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Abstract  33 

Baseflow is critical for water balance budget, water resources management, and 34 

environmental evaluation. Prediction of baseflow index (BFI), the ratio of baseflow to total 35 

streamflow, has a great significance in unravelling the baseflow characteristics for large scale 36 

trajectory. Therefore, this study compares BFI predictive performance derived from a new 37 

multilevel regression approach along with two other commonly used approaches: 38 

hydrological modelling (SIMHYD, a simplified version of the HYDROLOG model, and 39 

Xinanjiang model), and linear regression (traditional linear regression, and alternative 40 

traditional regression considers the second-order interaction). The multilevel regression 41 

approach does not only group the catchments into the four climate zones (arid, tropics, 42 

equiseasonal and winter rainfall), but also considers inter-catchment and inter-climate zone 43 

variances. Likewise, calibration and two regionalisation techniques namely spatial proximity 44 

and integrated similarity are used to obtain the BFI from hydrological modelling approach. 45 

Correspondingly, the traditional linear regression technique estimates BFI establishing linear 46 

regressions between catchment attributes and four climate zones. Then, all the three 47 

approaches are evaluated against combined average estimation from four well-parameterised 48 

baseflow separation methods (Lyne-Hollick (LH), United Kingdom Institute of Hydrology 49 

(UKIH), Chapman-Maxwell (CM) and Eckhardt (ECK)) at 596 catchments across Australia 50 

for 1980-2012. The findings show that the multilevel regression has greatly improved the 51 

performance of BFI prediction in comparison to other methods. In particular, the two 52 

calibrated and regionalised hydrological models perform worst in predicting BFI with a 53 

Nash-Sutcliffe Efficiency (NSE) of -8.44 and -2.58 along with an absolute percent bias 54 

(PBIAS) of 81% and 146% (overestimation of baseflow), respectively. However, the 55 

traditional linear regression remains in intermediate position with the NSE of 0.57 and bias of 56 

25. In addition, alternative traditional regression also shows very close proximity. In contrast, 57 
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the multilevel regression approach shows the best performance with the NSE of 0.75 and bias 58 

of 19%. The study also demonstrates that the multilevel regression approach can improve BFI 59 

prediction, and shows potential for being used in the prediction of other hydrological 60 

signatures in large-scale.  61 

Keywords: Baseflow separation, BFI, multilevel regression, hydrological models, linear 62 

regression  63 
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1. Introduction 64 

Baseflow is the water flow from upstream aquifers/groundwater, when the recharge (e.g., 65 

precipitation or other artificial water supplies) is ceased (Brutsaert and Lopez, 1998; 66 

Brutsaert, 2005). Therefore, it is considered as an important hydrogeological characteristic 67 

for a catchment (Knisel, 1963). Correspondingly, baseflow index (BFI) is the average rate of 68 

baseflow to streamflow over a long period of time (Piggott et al., 2005; Partington et al., 69 

2012). As a result, accurate estimation of baseflow and BFI has a profound influence on 70 

assessing catchment water scarcity, during drought periods (Brutsaert, 2005; Zhang et al., 71 

2014; Miller et al., 2016). To be precise, it is critical for water budgets (Abdulla et al., 1999), 72 

water management strategies (Lacey and Grayson, 1998), engineering design (Meynink, 73 

2011), and other related environmental issues (Spongberg, 2000; Miller et al., 2014).  74 

As a consequence, various methods have been developed to separate baseflow from gauged 75 

streamflow (Lyne and Hollick, 1979; Rice and Hornberger, 1998; Spongberg, 2000; Furey 76 

and Gupta, 2001; Eckhardt, 2005; Tularam and Ilahee, 2008; Lott and Stewart, 2016). They 77 

are mainly categorized into tracer-based and non-tracer methods (Gonzales et al., 2009). The 78 

tracer-based method is applied to experimental catchments due to the high consumption of 79 

both experimental time and materials (Koskelo et al., 2012). To overcome the issue, several 80 

non-tracer methods have been developed over the years. Digital filtering technique is the 81 

major non-tracer based method which is widely used owing to high efficiency and 82 

repeatability (Arnold et al., 1995; Zhang et al., 2017). More importantly, they perform well 83 

when the digital filtering parameters (i.e., recession constant and maximum baseflow index) 84 

are appropriately estimated (Zhang et al., 2017). Besides, they are only applicable for 85 

catchments with streamflow observations. Therefore, for ungauged catchments, hydrological 86 

models and regression approaches can be used to separate baseflow from total streamflow. 87 

Since, their accuracy is largely unknown, they can be evaluated against combined estimates 88 



 

6 
 

from the non-tracer based methods at gauged catchments. For reducing uncertainty of 89 

baseflow estimates, four non-tracer based methods namely Lyne-Hollick (LH) (Lyne and 90 

Hollick, 1979), United Kingdom Institute of Hydrology (UKIH) (Gustard et al., 1992), 91 

Chapman-Maxwell (CM) (Chapman and Maxwell, 1996) and Eckhardt (ECK) (Eckhardt, 92 

2005) are selected. 93 

However, most hydrological models include a baseflow generation component (Luo et al., 94 

2012; Stoelzle et al., 2015; Gusyev et al., 2016). These models can be divided into two 95 

groups. One group considers baseflow as a linear recession process for groundwater reservoir, 96 

including SIMHYD (simplified version of the HYDROLOG model) (Chiew and McMahon, 97 

1994; Zhang et al., 2016), 1LBY (Abdulla et al., 1999; Stoelzle et al., 2015), and HBV 98 

(Ferket et al., 2010) models. The other group takes baseflow into account as a non-linear 99 

recession process including Xinanajing (Zhang and Chiew, 2009), PDM (Ferket et al., 2010) 100 

and ARNO (Abdulla et al., 1999) models. It is clear that the BFI derived from those 101 

hydrological models have large uncertainties, since the baseflow and total flow are greatly 102 

varied with the model structures, model calibration and parameterisation schemes (Beven and 103 

Freer, 2001). Therefore, for ungauged catchments, their reliability always remains a question. 104 

However, Zhang et al. (2013) conclude, based on review, that regression models are easy to 105 

implement and capable of estimating baseflow with reasonable accuracy at ungauged 106 

catchments. 107 

This method first establishes linear regressions between physical characteristics of catchment 108 

(i.e., descriptors) and BFI is obtained from the gauged catchments and then conduct the 109 

prediction for ungauged catchments (Bloomfield et al., 2009; Beck et al., 2013). For the 110 

selection of predictors, several studies have considered geological characteristics, such as soil 111 

properties, to have important control over catchment BFI (Brandes et al., 2005; van Dijk, 112 

