resolution deference has a small influence on the model training, because the predictors used in 144 

PP downscaling models are usually the mean values of multiple neighboring grid boxes. Five 145 

surface LSVs, including 2-metre dew point temperature (Td), mean sea level pressure 146 

(MSLP), 10-metre U wind component (U10), 10-metre V wind component (V10) and 2-metre 147 

air temperature (T2), were used to screen predictors. These LSVs are similar to that used in (Liu 148 

et al., 2019b; Liu et al., 2019b), and contain most of the circulation and moisture information 149 

which can be used in statistical downscaling, and it is generally easy to find their counterparts in 150 
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the GCM outputs. The corresponding variables in multiple pressure levels may be more 151 

predictive (Liu et al. 2019c), but the multiple-level datasets from multiple-GCM outputs are in 152 

huge sizes and inconvenient to handle.  153 

No surface relative humidity is available in ERAI, therefore, we estimated relative 154 

humidity by transforming from 2-metre dew-point temperature (Td) and 2-meter air temperature 155 

(T2) (Valiantzas, 2013): 156 














3.273

27.17
exp6108.0)(0

T

T
Te        (1) 157 

RH=e
0
(Td)/e

0
(T)             (2) 158 

Where e
0
(T) is the saturation vapor pressure at the given air temperature T (℃). RH represents 159 

the surface relative humidity, which is estimated as the ratio between an actual vapor pressure 160 

and the saturation vapor pressure at a certain air temperature. Actual vapor pressure can be 161 

estimated from dew-point temperature. 162 

Historical simulations and the future climate projections from the Phase Five of the 163 

Coupled Model Intercomparison Project (CMIP5) were used as the large-scale variables from 164 

GCM. The surface variables (precipitation, relative humidity at surface, mean sea-level air 165 

pressure, surface air temperature, eastward near-surface wind and northward near-surface wind) 166 

in CMIP5 outputs were used to extract large-scale predictors. Due to the huge data size, the data 167 

is difficult to access from the internet, only the first member of the ensemble historical 168 

simulations and future simulations under the medium emission scenario, the representative 169 

concentration pathway 4.5 (RCP4.5), from three GCMs (CanESM2, GFDL-ESM2G and 170 

HadGEM2-ES) were collected. RCP4.5 is a stabilization scenario with the total radiative forcing 171 

of 4.5 W/m2 until 2100(Moss et al., 2010; Thomson et al., 2011). According to Sperber et al. 172 

(2013), the three GCMs in CMIP5 have generally high skill scores in simulating the summer 173 

East Asia monsoon. In order to extract predictors in a convenient way for each gauge site/station, 174 

the CMIP5 datasets were also resampled into the same domain of the downloaded ERAI (1° × 175 

1°, Domain 60°E-150°E, 10°N-66°N). 176 

2.2 Statistical downscaling Method 177 

The statistical downscaling techniques based on OGB-PP and BC-MOS were performed 178 

for each single site/station independently. The flow charts for the two downscaling methods are 179 

displayed in Fig.2. For OGB-PP, the process involves several procedures: 1) establish statistical 180 

models by relating ERAI datasets to the observed precipitation for each site, by screening 181 

predictors and constructing generalized linear models (GLM); 2) extract predictor values in the 182 

CMIP5 simulations, including both historical simulations and future projections under the 183 

RCP4.5 scenario; 3) correct the bias in the extracted CMIP5 predictors relative to the predictor 184 

values in ERAI with different methods, and feed the PP statistical models with the 185 

bias-corrected CMIP5 predictors to get downscaled precipitation. For BC-MOS, only one step is 186 

needed: correcting the bias in the CMIP5-GCM simulated precipitation relative to the observed 187 

site precipitation. 188 

 189 
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 190 

Fig.2 Streamlines for the OGB-PP method and the BC-MOS method 191 

2.2.1 Screening predictors 192 

Screening predictors comprise two steps: selecting the appropriate large-scale variables and 193 

finding the optimal values across different locations (grid boxes). Although many large-scale 194 

variables can be used as candidate predictors, we do not plan to screen predictors through a lot 195 

of large-scale variables, since the sizes of daily GCM products are usually too huge to obtain. In 196 

this study, only five surface variables were considered: relative humidity (RH), latitudinal 197 

direction wind (V), longitudinal direction wind (U), air temperature (T) and MSLP, since such 198 

surface variables are more portable than those in multiple pressure levels. These variables are 199 

generally similar to that used in (Liu et al., 2019c) and can represent both atmosphere 200 

circulation and humidity. The same method for automatic searching optimal grid boxes for each 201 

site/station as that in (Liu et al., 2019b; Liu et al., 2019c) was used in this study. Here, the 202 

optimal grid boxes are the boxes with the highest correlations (both negative and positive 203 

correlations) to the observed precipitation. To avoid the skewed precipitation distribution which 204 

is not suitable to use Pearson’s correlations (CC), the precipitation series were logarithmic 205 

transformed after adding a small value (0.25 was used here) (Liu et al., 2019a).  206 

Someone may concern that this automatic algorithm may find some fake/erroneous grid 207 

boxes to be used. Actually, this is not true, since the high-correlation grid boxes always has a 208 

center which is surrounded by multiple sub-high-correlation grid boxes, and there is no abrupt 209 

single high-correlation grid box alone. The high-correction areas in the grid are always 210 

concentrated at one positive-correlation center and one negative-correlation center. Meanwhile, 211 

each high-correlation center must have CCs exceeding 0.2 to the observed precipitation, which 212 

can easily pass the significant test at the 0.01 level. Through such an algorithm, the most 213 

correlated grid box values were directly used as predictors, and the rest of the grid boxes with 214 

less correlations were discarded. Therefore, with this method, it is unnecessarily to use the 215 

widely used method of principal components analysis (PCA) to reduce dimensions 216 

Comparatively, PCA is mathematically ‘complex’ method, which makes the final extracted 217 
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predictors/principal components uneasy to interpret. For large-scale variable RH, only the 218 

positive correlation center in the domain was used as a predictor location, while for other LSVs 219 

(P, U, V and T), both the positive correlation and the negative correlation centers were used. 220 

With each center, the mean value at a 3×3 window around the selected grid box was used as the 221 

final predictor. The window was determined by our inspection on the high-correlation area of 222 

many sites. The LSV values and the correlation coefficients change smoothly across the grid 223 

boxes in high-correlation areas, and the modeled result is generally not sensitive to the window 224 

size for selection. 225 

 226 

2.2.2 Generalized linear models 227 

GLMs are widely used in PP for downscaling daily precipitation (San-Martin et al., 2017). 228 

In this study, two schemes of downscaling were considered. The first scheme is a single-model 229 

scheme, which uses a single model to simulate both the precipitation occurrence and the 230 

precipitation amount at wet days, as used in (Liu et al., 2019a; Liu et al., 2019c). Such a model 231 

is a common GLM under the assumption of Tweedie distribution of precipitation. When a 232 

modeled precipitation value exceeds the threshold of the corresponding site, the value is 233 

regarded as a valid precipitation amount value, otherwise, the day is regarded as dry day. Here 234 

the threshold for the GLM output of each site is determined as follows: feed the GLM with all 235 

the historical samples and sort the GLM outputs (precipitation amount) ascendingly, then use 236 

the N-th (N is the number of dry days in historical observation) value as the threshold. In this 237 

way, the smallest N values simulated by GLM are regarded as dry-day values. Such GLMs are 238 

fitted by the historical data of all days whenever the day is wet or not, which can get a better 239 

skill than the GLM fitted by only wet-day samples which are usually used in the traditional 240 

two-model scheme, according to our experience. The direct output of such a single model is 241 

deterministic and is more convenient for further evaluation. 242 

 The second scheme is a traditional two-model scheme which consists of a logistic model 243 

and a common GLM, for precipitation occurrence and precipitation amount respectively. The 244 

outputs of these two models need to be combined to get stochastic simulations (San-Martin et al., 245 

2017). This two-model scheme in this study is used to compare the results with the single-model 246 

scheme, and the latter is the main scheme we used to downscale precipitation from the CMIP5 247 

simulations. Each stochastic value was obtained from a two-step process: first, the wet or dry 248 

status for this day is obtained by generating a uniform-distribution random number: if this 249 

number lies in 0-γ (γ is the probability of precipitation occurrence), the status of this day is 250 

regarded as a wet day, otherwise, a dry day. Second, for a wet day, another random number of 251 

