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Abstract 15 

Many studies have examined how runoff (R) responds to long-term changes in precipitation 16 

(P) and temperature (T), but the effects of potential evapotranspiration (PET) have received 17 

less attention. We examine observational data sets for P, T, and R; and PET estimated from 18 

observations, to determine the extent to which derived P and PET runoff elasticities (𝜀𝑃 and 19 

𝜀𝑃𝐸𝑇, the fractional changes in runoff associated with given fractional changes in precipitation 20 

and PET, respectively) meet Dooge’s complementary relationship (under certain conditions, 21 

𝜀𝑃 +𝜀𝑃𝐸𝑇 = 1). We apply three statistical methods and two hydrologic models to estimate 𝜀𝑃 22 

and 𝜀𝑃𝐸𝑇 in 84 headwater river basins in California, Oregon, and Washington. We find that 23 

while the estimates of 𝜀𝑃 are generally consistent across the three statistical estimators and the 24 

model-based estimators, the estimates of 𝜀𝑃𝐸𝑇 using the statistical methods differ considerably 25 

(generally they are much more negative) from the model-based estimates and most appear to 26 

be implausible. The model-based estimates show better conformance to the complementary 27 

relationship (and in the median across sites, they sum to close to 1.0). We explore several 28 

factors that might explain the failure of the observation-based estimators, including 29 

interaction between P and PET and non-closure of the water budget at annual time scales. 30 

 31 

 32 

 33 

 34 

  35 
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1.0 Introduction 36 

Water resources are crucial to human survival and well-being. Streamflow, often the 37 

most readily accessible water source, plays a particularly important role in agricultural and 38 

municipal water supply, industrial production, hydropower generation, and other beneficial 39 

uses of water. However, the hydrologic cycle is subject to change as climatic factors such as 40 

temperature and precipitation respond to a warming climate. These changes have been 41 

especially prominent in the Western U.S. (Karl et al., 2009).  Ongoing warming can intensify 42 

drought risk and severity by increasing the probability of coincident anomalous temperature 43 

and precipitation events, even if mean precipitation and the likelihood of anomalously low-44 

precipitation do not change (Diffenbaugh et al., 2014; AghaKouchak et al., 2014). Such 45 

changes would create challenges for water resource management, especially where water 46 

demand is high and where water resources are already heavily exploited (Zhang, et al., 2014). 47 

For example, reservoirs’ ability to produce hydropower in summer might be impaired due to 48 

earlier runoff in California headwater streams resulting from earlier snowmelt (Null et al., 49 

2010). In addition to the negative impacts of climate change on water resources, ecosystems 50 

are also likely to be affected by exacerbation of drought events. Elevated temperature stresses 51 

aquatic ecosystems, increases the number and severity of wildfires, and makes forests more 52 

vulnerable to moisture stress and insect infestations (Null et al., 2010; Cayan et al., 2010). All 53 

of these factors motivate a better understanding of how streamflow will respond to changes in 54 

climate. 55 

Many past studies have used hydrologic models to simulate streamflow under 56 

different climate change scenarios by perturbing relevant input variables (e.g., Vicuna et al., 57 

2007; Zhang et al., 2014; and Vano and Lettenmaier, 2014; among many others). These 58 

approaches usually evaluate streamflow change under different future scenarios in which 59 

precipitation (P) and temperature (T), and other variables change. Fu et al. (2007) extends the 60 
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runoff elasticity into a two-parameter index as a function of P and T. This approach has some 61 

drawbacks. One is that P and T usually change by different amounts at different times of 62 

year, so it is difficult to deconvolve the effects of their changes separately. Another 63 

shortcoming is that water balance changes in a river basin are governed by changes in 64 

precipitation and evaporative demand (and not temperature directly). On a physical basis, 65 

evaporative demand is driven by net radiation, vapor pressure deficit, wind speed, and 66 

temperature; the first two variables depend not only on temperature, but also on other 67 

variables such as net solar radiation and humidity. These attributes have been changing over 68 

time along with temperature, and they can have greater influence on evaporative demand than 69 

T (Vano et al., 2012), whereas they are often neglected in runoff sensitivity studies. 70 

Furthermore, if hydrologic models use T as an input and estimate potential evapotranspiration 71 