2010). A few studies have used meteorological indices, such as mean annual precipitation 113 
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and mean annual potential evaporation as variables to predict BFI (van Dijk, 2010; Beck et 114 

al., 2013). Other similar studies have used mean annual precipitation, slope and proportion of 115 

grassland as predictors of BFI (Haberlandt et al., 2001; Brandes et al., 2005; Mazvimavi et al., 116 

2005; Gebert et al., 2007; Bloomfield et al., 2009; van Dijk, 2010). However, one major 117 

limitation of the linear regression approach is that it uses constant value of parameters to 118 

predict BFI, and cannot handle issues at different spatial scales (Qian et al., 2010), thus high 119 

uncertainties may arise in BFI prediction for catchments located in a wide range of climate 120 

and geological regimes.  121 

This limitation can be overcome by using multilevel regression approach (Qian et al., 2010; 122 

Luo et al., 2015). It provides a robust tool to establish the relationships between BFI and 123 

catchment attributes. The basic idea of this approach is that higher-level variables vary within 124 

lower-level variables (Berk and De Leeuw, 2006). This approach can also handle the 125 

variables with various solutions using hierarchical structure (Dudaniec et al., 2013). It has 126 

been extensively used to understand the interplay of ecosystem dynamics (i.e., carbon cycle 127 

across different ecosystems and N2O emissions from farmlands) (Carey, 2007; McMahon and 128 

Diez, 2007; Luo et al., 2015). In addition, some studies are used multilevel model to address 129 

the hydrological related issues (i.e., to predict the flow duration curve (Booker and Snelder, 130 

2012), to estimate the impacts of climate change to flow intermittency (Reynolds et al., 2015) 131 

and effects of flow connectivity to dissolved organic matter (Granados et al., 2020)). 132 

However, no study has been reported to use this approach for predictions of BFI. This study, 133 

for the first time, explores the possibility of using multilevel regression to predict BFI across 134 

widely distributed Australian catchments that cover various climate and geological regions.  135 

At this juncture, the main aim of this study is to evaluate various methods in predicting BFI. 136 

To achieve this goal, we compare the three BFI prediction methods (hydrological modelling, 137 
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linear regression and multilevel regression approaches) against combined average estimates 138 

from four non-tracer baseflow separation methods. The specific objectives of this study are:  139 

i. To obtain “benchmark” BFI using the four non-tracer baseflow methods LH, UKIH, 140 

CM and ECK) for 596 Australian catchments (Figure 1);  141 

ii. To introduce the multilevel regression approach for BFI predictions across large 142 

regions; and 143 

iii. To assess relative merits of the three approaches for BFI predictions;  144 

Figure 1 is about here 145 

2. Data sources 146 

2.1. Streamflow 147 

Daily observed data (Q) (1975-2012) for 596 catchments across Australia (Figure 1) have 148 

been collated by Zhang et al. (2013) to assess the three methods (hydrological modelling, 149 

linear regression, and multilevel regression) for predicting BFI. Following criteria are used to 150 

select the catchment streamflow data:  151 

i. The catchment area is small enough to minimize routing process influence (varying 152 

between 50 and 5000 km2); 153 

ii. Streamflow is not subject to dam or reservoir regulations; 154 

iii. The catchment is non-nested; 155 

iv. The catchment is not subject to major impacts of irrigation and intensive land use; and 156 

v. The observed streamflow, containing at least ten-year (>3652 days) daily observations, 157 

with acceptable data quality according to a consistent Australian standard (Viney et 158 

al., 2011). 159 
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2.2. Climate zones and catchment attributes 160 

The climate zones are regarded as higher-level predictors due to the influence on the 161 

predictors’ effect size and direction (Gelman and Hill, 2006). To be specific, the Australian 162 

continent is classified into five climate zones (arid, equiseasonal-hot, equiseasonal-warm, 163 

tropics and winter rainfall) based on Köppen-Geiger classification schemes (Kottek et al., 164 

2006). Herein equiseasonal-hot and equiseasonal-warm are combined as one climate zone. 165 

The numbers of selected catchments within arid, equiseasonal, tropics, and winter rainfall 166 

climate zones are 38, 385, 83, and 90, respectively. 167 

On the other hand, the catchment attributes, regarded as lower-level predictors, including 168 

climate (Mean annual precipitation, P, mean annual potential evaporation, Etp), topographical 169 

(Mean elevation and Mean slope), soil (Available soil water holding capacity) and land cover 170 

(Forest cover ratio) characteristics are implemented in the linear regression and multilevel 171 

regression approaches to estimate BFI. The catchment attributes are collected from the 172 

dataset collated by Zhang et al. (2013). The abbreviation for each catchment attribute and 173 

summary is shown in Table 1 and Table 2 respectively. 174 

Tables 1 and 2 are about here 175 

2.3. Forcing data for hydrological modelling 176 

The Xinanjiang and SIMHYD models are driven by 0.05° resolution (~ 5 km) daily 177 

meteorological data (precipitation, maximum temperature, minimum temperature, incoming 178 

solar radiation, and actual vapour pressure ) from 1975 to 2012, obtained from the Scientific 179 

Information for Land Owners (SILO) Data Drill of the Queensland Department of Natural 180 

Resources and Water (www.nrw.gov.au/silo). There are about 4600-point observations across 181 

Australia used for interpolation to obtain the SILO data. To have more details, please consult 182 

Jeffrey et al. (2001). The daily and monthly gridded precipitation data are obtained from the 183 
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ordinary kriging method, whereas other gridded climate variables are obtained using the thin 184 

plate smoothing spline technique. Cross-validation results indicate good data quality with the 185 

mean absolute error of the Jeffrey interpolation (Jeffrey et al., 2001) for maximum daily air 186 

temperature, minimum daily air temperature, vapour pressure, and precipitation being 1.0 °C, 187 

1.4 °C, 0.15 kPa and 12.2 mm/month, respectively.  188 

Along with the climate forcing data, the two models also require remotely sensed leaf area 189 

index (LAI), land cover and albedo data as inputs in the Penman–Monteith–Leuning model to 190 

calculate actual evapotranspiration (ETa) (Leuning et al., 2009; Zhang et al., 2010). LAI data 191 

from 1981 to 2011 are obtained from Advanced Very High Resolution Radiometer (AVHRR) 192 

in Boston University (Zhu et al., 2013). The temporal resolution and spatial resolution are of 193 

six months and ~8 km, respectively. The Moderate Resolution Imaging Spectroradiometer 194 

(MODIS) land cover product (2000-2001) is used to estimate aerodynamic conductance, 195 

obtained from the Oak Ridge National Laboratory Distributed Active Archive Center (Friedl 196 

et al., 2010). The dataset has 17 vegetation classes, which are defined according to the 197 