Tweedie distribution is generated and act as the precipitation amount of that day. For the 252 

single-model scheme, the deterministic output is directly used as daily precipitation, but the 253 

values smaller than the thresholds are replaced by zeros. 254 

The models’ parameters were estimated through the GLM based on the least absolute 255 

shrinkage and selection operator (LASSO) (Hammami et al., 2012). Here, the aim of using 256 

LASSO is not to simply reduce the number of parameters, but to eliminate the overfitting 257 

problem which is caused by the potential collinearity in predictors. During the traditional 258 

parameter-estimation process of a GLM or a linear regression, one parameter (usually a factor 259 
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coefficient) of a predictor may get a contrary sign (positive value or negative value) to the sign 260 

of the correlation coefficient between this predictor and the predictand. Such contrary-sign 261 

phenomena is a reflection of overfitting due to the collinearity in predictors and the limited 262 

samples. The LASSO algorithm relies on a parameter λ which controls the number of 263 

parameters/coefficients to be replaced by zeros. The parameters estimated with overfitting 264 

problem are more likely to be set to zeros by the LASSO algorithm. In this study, the 265 

LASSO-based GLMs were trained in two steps. In this first step, the GLMs were trained by 266 

setting a small λ value (for example, 0.1). After this step, the parameter (the factor which 267 

multiplies with the predictor) of each predictor should be checked manually for whether the sign 268 

of this parameter is contrary to the sign of correlation coefficient between the predictor and the 269 

observed precipitation. This checking should be done for each site. If true, this parameter is 270 

wrongly estimated due to overfitting, then the GLM parameters for this station should be 271 

estimated in a further step by setting a larger λ value (for example, 0.2) to set more parameters 272 

to zeros. If the wrongly estimated parameters still exist, the LASSO-GLM training should be 273 

repeated by setting another larger λ value than before.  274 

 275 

2.2.3 Predictor-bias correction in OGB-PP  276 

In OGB-PP, due to the systematic difference of predictors between the ERAI and those 277 

extracted from CMIP5 outputs, the latter (the values extracted from the OGB) need bias 278 

correction relative to the former before applying a PP model. In this study, three methods of bias 279 

corrections were used. The first one is equidistance quantile-matching method (EQM) which 280 

was described in Li et al. (2010) and Su et al. (2016): 281 

)]([)]([ 4545

1

4545

1

451 RCPRCPHISRCPRCPERARCPc xFFxFFxx      (3) 282 

where xc1 is the bias corrected series by the EQM, xRCP45 is values simulated by the CMIP5 283 

models and is to be bias corrected.  )(45 RCPF  is the cumulative distribution function of the 284 

values simulated for the RCP4.5 scenario.  )(1 
ERAF , )(1

45 

RCPF  are the inverse function of the 285 

cumulative distribution function of the values in ERAI reanalysis and in RCP4.5 simulation, 286 

respectively.  287 

The second one is the standard quantile mapping (QM)(Yang et al., 2018).  288 

)]([ 45

1

2 RCPHISERAIc xFFx          (4) 289 

The third one is a simple linear transformation (LT) based on mean and standard deviation.  290 

ERAI

HIS

HISRCP
ERAIc m

mx
x 





 45

2      (5) 291 

Where mHIS and σHIS are the mean value and the standardized deviation of the CMIP5 292 

historical simulation, while mERAI and σERAI are the mean and standardized deviation of the 293 

values in ERAI reanalysis. LT is a kind of change factor methods (Maraun et al., 2017).  294 

Therefore, four choices of the predictors in CMIP5 are used in the PP downscaling: the 295 
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original predictors without bias correction, the predictors corrected by EQM, the predictors 296 

corrected by QM and the predictors corrected by LT. The bias corrections were performed 297 

directly on the extracted optimal grid-box predictor values, against the corresponding daily 298 

series (1979-2005) in ERAI, for each station individually.  299 

2.2.4 Bias corrections acting as the BC-MOS 300 

Direct bias corrections on the GCM simulated daily precipitation act as the MOS. Such 301 

bias corrections were performed on the daily precipitation series extracted for the corresponding 302 

site locations from the GCM simulated precipitation in CMIP5. The bias corrections were 303 

conducted against the observed precipitation during 1961-2005, considering that during this 304 

period, both the CMIP5 historical simulations and the observed precipitation are available. The 305 

same EQM and QM as that used for the above predictor-bias corrections in OGB-PP were used 306 

here. LT was not used in the BC-MOS, because we think LT does not influence the long-term 307 

relative changes in the original GCM precipitation, and can also produce the completely same 308 

pattern of climatological mean as that in observation.  309 

2.2.5 Abbreviations for different combinations of options 310 

According to the above descriptions, there are three GCMs (CanESM2, GFDL-ESM2G 311 

and HadGEM2-ES), two classes of models (OGB-PP and BC-MOS) and four bias-corrections 312 

(NC(No correction), EQM, QM and LT) used in this study, therefore, multiple combinations of 313 

the downscaled outputs can be obtained. For simplicity, we use ‘CanESM’, ‘GFDL’ and 314 

‘HadGEM’ to represent the three GCMs, respectively. We represent the different model outputs 315 

in such a similar way: a GFDL-ESM2G based PP downscaling with the EQM bias correction is 316 

denoted as GFDL-PP/EQM, while the direct linear transformation on large-scale precipitation of 317 

GFDL-ESM2G is denoted as GFDL-MOS/LT. 318 

2.2.6 Validation of OGB-PP 319 

In this study, the detailed performance on cross-validation, such as the credibility of the 320 

finally trained models and the climate related stationarity, are not discussed, since similar 321 

analysis were presented in previous literatures (Liu et al., 2019b; Liu et al., 2019c) which 322 

demonstrate that such problems need not be concerned any more. The validations for similar 323 

methods were done in Liu et al. (2019c). The only difference between the method in this study 324 

to that in (Liu et al.(2019c) is that only the surface-level LSVs were used here, while the latter 325 

used the same LSVs but in multiple pressure levels. In this study, the CC between the 326 

downscaled output (in logarithmic transformation) and the observed precipitation (logarithmic 327 

transformed after adding a small value of 0.25) was used as a main validation metric. Here, the 328 

CC is calculated based on the logarithmic transformed values other than on the original 329 

precipitation values, just to reduce the effect caused by the strong skewness in the original 330 

values. Adding the small value of 0.25 to the original precipitation values is to avoid logarithmic 331 

transformation on zeros. 332 
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A simple cross validation was used to train and validate the models: the summer samples 333 

of 38 years (a total of 4636 days) were concatenated into a large sample set and then were 334 

divided into four subsets of the same size (each subset has 1159 daily samples); the model 335 

training was repeated four times by changing the subsets: three subsets were used for training 336 

and the remaining set was used for validation (calculating CC). 337 

The performance of OGB-PP driven by ERAI predictors was evaluated against the 338 

precipitation observation during 1979-2016. The performances obtained by some related options 339 

of different schemes were also compared: the option of using surface-level predictors versus the 340 

option of using multiple-level predictors, the option of using single-model scheme 341 

(deterministic) versus the option of using two-model scheme (stochastic). The stochastic outputs 342 

cannot be evaluated on the daily scale, therefore, the means of ensemble simulations were used 343 

to compare on the annual scale. In order to assess the simulated statistical distribution of daily 344 

precipitation, quantile-quantile plots were used to compare with the observed precipitation, on a 345 

daily scale. Meanwhile, linear trends during 1979-2005 for all sites were used to compare the 346 

simulated with the observed.  347 

 348 

2.3 Evaluation and comparison of the downscaled results in CMIP5 349 

The correlation between the results of OGB-PP and that of the original large-scale GCM 350 

simulated precipitation were also analyzed.  351 

In order to compare the change of precipitation at different stations, the analysis was done 352 

on a 40-year long-term basis: 1960-1999 in historical simulation and 2060-2099 in RCP4.5 353 

simulations. The 40-year period is long enough to eliminate most interannual variations. Four 354 

indices, the relative changes (Rq95, unit: percent) of daily precipitation at the 0.95 quantile (q95), 355 

the relative change (Rtsp, unit: percent) of the annual total summer precipitation (tsp), the change 356 