(PET) using temperature indexed PET algorithms such as Hamon (Hamon, 1961), 72 

Thornthwaite (Thornthwaite, 1948), Hargreaves (Hargreaves, 1975), and many others, they 73 

tend to overestimate changes in the water balance associated with general warming and cause 74 

inaccuracies in runoff sensitivity estimates (Milly and Dunne, 2011). In short, it is the 75 

variation of evaporative demand (PET) that drives hydrologic change whereas T is only an 76 

index embedded in PET (Vano and Lettenmaier, 2014), and it is important to understand not 77 

only how P change affects runoff in a warming climate, but also how runoff responds to PET 78 

change. 79 

Given the above background, the question we address here is: What are the runoff 80 

sensitivities in the headwater streams of the Pacific States (California, Oregon, and 81 

Washington) to changes in precipitation and potential evapotranspiration? We conduct our 82 

analysis in the context of the complementary relationship demonstrated by Dooge (1992) that 83 

the (annual) P and PET elasticities of runoff sum to one.  We discuss this relationship further 84 

in the following section. 85 
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 86 

2.0 Background 87 

 The runoff elasticities to P and PET (all quantities are long-term means) was 88 

formulated analytically by Dooge (1992).  He showed, under two conditions, that these 89 

elasticities sum to one.  The first condition is the long-term mean water balance, runoff = 90 

precipitation – evapotranspiration (with storage change assumed to be negligible). The 91 

second is the Budyko hypothesis, which has the form 92 

𝐴𝐸𝑇

𝑃𝐸𝑇
= ∅(

𝑃

𝑃𝐸𝑇
) (1) 93 

where AET is actual evapotranspiration, and the ratio of P to PET is termed the humidity 94 

index. The Budyko hypothesis has been explored widely due to the increased focus on the 95 

effects of global change on water resources and has now been verified at thousands of natural 96 

watersheds around the globe (Sankarasubramanian and Vogel, 2002; Williams et al., 2012; 97 

Padrόn et al., 2017).  For a recent review of the application of the Budyko hypothesis in 98 

hydroclimatology see Wang et al. (2016a).    99 

The Budyko hypothesis states that over the long term, the ratio of AET to PET can be 100 

expressed as a function of ratio of P to PET. From these two conditions, Kuhnel et al. (1991) 101 

and Dooge (1992) showed that the following runoff elasticity equation holds:  102 

𝛥𝑄

𝑄
= 𝜑

𝛥𝑃

𝑃
+ (1 − 𝜑)

𝛥𝑃𝐸𝑇

𝑃𝐸𝑇
 (2) 103 

where Q is runoff and 𝜑 is the precipitation elasticity (𝜀𝑃) of runoff (Schaake & Chunzhen, 104 

1989). Using the same nomenclature, 1 - 𝜑 is the PET elasticity (𝜀𝑃𝐸𝑇) of runoff, and 𝜀𝑃 and 105 

𝜀𝑃𝐸𝑇 add to unity, over the long term. Dooge (1992) then calculated the elasticities of runoff 106 

for different values of the humidity index based on different empirical expressions of the 107 

Budyko hypothesis, and showed that higher humidity ratios, indicating wetter climates, lead 108 

to smaller elasticities (less positive 𝜀𝑃 and less negative 𝜀𝑃𝐸𝑇), with a limiting condition where 109 
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𝜀𝑃 approaches unity as the humidity index approaches infinity. This pattern has been 110 

evaluated and confirmed in many other studies (e.g., Sankarasubramanian et al. 2001; Chiew, 111 

2006; Zheng et al., 2009; Wang and He, 2017); furthermore, Sankarasubramanian et al. 112 

(2001) showed that 𝜀𝑃 tends to decline as regional average snow depths increase.    113 

Roderick and Farquhar (2011) and Yang and Yang (2011) employed an analytical 114 

approach based on the Budyko hypothesis to calculate 𝜀𝑃 and 𝜀𝑃𝐸𝑇. Although approaches 115 

based on Eq. 2 can conveniently estimate the elasticity of runoff for different climatic regions 116 

once a Budyko formulation is determined, the results have three inherent sources of 117 

uncertainty. First the key result that 𝜀𝑃 and 𝜀𝑃𝐸𝑇 sum to unity depends on the Budyko 118 

hypothesis as the starting point, so the accuracy of the result depends on how well the 119 

Budyko formulation represents reality. Second, the results are highly variable depending on 120 

the specific formulation of the Budyko hypothesis (that is, the form of ∅(
𝑃

𝑃𝐸𝑇
) in equation 121 

(1)).  A third source of uncertainty arrives from the assumption that in the long term, the 122 

water balance closes, i.e., there is no long-term storage change.  We explore the implications 123 

of this assumption further below.  These sources of uncertainty can be considerable, because 124 

while (1) and (2) are good first approximations to the long term hydroclimatoloy of a river 125 

basin, it is now well known that  the evapotranspiration ratio (AET/PET) in (1) is a function 126 

of a number of variables in addition to the aridity index (P/PET), including the soil moisture 127 

holding capacity (Sankarasubramanian and Vogel, 2002), the number of precipitation events 128 

per year, and seasonality parameters (Milly 1994).  For a review of the now myriad of 129 

approaches for estimation of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 see Table 1 in Wang et al. (2016b). 130 