International Geosphere-Biosphere Programme (IGBP). The albedo data, obtained from the 198 

8-day MODIS MCD43B bidirectional reflectance distribution function product at 1 km 199 

resolution, are used to calculate net radiation. All the forcing data are re-projected and 200 

resampled using nearest neighbour approach to obtain 0.05o gridded data.  201 

3. Models and Algorithms 202 

3.1. Hydrological models 203 

We have selected two hydrological models (i.e., more process-based) SIMHYD and 204 

Xinanjiang because: (1) they are widely used in various climate regimes, and (2) they have 205 

different baseflow generation mechanisms which consider linear and non-linear recession for 206 

groundwater reservoir processes, respectively. Between them, SIMHYD has been widely 207 
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applied in runoff simulations and regionalization studies (Chiew et al., 2009; Vaze and Teng, 208 

2011; Li and Zhang, 2016; Zhang et al., 2016). Four water stores are used in this model to 209 

describe hydrological processes, namely the interception store, soil moisture store, 210 

groundwater store and channel store (Chiew and McMahon, 2002). Detailed model structure 211 

is available in Chiew and McMahon (1994). However, the modified SIMHYD model by 212 

Zhang and Chiew (2009), which uses remote sensing data and contains nine model 213 

parameters, is used in this study. 214 

On the other hand, the Xinanjiang model (Zhao, 1992) has been widely used for humid and 215 

semi-arid regions including Australian catchments (Li et al., 2009; Lü et al., 2013; Yao et al., 216 

2014). This model reproduces runoff by describing three hydrological processes including 217 

ETa, runoff generation, and runoff routing. Details of the Xinanjiang model are available in 218 

Zhao (1992) as well as in Zhang and Chiew (2009). Here we use the modified Xinanjiang 219 

model proposed by Zhang and Chiew (2009), in which ETa is estimated using remotely 220 

sensed LAI data and the number of model parameters has been reduced from 14 to 12. These 221 

two hydrological models first simulate daily baseflow and daily total streamflow time series, 222 

which are then aggregated as mean annual baseflow and mean annual total streamflow, 223 

respectively. Finally, the BFI is estimated using the mean annual baseflow divided by the 224 

mean annual total streamflow. 225 

Based on the BFI defined in the previous paragraph, we estimate baseflow, total streamflow 226 

and BFI in three ways: calibration, regionalisation from spatial proximity, and regionalisation 227 

from integrated similarity. The daily observed streamflow data from 1975-2012 (1975-1979 228 

as warm up period) are used in calibration (1980-2012). Herein, a short description of these 229 

three kinds of estimates is given below. 230 
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A global optimisation method (a genetic algorithm) from the global optimisation toolbox in 231 

MATLAB (MathWorks, 2006) is used to calibrate the model parameters for each catchment 232 

(Zhang and Chiew, 2009). This optimiser uses 400 populations and the maximum generation 233 

of 100, for searching the optimum point, which converges at approximately 50 generations of 234 

searching. More information is found in Zhang et al. (2018). The model calibration is 235 

conducted by maximising the Nash-Sutcliffe Efficiency of the daily square-root-transformed 236 

runoff data (NSEsqrt) and minimising model bias (Li and Zhang, 2017). 237 

Then, for spatial cross-validations, two regionalisation approaches, spatial proximity and 238 

integrated similarity approaches are used (Zhang and Chiew, 2009). The spatial proximity 239 

approach uses the parameter set from geographically closest catchment considering as the 240 

donor catchment to predict runoff at the target catchments. The integrated similarity approach 241 

derives parameter set for the objective catchment by combing the spatial proximity and 242 

physical similarity approaches, where the physical similarity approach adopts parameter set 243 

from the donor catchment. The two regionalisation approaches take five-donor combined 244 

mean for prediction, as recommended by Zhang and Chiew (2009) and Li and Zhang (2017). 245 

3.2. Linear regression and multilevel regression approaches 246 

In linear regression (1980-2012), BFI is predicted using one set of parameters for all 247 

catchments. The details are:  248 

         (1)  249 

where, BFI is the baseflow index for each catchment, N denotes the normal distribution 250 

function, α is the intercept, β is the slope, X represents the variables (i.e., catchment 251 

attributes), and ε is the variance. However, this model ignores the potentially different effects 252 

of the same variable on BFI across different climatic zones. Therefore, the α and β are 253 

constant irrespective of the climatic zone (Abebe and Foerch, 2006; Longobardi and Villani, 254 

( , )BFI N Xa b e= + ×
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2008; Bloomfield et al., 2009). But, baseflow processes are not only influenced by local 255 

catchment attributes, but also by geographical backgrounds (i.e., climate zones). However, 256 

the constant parameters (Eq. 1) are not adequate to reflect the catchment characteristics. 257 

Therefore, BFI prediction may be improved by taking the influences derived from various 258 

catchment attributes and connection between different climate zones into account i.e. their 259 

cross-level interactions at different spatiotemporal scales (Qian et al., 2010).  260 

At this juncture, we introduce multilevel regression (1980-2012) to overcome the limitation, 261 

due to its capability of capturing the cross-level interactions (Gelman and Hill, 2006; Qian et 262 

al., 2010; Luo et al., 2015). BFI in general associates with the climate variables (mean annual 263 

precipitation and mean annual potential evapotranspiration) and terrain attributes (area, 264 

elevation, slope, land cover and available soil water holding capacity of top soil) in each 265 

catchment (i.e., i = 1, 2, 3, …, 596). Furthermore, the effects of these predictors on BFI are 266 

assumed varying with climate zones: arid, tropics, equiseasonal and winter rainfall (i.e., j = 1, 267 

2, 3, 4). The BFI for catchment in each climatic class can be expressed as:  268 

       (2) 269 

where, BFIji is the baseflow index for the ith catchment in the jth climate zone. N is the normal 270 

distribution function, α is the intercept, β is slope, X is the variables (i.e., catchment 271 

attributes), and ε is the variance in each subset. For the linear regression approach, we firstly 272 

build the linear regression model for total data and sub-data for each climate class. Secondly, 273 

we consider second-order interactions through alternative traditional regression. In this study, 274 

the all subsets procedure (Wasserman and Sudjianto, 1994) in R package of “leaps” 275 

(https://cran.r-project.org/web/packages/ leaps/index.html) is used as the platform to 276 

determine the parameters and then the R basic function lm () is used to build the linear 277 

regression model to predict BFI for total data and subset data (each climate zone) separately 278 

( , ), (1,2,3,...,596)ji ji jBFI N X ia b e= + × Î
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(denotes the traditional linear regression). To compare the model performance fairly, the 279 

alternative “traditional regression” (denotes alternative traditional regression) considers the 280 

second-order interaction also is used to build the model using rFSA package in R 281 