(Cdds, unit: day) of duration of the longest dry spells (dds) and the relative change (Rnrd, unit: day) 357 

of the number of annual summer rainy days (nrd), were summarized from the downscaled time 358 

series. Here, the dds were calculated by averaging the four longest durations of dry spells during 359 

the 40-year period. They were calculated respectively by  360 

Rq95=(q95rcp - q95his)*100/ q95his 361 

Rtsp=(tsprcp - tsphis)*100/ tsphis 362 

Cdds=ddsrcp - ddshis 363 

Rnrd=(nrdrcp – nrdhis.)*100/nrdhis 364 

where the subscription ‘rcp’ and ‘his’ represents RCP4.5 and historical simulations, respectively. 365 

 366 



11 

 

3 Result 367 

3.1 OGB-PP models 368 

3.1.1 Optimal grid boxes 369 

Similar patterns were obtained for the correlation maps (not displayed here) with different 370 

LSVs of ERA-Interim reanalysis as that obtained by Liu et al. (2019a) and Liu et al. (2019c). 371 

The best correlations obtained from multiple LSVs for each station are shown in Fig.3. For each 372 

station, the CCs shown in Fig.3 is the highest negative or positive correlations obtained among 373 

all the grid-box time series of the LSVs. The relative humidity gets CCs ranging from 0.15-0.3 374 

in most stations, and the CCs larger than 0.3 only appeared at some stations in the west part of 375 

Inner Mongolia, Qinghai-Tibetan Plateau and the north of Xinjiang.  376 

For MSLP, the highest positive correlations are at the stations in the area of south Gansu, 377 

Sichuan, north Yunnan and east Qinghai. This large area lies along the east outer side of the 378 

Qinghai-Tibetan plateau. These positive correlations represent the remote correlation of 379 

precipitation to the west pacific Subtropical High (WPSH) (Liu et al., 2019c). When the WPSH 380 

moves westward to the south-eastern China, there is a high probability that the east outer side of 381 

the Qinghai-Tibetan plateau is covered by the rain belt. Apart from this area, the stations in the 382 

rest of China has very small positive correlations to MSLP. For the best negative correlations to 383 

MSLP, the highest correlations (ranging from -0.3 to -0.4) lie in Northeast China and Qinghai, 384 

and the lower values are in Central China, especially in Sichuan and South Shaanxi.  385 

The distributions of correlations obtained from the rest of the LSVs will not be described 386 

here. Overall, each LSV can provide large correlations to some stations. However, 387 

comparatively, the correlations obtained from each single LSV is small (mostly is smaller than 388 

0.4), therefore combining multiple-LSV based predictors into one downscaling model is 389 

necessary to improve the modeling skills. 390 

 391 
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 392 

Fig.3 Optimal correlation coefficients (CC) at different sites, between observed daily 393 

precipitation (logarithmic transformed, 1979-2016) and the large-scale predictors in ERAI. Each 394 

colored dot represents a site, and the positions of the best grid boxes of the large-scales variables 395 

are not displayed here. Both positive correlations and negative correlations were used. Here, the 396 

subscriptions d2, mslp, t2, u, and v denote dew point pressure at 2 meters above surface, mean 397 

sea level pressure, air temperature at 2 meters above surface, surface wind velocity at U 398 

direction and surface wind velocity at V direction. The symbols ‘+’ and ‘-‘ represent positive 399 

correlation and negative correlation, respectively. Most of the CCs displayed in the maps pass 400 

the significance tests at the 0.05 level (the CC threshold for this test is close to CC=0.06 for 401 

4636 samples), and only the positive correlations at two sites and the negative correlation at one 402 

site to mean sea-level pressure do not pass the significance tests of 0.05 level. 403 

3.1.2 GLM based PP models 404 

The predictor series were extracted from the optimal grid boxes. The two temperature 405 

based predictors including the positive center and the negative center, but during the model 406 

training, the coefficients (model parameters) of these two temperature based predictors have 407 

different values, which implies that the combination of both predictors may give rise to an 408 

artificial trend, considering that air temperature are rising in future projections. Therefore, 409 

instead of using both the air temperature values at the two centers as independent predictors, the 410 

values of the two centers were combined into one predictor by using the difference between the 411 

two. Such a treatment can cancel out the increasing trend of the rising global air temperature. 412 

The common GLM used for all the sites is as follows: 413 
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Log(Pr+0.25)=x0+x1*Ps+x2*Rh+x3*UMax+x4*Umin+x5*Vmax+x6*Vmin+x7*(Tmax-Tmin)  (6) 414 

  Where Pr is the logarithmic transformation of precipitation amount (mm). Adding a 415 

small value 0.25 is to avoid logarithmic transformation on zeros. Ps is mean sea level pressure 416 

(hPa); Rh is relative humidity; Umax and Umin are the values at the maximum (postive) correlation 417 

coefficient and the minimum (negative) correlation coefficients from U-directional wind (m/s), 418 

Vmax and Vmin are the values from V-directional wind (m/s), having similar meanings as that of 419 

Umax and Umin; Tmax and Tmin are the values at the maximum (positive) correlation center and the 420 

minimum (negative) correlation center of 2-meter surface air temperature (K). In following 421 

paragraphs, we use ΔT to represent the difference Tmax-Tmin. x1, x2, …x7 are the 422 

coefficients/parameters to be estimated, and the estimated values for some representative 423 

stations are shown in Table 1.  424 

 425 

Table 1. Values of the coefficients (parameters) of predictors at the seven representative sites, 426 

estimated by the LASSO-GLM training. Zeros indicate the parameters were removed by the 427 

LASSO algorithm to avoid overfitting problem.  428 

 x1 (msl) x2(rh) x3(umax) x4(umin) x5(vmax) x6(vmin) x7(Tmax-Tmin) 

Beijing -0.00097 0.912 0.051 -0.073 0.021 -0.124 0.152 

Hanzhong -0.00029 0.926 0.087 -0.147 0.149 -0.340 0.118 

Ulumq 0 5.107 0.050 0 0.049 -0.128 0.088 

Yangjiang -0.00088 1.659 0 -0.274 0.051 0 0.479 

Tulihe -0.00056 1.625 0 -0.083 0.137 -0.064 0.069 

Maduo -0.00077 2.214 0.019 -0.093 0 -0.046 0.096 

Nanjing -0.00066 0 0.268 -0.122 0.099 0.055 0.297 

 429 

By combing multiple predictors, the GLM can produce output with larger correlations to 430 

the observed precipitation than that obtained from any single predictor. The variation of CCs 431 

(calculated from the validation samples of the cross validation) with different sample sets is 432 

generally very small, for each site. Therefore, finally we trained the models with all the 38-year 433 

samples to get a set of parameters, these parameters were used to downscale the precipitation in 434 

CMIP5. During this cross validation, the CCs (only those obtained from the samples for 435 

validation) are larger than 0.55 for most sites (Fig.4 (a)).  The correlations obtained from these 436 

surface LSVs are generally smaller than that obtained from the LSVs in multiple–pressure 437 

levels (Fig. 4(b)) as used in (Liu et al., 2019b).  438 

The CCs obtained by most sites in Northwest China are comparatively low. The reason is 439 

that the rainy-day samples are very scarce in the dry areas, where the precipitation is usually 440 

sporadic and difficult to model. Meanwhile, the GLMs usually underestimated the annual total 441 

precipitation, which is very significant for the sites in Northwest China (in supplementary 442 

information: Fig.S1, S3). Such underestimation/biases is caused by the training process which 443 

uses both the dry-day samples and rainy-day samples, herein, the values in rainy days are 444 

underestimated while the values in dry-days are simulated as small precipitation values. By this 445 

reason, the less rainy days, the more significant underestimation has. According to our 446 

experience, the model training based on both rainy-day samples and dry-day samples, used in 447 

this study, obtains better CCs than does the traditional GLM training which uses only wet-day 448 

samples for precipitation amount. That is, training the GLMs with all the samples instead of 449 
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using only wet-day samples has the advantage of obtaining better correlation coefficients, but 450 

also bring about a disadvantage of underestimating the wet-day precipitation amounts.  451 

 452 

Fig.4 Pearson’s correlation coefficients (calculated based on the daily logarithmic transformed 453 

series) obtained from the GLM based simulations for all the sites in China. (a) the distribution 454 

of CCs (based on the subsets of samples for validation, averaged for the four sample sets of 455 

cross validation) for the sites across China; (b) the CCs obtained by the models using 456 

surface-level LSVs versus the CCs obtained by the models using multiple-level LSVs (Liu et al., 457 