Eq. 2 depends on the long-term means of Q, P, and PET. Most studies that have 131 

estimated 𝜀𝑃 and 𝜀𝑃𝐸𝑇 from observations (the predominant focus has been on 𝜀𝑃) have used 132 

annual data. For example, Sankarasubramanian et al. (2001) and Zheng et al. (2009) tested 133 

several estimators of 𝜀𝑃 using annual Q, P, and PET (over the conterminous U.S. and the 134 
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Yellow River basin, respectively), and Risbey and Entekhabi (1995) used annual Q, P, and T 135 

data to estimate 𝜀𝑃 and the streamflow sensitivity to temperature in the Sacramento basin. 136 

Approaches based on annual data embed an implicit assumption that the annual quantities for 137 

each variable in each year are a surrogate for their long-term means, implying that different 138 

years are independent and that there is minimum carryover storage from one year to the next.  139 

This of course is not true for runoff, which typically has some interannual carryover effects 140 

(the assumption arguably is more defensible for P and PET).  Furthermore, especially during 141 

extremely high and low precipitation and runoff years, carryover storage can be substantial, 142 

depending on the specifics of a given river basin with respect to runoff generation and the 143 

magnitude of effective subsurface storage capacity. 144 

 145 

3.0 Data and Methods 146 

We estimated 𝜀𝑃 and 𝜀𝑃𝐸𝑇 for a set of headwater river basins along the U.S. West 147 

Coast using two general approaches. The first is statistical, with various estimators applied 148 

to annual Q, P, and PET.  The second is model-based, in which we perturbed P and PET 149 

forcings to a hydrologic model and calculated the model-predicted changes in simulated 150 

runoff. The statistical methods require streamflow data for rivers that are minimally 151 

affected by anthropogenic activities upstream (e.g., reservoir impoundments and/or 152 

diversions) as well as climate data including precipitation and variables required to 153 

calculate PET (which is a derived, rather than observed variable). We discuss below the 154 

data sources for both methods. 155 

 156 

3.1 Streamflow Data and Gauge Selection 157 

 We retrieved average daily streamflow data from USGS Water Data for the Nation 158 

(http://waterdata.usgs.gov/nwis/). The stream gauges we used are a subset of the GAGES-159 



Confidential manuscript submitted to WRR 

 

 8 

II (Geospatial Attributes of Gages for Evaluating Streamflow) dataset 160 

(https://water.usgs.gov/GIS/metadata/usgswrd/XML/g agesII_Sept2011.xml), which 161 

includes 2057 reference sites across the conterminous U.S. that were selected (by USGS) 162 

to be minimally disturbed by human influences (Falcone et al., 2010). We selected gauges 163 

in the states of CA, OR, and WA from the reference sites based on the following criteria 164 

and procedures:  165 

(1) We identified and removed gauges with any regulation or diversions upstream based 166 

on the USGS remarks files;  167 

(2) We required all gauges to have at least 50 years of continuous data. We arbitrarily 168 

defined a year of continuous data (we used water years in all cases) as having no more 169 

than 30 days of missing data nor more than 15 days in any continuous gap. Any stations 170 

that did not meet these criteria were removed from our list of candidates;  171 

(3) We excluded gauges where the streamflow data have visually unusual patterns or many 172 

discontinuities and zero values. Such cases included, for instance, sudden changes in 173 

streamflow patterns that could not be attributed to natural factors.  We note that there is 174 

considerable (although not complete) overlap in our criteria and station list with those used 175 

by Cooper et al. (2017). 176 

 The screening process resulted in 84 gauges, 24 of which are in CA, 23 in OR, and 177 

37 in WA (Figure 1). The drainage areas associated with these gauges mostly are relatively 178 

small; the largest is 2463 km2, and the smallest is 21 km2. About half of the river basins 179 

have drainage areas smaller than 250 km2. 180 

 181 

3.2 Climate Data 182 

 The climate data we used include gridded precipitation, temperature, net radiation, 183 

vapor pressure deficit, wind speed, and atmospheric pressure. Precipitation, temperature, 184 
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wind speed, and atmospheric pressure are from the University of Washington’s Surface 185 