(https://cran.r-project.org/web/packages/rFSA/index.html) for total data. This tool provides a 282 

Feasible Solution Algorithm to find a set of feasible solutions for a statistical model of a 283 

specific form that includes second-order interactions between climate class and some 284 

catchment attributes (Lambert et al., 2018).  285 

In comparison to the traditional linear regression approach, the multilevel regression 286 

approach has the hierarchical structure, and allows the assessment of the variation in model 287 

coefficients across groups (e.g., climatic zones) and accounts for group-level variation when 288 

estimates individual-level coefficients. This model is a two-stage regression, estimating the 289 

effects for each individual group in stage one (within-group), and then fitting interactive 290 

group effects on group-level predictors in stage two (between-group). The final regression 291 

coefficients link parameters from both levels which contain catchment attributes (lower-level) 292 

and climate zones (higher-level), including varying coefficients (both the intercept and slope 293 

vary by the group) (Gelman and Hill, 2006). For the application, there are two data matrices 294 

are used to conduct the multilevel regression, one data matrix is an individual catchment data 295 

matrix, and another is the classification of climate zones as the group index variable. The 296 

details of the approach are elaborated as follows:  297 

    (3) 298 

where, Xi is the catchment attributes for each basin, and its intercepts and slopes are 299 

decomposed into α and β terms for different climate zones,  300 

     (4) 301 

,596,...,3,2,1),,(~ 2
][][ =×+ iXNBFI BFIiijiji sba

,4,3,2,1,,~ 2

2

=÷
÷
ø

ö
ç
ç
è

æ
÷
÷
ø

ö
ç
ç
è

æ
÷÷
ø

ö
çç
è

æ
÷÷
ø

ö
çç
è

æ
jN

j

j

b

ba

ba

a

b

a

s
srs

srs
s

µ
µ

b
a



 

15 
 

where, µα and σα are the mean and standard deviation of variable intercept α; µβ and σβ are the 302 

mean and standard deviation of variable slope β; ρ is the correlation coefficients between the 303 

two variables αj and βj. The Eq. (3) is rearranged as a block matrix of 304 

            (5) 305 

The details of Eq. (5) are described as:  306 

       (6) 307 

Then, the Eq. (4) is calculated individually by: 308 

          (7) 309 

          (8) 310 

However, the density function of the normal distribution N is (for example, α variable): 311 

         (9) 312 

This model considers variation in the values of αj and βj along with a between-group 313 

correlation parameter ρ (Gelman and Hill, 2006; Qian et al., 2010). In essence, there is a 314 

separate regression model for each climate zone with the coefficients estimated by the 315 

weighted average of pooled (which do not consider groups) and unpooled (which consider 316 

each group separately) estimates, i.e. partial pooling. When fitting the model, each predictor 317 

X is standardized using z-scores:  318 

                                   (10) 319 
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where SD is the standard deviation. Herein, the “lmer” function in R package of “lme4” 320 

(https://cran.r-project.org/web/packages/ lme4/index.html) is used to perform the multilevel 321 

regression analysis. To have a fair comparison, the multilevel regression and the linear 322 

regression with climate units are compared. This can evaluate the relative merits of the 323 

multilevel regression considering the interactive group effects. 324 

3.3. Baseflow separation algorithm for preparation of benchmark BFI 325 

The benchmark BFI data are estimated using four widely used baseflow separation methods 326 

namely LH (Lyne and Hollick, 1979), UKIH (Gustard et al., 1992), CM (Chapman and 327 

Maxwell, 1996) and ECK (Eckhardt, 2005). The successful use of the digital filter methods 328 

mainly depends on estimation of the recession constant and maximum baseflow index (Zhang 329 

et al., 2017). This study has used the Automatic Baseflow Identification Technique (ABIT) 330 

for the recession analysis, developed by Cheng et al. (2016) based on the recession theory 331 

proposed by Brutsaert and Nieber (1977). The recession points selected, in this method, 332 

dominantly consist of baseflows (Cheng et al., 2016). The method plots dQ/dt against Q with 333 

the 5% lower envelope, which represents the slowest recession rate (Figure 2). Therefore, 334 

BFI estimated from the digital filter methods is physically meaningful and can reflect 335 

cumulative baseflow processes.  336 

Figure 2 is about here 337 

Besides, Figure 3 shows that the four baseflow separation methods are well correlated (with 338 

R2 ranging from 0.76 to 0.97). However, the BFI estimated from LH and CM is noticeably 339 

higher than that estimated from ECK and UKIH. In order to minimize uncertainties raised 340 

from the four methods, we use their output average as a benchmark (denoted as ‘the 341 

benchmark BFI’) to evaluate the performance of hydrological modelling and regression 342 

approaches (Jung et al., 2010; Cheng et al., 2017).  343 
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Figure 3 is about here 344 

3.4. Leave-one-out cross-validations 345 

We apply leave-one-out cross-validation to assess the ability of the two regression 346 

approaches to predict BFI in ‘ungauged’ catchments where the streamflow data are 347 

unavailable. This cross-validation is widely used since it can provide an almost unbiased 348 

estimate of the probability of test error in model selection (Cawley and Talbot, 2003), and 349 

would be more stable and more resilient to irreducible errors in each validation (Zhang et al., 350 

2018). In the leave-one-out cross-validation, (1) each catchment is left out in turn, and is 351 

purposefully treated as “ungauged”; (2) a predictive relationship is then developed using data 352 

from the remaining catchments; and (3) finally, the relationship is used to predict the 353 

baseflow index for the catchment not used in developing the relationship. For each of the 596 354 

catchments, the data from other 595 catchments are used to predict its BFI. This procedure is 355 

repeated over all 596 catchments. This cross-validation procedure explores the transferability 356 

of the two regression approaches from known catchments to the ungauged and particularly 357 

evaluates the information of the between-catchments. 358 

4. Model evaluation 359 

4.1. Bias 360 

The absolute percentage bias was used to evaluate model performance, which is calculated as: 361 

          (11) 362 

where BFIo is the benchmark BFI derived using the combined average from the four non-363 

tracer baseflow separation approaches (i.e., LH, UKIH, CM and ECK), BFIs is the simulated 364 
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BFI from the two hydrological models or the two regression approaches. And n is the total 365 

number of catchment. The unit of bias is a percentage (%). The larger the absolute bias 366 

represents the worse the simulation. The value of Bias = ‘0’ indicates that simulation is the 367 

same as the benchmark on average.  368 

4.2. Nash-Sutcliffe efficiency (NSE) 369 

          (12) 370 

The Nash-Sutcliffe efficiency (NSE) is a normalized statistic that measures the relative 371 

magnitude of the residual variance (“noise”) compared to the measured data variance 372 