2019b).  458 

 459 

(a) (b)
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3.2 Downscaling on historical simulations in CMIP5 460 

3.2.1 Spatial pattern of the climatology during the cross validation 461 

  462 

Fig.5 Climatological mean summer precipitation (mm) during 1961-2016: (a) observed annual 463 

totals (mm), (b) downscaled annual totals (mm) by the OGB-PP based on ERAI; (c) relative 464 

bias (%); (d) relative bias (%) after multiplying the downscaled values by an inflation factor of 465 

1.2. The maps for climatological number of summer rainy days are not shown here, because the 466 

same number of simulated rain days can be obtained as the observed for each site. 467 

 468 

    Similar spatial patterns were obtained between the OGB-PP results and the observed ones 469 

across different sites in China (Fig.5), according to the validation on OGB-PP downscaling 470 

based on the large-scale predictors of ERAI. In order to visually compare with the observations, 471 

we multiply the simulated values by a factor of 1.2 which is an approximated average factor in 472 

all the 173 sites across China. After such a rough correction, biases still exist in different sites 473 

and ranges from -40% to 30%. For the northern and northwest areas of China, underestimations 474 

exist, and the overestimation exists in some sites of the eastern part of China.  475 

 476 

3.2.2 Climatological mean for the CMIP5 historical simulations 477 

The daily precipitation downscaled by OGB-PP are correlated to the results by BC-MOS 478 

(see supplementary information: Text.S2, Fig.S4). In following sections, we mainly focus on 479 

analysis of the climatological mean. 480 
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The spatial patterns in the observed precipitation across China can be roughly captured by 481 

the PP downscaled results from the GCM historical simulations. Here, only the relative biases of 482 

summer total precipitation and the absolute biases of the number of rainy days are presented 483 

(Fig.6). The changes of both mean summer total precipitation and the mean number of summer 484 

rainy days share more inner similarities among the different GCMs, while the simulated spatial 485 

patterns of climatological mean have more differences to the observed patterns(Fig.7(d)). All 486 

the downscaling results based on the three GCMs produced a wetter Southwest China, a drier 487 

South China and Central China. In Northwestern and Northern China, more wet days are in the 488 

simulations, but the relative bias are generally different: the most overestimation is produced by 489 

the CanESM-PP/EQM, while the least overestimation is produced by the HadGEM-PP/EQM; 490 

the areas with underestimation of wet days in the three PP/EQM simulations are very different. 491 

Similar patterns were generally obtained by the PP downscaling with predictors from QM and 492 

LT bias corrections.  493 

 494 

 495 

Fig.6 Relative biases (%) of annual summer total precipitation (in the first two columns) and the 496 

change of rainy-day number downscaled by OGB-PP driven by CMIP5 Historical simulation 497 

(1962-2005). The downscaled results from the predictor-bias correction by QM have small 498 

differences to that displayed here for EQM. 499 

 500 

    The climatological means simulated by BC-MOS are inherited from the GCM simulated 501 

precipitation. All the three produced a wetter Sichuan province and a drier area in Eastern China: 502 

Shandong, Jiangsu and Anhui. Among the three GCMs, HadGEM2-ES with bias corrections 503 

produce the closest pattern to the observed. Comparatively, GCMs produced small 504 

underestimation for heavy daily precipitation but also produced too many slight-precipitation 505 

days (Fig.7(e)). The bias corrections can improve the statistical distribution of daily 506 

precipitation amount for each site (Fig.7 (f)). 507 
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 508 

Fig.7 Comparison between the results of BC-MOS and the observation. (a-c) Climatological mean of 509 

summer total precipitation downscaled by BC-MOS based on CMIP5 Historical simulations 510 

(1962-2005) of three GCMs; (d) The observed climatological mean of observed summer total 511 

precipitation (the same pattern must be obtained by the different bias corrections on the GCM 512 

simulated precipitation, theoretically). (e) Quantile-quantile (QQ) plot on daily precipitation 513 

(Beijing), the HadGEM2-ES simulated large-scale precipitation versus the observed; (f) QQ plot for 514 

the bias corrected HadGEM2-ES precipitation (Beijing) versus the observed. Similar effects were 515 

obtained for the other two GCMs (CanESM2, GFDL-ESM2G) and for other sites. 516 

 517 

3.2.3 Interannual variations for the CMIP5 historical simulations 518 

For most of the sites, the different predictor-bias corrections have small influence on the 519 

precipitation downscaled by OGB-PP, therefore, here only the OGB-PP downscaling results 520 

with the predictor-bias correction of QM are presented.  521 

It is reasonable that the simulated variations of annual total precipitation at each site cannot 522 

be directly compared with the observations, since the GCM simulations are not synchronized 523 

with the observations. However, the comparison of the smoothed interannual variations between 524 

the simulated and the observation may be feasible (Fig.8). For Beijing and Tulihe, the 525 

downscaled result from CanESM-PP/QM got the best trend. The lower tails of annual 526 

precipitation for Tulihe and Beijing after 1998 are only reproduced by CanESM-PP/QM. 527 

GFDL-PP/QM performed poorly at the long-term variations at Beijing. For the site Urumqi, 528 

CanESM-MOS/QM performs well. For Yangjiang, GFDL-MOS/QM performs the best. In some 529 

cases, the results from HadGEM/PP also perform well. Nevertheless, whether these interannual 530 

variations are able to actually reflect the driving emission forces or are just the internal 531 

variations is difficult to justify here.   532 

For the sites with the Pearson’s CC (based on the smoothed ones) larger than 0.4 across 533 

China, the numbers of these sites are: 45 (CanESM/PP), 37(HadGEM/PP), 55(GFDL/PP), 534 

45(CanESM/QM), 30(HadGEM/QM), 45(GFDL/QM). For CanESM, the same numbers are 535 
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obtained by the PP and the QM. But for the other two GCMs, the numbers obtained by the PP is 536 

larger than that from the QM. It is difficult to conclude that the PP is better than the QM.  537 

 538 

 539 

Fig.8 Annual total summer precipitation downscaled by different technical options 540 

for the seven representative stations 541 

     542 

 543 

3.2.5 Linear trends for CMIP5 historical simulations 544 

During 1961-2005, the observed summer precipitation has different trends across China: 545 

decrease in the south-eastern part of China at most sites, but increasing trends also exist at some 546 

sites (mostly around the Yangtze River basin) which are mixed with other sites of decreasing 547 

trends. In Xinjiang and most of the sites in Northwestern China show light increasing trends.  548 

The downscaled patterns by different methods and different GCMs are different (Fig.9). 549 

The trends in the downscaled precipitation based on different technical options are listed in 550 

Table 2. Generally, the results from CanESM2 are more consistent to the trend of the observed 551 

than those from other GCMs. For HadGEM2-ES, the OGB-PP/LT has consistent pattern to the 552 

observed precipitation, but the OGB-PP/QM has many contrary trends and the similar contrary 553 

trends were also produced in the outputs of BC-MOS/QM downscaling. For GFDL-ESM2G, the 554 

GFDL-PP/LT and the original large-scale precipitation produced contrary pattern to the 555 

observed, but GFDL-PP/QM and GFDL-MOS/QM produced general consistent trends. Above 556 

results demonstrates that the trends are sensitive to the different technical options (bias 557 

correction methods, in both OGB-PP or BC-MOS), and it is difficult to tell which option is 558 
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better than other options. In summary, most of the contrary trends were produced by 559 