Water Monitor (SWM; Wood and Lettenmaier, 2006) data set archived at UCLA 186 

(http://www.hydro.ucla.edu/SurfaceWaterGroup/monitors.php). P and T values were 187 

gridded directly from observations using the same methods as are used to produce the 188 

SWM. Net radiation and vapor pressure deficit are output of the Variable Infiltration 189 

Capacity (VIC) macroscale hydrology model (Liang et al., 1994; Mao et al., 2015; Xiao et 190 

al., 2016) using the gridded P and T forcings, and other forcings derived using methods 191 

described by Bohn et al. (2013). All data are at 1/16-degree spatial resolution; precipitation 192 

and atmospheric pressure are at 3- hourly time step, and other variables are daily.  We 193 

estimated PET as Penman-Monteith reference ET (ET0), which uses the aforementioned 194 

variables as inputs. We followed Allen et al. (1998) in our estimation of ET0. Wind speed 195 

is constant (although seasonally varying) for each grid cell. Livneh et al. (2013) evaluated 196 

the implications of this assumption which are modest when averaged over long time 197 

periods. 198 

 199 

3.3 Statistical Methods 200 

 We used three alternative statistical methods to estimate 𝜀𝑃 and 𝜀𝑃𝐸𝑇: a 201 

nonparametric estimator, bivariate ordinary least squares (OLS) regression, and bivariate 202 

generalized least squares (GLS) regression. The nonparametric estimator was employed 203 

and evaluated by Sankarasubramanian et al. (2001), and was shown to be relatively robust 204 

and unbiased. It has the form 205 

𝜀𝑋 = 𝑚𝑒𝑑𝑖𝑎𝑛(
𝛥𝑄∗�̅�

�̅�∗𝛥𝑋
) (3) 206 

where X is P or PET, �̅� is average annual runoff, 𝛥𝑄 is the difference between one year’s 207 

runoff and �̅�, �̅� is average annual P or PET, and ∆𝑋 is the difference between one year’s P 208 

or PET and �̅�.    209 

http://www.hydro.ucla.edu/SurfaceWaterGroup/monitors.php).
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  Of the numerous statistical approaches to estimation of  𝜀𝑃 and 𝜀𝑃𝐸𝑇  summarized 210 

in Table 1 of Wang et al. (2016) we chose the approaches based on  bivariate OLS and 211 

GLS regression (Andreassian et al., 2016; Konapala & Mishra, 2016) which were 212 

introduced in the same year that Wang et al. (2016) performed their  historical review.  213 

Andreassian et al. (2016) showed that both the OLS and GLS approaches performed better 214 

than the nonparametric estimator in (3). The elasticity estimator in (3) is termed a ‘one-215 

factor-at-a-time’ (OAT) approach, and Saltelli and Annoni (2010) argue that while OAT 216 

approaches are popular for sensitivity analyses, they are generally ineffective and 217 

multivariate approaches are preferred.   Due to the findings of Andreassian et al. (2016) 218 

and Saltelli and Annoni (2010) we do not consider the OAT estimator in (3). Even sensible 219 

use of multivariate statistical methods for sensitivity analysis can occasionally lead to 220 

nonsensical results, as was clearly shown by Wallis (1965), and which our results show as 221 

well.   222 

The bivariate model has the form 223 

𝛥𝑄

�̅�
= 𝜀𝑃

𝛥𝑃

�̅�
+ 𝜀𝑃𝐸𝑇

𝛥𝑃𝐸𝑇

𝑃𝐸𝑇
+ 𝜔 (4) 224 

where 𝜔 is a residual.  225 

The main differences between OLS and GLS regression are that OLS assumes 226 

homoscedasticity and no spatial correlation among the annual runoff values, whereas GLS 227 

attempts to account for both.  OLS assumes homoscedasticity meaning that the variance of 228 

the error term (⍵) is constant, while GLS allows the error term to have unequal variance. 229 

OLS also assumes the dependent variable is not a random variable, whereas GLS accounts 230 

for the spatial correlation of the dependent variable. For GLS, we followed the 231 

implementation outlined in Andreassian et al. (2016).   232 

We conducted field significance tests (Livezey & Chen, 1983) to investigate 233 

whether the null hypothesis that the sum of elasticities equal to 1 is rejected at the 5% 234 
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significance level. Because the degrees of freedom (number of independent sites) cannot 235 

be clearly assessed, we used a Monte-Carlo approach. First, we generated 1000 sequences 236 

of annual data (P, PET and Q) that have the same statistical properties and spatial 237 

correlations as the observation data. Then we applied the OLS and GLS methods to 238 

estimate the elasticities, applied the statistical test, and counted the number of rejections. 239 