(“information”) (Nash and Sutcliffe, 1970; Gupta et al., 2009). It is a classic statistical metric 373 

used for evaluating model performance. It varies from -∞ to 1, with a value close to 1 374 

meaning a better prediction, 0 means that prediction is close to the average level of the 375 

observed value. 376 

5 Results 377 

5.1. Spatiality of benchmark BFI 378 

Figure 4 shows that benchmark BFI varies dramatically across Australia. Within latitudes 379 

20ºS and 30ºS, BFI is smaller than that of the regions beyond this latitude range. Catchments 380 

located in latitudes higher than 30ºS tend to have larger BFIs in general. Yet it is not the case 381 

in Tasmania, where catchments with latitude higher than 40ºS have smaller BFI values in the 382 

southeastern region within this island. This indicates that the BFI spatiality is distinct from 383 

the main continent to the island.  384 

Figure 4 is about here 385 
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5.2. Performance of two hydrological models  386 

These two hydrological models are well calibrated for 1980-2012 considering 1975 to 1979 387 

as warm up period (Table 3). The model calibration for SIMHYD model shows that there are 388 

more than 50% catchments with NSE of daily runoff and NSE of daily square-root-389 

transformed runoff data more than 0.61, and 0.73, respectively. However, the Bias between 390 

observed and simulated daily runoff is less than 5%. The model calibration for Xinanjiang 391 

model shows that there are more than 50% catchments with NSE of daily runoff and NSE of 392 

daily square-root-transformed runoff data more than 0.62 and 0.68, respectively and with 393 

Bias less than 6%. 394 

Table 3 is about here 395 

5.3. Comparison between the benchmark and hydrological model simulated BFI 396 

We further compared the benchmark and simulated BFI in scatterplots (Figure 5). Figure 5 (a) 397 

and 5 (d) compare the benchmark and simulated BFIs from calibrated SIMHYD and 398 

Xinanjiang models, respectively. Figure 5 (b)-(c) and 5 (e)-(f) show the regionalisation 399 

results (i.e., spatial proximity and integrated similarity) of these two hydrological models. 400 

Notably, BFI estimated using SIMHYD model is much larger than the benchmark values 401 

(Figure 5 (a), (b), and (c)), with the majority of catchment BFIs dotted above the 1:1 line. 402 

Under calibration, spatial proximity, and integrated similarity, SIMHYD model simulates 403 

BFI with NSE being -8.30, -8.42 and -8.44, respectively. The values of bias are 146%, 152% 404 

and 152%, respectively; indicating similar poor model performance. In comparison, BFI 405 

estimated from Xinanjiang model tends to scatter a larger range around 1:1 line regardless of 406 

the parameterisation method (Figure 5 (d), (e), and (f)), and is closer to the benchmark BFI. 407 

Xinanjiang model under calibration, spatial proximity, and integrated similarity simulates 408 
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BFI with NSE being -2.75, -2.70 and -2.58, respectively. The values of bias are 84%, 81% 409 

and 83%, respectively; indicating similar poor model performance in prediction of BFI. 410 

Figure 5 is about here 411 

5.4. Comparison of linear regression and multilevel regression approaches with benchmark 412 

BFI 413 

Figure 6 compares the benchmark BFIs and simulated BFIs using linear multivariate 414 

regression and multilevel regression approaches across four different climate zones. The best 415 

fitting equations for the traditional linear regression approach are shown in Table 4. Table 5 416 

and Figure 6 summarize the performance of traditional linear regression, alternative 417 

traditional regression and multilevel regression for estimating BFI in each climate zone. In 418 

calibration mode, the model performance from traditional linear regression and alternative 419 

traditional regression is very close. However, it is clear that the multilevel regression 420 

approach outperforms the linear regression approach (Table 5 and Figure 6), with NSE for 421 

multilevel regression approach being 0.67, 0.70, and 0.72 in arid, tropics, and equiseasonal 422 

regimes, respectively. It is higher than that from linear regression. Besides, the bias from 423 

multilevel regression approach, in arid, tropics, and equiseasonal regimes are being 25%, 424 

17%, and 19%, respectively; which are lower than that from the linear regression. The two 425 

approaches show no significant difference in winter rainfall climate zone, indicated by 426 

similar NSE and bias.  427 

Figure 6 is about here 428 

Table 4 is about here 429 

Table 5 is about here 430 
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5.5. Comparison of linear regression and multilevel regression approaches using leave-one-431 

out cross-validation 432 

We further check the leave-one-out cross-validation results obtained from the two approaches 433 

(Figure 7 and Table 5). It shows a higher performance from calibration to cross-validations 434 

for the traditional linear regression in arid, tropics, and equiseasonal climate zones. However, 435 

the model performance has been decreased for the alternative traditional regression. In 436 

contrast, there is no noticeable improvement for the multilevel regression approach for the 437 

three climate zones. In the winter rainfall zone, all the approaches do not have apparent 438 

improvements and perform similarly. The leave-one-out cross-validation results further 439 

demonstrate that the multilevel regression approach outperforms the linear regression. Figure 440 

8 further summarises predictive performances from calibration for the traditional linear 441 

regression approach in different climate zones.  442 

Figures 7 and 8 are about here 443 

5.6. Summary of the parameter values estimated for the multilevel regression approach 444 

Figure 9 summarises parameters of the multilevel regression approach. It is seen that P and 445 

Etp have strong positive and negative effects on BFI, respectively. The mean elevation (H) 446 

and available soil water holding capacity in top soil (Kst) also have a noticeable positive 447 

effect in all the four climate zones. Other three characteristics area (A), mean slope (S) and 448 

forest cover ratio (F) have a slope close to zero, suggesting small impacts on BFI.  449 

Figure 9 is about here 450 

5.7. Comparison of BFI duration curves 451 

Duration curve is a graphic method (i.e., calculative frequency curve) that can be used to 452 

elucidate the relationship between the frequency and magnitude (Kunkle, 1962; Cheng et al., 453 
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2012; Chouaib et al., 2018). Similarly, baseflow duration curve represents the baseflow 454 

response under underlying factors of the catchment. Figure 10 summarises the BFI duration 455 

curves generated from the two hydrological models with three modes (calibration and two 456 

regionalisation schemes) along with linear regression and multilevel regression analysis 457 

results to compare their results with benchmark BFI. Both models, in the three 458 

parameterisation schemes, perform poorly for estimating BFI. SIMHYD model largely 459 

overestimates BFI, while the Xinanjiang model overestimates BFI at 60 % catchments, and 460 

its estimated BFI is closer to the benchmark that obtained from the SIMHYD model. 461 