HadGEM-PP/QM, HadGEM-MOS/QM, GFDL-PP/LT and GFDL-PR. The output of every 560 

GCM has one or two precipitation downscaling results (with different technical options) which 561 

can reproduce the observed pattern.  562 

 563 

 564 

Table 2 Long-term trends of the downscaled precipitation from CMIP5 and the observed 565 

precipitation during 1961-2005. The outputs with significant contrary trend to the observed are 566 

marked by asterisks (*).  567 

 Northeast 

China 

North 

China 

Xinjiang Loess 

Plateau 

Lower 

Yangtze 

River Basin 

South 

China 

Southwest 

China 

CanESM-PP/LT Lightly drier Drier Slightly 

wetter 

drier Highly 

wetter 

wetter Drier and 

wetter, 

mixed 

CanESM-PP/QM Highly drier Drier No change drier Highly 

wetter 

Highly 

wetter 

Highly 

wetter 

CanESM-MOS/QM Highly drier Highly 

drier 

No change drier wetter Highly 

wetter 

wetter 

CanESM-PR Wetter 

north, drier 

south 

Drier Slightly 

wetter 

Drier and 

wetter, 

mixed 

wetter Slightly 

wetter 

wetter 

HadGEM-PP/LT Highly drier Drier No change drier Wetter Highly 

wetter 

Wetter 

HadGEM-PP/QM Wetter* Wetter* No change Drier and 

wetter, 

mixed 

Drier* Highly 

drier* 

wetter 

HadGEM-MOS/QM Wetter* Mixed No change Wetter* Drier* wetter Mixed 

HadGEM-PR Wetter* Drier Mixed Slightly 

drier 

Drier* Wetter Drier* 

GFDL-PP/LT Wetter* Wetter* Slightly 

drier* 

Slightly 

wetter* 

Drier* Highly 

wetter 

Wetter 

GFDL-PP/QM Highly drier Highly 

drier 

Wetter east, 

drier west 

Drier Wetter Highly 

wetter 

wetter 

GFDL-MOS/QM Highly drier Drier Wetter east, 

drier west 

Mixed Mixed, drier 

west, wetter 

east 

Wetter Wetter 

GFDL-PR Wetter* Mixed, 

mainly 

drier 

mixed mixed Drier* wetter Drier* 

Observed  Drier Highly 

drier 

wetter Highly 

drier 

Wetter  Wetter  Mixed, 

wetter 

 568 

 569 
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 570 

Fig.9 Downscaled Linear trend (mm/45a) of annual summer precipitation driven by CMIP5 571 

historical simulation (1961-2005). The marks ‘PP’ and ‘MOS’ indicating OGB-PP and BC-MOS, 572 

respectively. The results obtained by EQM and QM are identical for the downscaling of 573 

historical simulation. 574 

 575 

3.3 Future projections 576 

3.3.1 Sensitivity to different bias corrections   577 

a. OGB-PP downscaling 578 

For the OGB-PP downscaling on historical simulations, there is almost no significant 579 

differences caused by the different predictor-bias corrections, but for the downscaling on 580 

RCP4.5, some differences appeared in the results (Fig.10). For the results of some stations 581 

(Beijing, Hanzhong and Yangjiang) based on CanESM and GFDL, the EQM correction 582 

produces an apparent downward shift from the historical simulations to the RCP4.5 simulations 583 
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in 2006 from which the simulation of future projections started. For the Maduo station, the shift 584 

of EQM is upward. This shift is apparent throughout the period from 2006 to the end of the 585 

century. One may think that the differences also can be presumed as contrary shifts caused by 586 

QM and LT. However, theoretically, the LT correction is impossible to produce any downward 587 

or upward shift between the historical and RCP4.5 simulations. From Fig.10, QM produces no 588 

difference to that of LT in the several years after 2006, but EQM produced such apparent 589 

difference. This demonstrate that the EQM, instead of QM and LT, can produce this shift.  590 

For the Yangjiang station and the PP downscaling from CanESM, the difference of EQM to 591 

QM is large in the early years in RCP4.5 simulations, but become close by the end of the 592 

century. EQM produces an increasing trend, and QM gives no trend. The output of LT produces 593 

a strong increasing trend in the RCP4.5 simulations, which becomes more different to that of 594 

EQM and QM. The output from GFDL also has the similar different trends as that existed from 595 

CanESM, for the three bias corrections, while the output from HadGEM has no large differences 596 

caused by the three bias corrections. Similar comparison effect was also obtained for the site 597 

Guangzhou (not displayed), which is very close to the station Yangjiang. Overall, for most of 598 

the stations and the PP downscaled outputs driven by the three CMIP5 simulations, the bias 599 

correction of EQM and QM on predictors produce very similar trend and variations of annual 600 

total summer precipitation.  601 

 602 

b. BC-MOS downscaling 603 

 604 

The BC-MOS downscaling by the EQM and QM are identical in this study, which have 605 

different variations to the LT based correction (Fig.10). The CanESM based downscaling for 606 

the site Urumqi is an extreme case: a different trend is produced by the QM/EQM correction. 607 

Such different trends may imply that bias corrections are not always credible (Maraun, 2013b; 608 

Maraun et al., 2017). For Beijing, almost all the downscaled results show increasing trend, 609 

although the differences are also large. For other sites, the trends simulated are different, which 610 

means there is a large uncertainty in the projections.  611 

 612 



22 

 

  613 

Fig.10 Interannual variations of total precipitation amounts (smoothed version) simulated by 614 

OGB-PP and BC-MOS, from historical simulation to the future projection of the RCP4.5 615 

scenario, based on three CMIP5 simulations. In BC-MOS, EQM and QM has almost the same 616 

result. 617 

 618 

3.3.2 Future Changes 619 

The OGB-PP downscaling without any corrections on the predictors can give rise to 620 

very large annual summer precipitation, which is 4-5 folds of the observed. This indicates 621 

the biases between the GCM simulations and the ERAI need to be corrected before 622 

downscaling, when the absolute values of precipitation are our main concern. Nevertheless, 623 

such a downscaling result may also be valuable for analyzing future relative changes. After 624 

all, any bias correction can also give rise to further uncertainties. The relative changes 625 

produced by this no-correction scheme reflect large spatial differences in different areas of 626 

China: some areas become 40% wetter, but some places become 40% drier (The spatial 627 

patterns are not presented in this paper). The changes in this no-correction scheme is very 628 

different from that in OGB-PP based on bias-corrected predictors, for some areas. After the 629 

bias correction, the drier projection in some sites can be changed to wetter projection, and 630 

vice versa. For example, the sites in Southeastern China in CanESM based OGB-PP 631 

downscaling, and the same area in GFDL based OGB-PP downscaling (Fig.11-12).  632 
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For the five stations of Beijing, Tulihe, Hanzhong, Yangjiang and Maduo, the annual 633 

summer total precipitation downscaled based on different GCM simulations has varied 634 

interannual trends (Fig.10). At Beijing station, the result based on CanESM has a stable 635 

increasing trend in the 21 century, but for HadGEM and GFDL, the trends are not significant. At 636 

Tulihe station, the result based on HadGEM and GFDL show decreasing trend, but that of 637 

CanESM has an insignificant trend. 638 

 639 

a. Patterns of the four indices 640 

The downscaled patterns are generally similar among the four indices (see Fig.11-12 and 641 

Fig.S5-S6 in supplementary information). For example, a site having larger increase of ‘q95’ 642 

generally get larger increase of ‘tsp’, shorter ‘dds’ and less ‘nrd’. Almost equivalent patterns are 643 

obtained by BC-MOS methods with QM and EQM bias corrections, which are different to the 644 

patterns in the original GCM simulated large-scale precipitation. The OGB-PP results based on 645 

different bias corrections all obtained different change patterns, but also generally share more 646 

common characteristics when compared to the patterns obtained by BC-MOS. The changes 647 

obtained by OGB-PP are more drastic (usually >30%) than the changes obtained by the 648 

BC-MOS and that in the original GCM precipitation. Among the different GCMs, the changes 649 

from GFDL/PP are comparatively mild (usually <20%) when compared to the other two GCMs, 650 

and the most drastic changes are produced by HadGEM/PP. 651 

Here, based on the case of the ‘q95’(Fig.S5 in supplementary information), the change 652 

patterns are described as follows: 653 

CanESM/MOS: The two bias corrections have changed the trend. In the original CanESM 654 

simulation, most of the stations show increasing trend. Especially in western China and 655 

northeastern China, the relative change of total annual summer precipitation is larger than 20%. 656 

After the QM bias correction, the increasing trends become smaller than the original at many 657 

stations in northern China, and the trends in southeastern China become decreasing, although 658 

the decreasing is generally slight.  659 

CanESM/PP: Unlike the BC-MOS downscaling based results which have generally 660 

increasing trends, the results of OGB-PP downscaling has both large increasing and decreasing 661 

in different sites. The downscaled results based on different bias-corrected predictors are 662 

different. The LT corrected predictors produce very significant increases in the north part of 663 

eastern China (mainly in Shandong and Jiangsu) and southern China (Guangdong and Guangxi), 664 

and the increasing is mostly larger than 30%. Southwest China has an increase larger than 10%. 665 

Very significant decrease (>20%) is produced in Hunan. In the results based on EQM and QM, 666 