By constructing the distribution of the number of rejections of the 1000 tests, we 240 

determined the critical value (the 5% exceedance value). We constructed 95% confidence 241 

intervals for the sum of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 from the results for each site and counted the number 242 

of rejections.  243 

 244 

3.4 Hydrologic Model Implementation 245 

 We implemented a physical-based hydrologic model: the USGS Thornthwaite 246 

Water Balance Model (McCabe & Markstrom, 2007) (which we refer to hereafter as the 247 

USGS model). The USGS model is a simplified bucket model, but represents the dominant 248 

processes in runoff generation, albeit at a monthly time step.  (We also tested a more 249 

sophisticated, widely-used hydrological model (Sacramento; SAC (Burnash et al. 1973)) 250 

with results that were quite close to those obtained with the USGS model; therefore, we 251 

utilized the USGS monthly model as our primary tool for model-based analysis). We 252 

estimated runoff elasticity for the USGS model by uniformly changing P or PET, 253 

calculating the change in the simulated runoff, and then determining the elasticity. Our 254 

approach follows, for instance Vano and Lettenmaier (2014).  For example, if P is 255 

increased by 1%, and leads to an average 2% increase in runoff, then our estimate of 𝜀𝑃 is 256 

2.0. 257 

The USGS model has six parameters with monthly total precipitation, monthly average 258 

potential evapotranspiration and monthly average temperature as inputs. The model 259 
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parameters are: (1) a runoff factor, which determines the percentage of “surplus water” 260 

that contributes to runoff at each (monthly) time step, the rest adds to the next month’s 261 

“surplus water”, (2) direct runoff factor, which represents the percentage of rainfall in a 262 

given month that goes directly to runoff, (3) rain temperature threshold, above which all 263 

precipitation occurs in the form of rainfall, (4) snow temperature threshold, below which 264 

all precipitation occurs in the form of snowfall, (5) maximum snowmelt rate, which 265 

determines the maximum percentage of snow storage that can melt during a month, (6) soil 266 

moisture storage capacity, and (7) latitude. The model computes PET given ET0, which we 267 

computed as described in section 3.2.   268 

We calibrated the USGS model for each basin manually by testing alternative 269 

combinations of the parameters. We tested soil moisture storage capacities ranging from 270 

50 to 200 mm at 50 mm intervals, runoff factor and maximum snowmelt rates ranging 271 

from 0.5 to 0.8 at 0.1 intervals, and several sets of temperature thresholds between -5 to 5 272 

℃. We fixed the direct runoff factor at the default value (5%). We found that the 273 

parameters to which the model predictions were most sensitive were soil moisture storage 274 

capacity and snow temperature thresholds. The soil moisture storage capacity mainly 275 

affects low flows since precipitation has to fill the soil storage before runoff can be 276 

generated. Temperature thresholds affect the runoff seasonal cycle by determining how 277 

much and when snow melts. We selected parameter sets based on the Kling-Gupta 278 

efficiency (KGE) (Gupta, et al., 2009) of the resulting model streamflow predictions. We 279 

found that the simulated runoff in a number of basins was underestimated, but a good 280 

match could be obtained by shifting the hydrograph up. The reason is that precipitation 281 

was unrealistically small in most of those basins. We calculated the ratio of precipitation to 282 

runoff, and found that they likewise were small and were less than 1.0 in some basins, 283 
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which is clearly infeasible. For these basins, we upscaled the precipitation by factors that 284 

led to the highest KGE.  285 

 286 

4.0 Results 287 

 Precipitation elasticities estimated by the three different methods are generally 288 

similar, except that 𝜀𝑃 estimated using the USGS model resulted in considerably larger 289 

values of 𝜀𝑃 compared with the OLS and GLS methods (Figure 2a).  Similarly, many of 290 

the estimates of 𝜀𝑃𝐸𝑇 are quite similar and negative, however, both GLS and OLS often led 291 

to positive values whereas all values were negative for the USGS model (Figure 2b). OLS 292 

and GLS produce similar results for 𝜀𝑃𝐸𝑇 and thus the sum of 𝜀𝑃 and 𝜀𝑃𝐸𝑇. OLS and GLS 293 

methods produced a few large positive complementary sums (>2). The interquartile range 294 

of the complementary sum of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 corresponding to OLS and GLS was 295 

approximately [0.7-1.4] and the interquartile range for USGS was about [1.0-1.1].  Thus, 296 

the USGS model led to considerable improvements in reproduction of the complementary 297 

relationship relative to the OLS and GLS methods. 298 

The results based on the USGS model led to precipitation elasticities that are all 299 

larger than 1.0. PET elasticities are all negative, and the sums of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 are all equal 300 

or greater than 1.0. For OLS and GLS, the medians of the sums of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 across sites 301 

are around 1.0 (but with larger ranges than corresponding to the USGS model). The USGS 302 

model results generally have sums that are closer to 1.0 than the statistical methods. The 303 

nonparametric estimator showed  poor reproduction of the complementary relationship in 304 

our results and due to concerns raised by Andréassian et al. (2016) and Saltelli and Annoni 305 