Differences between the calibration and two regionalisation schemes are marginal for both 462 

models. However, the two regression approaches show better performances with respect to 463 

the benchmark BFI. Particularly, multivariable regression analysis shows the best alignment 464 

among all the BFI prediction approaches. 465 

Figure 10 is about here 466 

6. Discussion 467 

In this study, different methods (separation algorithms are applied to observed daily flow 468 

time-series) are used to gain the benchmark BFI in comparison to BFI calculation method 469 

from the process-based models (estimated using the mean annual baseflow divided by the 470 

mean annual total streamflow). Though it remains a challenge to accurately measure 471 

baseflow on a large spatial scale (Niazi et al., 2017), the benchmark BFI, however, has an 472 

apparent spatial pattern across Australia (Figure 4). Although the benchmark BFI can be 473 

obtained through the comparison to chemical baseflow separation method, it is almost 474 

impossible to implement the chemical separations at large scale (Zhang et al., 2017). The 475 

estimation of baseflow using non-tracer method is more applicable. Since spatial pattern of 476 

BFI is consistent with streamflow recession in Australian catchments (van Dijk, 2010), it 477 
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provides perspectives for understanding the dynamics of water cycle across large scales 478 

(Ahiablame et al., 2017). However, many studies have investigated the effects of catchment 479 

attributes on total streamflow (Golden et al., 2015; A. Woodhouse et al., 2016), but the 480 

prediction for streamflow components such as baseflow, is very limited. In this situation, the 481 

present study has been carried out. 482 

6.1. Comparison of hydrological modelling results with Benchmark BFI 483 

Our results represent large biases in hydrological model simulations to predict BFI. It seems 484 

that model structure has a considerable effect on BFI prediction in comparison to parameter 485 

regionalisation. In fact, baseflow is designed as an integrated store combined with river 486 

recharge (Chiew and McMahon, 2002), or directly is regarded as groundwater discharge in 487 

Xinanjiang model (Li et al., 2009). Those schemes may lead to overestimate/underestimate 488 

the baseflow magnitude in some degrees. In particular, despite using similar calibration and 489 

two regionalisation schemes, SIMHYD has larger bias than Xinanjiang as summarised in 490 

Figures 5 and 10. It is acceptable that the initial purpose of both hydrological models are to 491 

estimate streamflow and the estimations are reasonably well (NSE=0.62 to 0.77, 492 

NSEsqrt=0.61 to 0.78, and NSE=0.73 to 0.84, NSEsqrt=0.68 to 0.82 from 50th to 90th  493 

percentile for SIMHYD and Xinanjiang models, respectively; see Table 3). However, it is a 494 

challenge to estimate baseflow and streamflow, separately, and their proportions from a 495 

hydrological model (Fenicia et al., 2007; Lo et al., 2008). Since both hydrological models are 496 

calibrated against total daily streamflow by maximizing NSEsqrt, they can simulate and 497 

predict high streamflow well, but are not necessarily suitable for predicting low streamflow. 498 

It is possible to improve the BFI prediction accuracy by using a different calibration objective 499 

function that focuses on low streamflow, such as the NSE of reverse daily streamflow (Li and 500 

Zhang, 2017). It is possible for hydrological models to improve the BFI predictions by 501 

modifying their model structure to assimilate  relative higher resolution data (i.e., remote-502 
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sensed soil moisture, actual evapotranspiration and vegetation data (Li et al., 2009; Zhang et 503 

al., 2019)). Nevertheless, this is an open question for hydrological community to answer.  504 

6.2. Linear regression approach 505 

The linear regression considers that the hydrological processes have a well-behaved 506 

relationship with catchment attributes (Mazvimavi et al., 2005; Gallart et al., 2007; Yao et al., 507 

2014). However, spatial variability and complexity of underground catchment characteristics 508 

usually hamper its estimation accuracy (Oudin et al., 2008; Harman et al., 2009). This impact 509 

would be significant on a large scale but often overlooked. This suggests that linear 510 

regression can be greatly improved through reclassifying the dataset when the similar 511 

characteristics (i.e., geological classes) are properly handled (Oudin et al., 2008; Bloomfield 512 

et al., 2009; Ahiablame et al., 2017). There exists predictive performance with a higher bias 513 

for the whole dataset than the sub-datasets (i.e., data from different climate regimes) for 514 

linear regression approach. Therefore, to improve our understanding for baseflow processes 515 

and BFI prediction, the interaction of catchment attributes within different climate zones 516 

should be considered (Berk and De Leeuw, 2006). 517 

6.3. Multilevel regression approach 518 

Interactions of catchments and different climate zones may influence the baseflow processes 519 

(Tague and Grant, 2004; Bloomfield et al., 2009). Thus, BFI is affected by catchment 520 

attributes including terrain and climate factors (Gustard and Irving, 1994; Longobardi and 521 

Villani, 2008; van Dijk, 2010; Price, 2011). Therefore, when the cross-level interactions are 522 

not strong, the benefit of using the multilevel regression approach is limited. In the winter 523 

rainfall climate zone, the linear regression and multilevel regression has performed similarly 524 

(Figure 8). On the other hand, when the cross-level interactions are strong, the multilevel 525 

regression approach can significantly improve the BFI prediction. Thus, in the other three 526 
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climate zones (Arid, Tropic, and Equiseasonal), the multilevel regression outperforms the 527 

linear regression technique. Besides, the benefit of using multilevel regression is that it 528 

considers the relationships between and within-group and it is useful for uncovering the 529 

dynamics of real processes (Qian et al., 2010; Dudaniec et al., 2013). It should be noted that 530 

multilevel model (i.e., with climate classes as random effects) contain more parameters than 531 

the traditional linear regression method (with no information on climate classes). However, in 532 

this study, we focus on the models’ performances rather than model parsimony. Because the 533 

parsimony of model parameters is beyond the scope of this study.  534 

Therefore, understanding the cross-level interactions, is fundamental to elaborate the 535 

hydrological dynamics in multilevel regression technique (Qian et al., 2010). Climate factors 536 

influence the hydrological processes and lead to changes in baseflow generation. This study 537 

demonstrates that P and Etp strongly influence BFI distribution and their functions vary across 538 

climate zones. Santhi et al. (2008) and Peña-Arancibia et al. (2010) have shown that climate 539 

attributes can be used to predict recession constant. Such as, the increase of precipitation can 540 

cause more frequent water saturation of the soil, and lead to increase in baseflow (Mwakalila 541 

et al., 2002; Abebe and Foerch, 2006). In general, Etp is related to the baseflow discharge 542 

over the extended period (Wittenberg and Sivapalan, 1999), and has an adverse impact on 543 