Eastern China and Southeastern China, the west part of Inner Mongolia get an increase change 667 

(>10%) and the areas in Central China, Northwest China, and Northeastern China have a slight 668 

decreasing or no significant change (within 10%).  669 

HadGEM/MOS: The original increasing is smaller than the two bias-corrected results, and 670 

the latter two are generally similar to each other. The relative change (increasing) along a long 671 

belt from South China to Northwest China is enhanced by the bias corrections.  672 

HadGEM/PP: The main increasing happens in the areas of Central China north to the 673 

Yangtze River, Gansu Corridor and the northeastern part of Qinghai. This increase in the results 674 



24 

 

based on QM is larger than 30%. The results based on the three bias corrections are very 675 

different, and the QM based one got the largest increase. The EQM get a significant decreasing 676 

area in Eastern China in the west to Shanghai. The LT get a large decreasing (change larger than 677 

10%) area in south to the Yangtze River. 678 

GFDL/MOS: The increasing is slightly reduced for most stations in China, except for the 679 

stations in Xinjiang and the northern part of Southwest China, where the significant increasing 680 

is lowered by the two bias corrections.  681 

GFDL/PP: All the three bias corrections on predictors produced an increasing trend 682 

(20%-30%) in the large areas of the Yangtze River basin and the Huai River basin. A slight 683 

increasing trend (>10%) is produced in Northern Xinjiang. Meanwhile, a slight drier trend 684 

(<10%) is produced in most areas of the northern part of China, including Southwest Xinjiang, 685 

Qinghai, Inner Mongolia, Northeastern China. Large difference is produced in South China: 686 

slightly drier trend (<10%), highly wetter trend (>40%) and slightly wetter trend (20%-30%) are 687 

produced by the predictor corrections of EQM, QM and LT, respectively.  688 

Overall, for the simulated precipitation by the three GCMs, the two bias-corrected results 689 

are generally similar although they have different changes at some specific stations. For most of 690 

the stations, the direct CMIP5 precipitation show wetter trend areas and generally no significant 691 

drier trend areas.   692 

  693 

 694 

 695 

 696 
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 697 

  698 

Fig.11 Relative change of annual summer total precipitation (Rtsp, unit: %) of 2060-2099 699 

relative to 1960-1999, downscaled from RCP4.5 simulations. The MOS/LT is not listed here 700 

considering that the linear correction will produce the same percentage change as the original 701 

precipitation.  702 

 703 
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 704 

 705 

Fig. 12 Similar to Fig.11, but for the change of the numbers of summer rainy days (Rnrd, 706 

unit: %).  707 

 708 

b. Comparison to previous studies  709 

To the end of 21st century, the BC-MOS projected wetter changes for the annual total 710 

summer precipitation across all the sites in China, although the changes are different in 711 

different areas. OGB-PP produce wetter changes at a large number of sites, but also produce 712 

drier changes in some areas which are different among different GCM simulations. 713 

However, some similarities are also shared by different downscaled results. For example, all 714 

the downscaling results show the slightly drier trend on the west part of Loess Plateau, and 715 

no wetter changes are produced for the Sichuan Basin. According to most simulations in 716 

this study, west Xinjiang has a high probability of drier change but the large area of Eastern 717 
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Xinjiang, west Gansu Corridor and Northwest Qinghai has a contrary trend; North China 718 

has a high probability of wetter change; Inner Mongolia and Northeastern China has a high 719 

probability of no significant change. There is also a high probability that in South China, an 720 

area to the south of Yangtze River, will become drier, which is simulated by OGB-PP, while 721 

BC-MOS produce slightly wetter changes. 722 

The above changes in different areas is similar to that obtained by previous studies: the 723 

downscaling using bias corrections on multiple-model CMIP5 ensembles (Table 3).  Such 724 

ensemble MOS downscaling results can be regarded as a reference to test the performance 725 

of new PP downscaling models, since there is no observation of future climate. Particularly, 726 

the decreasing precipitation in south to Yangtze River is supported by the synthesis of 727 

multiple CMIP5 models (Zhou et al., 2017). Nevertheless, these previous studies simulated 728 

the decreasing trend in the entire area of South China including Guangdong and Guangxi 729 

provinces. In this study, the overall PP downscaling produces the increasing precipitation in 730 

Guangdong and Guangxi. Overall, the OGB-PP downscaled result in this study can be 731 

regarded as general well, if we consider the previous ensemble results are credible.  732 

 733 

Table 3 Long-term trends of downscaled precipitation in different areas of China in 734 

previous studies 735 

PP-This study QM-this 

study 

(Yang et al., 

2018) 

(Yang et 

al., 2019b) 

(Zhang et 

al., 2019b) 

(Hui et al., 2018). (Bao et al., 

2015) 

Downscaling method  Bias 

correction 

Bias 

correction 

Bias 

correction 

Dynamical 

downscaling 

Dynamical 

downscaling 

Drying Central South 

China 

Slightly 

wetter or 

drier 

drier drier drier drier drier 

Drying Loess Plateau  Slightly 

drier or 

wetter 

drier Partially 

drier 

Slightly 

wetter 

Partially drier wetter 

Drying Sichuan Basin Slightly 

wetter 

drier drier drier drier drier 

Small change in Inner 

Mongolia and 

Northeastern China 

Slightly 

wetter 

Slightly 

wetter  

Slightly 

wetter 

Slightly 

wetter 

Small changes Slightly wetter 

Drying west Xinjiang 2/3 support 

drier 

Slightly 

wetter or 

drier 

Slightly 

wetter 

Slightly 

wetter 

Drying areas 

embedded in 

wetter areas 

wetter 

Wetter Eastern Xinjiang, 

west Gansu Corridor 

and Northwest Qinghai 

Wetter  Wetter  Wetter  Wetter  wetter wetter 

Wetter North China wetter wetter Slight 

wetter 

wetter wetter wetter 

 736 

The GFDL/PP with no bias-corrections on predictors projected a drying change in 737 

Central-South China, but the GFDL/PP using three bias-corrections all projects a slight 738 
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wetter or drier change of this area. Based on the GFDL-ESM2G simulation in CMIP5, the 739 

dynamical downscaling by Bao et al. (2015) has also projected the decreasing of summer 740 

precipitation of this area in the near future (2031-2050).  741 

 742 

c. Trends in predictors of OGB-PP 743 

   744 

 745 

Fig. 13 Five-year smoothing variations in predictors (mean sea level pressure (Ps), relative 746 

humidity (Rh) and the difference of air temperature (ΔT =Tmax-Tmin) ) of the OGB-PP models 747 

 748 

 749 

Compared to the CanESM and the GFDL-ESM2G, for most of the cases, the HadGEM 750 

presents more eccentric trends of predictors (see Fig.13-14). For a few cases, the HadGEM also 751 

generally produced similar trends as that produced based on the other two GCMs.  752 

For the site of Beijing, almost all the PP downscaling variants based on all the three GCMs 753 

produced significant increasing trend in annual precipitation (Fig.10). The trends of predictors 754 

from different GCMs are also generally similar: decreasing MSLP, no change /slight change of 755 

RH, and increasing ΔT (Fig.13). The predictors for the site Hanzhong is somehow similar to that 756 
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for Beijing, except that the CanESM gave a contrary trend of MSLP: increasing. Tulihe also got 757 

similar downscaling trends (the only exception is the contrary trends of ΔT), but the results are 758 

more complex than that for Beijing. These three sites have similar trends of predictors may be 759 

attributed to that they generally share the same summer monsoonal system: the rain belt in 760 

northern China. Beijing and Tulihe has decreasing MSLP predictors and increasing ΔT 761 

predictors, which means the low-pressure cyclone and the convergence of warm air mass 762 

happens more frequently in the rest of this century. Nevertheless, most of the GCMs provided 763 

the decreasing RH at the 3 sites, which may be due to that the rising air temperature reduces the 764 

relative humidity in most part of the northern China. However, the interannual fluctuations of 765 

predictors and the downscaled precipitation in these sites becomes more complex in the rest of 766 

the century, implying that more extreme precipitation and drought may happen due to the 767 

climate change.  768 

For the site Yangjiang in South China, the CanESM and the GFDL produced downscaling 769 

of increasing trends of summer precipitation, while the HadGEM produced a contrary trend 770 

(Fig.10). CanESM and GFDL provides the predictors of decreasing MSLP predictor, which may 771 

be related to more frequent Typhoon or monsoonal precipitation in South China, but the 772 