(2010)  we dropped the nonparametric estimator from our comparisons in Figure 2, and it 306 

is not included in further analysis or discussion. 307 
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In terms of field significance, the number of rejections (of the hypothesis that 𝜀𝑃 + 308 

𝜀𝑃𝐸𝑇 = 1.0) is 25 out of 84 basins (30%) for OLS and 23 (27%) for GLS. Thus, the OLS 309 

and GLS results indicate that complementary hypothesis holds at approximately 70% of 310 

the sites. According to our Monte Carlo approach, the critical value of the field 311 

significance test was 12 for OLS and 13 for GLS. Therefore, we must reject the overall 312 

null hypothesis that the sum of elasticities at all sites is 1.0 using an overall 5% field 313 

significance level.   On the basis of these hypothesis tests there is considerable evidence 314 

that the statistical methods are unable to reproduce the complementary relationship across 315 

all sites, whereas, even though we were unable to perform an analogous field hypothesis 316 

test for the USGS results, Figures 2c and 2f indicate excellent reproduction of the 317 

complementary hypothesis corresponding to the USGS model..  318 

 319 

5.0 Discussion 320 

 While 𝜀𝑃 values computed using the two statistical and model-based methods 321 

are roughly similar, the characteristics of 𝜀𝑃𝐸𝑇 estimated using the statistical methods 322 

are peculiar.  About 30% (26) of the basins have 𝜀𝑃𝐸𝑇 estimated using OLS and GLS that 323 

are both positive, which is counter-intuitive and infeasible. One fundamental difference 324 

between hydrologic model-based and statistical estimates is that the change of climate 325 

variables is controllable in the models but not in observations.  Another fundamental 326 

difference between the hydrologic model-based and statistical estimates is that the 327 

hydrologic model has built into it, a Budyko-like relationship, whereas the statistical 328 

models do not. We discuss both of these fundamental differences between the statistical 329 

and hydrological model based approaches below. 330 

 In the models, we changed P and PET uniformly and independently, whereas 331 

when implementing statistical methods, both the time of change (e.g. if all of an anomaly 332 



Confidential manuscript submitted to WRR 

 

 15 

in P occurs in one month or is spread throughout the year) and the change in magnitude 333 

(e.g. 1% increase or 10%) varies from year to year and are out of our control. In the 334 

analysis of climate elasticity of runoff by Dooge (1992) and other studies based on 335 

analytical approach and Budyko hypothesis, the climate is usually assumed to change 336 

uniformly from one long-term mean to another. Thus, some physical constraints exist. For 337 

instance, PET elasticity should always be negative since more water will be lost with 338 

higher evaporative demand. However, if a 1% total increase in PET is distributed as a 2% 339 

increase in a season when surface water is scarce and a 1% decrease in a season when 340 

surface water is abundant, the net result could be increased runoff and apparently positive 341 

𝜀𝑃𝐸𝑇. By allocating the 1% change in P to the summer months in the USGS model, Figure 342 

3 demonstrates the enormous impact that such a variation from a uniform to a seasonal 343 

change affects the resulting precipitation elasticities.  344 

 Another complication is that in observations, P and PET change simultaneously 345 

instead of independently. This means that the statistical methods need to be able to 346 

separate the complex and interacting influences of P and PET on runoff. Two problems 347 

arise. One is that the independent variables P and PET exhibit weak multicollinearity, 348 

however this is not expected to be a problem for estimation of model coefficients using 349 

GLS and OLS regression as shown recently by Kroll and Song (2013).   The other is that 350 

annual PET variations (as a fraction of, say, the mean) are usually smaller than for P, and 351 