BFIs (Mwakalila et al., 2002). This result agrees well with the finding from Mwakalila et al. 544 

(2002), i.e., the smaller Etp impact in the arid zone than other climate zones. In comparison to 545 

P and Etp, other factors show secondary or marginal impact. This is similar to the finding by 546 

Lacey and Grayson (1998) who has found that the topographic parameters have no significant 547 

relationship with BFI in southeastern Australia. However, some studies have found that S and 548 

H have a strong positive impact on the recession timescales (Peña-Arancibia et al., 2010; 549 

Krakauer and Temimi, 2011). Other studies have shown that the dominant factors influence 550 

ecological processes to vary (Berk and De Leeuw, 2006; Qian et al., 2010). But this study 551 
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shows that the BFI controlling factors do not vary largely with climate regimes (Figure 9). 552 

Traditionally, the linear regression is directly used to model the relationship between the 553 

predictors and variability; though the predictive ability is limited in lots of cases. This study 554 

has a hydrological application of the multilevel model, and demonstrates it outperforms 555 

classic linear regression when considering between and within-group interactions.  556 

Generally, random effects should have levels that are sampled from a larger population, and 557 

the purpose is to quantify the variation among levels/units (Bolker et al., 2009). The 558 

multilevel model provides a powerful tool to solve the data that involve random effects 559 

(Bolker et al., 2009). However, climate category (number of classes = 4; names of levels 560 

meaningful) is not drawn from a large number of classes. Thus this may create inaccuracy in 561 

calculation as per Gelman and Hill (2006) and Harrison (2015). They recommend that 562 

multilevel models require at least 5 levels (groups) for a random intercept term to achieve 563 

robust estimates of variance. Otherwise the mixed model may not be able to estimate the 564 

among-population variance accurately (<5 levels). In this case, the variance estimate will 565 

either collapse to zero, making the model equivalent to an ordinary generalized linear model 566 

(Gelman and Hill, 2006) or be non-zero but incorrect if the small number of groups that are 567 

sampled are not representative of the true distribution of means (Harrison, 2015). But, the 568 

low sample size (<5 levels) in the applications of the mixed-effects models such as ecology 569 

(Harrison, 2015) has good model performance (Bolker et al., 2009). Additionally, it is also 570 

meaningful or/and reasonable that adopt four climate classes as a random-effect across the 571 

Australia continent to predict BFI, and the model has an acceptable performance. Thus, this is 572 

beneficial to quantify the variation among different climate units at large scale. Nevertheless, 573 

more validations are required for using the multilevel regression approach to predict various 574 

hydrological signatures.  575 
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7. Conclusion 576 

This study estimates combined baseflow index from four well-parameterised baseflow 577 

separation methods (LH, UKIH, CM and ECK), and finds that the baseflow index varies 578 

significantly among climate zones across the Australian continent. Multilevel regression 579 

approach is introduced to improve BFI estimation for 596 catchments across Australia, and is 580 

compared with traditional linear regression method and two hydrological models. It shows 581 

that the multilevel regression approach outperforms the linear regression approach and 582 

hydrological models. Traditional linear regression approach fails to considerate the 583 

interactions across group levels. The two hydrological models have good performance for 584 

simulating runoff yet fail to separate baseflow. In contrast, the multilevel regression approach 585 

indicates that annual precipitation, potential evapotranspiration, elevation, land cover and 586 

available soil water holding capacity in the top part of the soil-all have strong control on 587 

catchment baseflow, where climate factors such as precipitation and potential 588 

evapotranspiration are proven to be the most significant. The multilevel regression approach 589 

can provide insights into the control factors of baseflow generation, and has the potential of 590 

estimating baseflow index and other hydrological signatures in different parts of the world.  591 
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Figure captions 893 

Figure 1. The location of 596 selected unregulated small catchments in this study and climate 894 

classification based on Köppen-Geiger (2006) classification schemes in Australia.  895 

Figure 2. Estimation of the recession constant (Log (-dQ/dt) versus log (Q)) using automated 896 

baseflow identification technique (ABIT) for Endeavour catchment (station ID 107001). The 897 

black line is 5 % lower envelope line has a slope 0.983 and the estimate of the characteristic 898 

drainage time scale K = 57.1 days. 899 

Figure 3. Comparing baseflow index derived from four non-tracer baseflow separation 900 

methods. LH, UKIH, CM, and ECK are the baseflow index estimated from Lyne-Hollick 901 

(Lyne and Hollick, 1979), UKIH (Gustard et al., 1992), Chapman-Maxwell (Chapman and 902 

Maxwell, 1996), and Eckhardt (Eckhardt, 2005) methods. 903 

Figure 4. Spatial distribution of the benchmark baseflow index across Australia.  904 

Figure 5. Scatterplots of benchmark baseflow index versus simulated baseflow index using 905 

SIMHYD and Xinanjiang models, where calibrated and regionalised model results are 906 

presented in (a) and (d) (calibration), (b) and (e) (spatial proximity regionalisation) and (c) 907 

and (f) (integrated similarity regionalisation), respectively. The blue ellipses represent the 908 

confidence level at 0.95. The full naming of SIMHYD is introduced in Figure 4. 909 

Figure 6. Scatterplots of benchmark and simulated baseflow index using traditional linear 910 

regression ((a)-(d)), alternative traditional regression ((e)-(h)) and multilevel regression ((i)-911 

(l)) approaches that are built using the full catchment samples in four climate zones, with (a), 912 

(e) and (i) for arid, (b), (f) and (j) for tropics, (c), (g) and (k) for equiseasonal and (d), (h) and 913 

(l) for winter rainfall, respectively. The blue ellipse is drawn at 0.95 confidence level. The 914 

black line represents 1:1 line. 915 
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Figure 7. As same as Figure 7 but using the leave-one-out cross validation approach. 916 

Figure 8. The difference of NSE and the difference of Bias between calibration and validation 917 

for traditional linear regression approach ((a) and (c)) and multilevel regression approach ((b) 918 

and (d)). 919 

Figure 9. Parameter values estimated for the multilevel regression approach. Error bar 920 

represents standard error of each parameter. The abbreviations of catchment attributes are 921 

introduced in Table 1.  922 

Figure 10. Baseflow index duration curves obtained from the benchmark (mean from four 923 

non-tracer methods), SIMHYD model, Xinanjiang model, traditional linear regression, 924 

alternative traditional regression, and multilevel regression. Calibration and two 925 

regionalisation results are shown for each hydrological model, where R1 and R2 represent 926 

spatial proximity and integrated similarity approaches (mean from five donors), respectively. 927 