HadGEM provides a contrary trend of MSLP (Fig.13). All the 3 GCMs provides the increasing 773 

RH at Yangjiang. The ΔT predictors for this site has slight changes: slight increasing (CanESM) 774 

and slight decreasing (HadGEM and GFDL). 775 

In Xinjiang, very different precipitation trends were produced by the GCM basis for the 776 

site Urumqi: decreasing (CanESM), increasing(HadGEM), no change or slightly increasing 777 

(GFDL) (Fig.10). Such projections also can be reflected by the complex trends of predictors. 778 

The predictors from the HadGEM are in more exceptional trends than others: increasing MSLP, 779 

increasing RH, while in the other two is decreasing MSLP, small changes of RH (Fig.13). This 780 

contradiction of trends presents an uncertainty. All the GCMs produced decreasing ΔT, which 781 

may imply that cold waves from the north pole become less.  782 

For the site Maduo, at the northern part of Qinghai-Tibet plateau, decreasing precipitation 783 

were produced by the PP models based on all the three GCMs (Fig.10).  For CanESM and 784 

GFDL, the decreasing is mainly attributed to the increasing MSLP predictors, decreasing RH 785 

and decreasing ΔT (Fig.13). For HadGEM, the increasing MSLP, increasing RH and the 786 

increasing ΔT (Fig.13) makes the precipitation trend very unclear and complex, and the extreme 787 

precipitation and drought are more likely to happen.  788 

4 Discussions 789 

4.1 Why the downscaling variants produce diverse trends? 790 

The different downscaling variants in this study produce diverse trends of precipitation for 791 

future projections (Fig.11-12). Here, we divide the difference of trends into two groups: the 792 

difference between BC-MOS and OGB-PP and the difference caused by bias corrections on 793 

predictors. Comparatively, the former difference is more significant than the latter. Here, we 794 

assume the reason for the former one.  795 
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BC-MOS produced mild precipitation increasing at all the sites in China, just as that 796 

directly produced by the original GCMs, while OGB-PP produced comparatively large 797 

increase/decrease trends. Meanwhile, the trends from different versions (with different bias 798 

corrections on predictors) of OGB-PP downscaling are also largely different in some areas of 799 

China.  800 

The reason of such difference may be that the multiple parameters in OGB-PP can utilizing 801 

more information than BC-MOS can. GCMs always produce an area mean of precipitation and 802 

can only reflect a low spatial variability due to limited spatial resolution, therefore, precipitation 803 

produced by GCMs are always in mild trends. For BC-MOS, such mild long-term trends are 804 

inherited from the GCM outputs, since the predictor and predictand are the same variable. By 805 

adjusting the distributions of data, bias correction is unlikely to change the trend to a large 806 

extent. As Maraun et el. (2019a,b) pointed out, bias corrections also cannot produce additional 807 

local variability and MOS methods rely highly on the GCM modeled precipitation.  808 

For a PP, it is another case: it uses multiple variables from a GCM and modeling 809 

precipitation by its independent mechanism. More importantly, the OGB-PP in this study freely 810 

utilizes the predictor values at the grid boxes which usually lie in the locations inconsistence to 811 

the site. This mechanism for modeling precipitation in OGB-PP models can be regarded as an 812 

analog of that in GCM, since the predictors used by both of them are in the same resolution. In 813 

another words, the PP models has a different and independent precipitation modeling 814 

mechanism from GCM, which can enrich the diversity of outputs. At the locations of some 815 

neighboring sites, although the large-scale variables at these grid boxes have relatively close 816 

values, the models trained for the sites generally have varying parameter values and freely use 817 

multiple predictors from different grid boxes other than the grid box close to the site. For 818 

example, the model of one site maybe mainly sensitive to the predictors from sea level pressure, 819 

but the model of a neighboring site maybe relatively sensitive to the predictors from air 820 

temperature. This characteristic give rise to more diverse outputs over different sites than that 821 

from the MOS, thus can contribute additional local variability.  822 

Of course, the multiple PP predictors should also give rise to more uncertainty than the 823 

MOS. For OGB-PP, not only the model parameters should produce uncertainty, but the 824 

preliminary predictor-bias corrections also can contribute uncertainty. Therefore, taking the 825 

ensemble of multiple outputs of PP downscaling variates should be more meaningful than taking 826 

one downscaling result.  827 

4.2 Whether the OGB-PP downscaling is sensitive to different GCM bases? 828 

Different trends of future precipitation were produced by OGB-PP downscaling based on 829 

the three GCMs (see Fig.13-17). Here we only discuss the predictors MSLP, relative humidity 830 

and air temperature difference (Fig.13), since the U-wind and V-wind are also correlated with 831 

these three variables. For example, the projections for Beijing based on all the GCMs produced 832 

significant increasing trends, however, OGB-PP driven by the three GCMs presents different 833 

predictor trends for Beijing: decreasing MSLP and increasing air temperature difference are 834 

given in CanESM and HadGEM, while the trends in GFDL based predictors are not so 835 

significant. For the site Yangjiang, the projections based on CanESM and GFDL have increasing 836 

trends, which can be mainly attributed to the increasing relative humidity and air temperature 837 
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difference. The downscaling based on HadGEM for Yangjiang has a decreasing trend, which can 838 

be attributed to the increasing MSLP and a slight decreasing of relative humidity. Here, it need 839 

to be pointed out that the similarity produced by CanESM and GFDL for Beijing and Yangjiang 840 

are not always true for other sites (not listed). According to the above facts, the PP downscaled 841 

precipitation trends in this study are sensitive to the predictors from GCMs, which require that 842 

the large-scale projections be reasonably produced by the GCMs.  843 

4.3 Which downscaling options are more promising? 844 

The options for downscaling are multiple: the choice of GCM in CMIP5, the choice of 845 

using PP downscaling or MOS downscaling, the choice of predictor bias corrections for PP 846 

downscaling and the choice of bias corrections for MOS downscaling. Actually, there is no 847 

ideally perfect combination of different options, because uncertainty exists everywhere.  848 

For GCMs which provide LSVs for downscaling, we prefer multiple GCM simulations 849 

other than one simulation of a certain GCM, because no GCM is superior to all other GCMs 850 

according to many previous studies.  851 

As for choosing which bias correction method for the predictors, we prefer the LT first in 852 

both PP downscaling and MOS downscaling, since LT only modify the mean and standard 853 

deviation, while quantile mapping modify the statistical distribution in a more inexplicable way. 854 

We prefer the no-correction method in PP downscaling to be the second better one, if only the 855 

relative changes are our main concern. However, it does not imply that the QM are completely 856 

unusable. In most cases, there is some biases or incorrect statistical distribution in the original 857 

predictors, the QM based bias corrections can give a better distribution to reduce the overall 858 

biases.  859 

Is the OGB-PP better than the MOS (bias corrections)? We guess the answer is yes, based 860 

on several reasons. Generally, the BC-MOS do not change the trend in the coarse resolution 861 

GCMs. Therefore, the downscaled relative changes are mostly inherited from the driving GCM 862 

simulations(Maraun et al., 2019b), which can explain why the MOS downscaling results in this 863 

study show increasing precipitation at all the sites across China. Although the trend at a few 864 

specific sites can be changed from wetter to drier or vice versa by the bias correction, this 865 

transformation is based on a pure statistical process other than on a physical basis. This problem 866 

of quantile mapping was criticized by Maraun et al. (2017). On the contrary, the PP downscaling 867 

uses physically based multiple predictors which can represent the main large-scale circulations 868 

(Maraun et al., 2019b), and theoretically, more signals can be utilized than the MOS.  869 

Of course, PP is also very limited in producing additional local variability, since all the 870 

predictors used are derived from the driving GCM(Maraun et al., 2019b). Nevertheless, the 871 

OGB-PP models are independent to each other among different sites, so each model has a 872 

unique set of parameters which are locally estimated. These parameters themselves carry some 873 

local variability to both daily precipitation and long-term precipitation trend. Note that the 874 

BC-MOS methods are also specific to each site, but theoretically carry smaller local variability 875 

than the PP, because the latter utilize more predictors. 876 

Additionally, some of the PP downscaled results in this study can produce the decreasing 877 

precipitation in the areas south to Yangtze River (from Central China to South China) as 878 

manifested in many previous studies (as listed in Table 1), while the MOS not.  879 
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4.4 Physical meanings reflected by the PP-model predictors 880 