P is the main driving factor in runoff generation with greater influence than PET. This 352 

complicates the task of statistical methods to segregate the two effects, and it may partially 353 

explain why estimates of 𝜀𝑃 by different methods are similar, whereas estimates of 𝜀𝑃𝐸𝑇 by 354 

statistical methods often seem implausible. 355 

 Regarding the extent to which estimates of 𝜀𝑃 and 𝜀𝑃𝐸𝑇 are complementary, our 356 

results show better conformance by hydrologic model-based than observation-based 357 
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estimates, and the analysis above suggests that one reason has to do with our use of 358 

observation-based estimates of 𝜀𝑃𝐸𝑇.  Of course, another reason is due the fact that the 359 

USGS model (like most physically based hydrologic models) has a Budkyo-like 360 

hypothesis built into its model structure. Thus an obvious question is whether the lack of 361 

closure of the complementary hypothesis concerning 𝜀𝑃 and 𝜀𝑃𝐸𝑇 is due to problems with 362 

the modeling approach (i.e. estimators), or with the hypothesis.  363 

As we note in Section 2.0, complementarity comes about as a result of closure of 364 

the long-term water balance (in terms of the means of Q, P, and ET) and the Budyko 365 

hypothesis (in its general, rather than any specific, form). We note that because hydrologic 366 

models (including the USGS model) balance water by construct, and generally have 367 

Budyko-like behavior in their evapotranspiration parameterizations, it should not be 368 

surprising that the USGS model results generally reproduce the complementary 369 

relationship.  There are no such physical constraints on the statistical methods, so we 370 

further explored the extent to which the long-term water balance is reproduced by the 371 

observations.    Here we evaluate how ∆P/P, ∆PET/PET and ∆Q/Q correlated with 372 

∆Storage/Storage by calculating the corresponding R
2
. Out of the total 84 basins, only 8 373 

basins have one or more variables highly correlated to storage changes (defined as at least 374 

one of the correlations greater than 0.3). This implies the influence of storage changes 375 

should not change our main findings and conclusions, which implies that the long-term 376 

water balance is nicely reproduced by the observations.  377 

The degree to which the Budyko hypothesis holds for these basins is evaluated in 378 

Figure 4 which illustrates the relationship between AET/PET and P/PET (where AET is 379 

the output of USGS model.  Figure 4 suggests that there does seem to be a Budyko-like 380 

form when taken across all 84 river basins. Red and green circles in Figure 4 indicate those 381 

basins in which the complementary hypothesis was rejected, or not, respectively, when 382 
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using the OLS and GLS estimators.  The degree to which the complementary hypothesis is 383 

reproduced by the statistical estimators does not appear to be related to either the degree to 384 

which the Budyko hypothesis holds, or the hydroclimatology of the basins.  Figure 4 385 

illustrates a very broad range of hydro-climatologic regimes, because according to the 386 

climatic classification system introduced by Ponce et al. (2000, Table 1), the values of 387 

P/PET reported in Figure 4 range from approximately [0.1, 2.5] a range which corresponds 388 

to hydro-climatologic conditions ranging from arid and semi-arid, to subhumid and even 389 

humid conditions.   It is important to note that neither AET nor PET are observed values, 390 

which might compromise inferences from Figure 4. 391 

The multivariate statistical estimators perform poorly compared to the physical-392 

based model approach in terms of their ability to reproduce the complementary 393 

relationship as was shown in Figure 2cf.   This result should not be surprising given the 394 

warnings of Wallis (1965).  In order to explore possible improvements of the statistical 395 

method, we imposed a constraint to ensure that the complementary relationship holds (i.e. 396 

𝜀𝑃+𝜀𝑃𝐸𝑇 =1) in the OLS method, which we denote OLS-CS method. The resulting 397 

distribution of the elasticities is shown in Figure 5. Distributions from other methods in 398 

Figure 2 are also plotted for comparison. The ranges of both 𝜀𝑃 and 𝜀𝑃𝐸𝑇 are generally 399 

similar to USGS model results and importantly are more realistic than either the 400 

unconstrained OLS or GLS estimators.   However, even when constrained to 401 

reproduce the complementary relationship, the OLS-CS method still produces some 402 

(albeit few) positive values of 𝜀𝑃𝐸𝑇.  Importantly, estimates of both 𝜀𝑃 and 𝜀𝑃𝐸𝑇 403 

obtained from the constrained OLS-CS method are much less variable than those 404 

derived from the unconstrained OLS and GLS methods. 405 

 406 

6.0 Conclusions 407 
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 We applied three statistical methods and the USGS hydrologic model to estimate P 408 

and PET elasticities of runoff for 84 basins in CA, OR, and WA, and evaluated the degree 409 

to which those methods are able to reproduce the complementary relationship. We 410 

conclude that: 411 

1. Complementarity is generally observed (at least in the central tendency of the 412 

distribution across the 84 basins) in the hydrologic model-based estimates, but only 413 

for a portion of the observation-based estimates based on the statistical methods. 414 