SIMHYD is a simplified version of the HYDROLOG model.   928 
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Figure 1. The location of 596 selected unregulated small catchments in this study and climate 930 

classification based on Köppen-Geiger (2006) classification schemes in Australia.  931 
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Figure 2. Estimation of the recession constant (Log (-dQ/dt) versus log (Q)) using automated 933 

baseflow identification technique (ABIT) for Endeavour catchment (station ID 107001). The 934 

black line is 5 % lower envelope line has a slope 0.983 and the estimate of the characteristic 935 

drainage time scale K = 57.1 days.936 
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Figure 3. Comparing baseflow index derived from four non-tracer baseflow separation 938 

methods. LH, UKIH, CM, and ECK are the baseflow index estimated from Lyne-Hollick 939 

(Lyne and Hollick, 1979), UKIH (Gustard et al., 1992), Chapman-Maxwell (Chapman and 940 

Maxwell, 1996), and Eckhardt (Eckhardt, 2005) methods.  941 
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Figure 4. Spatial distribution of the benchmark baseflow index across Australia.  943 
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 945 

Figure 5. Scatterplots of benchmark baseflow index versus simulated baseflow index using 946 

SIMHYD ((a), (b) and (c)) and Xinanjiang ((d), (e) and (f)) models, where calibrated and 947 

regionalised model results are presented in (a) and (d) (calibration), (b) and (e) (spatial 948 

proximity regionalisation) and (c) and (f) (integrated similarity regionalisation), respectively. 949 

The blue ellipses represent the confidence level at 0.95. The full naming of SIMHYD is 950 

introduced in Figure 4.   951 
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 952 

Figure 6. Scatterplots of benchmark and simulated baseflow index using traditional linear 953 

regression ((a)-(d)), alternative traditional regression ((e)-(h)) and multilevel regression ((i)-954 

(l)) approaches that are built using the full catchment samples in four climate zones, with (a), 955 

(e) and (i) for arid, (b), (f) and (j) for tropics, (c), (g) and (k) for equiseasonal and (d), (h) and 956 

(l) for winter rainfall, respectively. The blue ellipse is drawn at 0.95 confidence level. The 957 

black line represents 1:1 line.  958 
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 959 

Figure 7. As same as Figure 6 but using the leave-one-out cross validation approach.  960 
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 961 

Figure 8. The difference of NSE and the difference of Bias between calibration and validation 962 

for traditional linear regression approach ((a) and (c)) and multilevel regression approach ((b) 963 

and (d)).  964 
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 965 

Figure 9. Parameter values estimated for the multilevel regression approach. Error bar 966 

represents standard error of each parameter. The abbreviations of catchment attributes are 967 

introduced in Table 1.   968 
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 969 

Figure 10. Baseflow index duration curves obtained from the benchmark (mean from four 970 

non-tracer methods), SIMHYD model, Xinanjiang model, traditional linear regression, 971 

alternative traditional regression, and multilevel regression. Calibration and two 972 

regionalisation results are shown for each hydrological model, where R1 and R2 represent 973 

spatial proximity and integrated similarity approaches (mean from five donors), respectively. 974 

SIMHYD is a simplified version of the HYDROLOG model.   975 
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Table 1. Catchment attributes and indicators used in present study 976 

Catchment attributes Notation Unit 
Area A km2 
Mean elevation  H m 
Mean slope S % 
Mean annual precipitation P mm y-1 
Mean annual potential evaporation Etp mm y-1 
Forest cover ratio F % 
Available soil water holding capacity in top soil  Kst mm/hr 
  977 
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Table 2. Summary statistics of the catchment information including topographic, climate, 978 

geological elements and forest cover ratio in 596 catchments across Australia. The 979 

abbreviations of catchment attributes are introduced in Table 1. 980 

  A H S P Etp F Kst 
Max 4805.93 1350.97 16.02 3683.76 2237.88 0.91 507.28 
Min 50.34 37.61 0.15 241.77 905.88 0.01 5.54 
Mean 646.06 433.21 4.48 981.12 1384.12 0.49 158.83 
25th 153.31 223.18 1.90 727.42 1155.48 0.34 105.42 
50th 346.15 347.00 3.60 885.32 1294.93 0.52 161.17 
75th 710.13 604.29 6.71 1162.30 1536.10 0.67 201.90 
  981 
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Table 3. Summary of NSE of daily runoff, NSE of daily square-root-transformed runoff 982 

(NSEsqrt) and Bias for SIMHYD and Xinanjiang models in their calibration mode. 983 

Percentile SIMHYD Xinanjiang 
NSE NSEsqrt Bias NSE NSEsqrt Bias 

10th  0.35 0.53 1 0.30 0.37 2 
25th  0.50 0.65 3 0.46 0.58 3 
50th  0.62 0.73 5 0.61 0.68 6 
75th  0.71 0.80 8 0.71 0.76 10 
90th  0.77 0.84 13 0.78 0.82 19 

  984 
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Table 4. The traditional linear regression fitting for total dataset and sub-dataset using climate 985 
zone separately. 986 

Climate zone Regression equation  Number of 
data points 

Total data BFI=0.33+0.06P-0.073H+0.069F+0.08Kst 596 
Arid BFI=0.38+0.02A+0.08S+0.22P-0.14Etp 38 
Tropic BFI=0.16+0.03A+0.06H+0.12P+0.09Etp 83 

Equiseasonal  BFI=0.27+0.09H+0.05P-
0.16Etp+0.10F+0.04Kst 

385 

Winter rainfall BFI=0.47+0.05A+0.24P+0.06F+0.03Kst 90 
 987 
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Table 5. Summary of BFI predictions from traditional linear regression, alternative traditional regression and multilevel regression in each 
climate zone. Cal and Val are denoted to the calibration and validation modes, respectively.  

Methods Traditional linear regression Alternative traditional regression Multilevel regression 
Climate zones Arid Tropic Equiseasonal Winter rainfall Arid Tropic Equiseasonal Winter rainfall Arid Tropic Equiseasonal Winter rainfall 

Mode Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val Cal Val 

Bias  33 38 24 26 27 28 15 15 32 41 24 27 27 28 14 16 25 24 17 17 19 19 15 15 

NSE 0.36 0.15 0.40 0.30 0.50 0.48 0.52 0.52 0.37 -0.04 0.41 0.25 0.54 0.48 0.51 0.44 0.67 0.70 0.70 0.70 0.72 0.72 0.52 0.52 

R2 0.36 0.19 0.40 0.31 0.50 0.48 0.52 0.52 0.37 0.08 0.41 0.27 0.54 0.48 0.51 0.44 0.67 0.70 0.70 0.70 0.72 0.72 0.52 0.52 

 