One advantage of PP downscaling over MOS is the use of multiple physically based 881 

predictors, which is helpful to understand the physical mechanism of the future changes. 882 

Nevertheless, the predictors for downscaling daily precipitation is the localized signals in 883 

LSVs and cannot directly reflect the physical mechanisms in the global scales simulated by 884 

the GCMs, although these local signals are also affected by the mechanisms in the global 885 

scales. In this study, it is unsuitable to tangle the influence of changes in global scales, due 886 

to the many sites and multiple regions in this study. Here we only present some discussions 887 

on the changes of such localized predictors. 888 

The three base CMIP5/GCMs simulations provided different downscaling predictors 889 

on which it is difficult to get a good conclusion, since the number of samples is too small. 890 

Generally, we can get several characteristics for the trends of these predictors: 891 

Firstly, the different GCMs generally provided similar predictor trends for some sites. 892 

For example, Nanjing, Beijing, Tulihe and Hanzhong. Notice that the sites in the North 893 

China (Hanzhong, Beijing) and Northeast China (Tulihe) are in the same northern part of 894 

the summer monsoonal area in China, while Nanjing is in the southern part of the 895 

monsoonal area. For Beijing and Tulihe, the downscaled increasing trends of precipitation 896 

at are mainly related to the decreasing MSLP and increasing ΔT.  897 

Secondly, for some cases, the contribution of the trends in different predictors to the 898 

trends of downscaled precipitation is contradictory. For Beijing, Tulihe, the RH predictors 899 

are in decreasing trends, which is contrary to the trends of MSLP and ΔT. 900 

Thirdly, different trends were provided by different GCMs. for example, at Yangjiang 901 

and Ulumqi, the HadGEM has different trends in MSLP and RH when compared to the 902 

CanESM and GFDL. Similar exceptional effects also exist for the RH at Maduo, ΔT at 903 

Tulihe and Maduo.  904 

All the above trends in predictors for all the sites are actually the reflection of the 905 

change patterns of MSLP, RH and air temperature over the large domain around China. The 906 

patterns provided by the three base GCMs have large differences (Fig.14). Generally, the 907 

MSLP patterns from the three GCMs show increasing changes over South China and a 908 

small area in Southwest China (corresponding to the source region of the Yangtze River), 909 

decreasing changes over Central Asia, but the changes in North China have some 910 

differences between the GCMs. The increasing MSLP in the southern areas of East Asia 911 

may be related to the northward movement of subtropical high, the weakened South Asia 912 

Monsoon, and the weakened Mongol-Siberia High. The RH patterns from the three GCMs 913 

are also different, but all of them show increasing RH over the northern part of North China 914 

(corresponding to an area in Inner Mongolian) and an area across the Eastern Xinjiang and 915 

Qinghai-Tibetan plateau, and decreasing trends are shown in the areas around the Yangtze 916 

River basin. These RH change patterns also may be related to the northward movement of 917 

the subtropical high. For air temperature, both the HadHEM-E2 and the CanESM2 provided 918 

large increasing change (larger than 4.0 degree) over the north part of Asia and small 919 

increasing change (smaller than 2 degree) over the south part of Asia. The GFDL-ESM2G 920 

only provided a mild increasing in Central Asia, Xinjiang and Mongolia, and small 921 

increasing in the north part of Asia, which is largely different to the mainstream opinion 922 
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that large increasing will happen in the areas around the north pole (IPCC, 2021). This 923 

implies that the GFDL-ESM2G simulation may be more incredible than the other two GCM 924 

simulations.  925 

Overall, the downscaling of daily precipitation can utilize the local signals around the 926 

sites in the GCM outputs, but the reliability of such signals is vital to the downscaling 927 

results. This requires that the GCM outputs which are used as the base for downscaling 928 

should be carefully evaluated and ensembles of multiple GCM outputs should be used to 929 

assess the uncertainty. 930 

 931 

Fig.14 Changes of mean sea level pressure, surface relative humidity and surface air 932 

temperature in summer, projected by the RCP45 scenario for the period 2060-2099, by the 933 

three CMIP5 models, relative to the period 1960-1999. All the changes are calculated by 934 

subtracting the mean values of 1960-1999 from the mean values of 2060-2099.   935 

 936 

2 Conclusion 937 

For downscaling precipitation from multiple-model simulated future projections across 938 

China, few PP downscaling has been applied, when compared to the MOS. This study is a 939 

trial to use a multiple variable based, perfect prognostic downscaling for daily precipitation 940 

in China and compare the result with the MOS (bias correction). The predictors for the PP 941 

downscaling were screened from the large-scale variables by an optimal grid-box method: 942 

finding the most representative grid box area which has the most correlations to the sites’ 943 
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precipitation, then combining multiple predictors from different variables (air temperature, 944 

geopotential height, etc.) into one GLM.  945 

Daily large-scale variables in CMIP are usually packaged in huge-sized datasets, which 946 

is difficult to collect through the internet. Thus, in this study, the surface-level variables 947 

other than the multiple-level variables were used to extract predictors. The model fitting 948 

process of this study indicates that predictors from the surface variables get slightly inferior 949 

modeling performances to that from the multiple-level variables at some sites.   950 

The PP downscaling can generally produce the climatological mean of summer 951 

precipitation across China, both for the simulation based on ERAI and CMIP5 historical 952 

simulations. Based on the historical simulation (1961-2005), the downscaled spatial 953 

patterns of linear trends are different, between the three GCM simulations, as well as 954 

between the PP and the QM. The downscaled results based on CanESM2 get the most 955 

similar patterns to the observed as regard to all the sites. Nevertheless, each downscaling 956 

can also generally reproduce the trends in most areas of China except for some specific 957 

regions. For HadGEM2-ES and GFDL-ESM2G, at least one downscaled pattern can 958 

produce the observed spatial pattern, though most of the downscaled results not. 959 

CanESM-PP/QM has reproduced the lower tail of annual variation at the sites in Northern 960 

China (Beijing is a one case), but failed reproducing those variations/trends in other areas. 961 

Whether this is a true modeling performance is difficult to certify. 962 

The annual variations downscaled by OGB-PP have comparatively small differences 963 

among the three bias corrections on predictors, but have large difference to that downscaled 964 

by the BC-MOS, according to the representative sites (Beijing, Tulihe, Hanzhong, etc.). The 965 

trends downscaled from the three GCMs are also diverse, which can be attributed to the 966 

different trends in the predictors provided by the GCMs. The quantile mapping based bias 967 

correction can also change the trend of precipitation at a few sites.  968 

The change patterns of the OGB-PP downscaled precipitation over China are different, 969 

depending on different GCM bases and different bias corrections for predictors, and are also 970 

different to the results of the BC-MOS. Therefore, we cannot conclude which bias 971 

correction on predictors or which GCM is better than the others, and also cannot tell 972 

whether the OGB-PP is more credible than the BC-MOS. Considering the diverse results 973 

downscaled based on each GCM with different bias corrections on predictors, one may 974 

think that PP is useless. However, the diverse future projections produced by the OGB-PP 975 

shows larger spatial variability and more significant increasing/decreasing trends in 976 

different areas, than that produced by the BC-MOS or the original GCM simulated 977 

precipitation. This maybe an advantage of PP due to that PP can freely utilize multiple 978 

predictors with flexibly selected grid boxes.  979 

Considering the multiple downscaling results as a whole, the OGB-PP downscaling can 980 

produce the trends similar to those projected by many multiple-model results in CMIP5, 981 

while the bias corrections (BC-MOS) on precipitation of the same CMIP5 models not. It is 982 

worth noting that these previous studies were mostly based on the synthesis on original 983 

multiple CMIP5 simulations or the MOS downscaling based on multiple GCMs. This fact 984 

implies that the PP downscaling in this study may be promising. This precipitation 985 

downscaling is made on a daily basis and also involves a complex data processing, but is 986 

economical when compared to any dynamical downscaling models. 987 
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In this study, due to the huge-sized datasets of daily multiple variables in CMIP5, only 988 

those from three GCMs under the RCP4.5 emission scenario were used and the projection 989 

under other emission scenarios (for example, RCP8.5) are unavailable for us, therefore, the 990 

result cannot give a very convincing conclusion. Further studies are needed for downscaling 991 

precipitation from more GCM simulations in CMIP5 or CMIP6.  992 
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