2. The estimates of 𝜀𝑃 using different methods are generally consistent.  Deviations 415 

from complementarity are mostly attributable to the ability to estimate 𝜀𝑃𝐸𝑇, and in 416 

particular to highly negative estimates for some of the basins. The problem appears 417 

to be a combination of (a) relatively smaller scales of variation in interannual 418 

variability of PET which is a reflection of PET being a weaker factor in runoff 419 

generation than P, and b) correlation between P and PET (both with an 420 

understanding that for most of the basins, P is winter dominant, and PET is 421 

summer dominant).   422 

3. Hydrologic model-based relationships between AET/PET and P/PET displayed a 423 

typical Budyko form across a very broad range of hydroclimatic conditions ranging 424 

from arid to humid conditions.  Although the OLS and GLS statistical methods led 425 

to strong deviations from the complementary relationship at some basins, we could 426 

not discern any significant departures from the Budyko hypothesis for those basins. 427 

4. Estimates of P and PET elasticities derived from multivariate statistical methods 428 

such as the OLS and GLS approaches often led to questionable results, especially 429 

when compared to the results based on a hydrologic model.  This result is 430 

consistent with the warnings given by Wallis (1965).  However, our results indicate 431 

that the statistical approaches may be improved considerably by including the 432 
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reproduction of the complementary relationship as a constraint in the fitting 433 

process.  Nonetheless, the most realistic estimates were generally obtained from a 434 

hydrologic model, which as we note above, has a general structure that meets the 435 

two key assumptions underlying complementarity – water balance closure, and a 436 

Budyko-like ET parameterization.  437 

 438 

 439 

 440 

 441 

 442 
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Figure 1: Selected 84 gauges and basins that do not have anthropogenic influences. 602 

Figure 2: 𝜀𝑃 (a)(d), 𝜀𝑃𝐸𝑇 (b)(e), and the sum(c) (f), estimated by the five methods. The right 603 

column presents the box-plot version of the left ones.  604 

Figure 3: Precipitation elasticity estimated using USGS model. “Uniform” represents that the 605 

1% change of precipitation is uniformly distributed across the year, “Winter” represents that 606 

precipitation change is only applied for Nov-Jan, and “Summer” represents that the 1% 607 

change are allocated only to Jun-Aug.  608 

Figure 4: AET/PET vs P/PET for all 84 basins. AET is taken from the USGS model; PET is 609 

Penman-Monteith ET0.  The red dots are the basins where the null hypothesis of 𝜀𝑃+𝜀𝑃𝐸𝑇=1 is 610 

rejected by the OLS and GLS statistical methods. The dashed line is the empirical Budyko 611 

line estimated by Equation 1 in Abatzoglou and Ficklin (2017), where the free parameter is 612 

set to 2.0 in this plot. 613 

Figure 5: 𝜀𝑃 (a), 𝜀𝑃𝐸𝑇 (b), and the sum (c) estimate by constrained linear regression method 614 

(OLS-CS). The other results are identical as in Figure 2 and shown for comparison here. 615 
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Figure 1: Selected 84 gauges and basins that do not have anthropogenic influences. 618 
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Figure 2: 𝜀𝑃 (a)(d), 𝜀𝑃𝐸𝑇 (b)(e), and the sum(c) (f), estimated by the five methods. The right 621 

column presents the box-plot version of the left ones.  622 
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Figure 3: Precipitation elasticity estimated using USGS model. “Uniform” represents that the 625 

1% change of precipitation is uniformly distributed across the year, “Winter” represents that 626 

precipitation change is only applied for Nov-Jan, and “Summer” represents that the 1% 627 

change are allocated only to Jun-Aug.  628 
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 631 
Figure 4: AET/PET vs P/PET for all 84 basins. AET is taken from the USGS model; PET is 632 

Penman-Monteith ET0.  The red dots are the basins where the null hypothesis of 𝜀𝑃+𝜀𝑃𝐸𝑇=1 633 

is rejected by the OLS and GLS statistical methods. The dashed line is the empirical Budyko 634 

line estimated by Equation 1 in Abatzoglou and Ficklin (2017), where the free parameter is 635 

set to 2.0 in this plot. 636 
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 645 

Figure 5: 𝜀𝑃 (a), 𝜀𝑃𝐸𝑇 (b), and the sum (c) estimate by constrained linear regression method 646 

(OLS-CS). The other results are identical as in Figure 2 and shown for comparison here. 647 

 648 

 649 
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